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Generative AI

Generative AI (genAI) is used in this study for: (i) paraphrasing, spell checks and

to verify grammar; and (ii) part of research methodology and experiments (See

Chapters 4 and 5).

Tools (T): For textual support, we used the DCU-whitelisted tool Google Gemini

2.5-Flash. For methodological purposes, we experimented with multiple open-source

LLMs, including Phi-3-mini-4k-instruct, Phi-3-medium-4k-instruct, Llama-3.1-8B-

Instruct and Llama-3.2-1B-Instruct (details and version references are provided

within the relevant chapters).

Outputs (O): The outputs generated for proofreading consisted of paraphrased

text, grammar suggestions, and spelling corrections. These were manually reviewed,

edited, and partially discarded to preserve authorial intent. In the research method-

ology, genAI tools generated different outputs depending on the tasks (details are

provided within the relevant chapters).

Prompts (P): Proofreading prompts were short task-specific queries such as

“Improve grammar and clarity preserving meaning and with minimal changes”.

Methodological prompts followed standardised task definitions and experimental

templates (details appear within the relevant chapters).

Iterations (I): Textual outputs were typically refined through 1–2 iterative edits

using human judgment. Experimental investigation involved different prompts and

test configurations (details appear within the relevant chapters).
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Critical Reflection (C): All genAI outputs were critically reviewed for content

accuracy, potential hallucination, bias, and suitability. The tools did not contribute

conceptual content or interpretations. Please note that analytical reasoning, synthesis,

and argumentation remain the author’s own. The use of genAI is consistent with

DCU’s academic integrity guidelines.
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Towards Improved Conversation Context
Understanding for Effective Conversational

Information Retrieval

Praveen Acharya

Abstract
Conversational Information Retrieval (CIR) has garnered considerable attention in
recent years. A key challenge in CIR is formulating effective queries during the
dialogue between the searcher and the conversational agent. Unlike traditional
information retrieval systems, where users independently formulate a complete query
for each search operation, conversational systems offer the opportunity for agents to
assist users in an interactive, multi-turn search process. This alleviates the burden
on users to express their full information need in a single query by leveraging the
iterative nature of conversation to gradually refine and clarify their search.
Conversational context plays a vital role in this query formulation process. In natural
language conversations, each turn may implicitly or explicitly refer to previous
dialogue turns. This dependency of the turns in the dialogue on conversational
history introduces the challenge of identifying and understanding the relevant parts
of the dialogue context to correctly interpret the current query.
This PhD project focuses on understanding and leveraging conversational context
from two dimensions: conversational history and user knowledge. Conversational
history deals with identifying and exploiting the relevant parts from within the
conversational historical context to disambiguate and interpret the query, while
Knowledge deals with exploiting user knowledge of the subject as well as that
accumulated during the conversation
The goal of this thesis is to study conversational context in CIR, with a focus
on understanding and modeling these two dimensions. The contributions of this
work are twofold: (1) methods for identifying and modeling relevant portions of the
conversational history, and (2) approaches for modeling the evolving knowledge of
users throughout the dialogue. These contributions aim to improve the effectiveness
and responsiveness of conversational information retrieval systems.
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Chapter 1

Introduction

Searching for any form of information comes from the inherent need to know more

about a particular subject. This need arises from the simple fact that, in relation to

the amount of knowledge available in the universe, it is impossible for a human to

know everything required to complete their tasks and activities. Furthermore, the

entire universe of knowledge is not generally of interest to them or, more specifically,

relevant to addressing their current need for information. Therefore, there is a

need for efficient means to find relevant information within the body of available

knowledge.

Humans have long sought to understand the searching process and have designed

and developed various ways, methods, and techniques over the years to access relevant

information from a vast number of knowledge sources (Buckland and Z. Liu 1995).

The problem of retrieving information from these diverse sources representing the

universe of knowledge has been a central focus in Library and Information Sciences

and has been extensively studied (Buckland and Z. Liu 1995; Tuomaala, Järvelin,

and Vakkari 2014). This field has concentrated on representing knowledge, storing

and cataloguing information, understanding the search process, and developing

retrieval techniques—all aimed at efficiently and effectively accessing the most

relevant information from among the available knowledge sources (D. Harman et al.

2019).

As described, the focus of searching is retrieving information, which is more
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formally referred to as the information retrieval process. This process begins with

what is referred to as a user’s “information need”, which is the central concept

in Information Retrieval (IR). The goal of an IR process is to satisfy the user’s

information need. In simpler terms, an information need refers to a gap or insufficiency

in one’s knowledge required to achieve one’s current objective. The objective of IR

is for the user to acquire additional information to address the information need in

order to complete the current task.

Over the years, a number of approaches to IR have been proposed to achieve this

goal of satisfying a user’s information need. Most work on IR to date has focused on

what can be referred to as the “classical model”. A high-level overview of the classical

model is shown in Figure 1.1. The classical model is a simplified representation of

human search behaviour with significant constraints and assumptions. In this model,

on one side, we have a user with an information need (I), and on the other side,

an IR system that has access to a collection of knowledge sources (the universe of

knowledge). The objective of the system is to locate relevant information within

the knowledge collection that pertains to (I). To accomplish this, the user must

express I in a way that both captures the essence of the need and is interpretable by

the system. This description or formulation of their information need is generally

referred to as a Query (Q), and is used by the IR system to identify potentially

relevant information. Classically, information is taken to be contained in a set of

documents.

The classical IR model has been both fundamental and effective in advancing

researchers’ understanding of the search process. Its use over the years has con-

tributed significantly to our comprehension of how searching works. However, as

our understanding of how people approach search has deepened, the classical model

has shown limitations that make it increasingly inadequate. The classical model

assumes that users formulate a query that accurately and sufficiently represents their

information need to retrieve content deemed relevant and sufficiently satisfy their

information need.
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Figure 1.1: Classical search model.

The assumption that the user can accurately describe their information need

is problematic. After all, when someone is searching for information, it is usually

because they lack sufficient knowledge about the subject. So how can the user be

expected to describe something they do not fully understand? This phenomenon,

referred to as the non-specifiability of need problem (Nicholas J Belkin 1980) is a

challenge for IR systems.

In practice, the search process often begins with a broad description of the

information need, without the level of granular detail expected by the classical

model and needed to satisfy the information need. As the user interacts with the

contents retrieved by the first query, they evaluate the retrieved information and gain

additional knowledge relevant to their information need. It is rarely the case that the

information need is satisfied in a single pass. Instead, the knowledge gained during

this interaction leads the user to a better understanding of their information need,

which leads to the entry of a revised query, and so on until the information need

is satisfied. Therefore, real-world searchers are, in essence, incremental in nature,

where an information need is satisfied through an incremental searching of a series

of iterative cycles of interaction between the user and the system.

This evolving nature of the searching process is the basis of the “berrypicking”
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model of IR introduced by (Bates 1989). The “berrypicking” model argues that

queries extend during the search process and are not static but evolve over time,

which is a better representation of real-world search behaviour, in contrast to the

classical model. Bates (1989) emphasizes that the searcher typically employs a

wide variety of search techniques iteratively to gather information and satisfy their

information need, a process the classical model does not consider (Bates 1989). A

high-level overview of the “berrypicking” model is shown in Figure 1.2. In this

model, the outermost level is the Universe of Knowledge, encompassing all available

knowledge in the world. Within this, the user’s search focuses on a subset called

the “Universe of Interest”, where the search is conducted and where the user’s

information need may be satisfied. The search begins and progresses along a directed

path reflecting the evolving search process, involving a series of query variations,

accessed documents or information, and information gathered through various search

techniques until the information need is fulfilled, leading to the conclusion of the

search. The classical model, within the context of the berrypicking model, can be

seen as a specialized case representing the shortest directed path from the start to

the end of the search process, lacking the evolving aspect.

Instead of treating search as a single query followed by a single result in the

classical model, the berrypicking model now views search as an ongoing process in

which users gradually build their knowledge. This idea is closely related to Search-

as-Learning (Vakkari 2016), which suggests that searching is not only about finding

information but also about helping users develop a better understanding of a topic.

From this perspective, each query reflects the user’s current level of knowledge, and

the system’s response helps shape what the user learns next. This idea motivates

the two main goals of this thesis: identifying the previous parts of the conversation

that are most relevant to the current query, and modelling the knowledge the user

has gained from earlier interactions.

While the berrypicking model more closely reflects how human search occurs

in the real world and addresses some limitations of the classical model, it remains
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Figure 1.2: A Berrypicking Model of Search (Evolving Search) (Bates 1989).

limited in terms of the interaction between the user and the system. It employs a

unidirectional interaction approach, where the flow is from the user to the system,

similar to the classical model shown in Figure 1.1.

In both models, the user drives the interaction, and the system is responsible

for finding relevant information from the knowledge source. This unidirectional

interaction places a high cognitive load on the user to explore the information retrieved

by the IR system. Neither the classical nor the berrypicking model adequately

considers this cognitive burden on the user in satisfying their information need.

Although the berrypicking model inherently acknowledges the evolving nature of the

search process, it still emphasizes the user’s role in managing this cognitive load

by applying various search techniques to satisfy their need (Bates 1989). The user

might find it difficult to sift through all the retrieved information to identify what

truly satisfies their information need. This challenge applies to both the classical

model and berrypicking models. Therefore, an IR system that can assist users in

sifting through this information efficiently should be highly beneficial.

Real-world searches are not only evolving in nature but are also collaborative (Mor-

ris 2008; Morris 2013; Evans and Chi 2008). The need to search arises from a user’s
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recognition of a knowledge deficit, and the pursuit to address this information need

may involve seeking assistance from someone believed to have the relevant expertise

or the ability to help find the information e.g a librarian or a subject expert. The

search process begins with an initial query provided by the user to the assistant.

Based on this query, the assistant attempts to find relevant information. However,

it is rare that they succeed at the first attempt. Instead, a series of interactions

occurs between the user and the assistant, during which the assistant seeks to better

understand the user’s query and, consequently, the underlying information need, by

eliciting additional information, requesting clarifications, asking for feedback, offering

suggestions, and providing referrals. This series of interactions reflects both the

evolving and collaborative nature of the search process, an aspect not captured by

either the classical model or berrypicking model. This dynamic effectively offloads

some of the user’s cognitive load of the search to the assistant and helps them to

satisfy their information need through a more natural dialogue setting.

While the berrypicking model captures the evolving nature of the search process,

it fails to address the collaborative aspect that can help reduce the cognitive load on

the user, also overlooked by the classical model. By incorporating interactive elements

between the user and the system, a more natural search process can be achieved. This

process can be understood as a dialogue between the user and the system that unfolds

over a series of turns, guiding the user toward satisfying their information need,

as illustrated in Figure 1.3. This approach, known as Conversational Information

Retrieval (CIR), improves upon previous IR models by mimicking the more natural,

interactive nature of human information seeking (Hannabuss 1989; Wilson 1999;

Zamani et al. 2023). CIR builds upon the classical and berrypicking IR models and

extends these models by introducing bi-directional interaction and a collaborative

search process.

Figures 1.1, 1.2, and 1.3 show different information retrieval models and provide

the motivation for this thesis. Figure 1.1 shows the traditional search model, where

the user is responsible for refining their own search. Figure 1.2 extends this, capturing
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Figure 1.3: Conversational Information Retrieval.

that searching is an ongoing process in which the user’s information needs change

over time, although the interaction is still mainly one-way. Figure 1.3 further extends

this idea by showing CIR, where the user and system interact through a two-way

conversation, allowing the system to help the user refine their information need over

multiple turns. The approaches investigated in this thesis are situated within the

framework shown in Figure 1.3, and aim to improve how the system understands

and uses the conversational context that builds up during the conversation.

Recent years have seen much interest in CIR (Zamani et al. 2023; Mo, Mao,

Z. Zhao, et al. 2025). A CIR (also called conversational search or conversational

information seeking) system is an IR system with a conversational interface which

allows users to interact with the system to seek information via multi-turn conver-

sations of natural language, in spoken or written form. Traditionally, IR systems
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have been completely user-driven, with the system having no way of engaging with

the user in the search process beyond simple relevance feedback methods. Relevance

feedback methods utilizes information from the retrieved documents that the user

finds useful to improve and expand on the user queries (Rocchio Jr 1971). It was

one of the first methods developed to make information retrieval more responsive to

the user’s changing information needs. However, relevance feedback is still mainly

focused on improving the query using information from the retrieved documents. It

does not build a broader model of the user’s knowledge or take the full conversation

into account. CIR goes further by treating search as a multi-turn conversation. CIR

systems incorporate an interactive and collaborative process between all the actors

involved. The user is supported, and there is no need to form a standalone single

query. CIR systems can involve multiple search stages with iterative development

and progression of the query at each turn and the need to track the evolution of the

conversation. Being able to understand the conversational context within the search

process allows the system to better understand the query, which in turn can lead to

retrieving relevant information.

1.1 Focus of this thesis

In natural language conversation, a conversation is a series of interactions between

the participants of the dialogue. A single interaction between the participants is

defined as a turn, and each turn consists of a pair of utterances exchanged between

participants in a dialogue. A conversation consists of a sequence of these turns.

Conversational dialogue involves various types of natural language phenomena such

as co-reference, omissions, ellipsis, etc. Thus, a user’s utterances are frequently

incomplete or underspecified due to the fact that the information may have already

been specified in the earlier turns in the conversation. This dependent nature of

a turn on the earlier turns of the dialogue raises the challenge of identifying and

understanding the conversational context to disambiguate and contextualize the

current turn within the dialogue in order to infer the required information, which
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helps to understand the intention of the user query. During CIR, users issue a series

of queries describing their information need to the IR system, and the system, based

on the queries, tries to find the relevant document. As the conversation progresses,

the user’s queries lose more and more information, because in the natural dialogue

setting, it is assumed that the user does not have to specify information time and

again that has already been mentioned in the earlier turns in the dialogue. However,

these queries are incomplete statements of the information need at the current turn,

and the IR system must refine them to include the missing information in order for

them to be useful for effective retrieval. In order to infer the necessary information,

accurately identifying the relevant earlier conversational turns allows the CIR system

to understand the user query, which can, in turn, be utilized to retrieve relevant

documents. This may be even more important when the search conversation becomes

longer, with features such as evolving information needs, topic shifts, and references

running deeper within the conversation. As such, identifying and selecting the

appropriate and relevant historical turns from the conversational context is essential.

Furthermore, when searching for information, whether using a traditional or

conversational setting, the user will approach the search task with varying degrees of

prior knowledge regarding the topic of information that they are looking for (White,

Dumais, and Teevan 2009). Regardless of their prior knowledge, they may encounter

difficulty in describing their information need arising from the non-specifiability of

need problem (Nicholas J Belkin 1980). Since whatever their prior knowledge, they

are seeking to resolve an information need which they will have difficulty describing.

Their query may thus be a poor description of their information need, and they may

encounter problems retrieving relevant content. In such cases, the search process can

become exploratory depending on the user’s knowledge, where the search process

begins with a vague query and the user, through an iterative process of interaction

with the IR system, is able to refine their query and subsequently their information

need. This is in contrast to searches where the information need is well defined, and

the user has sufficient knowledge of the topic, enabling them to formulate a clear
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Figure 1.4: Query Specificity and User Knowledge range.

and specific query, and where the information need can be satisfied with a single,

well-defined answer e.g. a factual search or question-answer type information need.

The knowledge disparity influences how different users formulate their search

queries, resulting in different degrees of search effectiveness. Queries are a represen-

tation of the user’s information need that an IR system can utilize in order to find

relevant information. Users can create different queries for the same information

need based on their knowledge about that need, and on what they think the system

is able to understand in order to identify the relevant sources. For example, an

expert (knowledgeable) user can specify their information need in more detail (well-

defined query, including correct use of domain-specific vocabulary). This may make

it more likely that the search system will retrieve relevant documents. In contrast, a

non-expert (ill-informed) user will have difficulty specifying their information need

using domain-specific words, leading to under-specified (vague) queries with a lower

likelihood of retrieving documents. The range of query specificity, influenced by

the user’s knowledge, is illustrated in Figure 1.4. It shows how the specificity of a

user’s queries changes as their knowledge increases. This idea is closely related to

the second hypothesis of this thesis. If a user’s knowledge affects how specific their

queries are, then a CIR system that tracks how the user’s knowledge changes over

time, instead of treating each query separately, can better handle vague queries early

in the conversation and make better use of the more specific queries that appear as

the user’s knowledge grows.

We argue that understanding context in conversational search can be addressed

by exploiting conversational history and knowledge during the search dialogue.

Conversational history deals with identifying and exploiting the relevant steps
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from the conversational historical context to disambiguate and interpret the query.

Knowledge deals with exploiting user knowledge of the subject as well as that

accumulated during the conversation. A user’s knowledge that is acquired during

multi-turn interaction with a CIR system can influence their query construction

and information need at each step, and have an impact on the effectiveness of the

CIR systems. Unlike traditional IR systems, CIR supports a multi-turn, interactive

process, where users and systems can collaborate on refining the information need at

each turn in the dialogue. By leveraging the knowledge acquired by a user during the

dialogue, CIR systems can potentially reduce cognitive load, support comprehension,

and generate more relevant and contextually appropriate responses.

Understanding conversational context becomes more important as a search con-

versation gets longer. This is because there is more previous information that may

be relevant, and the user’s knowledge can become very different from what it was

when they asked the first query. From the search-as-learning perspective, users learn

more about a topic as they interact with the system. As a result, their information

needs change over time, and systems that cannot follow these changes may become

less effective. These ideas motivate the two main hypotheses of this thesis. The first

focuses on identifying which previous turns in the conversation are most relevant

to the current query. The second focuses on modeling what the user has learned

from those earlier turns and how this knowledge can be used to improve retrieval.

Together, these hypotheses view conversational context understanding as involving

two connected aspects: the conversation history and the user’s changing knowledge.

Previous works on conversational context understanding (Clarke 2019; Ohsugi

et al. 2019; Mehri, Eric, and Hakkani-Tur 2020) have only focused on conversational

history. Most approaches to the query understanding task that focus on disam-

biguating and contextualize the current user query with respect to the conversational

history do so through query reformulation (Mo, Mao, Z. Zhao, et al. 2025). For

effective query reformulation, it is necessary to be able to identify and select the

related historical turns to correctly capture the current conversational context.
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In order to understand the query, which is typically in a natural language form,

the system needs to be able to identify relevant portions from the conversational

history. Identifying the relevant historical turns allows the system to infer the

required information that is necessary to disambiguate and contextualize the current

turn. The effectiveness of query understanding approaches as described above is

highly reliant on being able to identify the correct and relevant historical turns.

Existing approaches to this turn selection are very simple, ranging from utilizing

all historical turns to utilizing a fixed number of the previous-k turns (Jeffrey

Dalton, Xiong, Kumar, et al. 2020; Jeffrey Dalton, Xiong, and Callan 2021). An

important aspect that has not been explored in previous work is the knowledge that

is accumulated during a conversational dialogue. As described earlier, user knowledge

can greatly influence their search behaviour, and a system that captures and exploits

the knowledge accumulated during the dialogue could help the CIR system to better

understand and address the user’s information need.

This PhD project aims to contribute by developing approaches to understanding

and leveraging conversational context from the dimensions of context and knowledge,

with the goal of improving the performance of CIR systems.

1.1.1 Key Concepts

Conversational Context. refers to all the information available during an ongoing

search conversation that helps interpret the user’s current query. This includes

previous user queries, system responses, and any information gained during the

conversation. It is the broadest of the three concepts defined here, as it represents

the overall context in which the current query is understood.

Conversational History. refers to the sequence of previous user queries,

(q1, . . . , qn−1), made before the current query (qn). It is part of the overall

conversational context and focuses only on the user’s earlier queries. As discussed in

Chapter 4, not every previous query is useful for understanding the current one.
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Identifying which earlier queries are most relevant is a key challenge addressed in

this thesis.

User Knowledge. refers to the information and understanding that a user

builds up while interacting with a CIR system during a search session. Unlike

conversational history, which records the user’s previous queries, user knowledge

represents the user’s growing understanding of the topic. This knowledge cannot be

observed directly, but it can be estimated from the user’s queries and the documents

they view during the search. As the user’s knowledge changes throughout the

conversation, it also influences how they ask later queries.

The relationship between these three concepts is hierarchical. Conversational context

is the broadest concept and includes both conversational history and user knowledge.

Conversational history is the record of the user’s previous queries, while user knowl-

edge represents what the user has learned during the conversation. Figure 3.9 shows

how these concepts are used in the proposed experimental framework. An effective

CIR system should use both the user’s previous queries to identify relevant context

and the user’s changing knowledge to better understand their current information

need.

1.2 Hypotheses and Research Questions

As described earlier, conversational context understanding is an important aspect of

CIR. It is essential to understand and interpret the current query in the dialogue, in

order to understand the current information needs of the user. In this work, we

propose to examine modeling and exploitation of conversational context to address

the following hypotheses and associated research questions.

Hypothesis 1 (H1): Analysis and exploitation of the dialogue history can help

identify contextually relevant dialogue context, which can be used to better under-
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stand the current query, e.g. by disambiguating it, leading to a more effective search

system.

• RQ1: To what extent can the incorporation of historical conversational context

impact the overall retrieval effectiveness of a conversational search system?

• RQ2: Can we identify and select the historical conversational context in the

dialogue so as to be able to support the user in reaching their information goal?

Hypothesis 2 (H2): The searcher’s domain knowledge, developed during a search

conversation, can potentially be exploited to guide the dialogue progression and

effectively support the resolution of the user’s information needs.

• RQ1: Can features of the expected user’s developing knowledge be identified

and captured during a conversational search task?

• RQ2: Can we exploit model of the user’s knowledge to improve the effectiveness

of conversational search?

1.3 Contributions of this Thesis

This thesis makes the following original contributions to the field of conversational

information retrieval.

Empirical analysis of historical conversational context in CIR. We conduct

a systematic investigation into how incorporating historical conversational query turns

affects retrieval effectiveness in CIR systems. Unlike prior work that either uses all

available historical turns or a fixed window of previous turns (Jeffrey Dalton, Xiong,

Kumar, et al. 2020; Jeffrey Dalton, Xiong, and Callan 2021), this thesis provides a

principled empirical analysis of how the quantity and selection of historical turns

influence retrieval performance across multiple datasets and retrieval architectures.
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A hybrid approach to related historical turn identification. We propose

and evaluate a hybrid approach to identifying and selecting relevant historical

conversational query turns, combining simple heuristics with semantic similarity

signals. This approach exploits the structural and semantic relationships between

user-issued turns. This represents a more realistic and deployable approach to

conversational context understanding in CIR.

A framework for user knowledge modeling in CIR. We propose a novel

framework for capturing and modeling a user’s evolving knowledge state throughout

a conversational search session. This is a distinct contribution from existing CIR

approaches, which focus almost exclusively on conversational history and query refor-

mulation. The framework introduces a Knowledge Extractor (KE) and Knowledge

Updater (KU) that continuously extract, update, and integrate knowledge from both

user queries and retrieved documents across turns. This moves beyond relevance

feedback, which uses retrieved documents to reformulate the immediate query, by

maintaining a persistent, evolving model of the user’s knowledge state across the

entire dialogue.

Knowledge-enriched query formulation. Building on the proposed framework,

we investigate and evaluate keyword-based and summarization-based approaches to

integrating user knowledge into conversational query formulation. We demonstrate

that summarization-based knowledge integration, when selectively applied, can

improve retrieval effectiveness under certain conditions.

1.4 Structure of the Thesis

The PhD thesis is organized as follows.

Chapter 2: In this chapter, we provide background information and discuss related

work that supports our research. We start with an overview of IR, focusing on how

queries and documents are represented. Then, we look at some of the retrieval
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models found in existing research. After that, we explore different types of relevance

feedback used in IR. We also explain key ideas like indexing, query construction,

retrieving results, and re-ranking in IR systems. Next, we give an overview of CIR,

followed by a look at existing work on how conversational context and user knowledge

are understood in CIR.

Chapter 3: In this chapter, we present the experimental evaluation framework

used throughout the thesis. We begin by looking at how evaluation is typically done

in IR research. Next, we describe some standard evaluation approaches and discuss

widely used test collections, such as the Cranfield and Text Retrieval Conference

(TREC) collections. We then explain common evaluation measures in IR, along

with methods for significance testing. After this, we introduce the CIR datasets

used in our study, examining the details of each one to understand their features

and characteristics. We then provide an overview of our proposed experimental

framework, followed by a description of how we define our tasks. Finally, we explain

the implementation details of our experimental setup, which is used to test our

hypotheses and address the research questions.

Chapter 4: In this chapter, we explore how conversational context is understood

in CIR. We start by examining the impact of using past conversation history. To

do this, we implement several methods for including historical context in CIR and

evaluate how well they perform in a full end-to-end system. Next, we test our own

proposed method, which uses similarity to identify and include relevant parts of the

conversation history, and we evaluate its effectiveness. We also examine the use of

Large Language Model (LLM) to identify relevant historical context and assess both

their accuracy and how they affect retrieval performance.

Chapter 5: In this chapter, we explore how user knowledge impacts CIR. We begin

by explaining the motivation behind using user knowledge in CIR. Then, we introduce

a new framework for integrating this knowledge and describe its different components.
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After this, we propose a keyword-based approach for knowledge extraction and its

integration for query enrichment and carry out experiments to test its effectiveness.

We also examine a summarization-based approach for knowledge extraction and

its integration for query enrichment and evaluate its performance in a complete

end-to-end system. Finally, we combine the conversational context understanding

method with the knowledge-based approach and conduct experiments to assess how

well this combined method performs.

Chapter 6: In this chapter, we conclude our investigation and summarize the

findings of the thesis. We revisit our hypotheses and the associated research questions

and summarize how each one of them has been addressed in the context of our research

work. We then describe potential avenues of extending our research work, and we

also look into the limitations and future directions of the research.
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Chapter 2

Information Retrieval and

Conversational Information

Retrieval

In this chapter, we introduce the concepts of classical information retrieval (IR) and

the recently established field of conversational information retrieval (CIR). We begin

with an overview of IR, including methods for representing documents and queries.

Next, we describe classical IR approaches and discuss several standard retrieval

models. We then introduce CIR, exploring key concepts such as conversational

context understanding and the role of user knowledge in the retrieval process.

The retrieval models and system components described in this chapter provide

the basis for the experiments in this thesis. In particular, the sparse retrieval

model BM25 and the neural retrieval model ColBERT (Sections 2.1.3 and 2.1.3) are

used as the main retrieval systems in our experiments. The conversational query

understanding methods discussed in Section 2.2.1, especially query expansion and

query rewriting, provide the background for the proposed methods for identifying

relevant conversation history and incorporating user knowledge.
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2.1 An Overview of Information Retrieval

Information Retrieval (IR) can be thought of as the process of satisfying a user’s

information need by finding relevant information from within a collection of knowl-

edge sources (Manning, Raghavan, and Schütze 2008). An IR system searches the

collection of knowledge sources with the goal of retrieving items that satisfy the

user’s information need.

Figure 2.1 illustrates the traditional Information Retrieval (IR) process, also

referred to as ad-hoc retrieval. It shows the main stages involved in transforming

a user’s information need and finding potentially relevant documents to satisfy

the information need. The process begins with a document collection (Document

Collection), which serves as the knowledge source from which the information is

to be retrieved. Before the relevant documents can be retrieved, the documents

undergo a pre-processing and indexing stage. This typically involves operations

such as tokenization, stop-word removal, stemming (Linguistic Analysis), for the

construction of an index (Indexed Documents) that enables efficient search. The

purpose of the indexing stage is to transform the raw documents into a representation

that can be efficiently compared against user queries.

Similarly, when users (Users) submit queries (Queries), they are also subjected

to corresponding pre-processing operations (Linguistic Analysis) to ensure consis-

tency between the representations of documents and queries. As illustrated in

Figure 1.1, both the indexed document representations and the processed query

(Query Representation) are then passed to the retrieval and ranking component.

The retrieval and ranking component (Retrieval Model) compares the query

representation against the indexed document representations using a retrieval model.

Based on this comparison, each document is assigned a relevance score that esti-

mates its likelihood of satisfying the user’s information need. The documents are

subsequently ranked according to these scores, and the highest-ranked documents

are returned as the retrieval results (Documents Ranked Based on Relevance).
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Figure 2.1: Traditional Information Retrieval Process.

2.1.1 Document Representation

As described previously, documents need to be pre-processed for use in a IR system.

To achieve this, it is necessary to develop an efficient method for representing the

documents. Such representation ensures that when a user submits a query, the

IR system can efficiently retrieve potentially relevant documents. The document

collection is generally assumed to be static, with new information incorporated only

through the addition of new documents. This static characteristic allows for the

pre-processing of the information prior to the retrieval phase. This pre-processing

of documents within an IR system is referred to as indexing. Indexing is a process

in which information is collected, parsed, formatted and stored to facilitate efficient

retrieval (H. Huang and B. Zhang 2009). The goal is to create an inverted file data

structure that lists, for every word, all documents that contain it and the frequency of
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the occurrences in documents, referred to as an inverted index (Manning, Raghavan,

and Schütze 2008). Indexing involves several natural language processing techniques,

including tokenization, text normalization, stopword removal and stemming

2.1.2 Query Representation

Queries as represented in Figure 2.1 are the description of the information need

as created by the Users. Queries are submitted to the IR system, and the task of

the system is to return documents from the document collection that satisfy the

user’s information need. The queries encode the information need (see Ganguly,

Leveling, and G. J. Jones 2012, p. 14). These queries must be represented in a

form that the search system is able to use to retrieve relevant documents in the

collection. Although more complex forms of query representations are possible, the

most common way of representing queries is in the form of a textual string, which is

used in this thesis, consisting of terms describing the information need. Since the

query is generally an incomplete or imprecise statement of the information need, and

relevant documents will generally not describe the relevant information in a way that

can simply match the query, the retrieval matching process is uncertain, and the IR

system seeks to retrieve documents most likely to satisfy the information need.

2.1.3 Retrieval Models

The goal of the retrieval model is to locate and present relevant information need to

the user and help them to address their information need as quickly and accurately as

possible. The retrieval process, as represented by the Retrieval Models in Figure 2.1,

compares the query representation to the document representations by a numerical

score expressing their likelihood of being relevant. Many retrieval models have been

developed over the years, which seek to effectively retrieve relevant lists of documents.

In this section, we review some of the most influential information retrieval (IR)

models in the literature, with particular emphasis on the models employed in the

experiments conducted throughout this thesis.
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Boolean Model

The Boolean retrieval model is the earliest and fundamental model in IR (Manning

2008). In this model, queries are represented by a combination of keywords that

are connected using boolean operators such as AND, OR, and NOT. The document

in this model is represented as a set of terms present within the documents, and

the model retrieves relevant documents that satisfy the boolean expression. The

model performs an exact match with the query when identifying the relevance of a

document. An example query in boolean retrieval is given below:

(information AND retrieval) OR (data AND mining)

While the Boolean model is simple, easy to understand, and allows for efficient

retrieval, a major drawback is that it does not provide a ranking of the retrieved

documents. All matching documents are treated as equally likely to be relevant,

which is rarely the case. Furthermore, because the model relies on satisfying Boolean

expressions, it does not account for partial relevance in cases where sub-expressions

are only partially satisfied. In addition, for the model to effectively retrieve relevant

documents, the user must formulate a complex Boolean query that accurately captures

their information need. This is a difficult task since users’ information needs are

often complex and not easily expressed through Boolean logic and many potential

users are not familiar with Boolean logic.

Vector Space Model

The Vector Space Model (VSM) (Salton, Wong, and C.-S. Yang 1975) is a ranking-

based retrieval model in which documents are ordered according to their potential

relevance to the user’s query, unlike the Boolean model. In the VSM, both the

user query Q and documents in the collection Dj are represented as a vector over

a multi-dimensional term space which consists of the vocabulary of the document
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collection V = {t1, t2, . . . , tm}. The document Dj and query Q are represented as:

Dj = (w1j, w2j, . . . , wmj)

Q = (w1q, w2q, . . . , wmq)

where wij and wiq represent the weight of term ti in the document Dj or query Q,

respectively.

The notion of relevance of a document to a query in the VSM model is based on

the degree of similarity between their vector representation. The closer the document

vector is to the query vector, the more relevant the document is deemed to be

to the query. The similarity in the vector space is determined by calculating the

angle between their vectors. The cosine-similarity is the most widely used similarity

measure, which calculates the angle between a document and a query vector, which

is the dot product of two normalized vectors as shown in Equation 2.1, and is used

to determine the relevancy of a document with respect to the query.

sim(Dj, Q) = cos(θ) = Dj ·Q
‖Dj‖ ‖Q‖

(2.1)

Probabilistic Model

The probabilistic model is a more theoretically motivated ranking- retrieval model

based on the Probability Ranking Principle (PRP) (Stephen E Robertson 1977),

where the model estimates the probability of relevance of a document Dj, given a

query Q, P (R = 1 | Dj, Q). The higher the probability, the more likely the document

is to be relevant. The earliest version of the probabilistic model used a binary

independence model (BIM), which assumes that the query term is either present or

non-present in the document and the term occurrences are independent. It does not

take into account the term frequencies for the number of times the term occurs in the

documents, as well as the information about the length of the document. The BM25

(Best Matching 25) (Stephen E Robertson et al. 1995; K. S. Jones, Walker, and

23



Towards Improved Conversational Context Understanding for Effective Conversational IR

Stephen E. Robertson 2000a), is an elaborated and very widely used retrieval model.

This incorporates both term frequency and a length normalization component to

address the inherent bias towards higher relevance scores for longer documents when

term frequency is incorporated in the term weights. Each document Dj and query Q

are compared using the BM25 ranking function defined as in Equation 2.2

score(Dj, Q) =
∑
t∈Q

log N − nt

nt

· f(t,Dj)(k1 + 1)

f(t,Dj) + k1

(
(1− b) + b

|Dj |
avgdl

) (2.2)

where f(t,Dj) is the frequency of term t in document Dj, |Dj| is the length of the

document, avgdl is the average document length in the collection, N being the total

number of documents in the collection and nt the number of documents containing

the term t and k1 and b are tuning parameters. The k1 parameter controls the effect

of the frequency of a term t in the document and b controls the degree of document

length normalization.

BM25’s term-matching properties make it a natural baseline for evaluating

query reformulation approaches, which makes it a good baseline for testing query

reformulation methods that add useful information from the conversation history.

As discussed in Chapter 3, BM25 is used as the main sparse retrieval baseline in all

experiments. It provides a strong and consistent reference point for evaluating the

proposed methods for using conversational context and user knowledge.

Language Modelling

The Language Modeling (LM) approach is also based on the PRP principle (Hiemstra

2001). In this approach, the LM estimates the probability that a query could

be generated from the document. Now, the relevance score of the documents is

calculated by computing the maximum log-likelihood of generating the query from

the documents, as shown in Equation 2.3 and the documents are ranked in descending

order of this likelihood. A higher value of P (Q | Dj) implies that the document Dj
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is more likely to be relevant to the query.

score(Dj, Q) = logP (Q | Dj) (2.3)

Now, the probability of generating query Q given document Dj is defined in Equa-

tion 2.4.

P (Q | Dj) =
∏
t∈Q

λPMLE(t | Dj) + (1− λ)P (t | D) (2.4)

where:

PMLE(t | Dj) : maximum likelihood of a term t occurring in Dj,

|D| : total number of document in the Collection.

The maximum likelihood estimate probability of a term t occurring in a document

can be estimated using Equation 2.5.

PMLE(t | Dj) =
f(t,Dj)

|Dj|
(2.5)

where:
f(t,Dj) : frequency of term t in document Dj,

|Dj| : total number of terms in document Dj.

Neural Modeling

The Neural Modeling (NM) approach to IR is based on the principle that representing

documents and queries using the terms present in them and computing the potential

relevance of documents to the query based on lexical matching and statistical

properties of the terms can often be inadequate, since it does not capture contextual

semantic information. Query-document comparison based on lexical matching, while

often effective, has an inherent limitation that they are often ineffective when there is

a vocabulary mismatch where the query and document represent the same concepts

using different terms. As users can formulate different queries using different words
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for the same information need, and as such, the effectiveness of relying only on lexical

matching can depend on the words selected by the user for inclusion in the query.

Neural models seek to overcome this limitation by learning semantic representations

of both the queries and documents, which allows for identifying relevant documents

based upon semantic meaning rather than exact lexical matches. Neural models

leverage neural networks to learn semantic representations. Words in the queries

and documents are represented in a continuous vector space. These continuous

vector space representations are called word embeddings. These word embeddings

capture the contextual meaning of words by considering the surrounding text, unlike

traditional word representations. Word embeddings are often pre-trained on large

corpora of text, creating a word embedding model that allows for the learning

of semantic representations. This leads to richer representations of queries and

documents in the context of IR.

Both queries and documents are thus encoded into vector representations using

the word embeddings. The similarity between these embedded models is then

used as a measure of semantic similarity between the query and documents, which

determines the relevance of each document. As described earlier for the VSM model

(see Section 2.1.3), since embeddings are vector representations, similarity can be

determined by calculating the angle between the embeddings, with cosine similarity

being the most widely used similarity measure.

Neural models can be broadly categorized into the following types, as illustrated

in Figure 2.2 (Mitra, Craswell, et al. 2018; Guo, Fan, Pang, et al. 2020; Trabelsi

et al. 2021):

1. Representation-focused models: These models focus on using deep neural

networks φ and ψ to extract high-level features and represent queries and

documents independently in dense vector embeddings. Once the embeddings

are obtained, the relevance between a query and a document is computed using

similarity metrics such as cosine similarity, which are then used to rank the

documents. Different types of deep neural networks have been used for this
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purpose, fully-connected networks (P.-S. Huang et al. 2013), Convolutional

Neural Network (CNN) (Shen et al. 2014a; Shen et al. 2014b) and Recurrent

Neural Network (RNN) (Palangi et al. 2016; Wan et al. 2016).

2. Interaction-focused models: In these models, rather than using deep neural

networks to extract individual representations of the query and document, as

in Representation-focused models, a deep neural network is used to learn the

interaction between the query–document pair η. This approach allows the

model to capture matching signals between query and document tokens in a

fine-grained manner to compute relevance scores (Guo, Fan, Ai, et al. 2016).

Hybrid models can also be constructed which combine both the representation and

interaction models as well (Mitra, Diaz, and Craswell 2017; B. Wang, K. Liu, and

J. Zhao 2016; S. Wang and Jiang 2016)

Figure 2.2: Different types of Neural Models. (Modified from (Guo, Fan, Pang, et al.
2020) for consistency in the naming convention)

In the following sections, we review the main concepts needed to better understand

the neural approaches and techniques.
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2.1.4 Neural Modeling Foundations

This section reviews the neural architectures that form the foundation of the neural

approach investigated in this thesis. We begin with the Transformer architecture,

which introduced the self-attention mechanism that has become central to contem-

porary language models. We then discuss BERT, a Transformer-based language

representation model, before examining ColBERT, a neural retrieval architecture that

leverages contextualized token representations for efficient and effective document

retrieval, which we use in our experiments described in this thesis.

Transformers

Transformers are a type of neural network model architecture (Vaswani et al. 2017)

developed for sequence modelling tasks. These are an advancement over earlier

approaches such as, Recurrent Neural Networks (RNN), Long Short-term Memory

(LSTM) (Jozefowicz et al. 2016) and gated recurrent neural networks (Chung et

al. 2014). RNNs and LSTMs process tokens sequentially and generate a hidden

state as a function of previous hidden states and the current input position. This

approach compresses all past information into a single hidden state, which limits

the richness of the representation as the sequence length becomes longer, and

disregards the information that is learned from the earlier tokens in the sequence.

Transformer models, however, unlike recurrent models, rely entirely on the attention

mechanism without the recurrent aspect, making them capable of modelling long-

range dependencies. This attention mechanism, called self-attention relates to

different positions of a single sequence to compute the representation of the sequence

allowing every token in a sequence to look at all the other tokens to gather contextual

information.

The Transformer architecture primarily comprises an encoder stack that maps

an input sequence to produce a contextual representation and a decoder stack that,

based on this contextual representation, generates an output sequence one element

at a time, as illustrated on the left and right of Figure 2.3. The next section provides
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a more detailed examination of the architecture.

Figure 2.3: Transformer Architecture (Vaswani et al. 2017).

Encoder. The encoder stack is composed of identical layers (N=6; (Vaswani et al.

2017)). Each layer is further composed of two sub-layers, namely: (1) multi-headed

self-attention and (2) position-wise fully connected feed-forward network.

All sub-layers in the model, as well as the embedding layers, produce output of

the same dimension dmodel. (dmodel = 512 (Vaswani et al. 2017)).
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Decoder. The decoder stack is also composed of identical layers as in the encoder

layer. The decoder sub-layer consists of three sub-layers, namely: (1) masked multi-

headed self-attention, (2) multi-headed self-attention, and (3) position-wise fully

connected feed-forward network. The multi-headed self-attention in the decoder (2)

performs multi-headed attention over the output of the encoder stack. The masked

multi-headed self-attention (1), is a modified multi-head self-attention that uses

masking to prevent attending to subsequent positions. This, along with the output

embedding being offset by one position, allows the prediction to depend only on the

known outputs at previous positions.

Attention Mechanism. The attention mechanism is a mapping for a query and

a set of key-value pairs to an output. The query represents the current element for

which the model is computing attention. The key represents each element in the

input sequence and measures how relevant it is to the query. The value contains the

actual information of each input element. The query, key and value enable the model

to focus on the most relevant parts of a sequence. The Transformer uses “scaled

dot-product attention” as shown in Figure 2.4. A dot product of the query with all

the keys is computed and scaled by a factor of 1/
√
dk, after which a softmax function

is used to obtain the weights on the value. The attention function is computed on a

set of queries, key and values, Q, K and V simultaneously, as shown in Equation 2.6.

Attention(Q,K, V ) = softmax
(
QK>
√
dk

)
V (2.6)

Transformers use a multi-head attention mechanism, whereby the queries, keys,

and values are linearly projected h times using multiple sets of learned (Q, K,

V) projections. This allows the model to attend to information from different

representation subspaces simultaneously. For each of these learned projections, self-

attention is computed in parallel, and the resulting outputs are then concatenated

and linearly projected, as in Equation 2.7, yielding the final output of the multi-head

attention mechanism, as illustrated in the right half of Figure 2.4.
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Figure 2.4: Attention Mechanism (Vaswani et al. 2017)

MultiHead(Q,K, V ) = Concat(head1, . . . , headh)W
O

where headi = Attention(QWQ
i , KW

K
i , V W

V
i )

(2.7)

Point-wise Feed-Forward Network. Each Transformer layer includes a Feed-

forward Network (FFN) applied independently to each token. This network adds

non-linear transformations, which help the model capture complex representations

and relationships between tokens as shown in Figure 2.3.

FFN(x) = ReLU(xW1 + b1)W2 + b2 (2.8)

Residual Connection with Layer Normalization. Residual connections (He et

al. 2016), facilitate training in deep networks by alleviating the problem of vanishing

gradients. After each sub-layer in the Transformer (both encoder and decoder), a

residual connection is followed by Layer Normalization (LayerNorm) (Ba, Kiros, and

Hinton 2016) as shown in Equation 2.9.

y = LayerNorm(x + Sublayer(x)). (2.9)

Since the self-attention mechanism in Transformers does not inherently under-
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stand the order of tokens, positional encoding is added to inject token position

information. This encoding uses sinusoidal functions to ensure the model can gener-

alize to sequences of varying lengths, improving its ability to capture

Positional Encoding. Since the self-attention mechanism in Transformers does

not inherently understand the order of tokens. Positional encoding is added to the

input and output embeddings to add the position information of the tokens.

PE(pos, 2i) = sin
( pos

100002i/dmodel

)
, PE(pos, 2i+1) = cos

( pos

100002i/dmodel

)
(2.10)

where, pos denotes the position index in the input sequence, i represents the dimen-

sion within the embedding vector, and dmodel is the dimensionality of the model’s

embeddings.

In the following section, we look into BERT, which uses the Transformer archi-

tecture for pre-training language representation.

BERT

Bidirectional Encoder Representations from Transformers (BERT) (Devlin et al.

2018) is a language representation model based on Transformer architecture (Vaswani

et al. 2017) and uses only the encoder part of the Transformer stack as described

in Section 2.1.4. The BERT model addresses the limitation of previous standard

language models being unidirectional, i.e left-to-right or right-to-left, (Peters et al.

2018; Radford 2018) when learning the representation by allowing the model to

enhance the context representation by incorporating the information available in

both directions. This allows it to capture richer contextual dependencies, which

helps in understanding the full context of both queries and documents. BERT’s

pre-training is based on two tasks that facilitate this bidirectional learning.

1. Masked Language Model (MLM): Some of the input tokens are randomly

masked (15%), using [MASK] token, where the goal is to predict the masked

token word (Taylor 1953). For every position where a [MASK] has been
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Figure 2.5: Overall pre-training procedures for BERT. [CLS] is a special symbol
added in front of every input example, and [SEP] is a special separator token. (Devlin
et al. 2018)

inserted, BERT takes the final hidden state vector and feeds it into a softmax

classifier over the entire vocabulary to predict the original (masked) token. This

masking procedure allows the language model to learn token representation

using the context from both directions, allowing BERT to learn deep contextual

embeddings.

2. Next Sentence Prediction (NSP): In this task, the model is given a pair

of sentences A and B, and is trained to learn the relationships between the

sentences, which is not directly captured by a language model. In the pre-

training of the BERT model, the sentences are taken from monolingual corpora,

where 50% of the time, sentence B is the sentence following A and 50% of the

time, it is a random sentence from the corpus. This allows BERT to model

sentence-level relationships.

Figure 2.5 shows the overall pre-training procedures for BERT. The pre-training
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corpora used for BERT are the BookCorpus (800M words) (Yukun Zhu et al. 2015)

and English Wikipedia (2,500M Words) (Devlin et al. 2018).

The Masked Language Model (MLM) and Next Sentence Prediction (NSP)

objectives in the BERT model allow for the pre-training of the model on a large corpus

without the need for specific training data, enabling BERT to learn semantically

and contextually rich, general-purpose language understanding. This can then be

fine-tuned for various Natural Language Processing (NLP) tasks, making it highly

effective for a wide range of natural language processing applications, including

question answering, sentiment analysis, text classification, and information retrieval,

and has been shown to be effective (Devlin et al. 2018). Language models like this,

trained on large general text corpora, are called Large Language Models (LLM) and

are among the most common approaches in deep learning for NLP-related tasks.

ColBERT

Contextulalized Late Interaction over BERT (ColBERT) (Khattab and Zaharia 2020a)

is a neural ranking model specifically designed to enhance retrieval performance

by leveraging the BERT language model for efficient, interaction-focused ranking.

ColBERT introduces a late interaction mechanism, where the query and document

are independently encoded into contextual embeddings using a BERT-based encoder.

Relevance between the query and document is then evaluated after both have been

processed. Rather than collapsing each query or document into a single vector as

is the case for representation-focused neural models, ColBERT retains token-level

embeddings, which allows for token-level similarity computation between the query

and document. Figure 2.6 shows the general architecture of ColBERT.

Query Encoder. Given a query q, the query is tokenized {q = (q1, q2, . . . , q|q|)} and

encoded independently using BERT, which computes a contextualzied representation

of each query token.

Q = fQ(q)
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Figure 2.6: The general architecture of ColBERT given a query and a document (Khat-
tab and Zaharia 2020a).)

Document Encoder. Similar to the query encoding process, the document encoder

also encodes a Document d using BERT to generate a contextualized representation

of the document tokens {d = (d1, d2, . . . , d|d|)}.

D = fD(d)

Late Interaction. In this mechanism, the similarity between the query Q and

Document D is calculated by computing the maximum cosine similarity between

each query token embedding qi and document token embedding dj as shown in

Equation 2.11.

MaxSim(qi,D) = max
j

(qi · dj) (2.11)

The final relevance score is the sum of these maximum similarities.

score(Q,D) =
m∑
i=1

MaxSim(qi,D)

This MaxSim operation effectively preserves token-level contextual interactions
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while allowing independent encoding, which enables precomputing and indexing of

document embeddings for scalable retrieval.

ColBERT’s late-interaction approach is well-suited to conversational retrieval

because it compares queries and documents at the word level. This helps it find more

detailed meaning matches, especially when queries are expanded using conversational

history or user knowledge. In this thesis, ColBERT is used as the dense retrieval

model in the experiments described in Chapter 3. This allows us to test whether the

proposed methods work well with both sparse and dense retrieval systems.

2.1.5 Re-ranking

Re-ranking is an important component of many modern IR system pipelines. We

describe it here for the sake of completeness as part of the standard retrieval process,

although as we do not use re-ranking in our experimentation.

In a typical IR system pipeline, re-ranking follows an initial retrieval step, where

a set of documents is first retrieved using a low-cost, efficient model like BM25. This

initial step returns a set of candidate documents in a computationally efficient manner

and does not take into consideration richer features for query-document relevance.

To utilize the richer features of query-document relevance, a more sophisticated

model, often a deep learning-based model like, is then applied to re-rank the retrieved

documents in the initial retrieval step, which refines the ordering of the documents

to ensure more relevant documents are ranked higher.

In re-ranking, the IR system updates the ranking of the retrieved results based

on additional context provided by the user or inferred from the relevant documents.

This involves refining the initial ranking based on user feedback, clarifications, or

implicit signals gathered during the interaction. A user’s query submitted to an

IR system may only target a small fraction of the vast collection of items. In this

case, only a subset of the items which match the items will be relevant to the user’s

information need. Searching through the entire collection for relevant documents

can be computationally expensive and may lead to poor recall. Hence, re-ranking
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of retrieved items to focus on those which are more likely to be more relevant is

employed for more efficient retrieval.

2.2 Overview of Conversational Information Re-

trieval

Conversational information retrieval (CIR) (also called conversational search or

conversational information seeking) is an IR system with a conversational interface

enabling users to seek information via multi-turn natural language dialogues, in

spoken or written form, as shown in Figure 2.7 (Gao et al. 2023; Zamani et al. 2023).

The figure illustrates a three-layer CIR architecture comprising a User Experience

Layer, a Conversational Search Engine Layer, and a Data Layer. User text or

voice queries Q1, . . . , QN are passed through a pipeline that begins with Contextual

Query Understanding, where query expansion or rewriting models resolve ambiguities

inherent in multi-turn dialogue. The reformulated query is then used for Document

Retrieval using sparse or dense retrieval models, supported by a Data Layer consisting

of heterogeneous knowledge sources (knowledge bases, indexed document collections,

user profiles, and search session logs). Retrieved documents are subsequently re-

ranked before a final Result Generation stage, producing a device-appropriate response

such as a ranked list, a summary, or a direct answer. Together, the contextual query

understanding and retrieval stages form the core Conversational Dense Document

Retrieval sub-component, underscoring the importance of conversational context

understanding for effective conversational retrieval.

As outlined in Chapter 1, traditionally, IR systems have been completely user-

driven, with the system having no way of engaging with the user in the search process

beyond simple relevance feedback methods (Lavrenko and W Bruce Croft 2017;

S. Robertson, Zaragoza, et al. 2009). CIR systems seek to address this limitation

by incorporating an interactive and collaborative process between all the actors

involved. CIR has recently garnered considerable attention (Zamani et al. 2023;
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Figure 2.7: A general architecure of CIR (Gao et al. 2023).

Brown et al. 2020) and has been an increasingly popular research area (Anand et al.

2020; Culpepper, Diaz, and Smucker 2018). This has been, to a large extent, enabled

by recent advancements in deep learning, which have led to the widespread emergence

of conversational personal assistants and systems such as ChatGPT (Brown et al.

2020). While recently popular, interest in conversational search has a longer history.

Some of the earliest work investigates considering IR systems as an intermediary in

helping users better understand their information need (Brooks and N. J. Belkin

1983). A new approach to designing retrieval systems with the goal of understanding

users’ information needs was described in (W. B. Croft and Thompson 1987), which

envisioned strategies to facilitate query formulation, domain knowledge acquisition,

explanation, browsing, retrieval, and evaluation. More recently, Radlinski and

Craswell (2017) examined conversational approaches to IR and proposed a set of

characteristics they deemed that a conversational IR system should possess. One of

their considerations is that a conversation should be adaptive. This feature aligns

with our idea that an IR system should be able to adapt as a search conversation

progresses, specifically dealing with the conversation history and user knowledge

including knowledge developed during the conversation, until the information need
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is satisfied.

2.2.1 Conversational Query Understanding

As described earlier, conversational dialogues involves various types of natural

language phenomenon, such as, omissions, ellipsis etc (Zamani et al. 2023). During

CIR, the user issues a series of queries describing their information need to the IR

system and based on these queries, tries to identify the relevant documents from the

knowledge sources. As the conversation progresses the user queries lose information

or details, because in natural dialogue setting it is assumed that the participants do

not have to fully specify all information that has already been included in the earlier

turns in the dialogue. As such at any turn during the conversation, the user-ssued

query may make implicit or explicit reference to information contained in an earlier

turn in the conversation. This property of dialogues means the current query often

lacks all the details needed for CIR system to be able to retrieve relevant documents.

In order to understand the current query, we need to look into the conversational

history and try to identify or infer the information missing from the query in order

to create a full query statement for entry into the IR system. Most existing query

understanding approaches are quite limited. They focus on disambiguating and

contextualizing the current query with respect to the conversational history, also

known as query reformulation (Mo, Mao, Z. Zhao, et al. 2025; Zamani et al. 2023;

Gao et al. 2023), but are restricted to rather conventional query expansion and query

rewriting approaches.

Query Expansion. Query expansion is a longstanding method originally developed

to improve search effectiveness in traditional single-shot search (Carpineto and

Romano 2012). The key idea is to add expansion terms to the input user query to

make it a better and fuller statement of the user’s information need with the goal of

improving the likelihood of retrieving relevant documents. The original query Q is

reformulated into a new query Q′ by including additional terms ei into the original
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query as shown in Equation 2.12.

Q′ = {q1, q2, . . . , qn}︸ ︷︷ ︸
original query Q

∪ {e1, e2, . . . , em}︸ ︷︷ ︸
expansion terms

(2.12)

In CIR, expansion terms ei are derived from within documents retrieved in

previous turns in the dialogue. In traditional single-shot IR, the expansion terms

are selected from terms contained in documents identified as relevant or assumed to

be relevant after an initial search operation. In CIR, several approaches to query

expansion have been explored. These approaches ranged from heuristic approaches

of selecting k previous query turns for expansion (Clarke 2019; Ohsugi et al. 2019;

Mehri, Eric, and Hakkani-Tur 2020), utilizing linguistic features (S.-C. Lin, J.-H.

Yang, Nogueira, Tsai, C.-J. Wang, and J. J. Lin 2021; Mele et al. 2020) to determine

the expansion terms, to machine learning based approaches (Cao et al. 2008; Xiong

and Callan 2015; Voskarides et al. 2020) that try to determine the term relevance

from the previous query turn for expansion. (Mo, Nie, et al. 2023) expanded the

original query by identifying historical turns based on a selection model that identifies

related historical query turns based on their usefulness to improve system retrieval

performance. (Mele et al. 2021) proposed an approach that classifies user queries

based on their ambiguity and uses linguistic analysis to identify missing context from

previous query turns based on this classification to expand the query.

In this thesis, query expansion is used as one of the baseline strategies for

incorporating conversational context. In particular, we study how choosing specific

past turns, instead of using the full history, affects retrieval performance. This leads

to our proposed hybrid method for identifying relevant previous turns, described in

Chapter 4. This method uses semantic similarity to select the most relevant earlier

turns for expanding the query.

Query Rewriting. Query rewriting is the process of reformulating a user’s original

query into an improved or alternative version to enhance retrieval effectiveness. The

query is reformulated by utilizing the current user query in addition to the historical
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conversational context from the dialogue, to create a new query which is intended

to be an improved contextualized statement of the information need, as shown in

Equation 2.13.

Q′
t = f(Qt, Ct−1) (2.13)

where:

Qt : current user query at turn t,

Ct−1 : conversation context from previous turns ,

Q′
t : rewritten self-contained query,

f : query rewriting function that incorporates context.

The most commonly used approach for the query rewriting function is to use a pre-

trained language model (Devlin et al. 2018) based on a Transformer model (Vaswani

et al. 2017) to generate a new query (Vakulenko, Voskarides, et al. 2021; S.-C. Lin,

J.-H. Yang, Nogueira, Tsai, C.-J. Wang, and J. Lin 2020). (S.-C. Lin, J.-H. Yang,

Nogueira, Tsai, C.-J. Wang, and J. Lin 2020) evaluated different types of pre-trained

language models to study their effectiveness for conversational query rewriting, such

as GPT-2 (Radford et al. 2019) (pre-trained decoder-only transformer), BERT (Devlin

et al. 2018) (pre-trained encoder-only transformer), UniLM (Dong et al. 2019) (BERT

architecture pre-trained using unidirectional, bidirectional and sequence-to-sequence

language modelling), T5 (Raffel et al. 2020) (an encoder–decoder transformer). These

studies showed that pre-trained language models are effective for query rewriting,

and the T5-based model demonstrated a better ability to rewrite conversational

queries.

Query rewriting using a T5-based model is used as the main method for

reformulating queries in our experiments. As described in Chapter 4, we test how

different ways of selecting past conversational context, including our proposed hybrid

method, and utilizing T5-based rewriting model to reformulate queries, affect the

performance of the retrieval systems across different datasets.
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There are also hybrid approaches, which combine query expansion with query

rewriting approaches. A generative query reformulation method leveraging a pre-

trained language model has been proposed to rewrite user queries and expand them

with responses generated by the language model (Mo, Mao, Yutao Zhu, et al. 2023).

Combining query expansion and query rewriting has been shown to improve upon

the individual approaches (Vakulenko, Voskarides, et al. 2021). Neural retrieval

models, as described in Section 2.1.3 have also been used for the task of query

understanding, without having the need for performing query reformulation. The

query and conversation history are encoded into a dense vector representation, which

is then used to retrieve relevant documents (Qu et al. 2020; Yu et al. 2021).

Challenges in Conversational Query Understanding

An essential aspect of effective query reformulation is the exploitation of information

from previous relevant dialogue turns. Utilizing all historical turns as context (S. Kim

and G. Kim 2022; S.-C. Lin, J.-H. Yang, and J. Lin 2021; Yu et al. 2021), assume that

all previous queries are helpful to query reformulation for the current turn. However,

this might not necessarily be the case, due to the nature of natural dialogue. Also

incorporation of queries from all previous turns becomes increasingly inefficient as

the length of the search dialogue increases. (Ohsugi et al. 2019) utilizes the previous

two turns, (Mehri, Eric, and Hakkani-Tur 2020) considers the previous three turns,

(Clarke 2019) consider the first and the previous turn in the conversation and exploits

it to reformulate the query based on the observation that the first turn at the start

of the conversation represents the topic of the conversational and contains the most

information about the information need. (Vakulenko, Longpre, et al. 2021) utilize

the previous five dialogue turns. While these heuristic-based approaches for selecting

a set of previous turns are simple and efficient, they may overlook deeper semantic

relationships and the more complex dialogue context.

Furthermore, recent advances in LLMs are significantly influencing query under-
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standing approaches. This allows for inclusion of as many historical turns as possible

since LLMs are capable of exploiting and subsequently using them for query rewriting

(Mao, Dou, Mo, et al. 2023; S.-C. Lin, J.-H. Yang, Nogueira, Tsai, C.-J. Wang, and J.

Lin 2021). Generative approaches are also being used to generate concepts related to

the conversational context and using these generated concepts for query reformulation

(Rocchietti et al. 2023). (Mao, Dou, Chen, et al. 2023; Galimzhanova et al. 2023)

use LLMs to generate query rewrites using prompting techniques to construct a

stand-alone search query demonstrating exceptional potential across various IR tasks,

including, but not limited to query reformulation (Yutao Zhu, H. Yuan, et al. 2025;

Yutao Zhu, P. Zhang, et al. 2024).

Other strategies for identifying relevant historical turns consider it a classification

task and build a machine learning model to help with the task. However, training

models for this purpose requires a significant amount of data, which is often scarce in

conversational search. Alternatives that do not depend on training models typically

use previous k-turns as related context and employ LLMs to generate search queries

or use linguistic analysis on those turns to extract features to enrich the current

query, which can overlook the semantic relationships that can run deeper in the

conversational history, as well as miss complex contexts in relation to the dialogue.

Existing methods for identifying relevant past turns in conversational search can

be grouped into two main types. First, simple heuristic-based methods (Clarke 2019;

Ohsugi et al. 2019; Mehri, Eric, and Hakkani-Tur 2020) select turns based on fixed

positional rules. These methods do not capture deeper meaning or more complex

patterns in the conversation. Second, machine learning methods treat the task as a

classification problem, but they require large amounts of labelled data, which is often

not available in conversational search. More recently, large language model (LLM)

based methods have shown potential for identifying relevant past turns, but they

have not been thoroughly tested in terms of their impact on retrieval performance.

Importantly, none of these approaches combines simple structural rules with semantic

similarity in a single hybrid method. This gap motivates the first part of this thesis.
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We propose and evaluate a hybrid approach that combines simple structural rules

with semantic similarity signals to identify relevant past turns. We also study how

this affects retrieval performance across different datasets and retrieval models, as

described in Chapter 4.

In addition, a key limitation in existing research is that it ignores the knowledge

that users gain during a search conversation. Most methods treat the conversation

only as a list of queries and responses, without considering how the user’s under-

standing changes over time. This motivates the second part of this thesis, which is

introduced in the next section.

2.3 User Knowledge in Information Retrieval

As introduced in Chapter 1, users approach an IR system with an information need or

deficit of knowledge. This is addressed more formally in the concept Anamolous State

of Knowledge (ASK) framework introduced by (Nicholas J Belkin 1980). This section

introduces consideration of the cognitive processes underlying information-seeking

behaviour in IR. The ASK framework describes how people seek information when

they recognizes a gap or anomaly in their knowledge state, and suggests that IR

systems must be viewed based on the user’s knowledge. In the ASK model, when a

user encounters an information need that they cannot fully define and recognizes

that there is a gap or inadequacy in their current understanding of the information

need, they are in an ASK. This anomalous state creates a problem where users

are unable to clearly articulate their information need, which can be described

as the non-specifiability of information need problem as described in Chapter 1.

Traditional IR systems assume by default that the user can express their information

need sufficiently to achieve effective IR, which is not often the case. In the ASK

framework, the emphasis is on the user-centric perspective, suggesting that the user’s

knowledge is central to IR and as such IR systems need to be able to support users in

addressing their ASK through iterative clarification, exploration, and reformulation

of their information need.
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Kuhlthau (1991) proposed a user-centered perspective on the Information Search

Process (ISP) in information seeking. This study examined various aspects of users’

activities as they interact with information, focusing on how these interactions build

upon their existing state of knowledge about a topic. The ISP model incorporates

three dimensions of user activity: cognitive (thoughts), physical (actions), and

affective (feelings). Together, these reflect the user’s evolving knowledge state during

the search process. According to this model, users engage in a dynamic progression

from an initial state of information need to a goal-oriented state of understanding,

moving through a series of distinct stages as summarized in Table 2.1. Each of these

stages in terms of the cognitive and physical aspects outlined in more detail below.

• Initiation: In this stage, the user becomes aware of a lack of knowledge about

a search problem or topic. The user’s task is to recognize that there is a need

for information and to cognitively relate the problem to their prior knowledge

in order to describe their information need. This stage relates to the ASK

framework (Nicholas J Belkin 1980).

• Selection: In this stage, various general topics or ideas relating to the search

problem are identified and evaluated against the information goal, so that the

information seeking process can begin.

• Exploration: In this stage, the information available is explored. The task is

to investigate the information on the general topic in an effort to assimilate

the information, and try to relate it to the user’s existing understanding of the

topic and further to gain a better understanding of the information need that

will allow for a more focused view of the search problem.

• Formulation: In this stage, a more focused view is formed based on identifying

and selecting relevant information from the exploration stage, which can then

be used to form a narrower or clearer perspective of the topic.

• Collection: In this stage, a focused perspective of the topic is used to gather
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the information. The action is typically to seek focused information about the

topic to extend the user’s knowledge and understanding of the search problem.

• Presentation: In this stage, the search task is completed. The user has

collected information to improve their understanding of the search problem

which builds their knowledge that can satisfy their information need which

triggered the search activity.

Stage Feelings (Af-
fective)

Thoughts
(Cognitive)

Actions (Phys-
ical)

User Task

Initiation Uncertainty General/Vague Seeking Back-
ground Informa-
tion

Recognize

Selection Optimism Identify
Exploration Confusion/Frus-

tration/Doubt
Seeking Relevant
Information

Investigate

Formulation Clarity Narrowed/-
Clearer

Formulate

Collection Sense of Direc-
tion/Confidence

Increased Inter-
est

Seeking Relevant
or Focused Infor-
mation

Gather

Presenta-
tion

Relief/Sat-
isfaction or
Disappointment

Clearer or Fo-
cused

Complete

Table 2.1: Kuhlthau’s Information Search Process (ISP) Stages. (Kuhlthau 1991)

Kuhlthau (1991)’s ISP model extends on Belkin’s ASK model (Nicholas J Belkin

1980) by describing how users resolve the ASK through successive stages of interaction

with information to progressively reduce the ASK as the user constructs new meaning

and understanding of the information need.

Vakkari (2016) proposed a Searching-as-Learning (SAL) paradigm for the cogni-

tive nature of information-seeking behaviour. Building on Belkin’s ASK model and

Kuhlthau (1991)’s ISP framework, SAL models the information seeking behaviour

as an inherently learning oriented activity, beginning with the ASK and following

through the various stages of ISP model, through which users acquire, reorganise,

and deepen their knowledge as users refine their understanding of the information,

resolving their ASK. Drawing on several learning theories of human knowledge,
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Vakkari (2016) defines knowledge as a structured network of concepts and their

relationships representing a phenomenon. Based on this definition, he further defines

learning as a means of acquiring new knowledge, as well as modifying and reinforcing

existing knowledge structures.

The degree or extent of learning depends on the user’s prior knowledge and can

be categorized as follows Vakkari (2016):

• Accretion. The addition of information to the existing knowledge structure

without any changes to the structure itself.

• Tuning. The modification of the existing knowledge structure without replac-

ing concepts or their relationships.

• Restructuring. Changing the existing knowledge structure by replacing con-

cepts and their relationships, resulting in a substantially altered understanding.

In the context of SAL, users engage with retrieval systems with the explicit aim

of acquiring knowledge about a specific topic. Retrieval systems should not just

focus on efficiency or relevance, but should also support users learning processes,

facilitating exploration, reflection, and integration of new knowledge. Through iter-

ative interactions with the retrieved documents, a user progressively accumulates

information to satisfy their learning goals. This process entails not only accessing rel-

evant documents but also assimilating and comprehending the information contained

within them.

A study focusing on the differences in searching patterns between domain experts

and non-experts regarding a shared subject is reported in (White, Dumais, and

Teevan 2009). Their findings highlight distinctions in query formulation strategies

across various levels of expertise, emphasizing the importance of understanding how

different users approach search tasks. Furthermore, the level of domain knowledge

influences how the user formulates their queries (O’Brien et al. 2020; Willoughby et al.

2009; Dosso et al. 2024), with non-experts using more keywords than experts and

experts producing more new keywords than non-experts (Dosso et al. 2022; Sanchiz,
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Chevalier, and Amadieu 2017). Moreover, (X. Zhang, Cole, and N. Belkin 2011)

found that insights from data collected during the search process can provide valuable

indications of a user’s domain knowledge, suggesting that analyzing user interactions

with retrieval systems can yield valuable information about their knowledge. A study

by (Hagen et al. 2016) showed that users can learn query terms while engaging in

searching and reading activities. This suggests that during the search process, users

gradually refine their query formulation and enhance their understanding of the topic

through iterative interactions with search results, highlighting the importance of

incorporating knowledge mechanisms into the retrieval systems. A search system can

assist users in achieving their learning objectives more quickly by estimating how

much they learn. For example, it can do this by retrieving documents that match

not only their specific query, but also their existing knowledge about the topic.

Several frameworks have been developed to integrate user knowledge into retrieval

systems (Hoppe et al. 2018; Syed and Collins-Thompson 2017a; Syed and Collins-

Thompson 2017b). (Câmara, El-Zein, and da-Costa-Pereira 2022) introduced a

framework focused on representing user knowledge during search sessions. This

framework estimates a user’s knowledge about a specific topic by maintaining a

representation that continuously updates throughout the session. They achieve

this by employing a combination of keyword-based methods and Large Language

Models (LLMs) based methods. Their study demonstrates that this representation

effectively correlates with users’ actual knowledge levels. Expanding on this work, the

framework was extended to incorporate named entities, leveraging the relationships

between these entities to better represent and measure user knowledge during a

search session (El Zein, Câmara, et al. 2023). This enhancement suggests that

utilizing named entities complements earlier approaches, offering a more nuanced

estimate of users’ knowledge. Additionally, (Nasser et al. 2024) utilized knowledge

graphs to represent both the user’s knowledge and the knowledge goal, demonstrating

that the graph-based approach can capture complementary aspects of knowledge.

One of the many challenges when considering the user’s knowledge is its rep-
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resentation. Several approaches have been proposed for this purpose. Syed and

Collins-Thompson (2017a) uses the number of keyword occurrences read out of the

keyword goal, El Zein and Costa Pereira (2021) uses keywords which a user has been

exposed to while surfing on the Web.

Although previous work has shown that user knowledge is important in the

search process, using it in conversational information retrieval (CIR) is still largely

unexplored. Earlier studies on user knowledge, such as those by (Câmara, El-Zein,

and da-Costa-Pereira 2022), (El Zein, Câmara, et al. 2023), and (Nasser et al. 2024),

consider the development of user knowledge within the context of discrete single-

shot searches within search sessions, without considering the interaction between

turns, how the user’s understanding changes, or how system responses influence

the user. In CIR, however, knowledge plays a central role. Each system response

can change or expand what the user understands, which in turn affects how they

write future queries. Despite this, existing CIR methods ignore the user’s knowledge

entirely. No current CIR method tries to model or use the knowledge a user builds

during the conversation to improve retrieval. This is a major gap in the literature,

especially given the importance of knowledge in information seeking highlighted by

the ASK (Nicholas J Belkin 1980), ISP (Kuhlthau 1991), and SAL (Vakkari 2016)

frameworks. This gap motivates the second part of this thesis. We propose a new

method for modeling and using the user’s changing knowledge in CIR, described in

Chapter 5. This method introduces a Knowledge Extractor and a Knowledge Updater

that work across turns to improve query formulation using the user’s accumulated

knowledge.

2.4 Summary

In this chapter, we introduced the foundational components of IR, including document

and query representation, and reviewed retrieval models such as the Boolean model,

the vector space model, probabilistic and language models, as well as modern neural

retrieval approaches. We also discussed re-ranking and generation techniques, along
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with essential background on transformers, BERT, and ColBERT, which we will use

in our investigation. In addition, we explored key concepts in conversational query

understanding, such as query expansion and query rewriting, and highlighted the

role of user knowledge in IR. In this PhD research, we focus specifically on advancing

conversational query understanding and on exploiting user knowledge in CIR to

enhance retrieval effectiveness. These aims inform the design of our research goals,

research questions, and the methodologies developed in the following chapters.
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Chapter 3

Experimental Methodology and

Evaluation Framework

In this chapter, we describe the experimental evaluation framework used to conduct

the investigation for this research. We begin by introducing information retrieval (IR)

evaluation and its various components. This includes an overview of the features of an

IR test collection consisting of document sets, query sets and relevance information

for IR evaluation. We then describe IR evaluation measures to develop a deeper

understanding of the evaluation process. Following this, we describe significance

testing, a widely used statistical method for indicating the importance of IR methods.

Next, we introduce the datasets used in our experiments. We describe the

document and query collections in these datasets and examine their key features

and characteristics. Examples from these datasets are given to provide a better

understanding of their structure and content.

Finally, we present the framework employed for our experimental investigation.

We provide a brief overview of our framework by outlining the task formulation and

the experimental setup designed to address our research questions. We also discuss

implementation details to offer a clear understanding of the overall experimental

framework.
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3.1 Information Retrieval Evaluation

Information retrieval systems are designed to locate relevant information within a

knowledge source to address a user’s information need. In the classical IR framework,

as noted in Chapter 1, the user submits a query that expresses this need, and the

retrieval system’s task is to identify and return the relevant items from the available

information set.

Given this objective, various methods have been developed. In order to select

the best approach for a retrieval task, it is necessary to measure and compare their

effectiveness to determine which one performs best. The standard approach for

evaluating the effectiveness of an IR system involves three key components:

• Document Collection – the set of documents or information, typical of the

dataset to be searched.

• Query Collection – a set of queries representing users’ information needs, in

the form that a user is expected to enter into an operational system.

• Relevance Judgments – assessments indicating documents in the collection

judged to be relevant to each individual query in the Query Collection.

Together, these three components constitute what is known as a test collection.

Test collections are essential for evaluating and benchmarking the performance of

retrieval systems. Over the years, many standard test collections have been developed

to enable comparison of retrieval methods between different researchers. Next, we

give a review of the background of IR test collections and introduce some significant

standardized test collections.

3.1.1 Standard Test Collections

Cranfield Test Collection Format

The standardized form of the IR test collection emerged from studies at Cranfield

in the UK (Cleverdon 1991). The Cranfield test collection included 1,398 abstracts
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from aerodynamics journal articles (Document Collection), a collection of 225 queries

(Query Collection), and comprehensive relevance assessments for every query, docu-

ment pair (Relevance Judgment). The Cranfield Collection established the general

framework for the evaluation of IR systems, which became the foundational basis for

IR test collections that have been developed thereafter. This collection framework

allows the setup of a controlled lab-like experimental setup with a fixed document

and query collection, as well as relevance judgments for evaluating retrieval systems,

allowing for generalizable and reproducible evaluation of IR methods.

Even though the collection played an influential role in establishing a framework

for evaluation, the small size of the Cranfield collection in terms of the document and

query collections quickly made it insufficient for the evaluation of realistic IR systems.

Following the development of the Cranfield IR evaluation paradigm, a number of

researchers developed their own test collections, which sought to address some of the

limitations of the original Cranfield collection by increasing the size of the document

collection, focusing on different domains, and, with the increased power of computers

and full document content.

The fact that these test collections were either private or informally shared meant

that it was not possible to directly compare the performance of new IR methods as

they were introduced. The desire to be able to directly compare IR methods led to

the establishment of IR evaluation benchmarks. The first and best known of these is

the Text Retrieval Conference (TREC) (Voorhees, D. K. Harman, et al. 2005).

Text Retrieval Conference (TREC)

Text Retrieval Conference (TREC) (Voorhees, D. K. Harman, et al. 2005) is an

ongoing series of IR evaluation workshops largely based upon the Cranfield paradigm.

Each edition of TREC offers a number of IR tasks for evaluation. The datasets in

the test collection for these tasks are much larger than any previously developed test

collections. The query sets are generally more complex and seek to be representative

of real-world user information needs. Relevance judgments for TREC Collections are
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carried out over a subset of documents rather than the whole document collection

due to its size. The subset (or pool) of documents to be judged is determined by

aggregating the top-ranked results from multiple retrieval systems submitted by

researchers participating in each task. This technique, called ‘pooling’ (Spark-Jones

1975), allows for assessing the relevance of a subset of documents instead of the

whole document collection.

For our investigation, we use the TREC collections developed for investigating

conversational search. We provide details of the task dataset in Section 3.2. In the

following section, we provide more details of the components of a typical TREC

collection.

Document Collection The document collection is a set of information (items),

where the information can be in any format (textual, code, images, videos, etc). This

information set is grouped and structured as a set of marked-up documents, shown

in Figure 3.1. Each document ‘<DOC>’ is identified by a unique identification

‘<DOCNO>’, and the contents of the document are in the ‘<TEXT>’ field.

A Single Document in the Document Collection

<DOC>
<DOCNO> FT911-1 </DOCNO>
<TEXT>
Britain's John Smith delivered a passionate plea ...
</TEXT>

</DOC>

Figure 3.1: TREC Document Collection

Query Collection The query collection is a set of descriptions of information

need represented at TREC in a specific format shown in Figure 3.2. The information

need is represented as a topic (‘<top>’). Each topic has the following fields.

• <num>: A unique identifier.
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• <title>: A short statement of the information need in the form that the user

might be expected to input into an information retrieval system.

• <desc>: A longer, more descriptive statement of the information need.

• <narr>: A detail of the features expected in a retrieved item relevant for the

topic.

A Single Query in the Query Collection

<top>
<num> Number: 051 </num>
<title> Impact of ozone on health </title>
<desc>
Describe the health effects of exposure to ozone.
</desc>
<narr>
Relevant documents will discuss either short- or long-

term impacts of ozone exposure ...
</narr>

</top>

Figure 3.2: TREC Query Collection

Relevance Judgments Relevance judgments are a list of document IDs relevant or

non-relevant to the topic, as shown in Figure 3.3. The <topic-id> is the query identi-

fier, <doc-id> is the document identifier of the document being judged, <relevance>

is the human-labelled relevance of the document to the query, and <iteration> is a

placeholder not used for evaluation. Assessments are typically carried out by trained

assessors working in a controlled setting to ensure unbiased assessment. Note: Items

not manually judged for relevance to the topic, since they are not present in the

assessment pool, are not included in this list for each topic.

An Entry in the Relevance Judgment File

<topic-id> <iteration> <doc-id> <relevance>

Figure 3.3: TREC Relevance Judgement
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3.1.2 Evaluation Metrics

The most commonly used IR evaluation metrics are Precision and Recall (Allen et al.

1955).

Precision

Precision is the fraction of retrieved documents that are relevant to the query.

Precision =
no. of retrieved documents that are relevant

no. of retrieved documents
(3.1)

Recall

Recall is the fraction of relevant documents that are retrieved.

Recall =
no. of retrieved documents that are relevant

no. of relevant documents
(3.2)

The effectiveness of IR methods is evaluated using a test collection with a range

of evaluation metrics. In laboratory-based IR research, these metrics are used to

measure the retrieval effectiveness of a selected test collection. A number of evaluation

metrics are available which calculate the mean effectiveness over a query set.

Mean Average Precision (MAP)

MAP is a binary relevance-focused measure (Voorhees 1993). It considers the rank

position of each relevant document. It is calculated as the mean of the average

Precision across a collection of queries. (D. Harman 1994).

MAP =
1

Q

Q∑
q=1

AP(q) (3.3)

where:

• Q is the total number of queries or documents.
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• AP(q) is the Average Precision for query q, computed as:

AP(q) = 1

Rq

N∑
k=1

P (k) · rel(k) (3.4)

where:

– N is the number of retrieved documents,

– Rq is the total number of relevant documents for query q,

– P (k) is the precision at rank k,

– rel(k) is an indicator function equal to 1 if the document at rank k is

relevant and 0 otherwise.

Mean Reciprocal Rank (MRR)

Mean reciprocal rank is also a binary relevance-focused measure. It considers the

rank position of the first relevant document in the retrieved document list. It is

calculated based on Reciprocal rank, where Reciprocal rank is the inverse of the

position of the first relevant item. MRR is the average reciprocal rank across a

collection of queries. (Kantor and Voorhees 2000; Kantor and Voorhees 1996)

MRR =
1

|Q|

|Q|∑
i=1

1

ranki

(3.5)

where:

• |Q| is the total number of queries.

• ranki is the rank of the first relevant document for query i.

Normalized Discounted Cumulative Gain (nDCG)

Normalized Discounted Cumulative Gain is a graded relevance-focused mea-

sure (Järvelin and Kekäläinen 2002). In graded relevance, systems are evaluated

based on how effectively they retrieve and rank documents according to their

degree of relevance (Kekäläinen 2005). It captures the notion that highly relevant
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documents are more useful than marginally relevant documents. Also, the lower the

ranked position of a relevant document, the less useful it is for the user. (Manning,

Raghavan, and Schütze 2008)

NDCG =
DCG

IDCG
(3.6)

where:

• DCG is the Discounted Cumulative Gain

DCG =
∑ reli

log2(i+ 1)

where:

– reli is the relevance of the document at rank i.

• IDCG is the Ideal Discounted Cumulative Gain.

IDCG =
n∑

i=1

2reli − 1

log2(i+ 1)

where:

– n is the total number of relevant documents in the collection.

– reli is the relevance of the document at rank i.

Note: In this case, the relevance judgment must take the form of a graded

relevance assessment indicating a degree of relevance at each assessed document.

These metrics were chosen to give a broad view of retrieval performance. MAP

measures how well relevant documents are ranked across the entire list of retrieved

results, making it useful for evaluating overall ranking quality throughout a conversa-

tion. MRR measures the position of the first relevant document, showing how quickly

the system returns a useful result. This is especially important in conversational
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search, where users expect relevant answers quickly. nDCG is well suited to the

datasets used in this thesis (Section 3.2) because they include different levels of

document relevance. It gives higher scores when the most relevant documents appear

near the top of the results, reflecting what is most useful for users. Together, these

three metrics provide a balanced evaluation of retrieval performance from different

perspectives, making the results more reliable than relying on a single metric.

3.1.3 Significance Tests

A significance test is a method used to determine whether an observed difference

in performance across IR systems is statistically significant and not merely due

to chance on some measure of behaviour (Box, J. S. Hunter, and W. G. Hunter

2005). In this thesis, we employ significance testing to determine whether observed

performance differences between the proposed approaches and baseline systems are

statistically meaningful. Given the relatively small number of evaluated topics across

evaluation benchmark datasets (Section 3.2), significance testing is used to assess the

reliability and the validity of experimental findings and determine if the difference is

meaningful.

There are a number of statistical tests that can be employed in IR evaluation.

Which test is most appropriate to a particular task depends on various factors, such

as the data size, data type, data distribution and independence of the observations.

Furthermore, we also need to have clear null and alternative hypotheses. Depending

on the results, we can reject the null hypothesis and consider the results statistically

significant, suggesting that the observed effect is not just due to random chance.

Interpreting significance testing results requires understanding the p-value and the

chosen significance level. The p-value shows how likely it is that the observed results

could have happened by chance if there were truly no effect. A small p-value means

the results are unlikely to be due to chance. If the p-value is below the significance

level α (commonly 0.05 or 0.01), the result is considered statistically significant.
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Paired t-Test

For our experiments, we evaluate the performance of two different systems in a

pair-wise manner. This is done by comparing the mean performance of both systems.

Therefore, we use the paired t-test that looks at the means of two groups and how

they are related. This test is particularly applicable when the same subjects (e.g.,

queries or users) are evaluated under two different conditions or systems, and the

observations are thus dependent (Box, J. S. Hunter, and W. G. Hunter 2005).

Let Xi and Yi represent the performance scores from System A and System B,

respectively, for the i-th instance, where i = 1, 2, . . . , n. The difference between each

paired observation is calculated as:

di = Xi − Yi (3.7)

The mean of these differences is given by:

d̄ =
1

n

n∑
i=1

di (3.8)

The standard deviation of the differences is computed as:

sd =

√√√√ 1

n− 1

n∑
i=1

(di − d̄)2 (3.9)

Using the mean and standard deviation, the t-statistic is calculated as:

t =
d̄

sd/
√
n

(3.10)

This test statistic follows a t-distribution with n− 1 degrees of freedom under the

null hypothesis.

The paired t-test is the most appropriate choice for our experimental setting

because the same set of queries is evaluated under each compared system configuration,

making the observations dependent rather than independent. This dependency is

accounted for in the paired t-test by directly computing differences at the level
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of individual queries. We adopt a significance level of α = 0.05 throughout our

experiments.

Hypothesis Testing The null hypothesis (H0) assumes that there is no difference

between the mean performances of the two systems, i.e., µd = 0. The alternative

hypothesis (H1) posits that there is a statistically significant difference. A result is

considered statistically significant if the computed p-value is less than the chosen

significance level α. In such cases, the null hypothesis is rejected, indicating that the

observed difference is unlikely to have occurred by chance.

In our experiments, we apply the paired t-test to compare the mean performance

of two conversational systems across the same set of queries, ensuring that the

comparison accounts for the dependency between paired observations.

3.2 Evaluation Test Collections

The test collections used for our experimental investigation are from the TREC

Conversational Search tasks, Conversational Assistant Track (CAsT) (Jeffrey Dalton,

Xiong, Kumar, et al. 2020; Jeffrey Dalton, Xiong, and Callan 2021) and the Interactive

Knowledge Assistance Track (iKAT) (Aliannejadi, Abbasiantaeb, Chatterjee, Jeffrey

Dalton, et al. 2024). These collections were selected for several reasons. First,

they are the most widely adopted benchmarks in the CIR research community.

Second, they collectively span a range of conversational complexity. CAsT 2019

provides a user-query only dependencies, CAsT 2020 introduces system-response

dependencies, making it a more realistic representation of conversational search and

iKAT 2023 further extends this by incorporating user-specific personas and multi-

path dialogue structures, introducing a richer and more challenging evaluation setting.

Together, these three collections allow us to evaluate the proposed approaches across

progressively more complex conversational scenarios, strengthening the robustness of

the experimental findings.
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3.2.1 TREC CAsT Test Collections

Document Collection

MS-MARCO: MS-MARCO is a large-scale real-world machine reading and com-

prehension dataset consisting of passages extracted from web documents retrieved

using the Bing search engine, real user search queries, and human-generated an-

swers (Bajaj et al. 2016). The dataset contains 1,010,916 questions, 8,841,823

companion passages extracted from 3,563,535 web documents, and 182,669 edito-

rially generated answers. The main feature of this dataset is that it is based on

questions/queries that correspond to actual searches using a real-world search engine.

The TREC CAsT tasks use only the passages in this dataset. There are various

versions of this dataset available; TREC CAsT uses the passages made available in

version 1 (Bajaj et al. 2016).

TREC CAR: The TREC CAR dataset was created as part of the 2017 Complex

Answer Retrieval task in TREC (Dietz et al. 2017). The dataset consists of topics,

outlines, and paragraphs extracted from English Wikipedia 2016. In order to extract

the paragraphs, the Wikipedia articles are split into an outline of the sections and the

paragraphs which they contain. Furthermore, all the paragraphs are de-dulplicated,

resulting in a paragraph corpus containing 29,678,367 unique paragraphs. TREC

CAsT uses Version 2 of this paragraph corpus for search.

Topic Collection

CAsT 2019 Topics: This topic set was developed for the TREC 2019 Conver-

sational Assistance Track (CAsT) (Jeffrey Dalton, Xiong, and Callan 2020). It

contains statements of information need, also referred to as topics, that are general,

exploratory, and inspired by topics from similar TREC datasets (Allan et al. 2017;

Carterette et al. 2014). These information needs are intentionally complex, diverse,

open-domain, and designed to be answerable. Each topic is structured as a sequence

of conversational turns, where each turn is a natural language query mimicking how

62



Towards Improved Conversational Context Understanding for Effective Conversational IR

Figure 3.4: TREC CAsT 2019 Topic 31

Title: head and neck cancer
Description: A person is trying to compare and contrast types of cancer in the throat, esophagus, and lungs

Turn Utterances
1 What is throat cancer?
2 Is it treatable?
3 Tell me about lung cancer.
4 What are its symptoms?
5 Can it spread to the throat?
6 What causes throat cancer?
7 What is the first sign of it?
8 Is it the same as esophageal cancer?
9 What’s the difference in their symptoms?

people ask questions in a conversation. Over the course of these turns, the queries

aim to progressively represent the underlying complex information need. The goal

is to retrieve a candidate response for each query, where each response is a brief,

relevant passage. An example topic from the CAsT-19 is shown in Figure 3.4.

The topics are intentionally structured so that the complex information need

cannot be fully addressed in a single interaction. Instead, multiple conversational

turns are required to explore and satisfy the information need. The queries in each

turn were manually crafted to reflect natural conversational dialogue, incorporating

a range of linguistic and contextual features such as ellipsis, implicit references,

contextual dependencies, topic shifts, deep dives into subtopics, broad exploration,

and changes in focus. These characteristics often make individual turns difficult

to interpret in isolation. Importantly, later turns were designed to depend only

on previous user utterances, without taking system responses into account. The

dataset consists of 50 test topics curated as an information-seeking dialogue with

characteristics of a conversation. Relevance assessments are provided for 20 randomly

selected test topics, and we utilize these 20 topics in our investigation.

CAsT 2020 Topics: This topic set was developed for the TREC 2020 Conver-

sational Assistance Track (CAsT) (Jeffrey Dalton, Xiong, and Callan 2021). The

dataset mainly builds upon the CAsT 2019 dataset, with a few differences. The

CAsT 2019 topics follow a static conversational pattern, where at each subsequent

turn in the conversation, the questions/queries issued by the user do not take into
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Figure 3.5: TREC CAsT 2020 Topic 81

Title: garage door repair and replacement
Description: Information on how to replace and repair garage doors.

Turn Utterances
1 How do you know when your garage door opener is going bad?
2 Now it’s stopped working. Why?
3 How much does it cost for someone to fix it?
4 How about replacing it instead?
5 How do I choose a new one?
6 What does a smart one do?
7 What’s important for me to know about their safety?
8 How could they be hacked?

consideration the system responses. In fact, the later turns are designed to depend

only on previous user utterances, and system responses are disregarded.

CAsT 2020 queries address this limitation by allowing utterances to depend not

only on previous user inputs but also on the system responses from earlier turns.

This makes the conversational turns a more realistic representation of how search

naturally unfolds over the course of a dialogue, enriching the contextual information

available during the search process. Topics in this dataset were mined from real users’

multi-turn information-seeking sessions on Bing (Rosset et al. 2020). These sessions

were manually reviewed to ensure they follow meaningful trajectories and rewritten

if necessary. The CAsT 2020 topics are then constructed from these curated sessions,

resulting in natural language conversational topics. An example topic is shown in

Figure 3.5. The dataset contains 25 evaluation topics and excludes the title and

description fields in each query statement.

3.2.2 TREC iKAT Test Collection

Document Collection

ClueWeb22: This dataset is the newest in the ClueWeb datasets series (The

ClueWeb09 Dataset n.d.; The ClueWeb12 Dataset n.d.). ClueWeb22 is a large-

scale, real-world collection of spam-filtered, clean web data, designed to mimic the
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distribution of web pages in a commercial search system. Clueweb22 contains 10

billion web pages capturing various aspects and information present within these

pages (raw HTML, clean text, semantic annotations, rendered visual page and others).

The dataset used in the TREC iKAT task is a subset of ClueWeb22 that falls in

the B category of ClueWeb22, referred to as ClueWeb22-B. The documents in this

collection were segmented into passages, resulting in 116,838,987 passages in the

collection (Overwijk, Xiong, and Callan 2022).

Topic Collection

TREC iKAT 2023 topics: This topic set was developed for the 2023 TREC

Interactive Knowledge Assistance Track (iKAT) (Aliannejadi, Abbasiantaeb, Chat-

terjee, Jeffery Dalton, et al. 2024). It builds upon previous years of the TREC

Conversational Assistance Track (CAsT), with the central motivation being that

different users express their information needs in different ways. Furthermore, the

relevance of information retrieved by a conversational system can vary depending on

the user’s characteristics. These user differences mean that the flow of a conversation

can evolve uniquely for each user, even when discussing the same topic. The goal

of this task is to explore search over multi-path, multi-turn, and multi-perspective

conversations, where the main challenge lies in understanding the user and their

specific information needs, while delivering responses tailored to their individual

characteristics. An example dialogue flow on the topic of “Finding a University” for

two different users is shown in Figure 3.6.

The dataset consists of 36 conversational dialogues over 20 different topics,

along with a Personal Text Knowledge Base (PTKB), which is a set of narrative

sentences that describe the user. Topics can have multiple different conversational

dialogues based on the user’s persona. The PTKB is assumed to be collected from

previous conversations of the user with the system and has been created with

specific guidelines to allow for a more diverse conversation. Each conversational

dialogue consists of a number of user-system turns where the conversational flow
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Figure 3.6: iKAT Flow (Aliannejadi, Abbasiantaeb, Chatterjee, Jeffery Dalton, et al.
2024).
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is dependent upon the user’s PTKB and takes into consideration user-specifics,

such as the user’s background, personal insights and contextual information,

enabling a meaningful dialogue. A total of 344 turns with approximately 26,000

passages are provided with assessments of relevance. An example topic with

two different users’ PTKB (User A and User B) is shown in Figure 3.7 and Figure 3.8.

Figure 3.7: TREC iKAT 2023 (User A)

Title: Finding a diet
PTKB: I don’t like the new spin-off; because I keep comparing the two and it has lower quality.

Because of my kidney problem, I have to drink water frequently to stay hydrated.
I’m going to change my phone.
I can’t exercise too much because of the heart problem that I have.
I’m vegetarian.
I’m lactose intolerant.
I’m allergic to soybeans.
I just finished watching the Game of Thrones.
I didn’t like how the series ended, especially the war scenes.
I’m an Android user.

Turn Utterances
1 Can you help me find a diet for myself?
2 Ok, good. Can you tell me what diet is the fastest way to lose some weight?
3 What about the DASH diet? I heard it is a healthy diet.
4 I prefer a natural diet, not a pill-based diet. Which of the aforementioned ones is natural?
5 Can you eat fish in any of them?
6 Thanks, but I also want the diet to be maintainable and not very hard to keep up.

However, the test collections have several limitations. First, the relevance judgements

are created using a pooling method, which means that documents outside the

assessment pool are treated as not relevant, even if they actually are. This can

disadvantage new retrieval methods that find relevant documents not included in

the pool, which is especially important for the knowledge-based query methods

proposed in this thesis. Second, although the topics are designed to represent

realistic information needs, they are created under controlled conditions and may

not fully reflect the unpredictability and variety of real conversations. Third, the

collections are static, meaning the relevance judgments do not change over time. As

a result, they cannot capture how a user’s knowledge and information needs change

throughout a conversation, which is a key focus of this thesis. An ideal evaluation

framework would allow relevance to change as the user’s knowledge changes. Finally,
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Figure 3.8: TREC iKAT 2023 (User B)

Title: Finding a diet
PTKB: I’m quite into cars.

I’m having a social dinner with colleagues tonight.
Traveling to Florida next week.
I’m 155 cm tall.
I have gained weight and now I’m 100 Kg.
I have a knee injury.
I had a big fight with my wife recently.
I’m American.
I’m a beer guy.
I’m a 56 years old.
I don’t like surgical solutions.

Turn Utterances
1 I think I am overweight, how can I measure obesity?
2 I have heard of BMI but what are the other two? Why do I need them?
3 Ok, I heard about BMI, what’s a good BMI? What is mine?
4 Ok, I didn’t expect it, now what can I do to lose some weight?
5 I can’t exercise. So I think my only option is the first one?
6 First help me choose a diet. Later on, I may ask about the first option.
7 Ok I have a lot of options. I don’t have diabetes and also I’m not into following celebrities.

Hmm, which one is the quickest?
8 Interesting. Tell me more.
9 What is the difference between the two variations of the diet you mentioned?
10 Ok, good info. Now, tell me about the next.
11 No, I mean cardio.
12 Ok, I think for now I’ll stick to dieting.

By the way, can I eat meat in this diet since you explained a lot about veggies?

the collections contain a relatively small number of topics.

3.3 Framework for Experimental Investigation

In this section, we overview of the details of our experimental setup and the method-

ology used for our investigation. A brief overview of the proposed framework is

shown in Figure 3.9. As described in Section 1.1, we propose a conversational

context understanding approach that incorporates conversational history, as well

as a knowledge history approach in CIR, with the goal of improved conversational

context understanding during the search process.

3.3.1 Task Formulation

For each topic, a multi-turn conversation dialogue corresponding to a sequence of

queries Q = {qi}ni=1 is provided. The task goal is to retrieve relevant passages p+
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from a collection of documents D for the query qn. The query statement at each

turn can be ambiguous and is usually context-dependent. Thus, in order to carry

out an effective search at each turn, we need to understand the query based on its

conversation context C.

Figure 3.9: Overview of the Proposed Framework

3.3.2 Experimental Setup

We conduct our experiments based on the task formulation and the datasets as

described in Section 3.2. We begin by indexing the document collection to be searched

and subsequently apply queries to search the dataset. We design our experiments and

implement existing approaches to conversational context understanding as described

in Section 2.2.1, as well as our proposed approach to conversational history and

knowledge history. We evaluate the performance of the retrieval systems using

the metrics introduced in Section 3.1.2. All the experiments for our investigation

are based on the Pyserini (J. Lin et al. 2021), a Python interface to the Anserini

information retrieval toolkit (P. Yang, Fang, and J. Lin 2017).

Query

In the context of this research: Query is the utterance issued by the User, which is an

attempt to describe an information need made by the user to satisfy the information
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goal in a conversational setting. We use the queries provided in the datasets for each

topic. We conduct our experiments by using historical queries, if available, as part

of the conversational history of the conversation.

Retrieval Models

As described in Section 2.1.3, many retrieval models have been developed over the

years for the effective retrieval of relevant lists of documents in textual information

retrieval. We conduct our experiments employing BM25 (K. S. Jones, Walker, and

Stephen E. Robertson 2000b) as the sparse retrieval baseline and ColBERT (Khattab

and Zaharia 2020b) as the dense retrieval model. BM25 was selected as it is the most

widely used and well-understood sparse retrieval baseline in IR research, providing a

strong and reproducible reference point against which the proposed approaches can

be compared. ColBERT was selected as the dense retrieval model because it can find

documents based on meaning rather than exact keywords, while remaining efficient

enough to handle the document collections used in this thesis. Together, BM25 and

ColBERT represent the two main approaches used in modern information retrieval:

sparse retrieval and dense retrieval. Using both models allows us to evaluate whether

the proposed methods work across different retrieval approaches, rather than only

with a single retrieval model.

Indexing

Since our primary focus is on textual information, indexing includes pre-processing

of documents/corpus to aid in searching and retrieving in a conversational setting.

For the different retrieval models described above, we have to process the document

collection (corpus) differently.

For the BM25 model, we pre-process the document using the standard indexing

pipeline of Pyserini. Text tokenization is done using a grammar-based tokenizer from

the Unicode Text Segmentation algorithm (Davis and Iancu 2018). Punctuation

marks, symbols and control characters are removed. The tokens are converted to
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lowercase, no stemming or lemmatization, and no stopword removal is carried out.

After the pre-processing step, an inverted index is created, which is then used to

identify relevant documents when the user submits the query. We set the BM25

parameters, k1=0.9 and b=0.4, which is the default configuration in Pyserini. The

search queries go through the same pre-processing pipeline.

For Colbert model, we use the TCT-ColBERT-v2 model(castorini/tct_colbert-v2-

msmarco) available in Pyserini where each document is represented by a set of contex-

tualized token embeddings following the ColBERT late-interaction paradigm (Khat-

tab and Zaharia 2020a). The underlying encoder is based on BERT-base (12 layers,

hidden size 768). This contextualized embedding is stored using the FAISS library,

which allows for an efficient similarity search for large-scale dense vectors (Johnson,

Douze, and Jégou 2019). No stopword removal, stemming or lemmatization is carried

out. The encoding is done using castorini/tct_colbert-v2-msmarco model, and a

contextualized encoding of each document is created, which is then used to identify

relevant documents when the user submits the query. The queries also go through

the same pre-processing and encoding pipeline.

Evaluation Measures

To evaluate the retrieval effectiveness in our experiments, we use Mean Average

Precision (MAP), Mean Reciprocal Rank(MRR) and Normalized Discounted Cumu-

lative Gain (nDCG). We evaluate across all the metrics at a described threshold @k;

where k denotes the rank threshold(cut-off). It only considers top-k documents in

the retrieved documents list and ignores the rest.

3.4 Summary

In this chapter, we presented the experimental evaluation framework used to guide

our investigation. We began with an overview of core concepts in information retrieval

evaluation, including document and query collections. Various evaluation measures

were introduced, with a focus on commonly used metrics used in our study. We also

71



Towards Improved Conversational Context Understanding for Effective Conversational IR

introduced the concept of significance testing as a statistical method for comparing

system performance. The datasets used in our experiments were described, along

with their structure, characteristics, and illustrative examples to support deeper

understanding. Finally, we outlined the experimental framework, including the task

formulation, experimental setup, and implementation details. This framework forms

the basis for the experiments conducted to address our research questions in the

following chapters.
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Chapter 4

Conversational Context

Understanding in CIR

In this chapter, we investigate historical conversational query context understanding

in CIR. We begin by examining the effect of incorporating various types of conver-

sational contextual information and the impact this has on the overall CIR system

effectiveness. Exploiting information from historical conversational query context as

contextual information in the current query provides a means to integrate relevant

information from the dialogue, thereby better contextualizing the user’s current

information need and enabling it to be more fully described.

We first explore several standard approaches for integrating historical context

into CIR systems. Subsequently, we evaluate the performance of a CIR system

with alternative approaches to incorporating contextual information into the current

query.

Building on this investigation, we propose a similarity-based related historical

context identification approach, which aims to identify and utilize relevant historical

query turns to enhance CIR performance. We further explore a hybrid approach that

combines existing heuristic methods with the proposed similarity-based approach.

Finally, we examine a Large Language Model (LLM)-based method for historical

query context identification and analyze its impact on CIR system performance.
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4.1 Introduction

One particularly important aspect of query understanding at each turn in CIR is

the history of the conversation at this point in the conversation. For example, the

context of the query at each turn is essential to disambiguate and interpret it, where

there are implicit and explicit references being made to previous turns. These might

need to be taken into account in order to understand the information need and create

a complete statement of the information need. As such, selecting the turns from

the conversation which are relevant to the context of the current query is a vital

component of the query construction process. Existing approaches to conversational

history selection often rely on relatively simple strategies, such as including a fixed

number of the directly preceding turns, without explicitly determining which turns

are most relevant to the current query. It is reasonable to assume that the most

relevant turn for any given query will be the immediately preceding or a few more

previous turns. However, this may not necessarily be true in the case of a longer

conversation with features such as topic shifts etc. In the next section, we investigate

various historical conversational query context selection approaches and evaluate

their effectiveness.

This investigation addresses research questions:RQ1 and RQ2, introduced in

Chapter 1 under Hypothesis 1 (H1). Section 4.2 addresses RQ1 by evaluating

how the quantity of historical context affects performance. Sections 4.3.4 addresses

RQ2 by evaluating whether related turns can be selectively identified rather than

exhaustively included, and Section 4.4 extends this investigation using large language

models.

4.2 Investigating the Effect of Historical Conver-

sational Context in CIR

Incorporating historical turns as contextual information enables relevant information

from the conversation to be incorporated into the current query. To study the effect
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of how incorporating historical turns can impact the effectiveness of a CIR system,

we carried out an exploration of this topic for the TREC CAsT 2019, 2020 and

TREC iKAT 2023 datasets. We experimented with the most widely used heuristic

measure of selecting directly preceding k-previous query turns for historical query

context incorporation to disambiguate the current query (Clarke 2019; Ohsugi et al.

2019; Mehri, Eric, and Hakkani-Tur 2020).

For our experiments, we use the queries as provided in the datasets without any

preprocessing. We experimented with two variations of query reformulation: (1)

expansion and (2) rewriting. We performed query expansion by selecting k-previous

user queries to the current user query as the context in the order of appearance in the

dialogue. We performed query rewriting using a T5 query rewriter (S.-C. Lin, J.-H.

Yang, Nogueira, Tsai, C.-J. Wang, and J. Lin 2021) from HuggingFace1 finetuned

on the CANARD dataset (Elgohary, Peskov, and Boyd-Graber 2019). The different

variations of historical conversational query context utilized in our experiments are

detailed below.

4.2.1 Variations of Historical Conversational Query Context

1. Qraw: User-issued query at each turn in the conversation.

q = qn

2. Qall: Concatenation of all available user-issued historical queries to the current

turn in the conversation.

q = q1:n−1 � qn

3. Qprev3: Concatenation of three previous user-issued historical queries in the

conversation.

q = qn−3:n−1 � qn
1https://huggingface.co/
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4. QTurn1prev3: Concatenation of the first user-issued query and three previous

user-issued historical queries in the conversation.

q = q1 � qn−3:n−1 � qn

5. Qmanual: Contextualized and disambiguated user-issued query at each turn

in the conversation that has been manually rewritten by the creator of the

datasets.

q = QRmanual(qn)

6. QGold: Concatenation of user-issued queries from the turns that have been

manually labelled to be related to the current turn in the conversation.

q = qL1:n−1 � qn, Ln[j] = 1; j ∈ [1, n− 1]

7. QPRL: Concatenation of user-issued queries from the turns that have been

labelled as related to the current turn (Relatedness labels Ln) (Mo, Nie, et al.

2023).

q = qL1:n−1 � qn, Ln[j] = 1; j ∈ [1, n− 1]

Note: For each of the variations of historical conversational query context except

for Qmanual that we described above, we also have a variation for query rewriting

(denoted by ‘+cqr’).

1. +cqr : We take the Historical Conversational Query Context as described above

and then perform query rewriting using a T5 query rewriter (S.-C. Lin, J.-H.

Yang, Nogueira, Tsai, C.-J. Wang, and J. Lin 2021) LLM, which is fine-tuned

on the CANARD dataset (Elgohary, Peskov, and Boyd-Graber 2019)

q = QR(q)
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Table 4.1: Performance of Sparse and Dense retrieval systems. Bold and underline
indicate the best result and the second best result (other than oracle QGold and
Qmanual approach)

Query
CAsT 2019 CAsT 2020

nDCG@10 MRR MAP@1000 nDCG@10 MRR MAP@1000

Sp
ar

se

Qraw 0.1479 0.3304 0.1163 0.0774 0.1787 0.0555
Qall 0.1645 0.4331 0.1040 0.0805 0.2156 0.0510
+ cqr 0.3133 0.6324 0.2473 0.1726 0.3738 0.1268
Qprev3 0.1693 0.4004 0.111 0.0869 0.2268 0.0540
+ cqr 0.2610 0.5381 0.2087 0.1444 0.3177 0.1075
QTurn1prev3 0.1633 0.4016 0.1032 0.0949 0.2668 0.0568
+ cqr 0.3041 0.6198 0.2377 0.1668 0.3651 0.1261
QPRL 0.2271 0.5084 0.1691 0.1145 0.2767 0.0774
+ cqr 0.2842 0.5545 0.2242 0.1413 0.3045 0.1043
QGold 0.2682 0.5518 0.2137 0.1380 0.3253 0.0982
+ cqr 0.3151 0.6445 0.2525 0.1535 0.3450 0.1163
Qmanual - - - 0.2538 0.5422 0.1957

D
en

se

Qraw 0.0853 0.2946 0.0143 0.0635 0.1924 0.0162
Qall 0.0859 0.2935 0.0186 0.0621 0.2042 0.0173
+ cqr 0.1635 0.4979 0.0341 0.1226 0.3788 0.0340
Qprev3 0.1065 0.3397 0.0236 0.0672 0.2394 0.0191
+ cqr 0.1454 0.4543 0.0297 0.1043 0.3172 0.0288
QTurn1prev3 0.0852 0.2925 0.0195 0.0562 0.1918 0.0147
+ cqr 0.1592 0.4870 0.0330 0.1205 0.3726 0.0335
QPRL 0.1350 0.4156 0.0292 0.1013 0.3170 0.0297
+ cqr 0.1409 0.4343 0.0289 0.1054 0.3133 0.0304
QGold 0.1661 0.5156 0.0368 0.1155 0.3570 0.0343
+ cqr 0.1628 0.5087 0.0347 0.1204 0.3655 0.0339
Qmanual - - - 0.1806 0.5291 0.0558

4.2.2 Results

Table 4.1 and Table 4.2 show the performance of a CIR system using sparse (BM25)

and dense retrieval(ColBERT) approaches for the CAsT and iKAT datasets, respec-

tively. In general, sparse retrieval performs better than dense retrieval. As expected,

Qraw, which is the user-issued query, consistently yielded lower performance in both

systems with the exception of the case of sparse retrieval for the iKAT dataset. As

we vary the number of pervious turns available to the current query turn, there is an

increase in the system’s performance, indicating that the more context (available

through previous historical query turns), the better the performance of the system
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Table 4.2: Performance of Sparse and Dense retrieval systems. Bold and underline
indicate the best result and the second best result (other than Qmanual approach.)

Query iKAT 2023
nDCG@10 MRR MAP@1000

Sp
ar

se
Qraw 0.1303 0.2828 0.0505
Qall 0.0310 0.0987 0.0134
+ cqr 0.1181 0.2501 0.0470
Qprev3 0.0336 0.0954 0.0163
+ cqr 0.1147 0.2387 0.0443
QTurn1prev3 0.0313 0.1120 0.0133
+ cqr 0.1189 0.2615 0.0464
Qmanual 0.2888 0.5984 0.1423

D
en

se

Qraw 0.0273 0.0886 0.0059
Qall 0.0173 0.0663 0.0049
+ cqr 0.0515 0.1723 0.0116
Qprev3 0.0207 0.0683 0.0059
+ cqr 0.0478 0.1546 0.0105
QTurn1prev3 0.0197 0.0628 0.0064
+ cqr 0.0509 0.1666 0.0113
Qmanual 0.0995 0.2891 0.0234

(Qraw < Qprev3 < QTurn1prev3 < Qall). The overall best performance is achieved by

the (Qall + cqr) method for both sparse and dense retrieval in the CAsT datasets.

In the case of the iKAT dataset, the best performance is achieved by Qraw for sparse

retrieval and (Qall + cqr) for dense retrieval. The second best approach for both

datasets and for both sparse and dense retrieval was achieved by (QTurn1prev3 + cqr

).

Selective incorporation of historical query turns, that are not a heuristic approach

of selecting directly preceding k-turns, outperformed the query expansion-based

reformulation strategy, as can be seen from the performance of QPRL and QGold.

However, in the rewriting-based reformulation strategy, the Qall variation outper-

formed all the other variations. The QGold variation outperformed in both the

query reformulation approach of expansion and rewriting in the CAsT 2019 dataset,

whereas in the case of CAsT 2020 dataset it outperformed in the expansion strategy

and performed comparably in the rewriting-based strategy. The superiority of the
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Qmanual approach, in which queries are manually contextualized and disambiguated

over the best performing approach of (Qall + cqr) variation shows that being able to

infer relevant information from the historical conversational context is important in

order to improve the performance of a retrieval system.

Furthermore, the query rewriting strategy (‘+cqr’) consistently outperformed the

expansion-based query reformulation strategy in all the variations. Including all the

available previous queries (Qall + cqr) performed the best. In cases where we utilize

directly preceding k-turns heuristically, the more context (incorporated through the

inclusion of k-preceding turns), the better the performance of the system.

Figure 4.1: Relevant Query Turn Dependencies in the Dialogue History.

Further analysis of the CAsT datasets based on the turns that are manually

labelled as related to the current turns (Aliannejadi, Chakraborty, et al. 2020), as

seen in Figure 4.1, shows that for a large number of the queries, the most relevant

turn is the immediately preceding turn, while for some queries, that is not the case

and the relevant turns are earlier in the conversation history. This shows that relevant
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turns can run deeper within the dialogue history.

Conversation Topic-Wise Analysis

In this section, we examine the retrieval effectiveness at a topic-level to highlight

how different variations of historical conversational query context behave.

CAsT 2019. Figure 4.2 and Figure 4.3 present the topic-wise ndcg@10 performance

for the selected variations of historical conversational query context under sparse

(BM25) and dense (ColBERT) retrieval systems, respectively. As expected, the Qraw

approach consistently yielded the lowest performance across both systems. Although

no clear pattern was evident across all topics, there were isolated cases where Qraw

slightly outperformed other approaches, such as Topic 54 in both retrieval settings.

Figure 4.2: Topic-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval.

Overall, Qall achieved the highest performance on average. However, the

QTurn1prev3 approach demonstrated comparable effectiveness, occasionally surpassing

Qall for certain topics e.g. Topics 40, 50, and 68 in sparse retrieval, and Topics 59

and 67 in dense retrieval. In contrast, Qall consistently outperformed the Qprev3

approach across all topics. For Topic 54 in the dense retrieval system, performance

remained relatively similar irrespective of the approach.
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Figure 4.3: Topic-wise ndcg@10 Performance for CAsT 2019 Dense Retrieval.

Figure 4.4: Topic-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval.

CAsT 2020. Figure 4.4 and Figure 4.5 present the topic-wise ndcg@10 performance

for the selected variations of historical conversational query context under sparse

(BM25) and dense (ColBERT) retrieval systems, respectively. As expected, the

Qraw approach consistently yielded the lowest performance across both systems. No

clear pattern was evident across all topics; there were isolated cases where Qraw

outperformed other approaches, such as Topic 100 in both retrieval settings.

Overall, Qall achieved the highest performance on average. However, the

QTurn1prev3 approach demonstrated comparable effectiveness, occasionally surpassing
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Figure 4.5: Topic-wise ndcg@10 Performance for CAsT 2020 Dense Retrieval.

Qall for certain topics, e.g. Topics 82 and 87 in sparse retrieval, and Topics 82 and

92 in dense retrieval. In contrast, Qall outperformed the Qprev3 approach across the

majority of topics, with instances (Topics 89, 95 and 97) where it was better in both

retrieval systems.

Topic 92 posed a significant challenge for both retrieval systems. When Qraw

queries were used for these topics, the systems were unable to retrieve any relevant

documents. In contrast, using any other approach managed to retrieve some relevant

documents. In the case of Topic 93 in dense retrieval, no approach was able to

retrieve relevant documents, and in this case, using Qraw allowed it to retrieve

relevant documents at the top-10 rank.

iKAT 2023. Figure 4.6 and Figure 4.7 present the topic-wise ndcg@10 performance

for the selected variations of historical conversational query context under sparse

(BM25) and dense (ColBERT) retrieval systems, respectively. The Qraw query

formulation yielded better performance in the case of sparse retrieval and in certain

cases for dense retrieval as well. No clear pattern was evident across all topics; there

were isolated cases where Qraw outperformed other approaches, such as Topic 13-1

and 19-1 in both retrieval settings. For Topic 17-3, Qraw was unable to retrieve any

relevant documents in either of the retrieval systems, whereas utilizing additional
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context allowed for the retrieval of relevant documents.

Figure 4.6: Topic-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval.

Figure 4.7: Topic-wise ndcg@10 Performance for iKAT 2023 Dense Retrieval.

Overall, Qall and QTurn1prev3 approach performed similarly followed by the per-

formance of the Qprev3 approach. Topic 11-2 posed a significant challenge for both

retrieval systems. Irrespective of the query formulations, the systems were unable to

retrieve any relevant documents. Similarly, Topic 11-1 was also challenging for both

systems. In contrast, using any other approach managed to retrieve some relevant

documents.
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Conversation Depth-Wise Analysis

In this section, we examine retrieval effectiveness across different conversational

depths to highlight how different variations of historical conversational query context

behave.

CAsT 2019. Figure 4.8 and Figure 4.9 present the performance of sparse(BM25)

and dense(ColBERT) retrieval systems across various conversation lengths

(depth).These results reveal that the Qraw consistently performs the worst across all

conversation lengths. Furthermore, a noticeable decline in performance is observed

as conversational depth increases for all retrieval approaches, with the exception of

the sparse retrieval system. This trend suggests that, as conversations progress, each

subsequent turn may either implicitly or explicitly be dependent on earlier turns. It

shows that the ability to retrieve relevant documents diminishes as the conversation

becomes longer, indicating the importance of identifying relevant previous turns

in a conversation as a source of context to enrich the current query. Overall, all

approaches exhibit a similar pattern of gradually decreasing performance as the

conversation lengthens.

Figure 4.8: Depth-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval.
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Figure 4.9: Depth-wise ndcg@10 Performance for CAsT 2019 Dense Retrieval.

Figure 4.10: Depth-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval.

CAsT 2020. Figure 4.10 and Figure 4.11 illustrate the performance of sparse and

dense retrieval systems across varying conversation lengths (depths) in the datasets.

The results show that Qraw consistently performs the worst across all conversation

lengths. Moreover, all query formulation approaches exhibit a noticeable decline

in performance as conversational depth increases. Overall, the performance of all

approaches gradually decreases as the conversation lengthens. A significant drop

in performance is observed at depth 2 for both retrieval systems. Additionally, the

performance gap between Qraw and the other approaches is relatively large, whereas
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Figure 4.11: Depth-wise ndcg@10 Performance for CAsT 2019 Dense Retrieval.

the differences among the remaining approaches are smaller.

Figure 4.12: Depth-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval.

iKAT 2023. Figure 4.12 and Figure 4.13 illustrate the performance of sparse and

dense retrieval systems across varying conversation lengths (depths) in the dataset.

The results show that Qraw consistently performs the worst across all conversation

lengths. Moreover, all query formulation approaches exhibit a noticeable decline

in performance as conversational depth increases. Overall, the performance of all

approaches gradually decreases as the conversation lengthens. A significant drop
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Figure 4.13: Depth-wise ndcg@10 Performance for iKAT 2023 Dense Retrieval.

in performance is observed at depth 2 for both retrieval systems. Additionally, the

performance gap between Qraw and the other approaches is relatively large, whereas

the differences among the remaining approaches are smaller.

4.2.3 Discussion

The purpose of these experiments was to investigate the effect of historical conver-

sational query context. In these simple query creation methods, more context, in

the form of previous turns, increased retrieval effectiveness. As we can see, adding

additional context (queries) from the conversation history does not appear to improve

performance for the expansion-based query reformulation strategy, whereas, for the

rewriting-based approach, the more context, the better. Furthermore, not all previous

turns in the history of the conversation are relevant to the current turn, as can be

seen from the manually labelled related turns (Aliannejadi, Chakraborty, et al. 2020).

Therefore, highlighting the need for a better approach to the selection of relevant

turns to form the conversational context. Identifying relevant historical turns in a

conversational scenario is non-trivial. It is important to distinguish and identify the

relevant vs non-relevant turns for the current turn to be able to best interpret the

current turn and to support the user in reaching their information goal.
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These results answer RQ1: using previous conversation turns improves retrieval

performance compared to using only the current raw query. However, an important

finding is that the Qall baseline performed very well. Even though it simply combines

all previous conversation turns without selecting the most relevant ones, it achieved

the best or nearly the best results, especially with query rewriting. This is a notable

finding because it suggests that, at least for the conversation lengths present in the

CAsT and iKAT datasets, including all previous turns is more helpful than harmful.

The T5 rewriting model is able to reformulate a query with all the information,

even when the input contains some irrelevant or repeated context. This finding is

important for RQ2. Any method that selects only relevant history should not only

identify the correct turns but also perform as well as or better than the strong Qall

baseline. It should also provide additional benefits, such as shorter queries, lower

computational cost, and better handling of longer conversations where adding all

previous turns may introduce too much noise. Therefore, the strong performance of

Qall provides a clear and challenging baseline that the proposed selective methods

must improve upon.

In the following sections, we investigate some approaches to identify and select

related historical conversational query context to the current query turn in the

dialogue.

4.3 Similarity-based Related Historical Context

Identification

In this section, we introduce our proposed method for identifying historical query

context by evaluating the similarity between the current query and each previous

query turn in the dialogue. Our specific objective, in terms of conversational

context understanding, is to determine which historical query turns should be used

to contextualize the current query, capturing only the most informative and non-

redundant parts of the dialogue. To achieve this, we identify related historical queries
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based on their semantic similarity to the current query and develop a selection model

that uses these similarity scores to decide their contextual relevance.

We argue that a CIR system can leverage the similarity of historical turns to the

current turn to determine which earlier turns should contribute to the contextualiza-

tion of the current query, enabling the system to better understand the conversation

and potentially improve retrieval. The underlying idea is that if a past query is

extremely similar to the current query, it typically does not add new information

and thus does not help in the contextualization of the current query. By filtering out

such redundant queries, we can preserve a more diverse set of historical information

for better conversational context understanding.

We use thresholds to categorize historical queries into different groups based on

their similarity scores. Queries with similarity scores above a certain threshold are

considered highly similar and are generally excluded from the context. Queries with

similarity scores below a certain threshold are treated as distantly related and used

for conversational context understanding.

4.3.1 Selection Model

Our method seeks to identify related historical turns to the current query turn based

on the measures of:

1. Similarity between the previous query turns and the current query turn.

• Similarity: Measures how similar two turns are in the conversation. Each

turn is first encoded into a vector representation in a shared semantic vector

space using the paraphrase-MiniLM-L6-v2 embedding model. We then compute

pairwise Cosine Similarity between the embedding of the current turn and the

embeddings of all historical turns to measure their semantic similarity.

The Similarity-Based Historical Query (SBQC) procedure for the selection of related

historical query turns is described in Algorithm 1. For each historical query in the

conversation, we compute a cosine similarity score with the current query. Based on
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Algorithm 1: Similarity-Based Historical Query Turn Selection for Query
Construction (SBQC)

Input: The nth query turn qn; historical queries h1:n−1(n > 1), retriever f ,
similarity thresholds {θ1, θ2}

Output: The nth turn relatedness labels Ln

1: Initial list of relatedness labels Ln = []
2: for i from 1 to n− 1 do
3: Similarity Simhi

= g(qn ◦ hi) → cosine similarity score
4: if θ1 < Simhi

< θ2 then
5: Add positive label to Ln

6: else
7: Add negative label to Ln

8: end if
9: end for

this similarity score and a pre-defined threshold (θ1, θ2), the historical query turn

is determined to be related or unrelated to the current query turn. By iterating

through all previous turns, the algorithm produces a list of relatedness labels that

indicate which parts of the historical conversation query should be considered when

constructing or expanding the current query. Figure 4.14 illustrates the procedure

for the selection model and its subsequent use in query rewriting.

4.3.2 SBQC Based Historical Conversational Query Formu-

lation

The previous turns in the search dialogue were identified as relevant to the construc-

tion of the current query statement based on our SBQC algorithm. The algorithm is

dependent on choosing an appropriate cut-off threshold for the similarity measure.

Determining an appropriate threshold for the cut-off is challenging. We create

3 different bins B = {Low,Mid,High} defined by their lower and upper bounds

[α1, α2, α3] = [0.33, 0.66, 1.0] to categorize previous queries, based on their similarity

score with the current query.
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Relatedness labels

Ln =


1 if θ1 ≤ SimilarityScore(qn, qi) < θ2; i ∈ [1, n− 1]

0 otherwise.

The motivation being that if a previous query turn is highly similar to the current

query, then the former has no additional information that the latter turn does not

already have, and hence the former query turn can be deemed to have no contextual

value.

1. SIMlow: User query utterances of turns labelled as related to the current turn

from among the previous query turns (Relatedness labels Ln).

q = qL1:n−1 � qn Ln[j] = 1

where,

Ln[j] =


1 if 0 ≤ Cosine similarity(q1 : qn−1, qn) < 0.33

0 otherwise
for j ∈ [1, n− 1]

2. SIMmid: User query utterances of turns labelled as related to the current

turn from among the previous query turns (Relatedness labels Ln).

q = qL1:n−1 � qn Ln[j] = 1

where,

Ln[j] =


1 if 0.33 ≤ Cosine similarity(q1 : qn−1, qn) < 0.66

0 otherwise
for j ∈ [1, n−1]

3. SIMhigh: User query utterances of turns labelled as related to the current

turn from among the previous query turns (Relatedness labels Ln).

q = qL1:n−1 � qn Ln[j] = 1
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where,

Ln[j] =


1 if 0.66 ≤ Cosine similarity(q1 : qn−1, qn) ≤ 1.0

0 otherwise
for j ∈ [1, n−1]

To explore the effectiveness of the similarity-based related historical context identi-

fication selection model and its effect on the retrieval performance, we compare it

to the different variations of historical conversational query context as described in

Section 4.2.1, which are listed below.

1. Qraw: User-issued query at each turn in the conversation.

q = qn

2. Qall: Concatenation of all available user-issued historical queries to the current

turn in the conversation.

q = q1:n−1 � qn

3. Qmanual: Contextualized and disambiguated user-issued query at each turn

in the conversation that has been manually rewritten by the creator of the

datasets.

q = QRmanual(qn)

4. QGold: Concatenation of user-issued queries from the turns that have been

manually labelled to be related to the current turn in the conversation.

q = qL1:n−1 � qn, Ln[j] = 1; j ∈ [1, n− 1]

5. QPRL: Concatenation of user-issued queries from the turns that have been

labelled as related to the current turn (Relatedness labels Ln) (Mo, Nie, et al.

2023).

q = qL1:n−1 � qn, Ln[j] = 1; j ∈ [1, n− 1]
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4.3.3 Hybrid Query Formulation

In our earlier experiments, we examined a heuristic approach of incorporating directly

preceding k turns from the historical conversational query context. Furthermore, we

proposed a similarity-based approach to identify related historical conversational

query context. The heuristic approach captured the recent information in the

dialogue, and the similarity-based approach attempts to capture information from

earlier turns in the dialogue with the potential to contribute to the contextualization

of the current query. We now combine both these approaches and propose a hybrid

query formulation approach.

1. SIMlowQprev3: Concatenation of use-issued query utterances of turns labelled

as related to the current turn using the similarity-based approach and three

previous user-issued historical queries in the conversation.

2. SIMlowQTurn1prev3: Concatenation of use-issued query utterances of turns

labelled as related to the current turn using the similarity-based approach and

the first user-issued query and three previous user-issued historical queries in

the conversation.

4.3.4 Results

The retrieval performance of the proposed approach is shown in Table 4.3 and

Table 4.4 for the CAsT and iKAT datasets, respectively. It can be observed that

identifying all previous queries Qall as related achieves the highest results and outper-

forms other approaches for most metrics similar to the results as seen in the previous

experiments (Section 4.2.2), followed by the hybrid approach SIMlowQTurn1prev3.

We also conducted experiments to determine if using only a similarity-based

measure would be effective in identifying related historical queries. The similarity-

based approach SIMlow performed better compared to the Qprev3 approach and

comparably to the QTurn1prev3 approach from the results as seen in the previous

experiments (Section 4.2.2). This indicates that semantic similarity is a valuable
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Table 4.3: Performance of Sparse and Dense retrieval systems. Bold and underline
indicate the best result and the second best result (other than oracle QGold and
Qmanual approach). α and β denote no statistically significant and statistically
significant improvements over (Qall + cqr), respectively. (Paired t-test at p < 0.05)

Query
CAsT 2019 CAsT 2020

nDCG@10 MRR MAP@1000 nDCG@10 MRR MAP@1000

Sp
ar

se

Qraw 0.1479 0.3304 0.1163 0.0774 0.1787 0.0555
Qall 0.1645 0.4331 0.1040 0.0805 0.2156 0.0510
+ cqr 0.3133 0.6324 0.2473 0.1726 0.3738 0.1268
QPRL 0.2271 0.5084 0.1691 0.1145 0.2767 0.0774
+ cqr 0.2842 0.5545 0.2242 0.1413 0.3045 0.1043
SIMlow 0.1438 0.3721 0.0985 0.0758 0.1937 0.0484
+ cqr 0.2793 0.5797 0.2241 0.1495 0.3271 0.1112
SIMlowQprev3 0.1595 0.4073 0.1041 0.0867 0.2291 0.0539
+ cqr 0.2951 0.6010 0.2348α 0.1717α 0.3724α 0.1249α

SIMlowQTurn1prev3 0.1639 0.4285 0.1052 0.0883 0.2354 0.0542
+ cqr 0.3105α 0.6240α 0.2417α 0.1749α 0.3830α 0.1297β

QGold 0.2682 0.5518 0.2137 0.1380 0.3253 0.0982
+ cqr 0.3151 0.6445 0.2525 0.1535 0.3450 0.1163
Qmanual - - - 0.2538 0.5422 0.1957

D
en

se

Qraw 0.0853 0.2946 0.0143 0.0635 0.1924 0.0162
Qall 0.0859 0.2935 0.0186 0.0621 0.2042 0.0173
+ cqr 0.1635 0.4979 0.0341 0.1226 0.3788 0.0340
QPRL 0.1350 0.4156 0.0292 0.1013 0.3170 0.0297
+ cqr 0.1409 0.4343 0.0289 0.1054 0.3133 0.0304
SIMlow 0.0940 0.3192 0.0183 0.0588 0.2017 0.0160
+ cqr 0.1507 0.4656α 0.0307 0.1129α 0.3508α 0.0310α

SIMlowQprev3 0.0909 0.3108 0.0191 0.0617 0.2128 0.0178
+ cqr 0.1527 0.4638 0.0318 0.1177α 0.3675α 0.0328α

SIMlowQTurn1prev3 0.0890 0.3004 0.0196 0.0627 0.2124 0.0179
+ cqr 0.1596α 0.4853α 0.0332α 0.1267β 0.3874α 0.0354α

QGold 0.1661 0.5156 0.0368 0.1155 0.3570 0.0343
+ cqr 0.1628 0.5087 0.0347 0.1204 0.3655 0.0339
Qmanual - - - 0.1806 0.5291 0.0558

signal for identifying related historical turns. In the case of the CAsT 2020 dataset,

all query formulation approaches, regardless of their query selection method, under-

performed compared to manually rewritten queries (Qmanual). This highlights the

potential for improvement in developing more effective selection models for better

query construction.

In the case of the iKAT dataset, the best performance was achieved by Qraw for

sparse retrieval and (Qall + cqr) for dense retrieval. The second-best approach for
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Table 4.4: Performance of Sparse and Dense retrieval systems. Bold and underline
indicate the best result and the second best result (other than Qmanual approach). α
and β denote no statistically significant and statistically significant improvements
over (Qall + cqr), respectively. (Paired t-test at p < 0.05)

Query
iKAT 2023

nDCG@10 MRR MAP@1000

Sp
ar

se

Qraw 0.1303 0.2828 0.0505
Qall 0.0310 0.0987 0.0134
+ cqr 0.1181 0.2501 0.0470
SIMlow 0.0312 0.0983 0.0131
+ cqr 0.1202α 0.2496α 0.0464α

SIMlowQprev3 0.0312 0.0966 0.0131
+ cqr 0.1165α 0.2469α 0.0467α

SIMlowQTurn1prev3 0.0305 0.1021 0.0231
+ cqr 0.1205α 0.2584α 0.0465α

Qmanual 0.2888 0.5984 0.1423

D
en

se

Qraw 0.0273 0.0886 0.0059
Qall 0.0173 0.0663 0.0049
+ cqr 0.0515 0.1723 0.0116
SIMlow 0.0206 0.0638 0.0056
+ cqr 0.0473 0.1664α 0.0114α

SIMlowQprev3 0.0179 0.0671 0.0052
+ cqr 0.0506α 0.1743α 0.0116α

SIMlowQTurn1prev3 0.0173 0.0636 0.0050
+ cqr 0.0515α 0.1694α 0.0115α

Qmanual 0.0995 0.2891 0.0234

sparse retrieval was achieved by the hybrid formulation(SIMlowQTurn1prev3 + cqr),

and in the case of dense retrieval, it was also achieved by the hybrid formulation

(SIMlowQprev3 + cqr ).

It is important to note that neither the similarity-based method SIMlow nor the

hybrid methods consistently outperform Qall, as shown in Table 4.3 and Table 4.4.

This helps answer RQ2: selecting only relevant history does not improve retrieval

effectiveness over using all previous turns on these datasets. This is likely because

CAsT and iKAT contain short conversations, so including all history adds little extra
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noise. Also, the T5 query rewriting model can handle some irrelevant information.

However, the proposed method still has an important advantage. As shown in

Section 4.3.4 (Query Length vs Conversational Length), it achieves similar retrieval

effectiveness to Qall while using much shorter queries. This shows that conversation

history can be reduced without losing retrieval performance, making the approach

more efficient, especially for longer conversations.

Conversational Topic-Wise Performance

In this section, we examine the retrieval effectiveness at a topic level to highlight

how different variations of historical conversational query context behave.

CAsT 2019. Figure 4.15 and Figure 4.16 present the topic-wise performance of

the sparse and dense retrieval systems, respectively. As seen in the results of the

previous experiments (Section 4.2.2), the Qraw approach consistently yielded the

lowest performance across both systems. Although no clear pattern was evident

across all topics, there were isolated cases where Qraw slightly outperformed other

approaches, such as Topic 54 in both retrieval settings.

Overall, the performance of Qall and SIMlowQTurn1prev3 formulation was similar

across majority of the topics in both the retrieval systems, which was then closely

followed by SIMlowQprev3. The similarity and the hybrid approach outperformed

the Qall approach in Topics 67 and 78 in the case of a sparse retrieval system.

CAsT 2020. Figure 4.17 and Figure 4.18 present the topic-wise performance of

the sparse and dense retrieval systems, respectively. As expected, the Qraw approach

consistently yielded the lowest performance across both systems. No clear pattern was

evident across all topics. Overall, the performance of Qall and SIMlowQTurn1prev3

formulation was similar across the majority of the topics in both retrieval systems.

However, in the case of Topic 82, the similarity as well as the hybrid formulation

outperformed Qall for both retrieval systems and for Topics 92 and 104 in the case

of dense retrieval.
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Topic 92 posed a significant challenge for both retrieval systems. When Qraw

queries were used for these topics, the systems were unable to retrieve any relevant

documents. In contrast, using any other approach managed to retrieve some relevant

documents, and in the case of dense retrieval, the similarity as well as the hybrid

formulation outperformed Qall. In the case of Topic 93 in dense retrieval, the SIMlow

formulation was able to retrieve relevant documents where Qall failed to retrieve

relevant documents at the top-10 rank.

iKAT 2023. Figure 4.19 and Figure 4.20 present the topic-wise performance of

the sparse and dense retrieval systems, respectively. The Qraw query formulation

yielded better performance in the case of sparse retrieval and in certain cases for

dense retrieval as well. No clear pattern was evident across all topics; there were

isolated cases where Qraw outperformed other approaches, such as Topic 13-1 and

19-1 in both retrieval settings. For Topic 17-3, Qraw was unable to retrieve any

relevant documents in either of the retrieval systems, whereas utilizing additional

context allowed for the retrieval of relevant documents only in the sparse system.

For Topics such as 14-2, 17-2 and 20-1, in sparse retrieval and Topics 15-1 and 17-2

in dense retrieval, the hybrid formulation outperformed all the other formulations.

Overall, Qall and SIMlowQTurn1prev3 approach performed similarly. Topic 11-2

posed a significant challenge for both retrieval systems. Irrespective of the query

formulations, the systems were unable to retrieve any relevant documents. Similarly,

Topic 11-1 was also challenging for both systems.

Conversational Depth-Wise Performance

In this section, we examine retrieval effectiveness across different conversational

depths to highlight how different variations of historical conversational query context

behave.

CAsT 2019. Figure 4.21 and Figure 4.22 illustrate the performance of sparse

and dense retrieval systems across various conversation lengths (depth) in the
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datasets. These results reveal that the Qraw consistently performs the worst across

all conversation lengths. Furthermore, a noticeable decline in performance is observed

as conversational depth increases for all retrieval approaches, with the exception of

the sparse retrieval system. The similarity-based approach as well as the hybrid

approaches followed a similar trend as conversational depth increases, as in the case

of other formulations. Overall, all approaches exhibit a similar pattern of gradually

decreasing performance as conversation lengthens.

CAsT 2020. Figure 4.23 and Figure 4.24 illustrate the performance of sparse

and dense retrieval systems across varying conversation lengths (depths) in the

datasets. The results show that Qraw consistently performs the worst across all

conversation lengths. Moreover, all query formulation approaches exhibit a no-

ticeable decline in performance as conversational depth increases. Overall, the

performance of all approaches gradually decreases as the conversation lengthens. A

significant drop in performance is observed at depth 2 for both retrieval systems.

The similarity-based approach as well as the hybrid approach followed a similar

trend as conversational depth increased, as in the case of other formulations. The

hybrid approach SIMlowQTurn1prev3 performs similarly to the Qall formulation, and

at some depths outperforms (Depth 6, 8 and 9).

iKAT 2023. Figure 4.25 and Figure 4.26 illustrate the performance of sparse

and dense retrieval systems across varying conversation lengths (depths) in the

dataset. The results show that Qraw performs worse across all conversation lengths

in the case of dense retrieval. Moreover, all query formulation approaches exhibit

a decline in performance as conversational depth increases, with the exception of

later conversational depths. A significant drop in performance is observed at depth

2 for both retrieval systems, and subsequently the performance increases at depth

3 and 4. Overall, the similarity-based approach as well as the hybrid approach

followed a similar trend as the conversational depth increased, as in the case of other

formulations. The hybrid approach SIMlowQTurn1prev3 performs similarly to the
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Qall formulation, and at some depth outperforms (Depth 5, 10).

Identifying Related Historical Query Turns

Additionally, we evaluated the effectiveness of different approaches in correctly

identifying related historical query turns with respect to the human-annotated Gold

labels for the CAsT 2019 and CAsT 2020 datasets. The Gold label consists of

manually annotated related historical query turns for a current turn (Aliannejadi,

Chakraborty, et al. 2020; Jeffrey Dalton, Xiong, and Callan 2021). Table 4.5 presents

the corresponding F1-scores and accuracy values for both CAsT 2019 and CAsT 2020.

As seen in the earlier analysis, among the heuristics-based approaches, QTurn1prev3

outperforms Qall and Qprev3, demonstrating that leveraging both the first turn and

recent turns provides more reliable contextual cues. The QPRL approach (Mo, Nie, et

al. 2023), which selects turns based on usefulness, achieves the highest accuracy across

both datasets and yields comparatively lower F1-scores on CAsT 2019, indicating

that it identifies fewer related turns overall but with high precision.

In the case of the similarity-based approach, the results reveal an important

pattern regarding threshold selection. The SIMlow approach produces higher

F1-scores than SIMmid and SIMhigh, suggesting that more relaxed similarity

thresholds better capture semantically related but lexically varied turns, which are

the characteristics of a conversational dialogue. While higher thresholds (SIMmid,

Table 4.5: Identification of Related Historical Query Context using Different Ap-
proaches

Approach CAsT 2019 CAsT 2020
F1-Score Accuracy F1-Score Accuracy

Qall 0.328 0.196 0.268 0.155
Qprev3 0.311 0.489 0.269 0.458
QTurn1prev3 0.415 0.489 0.337 0.418
QPRL 0.243 0.795 0.456 0.831
SIMlow 0.313 0.344 0.248 0.274
SIMmid 0.218 0.671 0.211 0.736
SIMhigh 0.008 0.787 0.0 0.834
SIMlowQprev3 0.321 0.257 0.266 0.210
SIMlowQTurn1prev3 0.339 0.248 0.278 0.201
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especially SIMhigh) yield high accuracy, their extremely low F1-scores indicate that

they identify very few related turns, missing much of the relevant context.

Furthermore, hybrid approach, SIMlowQprev3 and SIMlowQTurn1prev3, shows

slight improvements over using similarity alone but does not surpass the strongest

heuristic-only approach QTurn1prev3. This underscores the importance of incorporat-

ing the similarity measure in identifying related queries. The effectiveness of the

SIMlowQTurn1prev3 model in our experiments shows that the similarity measure in

this context can be used as a complementary signal in identifying related historical

query turns.

These classification results give a clearer answer to RQ2 than the retrieval results

because they compare the predicted related turns with human-labelled ground truth.

The heuristic method QTurn1prev3 achieved a higher F1-score than the similarity-based

and hybrid methods. This shows that, for the CAsT datasets, the position of a turn

in the conversation (the first turn and the most recent turns) is a better way to

identify related history than semantic similarity alone. This agrees with the analysis

in Section 4.2.2, where the previous turn was found to be the most relevant in most

cases (Figure 4.1). The similarity signal is still useful because it improves results

when combined with the heuristic approach (SIMlowQTurn1prev3) performs better

than SIMlow alone). This may become more useful in longer conversations, where

the relevant turn is not always the first or the most recent.

Query Length vs Conversational Length

Examining how query length changes from one turn to the next provides insight into

how different query formulation approaches handle growing conversational context.

Our analysis of the average query length at each turn shows that, in general, query

length increases linearly as the conversation progresses. This pattern is observed

across various formulation approaches, with a notable exception for heuristic methods

that utilize the k-previous turns, as well as the QGold and QPRL approaches. We

found that the query lengths produced by approaches that integrate similarity
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signals are generally shorter compared to those derived from the Qall method. The

Qall approach, which incorporates all prior query turns into the current query,

often leads to unnecessarily lengthy queries. In contrast, the hybrid approaches,

which balance between utilizing relevant previous turns and incorporating similarity

metrics, effectively preserve search quality while minimizing excessive query expansion.

Figure 4.27, Figure 4.28 and Figure 4.29 illustrate these findings, highlighting the

differences in query lengths among the various methods.

4.4 LLMs-based Related Historical Context Iden-

tification

In the experiments described in the previous sections, we investigated various ap-

proaches to incorporating historical conversational query context in a conversational

dialogue and evaluated its effectiveness in retrieval performance as described in

Section 4.3 and Section 4.3.3. Furthermore, we investigated the effectiveness of these

approaches in correctly identifying related historical query turns as described in

Section 4.3.4. We now turn to the use of large language models (LLMs) to identify

the related historical turns for the current query. In this investigation, our goal

is to evaluate the effectiveness of utilizing LLMs to identify the related historical

turns and compare their performance against existing heuristic, similarity-based, and

hybrid approaches.

We treat the identification of related historical query turns as a classification

problem in which the LLM determines whether a historical turn is related to the

current turn in a conversational dialogue. To evaluate the performance of the

LLM at identifying the related historical query turn, we provide the LLM with the

historical query as well as the current query and instruct the LLM to classify the

historical query turn. For the instruction given to the LLM, we employ a zero-shot,

one-shot, and few-shot prompting strategy. In the zero-shot strategy, the LLM is

given only the task description (instruction) and the query turns, with no labelled
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examples. In the one-shot strategy, we provide one labelled example illustrating

a related and an unrelated turn. In the few-shot strategy, we provide more than

one labelled example demonstrating various types of conversational relationships

(related/unrelated) between the query turns. We provide the prompt details in the

Appendix A. The zero-shot strategy assesses the LLM’s inherent ability to identify

conversational dependency between turns. The one-shot strategy assesses the LLM’s

performance when given a single concrete example of the task to guide the LLM. In

the few-shot strategy, multiple curated examples are provided to illustrate a range

of conversational dependencies between turns, to allow the model to generalize and

better capture the conversational dependencies between turns.

4.4.1 Results & Discussion

Table 4.6 presents the performance of existing heuristic, similarity-based, hybrid

approaches for identifying related historical query context on the CAsT 2019 and

CAsT 2020 datasets, along with the performance of an LLM. The table reports

F1-scores and accuracy for heuristic approaches and similarity-based approaches

from Table 4.5, and also for the large language models (LLMs) under zero-shot,

one-shot, and few-shot settings.

Among the heuristic-based methods, QTurn1prev3 consistently outperformed Qall

and Qprev3 in F1-score, achieving 0.415 on CAsT 2019 and 0.337 on CAsT 2020.

This indicates that incorporating the first turn of the conversation along with the

previous three queries is a good heuristic to identify related historical query turns.

Interestingly, QPRL exhibited the highest accuracy across both datasets (0.795 for

CAsT 2019 and 0.831 for CAsT 2020), but a lower F1-score on CAsT 2019 (0.243).

This suggests that QPRL can correctly identify many historical turns, it often misses

actual relevant instances, resulting in low recall and a reduced F1 score.

In the case of similarity-based approaches, SIMlow achieved moderate perfor-

mance, with SIMlowQTurn1prev3 slightly improving F1-scores over SIMlow. However,

these methods generally underperform compared to the heuristic approaches de-
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Table 4.6: Identification of Related Historical Query Context using Different Ap-
proaches

Approach CAsT 2019 CAsT 2020
F1-Score Accuracy F1-Score Accuracy

Qall 0.328 0.196 0.268 0.155
Qprev3 0.311 0.489 0.269 0.458
QTurn1prev3 0.415 0.489 0.337 0.418
QPRL 0.243 0.795 0.456 0.831
SIMlow 0.313 0.344 0.248 0.274
SIMlowQprev3 0.321 0.257 0.266 0.210
SIMlowQTurn1prev3 0.339 0.248 0.278 0.201

LLMs
zero-shot
Phi-3-mini-4k-instruct 0.3296 0.6809 0.3165 0.7459
Phi-3-medium-4k-instruct 0.2618 0.6708 0.2448 0.7023
Llama-3.1-8B-Instruct 0.5472 0.7727 0.4436 0.8200
Llama-3.2-1B-Instruct 0.2810 0.6181 0.1933 0.6565
one-shot
Phi-3-mini-4k-instruct 0.3245 0.4722 0.2780 0.4623
Phi-3-medium-4k-instruct 0.2942 0.6120 0.2977 0.5670
Llama-3.1-8B-Instruct 0.4569 0.6144 0.3707 0.6565
Llama-3.2-1B-Instruct 0.2600 0.6813 0.2294 0.6918
few-shot
Phi-3-mini-4k-instruct 0.3488 0.6641 0.2792 0.7023
Phi-3-medium-4k-instruct 0.0927 0.7751 0.1053 0.8200
Llama-3.1-8B-Instruct 0.3814 0.3847 0.3282 0.4365
Llama-3.2-1B-Instruct 0.3289 0.1976 0.2691 0.1565
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scribed earlier in both F1-score and accuracy, indicating that similarity measures

may not capture the nuanced conversational dependencies present in historical query

contexts.

LLMs demonstrated strong performance across both datasets. Notably, Llama-

3.1-8B-Instruct achieved the highest F1-scores in the zero-shot setting (0.5472 on

CAsT 2019 and 0.4436 on CAsT 2020), outperforming all heuristic-based and

similarity-based methods described earlier. This indicates the LLM’s robust ability

to understand context and identify related historical queries without explicit training

on task-specific examples.

All LLMs performed slightly worse on CAsT 2020 than on CAsT 2019, especially

in F1-score. Overall, Llama-3.1-8B gave the best results for identifying related

conversation turns, providing the strongest answer to RQ2. It shows that LLMs are

the most accurate method tested in this thesis. The next best method is the heuristic

approach QTurn1prev3. However, better classification did not lead to better retrieval.

As shown in Table 4.7, the hybrid method achieved the best retrieval results across

all datasets. This suggests that removing some turns may also remove useful context

for retrieval. Therefore, the hybrid method is the most practical approach because

it gives the best retrieval performance while being much simpler, faster, and using

shorter queries than both the LLM and the Qall baseline.

4.4.2 Retrieval Performance Based on LLM Identification

Table 4.7 shows the retrieval performance of a sparse(BM25) and a dense (ColBERT)

retrieval system based on the LLM-identified historical conversational query context,

as well as the similarity-based approach described in Section 4.3 and the hybrid ap-

proach described in Section 4.3.3. For sparse retrieval, the hybrid approach discussed

in Section 4.3.3 consistently performs best across all datasets. For example, on CAsT

2019, the hybrid approach achieves the highest nDCG@10 (0.3105), improving over

both the LLM and similarity-based approaches. A similar pattern appears in CAsT

2020 and iKAT 2023 datasets, where the hybrid approach performs the best with
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Table 4.7: Performance of Sparse and Dense retrieval systems using different ap-
proaches to identify historical conversational query context

Approach nDCG@10 MRR MAP@1000

Sp
ar

se
CAsT 2019 LLM 0.2780 0.5679 0.2190

Similarity 0.2793 0.5797 0.2241
Hybrid 0.3105 0.6240 0.2417

CAsT 2020 LLM 0.1280 0.2809 0.0995
Similarity 0.1495 0.3271 0.1112

Hybrid 0.1749 0.3830 0.1297
iKAT 2023 LLM 0.1115 0.2344 0.0439

Similarity 0.1202 0.2496 0.0464
Hybrid 0.1205 0.2584 0.0465

D
en

se

CAsT 2019 LLM 0.1505 0.4695 0.0307
Similarity 0.1507 0.4656 0.0307

Hybrid 0.1596 0.4853 0.0332
CAsT 2020 LLM 0.0997 0.2989 0.0279

Similarity 0.1129 0.3508 0.0310
Hybrid 0.1267 0.3874 0.0354

iKAT 2023 LLM 0.0380 0.1208 0.0085
Similarity 0.0473 0.1664 0.0114

Hybrid 0.0515 0.1694 0.0115

nDCG@10 (0.1749) and nDCG@10 (0.1205), respectively. In dense retrieval, there is

a similar trend. The hybrid approach provides slight improvements over the LLM

and similarity-based approach across all datasets. Overall, the hybrid approach is

the most effective approach for identifying historical conversational query context

in order to disambiguate and contextualize the current turn in CIR, improving

retrieval performance in both sparse and dense systems and offering the most stable

performance across datasets.

4.5 Summary

In this chapter, we investigated conversational context understanding in CIR and

answered RQ1 and RQ2 under Hypothesis 1. We begin by examining the effect

of incorporating various types of conversational contextual information. We first
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explore several standard approaches for integrating historical context into CIR

systems. Subsequently, we evaluate the performance of a CIR system under different

methods of incorporating contextual information to understand their respective effects

on retrieval effectiveness. Building on this investigation, we propose a similarity-

based related historical context identification approach, which aims to identify and

utilize relevant historical turns. We further explore a hybrid approach that combines

existing heuristic methods with the proposed similarity-based approach, assessing its

effectiveness in improving retrieval outcomes. Finally, we examine a Large Language

Model (LLM) based related historical context identification approach and analyze its

potential for improving CIR system performance. For RQ1, the results show that

using conversation history improves retrieval compared to using only the current

query. The Qall method gave a very strong baseline, especially with query rewriting.

For RQ2, the results show that LLMs are the most accurate at finding related

conversation turns, followed by the simple QTurn1prev3 heuristic. However, better

identification did not always lead to better retrieval. The proposed hybrid method

gave the best retrieval results across all datasets and retrieval models while using

much shorter queries and less computation than the LLM and Qall. These results

support Hypothesis 1 and show that identifying related history and improving

retrieval are not always the same.
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Figure 4.14: Illustration of the Selection model for related historical query turn
identification for Query Formulation.

Figure 4.15: Topic-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval
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Figure 4.16: Topic-wise ndcg@10 Performance for CAsT 2019 Dense Retrieval

Figure 4.17: Topic-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval
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Figure 4.18: Topic-wise ndcg@10 Performance for CAsT 2020 Dense Retrieval

Figure 4.19: Topic-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval
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Figure 4.20: Topic-wise ndcg@10 Performance for iKAT 2023 Dense Retrieval

Figure 4.21: Depth-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval
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Figure 4.22: Depth-wise ndcg@10 Performance for CAsT 2019 Dense Retrieval

Figure 4.23: Depth-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval
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Figure 4.24: Depth-wise ndcg@10 Performance for CAsT 2020 Dense Retrieval

Figure 4.25: Depth-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval
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Figure 4.26: Depth-wise ndcg@10 Performance for iKAT 2023 Dense Retrieval

Figure 4.27: Average Query Length vs. Conversation Length (Depth) — CAsT 2019
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Figure 4.28: Average Query Length vs. Conversation Length (Depth) — CAsT 2020

Figure 4.29: Average Query Length vs. Conversation Length (Depth) — iKAT 2023
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Chapter 5

User Knowledge in Conversational

Information Retrieval

In this chapter, we examine the integration of user knowledge into CIR and present a

framework that formalizes this integration within CIR systems. We begin by exploring

the role of user knowledge in the IR process. A user’s knowledge acquired during

multi-turn interaction with a CIR system can have an impact on the effectiveness of

the CIR system. Unlike traditional IR systems, CIR supports a multi-turn, interactive

process through a dialogue, where users and systems can collaborate on refining the

information need and improving the retrieval outcomes of the CIR system at each

turn in the dialogue. By leveraging the knowledge that is acquired by a user during

the dialogue, CIR systems can reduce potential cognitive load in the search process,

support comprehension, and generate more relevant and contextually appropriate

responses.

Despite these potential advantages, current research in CIR systems has not

explored explicit mechanisms for representing and utilizing user knowledge during

the search dialogue. A structured approach to integrating user knowledge could

inform system behaviour, improve the interpretation of evolving information needs,

and enable more effective interactions. To address this gap, we introduce a novel

framework for integrating knowledge in CIR. We outline the architecture of this
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framework and describe its key components, providing a high-level overview of their

roles and interactions to support a knowledge-aware CIR system and investigate

approaches to incorporate knowledge acquired during the dialogue and study its

effectiveness.

This chapter is based on our publication (Acharya, Kando, and G. J. Jones 2024)

and addresses Hypothesis 2 (H2) and its associated research questions, introduced

in Chapter 1. RQ1 asks whether features of the expected user’s developing knowledge

can be identified and captured during a conversational search task. This is addressed

through the proposed framework (Section 5.2) and its operationalization via keyword

and summarization-based knowledge extraction. RQ2 asks whether a model of the

user’s knowledge can be exploited to improve the effectiveness of conversational search.

This is addressed through the query enrichment experiments reported in Sections 5.3

and 5.4, where the extracted knowledge is integrated into query formulation at both

turn and conversational levels. Taken together, these investigations constitute the

first systematic examination of user knowledge modeling within the CIR dialogue

setting, extending prior work on knowledge modeling in single-session IR (Câmara,

El-Zein, and da-Costa-Pereira 2022; El Zein, Câmara, et al. 2023; Nasser et al. 2024)

to the conversational, multi-turn context.

5.1 Introduction

In both traditional and conversational IR, users engage with an IR system with

varying levels of knowledge about the topic of their information needs. They formulate

a search query to express their information needs, which are then used by the retrieval

systems to seek relevant information. Users with substantial prior domain knowledge

about the topic of their information need can create rich queries which include

appropriate domain-specific vocabulary, leading to a greater likelihood of retrieval

of relevant search results, while those with limited domain knowledge struggle to

formulate effective queries. The latter must often refine their queries over multiple

search passes as they learn more about the topic from retrieval results which do not
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satisfy their information needs. This iterative refinement of queries in the search

process imposes a high cognitive load on the user and limits the effectiveness of

traditional search systems.

A key limitation of traditional IR systems is the lack of the capability to engage

interactively with users. These systems are entirely user-driven, placing a high

cognitive load on users, who must formulate progressive queries, examine retrieved

results, and determine (without support) whether their information needs are satisfied.

If not, the user must repeat the process, which can be cumbersome and inefficient.

CIR can potentially address this limitation by incorporating an interactive and

collaborative process between the system and the user. As such, CIR systems

have the potential to reduce the user’s cognitive load by adapting to various user

preference parameters, including knowledge to provide more personalized assistance,

as illustrated in Figure 5.1.

With each interaction in the dialogue, information is progressively accumulated

by the user, aiding them in a better understanding of their search topic and improving

their knowledge regarding the topic. By representing the user’s knowledge acquisition

and its continuous refinement, a CIR system might better comprehend and respond

to addressing the information needs and support the users in satisfying these needs,

resulting in more effective search outcomes. To do this, the CIR system must leverage

information gathered during each interaction to enhance CIR system performance

by guiding subsequent system actions.

The potential significance of the role of knowledge exploitation in the search

process is heightened in CIR systems because knowledge can aid in understanding

the user’s needs and facilitating effective dialogue with the user, and in tasks such as

query expansion, clarification, and information elicitation. (Radlinski and Craswell

2017) delves into conversational approaches to IR and identifies adaptability in

conversation as a key characteristic for effective CIR systems. This adaptability

allows search systems to dynamically adjust conversational dialogue based on the

users’ existing knowledge and newly acquired knowledge during the search process,
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continuously refining the process until the user’s information needs are met.

Figure 5.1: User’s Knowledge exploitation in Conversational Information Retrieval
(CIR) (Acharya, Kando, and G. J. Jones 2024).

Most IR systems do not consider the user’s knowledge when retrieving relevant

information. Hence, irrespective of the fact that every user is unique and therefore

has different expectations from the IR systems based on their knowledge of the

search topic, existing systems fail to take this into account, leading to suboptimal IR

systems. A truly effective IR system should involve minimal effort spent by the user

to reach their information goal. We argue that utilizing the user’s knowledge about

the search topic can help achieve this goal. This becomes even more imperative in

CIR settings, where the system acts as an agent in guiding the user through various

processes, and the user’s knowledge can help drive the dialogue by the system to

reach the information goal with minimal effort.

To address this proposition, we propose a framework for capturing, modelling, and

utilizing user knowledge in CIR. This framework aims to improve the performance

and adaptability of conversational search systems, making them more effective and

responsive to users’ evolving information needs.
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5.2 A Framework for Knowledge Integration in

CIR

A CIR system seeks to assist users as they move through various stages of query

formulation and refinement in a sequence of interactions. To do this effectively,

the CIR system should progressively understand the user’s information need by

exploiting knowledge with which the user has engaged during the search process

and insights that can be assumed to have been gained from previous search results.

However, this potential to enhance the user’s search experience is not a component

of existing CIR systems.

One way in which users’ knowledge gained from previous search results might

be integrated in the CIR process is by enriching queries to form a more complete

statement of the information need. This approach, we hypothesise, allows for a more

effective search outcome for each turn in the dialogue.

Information retrieved at each turn of the dialogue exposes the user to information

in documents deemed relevant by the search system. As the user interacts with

these documents, their understanding of the topic evolves. To capture and model

this evolving user knowledge, we propose to extract knowledge from the documents

retrieved during each turn, or specifically from the documents that the user engages

with. This knowledge can then contribute to refining or expanding the user’s queries

in future turns, helping the system to provide the user with more relevant results at

subsequent turns.

Knowledge can be categorized into several types, including task knowledge, proce-

dural knowledge, system knowledge, domain knowledge, and topical knowledge, each

of which contributes to a user’s overall knowledge. In this study, we focus specifically

on domain knowledge and topical knowledge. Domain knowledge influences how

users formulate their queries (Dosso et al. 2022; O’Brien et al. 2020), while topical

knowledge refers to the query terms and concepts users acquire during the search

process (Hagen et al. 2016).
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Our conceptualization of how users acquire and refine these forms of knowledge

is based on Nicholas J Belkin (1980)’s ASK framework, Kuhlthau (1991)’s (ISP)

and Vakkari (2016)’s Searching-as-Learning (SAL) paradigm, which conceptualizes

information retrieval as a learning process in which topical acquisitions satisfies

the user’s information need and progressively update and deepen user’s domain

knowledge as described in Section 2.3.

Research on users’ knowledge in retrieval systems has been explored in several

studies. For instance, (Câmara, El-Zein, and da-Costa-Pereira 2022) proposed a

keyword-based approach to representing knowledge during a search session. They also

introduced a large language model (LLM) based method for knowledge representation,

demonstrating that both approaches effectively gauge the user’s understanding

of specific topics. This model continuously updates an internal representation

throughout the session, adapting to the user’s interactions. Further advancements

in this area have incorporated named entities (El Zein, Câmara, et al. 2023) and

knowledge graphs (Nasser et al. 2024), providing a more nuanced understanding of

users’ knowledge during their search processes.

Our proposed framework for integrating knowledge into CIR is built around three

primary components: (1) Knowledge Extractor, (2) Current Knowledge State, and

(3) Knowledge Updater. In the following sections, we introduce these components in

detail, explaining their roles and functionalities within the framework.

5.2.1 Components

Knowledge Extractor. The Knowledge Extractor (KE) is responsible for identi-

fying and extracting pertinent information from various sources, including queries,

documents, and user knowledge history. It analyzes these sources to extract what is

deemed relevant knowledge e.g. topical knowledge, task knowledge etc...

Ksource = KE(source) (5.1)
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Figure 5.2: Proposed Framework Architecture for Incorporating Expected User
Knowledge in CIR (Acharya, Kando, and G. J. Jones 2024).

where source refers to any of the following: Query (Q), Document (D), or User

Knowledge (Uk).

The KE plays a crucial role in various parts of the proposed framework. The user’s

interaction with a CIR system begins with the issuance of their query. The KE

extracts knowledge from the user query (Kquery) as well as from the existing user

knowledge history stored in a user model (KUk
). This initial extraction of knowledge

constitutes the initial current knowledge state (cksinitial) in the CIR process as shown

in Equation 5.2.

cksinitial = {Kquery, KUk
} (5.2)

Subsequently, the KE is used again after the CIR system retrieves potentially

relevant documents. The decision of which documents to extract knowledge from
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depends on whether the user interacts with these documents when they are retrieved.

KDocument = KE(Documents) (5.3)

Current Knowledge State. The Current Knowledge State (cks) reflects the

current state of knowledge in the conversation at any given moment. It primarily

interacts with the Knowledge Updater (KU ) introduced in the next section, which

is responsible for incorporating new information and is updated at each step of

the conversation. As the dialogue progresses, the cks is continuously updated to

accurately represent the user’s information needs and the context of the conversation.

This ensures that the conversational system can take various actions (e.g eliciting

additional information, requesting clarifications, asking for feedback, offering sugges-

tions) based on strategies tailored to the user’s current knowledge state, facilitating

a more natural and fluid progression of the dialogue. Consequently, the system can

effectively adapt to the user’s evolving needs throughout the interaction.

Knowledge Updater The Knowledge Updater(KU), on the other hand, is respon-

sible for seamlessly integrating the extracted knowledge into the existing knowledge

state (cks). This component ensures that the system is updated with new knowledge

at each turn in the conversation. By continuously incorporating new information,

the KU keeps the knowledge state current and comprehensive, enabling the CIR

system to maintain an accurate and up-to-date understanding of the user’s needs

and the context of the conversation. This continuous updating process is crucial

for the system’s ability to provide relevant and accurate responses and document

rankings throughout the interaction.

ckscurrent = KU(cksprev, KDocument) (5.4)

where, ckscurrent is the updated knowledge state (cks) after the user’s interaction

with documents. The document is represented by KDocument, generated by Equation

122



Towards Improved Conversational Context Understanding for Effective Conversational IR

5.3, and KU is a function that takes cksprev and KDocument as inputs, combining

them into an updated representation of the knowledge state.

5.2.2 Discussion

The components described above collaborate to integrate and update the relevant

knowledge represented by the current knowledge state (cks) in the conversation. The

KE interacts with the system by extracting knowledge from retrieved documents

at each interaction in the conversation. This extracted knowledge is subsequently

used by the KU to modify and update the cks. The updated knowledge state helps

the conversational system understand the user’s current needs and, based on this

understanding, employ various strategies to take appropriate actions. Additionally,

cks could potentially be leveraged and used to rank relevant documents according to

the user’s current knowledge at each step. Figure 5.2 illustrates how the Knowledge

Extractor and Knowledge Updater interact within the CIR system.

One significant challenge in dealing with knowledge is how to effectively represent

it. Various approaches have been suggested for this, including extracting keywords

(El Zein and Costa Pereira 2021; Syed and Collins-Thompson 2017a), using concept

maps (Novak 2010), identifying named entities (El Zein, Câmara, et al. 2023),

creating knowledge graphs (Nasser et al. 2024) and using LLMs (Câmara, El-Zein,

and da-Costa-Pereira 2022). The choice of representation of knowledge has significant

implications for the search process. It also affects operational aspects linked to the

KU component, influencing the efficiency and effectiveness of knowledge extraction

and application.

Earlier work models user knowledge during a search session, while the proposed

framework models knowledge throughout a multi-turn conversation. Its main contri-

bution is that the Knowledge Extractor and Knowledge Updater work after

every conversation turn. As a result, the cks reflects not only the documents the

user has seen, but also how the user’s knowledge changes during the conversation.

Therefore, the experiments test not only whether extracted knowledge improves
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retrieval, but also whether knowledge from the conversation provides extra benefit

beyond standard relevance feedback.

In the following sections, we examine various approaches to knowledge extraction

and its integration within the CIR process, as guided by our proposed Framework 5.2.

Although the framework is designed to be general, this investigation is limited to the

user’s knowledge as accumulated during the course of the dialogue.

5.3 Keyword-Based Knowledge Integration

Building on traditional keyword-based approaches to knowledge representation (Câ-

mara, El-Zein, and da-Costa-Pereira 2022), we adapt this idea to the CIR setting

by extracting words or phrases which are assumed to be the most informative and

representative of the document’s content (key terms) relating to the information need

of the user. These key terms can then be used to expand future queries, providing

additional contextual information.

These key terms serve as a representation of the most relevant information the user

has been exposed to, and as such can help to enrich the user’s query in subsequent

search turns.

This addresses part of RQ1 by testing whether features of the user’s changing

knowledge can be identified and captured. We use keywords from the retrieved

documents as a simple representation of the concepts the user has seen during the

conversation. The main assumption is that if a user reads a document with a term,

they have been exposed to that concept. This is a simple assumption because it

does not show whether the user understood or remembered the information. This

limitation is discussed in Chapter 6.

This query enrichment is intended to leverage the user’s evolving understanding

of the topic as informed by the documents that they interact with. This process is

designed to enable the search system to better capture the user’s shifting information

state and needs over multiple turns in a conversation. The overall illustration for this

approach is illustrated in Figure 5.3, which shows the steps involved in the knowledge-

124



Towards Improved Conversational Context Understanding for Effective Conversational IR

integrated query enrichment process, from document retrieval to knowledge extraction

and query enrichment for subsequent turns across the conversation.

Following this general framework, we detail the specifics of the knowledge extractor

component, which in this case will be the extraction of the key terms from the retrieved

documents.

Knowledge Extractor. We use YAKE (R. Campos et al. 2020), an unsupervised

and corpus-independent keyword extraction method, to identify salient terms from

documents. We describe it in detail in the following section. To extract key terms

from the selected top documents in the retrieved list by the search system during each

turn of the conversation. For each retrieved document, YAKE was applied to identify

the top-n key terms based on their relevance score. These key terms were then

incorporated into the user’s next query to refine and enrich their search, capturing

the evolving knowledge of the user as they interact with the system, enabling the

search engine to deliver more contextually relevant results.

YAKE. Yet Another Keyword Extractor (YAKE) is an unsupervised and corpus-

independent keyword extraction method to identify salient terms from documents (R.

Campos et al. 2020). The algorithm evaluates the importance of each candidate term

(t) in the document using five features. These features include: (1) a normalized term

frequency TFNorm, (2) a casing feature TCase, capturing the notion that uppercase

terms tend to be more important than lowercase ones, (3) a term position TPosition,

capturing the notion that important keywords tend to appear at the very beginning

of a document, (4) a term context relatedness Trel, capturing the notion that the

higher the number of different terms that co-occur with the candidate term (t) the

less significant term, and (5) a term different sentence TSentence measure capturing the

notion that terms which appear in many different sentences have a higher probability

of being important.

These components are combined to yield a single-term importance score S(t) as

shown in Equation 5.5, with lower scores indicating higher importance.
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S(t) =
TRel · TPosition

TCase +
TFNorm
TRel

+ TSentence
TRel

(5.5)

Figure 5.3: Illustration of Knowledge Integration for Query Enrichment.

5.3.1 Various Formulations of Query Enrichment

We explore two different query reformulation strategies. (1) Query expansion and

(2) Query Rewriting. In the expansion-based approach, we simply concatenate the

extracted knowledge (i.e. summary) to the user query, whereas in the rewriting

approach, we utilize the extracted knowledge along with the user query to rewrite

the query.

1. Qraw: User-issued query at each turn in the conversation in the conversation.

q = (qn)

2. Qraw + RM3: User-issued query utterance with RM3 pseudo-relevance feed-

back (Lavrenko and W. Bruce Croft 2001) based relevance-feedback approach

for query expansion.

q = (qn � {RM3expansion})
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Levels of Conversational Knowledge. A dialogue consists of a series of multi-

turn interactions between the user and the system. These interactions can be

categorized into two levels (1) turn-level and (2) conversational-level. In the turn-level

interaction, only the current interaction between the user and system is considered

without taking the broader conversational context into consideration. This can be

seen as a single-shot, ad-hoc retrieval in IR. Whereas, in the conversational-level

interaction, the broader conversational context is also taken into consideration. In

order to reflect these levels, we consider that knowledge acquisition by the user occurs

at both turn and conversational levels and investigate the knowledge integration to

enrich queries at these levels as detailed below.

Turn Knowledge (K) Turn-level knowledge extracted from retrieved relevant

documents at each turn in the conversational dialogue.

1. Qraw + Ki: User-issued query utterance concatenated with knowledge extracted

at ith turn for query expansion.

q = qi �Ki

2. Ki−1 + Qraw: Knowledge extracted only from the previous turn in the conver-

sation, concatenated with the user-issued query utterance in the ith turn.

q = (Ki−1 � qi)

Conversational Knowledge (CK) Conversational level knowledge accumu-

lated throughout the dialogue in the search process.

3. QCK,all : User-issued query utterance with all available conversational knowl-

edge.

q = CK1:n−1 � qi
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4. QCK,sim: User-issued query utterance with selected conversational knowledge

(based on similarity to the ith user-issued query utterance). We consider the

top-3 similar conversational knowledge.

q = CKsim � qi

5. QCK,rank: User-issued query utterance with selected conversational knowledge

(based on relevance to the user-issued query utterance). We consider the top-3

ranked conversational knowledge based on BM25 ranking.

q = CKrank � qi

5.3.2 Results and Discussion

We present our results for keyword-based knowledge integration for query enrichment

at both the turn and conversational levels in the dialogue. We experimented with all

combinations of the number of keywords extracted (5 and 10) and the number of

documents (5 and 10) to evaluate their impact on performance. The results reported

here correspond to the configuration that achieved the best performance in the query

expansion baseline (Qraw + RM3) which is 10 Documents and 10 Keywords, with

the original query weighted to 0.5.

CAsT Datasets. Table 5.1 presents the performance of the sparse retrieval system

on the TREC CAsT 2019 and 2020 datasets. Overall, the results show that both

datasets remain challenging for sparse retrieval, and the effectiveness of different

query reformulation strategies varies considerably.

The user-issued raw queries (Qraw) achieve an nDCG@10 of 0.1479 on CAsT 2019

and 0.0774 on CAsT 2020. Applying RM3 pseudo-relevance feedback consistently

improves all metrics. These results confirm that traditional relevance feedback

remains a strong baseline, even in conversational search settings.

In contrast, incorporating turn-level knowledge does not yield improvements

over the baselines. Both ((Qraw + Ki) and (Ki−1 + Qraw)) lead to a decrease in
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Table 5.1: Performance of a Sparse Retrieval (BM25) System TREC CAsT 2019,
2020. Bold and underline indicate the best result and the second best result. α and
β denote no statistically significant difference over the baselines Qraw and Qraw +
RM3, respectively. (Paired t-test at p < 0.05)

Query CAsT 2019 CAsT 2020
nDCG@10 MRR MAP@1000 nDCG@10 MRR MAP@1000

Baselines
Qraw 0.1479 0.3299 0.1163 0.0774 0.1786 0.0555
Qraw + RM3 0.1732 0.3493 0.1407 0.0892 0.1873 0.0704
Turn Knowledge
Qraw + Ki 0.1090 0.2569 0.0816 0.0587 0.1379 0.0365
Ki−1 + Qraw 0.0727 0.1941 0.0563 0.0774α 0.1786αβ 0.0555α

Conversational Knowledge
QCK,all 0.1048 0.2891αβ 0.0763 0.0616α 0.1594αβ 0.0419α

QCK,sim 0.1349α 0.3374αβ 0.1003α 0.0721αβ 0.1772αβ 0.0454α

QCK,rank 0.1444αβ 0.3569αβ 0.1047α 0.0697αβ 0.1762αβ 0.0448α

performance across all metrics. For example, on CAsT 2019, nDCG@10 falls to

0.1090 and 0.0727, respectively, compared to 0.1479 for the raw query. Similar

declines occur in the CAsT 2020 dataset. These findings suggest that naïvely adding

knowledge to queries can introduce noise.

The three conversational-knowledge reformulations produce mixed results. Using

all conversational knowledge (QCK,all) performs the worst among the three, indicating

that enriching queries too aggressively harms the performance. However, selectively

incorporating conversational knowledge using similarity (QCK,sim) or rank-based

filtering (QCK,rank) leads to more competitive results. On CAsT 2019, QCK,rank reaches

nDCG@10 = 0.1444 and MRR = 0.3569, nearly matching or slightly outperforming

RM3 in MRR. QCK,sim also performs better than most turn-level approaches, although

it still does not outperform the RM3 approach on any metric. The same pattern holds

for CAsT 2020, where the selective conversational-knowledge queries outperform the

other knowledge-based methods but remain below the RM3 baseline.

iKAT Dataset. Table 5.2 reports the performance of the sparse retrieval system on

the TREC iKAT 2023 dataset. The user-issued queries (Qraw) achieve an nDCG@10

of 0.1302 and a MAP@1000 of 0.0505. These values are the strongest performance

among all methods tested. Surprisingly, RM3 pseudo-relevance feedback does not

improve retrieval on this dataset. Instead, performance drops across all metrics, with
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Table 5.2: Performance of a Sparse Retrieval (BM25) System TREC iKAT 2023.
Bold and underline indicate the best result and the second best result. No statistically
significant difference over the baselines Qraw and Qraw + RM3. (Paired t-test at p <
0.05)

Query iKAT 2023
nDCG@10 MRR MAP@1000

Baselines
Qraw 0.1302 0.2828 0.0505
Qraw + RM3 0.1052 0.2521 0.0356
Turn Knowledge
Qraw + Ki 0.0538 0.1765 0.0168
Ki−1 + Qraw 0.0048 0.0185 0.0018
Conversational Knowledge
QCK,all 0.0066 0.0219 0.0023
QCK,sim 0.0150 0.0596 0.0051
QCK,rank 0.0163 0.0795 0.0059

MAP@1000 falling from 0.0505 to 0.0356. This suggests that the feedback documents

retrieved for iKAT may be too noisy, causing RM3 to expand queries in unhelpful

directions.

Adding turn-level knowledge decreases retrieval effectiveness. When utilizing

the current turn’s knowledge (Qraw + Ki), nDCG@10 drops to 0.0538. Using the

previous turn’s knowledge first (Ki−1 + Qraw) produces even worse results across

all metrics. These results indicate that naive expansion of turn-specific knowledge

introduces substantial noise.

A similar trend is observed with conversational-knowledge query reformulations.

Using all available conversational knowledge (QCK,all) produces low scores on all

metrics. The selective approaches(QCK,sim and QCK,rank) perform somewhat better

than the turn-level strategies, but they still remain far below the raw user query

baseline. While these selective filters reduce noise compared to the full-knowledge

approach, they still do not provide useful expansions.

In the CAsT datasets, RM3 is the strongest performer. The effectiveness of

turn-level and conversational knowledge integration depends on how the knowledge is

selected and incorporated. Utilizing all available knowledge tends to degrade perfor-
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mance, whereas selection (similarity or rank-based) narrows down the performance

gap but does not exceed it. Compared with the CAsT benchmarks, iKAT is notably

more difficult. All methods achieve substantially lower effectiveness. This is expected

given iKAT’s more complex, multi-step conversational structure and context needed

from the PTKB to interpret each turn. Both pseudo-relevance feedback and all forms

of knowledge-based expansion decrease the performance. Unlike the CAsT datasets,

where some knowledge-based methods were competitive, in the case of the iKAT

dataset, this was not the case.

These results give a mixed answer to RQ2 for the keyword-based approach. On

the CAsT datasets, the knowledge-based methods (QCK,sim and QCK,rank) perform

close to RM3, but they do not consistently perform better. On the iKAT dataset,

none of the methods performs better than the raw user query. The results show that

RM3 is still the strongest method on the CAsT datasets. This suggests that keyword-

based knowledge adds little new information beyond what RM3 already captures.

In some cases, it even adds unnecessary noise. The iKAT results also show that

keyword-based knowledge is not enough for more difficult conversations. Therefore,

the main contribution of this experiment is to show the limits of keyword-based

knowledge and explain why a stronger summarization-based approach is needed.

Conversation Topic-Wise Analysis

In this section, we examine the retrieval effectiveness at a topic-level to highlight

how different approaches to keyword-based query enrichment perform.

CAsT 2019. Figure 5.4 presents the topic-wise nDCG@10 performance for the

selected query-enrichment approaches for a sparse (BM25) retrieval system. No

clear pattern is evident across all topics, the results are mixed. For certain topics,

Qraw and Qraw+ RM3 are clear winners (Topics 40, 54 and 58), while for others the

conversational-knowledge reformulations (QCK) outperform them (Topics 32, 33, 34,

37, 50, 56, 69, and 78), indicating that enriching a query with knowledge accumulated

over the conversational history can be valuable. Using all conversational knowledge
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(QCK,all) performs the worst among the three, suggesting that overly aggressive query

enrichment can harm performance. However, selectively incorporating conversational

knowledge using similarity-based filtering (QCK,sim) or rank-based filtering (QCK,rank))

yields more competitive results.

Figure 5.4: Topic-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval.

CAsT 2020. Figure 5.5 presents the topic-wise nDCG@10 performance for the

selected query-enrichment approaches for a sparse (BM25) retrieval system. No

clear pattern is evident across all topics, the results are mixed. For certain topics,

Qraw and Qraw+ RM3 are clear winners (Topics 100, 83 and 85), while for others

the conversational-knowledge reformulations (QCK) outperform them (Topics 101,

82, and 89), indicating that enriching a query with knowledge accumulated over

the conversational history can be valuable. Using all conversational knowledge

(QCK,all) performs the worst among the three, suggesting that overly aggressive query

enrichment can harm performance. However, selectively incorporating conversational

knowledge using similarity-based filtering (QCK,sim) or rank-based filtering (QCK,rank))

yields more competitive results.

For Topic 92, enriching the query using conversational-knowledge reformulations

was able to retrieve relevant documents in the top-10 ranks, whereas the other

approaches failed to retrieve any relevant documents within the top 10.
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Figure 5.5: Topic-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval.

iKAT 2023. Figure 5.6 presents the topic-wise nDCG@10 performance for the

selected query-enrichment approaches for a sparse (BM25) retrieval system. None of

the approaches for query enrichment, whether at the turn-level or at the conversational

level, was able to outperform Qraw and Qraw+ RM3 approaches throughout the

topics. In general, Qraw and Qraw+ RM3 performed the best.

Figure 5.6: Topic-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval.
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Conversation Depth-Wise Analysis

In this section, we examine retrieval effectiveness across different conversational

depths to highlight how different approaches to keyword-based query enrichment

perform.

Figure 5.7: Depth-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval.

CAsT 2019. Figure 5.7 presents the nDCG@10 performance of the selected

query-enrichment approaches for a sparse (BM25) retrieval system across different

conversation lengths (depths). A noticeable decline in performance is observed

for all approaches as conversational depth increases, and neither turn-level nor

conversational-level enrichment methods outperform the Qraw+ RM3 throughout the

conversation. Overall, all approaches exhibit a similar pattern of gradually decreasing

performance as the conversation lengthens.

CAsT 2020. Figure 5.8 presents the nDCG@10 performance of the selected

query-enrichment approaches for a sparse (BM25) retrieval system across different

conversation lengths (depths). The results show that all query formulation approaches

exhibit a noticeable decline in performance as conversational depth increases. Overall,

the performance of all approaches gradually decreases as the conversation lengthens.

A significant drop in performance is observed at depth 2.
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Figure 5.8: Depth-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval.

Figure 5.9: Depth-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval.

iKAT 2023. Figure 5.9 presents the nDCG@10 performance of the selected query-

enrichment approaches for a sparse (BM25) retrieval system across different conver-

sation lengths (depths) in the dataset. The results show that enriching the query at

the turn-level or conversational-level leads to a significant decrease in performance in

comparison to the Qraw and Qraw+ RM3 approaches throughout the conversation.

A significant drop in performance is also observed at depth 2 for all the approaches.
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5.4 Summarization-Based Knowledge Integration

In this approach, we propose creating a summary of the contents of the retrieved

documents and treating this summary as the knowledge that the user has gained

during the interaction at that turn in the dialogue. This summary reflects or tries to

capture the information the user has been exposed to and is most likely to remember

since it is the focus of the documents and can be potentially used to refine or expand

the user’s queries in subsequent turns in the dialogue. This is intended to help

the system provide more relevant results by leveraging the user’s assumed growing

understanding of the topic.

Following the general framework as we described in Figure 5.3, in the following

section, we will look into the specifics of the knowledge extractor component, which

in this case will be the summary of the retrieved documents at each turn in the

dialogue.

Knowledge Extractor. For our experiments, knowledge was extracted using

a summarization based approach. The resulting summary is then treated as the

knowledge that the user has gained at that turn in the conversation. To extract the

summary, we employ a fine-tuned version of the Pegasus model (J. Zhang et al. 2020),

specifically adapted for the XSum dataset (Narayan, Cohen, and Lapata 2018), which

consists of a single-sentence summary of news articles. Pegasus is an encoder-decoder

transformer model for abstractive summarization trained to generate a new sentence

(summary) capturing the essential information and not extracting sentences present

in the input text. The Pegasus model used has 12 layers for the encoder and decoder,

and each layer has 16 attention heads. The hidden size of the model is 1024.

5.4.1 Various Formulations of Query Enrichment

We describe the various formulations of integrating the knowledge (summary) and

enriching the user query, and further investigate their effectiveness in CIR following

the discussion in Section 5.3.1.
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1. Qraw: User-issued query at each turn in the conversation.

q = (qn)

2. Qraw + RM3: User-issued query utterance with RM3 pseudo-relevance feed-

back (Lavrenko and W. Bruce Croft 2001) based relevance-feedback approach

for query expansion.

q = (qn � {RM3expansion})

Turn Knowledge (K). Turn-level knowledge extracted from retrieved relevant

documents at each turn in the conversational dialogue.

1. Qraw + Ki: User-issued query utterance concatenated with knowledge extracted

at ith turn for query expansion.

q = qi �Ki

2. QR(Qraw + Ki): User-issued query utterance with knowledge extracted at ith

turn and then passed through a query rewriting stage (QR)

q = QR(qi �Ki)

3. Ki−1 + Qraw: Knowledge extracted from the previous turn in the conversation,

concatenated with the user-issued query utterance in the ith turn.

q = (Ki−1 � qi)

4. QR(Ki−1 + Qraw): Knowledge extracted from the previous turn in the conver-

sation, concatenated with the user-issued query utterance in the ith turn and

then passed through a query rewriting stage (QR).

q = QR(Ki−1 � qi)

137



Towards Improved Conversational Context Understanding for Effective Conversational IR

5. QR(Ki−1 + Qraw) + RM3: Knowledge extracted from the previous turn in

the conversation with the user-issued query utterance in the current turn, then

passed to the query rewriting stage (QR) followed by the relevance-feedback

approach for query expansion.

q = QR(Ki−1 � qi)� {RM3expansion}

Conversational Knowledge (CK). Conversational-level knowledge accu-

mulated throughout the dialogue in the search process.

6. QCK,all: User-issued query utterance with all available conversational knowledge

and then passed to the query rewriting stage (QR).

q = QR(CK1:n−1 � qi)

7. QCK,sim: User-issued query utterance with selected conversational knowledge

(based on similarity to the ith user-issued query utterance) then passed to

the query rewriting stage (QR). We consider the top-3 similar conversational

knowledge.

q = QR(CKsim � qi)

8. QCK,rank: User-issued query utterance with selected conversational knowledge

(based on relevance to the user-issued query utterance) is then passed to the

query rewriting stage (QR). We consider the top-3 ranked conversational

knowledge based on the BM25 ranking.

q = QR(CKrank � qi)

5.4.2 Results and Discussion

We present our results for summarization-based knowledge integration for query

enrichment at both the turn and conversational levels in the dialogue. The results
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Table 5.3: Performance of a Sparse Retrieval (BM25) System TREC CAsT 2019,
2020. Bold and underline indicate the best result and the second best result. α and
β denote statistically significant improvements over the baselines Qraw and Qraw +
RM3, respectively. (Paired t-test at p < 0.05)

Query CAsT 2019 CAsT 2020
nDCG@10 MRR MAP@1000 nDCG@10 MRR MAP@1000

Baselines
Qraw 0.1479 0.3299 0.1163 0.0774 0.1786 0.0555
Qraw + RM3 0.1732 0.3493 0.1407 0.0892 0.1873 0.0704
Turn Knowledge
Qraw + Ki 0.1439 0.3107 0.0977 0.0805 0.1831 0.0537
QR(Qraw + Ki) 0.0728 0.1678 0.0579 0.0288 0.0772 0.0214
Ki−1 + Qraw 0.1108 0.2622 0.0761 0.0504 0.1231 0.0374
QR(Ki−1 + Qraw) 0.2016α 0.4288αβ 0.1606α 0.1008α 0.2294α 0.0748α

QR(Ki−1 + Qraw) + RM3 0.2409αβ 0.4612αβ 0.2081αβ 0.1193αβ 0.2529αβ 0.0944αβ

Conversational Knowledge
QCK,all 0.1535 0.3402 0.1279 0.0830 0.1793 0.0632
QCK,sim 0.1890α 0.4002α 0.1552α 0.0863 0.1807 0.0654
QCK,rank 0.1992α 0.4050α 0.1580α 0.0981α 0.2090 0.0730α

correspond to the configuration that achieved the best performance in the query

expansion baseline (Qraw + RM3), which used 10 documents. We also experimented

with generating shorter summaries, using a minimum of 10 tokens and a maximum of

20 tokens, but found that summaries with a minimum length of 20 and a maximum

of 40 tokens produced better results.

CAsT Datasets. Table 5.3 presents the performance of all query enrichment

approaches on the TREC CAsT 2019 and 2020 datasets using a sparse retrieval

(BM25). Overall, the results show that incorporating knowledge improves retrieval

quality over the baseline queries. (Qraw + RM3) consistently improves upon the

performance of the raw queries (Qraw). For example, on CAsT 2019, nDCG@10

increases from 0.1479 to 0.1732, and MAP rises from 0.1163 to 0.1407. Similar

improvements appear in CAsT 2020. Directly utilizing the current turn’s knowledge

Ki in the user query does not lead to improvements.

Applying the query rewriting model QR(Qraw + Ki) at the turn-level further

decreases performance. In contrast, using the previous turn’s knowledge (Ki−1 +

Qraw) is more effective with the query rewriting approach instead of the query

expansion approach. QR(Ki−1 + Qraw) produces the second-best results across

all metrics for both datasets. This indicates that knowledge integration using the
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Table 5.4: Performance of a Sparse Retrieval (BM25) System TREC iKAT 2023.
Bold and underline indicate the best result and the second best result. No statistically
significant difference over the baselines Qraw and Qraw + RM3. (Paired t-test at p <
0.05)

Query iKAT 2023
nDCG@10 MRR MAP@1000

Baselines
Qraw 0.1302 0.2828 0.0505
Qraw + RM3 0.1052 0.2521 0.0356
Turn Knowledge
Qraw + Ki 0.0561 0.1842 0.0186
QR(Qraw + Ki) 0.010 0.0292 0.0025
Ki−1 + Qraw 0.0083 0.0263 0.0042
QR(Ki−1 + Qraw) 0.0570 0.1484 0.0240
QR(Ki−1 + Qraw) + RM3 0.0738 0.1729 0.0327
Conversational Knowledge
QCK,all 0.0060 0.2544 0.0038
QCK,sim 0.0050 0.0155 0.0029
QCK,rank 0.0024 0.0075 0.0014

previous conversational turn is generally more useful than current-turn knowledge.

When RM3 expansion is added on top of QR(Ki−1 + Qraw), the system achieves

the best overall performance. For CAsT 2019, the model reaches nDCG@10 = 0.2409

and MAP = 0.2081, outperforming all other methods. A similar pattern is observed

in CAsT 2020. These improvements suggest that combining structured previous-turn

knowledge with both query rewriting and pseudo-relevance feedback is an effective

approach.

The conversational-level knowledge methods, which integrate knowledge gathered

across the dialogue, also yield improvements over the baselines (Qraw and (Qraw

+ RM3)). Among these, the similarity-based selection (QCK,sim) and rank-based

selection (QCK,rank) performed better than simply using all available conversational

knowledge (QCK,all). The ranking-based variant achieves results close to the turn-

knowledge methods, reaching nDCG@10 = 0.1992 for CAsT 2019 and 0.0981 for CAsT

2020. These findings show that selectively incorporating knowledge is beneficial.
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iKAT Dataset. Table 5.4 reports the performance of different query formulations

on the TREC iKAT 2023 dataset. Interestingly, Qraw achieves the best overall

performance among all query enrichment approaches. It reaches nDCG@10 = 0.1302,

Recall@100 = 0.2828, and MAP = 0.0505. Adding RM3 pseudo-relevance feedback

reduces performance, especially on nDCG@10 and MAP. This suggests that RM3

introduces noisy expansion terms in this dataset, which affects the ranking of the

top documents.

All turn-knowledge approaches perform worse. Simply utilizing the current turn’s

knowledge Ki reduces performance. This performance reduction indicates that the

extracted knowledge adds a large amount of irrelevant information. Applying the

query rewriting model QR(Qraw + Ki) results in an even more substantial decline.

Using previous-turn knowledge Ki−1 shows a similar pattern. Query expansion

performs poorly, while query rewriting helps but still remains below the baselines.

The best performing turn-knowledge variant is QR(Ki−1 + Qraw) + RM3, which

achieves nDCG@10 = 0.0738 and MAP = 0.0327. Although this is the strongest

result within the turn-knowledge group, it still falls short of the raw user query

baseline.

The conversational-knowledge methods also fail to outperform the baseline. Using

all accumulated conversational knowledge (QCK,all) results in a higher recall (0.2544),

but the nDCG@10 and MAP remain extremely low. This suggests that while (QCK,all)

approach retrieves more potentially relevant documents, they are not ranked near the

top. The similarity-based and rank-based selection strategies (QCK,sim and QCK,rank)

perform poorly across all metrics. These findings imply that conversational knowledge

is not directly beneficial in the iKAT dataset and that the additional context that is

used for the reformulation of the query acts as noise.

These results give the strongest answer to RQ2 in this chapter. On the CAsT

datasets, combining previous-turn knowledge, query rewriting, and RM3 (QR(Ki−1

+ Qraw) + RM3) gives the best results. It performs better than using RM3 alone.

For example, on CAsT 2019, nDCG@10 improves from 0.1732 to 0.2409, and MAP
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improves from 0.1407 to 0.2081. This shows that summarized user knowledge

can improve conversational search. However, the improvement comes from using

knowledge, query rewriting, and RM3 together, so it is difficult to measure the

effect of the knowledge summary alone. Also, on the iKAT dataset, none of the

knowledge-based methods performs better than the raw user query. This shows that

knowledge modeling works better for simple conversations like CAsT than for more

complex conversations like iKAT. Compared with keywords, summarization gives

a clearer and more meaningful representation of the user’s knowledge, making it

easier for the query rewriting model to use. This suggests that richer knowledge

representations can further improve conversational search, as discussed in Chapter 6.

Conversation Topic-Wise Analysis

In this section, we examine the retrieval effectiveness at a topic level to highlight

how different approaches to summarization-based query enrichment perform.

CAsT 2019. Figure 5.10 presents the topic-wise nDCG@10 performance for the

selected query-enrichment approaches for a sparse (BM25) retrieval system. For

certain topics, e.g. Topic 77, Qraw+ RM3 performs the best. Turn-level knowl-

edge enrichment (QR(Ki−1 + Qraw) + RM3) generally performed the best across

majority of the topic (Topics 31, 32 68 and 61), while for Topics 34, 49, 59 and

56 the conversational-knowledge reformulations (QCK) outperforms, indicating that

enriching a query with knowledge accumulated over the conversational history can

be valuable. Using all conversational knowledge (QCK,all) performs the worst among

the three, suggesting that overly aggressive query enrichment can harm performance.

However, selectively incorporating conversational knowledge using rank-based fil-

tering (QCK,rank) yields more competitive results as compared to similarity-based

filtering (QCK,sim).

CAsT 2020. Figure 5.11 presents the topic-wise nDCG@10 performance for the

selected query-enrichment approaches for a sparse (BM25) retrieval system. For
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Figure 5.10: Topic-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval.

certain topics (e.g Topic 100 and 97), Qraw+ RM3 performed the best. Turn-level

knowledge enrichment (QR(Ki−1 + Qraw) + RM3) generally performed the best

across majority of the topic (Topics 101, 104, 82, 85 and 93), while for others

the conversational-knowledge reformulations (QCK) outperforms (Topics 102, 81, 87

and 99), indicating that enriching a query with knowledge accumulated over the

conversational history can be valuable.

Figure 5.11: Topic-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval.
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iKAT 2023. Figure 5.12 presents the topic-wise nDCG@10 performance for the

selected query-enrichment approaches for a sparse (BM25) retrieval system. Gener-

ally, none of the approaches for query enrichment, whether at the turn-level or at

the conversational level, was able to outperform Qraw or Qraw+ RM3 approaches

throughout the topics. However, in the case of Topics 18-2 and 21-1 turn-level knowl-

edge, (QR(Ki−1 + Qraw) + RM3) performed the best. Conversational-knowledge

reformulations failed to perform in comparison. Topics 11-2 and 17-3 posed a sig-

nificant challenge. Irrespective of the various query enrichment formulations, the

system was unable to retrieve any relevant documents in the top 10.

Figure 5.12: Topic-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval.

Conversation Depth-Wise Analysis

In this section, we examine retrieval effectiveness across different conversational

depths to highlight how different approaches to keyword-based query enrichment

perform.

CAsT 2019. Figure 5.13 presents the nDCG@10 performance of the selected

query-enrichment approaches for a sparse (BM25) retrieval system across different

conversation lengths (depths). A gradual decline in performance is observed for

all approaches as conversational depth increases. The turn-level query enrichment

144



Towards Improved Conversational Context Understanding for Effective Conversational IR

Figure 5.13: Depth-wise ndcg@10 Performance for CAsT 2019 Sparse Retrieval.

QR(Ki−1 + Qraw) + RM3 performed better compared to other approaches. The

conversational-level enrichment outperforms the Qraw throughout the conversation

depth but is unable to outperform the QR(Ki−1 + Qraw) + RM3 approach.

Figure 5.14: Depth-wise ndcg@10 Performance for CAsT 2020 Sparse Retrieval.

CAsT 2020. Figure 5.14 presents the nDCG@10 performance of the selected

query-enrichment approaches for a sparse (BM25) retrieval system across different

conversation lengths (depths). The results show that all query formulation approaches

exhibit a noticeable decline in performance as conversational depth increases. Overall,
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the performance of all approaches gradually decreases as the conversation lengthens.

A significant drop in performance is observed at depth 2. The turn-level query

enrichment QR(Ki−1 + Qraw) + RM3 performed better compared to other approaches.

It was closely followed by the conversation-level query enrichment (QCK,all) at depths

2, 3 and 4, but the performance degrades significantly beyond depth 4.

Figure 5.15: Depth-wise ndcg@10 Performance for iKAT 2023 Sparse Retrieval.

iKAT 2023. Figure 5.15 presents the nDCG@10 performance of the selected

query-enrichment approaches for a sparse (BM25) retrieval system across differ-

ent conversation lengths (depths) in the dataset. The results show that enriching

the query at the turn-level or conversational-level leads to a significant decrease

in performance in comparison to the Qraw and Qraw+ RM3 approaches through-

out the conversation. The turn-level query enrichment is better compared to the

conversational-level enrichment. A significant drop in performance is also observed

at depth 2 for all the approaches.

5.5 Summary

In this chapter, we presented a framework for integrating knowledge into Conver-

sational Information Retrieval (CIR) systems, addressing the challenge of making
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knowledge a central component of information retrieval. By leveraging knowledge

accumulated during conversations, the framework aims to improve CIR systems’

ability to understand users’ information needs, engage in contextually relevant dia-

logue, and provide more accurate responses. The framework consists of three main

components: the Knowledge Extractor (KE), Current Knowledge State

(cks) and the Knowledge Updater (KU). The KE extracts relevant information

from user queries, documents, and prior knowledge, while the KU integrates this

knowledge into the current knowledge state, ensuring the system remains up-to-date

and comprehensive throughout the interaction represented by the cks.

Furthermore, we explored the enhancement of queries in conversational search by

integrating knowledge from retrieved documents. We proposed a keywords-based

and summarization-based approach for integrating knowledge to enrich subsequent

user queries, and we conducted experiments using the TREC CAsT 2019, 2020

and iKAT 2023 datasets to evaluate its effectiveness. Our results demonstrate

that our approach improves the system’s retrieval performance in certain scenarios.

Additionally, we found that our method can outperform relevance-based feedback

techniques, highlighting the potential of a knowledge-based approach to query

enrichment in conversational search.

With respect to RQ1, both approaches demonstrate that features of the expected

user’s developing knowledge can be identified and captured during a conversational

search task, through keyword extraction and abstractive summarization of retrieved

documents, respectively. The framework’s Knowledge Extractor and Knowledge

Updater components formalise this capture process, constituting the first structured

architecture for knowledge modeling within a multi-turn CIR dialogue.

For RQ2, the results show that user knowledge modeling can improve retrieval,

but only in some cases. On the CAsT datasets, the summarization-based method,

combined with query rewriting and RM3, gives the best results. However, on the

more difficult iKAT dataset, none of the knowledge-based methods performs better

than the raw user query. The keyword-based method never performs better than
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RM3, while the summarization-based method improves results only on CAsT. This

shows that how user knowledge is represented is very important. Overall, these results

provide partial support for Hypothesis 2. User knowledge can improve conversational

search, but better knowledge representations and extraction methods are still needed.

These limitations and future work are discussed in Chapter 6.
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Chapter 6

Conclusion

In this chapter, we present a summary of our investigation for this research. We

describe the key findings of our study. We then revisit the research question introduced

in Chapter 1. Following this, we discuss the limitations of our work and identify

potential directions for future research and opportunities for further exploration.

The investigations presented in this thesis advance our understanding of how

conversational context, historical query turns and evolving user knowledge can

be leveraged to improve CIR systems. While these two dimensions were studied

separately, their findings are interconnected. Effective retrieval in multi-turn dialogue

depends not only on identifying and selecting which prior turns are relevant, but also

on understanding how a user’s knowledge state evolves across those turns. Together,

these two dimensions point toward a more holistic view of conversational context

that future CIR systems must embrace.

6.1 Key Findings

In this PhD work, we examined the role of conversational context within CIR.

Specifically, we explored the challenges and opportunities involved in understanding

and leveraging conversational context from two key dimensions: (1) conversational

history and (2) knowledge. The goal of this thesis is to study and deepen our

understanding of these two aspects in CIR by exploring approaches for identifying
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related historical turns in the conversational context, and by developing methods for

modeling the user’s evolving knowledge throughout the interaction.

6.1.1 Exploring the Challenge of Related Historical Context

Identification in CIR

We investigated the effect of historical conversational context in CIR. Our findings

show that incorporating historical conversational context is important for improving

conversational search, with query rewriting using all prior turns yielding the strongest

performance. However, because not all prior turns are related, selective context

identification becomes essential. The results of this study were used to propose and

evaluate different approaches to selective context identification. Experiments reveal

that a hybrid approach of using simple heuristics and semantic similarity signals can

improve turn selection by focusing on structurally or semantically important queries,

while avoiding using the entire historical conversational context of the dialogue. Large

language models(LLMs) are able to identify related historical conversational query

turns. However, the retrieval performance of the LLM-identified related turns to

contextualize and disambiguate the current turn does not improve compared to the

similarity-based approach, as shown in Table 4.7. Overall, the results demonstrate

that a hybrid approach leveraging a similarity signal to identify and select related

historical conversational query context is the most effective approach with respect to

the retrieval effectiveness across datasets and retrieval systems.

6.1.2 User Knowledge in CIR

We proposed a framework for modeling a user’s evolving knowledge in conversational

search. Based on this framework, we investigated approaches for knowledge

extraction and integration in the form of query enrichment. We investigated

a keyword-based knowledge integration approach and a summarization-based

knowledge integration. Our findings show that the keyword-based approach is less

effective than the summarization-based approach, and in highly complex tasks, the
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knowledge integration approaches fail to outperform raw queries. User knowledge

modeling can enhance conversational search, but its effectiveness is conditional.

Overall, our framework demonstrates that user knowledge modeling has potential

for enhancing CIR.

Together, these findings reveal that no single approach, whether historical query

turns or extracted knowledge, is sufficient on its own. The most effective strategies

are those that selectively and adaptively combine contextual signals. Historical

context is most useful when relevant turns are identified, and user knowledge is

most beneficial when it is summarized and selectively integrated. Suggesting that

future CIR systems should pursue a unified contextual model that jointly represents

dialogue history and user knowledge state.

6.2 Research Questions Addressed

We investigated the research questions introduced in Chapter 1. In this section, we

revisit the questions and summarize the findings from our investigations.

6.2.1 To what extent can the incorporation of historical

conversational context impact the overall retrieval ef-

fectiveness of a conversational search system?

In this investigation, we studied how incorporating historical conversational context

affects the performance of CIR systems. Our findings showed that including informa-

tion from previous turns improves retrieval effectiveness. User-issued queries (Qraw)

performed the worst, confirming that conversational queries often lack enough infor-

mation on their own and require context from prior turns to be properly understood.

We found that the performance of the system generally increased as more pre-

vious turns were included. We also found that the query-rewriting consistently

outperformed expansion-based strategies, with the best results achieved when all
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previous queries were used (Qall + cqr).

Heuristic approach of selecting previous k-turns to incorporate conversational

context to contextualize query was helpful, but it did not perform as well compared

to using all the available conversational context. However, not all previous turns

are equally related and relevant (Aliannejadi, Chakraborty, et al. 2020; Jeffrey

Dalton, Xiong, and Callan 2021). Further, our analysis showed that, while the most

recent previous turns are the most relevant in the dialogue (Figure 4.1), in longer

conversations, relevant information can appear earlier in the conversation. This

highlights the challenge of effectively selecting relevant turns, especially as the length

of conversational context grows. Overall, incorporating historical conversational

query context improves retrieval performance.

6.2.2 Can we identify and select the historical conversational

context in the dialogue so as to be able to support the

user in reaching their information goal?

In this investigation, we examined similarity-based, hybrid and LLM-based ap-

proaches to identifying related historical conversational query turns. Our findings

show that it is both possible and effective to select related historical conversa-

tional context for conversational search. The analysis of the heuristic approach

demonstrates that the approach of selecting the first turn and the previous 3 turns

QTurn1prev3 is more effective than selecting all the previous queries Qall as a method

of identifying related historical conversational query turns (Table 4.6). Similarly,

the semantic similarity signal can identify semantically relevant, but lexically varied

historical conversational context. Hybrid approach to identify related historical turns

(SIMlowQprev3 and SIMlowQTurn1prev3) performed comparably to selecting all the

previous queries Qall, avoiding inclusion of unnecessary information while preserving

retrieval effectiveness.

LLM-based experiments show that large language models substantially outperform

all the other approaches to identifying related historical conversational query context
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(Table 4.6).

The retrieval performance that integrates these selection approaches (Table 4.7)

demonstrates that the hybrid approach is the strongest performer across all datasets

(CAsT 2019, CAsT 2020, iKAT 2023). The hybrid method consistently outperforms

the other approaches, suggesting it is possible to identify historical conversational

context while achieving retrieval performance comparable to using the entire historical

conversational context.

6.2.3 Can features of the expected user’s developing knowl-

edge be identified and captured during a conversational

search task?

As discussed in Chapter 5, understanding and leveraging a user’s evolving knowledge

during a conversational search can potentially be utilized for effective information

retrieval. We presented a framework that continuously captures and updates a

user’s knowledge throughout a search session, demonstrating how such modeling can

enhance the system’s ability to support and guide the user’s information-seeking

process.

Through the proposed framework, we introduced a method which seeks to

identify and capture expected features of a user’s developing knowledge during a

conversational search task. This is achieved by continuously extracting, updating, and

leveraging information obtained from both the dialogue context and the documents

encountered throughout the search process. Recent work has shown that modeling

users’ knowledge during search is both feasible and informative (Câmara, El-Zein, and

da-Costa-Pereira 2022). Approaches based on keywords, named entities, knowledge

graphs, and large language models have each demonstrated the ability to reflect a

user’s understanding during a session (Câmara, El-Zein, and da-Costa-Pereira 2022;

El Zein, Câmara, et al. 2023; Nasser et al. 2024). Building on these developments,

our framework integrates a Knowledge Extractor (KE) and Knowledge Updater

(KU) into the CIR workflow, enabling the system to identify concepts, entities, and
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relationships from queries, retrieved documents, and accumulated knowledge during

the conversational dialogue. The extracted knowledge is then incorporated into the

retrieval system so that the system maintains a representation of the user’s evolving

information state. By capturing knowledge, the system seeks to refine the user’s

query into a more complete and contextually accurate expression of their information

need.

These mechanisms aim to allow the model to leverage the user’s growing knowl-

edge to improve retrieval effectiveness in the subsequent turns in the dialogue. Despite

this potential, existing CIR research has not sought to integrate the evolving user

knowledge during the conversation, leaving a significant opportunity for advancement.

Our framework seeks to address this gap. By structuring CIR around continuous

extraction, incremental updating, and flexible knowledge representations, we show

how a CIR system can adapt to a user’s changing understanding in real time. While

our focus is on expected user knowledge that emerges within a single conversa-

tional session, the framework establishes a foundation for future efforts that might

incorporate longer-term user knowledge models.

6.2.4 Can we exploit the model of the user’s knowledge to

improve the effectiveness of conversational search?

In this investigation, we studied keyword-based and summarization-based approaches

to integrating knowledge and enriching conversational user queries. The results across

both the keyword-based and summarization-based experiments provide a nuanced

answer to this question. Overall, the findings show that user-knowledge modeling

can improve conversational retrieval effectiveness under specific conditions, but its

success depends on how the knowledge is selected and incorporated.

In the keyword-based experiments, similarity-based and rank-based conversational

knowledge selection narrowed the gap to the RM3 approach, although they did

not exceed it. In the summarization-based experiments, utilizing previous-turn

knowledge, when processed through a rewriting model, produces the strongest gains.
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This combination achieved the best overall performance on both CAsT datasets.

These findings demonstrate that summarized and selective knowledge integration,

especially when derived from earlier conversational turns, can be effectively exploited

to improve retrieval.

Summarization-based knowledge is more promising than a keyword-based ap-

proach. However, in more complex conversational settings, such as in the iKAT

dataset, knowledge integration methods fail to outperform the raw user queries,

indicating that richer, semantically grounded knowledge representations are needed

to adequately capture the complexity of user knowledge in search tasks. This points

to a pressing challenge of developing knowledge representations that are expressive

enough to generalize across conversational settings of varying complexity in CIR.

6.3 Limitations and Future Directions

While this thesis advances our understanding of historical conversational context and

user knowledge modeling in CIR, there are several limitations of this work. These

limitations also highlight promising avenues for future research.

6.3.1 Limitations

This work focuses primarily on exploiting historical conversational query context to

improve conversational context understanding. We do not explore incorporating the

contextual information retrieved from documents or system results from earlier turns

in the dialogue for conversational context understanding. However, we explore this

avenue in our investigation of incorporating user knowledge in conversational search.

While user-issued conversational query turns provide important information for

interpreting intent and resolving ambiguity, they capture only one dimension of the

evolving interaction. Retrieved documents often provide additional information that

can improve the user’s understanding of their information need and influence their

subsequent behaviour. Capturing this information can improve query understanding
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by revealing how the user’s information need develops across turns. Integrating

such information from the retrieved document could therefore enhance the system’s

ability to interpret queries more accurately, especially in complex or exploratory

information-seeking tasks. By not considering retrieved documents and focusing

only on conversational historical query turns, the context modeling examined in this

thesis remains limited. This reduces the system’s opportunity to leverage additional

contextual information through interaction with the retrieved results. As a result, the

findings presented here may underrepresent the potential benefits of a more holistic

approach that jointly models both conversational historical query and retrieved

documents in the conversational turns.

The conversational scenarios studied in this work do not account for mixed-

initiative interactions (Sekulić, Aliannejadi, and Crestani 2022), in which both the

user and the system can take the lead in the dialogue, or for clarification-based

search behavior (Y. Yuan et al. 2024), where the system, instead of retrieving docu-

ments, attempts to elicit additional information from the user by posing a question.

Real-world conversational search involves frequent clarification questions (Sekulić,

Aliannejadi, and Crestani 2021), preference elicitation (Kostric, Balog, and Radlinski

2024) and mixed-initiation by the participants. By limiting the investigation to

user-initiated turns as set out in these datasets, the generalizability of the findings

to richer conversational settings is limited.

The approaches investigated for identifying related historical context relied largely

on simple semantic similarity signals and heuristic indicators. While these methods

proved effective, they represent relatively simple strategies for context selection.

Although LLM-based context identification and selection were explored, the work

evaluates only a small sample of LLMs, and more advanced or larger contemporary

models were not included due to resource constraints. Richer LLM modelling of

search conversation may yield improved methods of context modelling and knowledge

capture.

In the context of user knowledge modeling, this work employed simple knowledge

156



Towards Improved Conversational Context Understanding for Effective Conversational IR

extraction techniques, primarily keyword-based and summary-based approaches.

Furthermore, we made the simplifying assumption that the user interacts with the

top-k retrieved documents, and that the system should extract knowledge from all of

these documents by default. This assumption will not reflect actual user behaviour,

where users generally view or engage with only a subset of retrieved results, with

unequal focus on the documents which they examine. This simplification also

limits the expressiveness of the extracted knowledge, since a behaviourally grounded

extraction process would likely yield more targeted and meaningful knowledge

representations.

This work focuses exclusively on enriching queries with extracted knowledge

rather than modeling the knowledge actually gained by the user. Our framework

captures knowledge in the search interaction, but does not measure or attempt

to truly predict the user’s internal knowledge state. Moreover, the investigation

is limited to knowledge emerging within a single conversational session, without

accounting for users’ prior domain knowledge or cross-session learning, both of which

significantly influence search behaviour and outcomes.

The experiments in this thesis were conducted on a small number of established

conversational search datasets, primarily the TREC CAsT 2019, CAsT 2020, and

iKAT 2023 datasets. While these are widely used evaluation collections in the CIR

community, they represent a narrower landscape of conversational search. These

datasets were constructed under specific protocols, with predefined topic structures,

and manually assessed relevance judgements. As a result, the conversational scenarios

may not fully reflect the real-world information-seeking dialogues. The findings

reported in this thesis should therefore be interpreted with this in mind. Future

work should evaluate the proposed methods on a broader and more diverse set of

benchmarks, including datasets from real user interactions, to more rigorously assess

their generalizability.

Several of the approaches investigated in this thesis involve parameters whose

values were selected theoretically or based on prior work, including similarity thresh-
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olds for hybrid context selection, the number of previous turns k, and the number of

top-retrieved documents n from which user knowledge is extracted. The robustness

of the reported findings to variation in these parameters across different datasets and

retrieval settings has not been exhaustively investigated. For instance, the similarity

threshold used in the hybrid selection approach may not be optimal. Similarly, the

assumption that users interact with all top-k retrieved documents may overstate

actual user behaviour. These parameter dependencies suggest that the proposed

methods may require dataset-specific or task-specific tuning, limiting their generaliz-

ability. Future work should develop adaptive or self-tuning variants of the proposed

approaches that reduce reliance on manually set thresholds.

6.3.2 Future Directions

Future research can extend this thesis in several important and interconnected

directions. A key finding of this investigation is the need for richer, more structured

representations of conversational context. A key direction for future research is to

move beyond treating historical query context and user knowledge as separate signals,

and instead develop unified context models that represent both simultaneously. Such

a model could dynamically weight historical turns and accumulated knowledge based

on their relevance to the current query, enabling a more holistic understanding of

the user’s evolving information need.

The findings of this thesis demonstrate that summarisation-based knowledge

integration outperforms keyword-based approaches, yet both remain limited in

expressiveness. Future research should investigate more structured knowledge rep-

resentations, including Named Entity Recognition (NER), knowledge graphs, and

LLM-derived concept models. Knowledge graphs, in particular, offer the ability to

capture relationships between entities across turns, which could substantially improve

the system’s ability to model how user understanding evolves. LLM-based knowledge

extraction, using models with stronger reasoning capabilities, could further enhance

the quality and coverage of extracted knowledge. Importantly, knowledge integration
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strategies should be evaluated not only on retrieval effectiveness but also on how

accurately they reflect the user’s actual knowledge state.

This thesis assumed that users interact with all top-k retrieved documents, which

does not reflect realistic search behaviour. Future work should incorporate implicit

feedback signals, such as dwell time and clicks, to identify which documents a user

actually engages with, and restrict knowledge extraction accordingly. This would

yield more targeted and meaningful knowledge representations and bring knowledge

modeling closer to real-world CIR scenarios.

Rather than simply enriching queries with extracted knowledge, future research

should investigate how to estimate the knowledge actually gained by the user across

turns. This would allow CIR systems to adapt not only to what information the user

has encountered, but to how their understanding has developed as a result. Extending

this further to cross-session settings, where a user’s prior domain knowledge and past

search history are incorporated, would enable substantially more personalised and

adaptive conversational search systems.

Developing methods that handle clarification requests and system-initiated sug-

gestions can make context selection and query rewriting more robust and adaptive

to real conversational dynamics. Both context modeling and knowledge integration

could benefit from clarification turns, which provide explicit signals about the user’s

information need and current understanding.

This thesis evaluated a limited sample of LLMs due to resource constraints.

Future work should assess more advanced and domain-specialised models to determine

whether stronger LLM reasoning yields further improvements in context identification,

knowledge extraction, and query rewriting. Such an evaluation would also help clarify

the conditions under which LLM-based approaches offer advantages over simpler

similarity-based methods.
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Appendix A

LLM Prompt details

A.1 Prompts for the Phi-LLM Model

Prompt: <|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.
<|start_header_id|>user<|end_header_id|> Determine whether the
current conversation turn is related to the previous one.
Previous Turn: {prev_turn}
Current Turn: {current_turn}
Answer with 'related' or 'not related'.
<|start_header_id|>assistant<|end_header_id|>

Figure A.1: Zero-shot Prompt for Phi-LLM

Prompt: <|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.
<|start_header_id|>user<|end_header_id|> Determine whether the
current conversation turn is related to the previous one.
Previous Turn: Do you like horror movies?
Current Turn: I just watched The Conjuring yesterday.
<|start_header_id|>assistant<|end_header_id|>related
<|start_header_id|>user<|end_header_id|>
Previous Turn: {prev_turn}
Current Turn: {current_turn}
<|start_header_id|>assistant<|end_header_id|>

Figure A.2: One-shot Prompt for Phi-LLM
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Prompt: <|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.
<|start_header_id|>user<|end_header_id|> Determine whether the
current conversation turn is related to the previous one. Respond
with 'related' or 'not related'.
Previous Turn: What time does the concert start?
Current Turn: It's supposed to rain tonight.
<|start_header_id|>assistant<|end_header_id|>not related
<|start_header_id|>user<|end_header_id|>
Previous Turn: I really enjoyed that movie last night.
Current Turn: Yeah, the acting was fantastic.
<|start_header_id|>assistant<|end_header_id|>related
<|start_header_id|>user<|end_header_id|>
Previous Turn: Do you like Indian food?
Current Turn: I love chicken tikka masala.
<|start_header_id|>assistant<|end_header_id|>related
<|start_header_id|>user<|end_header_id|>
Previous Turn: Are you free tomorrow afternoon?
Current Turn: I need to finish a report by Friday.
<|start_header_id|>assistant<|end_header_id|>not related
<|start_header_id|>user<|end_header_id|>
Previous Turn: {prev_turn}
Current Turn: {current_turn}
<|start_header_id|>assistant<|end_header_id|>

Figure A.3: Few-shot Prompt for Phi-LLM

A.2 Prompts for the LLama Models
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Prompt: <|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.
<|start_header_id|>user<|end_header_id|> Determine whether the
current conversation turn is related to the previous one.
Previous Turn: {prev_turn}
Current Turn: {current_turn}
Answer with 'related' or 'not related'.
<|start_header_id|>assistant<|end_header_id|>

Figure A.4: Zero-shot Prompt for LLama Model

Prompt: <|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.
<|start_header_id|>user<|end_header_id|> Determine whether the
current conversation turn is related to the previous one.
Previous Turn: Do you like horror movies?
Current Turn: I just watched The Conjuring yesterday.
<|start_header_id|>assistant<|end_header_id|>related
<|start_header_id|>user<|end_header_id|>
Previous Turn: {prev_turn}
Current Turn: {current_turn}
<|start_header_id|>assistant<|end_header_id|>

Figure A.5: One-shot Prompt for LLama Model
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Prompt: <|begin_of_text|><|start_header_id|>system<|end_header_id|>

You are a helpful assistant.
<|start_header_id|>user<|end_header_id|> Determine whether the
current conversation turn is related to the previous one. Respond
with 'related' or 'not related'.
Previous Turn: What time does the concert start?
Current Turn: It's supposed to rain tonight.
<|start_header_id|>assistant<|end_header_id|>not related
<|start_header_id|>user<|end_header_id|>
Previous Turn: I really enjoyed that movie last night.
Current Turn: Yeah, the acting was fantastic.
<|start_header_id|>assistant<|end_header_id|>related
<|start_header_id|>user<|end_header_id|>
Previous Turn: Do you like Indian food?
Current Turn: I love chicken tikka masala.
<|start_header_id|>assistant<|end_header_id|>related
<|start_header_id|>user<|end_header_id|>
Previous Turn: Are you free tomorrow afternoon?
Current Turn: I need to finish a report by Friday.
<|start_header_id|>assistant<|end_header_id|>not related
<|start_header_id|>user<|end_header_id|>
Previous Turn: {prev_turn}
Current Turn: {current_turn}
<|start_header_id|>assistant<|end_header_id|>

Figure A.6: Few-shot Prompt for LLama Model
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