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Abstract

Conversational assistants such as Siri, Alexa, and Google Home have become ubiquitous in daily
life, simplifying tasks such as scheduling events and checking the weather. However, they struggle
with complex search tasks, especially in procedural domains like cooking. Therefore, this thesis
investigates conversational search in the cooking domain, aiming to understand user information
needs and how assistance systems can effectively support them. A range of studies, from natu-
ralistic to controlled experiments, are conducted to achieve these goals. The thesis presents four
main studies: 1. An in-situ study where users prepare a meal and converse with a human assis-
tant offers insights into which information needs users have when cooking with a conversational
agent. Based on this, a detailed taxonomy of information needs is developed, and experiments
show that these needs can be algorithmically predicted. 2. A survey aimed at understanding user
expectations and desires from a cooking assistant reveals different user expectations across demo-
graphics. For example, the findings suggest that younger cooking enthusiasts desire background
knowledge on food history and scientific processes. These needs were not part of the initial tax-
onomy. 3. A controlled information retrieval experiment explores how user needs can be best
supported from an algorithmic perspective. The experiment demonstrates that aligning the recipe
document representation with the task structure and prepending the previous two to three user
turns enhances accuracy in system responses, ensuring that user information needs are effectively
addressed. 4. As a final contribution, support is studied from an interaction perspective. A Wizard-
of-Oz study demonstrates that a proactive agent policy leads to more engaging conversations and
greater knowledge communication compared to a passive policy.






Zusammenfassung

Sprachassistenten wie Siri, Alexa und Google Home gehoren mittlerweile zum Alltag und vere-
infachen Aufgaben wie die Terminplanung und das Abrufen des Wetterberichts. Bei komplexeren
Suchaufgaben, insbesondere in prozeduralen Bereichen wie dem Kochen, stof3en sie jedoch schnell
an ihre Grenzen. Diese Arbeit untersucht daher die sprachbasierte Suche im Kochkontext. Ziel ist
es, die auftretenden Informationsbediirfnisse beim Kochen zu verstehen und zu lernen, wie As-
sistenzsysteme diese Bediirfnisse effektiv erfiillen konnen. Hierfiir werden verschiedene Studien
von naturalistischen bis hin zu kontrollierten Experimenten durchgefiihrt. Die vorliegende Ar-
beit prasentiert vier Hauptstudien. Eine In-situ-Studie, in der Teilnehmer ein Gericht zubereiten
und dabei mit einem menschlichen Assistenten interagieren, zeigt die verschiedenen Informations-
bediirfnisse auf, die beim Kochen mit einem Sprachassistenten entstehen kénnen. Auf Grund-
lage der Gesprache mit dem Assistenten wird eine detaillierte Informationsbediirfnistaxonomie
entwickelt. Machine Learning-Experimente zeigen, dass diese Bediirfnisse automatisch vorherge-
sagt werden konnen. Die zweite Studie ist eine Umfrage, die darauf abzielt, die Erwartungen und
Wiinsche der Nutzer an einen Kochassistenten zu verstehen. Die Ergebnisse zeigen, dass je nach de-
mografischen Merkmalen der Nutzer unterschiedliche Erwartungen existieren. Insbesondere jiin-
gere NutzerInnen, die gerne kochen, wiinschen sich zum Beispiel zusatzliches Hintergrundwissen
iiber die Geschichte von bestimmten Lebensmitteln und die zugrundeliegenden wissenschaftlichen
Prozesse. Diese Art von Bediirfnissen wurden in der urspriinglichen Taxonomie nicht erfasst. In
einem kontrollierten Information Retrieval-Experiment (= Studie 3) wird untersucht, wie Infor-
mationsbediirfnisse aus algorithmischer Sicht am besten unterstiitzt werden konnen. Hierbei zeigt
sich, dass eine Anpassung der Reprasentation des Rezeptdokuments an die Aufgabenstruktur und
das Beriicksichtigen der vorherigen zwei bis drei NutzerdufSerungen die Genauigkeit der Syste-
mantworten deutlich verbessert. Dadurch werden die Informationsbediirfnisse der Nutzer besser
befriedigt. In einer letzten Studie wird die Unterstiitzung aus einer Interaktionsperspektive be-
trachtet. Eine Wizard-of-Oz-Studie zeigt, dass ein proaktiver Sprachassistent zu einer besseren
Nutzererfahrung fithrt und im Vergleich zu einem passiven Assistenten mehr Wissen vermittelt
wird.
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Introduction

1.1 Motivation

Conversational assistants are “computer program[s] that support spoken, text-based, or multi-
modal conversational interactions with humans” (McTear, 2020, p. 11). In the past, such systems
have been used in various domains such as psychotherapy (Weizenbaum, 1966), trauma ther-
apy (Morbini et al., 2012), tutoring (J. F. Allen, Byron, et al., 2001), and as museum guides (Kopp,
Gesellensetter, Kramer, & Wachsmuth, 2005). More recently, these systems have become more and
more embedded in our homes (Juniper Research, 2020; Schobel et al., 2024). The aim of conver-
sational assistants such as Apple's Siri, Amazon's Alexa and Google Home is to simplify daily tasks
for users (Federal Of ce for Information Security, 2024). People frequently use these assistants to
complete tasks such as making calls, turning the light on and off or adding new events to a cal-
endar (McTear, 2020). Beyond managing smart home devices or accessing smartphone functions
such as calendar management, conversational assistants can also be used for search.

In a search context, people can employ conversational assistants for both simple tasks, such as
nding a vegetarian restaurant nearby or checking the day's weather forecast, and complex tasks
such as e-commerce and health information retrieval (Zamani et al., 2023). For simple tasks such
as weather updates, a simple query like “What is the weather today in Regensburg?” suf ces to
receive a satisfactory answer. However, in more complex settings such as e-commerce assistants
would need to engage in a back and forth interaction with the client to elicit user preferences and
speci ¢ needs to nd the most suitable product (Papenmeier, Frummet, & Kern, 2022; Papenmeier

& Topp, 2023). For instance, a question similar to “Which notebook should | buy for work?” would
require the assistant to rst understand the work context, e.g., if the user works in graphics design

or software engineering, before providing tailored suggestions (Papenmeier et al., 2022).

Prior studies indicate that conversational interaction is the most effective approach for tackling
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complex search tasks as it is the easiest way to communicate complex ideas (Belkin, Cool, Stein,
& Thiel, 1995; Daniels, Brooks, & Belkin, 1985; Ingwersen, 1982; R. S. Taylor, 1968). Recent ad-
vancements in natural language processing (NLP) have revived interest in conversational search,
which involves searching for information through dialogue (e.g., Anand et al., 2020; Radlinski

& Craswell, 2017; Trippas et al., 2020). Experts in the eld regard conversational search as the
future of information retrieval (Culpepper, Diaz, & Smucker, 2018). While simple search tasks
(e.g., retrieving the weather forecast) perform well, handling more complex tasks such as nd-
ing suitable products remains a challenge (Callan, 2020). Successfully completing complex search
tasks requires systems to engage in extended dialogues and thus track a longer conversational ow.
Despite recent advancements in large language models (LLMs) such as ChatGPT, understanding
and tracking context information, such as previous utterances in conversations, remains challeng-
ing (Aliannejadi, Chakraborty, Rissola, & Crestani, 2020). Although ChatGPT excels at generating
uent responses, it struggles with factual reasoning due to hallucinations, where the generated
text lacks factual grounding (Bang et al., 2023). Consequently, exploring how questions are most
effectively answered in complex tasks remains an open challenge.

Much research focuses on general open-domain conversational search (e.g., Azzopardi, Dubiel,
Halvey, & Dalton, 2018; Trippas, Spina, Cavedon, Joho, & Sanderson, 2018; Voskarides, Li, Ren,
Kanoulas, & de Rijke, 2020; Zamani, Dumais, Craswell, Bennett, & Lueck, 2020), and other do-
mains such as math information retrieval (Mansouri & Jahedibashiz, 2023) and restaurant rec-
ommendation (Christakopoulou, Radlinski, & Hofmann, 2016). However, there is a gap in the
literature regarding procedural “how-to” tasks such as Do-It-Yourself (DIY) and cooking. For tasks
such as xing a bike, building a shelf, or navigating complex software like Microsoft Excel or Adobe
Photoshop, using conversational assistants can offer societal and economic bene ts. First, inter-
acting with a reliable speech-based conversational assistant can greatly aid people with visual im-
pairments or dyslexia in achieving their information-seeking goals (Sahib, Tombros, & Stockman,
2015; Trippas, Spina, Sanderson, & Cavedon, 2015). Second, the German association for digi-
tal economy recognises substantial economic growth potential in conversational assistants (Knoll,
Grindinger, Hofmann, Klett, & Schef er, 2019). Additionally, with the increasing popularity of
DIY and home improvement projects, there has been a growing demand for effective systems to
support users in completing such tasks (NHPA, 2023; Will, 2023). This demand is underscored
by recent challenges like the Alexa Prize TaskBot focusing on procedural tasks such as DIY and
cooking (Gottardi et al., 2022).

In this thesis, | want to investigate conversational search in the cooking domain. Beyond the ad-
vantages highlighted earlier for DIY tasks, the cooking domain offers practical, environmental, and
health-related bene ts. First, hands-free meal preparation and cooking are practical, preventing
smartphone displays from getting dirty, which can interfere with touchscreen functionality. Sec-
ond, studies have shown that people who cook for themselves tend to be healthier (Hartmann,
Dohle, & Siegrist, 2013) which is important considering the amount of people world wide that
suffer from obesity due to a unhealthy lifestyle (WHO, 2021). Moreover, cooking at home is more
environmentally sustainable than ordering or buying ready-made meals (Zhao, Ly, et al., 2022).
Therefore, with a system capable of providing reliable answers to cooking queries as they arise, in-
dividuals may be encouraged to cook more frequently, promoting healthier lifestyles (A. L. Wilson,
Buckley, Buckley, & Bogomolova, 2016) and reducing CQ emissions.
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To improve search systems in speci ¢ domains, we rst need to understand the type of queries
people have in the domain. This is typically achieved through the development of taxonomies
representing the diverse information needs, i.e., questions, of users in the domain (Broder, 2002;
Church, Cherubini, & Oliver, 2014). In the cooking domain, Cunningham and Bainbridge (2013)
have constructed such a taxonomy based on Google Forum posts. However, this taxonomy may
not fully capture the questions that arise in real-world cooking scenarios when interacting with a
conversational system. Second, we need to think about how to satisfy the users' information needs
effectively, i.e., how to best address their queries. While extensive research exists on address-
ing these information needs in general, domain-agnostic conversational search contexts (see, e.g.,
Aliannejadi et al., 2020; Christmann, Roy, & Weikum, 2022; Trippas et al., 2020; Zamani, Mitra,
et al., 2020), limited work has been done on conversational search in the cooking domain. For
instance, while Vtyurina and Fourney (2018) investigated conversational cues used with cooking
assistants, Nouri, Sim, Fourney, and White (2020) focused on providing step-by-step recommenda-
tions when cooking with a conversational assistant, and other studies explored question answering
in this domain (J. I. Choi et al., 2022; Gemmell, Rossetto, et al., 2022; Khilji et al., 2021). How-
ever, these studies have not systematically explored the most effective methods of answering user
guestions in real-world cooking scenarios.

1.2 Research Goals

This thesis aims to gain a deep understanding of the different kinds of information needs that arise
while cooking with a conversational assistant. This entails understanding what type of cooking
related needs occur and how these are communicated when interacting with a conversational
assistant in a real cooking scenario. Furthermore, the thesis investigates strategies for effectively
supporting and addressing these needs. As such, the following research goals are addressed:

1. To learn what support people need when cooking with a conversational assistant.

2. To understand how we can best support the needs arising when cooking with a conversational
assistant.

1.3 Outline

This section provides a brief summary of the content and contributions of each chapter in this
thesis.

Chapter 2: Related Work

This chapter lays the theoretical groundwork and background knowledge necessary for subsequent
chapters, covering two main parts. The rst part provides the theoretical background of task-based
information retrieval and information needs. The second part explores how information needs are
addressed in collaborative and conversational information seeking.

Chapter 3: Research Design
This chapter offers an overview of the research design employed to address the research goals
outlined in Section 1.2. Furthermore, it details the speci ¢ research questions linked to these
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overall goals and describes the methodological approaches used to address these questions in the
thesis.

Chapter 4: Understanding Cooking-Related Information Needs

This chapter aims to understand the support people require when cooking with a conversational
assistant. In a naturalistic in-situ setting, participants are asked to prepare a meal, guided by a
human assistant serving as a conversational agent. Conversations are recorded and transcribed to
create a detailed taxonomy of information needs, forming the basis for information need classi ca-
tion experiments to explore algorithmic predictability. Additionally, this chapter presents a survey

to determine what information interactions users expect from digital cooking assistants.

Chapter 5: Supporting User Information Needs Algorithmically

Chapter 5 investigates how cooking information needs are best resolved algorithmically. This
involves introducing a novel cooking question answering dataset and a study to accurately measure
algorithm performance in procedural tasks. The chapter concludes with systematic information

retrieval experiments to determine the most effective approach from a system perspective.

Chapter 6: Supporting User Information Needs Through Interaction

This chapter investigates how cooking information needs are best supported through interaction.
A Wizard-of-Oz (WoZ) study is conducted to determine how the assistant's interaction policy in u-
ences the types of questions users ask and to determine the amount of knowledge communicated.

Chapter 7: Discussion

Chapter 7 discusses ndings from Chapters 4 to 6, addressing both theoretical implications and
practical considerations for future systems in this domain. Furthermore, it highlights the limita-
tions of these studies.

Chapter 8: Conclusion
This concluding chapter summarises the main contributions of the thesis and provides insights into
potential future studies in the area.

1.4 Publications Relating to this Thesis

The research presented in this thesis is primarily based on previously published research papers,
detailed below. Sections from both published and unpublished manuscripts are included and
reprinted in various chapters of this PhD thesis. The individual contributions to each paper are
outlined here, based on the CRediT taxonomy*

» Alexander Frummet, David Elsweiler, and Bernd Ludwig. (2019). Detecting domain-
speci ¢ Information Needs in Conversational Search Dialogues . In Proceedings of the
3rd Workshop on Natural Language for Arti cial Intelligence co-located with the 18th Inter-
national Conference of the Italian Association for Arti cial Intelligence (AllA 2019), Rende,
Italy, November 19th-22nd, 2019(Vol. 2521, pp. 2:1-2:15). CEUR-WS.org. URL:https://
ceur-ws.org/Vol-2521/paper-02.pdf

This workshop paper is based on my Master's thesis entitled “Zur Detektion doméanenspez-

1Seehttps://credit.niso.org/
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i scher Informationsbedirfnisse im Conversational Search-Diskurs” (Frummet, 2018). It
presents preliminary ndings of the study presented in Chapter 4 and forms the basis for
the next paper in this list (Frummet et al., 2022). | wrote the manuscript with contributions
and valuable feedback from David Elsweiler. The research was supervised by Bernd Ludwig
and David Elsweiler.

CRediT authorship contribution statement

Alexander Frummet : Conceptualization, Data curation, Formal analysis, Investigation, Method-
ology, Project administration, Resources, Software, Validation, Visualization, Writing—original
draft, Writing—review & editing

David Elsweiler : Writing—original draft, Writing—review & editing, Supervision

Bernd Ludwig : Supervision

« Alexander Frummet, David Elsweiler, and Bernd Ludwig. (2022). “What Can | Cook with
these Ingredients?” — Understanding Cooking-Related Information Needs in Conversa-
tional Search . ACM Transactions on Information Systems (TOIS¥0(4), 81:1-81:32. URL:
https://doi.org/10.1145/3498330

Section 4.2 and Section 4.3 of Chapter 4 are based on this publication. Also, parts of the dis-
cussion in Chapter 7 are based on this publication. This study's data was collected as part of
my Master's thesis. | designed the study, collected and analysed the data, validated the nd-

ings, and created visual representations of the results. | also wrote the paper, incorporating

valuable feedback from David Elsweiler and Bernd Ludwig.

CRediT authorship contribution statement

Alexander Frummet : Conceptualization, Data curation, Formal analysis, Investigation, Method-
ology, Project administration, Resources, Software, Validation, Visualization, Writing—original
draft, Writing—review & editing

David Elsweiler : Writing—review & editing, Supervision

Bernd Ludwig : Writing—review & editing, Supervision

» Alexander Frummet and David Elsweiler. (2024b). QookA: A Cooking Question Answering
Dataset. In Proceedings of the 2024 ACM SIGIR Conference on Human Information Interaction
and Retrieval, CHIIR 2024, Shef eld, United Kingdom, March 10-14, 2024pp. 406-410).
ACM. URL:https://doi.org/10.1145/3627508.3638311

Section 5.2 of Chapter 5 is based on this publication. | initiated this publication, developed
the software for data collection, constructed the dataset, conducted the data analysis, and
validated the results. Additionally, | created visual representations of the data and wrote the
paper with valuable feedback from David Elsweiler.

CRediT authorship contribution statement

Alexander Frummet : Conceptualization, Data curation, Formal analysis, Investigation, Method-
ology, Project administration, Resources, Software, Validation, Visualization, Writing—original
draft, Writing—review & editing

David Elsweiler : Writing—review & editing, Supervision

» Alexander Frummet and David Elsweiler. (2024a). Decoding the Metrics Maze: Navigating
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the Landscape of Conversational Question Answering System Evaluation in Procedural

Tasks. In Proceedings of the Fourth Workshop on Human Evaluation of NLP Systems (HumEval)
@ LREC-COLING 2024pp. 81-90). ELRA and ICCL. URL:https://aclanthology.org/
2024.humeval-1.8

Section 5.3 of Chapter 5 is based on this publication. | initiated this publication, developed
the software to gather the necessary data, validated the results, and analysed the outcome.
Additionally, | created visual representations of the data and wrote the paper with valuable
feedback from David Elsweiler.

CRediT authorship contribution statement

Alexander Frummet : Conceptualization, Data curation, Formal analysis, Investigation, Method-
ology, Project administration, Resources, Software, Validation, Visualization, Writing—original
draft, Writing—review & editing

David Elsweiler : Writing—review & editing, Supervision

» Alexander Frummet, David Elsweiler, and Udo Kruschwitz. (n.d.). Cooking with Con-
text: Leveraging Context for Procedural Question Answering . Currently unpublished
manuscript.

Section 5.4 of Chapter 5 and parts of the discussion in Chapter 7 are based on this manuscript.
| initiated this publication, developed the software to run the experiments, validated the
results, and analysed the outcome. Additionally, | created visual representations of the data
and wrote the manuscript with valuable feedback from David Elsweiler and Udo Kruschwitz.

CRediT authorship contribution statement

Alexander Frummet : Conceptualization, Data curation, Formal analysis, Investigation, Method-
ology, Project administration, Resources, Software, Validation, Visualization, Writing—original
draft, Writing—review & editing

David Elsweiler : Writing—review & editing, Supervision

Udo Kruschwitz : Writing—review & editing, Supervision

» Alexander Frummet, Alessandro Speggiorin, David Elsweiler, Anton Leuski, and Jeff Dalton.
(2024). Cooking with Conversation: Enhancing User Engagement and Learning with a
Knowledge-Enhancing Assistant . ACM Transactions on Information Systems (TOIS}2(5),
122:1-122:29. URL: https://doi.org/10.1145/3649500

This publication is the result of a research internship at Dr Jeff Dalton's GRILL lab at the
University of Glasgow. Section 4.4 of Chapter 4, Chapter 6 and parts of the discussion in
Chapter 7 are based on this publication. During my research internship, | developed the ini-
tial idea, which was re ned through discussions with the co-authors. Alessandro Speggiorin
and | jointly developed the software, conducted data collection, validated and analysed the
results, and created visualisations. | wrote the manuscript, with contributions from David
Elsweiler. | nalised the paper with valuable feedback from David Elsweiler, Alessandro
Speggiorin, Anton Leuski, and Jeff Dalton.

CRediT authorship contribution statement
Alexander Frummet : Conceptualization, Data curation, Formal analysis, Investigation, Method-
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ology, Project administration, Resources, Software, Validation, Visualization, Writing—original
draft, Writing—review & editing

Alessandro Speggiorin : Conceptualization, Data curation, Formal analysis, Investigation,
Methodology, Resources, Software, Validation, Visualization, Writing—review & editing
David Elsweiler : Conceptualization, Writing—original draft, Writing—review & editing, Su-
pervision

Anton Leuski : Conceptualization, Writing—review & editing, Supervision

Jeff Dalton : Conceptualization, Writing—review & editing, Supervision

Beyond the scope of this thesis, | have contributed to several publications. In Papenmeier et al.
(2022), we explored conversational strategies for product search. Other works focused on evaluat-
ing conversational information-seeking systems (Elsweiler, Frummet, & Harvey, 2020), discussing
the future directions of conversational search research (Spina et al., 2021), and examining the
reliability of credibility judgments in health information (Fernandez-Pichel et al., 2023). Addition-

ally, at CHIIR 2024, | was a lead organiser of the workshop on Search-Oriented Conversational
Al (Frummet, Papenmeier, Frobe, & Kiesel, 2024), which investigated how conversational search
systems can be evaluated from a user's perspective (Frummet, Papenmeier, Frobe, Kiesel, Adlakha,
et al., 2024).






Related Work

2.1 Introduction

This chapter presents an overview of the literature relevant to the study of conversational search

in the cooking domain. Its aim is to provide readers with the background knowledge necessary

to comprehend the studies presented in subsequent chapters. It helps readers to understand the
design and research decisions that have been made. The literature review is organised into ve

sections:

Section 2.2 provides an introduction on how the concept of tasks has been applied in information
retrieval. Given that this thesis focuses on the cooking domain, it clari es what constitutes ataskin
the context of cooking a meal, and demonstrates how tasks are used in information retrieval. The
concept of task is introduced and how task structures can be used for facilitating search processes.

Building up on this, Section 2.3 examines the concept of information needs and illustrates their
relationship to tasks. Information needs are an important theoretical concept in the Information
Science literature and past contributions provide the groundwork for methodological considera-
tions in this doctoral thesis, particularly in understanding the types of information needs that arise
within a cooking context.

Section 2.4 reviews research on collaborative information seeking, which provides understanding
about how information needs are resolved when people collaborate to solve a task, and which
interactive features are most important in this context.

Section 2.5 examines literature in the conversational information seeking domain and illustrates
how information needs are satis ed through dialogue and discusses various approaches for ex-
tracting these needs from users.

Finally, Section 2.6 highlights the research gaps | want to |l within the context of the literature
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reviewed in preceding sections. It also outlines the methodological approaches taken in the subse-
guent chapters.

2.2 Task-based Information Retrieval

Since this thesis focuses on cooking tasks, this section aims to introduce and clarify the con-
cept of tasks, their relationship to information retrieval, and how task structures can help un-
derstand and support user information needs, addressing the research goals from Section 1.2.
This section outlines the key characteristics of tasks (Section 2.2.1), de nes work and search
tasks (Section 2.2.2), and demonstrates the application of tasks and their structure across vari-
ous domains (Section 2.2.3), with a particular focus on procedural tasks (Section 2.2.4).

2.2.1 Main Characteristics of Tasks

The term “task” encompasses a wide array of activities, spanning professional duties to every-
day chores such as washing dishes or online information searches. In Information Retrieval (IR),
tasks are often referred to as “an activity to be performed in order to accomplish a goal” (Vakkari,
2003, p. 416). Extensive research has explored various facets of tasks in the context of informa-
tion seeking and retrieval. For instance, studies have investigated the relationship between task
complexity and information types (Bystrom & Jarvelin, 1995), examined connections between
different task levels (Bystrom & Hansen, 2005), and focused on the evaluation of task-based inter-
actions (Jarvelin et al., 2015).

Despite the wealth of studies in this area and the pivotal role tasks play in information retrieval,
a universally accepted de nition remains elusive (Soufan, Ruthven, & Azzopardi, 2021). Soufan
et al. (2021) conducted a comprehensive literature review on the concept of tasks in informa-
tion retrieval, identifying key characteristics. According to their ndings, tasks can be assigned by
others (e.g., clients or supervisors) or be self-generated (Bystrom & Hansen, 2005; Xie, 2009). Fur-
thermore, they highlight that tasks can range from simple to complex (Bystrém & Hansen, 2005;
Bystrom & Jarvelin, 1995; Campbell, 1988), possess clear starting and ending points (Bystrom &
Jarvelin, 1995; Vakkari, 2003), and can be decomposed into smaller sub-tasks (Bystrom & Hansen,
2005; Bystrom & Jarvelin, 1995; Vakkari, 2003; Xie, 2009). In addition to these characteristics,
tasks encompass various facets such as time, task product, task doers, and others (Li & Belkin,
2008), different stages such as pre-focus, formation, and post-focus (Vakkari, 2000; Xie, 2009), as
well as diverse levels and types (Bystrom & Hansen, 2005).

The task characteristics most relevant to this thesis are task complexity and the hierarchical struc-
ture of tasks. Bystrom and Jarvelin (1995) discovered that complex tasks present challenges in
the search process, leading to an increased number of sources and a demand for more complex
information. Furthermore, high task complexity requires more domain-speci ¢ knowledge to suc-
cessfully complete a task (Bystrom & Jarvelin, 1995). As outlined before, tasks can be viewed
through a hierarchical structure addressing different aspects of tasks. Bystrom and Hansen (2005)
suggested that an overall task consists of one or multiple information-seeking sub-tasks, which are
further divided into single information search tasks. Similar to Bystrém and Hansen (2005), Shah
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et al. (2023) and White (2023) approached tasks from a task completion perspective, and break
an overall task, which they refer to as “macrotask” (Shah et al., 2023, p. 4), into sub-tasks, micro-
tasks, and observable actions. As depicted in Figure 2.1, this perspective on task structure can be
applied to tasks such as arranging a vacation (Shah et al., 2023; White, 2023). This task structure
can also be applied to the cooking domain. Preparing a recipe (= macro-task) can be divided into
multiple steps (= sub-tasks) and actions, such as adding salt and boiling rice. This shows that
hierarchical structures of complex tasks are highly relevant task characteristics in the context of
this thesis.

Figure 2.1.: Task tree representation of a complex task for planning a vacation (illustration based
on White, 2023, p. 1).

2.2.2 Work and Search Tasks

In the previous section, | presented the main characteristics of tasks and emphasised those most
pertinent to this thesis, i.e., complex tasks that are hierarchical in nature. In addition to examining
these traits, researchers have explored variougypesof tasks. The literature typically categorises
them into work tasks, information-seeking tasks, and information search tasks (Bystrom & Hansen,
2005; Li, 2009).

The de nition of work task varies, with Bystrém and Hansen (2005) primarily associating them
with professional settings, while other scholars, such as Ingwersen and Jarvelin (2005) and Hansen
(1999), extended the term to encompass everyday life or leisure activities. Bystrom and Hansen
(2005) proposed that information-seeking tasks are subtasks of overall work tasks, and information
search tasks are subtasks of information-seeking tasks. According to them, information-seeking
tasks revolve around ful lling an underlying information need, while information search tasks
involve interacting with an information source such as an information retrieval system.

Li (2009) investigated the relationship between work and search tasks, concluding that work tasks
serve as the underlying motivation for search (tasks), which was further con rmed by Ingwersen
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and Jarvelin (2005). In the light of everyday life tasks such as cooking, Hansen (1999) saw a close
relationship between information needs and work tasks. He argues that in everyday life work
tasks, information needs may arise, which then trigger information-seeking processes, with the
goal being the end product, or a prepared meal.

Recognising the interconnected dimensions of work and search tasks, Xie (2009) advocated for the
development of task-based IR systems. These systems, according to Xie (2009), play a crucial role
in guiding users through their information-seeking processes by identifying and addressing both
work and search task dimensions effectively.

Based on the de nitions provided in this section, cooking as an everyday life task can be considered
a work task. As highlighted by Xie (2009), task-based information-seeking systems should be
developed to support the information needs that arise in this context. One of my research goals is
to understand how to support these information needs in cooking tasks. Therefore, the following
section discusses how task-based IR systems can aid in supporting user information needs from a
general perspective while Section 2.2.4 speci cally focuses on procedural tasks.

2.2.3 Tasks in Action

Building upon the foundational concepts discussed earlier and recognising the effectiveness of
task-based IR systems in supporting users, research on tasks has expanded into diverse domains,
such as software engineering (Freund, Toms, & Waterhouse, 2005), journalism (Hienert, Mitsui,
Mayr, Shah, & Belkin, 2018), academia (Soufan et al., 2021), and crowdworking (Cheng, Teevan,
Igbal, & Bernstein, 2015).

For instance, Hienert et al. (2018) emphasised that both the topic and type of a task in uence user
search behaviour and the results displayed by the search engine. In the area of software engineer-
ing, Freund et al. (2005) investigated the work tasks of consultants and developed a content-based
task classi cation. They emphasised the importance of integrating domain-speci ¢ task context
into information retrieval systems to support domain-speci ¢ search systems. Similarly, Cheng
et al. (2015) explored the advantages of breaking down larger tasks into smaller segments for
crowdworkers. Their ndings showed that although this increased task completion time, it led
to higher-quality outcomes and perceived ease of work, highlighting the potential for enhancing
the quality of outcomes by incorporating task structures into domain-speci ¢ search systems. In a
related context, Tamine, Lovon-Melgarejo, and Pinel-Sauvagnat (2020) demonstrated that under-
standing tasks leads to improved query reformulation and suggestion. The work presented here
shows that employing and incorporating task structure in information-seeking systems can boost
work performance (e.g., Cheng et al., 2015).

The tasks presented in this section, however, vary from tasks in the cooking domain. Tasks in
journalism, for example, mainly involve activities such as interviewing, writing, and editing, which
require a high degree of creativity and critical thinking (Hienert et al., 2018). These tasks offer
more variability compared to procedural tasks such as cooking, which | present in the next section,
that typically follow a de ned sequence of steps leading to task success.
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2.2.4 Procedural Tasks

While the majority of research, as discussed above, explores the utilisation of task structures
from a broader perspective, limited attention has been given to tasks that are mainly procedu-
ral. In contrast to the tasks presented above, which are less procedural, procedural tasks involve
“how-to” knowledge and encompass activities such as creating, building, xing or learning some-
thing (B. Choi, Arguello, & Capra, 2023).

To gain a deeper insight into procedural tasks, B. Choi, Casteel, Capra, and Arguello (2022)
and B. Choi et al. (2023) examined the characteristics and contextual factors of procedural task
within domains such as Do-It-Yourself (DIY) projects, skill acquisition, and cooking. For example,
their ndings highlight that procedural tasks can include daily routine how-to tasks, may require
prior knowledge to be ful lled, and often necessitate users to seek information on steps and pro-
cesses. Consequently, they advocated for search interfaces that leverage procedural knowledge
to enhance task performance. In the cooking domain, Yang and Nyberg (2015) employed such
procedural knowledge for task-related search suggestions. For instance, when tasked with making
blueberry banana bread, their system suggested relevant queries that integrated procedural task
knowledge, such as “blend the mixture” or “mix our”.

The literature in this and previous sections has shown that leveraging task structure for information
retrieval can enhance both task and retrieval performance. While this has been studied in areas
such as query reformulation and suggestion, the effectiveness of using task knowledge in question
answering, particularly in the cooking domain, has not yet been examined. Given the success
of integrating task structure in search systems (Freund et al., 2005; Hienert et al., 2018; Yang &
Nyberg, 2015), conversational agents could also bene t from employing task knowledge to answer
user questions. Therefore, it is important to explore the impact of using task structure in cooking-
related question answering to determine if it helps conversational systems to effectively satisfy
users' information needs. This addresses the second research goal mentioned in the introduction.

2.2.5 Summary

This section has investigated the concept of tasks and their utilisation in information retrieval.
Tasks can range from simple to complex and are often modelled in a hierarchical structure. While
researchers advocate for leveraging task structures in information retrieval, their application in
procedural tasks such as DIY and cooking remains relatively unexplored. This doctoral thesis aims
to address this gap by examining the structure of procedural cooking tasks and exploring how this
structure can be leveraged to satisfy user information needs, which are closely linked to tasks, as
outlined in this section. The following section further elaborates on information needs and their
relation to tasks.

2.3 Information Needs

According to Ingwersen and Jarvelin (2005) and Hansen (1999), information needs form the foun-
dation of tasks in information retrieval. They represent the underlying motivations and objectives
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that drive users to interact with information systems. The goal of this section is to highlight the

link between information needs and tasks to understand which information needs occur in certain

tasks. This is important in the context of my work because one goal is to understand which sup-
port people need, i.e., which information needs they have when performing a cooking task. After
clarifying the concept of information needs in Section 2.3.1, | explain the relationship between in-

formation needs and tasks in Section 2.3.2. Section 2.3.3 gives an overview of existing information
need taxonomies that describe information needs in certain domains.

2.3.1 What are Information Needs?

According to Forsythe, Buchanan, Osheroff, and Miller (1992), there is no consensus on the de ni-
tion of “information need” in literature. Instead, information needs have been mostly studied from
a behavioural (e.g., Belkin, 1980; Cole, 2011; R. S. Taylor, 1962) and psychological (Moshfeghi,
Trianta llou, & Pollick, 2016) perspective. Studies in this area mainly discuss and focus on how
information needs arise and evolve throughout the information-seeking process.

A particularly well-known information need taxonomy by R. S. Taylor (1962) describes how infor-
mation needs arise. He identi ed the following four levels of information needs:

“Q1 —the actual, but unexpressed, need for information (the visceralneed);

Q2 — the conscious within-brain description of the need (the consciouseed);

Q3 — the formal statement of the question (the formalized need);

Q4 - the question as presented to the information system (thecompromisedheed).”
(R. S. Taylor, 1962, p. 392)

According to R. S. Taylor (1962), ambiguity and complexity decrease during the transition from
Q1, where the searcher has an unexpressed need in his mind, to Q4, where the searcher can
formulate a concise, discrete question to the system.

In relation to this theory, Belkin (1980) and Belkin, Oddy, and Brooks (1982a, 1982b) believed that
information need formation is rooted in an Anomalous State of Knowledge (ASK), i.e., a knowl-
edge gap or uncertainty. To reduce this gap or uncertainty, information is needed (Belkin, 1980).
Unlike Taylor, Belkin et al. (1982a, 1982b) focused on the knowledge aspect. Belkin (1980) argued
that information retrieval systems should better discover the user's knowledge and anomalies in-
stead of their information needs which cannot be grasped and speci ed, especially on the visceral
and conscious level. ASKs, in contrast, can be formalised through an explicit structural representa-
tion (Belkin et al., 1982b). To discover these knowledge gaps and anomalies, Belkin et al. (1982a,
1982b) proposed using interview techniques to elicit and represent users' state of knowledge in a
structured way.

Similarly, Cole (2011) introduced a knowledge-based instead of an information-based theory of in-
formation needs. Cole “denies that the user's information need is evolving” (Cole, 2011, p. 1229)
as suggested by R. S. Taylor (1968). While recognising the existence of Taylor's level, he rejected
interpreting them as phases wherein information needs evolve from Q1 to Q4. Instead, Cole argued
that the user's investigation of topics evolves rather than the information need itself. In a study
involving history and psychology students writing essays, Cole, Leide, Beheshti, Large, and Brooks
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(2005) observed that the students' statements more closely resembled an ASK than information
needs. Nevertheless, they argued that their ASK can be linked and resolved into an information
need. Using interview techniques in the context of essay writing, Cole et al. (2005) showed that
students became better at articulating their information needs as the interview progressed, resolv-
ing their ASK into an information need statement.

Although Kuhlthau (1993) did not provide a speci ¢ de nition for information needs, she intro-
duced an “uncertainty principle”, stating that at the beginning of the information-seeking pro-
cess, there is a feeling of uncertainty which is expressed by “vague thoughts, anxious feelings
and exploratory actions” (Kuhlthau, 1993, p. 352). Similar to Taylor's information need taxon-
omy (R. S. Taylor, 1968) and Belkin et al.'s ASK (Belkin et al., 1982a, 1982b), Kuhlthau contended
that uncertainty transforms into understanding as the information process unfolds. This concept is
similar to the berrypicking model by Bates (1989), which suggests that information needs are dy-
namic and evolve as searchers gather information during the information-seeking process. Dervin
(1983) similarly shared the belief that information is necessary to reduce this uncertainty. How-
ever, she saw the underlying mechanism for information needs to arise in the aim of humans to
make sense of the world. As Given, Case, and Willson (2023) interpreted, gaps, i.e., information
needs, result from struggling to make sense of the world and, therefore, need to be lled with
information.

The theories presented so far offer diverse perspectives on the term “information need”. However,
all these theories take the perspective of a user's information need that is not given or imposed
by third parties. In contrast to the work presented above, Gross (1995) studied the “Imposed
Query” — a query imposed by a third party. This scenario occurs, for example, when a teacher (the
imposer) assigns a task to a student (the agent), who then seeks information from an intermediary
such as a librarian (Gross, 1995, p. 236). Unlike self-generated queries, the person trying to
answer the gquestion has been tasked, i.e., imposed, by another person leaving the intermediary,
i.e., the librarian in this example, without the option to ask for clari cation (Gross, 1995, p. 237).
Referring to Taylor's information need levels, Gross's model demonstrates that the query mutates
during the information-seeking process (Gross, 1995).

T. D. Wilson (1981) doubted that information needs are a realistic concept. He argued that most
information can be linked to fundamental humans needs such as physiological, affective, and
cognitive needs which, in the end, trigger the information-seeking process. For example, the need
to search for the price of bread is rooted in the basic human need to eat (Given et al., 2023).

While all the models described above studied information needs from a behavioural perspec-
tive, Moshfeghi et al. (2016) explored information needs at the visceral level from a psychological
perspective. In an MRI study, they identi ed certain brain areas associated with the realisation of
information needs during the process of information retrieval.

The literature presented here investigated information needs from a general, domain-agnostic per-
spective, primarily aiming to understand what an information need is and how it arises (see Belkin
et al., 1982a; Gross, 1995; R. S. Taylor, 1968). This research, however, did not focus on the dif-
ferent kinds of information needs that can occur in speci ¢ work tasks, such as cooking or DIY
tasks. Understanding the variety of information needs in these contexts is important because it
helps identify which needs must be addressed to perform the task effectively, relating to the rst
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research goal. Therefore, the next section focuses on the relationship between information needs
and tasks.

2.3.2 Information Needs and Tasks

As highlighted in Section 2.2.2, there is a close link between information needs and work tasks:
Work tasks lead to information need formation and, nally, trigger the information-seeking pro-
cess (Hansen, 1999). In a similar vein, Ingwersen (1994) conceptualised the user's information
need within the framework of a problem state and a domain work task, considering these elements
as integral components in shaping an information need. He argued that apolyrepresentationof the
user's knowledge space, including the problem space and work task, helps to better understand the
current information need and enables us to develop effective IR systems. Ingwersen and Jarvelin
(2005) pointed out that information needs and work tasks are not isolated, but embedded in the
context of users' work environments, tasks, and goals. For example, they assumed that in less
complex daily-routine tasks, information needs tend to be articulated more explicitly than in more
complex tasks where only vague information on how to solve the task exists. Consequently, they
suggested that “one should always inquire about why he or she wants [the information] and what
he/she knows about the matter” (Ingwersen & Jarvelin, 2005, p. 290).

The work presented in this section has shown that various information needs can arise when
performing complex work task. The literature suggests that to effectively satisfy these needs, we
must fully understand the domain and environment in which the task is performed. Therefore,
a detailed understanding of information needs in a domain like cooking is essential. The next
section illustrates how this understanding can be achieved for speci ¢ domains using information
need taxonomies.

2.3.3 Information Need Taxonomies

To better understand which information needs exist and how information needs are embedded
in the context of certain tasks (see Ingwersen & Jarvelin, 2005), researchers have developed in-
formation need taxonomies. These taxonomies contribute to shaping the design of interactive
information retrieval systems (D. Kelly, Arguello, Edwards, & Wu, 2015; Wildemuth, Freund, &
Toms, 2014), enabling the study and modelling of search behaviour (He & Yilmaz, 2017). More-
over, they provide the foundation for assessing search systems and user interfaces (Elsweiler &
Ruthven, 2007). Furthermore, domain-speci ¢ information need taxonomies contribute to a bet-
ter understanding of complex information needs and user information-seeking goals (Trippas et
al., 2020).

Information need taxonomies have been created for diverse domains ranging from mobile (Church
et al., 2014) and web search (Broder, 2002; Jansen, Booth, & Smith, 2009) to personal search (El-
sweiler & Ruthven, 2007). Specialised taxonomies have also been created for speci ¢ areas such
as daily life information needs of urban teens (Agosto & Hughes-Hassell, 2006) and cooking
tasks (Cunningham & Bainbridge, 2013).

In the context of web search, information needs can exhibit different features such as informa-
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tional, navigation, and transactional (Broder, 2002). Jansen, Booth, and Spink (2008) developed
a hierarchical web taxonomy with the same categories and found that most queries (80%) are in-
formational, and 10% each are navigational and transactional. Broder (2002) argued that search
systems should be capable to recognise these information need types to present search results in
a way that best satis es the user information need. Church et al. (2014) studied both mobile and
non-mobile daily information needs and found that people often struggle to satisfy these needs. In
light of this, they emphasised that “it is crucial to understand not only user behaviours and needs
but also, more importantly, the contexts in which those behaviors and needs emerge.” (Church
et al.,, 2014, p. 42). Researchers such as Agosto and Hughes-Hassell (2006) and Cunningham
and Bainbridge (2013) have focused on speci ¢ contexts to comprehend information needs bet-
ter. Agosto and Hughes-Hassell (2006) developed an empirical model of everyday life information
needs of urban teens to better understand information-seeking behaviour of urban teenagers. In
the cooking domain, Cunningham and Bainbridge (2013) derived 17 different cooking-related
information needs based on 678 Google Answer forum queries. Since these cooking-related in-
formation needs rely on typed forum posts, they are not representative of queries that arise when
conversing with a cooking assistant. Having representative information need taxonomies is crucial
for understanding the underlying tasks and the information needs that can occur. This understand-
ing is essential for designing effective information retrieval systems that can address these needs
during task performance. Therefore, developing an information need taxonomy is a key part of this
thesis, as formulated in research goal 1, to truly understand the information needs in the cooking
domain.

2.3.4 Summary

This section has shown that tasks lead to information need formation and that these information
needs can vary from complex to simple. Understanding information needs in the context of the task
is important for effective information retrieval. To facilitate this understanding, information need
taxonomies have been devised for certain tasks. While such taxonomies exist for broad domains
such as web and personal search, the cooking domain has only one known taxonomy, based on
textual forum posts. However, these may not accurately re ect real-world information needs that
arise during collaboration with a conversational agent while cooking. The subsequent section
explores how information needs are addressed in collaborative tasks.

2.4 Collaborative Information Seeking

The previous sections showed that information needs arise when performing tasks and highlighted
the importance of taxonomies in understanding these needs within a certain domain, which re-
lates to the rst research goal. The second goal, as outlined in Section 1.2, is to understand how
these information needs can be effectively supported and resolved. The literature referred to in
the following sections mainly focuses on how the goal can be achieved using interactive and al-
gorithmic approaches. This section takes an interactive perspective, discussing how collaborative
methods can be used to support information needs in complex tasks. Within the literature on tasks
in information retrieval and information needs, there are indications that collaboration is an ef -
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cient means to satisfy information needs. For example, the interactive INQUERY system developed
by Koenemann and Belkin (1996) and THOMAS by Oddy (1977) utilised communication and col-
laboration technigues to elicit information needs by engaging in a dialogue (Oddy, 1977) and in-
corporating relevance feedback (Koenemann & Belkin, 1996; Oddy, 1977). Both studies concluded
that such collaborative approaches enhance the effectiveness of information retrieval (Koenemann
& Belkin, 1996) and are effective to convey complex ideas (Oddy, 1977).

The nding that “[p]eople work better when they work together” (Smeaton, Lee, Foley, & Mc-
Givney, 2007, p. 389) is supported by a large body of research in the area of collaborative infor-
mation seeking. Before explaining why this is the case, it is crucial to establish a clear understand-
ing of collaboration (Section 2.4.1) and collaborative information seeking (Section 2.4.2), as well
as how collaborative information seeking contributes to solving tasks and satisfying information
needs and which features are important to reach this goal (Section 2.4.3).

2.4.1 Whatis Collaboration?

When humans try to achieve a common goal, they work together, theycollaborate Collaboration
is prevalent in our daily lives both in a leisure context such as planning a vacation (Shah, Capra,
& Hansen, 2014) and in professional contexts ranging from nursing (Henneman, Lee, & Cohen,
1995) to academia (Hearst, 2014).

While no uni ed de nition of the term  collaboration exists, collaboration is often described as a
complex activity (Bedwell et al., 2012; Henneman et al., 1995; Shah, 2010) involving two or more
individuals (Bedwell et al., 2012) “working together for a common goal or solution” (Shah, 2010,

Figure 2.2.: Shah's set-based model of collaboration, where the inner set supports the outer set
(illustration based on Shah, 2010, p. 6).
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p. 26). In a detailed literature review, Shah (2010) created a comprehensive model of collabora-
tion. As illustrated in Figure 2.2, collaboration comprises several interconnected concepts often
mistakenly interchanged in the literature. At the heart of Shah's model is communication, i.e.,
the exchange of information between individuals (Shah, 2010, p. 5). Building on the concept of
communication, Shah (2010, p. 5) explained that contribution involves people supporting each
other to reach their goals. He sees donating books to a library as an example of contribution, as
it bene ts both the library and the donor. Coordination encompasses the “process of connecting
different agents for a harmonious action” (Shah, 2010, p. 5), exempli ed by a secretary orches-
trating a meeting among PhD students, professors, and technical staff. According to Shah (2010,
p. 6), cooperation involves individuals with common interests engaging in planning activities,
negotiating roles, and resource-sharing to achieve shared objectives. “In contrast to cooperation,
collaboration involves creating a solution or a product that is more than the sum of each partici-
pant's contribution” (Shah, 2010, p. 6). As an illustrative example of collaboration he mentioned
libraries working together and building networks to provide widespread access to information.

2.4.2 Collaborative Information Seeking for Complex Tasks

In the information-seeking context, Hertzum de ned collaborative information seeking as “the
combined activity of information seeking and collaborative grounding” (Hertzum, 2008, p. 1).
Collaboration in the information-seeking process can take place during query formulation, when
search results are obtained and during the organisation and usage of these results (Shah, 2010).
As outlined in the previous section, collaboration becomes particularly essential during complex
activities such as nursing (Henneman et al., 1995).

In the information-seeking domain, collaboration is especially valuable in complex tasks, i.e.,

tasks that go beyond the retrieval of simple facts (Hearst, 2014; Shah, 2010). For instance, ex-
ploratory tasks such as journalism (Golovchinsky, Dunnigan, & Diriye, 2012; Gonzélez-Ibafiez,

Haseki, & Shah, 2013) or tasks that require covering a topic in a domain, e.g., academic re-
search (Hearst, 2014), represent such complex tasks where an information need is not satis ed

by a single query (Shah, Pickens, & Golovchinsky, 2010). To accomplish complex tasks and to
satisfy related information needs, collaboration has been shown to improve task performance and

allows users to nd more relevant results (Halvey, Vallet, Hannah, Feng, & Jose, 2010; Shah &

Gonzalez-lbafiez, 2011).

This section has highlighted that collaborative information seeking is an effective way to satisfy

information needs in complex tasks. Therefore, the next section delineates 1) the features and
properties of collaborative search systems and elucidates 2) how these features contribute to meet-
ing information needs in complex tasks.

2.4.3 Supporting Collaboration in Complex Tasks

The study of collaborative information seeking spans various settings, encompassing both syn-
chronous (Gonzalez-lbafez et al., 2013; Paul & Morris, 2009; Shah et al., 2010) and asynchronous
(Capra et al., 2012; Halvey et al., 2010; Paul & Morris, 2009), as well as co-located (Amershi &
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Morris, 2008; Gonzalez-lbafiez et al., 2013) and remote (Halvey et al., 2010) collaboration. Apart
from the concurrency, i.e., synchronous vs. asynchronous, and location, i.e., co-located vs. remote,
dimensions, Golovchinsky, Pickens, and Back (2009) identi ed the intent (explicit vs. implicit)
and the depth of mediation as additional dimensions of collaborative search systems. In explicit
collaboration, a group of people searches for relevant documents to satisfy a shared information
need, while in implicit collaboration, recommender systems leverage past search results of the
group members to suggest new search results (Golovchinsky et al., 2009).

Collaborative search systems implementing these dimensions have been studied in various task
contexts, encompassing web search (Amershi & Morris, 2008; Morris & Horvitz, 2007; Paul &
Morris, 2009), digital library (Twidale, Nichols, & Paice, 1997), video search (Halvey et al., 2010;
Smeaton et al., 2007), travel planning (R. Kelly & Payne, 2014; Shah et al., 2014), and academic
search (Hearst, 2014).

Research across these domains has shown that collaborative systems should implement awareness
features enabling group members to be aware of their collaborators' activities to successfully com-
plete the task and, thus, satisfy the information need (Morris, 2008). Awareness features such as
qguery and visitation history as well as comments are very important to users (Morris & Horvitz,
2007). In digital libraries, re-using past searches, such as search history, proved highly effec-
tive (Twidale et al., 1997). Also, for video search on a tabletop system, awareness was found to
be more effective compared to working alone (Smeaton et al., 2007). Notably, a study by Capra
et al. (2012) observed limited utilisation of awareness features in improving recall in collabora-
tive settings. TeamSearcha tool for co-located work on interactive tables by Morris, Paepcke, and
Winograd (2006), facilitated collaborative query creation, enhancing awareness and promoting
stronger collaboration among users. However, this collaborative approach did not yield discernible
differences in terms of ef ciency and search quality.

In addition to awareness, the division of labour emerges as another important feature contributing
to successful task completion. For example, in a mediated, synchronous collaboration setup in-
volving two individuals, the division of labour and the ability of combining results and actions are
considered as important and strengths of the collaboration process (Shah et al., 2010). In the col-
laborative search tool SearchTogetheby Morris and Horvitz (2007), the division of labour through
instant messaging in the web browser was very popular, because people could avoid duplication
by dividing up the overall task into subtasks. Similarly, CoSearcha tool for co-located collabo-
rative web search with a shared screen by Amershi and Morris (2008), facilitated the division of
work. Interviews conducted prior to the tool's development revealed that users value the “division
of a task into subtasks” (Amershi & Morris, 2008, p. 1643). Furthermore, the division of work
among group members can be enhanced through “Smart Splitting”, where work or subtasks are
assigned based on individuals' knowledge expertise (Morris, Teevan, & Bush, 2008). Tools such as
CoAgmentaGonzalez-lbafiez & Shah, 2011; Mitsui & Shah, 2016; Soltani, Mitsui, & Shah, 2019)
eventually allow users to synthesise and reason about their results and the information they found.

Especially in asynchronous collaboration, persistence, i.e. the ability to store sessions, is a cru-
cial feature of collaborative search systems (Morris, 2008). These tools store various elements
such as previous queries, instant message conversations, and page-speci ¢ metadata (Morris &
Horvitz, 2007). Additionally, users highly value features like bookmarking and page saving and
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sharing (Capra, Marchionini, Velasco-Martin, & Muller, 2010; R. Kelly & Payne, 2014).

Others explored the impact of different personalities (Smeaton et al., 2007) and user roles (Soulier,
Shah, & Tamine, 2014) on task performance in collaborative search. In the context of video search
on a tabletop system, Smeaton et al. (2007) found that people with different personalities work-
ing together improved overall task performance. Based on their personality and skill set, people
can assume different roles in the collaborative search process, potentially leading to synergic ef-
fects (Shah & Gonzalez-Ibafiez, 2011; Soulier et al., 2014). For instance, Soulier et al. (2014)
developed an algorithm to mine user roles based on their behaviour during a search session,
demonstrating that role mining enhances collaboration in such contexts.

As previously discussed, a variety of dedicated collaborative search tools, such aSoAgmento
(Gonzalez-lbafiez & Shah, 2011; Mitsui & Shah, 2016), and SearchTogethefMorris & Horvitz,
2007), exist. However, these tools are hardly used in real-life collaborative search scenarios (Capra,
Velasco-Martin, & Sams, 2011; Morris, 2013). Instead, people resort to face-to-face communica-
tion, emails, phone calls, or instant messaging apps for collaboration and communication (Capra
et al., 2010, 2011; Morris, 2013). Motivated by this observation, the research by Avula and col-
leagues (Andolina et al., 2018; Avula, 2017; Avula, Chadwick, Arguello, & Capra, 2018) shifts its
focus to the use of searchbots — “chatbots that perform speci c types of searches” (Avula et al.,
2018, p. 52) — in collaborative information-seeking tasks on the instant messaging platform Slack
For example, Andolina et al. (2018) developed a bot that proactively listens to human-human con-
versations and extracts entities during these conversations which are then used for search. This
implies that users are relieved from explicitly formulating queries; instead, query terms are proac-
tively extracted in the background, and the bot continuously provides results that lead to new
ideas. However, users reported a sense of lack of control. Avula et al. (2018) found that searchbots
intervening during collaboration at the right time to extract information needs can enhance the
user experience in collaborative scenarios.

The research presented in this section has demonstrated that using collaborative features, such as
division of labour, helps resolve information needs and complete complex tasks successfully. This
research has prompted further exploration if such interactive and collaborative principles also ben-

e t one-on-one interactions between a human and a conversational information-seeking system,
rather than only group interactions. Therefore, the next section of the literature review focuses on
collaboration between users and these systems, with Section 2.5.3 speci cally emphasising inter-
active aspects.

2.4.4 Summary

This section has explored collaborative information seeking, highlighting its effectiveness in satis-
fying diverse information needs. Collaborative search systems typically implement various inter-
active features such as awareness, division of labour, and persistence. These features enhance task
completion and information need resolution. Therefore, this section indicates that rich interaction
among users enhances task performance. The following section elaborates on interaction strategies
in conversations among users and between users and the system.



22 2. Related Work

2.5 Conversational Information Seeking

The previous chapter emphasised how various interactive elements of collaboration, such as com-
munication, awareness, division of labour, and persistence, enhance task performance, ultimately
aiding users in satisfying their information needs. However, prior research primarily focused on
collaboration within group settings. This section shifts its focus to examining how collaborative and
interactive principles manifest in dialogues between users and conversational information-seeking
systems (CIS), informing the design of the empirical studies in Chapters 4 to 6 to address the re-
search goals. Zamani et al. (2023) de ned a CIS as “a system that satis es the information needs
of one or more users by engaging in information seeking conversations [...]. CIS responses are ex-
pected to be concise, uent, stateful, mixed-initiative, context-aware, and personalized” (Zamani
et al., 2023, p. 17).

After providing some historical and theoretical background in Sections 2.5.1 and 2.5.2, the follow-
ing focuses on how mixed-initiative dialogues (see Section 2.5.3) and context representations (see
Section 2.5.4) contribute to understanding and satisfying user information needs.

2.5.1 From Conversations with Librarians to Conversational Search Systems

Before the emergence of conversational assistants such as Alexa and Siri, which have made conver-
sational information seeking technically possible, research predominantly explored interactions be-
tween users and human intermediaries to inform the design of conversational information-seeking
systems. This chapter highlights early research outcomes on conversational information seeking
with human intermediaries laying the groundwork for current research in this domain. For future
conversational systems, scholars from the '80s and '90s suggested employing elicitation strategies
to extract the underlying user information need (e.g, Spink, Goodrum, & Robins, 1998; R. S. Tay-
lor, 1968). They emphasised the importance of building and re ning user models (Belkin, 1984)
and utilising dialogue structure for need extraction (e.g., Brooks & Belkin, 1983; Daniels et al.,
1985).

Decades ago, scholars have already recognised dialogue as an effective means to elicit and under-
stand user information needs (Belkin et al., 1995; Daniels et al., 1985; Ingwersen, 1982; R. S. Tay-
lor, 1968). In the context of human-human dialogues between a user searching for information
and a human intermediary, scholars investigated both the role of the user (Kuhlthau, 1991) and the
intermediary (B. Allen, 1988; Spink et al., 1998). Overall, they agreed that “information retrieval

is most properly considered as interaction” (Belkin et al., 1995, p. 393) and dialogue is an ef cient
tool for interactively retrieve information. For example, dialogues facilitate the construction of
cognitive models of the user (Belkin, 1984; Belkin, Brooks, & Daniels, 1987), which helps to ask,
e.g., suitable clarifying questions to reduce uncertainty of the user's information need (R. S. Taylor,
1968), and enable effective information transfer (Belkin, 1984).

Ingwersen (1982) and Belkin (1984) argued that the primary objective of interaction between a
user and an intermediary such as a librarian is to develop a good understanding of the information
need so that an appropriate query can be derived. They emphasised that librarians need a deeper
understanding of the user's cognitive processes to better understand the user and, therefore, to
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better assist the user in re ning their query (Belkin, 1984; Ingwersen, 1982). Belkin (1984) further
stressed that interaction and effective information transfer are necessary to continually update the
user model to avoid a priori models rooted in stereotypes that impede successful model building
and information transfer.

To achieve this, scholars studied the elicitation strategies of intermediaries (B. Allen, 1988; Spink et
al., 1998; R. S. Taylor, 1968). R. S. Taylor (1968) based his research on his four-level information
need taxonomy (see Section 2.3.1), and examined information-seeking behaviour between users
and librarians. He argued that communication and a back and forth between user and librarian are
necessary to elicit the relevant information from the user and to satisfy the user information need.
Taylor identi ed ve key lters utilised by librarians to clarify user needs, including determining

the subject, eliciting motivation, understanding personal characteristics, assessing the inquiry's
relationship to le organisation, and anticipating answers. He suggested that these techniques
should be explored for future system development. With the same intention, i.e., eliciting the user's
information need and the development of future interactive IR systems, Spink et al. (1998) studied
elicitation strategies during mediated IR interactions with user and intermediary, and emphasised
the importance of eliciting domain-speci ¢ knowledge, search terms, and strategies “before a single
search term is entered” (Spink et al., 1998, p. 22). In a similar study, Saracevic, Spink, and Wu
(1997) found that intermediaries mostly talk with the users about search tactics and procedures,
and review and assess the relevance of searches and search outputs to build and reiterate on
the user model. In contrast to research presented before, B. Allen (1988) investigated elicitation
strategies of librarian in a speci ¢ domain — the academic research domain. They found that
guestions matching the text-linguistic structure of a paper lead to longer user responses that better
exhibited the underlying information need of users compared to less-structured questions.

While previous research has mostly focused on content-related aspects of information need elic-
itation, such as eliciting the underlying motivation, the user's knowledge, talking about search
tactics etc., other studies on user and intermediary dialogues emphasised dialogue aspects of need
extraction. Studies relating to dialogue aspects have highlighted the importance of using dialogue
and problem structure during information seeking (Belkin et al., 1987, 1995; Brooks & Belkin,
1983; Daniels et al., 1985). Belkin et al. (1995) highlighted the alignment of information-seeking
strategies with dialogue structure for effective information retrieval. In a similar vein, discourse
analyses of real-world interactions between users and human intermediaries revealed interaction
patterns facilitating knowledge elicitation (Belkin et al., 1987; Brooks & Belkin, 1983; Daniels et
al., 1985).

These studies underscore the effectiveness of interactive search in improving retrieval results and
emphasise the role of conversation in eliciting underlying user information needs. This conclusion
is supported by Kuhlthau (1991), who argued that future retrieval systems should adapt to the
user's behaviour and interact similarly to human intermediaries by, e.g., providing search results
in a comprehensive manner.
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2.5.2 Conversational Search and Conversational Question Answering

As shown in the previous section, conversations in the context of information seeking have already

been studied decades ago. With the rise in popularity of conversational assistants such as Google
Home and Alexa, research interest in this paradigm has surged again. The research that is most
relevant to my thesis is labelled as “Conversational Search” or “Conversational Question Answer-
ing” in the literature. As illustrated in Figure 2.3, these two areas are part of the conversational

Figure 2.3.: Conversational Information Seeking and its subdomains (illustration based on Zamani
et al., 2023, p. 17).

information seeking domain. For conversational search, several de nitions exist (Anand et al.,
2020; Radlinski & Craswell, 2017; Trippas, 2019). Radlinski and Craswell provided one of the rst
de nitions for conversational search:

A conversational search system is a system for retrieving information that permits
a mixed-initiative back and forth between a user and agent, where the agent's actions
are chosen in response to anodel of current user needsithin the current conversation,
using both short- and long-term knowledgef the user.” (Radlinski & Craswell, 2017, p.
120)

Similarly, Trippas emphasised that conversational search systems should “keep track of what has
been said avoiding asking the user to repeat previous statements. Thus the user's information
need can be expressed, formalised, or elicited through natural language conversational interac-
tions” (Trippas, 2019, p. 16).

In a Dagstuhl seminar on conversational search, Anand et al. (2020) approached the de nition
of a conversational search system from a functional perspective, i.e., as an extension of different
systems. Figure 2.4 illustrates, that according to their de nition, “a conversational search system is
either an interactive information retrieval system with speech and language processing capabilities,
a retrieval-based chatbot with user task modeling, or an information-seeking dialogue system with
information retrieval capabilities” (Anand et al., 2020, p. 22).

While multiple de nitions exist for conversational search, there is no clear de nition for conver-
sational question answering. Zamani et al. (2023) noted that there is also no clear distinction
between conversational search and conversational question answering. They stated, however, that
conversational search focuses mainly on the retrieval of documents while conversational question
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Figure 2.4.: The Dagstuhl Typology of Conversational Search. lllustration taken from Anand et al.
(2020, p. 22, published under CC BY 3.0 license).

answering retrieves short text snippets or sentences that directly answer a given query (Zamani et
al., 2023).

These de nitions, along with the literature surveyed in Section 2.5.1, highlight key features nec-
essary for effective conversational systems satisfying user information needs when performing cer-
tain tasks. Conversational search systems should support mixed-initiative dialogues (Belkin et al.,
1995; Daniels et al., 1985; Radlinski & Craswell, 2017), allowing both users and systems to take
initiative, and must maintain a model of the user by tracking and representing previous user utter-
ances and knowledge conveyed during the conversation (Radlinski & Craswell, 2017; Saracevic et
al., 1997; Spink et al., 1998; Trippas, 2019). Following these suggestions, this thesis explores both
the use of mixed-initiative strategies and the maintenance of conversational context to understand
and support user information needs in cooking tasks.

Therefore, the subsequent sections present research concerning mixed-initiative conversations
(Section 2.5.3) and the utilisation of contextual information to comprehend user information needs
(Section 2.5.4).

2.5.3 Understanding User Information Needs through Mixed-Initiative Conversa-
tions

The previous section highlighted the importance of both mixed-initiative conversations and track-
ing previous user utterances for effective conversational search and satisfying user information
needs. The research presented in this section explores methods for understanding user information
needs through mixed-initiative conversations, building on the conversational information-seeking
models presented in Section 2.5.3.1. These methods encompass diverse mixed-initiative strate-
gies (Section 2.5.3.2), clarifying questions (Section 2.5.3.3), and linguistic style (Section 2.5.3.4).
These approaches are crucial for addressing the research goals set out in the introduction of this
thesis, speci cally understanding and supporting information needs in procedural tasks such as
cooking from an interactive perspective. The work presented in this section, therefore, motivates
studies that are presented in subsequent chapters.
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2.5.3.1 Conversational Information-Seeking Models

As highlighted in Section 2.5.1, multiple scholars have proposed creating information-seeking
models that guide the user through an information-seeking dialogue and support extracting infor-
mation needs (Belkin et al., 1995; Brooks & Belkin, 1983; Daniels et al., 1985). One of the earliest
information-seeking models is the Conversational Roles model (COR) by Sitter and Stein (1992).
As illustrated in Figure 2.5, the COR model describes information access from a linguistic perspec-
tive, portraying dialogue moves as speech acts (Searle, 1969) within a transition network (Sitter &
Stein, 1992). Sitter and Stein view their model as a “negotiation of commitments” (Sitter & Stein,
1992, p. 179) where an information provider B offersinformation (e.g., a retrieved document) to
information seeker A who may acceptor rejectthe offer.

Figure 2.5.: The Conversational Roles (COR) Figure 2.6.. The QRFA model for
model by Sitter and Stein (1992). II- conversational search
lustration based on Sitter and Stein by Vakulenko et al.
(1992, p. 169). (2019). lllustration based

on Vakulenko et al. (2019,
p. 550).

While COR focuses on dialogue moves within an information-seeking dialogue, the Spoken Con-
versational Search (SCS) model by Trippas et al. (2017b) concentrates on interaction strategies
of receiver responses in the initial three turns. As depicted in Figure 2.7, these strategies include
requests to repeat, re ne or conrm a query. A more recent model, the QRFA (= Query, Request,
Feedback, Answer) model by Vakulenko et al. (2019), grounds itself on patterns from around
16.000 conversational information-seeking dialogues. The authors empirically demonstrated that
QRFA elucidates conversational ow in information-seeking dialogues better than previous models.
As illustrated in Figure 2.6, QRFA comprises “four virtuous cycles of information-seeking” (Vaku-
lenko et al., 2019, p. 550). The model depicts possible exchanges between the user and the agent
in (a) question answering, (b) query re nement, (c) offer re nement, and (d) answer re nement
scenarios (Vakulenko et al., 2019, p. 552). In this model, Q (= Query) denotes the user's initial
guery or information request, R (= Request) represents the agent's proactive utterance requesting
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Figure 2.7.: The Spoken Conversational Search (SCS) model by Trippas et al. (2017b). lllustration
based on Trippas et al. (2017b, p. 327).

additional information from the user (Vakulenko et al., 2019, p. 550). F (= Feedback) represents
the user's response to the agent, which can be positive or negative, and A (= Answer) signi es
the agent's response to the user, encompassing providing information, offering results, or back-
channelling to maintain contact with the user (Vakulenko et al., 2019, p. 550).

These models offer a high-level view of the structure of conversational information-seeking dia-
logues to satisfy user information needs through interaction. Addressing these models, researchers
explore how mixed-initiative strategies can be used to effectively address and satisfy user infor-
mation needs in conversational information seeking. In light of these models, these strategies are
discussed in the subsequent section.

2.5.3.2 Mixed-Initiative Strategies

As outlined before, integrating mixed-initiative is an important feature for enhancing future con-
versational search systems to effectively meet user information needs and tasks. While the con-
versational information-seeking models presented in the previous section provide a framework
for mixed-initiative, this section presents research addressing mixed-initiative strategies in such
dialogues.

Studies have explored the impact of user and system feedback (e.g., Aliannejadi, Azzopardi, et
al., 2021; Azzopardi, Aliannejadi, & Kanoulas, 2022; Azzopardi et al., 2018; Bi, Ai, Zhang, &
Croft, 2019; Owoicho, Sekulic, Aliannejadi, Dalton, & Crestani, 2023), examined the implications

of passive and active agent roles on task success (e.g., Dubiel, Halvey, Azzopardi, Anderson, &
Daronnat, 2020; Trippas et al., 2018), and showed ways to let others take the initiative (Hardy,
Paranjape, & Manning, 2021).

Research on feedback in conversational information-seeking dialogues, for instance, has analysed
different search strategies involving agents providing feedback before and after searches (Alian-
nejadi, Azzopardi, et al., 2021; Azzopardi et al., 2022). Aliannejadi, Azzopardi, et al. (2021) dis-

covered that query clari cation is best asked before, and query suggestion best asked after result
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presentation. They, however, noted that the choice between these strategies depends on the cost
associated with querying and providing feedback. Azzopardi et al. (2022) further explored this
aspect and found that the ef cacy of soliciting feedback depends on the quality of the initial user
query. If the initial user query is very good, i.e., has high ef ciency, a system asking for feedback has
high cost and vice versa. In addition to providing system feedback, scholars have also investigated
the bene t of user feedback. In this regard, Vtyurina, Fourney, and Law (2018) found that users
typically provide feedback, including grounding, intent, and relevance feedback, approximately
ve seconds after receiving a response from the agent. This user feedback contributes to a posi-
tive user experience (Luger & Sellen, 2016; Vtyurina, Savenkov, Agichtein, & Clarke, 2017), aids
in clarifying and disambiguating user information needs (e.g., repeating, con rming, and check-
ing search results) (Trippas et al., 2020), and especially supports task completion for complex
tasks (Trippas et al., 2017b). An approach on how to effectively use such user feedback was made
by Bi et al. (2019), who integrated negative user feedback into an aspect-value likelihood model.
They showed that with this kind of feedback systems can more easily identify user preferences and,
thus, more effectively identify and retrieve the desired product, which leads to a better satisfaction
of the underlying user information need. Similarly, Owoicho et al. (2023) found that simulated
user feedback can improve retrieval performance.

Further investigations on both user and system feedback were conducted by Azzopardi et al.
(2018), who identi ed various user and agent interactions during conversational search sessions.
These interactions include user actions such as revelation, inquiry, and navigation, as well as agent
actions such as inquiring and suggesting information.

In exploring the spectrum of passive and active systems, scholars advocate for highly active conver-
sational search systems to maximise task success and user satisfaction (Dubiel, Halvey, Azzopardi,
et al., 2020; Dubiel, Halvey, Azzopardi, Aylett, et al., 2018; Trippas et al., 2018). For spoken con-
versational search systems, Trippas et al. (2018) emphasised the importance of conversation in
successful interactions as these are central for users to communicate and explain their information
need. Therefore, they suggested to implement pro-active search systems that continuously listen
to users, to identify information needs and tasks, and to pro-actively provide relevant content to
satisfy the user information need if necessary. These suggestions were validated by Dubiel, Halvey,
Azzopardi, et al. (2020), who found that active conversational agents indeed improve task per-
formance, especially in complex tasks such as tutoring and interactive adventure games (Dubiel,
Halvey, Azzopardi, Aylett, et al., 2018).

The research presented in this section has shown the effectiveness of implementing mixed-initiative
strategies in search systems and agents, contributing to task success and user satisfaction. For
example, proactive agents facilitate resolving information needs and enhance task success. The
studies mainly focused on the impact of mixed-initiative conversations in settings such as tutoring
and adventure games (see Dubiel, Halvey, Azzopardi, Aylett, et al., 2018) or domain-agnostic set-
tings (see, e.g., Owoicho et al., 2023). The impact of mixed-initiative strategies in procedural tasks
such as cooking, however, has not yet been explored. Based on these ndings from the literature,

I, therefore, aim to investigate how proactive agents contribute to resolving information needs,
achieving task success, and fostering more engaging conversations in the context of procedural
cooking tasks.
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2.5.3.3 Clarifying Questions

The preceding section highlighted the importance of user feedback in resolving information needs
and completing tasks. One effective, interactive approach to employ this feedback is by asking clar-
ifying questions, which make up to 27% of interactions with agents (J. F. Allen, Guinn, & Horvitz,
1999). These questions help to resolve ambiguities, user requests and information needs (e.g.,
Aliannejadi, Zamani, Crestani, & Croft, 2019; Tavakoli et al., 2022; Zamani et al., 2023). The liter-
ature on clarifying questions is, therefore, relevant to my work and aligns with my research goals
as it demonstrates how such questions help in understanding and resolving information needs.

Clarifying questions are studied in various domains, including restaurant recommendation (Chris-
takopoulou et al., 2016), math information retrieval (Mansouri & Jahedibashiz, 2023), e-commerce
(Y. Zhang, Chen, Ai, Yang, & Croft, 2018), and open-domain information retrieval (Zamani, Du-
mais, et al., 2020). Research on clarifying question ranges from identifying different types of ques-
tions (Bi et al., 2019; Braslavski, Savenkov, Agichtein, & Dubatovka, 2017; Zamani, Dumais, et
al., 2020), assessing their effectiveness (e.g., Krasakis, Aliannejadi, Voskarides, & Kanoulas, 2020;
Tavakoli et al., 2022; Y. Zhang et al., 2018) to generating clari cation questions (e.g., Dhole, 2020;
Sekulic, Aliannejadi, & Crestani, 2021a; Zhao, Dou, et al., 2022), and integrating them sensibly
into conversational search dialogue (e.g., Sekulic, Aliannejadi, & Crestani, 2021b; Zou, Sun, Long,
Aliannejadi, & Kanoulas, 2023).

Different types of clarifying questions were studied by Bi, Ai, and Croft (2021) who distinguished
between “special questions” (Bi et al., 2021, p. 157), e.g., “What do you want to know about brin-
ing?” and “general (yes/no) questions” (Bi et al., 2021, p. 157) such as “Do you want to hear more
about this?”. A more detailed analysis on different types and patterns of clarifying questions was
conducted by Braslavski et al. (2017), who investigated such questions on a community question
answering website. The types of clarifying questions can exhibit various topics, styles and can be
diverse, including both “Wh” and yes/no questions (Braslavski et al., 2017). Zamani, Dumais, et
al. (2020) derived a taxonomy of clari cation types from Bing query logs, and identi ed four main
types of questions: rst, clarifying questions can be used for disambiguation since queries are am-
biguous and clarifying questions help to clarify the intent or information need. Second, clarifying
guestions can be used to identify certain preferences including personal information (“for whom?),
spatial information (“where”), temporal information (“when”), and purpose (“for what purpose”).
The third category is topic where the system can clarify the information need by asking the user
to specify the desired topic, and nally, clarifying questions can be employed for comparison, e.g.,
comparing a topic with other topics facilitates nd the right information and, thus, helps satisfying
the information need. Tavakoli et al. (2022) further differentiated between useful, i.e., add value
to the post by clarifying an information need, and not useful, i.e., do not add value, clari cation
guestions on StackExchange websites. They identi ed the most popular clari cation patterns (see
Figure 2.8) and found that questions starting with “Do you want”, “Can it be”, “Do you mean”,
“What (noun) is/are” are among the most useful ones.

Research indicates that asking only one good clarifying question can lead to better search results,
aiding users in articulating their complex information need, which is particularly challenging in
spoken conversational search (Aliannejadi et al., 2019). Using user feedback after clari cation can
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