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ABSTRACT

Conversational information seeking (CIS) is concerned with
a sequence of interactions between one or more users and
an information system. Interactions in CIS are primarily
based on natural language dialogue, while they may include
other types of interactions, such as click, touch, and body
gestures. This monograph provides a thorough overview of
CIS de nitions, applications, interactions, interfaces, design,
implementation, and evaluation. This monograph views CIS
applications as including conversational search, conversa-
tional question answering, and conversational recommen-
dation. Our aim is to provide an overview of past research
related to CIS, introduce the current state-of-the-art in CIS,
highlight the challenges still being faced in the community,
and suggest future directions.
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Introduction

1.1 Motivation

Over the years, information retrieval and search systems have become
more conversational: For instance, techniques have been developed to
support queries that refer indirectly to previous queries or previous
results; to ask questions back to the user; to record and explicitly
reference earlier statements made by the user; to interpret queries
issued in fully natural language, and so forth. In fact, systems with
multi-turn capabilities, natural language capabilities as well as robust
long-term user modeling capabilities have been actively researched for
decades. However, the last few years have seen a tremendous acceleration
of this evolution.

This has been driven by a few factors. Foremost, progress in ma-
chine learning, speci cally as applied to natural language understanding
and spoken language understanding, has recently surged. Whereas the
possibility of a conversational information seeking (CIS) system ro-
bustly understanding conversational input from a person was previously
limited, it can now almost be taken for granted. In concert with this,
consumer hardware that supports and encourages conversation has
become common, raising awareness of and the expectation of con-

2



1.2. Guide to the Reader 3

versational support in IR systems. From the research community, this
has been accompanied by signi cant progress in de ning more natural
CIS tasks, metrics, challenges and benchmarks. This has allowed the
eld to expand rapidly. This monograph aims to summarize the current
state of the art of conversational information seeking research, and
provide an introduction to new researchers as well as a reference for
established researchers in this area.

1.2 Guide to the Reader

The intended audience for this survey is computer science researchers in
elds related to conversational information seeking, as well as students in
this eld. We do not assume an existing understanding of conversational
systems. However, we do assume the reader is familiar with general
concepts from information retrieval, such as indexing, querying and
evaluation. As this monograph is not a technical presentation of recent
machine learning algorithms, we also assume a basic understanding of
machine learning and deep learning concepts and familiarity with key
algorithms.

The reader will be provided with a summary of the open CIS
problems that are currently attracting the most attention, and many
promising current results and avenues of investigation. We will also
provide an overview of applications attracting interest in the community,
and the resources available for addressing these applications.

When discussing the structure of conversations we adopt terminology
used in the speech and dialogue research community. The most basic
unit is an utterance (analogous to a single query in retrieval). All
contiguous utterances from a single speaker form a singleirn (Traum
and Heeman, 1996), with a conversation consisting of multiple turns
from two or more participants. For the reader we note that somewhat
confusingly, a commonly adopted de nition in CIS publications de nes
a turn as the pair of a user turn and a system response turn (a user
query and system answer).

The focus of this work di ers from recent related surveys. We draw
the reader's attention to the following most related examples. Gacet al.
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(2019) presented an overview focused on speci ¢ neural algorithmic
solutions for question answering, task-oriented and chat agents. Freed
(2021) also focused on the development of chatbots, often for customer
support. Our focus is more on characterizing the problem space related
to information seeking conversations and providing a broad overview
of di erent problems, metrics and approaches. Moreover, the report
from the third Strategic Workshop on Information Retrieval in Lorne
(SWIRL 2018) (Culpepper et al., 2018) provided a broader summary
of important open challenges in information retrieval, where various
challenges associated with CIS were ranked rst. That document pro-
vides a briefer overview and reading list, more concretely aimed at
summarizing open challenges. A more recent report from the Dagstuhl
Seminar on Conversational Search (Anancet al., 2020) reiterated these
challenges in more detail. Beyond these, more focused recent relevant
workshops include SCAI (Penhaet al., 2022), KaRS (Anelli et al., 2022),
Sim4IR (Balog et al., 2022), Future Conversation (Spinaet al., 2021)
and MuCAI (Hauptmann et al., 2020) among others. Concurrent to
this work, Gao et al. (2023) published a book draft on deep learning
approaches for conversational information retrieval. This monograph
provides a holistic overview of CIS systems, state-of-the-art CIS ap-
proaches, and future directions in CIS research. In contrast, Gaet al.'s
book focuses speci cally on deep learning solutions for various subtasks
in conversational IR, therefore provides a complementary view to ours.

1.3 Scope

This monograph focuses on a particular class of conversational systems,
namely those that exhibit key attributes of human conversation. We
take a cue from Radlinski and Craswell (2017), who propose that a
conversational system should incorporate mixed initiative (with both
system and user able to take initiative at di erent times), memory (the
ability to reference and incorporate past statements), system revealment
(enabling the system to reveal its capabilities and corpus), user reveal-
ment (enabling the user to reveal and/or discover their information
need), and set retrieval (considering utility over sets of complementary
items). Here, we study approaches that exhibit at least some of these
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properties. In particular, we do not delve deeply into dialogue systems
that restrict themselves largely to identifying slot/value pairs in back
and forth exchanges between the system and user.

Additionally, we focus on information seeking, which refers to the
process of acquiring information through conversation in order to satisfy
the users' information needs. This implies that the conversation should
exhibit a clear goal or assist the human user in completing a specic
task through nding information. While signi cant progress has been
recently made on chit-chat systems, with a primary goal of keeping users
engaged in realistic conversational exchanges over a prolonged time (for
more information, see (Yanet al., 2022)), we do not attempt to cover
such work in depth. Our focus thus aligns more with traditional search
concepts such as the presence of an information need or user agenda
that existed before they engaged with the CIS system, and which can
be satis ed through a conversation.

On the other hand, we do not make a strong distinction between
search and recommendation tasks. Rather, we cover both types of
conversational information seeking interactions. We see these as strongly
related tasks that are becoming more closely related as time passes.
Indeed, we believe that the same task can often be characterized as either.
For instance, a query hotels in London can be seen as either a search
task (e.g. on a desktop interface, for a potential future tourist considering
a ordability in di erent areas) or a recommendation task (e.g. using a
smart watch while standing in heavy rain in central London). Clearly
device, interface and context play an important role in determining the
best next conversational step.

Finally, we draw attention to three key aspects of CIS that, while hav-
ing received signi cant attention, remain largely unsolved. First, the level
of natural language understanding in conversational systems remains
far from human-level, particularly over long sequences of exchanges.
Even over adjacent conversational steps, question/answer interpreta-
tion remains challenging. Second, robust evaluation of conversational
systems remains a critical research challenge: The highly personalized
and adaptive nature of conversations makes test collection construction
highly challenging. We will cover many of the common approaches, and
their limitations. Third, conversation is sometimes taken to imply voice
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or speech interactions. We do not make this assumption, recognizing
that conversations can happen in many types of interfaces and modali-
ties. We discuss research of conversations combining di erent types of
interfaces and presentations in depth.

Three particularly important aspects of CIS that are very

active areas of research include obtaining human-level natu-
ral language understanding, robust evaluation of CIS systems, and
moving beyond simple text and speech interactions.

There are a number of particularly important aspects of conversa-
tional information seeking that despite their importance are not covered
in depth here, as they apply broadly across many non-conversational
search and recommendation tasks. The rst is the question of privacy.
Clearly this is an essential aspect of all search tasks and should
be considered in depth in any practical system. We refer readers to
Cooper (2008) and Zhanget al. (2016) as a starting point for privacy
considerations as applied to logging and log analysis.

Similarly, we do not consider the type of information that a user may
request or receive including information that might be considered of-
fensive or harmful. As this issue is not speci c to conversational systems
and is heavily studied; A detailed consideration of such information
access is thus beyond our scope. We refer readers to Yenadtal. (2018)
and Pradeepet al. (2021) as starting points of recent work in this space.

Along the same lines, fairness is an essential aspect for information
seeking and recommendation tasks, yet largely beyond our scope. We
note that this includes both fairness in terms of biases that may exist
in recommendation to di erent groups (Ge et al.,, 2021) as well as
fairness when considering both consumers of recommendations as well
as producers of items being recommended (Abdollahpouet al., 2020).
We refer interested readers to Ekstrandet al. (2022) for a complete
recent overview.
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1.4 Applications

An alternative way to characterize the scope of this work could be in
terms of the relevant applications that are addressed. Section 2 will focus
on this formulation, starting with a brief introduction on conversational
information seeking (Section 2.3). This includes a discussion of di erent
modalities' (that is, text, speech, or multi-modal) impact on the seeking
process, as for instance studied by Deldjoeet al. (2021). We then
continue with the topic of conversational search and its various proposed
de nitions (Section 2.5), culminating with one that relates CIS to many
other related settings (Anand et al.,, 2020). Section 2.6 introduces
conversational recommendation (Jannachet al., 2021a) followed by
conversational question answering in Section 2.7, where for instance Qu
et al. (2019b) provide a powerful characterization of the relationships
between these areas of study. We continue Section 2 by explaining
how CIS applications can be used in di erent domains, and focus on
e-commerce, enterprise, and health in Section 2.8. The section concludes
with details on intelligent assistants with relation to CIS.

1.5 A High-Level Architecture for CIS Systems

To create a structure for the remainder of this work, we follow the
general structure of most CIS systems. This choice guides the main
body of this monograph: Each section in this part focuses on a core
technological competency that is essential to a modern CIS system. In
particular, a CIS system must rst choose an interface (Section 1.5.1).
It must then have an approach to maintain the state of a conversation
(Section 1.5.2), and at each system turn determine the system's next
utterance (Section 1.5.3). One particular challenge that is attracting
attention is when the system should take initiative versus responding
passively (Section 1.5.4).

Key design considerations of a CIS system include its chosen
interface, how it maintains conversational state, and how it
selects the system's next utterance. One particular challenge for
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the latter is that of when the system should take initiative.

1.5.1 Conversational Interfaces and Result Presentation

Section 3 provides an overview of conversational interfaces. We begin
with a historical perspective, where we explain di erences between
existing conversational interfaces such as spoken dialogue systems, voice
user interfaces, live chat support, and chatbots. This overview illustrates
the use of conversations within closely related CIS applications (McTear
et al., 2016). Next, research on result presentation through di erent
mediums (desktop or small device) and modalities (text, voice, multi-
modal) are discussed in Section 3.2, such as recent work by Kaushik
et al. (2020). This overview emphasizes the di culties with highly
interactive result presentation and highlights research opportunities.
Following this, Section 3.3 introduces di erent kinds of initiative in
conversational systems, including system-initiative, mixed-initative, and
user-initiative, for instance well-characterized by Zue and Glass (2000)
and Wadhwa and Zamani (2021). This section aims to explain the
di erent kinds of initiative, and the consequences on human-machine
interactions. We nish the section with a discussion of conversational
interfaces limitations including, for instance, limitations as experienced
by visually impaired searchers (Gooda Sahitet al., 2015).

1.5.2 Tracking and Understanding Flow

The focus of Section 4 is on the varying approaches that make it
possible to follow conversational structure. We begin with an overview
of how to represent a single turn, such as is done with Transformer
models (Rael et al.,, 2020), and how turns are often classi ed into
dialogue acts (Reddyet al., 2019). Section 4.2 then looks at how the
di erent turns of a conversation are usually tied together through state
tracking and text resolution across turns. In particular, the structure
of longer conversations is looked at in-depth in Section 4.3, although
noting that existing models are often limited in their ability to capture
long-distance conversational structure (Chianget al., 2020). We cover
work that operates over long-term representation of CIS exchanges in
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Section 4.4, followed by recent work that attempts to model longer
conversations in the nal section, epitomized by work on selecting the
right context for understanding each turn (Dinan et al., 2019a).

1.5.3 Determining Next Utterances

The next step for a canonical conversational system is selecting or
generating a relevant response in the conversational context. This is the
focus of Section 5. We begin with an overview of the di erent types of
responses, including short answers, long answers, and structured entities
or attributes. The short answer section presents early Conversational QA
(ConvQA) systems then discusses the transition to more recent Trans-
former architectures based on pre-trained language models. Section 5.1.5
then examines how ConvQA is performed over structured knowledge
graphs including systems that use key-value networks (Sahat al., 2018),
generative approaches, and logical query representations (Pleit al.,
2021). Following this, we discuss open retrieval from large text corpora
as part of the QA process. In particular, Section 5.2 goes beyond short
answer QA to approaches performing conversational passage retrieval
from open text collections including multi-stage neural ranking, for in-
stance recently considered by Linet al. (2021b). We brie y discuss long
answer generation approaches in Section 5.3 including both extractive
and abstractive summarization methods. We conclude the section with
conversational ranking of items in a recommendation context, including
models that use multi-armed bandit approaches to trade-o between
elicitation and item recommendation.

1.5.4 Initiative

Section 6 provides a detailed look at mixed-initiative interactions in
CIS systems. We start with reviewing the main principles of developing
mixed-initiative interactive systems, and describing di erent levels of
mixed-initiative interactions in dialogue systems (Allen et al., 1999;
Horvitz, 1999). We brie y review systeme-initiative interactions with a
focus on information seeking conversations, such as the work of Wadhwa
and Zamani (2021), in Section 6.1. We then delve deeply into intent
clari cation as an example of important mixed-initiative interactions for
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CIS in Section 6.2. We introduce taxonomy of clari cation and review
models for generating and selecting clarifying questions, such as those
by Aliannejadi et al. (2019) and Zamaniet al. (2020a). In presenting
the work, we include models that generate clarifying questions trained
using maximum likelihood as well as clari cation maximization through
reinforcement learning. Additionally, Section 6.3 discusses preference
elicitation and its relation with clari cation, followed by mixed-initiative
feedback {.e., getting feedback from or giving feedback to users via
sub-dialogue initiation) in Section 6.4.

1.6 Evaluation

Beyond the details of how a CIS system functions, fair evaluation is key
to assessing the strengths and weaknesses of the solutions developed.
Section 7 looks at evaluation in CIS holistically. After considering
possible ways of studying this broad space, this section breaks down
evaluation by the setting that is evaluated. Speci cally, o ine evaluation

is treated rst, in Section 7.2. A variety of frequently used o ine datasets
are presented (such as Multi-wOZ (Budzianowskiet al., 2018)), and
strengths and limitations are discussed including the use of simulators
to produce more privacy-aware evaluations as well as the use of non-
text datasets. Online evaluation is considered next, with Section 7.3
contrasting lab studies, crowdsourcing, and real-world evaluations. An
example of these is where commercial systems may ask evaluation
guestions of their users (Parket al., 2020). Finally, the metrics applied

in these settings are covered in Section 7.4. While readers are referred
to Liu et al. (2021a) for a full treatment, we present an overview of
typical turn-level as well as end-to-end evaluation metrics.

1.7 Open Research Directions

Section 8 provides a brief summary of this monograph and discusses
di erent open research directions. We collate the major themes discussed
throughout this manuscript instead of presenting a detailed account

of all possible future research problems. We highlight four key areas
for future exploration. First, Section 8.2.1 covers challenges related
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to modeling and producing conversational interactions as a way to
transfer information between user and system. Second, we highlight
the importance of result presentation and its role in CIS research in
Section 8.2.2. Third, we emphasise the importance of di erent CIS
tasks in Section 8.2.3. Finally, Section 8.2.4 covers measures of success
during the highly interactive CIS process and ultimate evaluation of
CIS systems.

1.8 Further Resources

Beyond the main body of this work, Appendix A briey presents a
more holistic historical context for this monograph. This appendix
mainly includes information about early research on interactive infor-
mation retrieval, as well as on dialogue-based information retrieval,
such as the PR (Croft and Thompson, 1987) and THOMAS (Oddy,
1977) systems (see Section A.1). We discuss approaches for theoretical
modelling of interactive information retrieval systems, such as game
theory-based models (Zhai, 2016) and economic models (Azzopardi,
2011) in Section A.2. We also include introductory information about
existing literature on session search, such as the TREC Session Track,
and evaluation methodologies for session search tasks (Carteretet al.,
2016) in Section A.3. Finally, we brie y cover exploratory search (White
and Roth, 2009) and discuss its relationship to conversational infor-
mation seeking in Section A.4, followed by a very brief overview of
chit-chat and task-oriented dialogue systems in Section A.5. Newcomers
to the eld of information retrieval are highly encouraged to review this
appendix to develop an understanding of where the core ideas behind
CIS originated.

This monograph has been used in multiple tutorials on

conversational information seeking at top-tier conferences,
e.g, at the SIGIR 2022 (Dalton et al., 2022) and the Web Conference
2023 (Dalton et al., 2023). The materials prepared for these tutorials,
e.g, presentation slides, interactive demos, and coding practices,
are available at https://cis-tutorial.github.io/.
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De nitions and Applications

In this section, we provide relevant concepts from previous work in
conversational information seeking (CIS) and its tasks, contexts, and
applications illustrating the multi-dimensional nature of CIS. This in-
troductory section aims to guide the reader with background knowledge
on de nitions and basic concepts related to CIS. We cover three CIS
subdomains, namely conversational search, conversational recommenda-
tion, and conversational question answering. These topics are closely
related and their boundaries are often blurred. We also introduce some
domain-speci ¢ applications of CIS, including e-commerce, enterprise,
and health, and illustrate their use cases. Lastly, we cover how CIS can
be embedded within the subdomain of intelligent assistants.

2.1 Conversation

The term conversation carries di erent de nitions in di erent con-
texts. The Merriam-Webster Dictionary de nes conversation as oral
exchange of sentiments, observations, opinions, or ideas$ This refers
to the everyday use of conversation by humans. Brennan (2012) de ned

Lhitps://iwww.merriam-webster.com/dictionary/conversation
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conversation as a joint activity in which two or more participants use
linguistic forms and nonverbal signals to communicate interactively ,
highlighting the possible use of nonverbal signals in conversations. In
contrast, researchers in dialogue systems consider a more pragmatic
de nition by identifying a few attributes in human conversations. These
attributes include turn, speech acts, grounding, dialogue structure, ini-
tiative, inference, and implicature (Jurafsky and Martin, 2021, Ch. 24).
This monograph provides a new de nition of conversation, which we
believe is better suited for conversational information seeking research.

A conversation is often de ned as a sequence of interactions between
two or more participants, including humans and machines, as a form of
interactive communication with the goal of information exchange. Unlike
most de nitions of conversation in linguistics and dialogue systems that
only focus on natural language interactions, we argue that a conversation
can also exhibit other types of interactions with di erent characteristics
and modalities, such as click, touch, body gestures, and sensory signals.
The reason behind including these interactions is the rich history of
using them in search technologies that shape the fundamentals of CIS
research. That said, long form natural language is still the dominant
interaction type in conversations. Therefore, a conversation can be
de ned as follows.

De nition 1.  Conversation is interactive communication

for exchanging information between two or more participants
(i.e., humans or machines) that involves a sequence of interactions.
While natural language is considered a prerequisite for conversa-
tional interactions, conversations can also exhibit other types of
interaction with di erent characteristics and modalities ( e.g., click,
touch, and gestures).

An important characteristic of conversation is its style: synchronous
versusasynchronous Synchronous conversations happen in real time,
where at least two participants (or agents) exchange information. Most
human-machine conversations are expected to be synchronous. Asyn-
chronous conversations, on the other hand, happen when information
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can be exchanged independently of time. Therefore, asynchronous con-
versations do not require the participants' immediate attention, allowing
them to respond to the message at their convenience. Conversations
between humans in forums and email threads are asynchronous. A
conversation can also be a mixture of synchronous and asynchronous
interactions. For instance, a user can have synchronous interactions
with a conversational system. Later, a human representative can reach
out to the user to follow up on the conversation and better address the
user's needs if the conversational system fails.

Researchers in the area of CIS are interested imformation seeking
conversations conversations in which at least one participant is seeking
information and at least another participant is providing information.
Information seeking conversations are mostly either among humanse(g.,
the interactions between users and librarians for nding information
in a library) or between humans and machines €.g., the interactions
between a user and a CIS system). They can be either synchronous,
asynchronous, or a mixture of both.

De nition 2.  Information seeking conversation is a

conversation (cf. Def. 1) in which the goal of information
exchange is satisfying the information needs of one or more partici-
pants.

2.2 Interaction Modality and Language in Conversation

According to the above de nition of conversation, a conversational
system's input from the users may involve many di erent input types,
such as touch, speech, or body gestures. These signals can be translated
through traditional input devices such as a mouse or keyboard. For
more modern input devices, users can also input gestures, motion, or
touch. The output channels from the conversational system can vary
from 2D screens to audio output to potentially even holograms.

Users can interact with a conversational system through a range of
input devices, including keyboards for typing, microphones for speech,
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smartphones for touch, or through a mixture of these and other input
devices (Deldjooet al., 2021). Using a mixture of modalities o ers
numerous bene ts. The key is accessibility; for example, systems with
spoken interfaces may be more accessible to users for whom traditional
search interfaces are di cult to use (Weeratunga et al., 2015). Even
though research in CIS primarily refers to conversation as textual
or spoken input, other modalities and the mixture of modalities are
receiving increased research attention (Liacet al., 2021; Hauptmann
et al., 2020; Deldjooet al., 2021).

The system output or presentation, similar to the input from the
user, can consist of di erent output channels. Given the user's device,
context (e.g., time, location, device), and task complexity, conversa-
tional systems need to decide which output modality to use for result
presentation (Deldjoo et al., 2021).

2.3 Conversational Information Seeking

CIS, the process of acquiring information through conversations, can be
seen as a subset of information seeking (Wilson, 1999). In the case of
information seeking, any interaction that aids the nding of information

is considered. Hence, searching for information in a book is considered
part of information seeking. In contrast, CIS speci es the interaction
type as conversational in which thoughts, feelings, and ideas are ex-
pressed, questions are asked and answered, or information is exchanged.
CIS is often partitioned into three subdomains: conversational search,
conversational recommendation, and conversational question answering.
However, we do not make a strong distinction between these subdomains.
The reason is that the boundaries between these subdomains are blurred.
For instance, a system that helps a user to nd and purchase shoes
through a conversational interface can be seen as either a conversational
search or conversational recommendation. Or a system that answers a
sequence of non-factoid questions by retrieving passages can be seen
as either conversational search or conversational question answering.
Therefore, this monograph focuses on conversational information seek-
ing in general and describes models, theories, and techniques that can
be used across all CIS subdomains. We de ne CIS systems as follows:
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De nition 3. A Conversational Information Seeking

(CIS) system is a system that satis es the information
needs of one or more users by engaging in information seeking
conversations (cf. Def. 2). CIS responses are expected to be concise,
uent, stateful, mixed-initiative, context-aware, and personalized.

In this de nition, we provide several properties that are expected
from CIS systems. They are explained in the next subsection. Even
though we believe that there is no clear distinction between CIS subdo-
mains (depicted in Figure 2.1), we describe prior work that focused on
each of these subdomains in Sections 2.5 2.7.

Figure 2.1: Conversational Information Seeking and example subdomains including
conversational search, conversational recommendation, and conversational question
answering.

2.4 System Requirements of CIS Systems

To create a truly conversational system, it has been argued that the
system should pro-actively participate in the conversation (Radlinski
and Craswell, 2017; Andolinaet al., 2018; Avula and Arguello, 2020;
Tabassumet al., 2019; Trippaset al., 2018; Vuonget al., 2018; Wadhwa
and Zamani, 2021). This requiresmixed-initiative , which implies that
the system both responds to utterances, but also at times drives the
conversation. Furthermore, the user-system interactions should create a
multi-turn dialogue where each participant takes multiple turns to state
their information need, clarify this need, or maintain communication



2.4. System Requirements of CIS Systems 17

functions such as discourse management (Aliannejadt al., 2019; Deits
et al., 2013; Trippas et al., 2020; Zamaniet al., 2020a). Indeed, systems
can utilize interactive feedback signals such as clarifying questions to op-
timize the advantages of the conversational technique (Aliannejadiet al.,
2019; Vtyurina et al., 2017; Zamaniet al., 2020a). Mixed-initiative inter-
actions, and in particular clarifying questions, are thoroughly reviewed
in Section 6.

The requirements of a system to support the users' interactions
are multiple. For example, the interaction history (e.g., queries, rele-
vance feedback, type of interaction device) has to be saved and, where
necessary, retrieved by the system (Reichman, 1985; Vtyurinat al.,
2017; Zamani and Craswell, 2020). The interaction history as well as
user-speci ¢ and contextual information can be adopted to provide
personalizedand context-aware access to information. A system should
also be able to adapt the results presentation strategies depending on
the users' needs. It could be that a user is cognitively engaged, in which
case the system can present the resultsoncisely and uently with a
high comprehensibility We note that conciseness and uency are not
speci ¢ to natural language and it should be extended to multi-modal
conversations. For instance, in speech-only setting, the CIS outputs are
expected to be listenable (Trippas, 2019).

Due to the interactive, adaptive, and conversational nature of these
user-system interactions, both user and system turn-time can be less
predictable. For example, if the users' input is natural language-based,
it can increase the time needed to convey their information need versus
a query-based information need. Simultaneously, a system can ask
clarifying questions to overcome errors and thus engage with the user
through multiple interactions (Skantze, 2007).

One system requirement which is particularly relevant to a speech-
only setting is the system's ability to assist the user when speech
recognition errors have occurred (Trippaset al., 2018). These errors
may occur due to background noise, speaker accents, dis uency, spoken
language ability, or out-of-vocabulary words, among other reasons.
Speakers often compensate with hyper-articulation or restarting voice
inputs (Jiang et al., 2013; Myerset al., 2018). It has been suggested
that systems should design in ways to handle the myriad of possible
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errors and use meta-communication to overcome them (Trippas, 2019).

Existing open-source software to create a CIS system is available.
Even though many of these systems cannot be seen as truly conversa-
tional, they are updated frequently. For instance, RASA? provides exi-
ble conversational software for building text and voice-based assistants
but, at the time of writing, lacks mixed-initiative functions. Other con-
versational systems include Amazon LeX or botpress'. Macaw (Zamani
and Craswell, 2020) provides an extensible framework for conversational
information seeking research and supports both mixed-initiative and
multi-modal interactions.

Overall, a CIS system is concerned with dialogue-like infor-

mation seeking exchanges between users and system. Fur-
thermore, the system is pro-actively involved with eliciting, dis-
playing, and supporting the user to satisfy their information need
through multi-turn transactions, which can be over one or more
sessions.

We note that given the complexity of the system and properties
listed in De nition 3, most research articles make several simplifying
assumptions. For instance, TREC Conversational Assistance Tracks
2019 - 2022 (Daltonet al., 2019; Dalton et al., 2020a; Dalton et al.,
2021; Owoichoet al., 2023) do not consider some of these properties,
including personalization.

2.5 Conversational Search

Conversational search, or the process of interacting with a conversational
system through natural conversations to search for information, is
an increasingly popular research area and has been recognized as an
important new frontier within IR (Anand et al., 2020; Culpepperet al.,
2018). Furthermore, mobile devices and commercial intelligent assistants

2https://rasa.com/
3https://aws.amazon.com/lex/
“https://botpress.com/
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such as Amazon Alexa, Apple's Siri, and Google Assistant, in which
users interact with a system to search for information, are becoming
accepted. Among many other use cases, users can use these systems to
receive weather updates, directions, calendar items, and information
on any topic covered on the Internet by stating our needs in natural
language.

Information seeking, or the process by which people locate informa-
tion, has traditionally been viewed as a highly interactive process (Oddy,
1977; Croft and Thompson, 1987). More speci cally, searching has been
approached as an interactive user-system activity for many years. Fur-
thermore, with the rise in machine learning (ML), natural language
processing (NLP), and spoken language comprehension, understanding
many users' natural language statements has become more feasible.
Simultaneously, with ever-growing computing power, it has been easier
to comprehend, categorize, or analyze major datasets, which helped to
develop genuinely interactive systems that go beyond the conventional
query box action-reaction search model (Trippas et al., 2018). For
example, instead of posing a query word in which the user needs to
Iter through a search engine results page, the user can describe their
information need. In addition, the system could inform the user in a
more conversational style which documents might be relevant to the
query and thus have the system actively involved in the search process.
As described by Radlinski and Craswell (2017), the system could reason
about the retrieved documents and actively help the user sift through
the information. Intuitively, conversational search opens up many possi-
bilities as a new interaction paradigm. For example, we may learn how
to optimize traditional browser-based query box searching, improve
information accessibility, and decrease information access barriers by
incorporating search into everyday dialogues (Balasuriyaet al., 2018;
Trippas et al., 2021).

Consider Figure 2.2, where the statement from a user is short
and resembles a keyword-style query and the system response is a
long and information-dense passage that is likely hard for the user to
consume. In addition, the presentation of the result is not interactive,
instead, all the information is presented in one turn, inhibiting the
strength of interactivity as an interaction paradigm. Furthermore, the
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user cannot interact with the content through query re nements or
clari cations. This also reinforces the perceived importance of the initial
user query, requiring them to formulate excellent queries from the
beginning (Gooda Sahibet al., 2015).

Figure 2.2: Example information seeking task where someone inquires whether
superannuation is compulsory in Australia. The user asks a keyword-style query and
the system response is an information-dense passage.

In contrast to the Figure 2.2 example, the example in Figure 2.3
shows a conversational search dialogue that enables the user to provide
their query in a more natural style. The dialogue is more natural and
involves greater natural language exchanges. The dialogue is intuitively
divided into pieces to minimise information overload. Furthermore, the
system recognizes the user's context, assisting them in re ning their
inquiry, and maintains an account of prior encounters, eliminating the
need for repetition. In addition, the system creates a model of the user
and their information needs through problem elicitation. All of these
user-system interactions are made possible by both sides conversing in
a human-like manner.

As part of CIS, several de nitions of conversational search have been
proposed (Anandet al., 2020; Radlinski and Craswell, 2017; Azzopardi
et al., 2018; Trippas et al., 2019), which are all inline with the CIS
de nition provided earlier in this section. For example, researchers who
attended the Dagstuhl seminar on Conversational Search created a
typology based on existing systems as a de nition (Anandet al., 2020).
Radlinski and Craswell (2017) and Azzopardiet al. (2018) viewed the
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Figure 2.3: Example conversation when someone inquires whether superannuation
is compulsory in Australia within a more ideal dialogue.

process mainly from a theoretical and system perspective, while Trippas
(2019) viewed it from a cognitive, user-system, and empirical perspective.

As seen in Figure 2.4, the Dagstuhl typology aimed to position
conversational search with respect to other disciplines and research
areas. For instance, they drew the lines from IR systems and added
properties such as statefulness to derive IIR systems and thus specify
conversational search as:

A conversational search system is either an interactive
information retrieval system with speech and language pro-
cessing capabilities, a retrieval-based chatbot with user task
modeling, or an information seeking dialogue system with
information retrieval capabilities. (Anand et al., 2020, p.
52)

Meanwhile Radlinski and Craswell (2017) de ne conversational
search systems with a more focused and applied view on which properties
need to be met.
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Figure 2.4: The Dagstuhl Conversational Search Typology de nes the systems via

functional extensions of IR systems, chatbots, and dialogue systems (Anand et al.,
2020).

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 a model of current user needs within
the current conversation, using both short- and long-term
knowledge of the user. (Radlinski and Craswell, 2017, p.
120)

Lastly, Trippas (2019) expanded on Radlinski and Craswell's de ni-
tion and stated that for spoken conversational search:

A spoken conversational system supports the users' in-
put which can include multiple actions in one utterance
and is more semantically complex. Moreover, the conversa-
tional system helps users navigate an information space and
can overcome standstill-conversations due to communication
breakdown by including meta-communication as part of the
interactions. Ultimately, the conversational system multi-
turn exchanges are mixed-initiative, meaning that systems
also can take action or drive the conversation. The system
also keeps track of the context of particular questions, ensur-
ing a natural ow to the conversation (i.e., no need to repeat
previous statements). Thus the user's information need can
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be expressed, formalised, or elicited through natural language
conversational interactions. (Trippas, 2019, p. 142)

All of these de nitions look at the provided CIS de nition from
a search perspective by focusing on retrieving/selecting information
items.

2.6 Conversational Recommendation

Recommender systems can be seen as information seeking systems
that provide users with potentially relevant items based on historical
interactions. Unlike a conventional search engine that takes a query as
input, most recommender systems use past user-item interactions to
produce relevant recommendations (Konstan and Riedl, 2012). As such,
traditional recommender systems aim to help users Iter and select
items for their information need, often in a closed domain such as books,
restaurants, or movies. These systems select possible items from an
extensive database and lter them to present the user with the best
suitable option (Resnick and Varian, 1997; Thompsonet al., 2004).

Recently, two survey papers on conversational recommender systems
have proposed de nitions of this research area as:

A conversational recommender system is a software
system that supports its users in achieving recommendation-
related goals through a multi-turn dialogue. (Jannach et al.,
2021a, p. 105)

and

A recommendation system [ed. conversational recom-
mender system] that can elicit the dynamic preferences of
users and take actions based on their current needs through
real-time multi-turn interactions. (Gao et al., 2021a, p. 101)

Based on the above de nitions and similar to conversational search,
conversational recommender systems ultimately should benulti-turn ,
meaning that there is more than one interaction or two utterances
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(i.e., one utterance from the user and one from the system). Current
conversational recommender systems can answer recommendation re-
quests reasonably well, but often have di culties maintaining multi-turn
conversations (Jannachet al., 2021a).

Even though the usage of multi-turn interactions could imply some
kind of memory that can keep track of the communication and cur-
rent state, most previous de nitions fail to mention this fundamental
requirement for conversational recommendation. Indeed, some form
of user-system interaction history with conversational recommender
systems is necessary for a system to be able to provide recommendations
based on those previous interactions. Thus, storing past interactions to
refer to is a key component, similarly to conversational search. At the
same time, it is important to simultaneously consider privacy implica-
tions of such an interaction history: What exactly is being retained, how
it may be used in future, and how people can control what is stored.
This is currently an open area of research.

Conversational recommender systems are sometimes referred to as a
systems ask, users answer paradigm (Sun and Zhang, 2018; Zharngt
al., 2018). This means that only the recommender system could ask ques-
tions to elicit users' preferences. Furthermore, this one-way elicitation
approach can have di culties thoroughly capturing the users' needs.
However, more recent work in conversational recommender systems
has investigated this rigid paradigm, introducing the mixed-initiative
approach (Renet al., 2020). Indeed, a conversational recommender
system should be able to elicit, acquire, store, and utilize user pref-
erences through implicit (e.g., clicking) or explicit ( e.g. rating) user
feedback (Pommeranzet al., 2012; Christakopoulouet al., 2016). This
implies that conversational recommender systems should be capable of
taking the initiative and thus support mixed-initiative interactions. An
example of acquiring the user's preference can be seen in Figure 2.5.

A fundamental characteristic of conversational recommender systems
is that they support speci c tasks and goals. The system should suggest
recommendations while the user interacts with that system to help
them nd relevant information and thus support the user's decision
making process.

Another way to elicit user preferences is through product reviews.
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Figure 2.5: An example of user interactions with conversational recommender
systems from Lei et al. (2020b) with each interaction demonstrating the reasoning.

However, one drawback of this method is that the user must have
reviewed for the system to create a user prole (Chenet al., 2015).
Conversational interactions may overcome this issue by simply engaging
the user in a conversation about products they liked or disliked in the
past or the most important features of products for them (lovine, 2020),
or asking users questions based on others' reviews (Kostriet al., 2021).
Another advantage of the conversational format for recommendations is
to explain why (and/or how) particular items are retrieved (Laban and
Araujo, 2020). In conversational search, users submit a query and explain
their information need, which means there can be some transparency
on why the system retrieves the given results. However, the decision-
making process in recommender systems is much less visible to the
users since it is based on prior interactions (Paraschakis, 2016). Further
research on systems that reason and explain through natural language
and conversational actions why particular results are retrieved, how they
yield ethically sourced recommendations that are culturally relevant,
and respect laws and societal norms are warranted (Krebst al., 2019;
Di Noia et al., 2022). By providing explanations, conversational systems
will enhance human decision-making and will also be improved from an
ethical standpoint.
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Conversational search and conversational recommender sys-

tems share many commonalities. Essentially, both tasks
aim to provide users with relevant items based on a ranking, either
through a query (search) or user preference (recommendation). This
point has been raised in the 1990s by Belkin and Croft (1992) and
has recently been revisited in (Zamani and Croft, 2020a; Zamani
and Croft, 2020b). Furthermore, both systems will interact through
conversationswith the system and share the same characteristics
of interaction modality (see Section 2.2).

In conclusion, as been repeatedly mentioned, the boundaries be-
tween these CIS applications are often blurred, mainly because many
comparable technological and computing methods are applied. Using
the strengths and advances from each CIS subdomain will move the
area of conversational systems forward.

2.7 Conversational Question Answering

Question answering (QA), the task of providing one of more answer(s)
to a given question, has been a longstanding information seeking
task within the IR and NLP communities (Dwivedi and Singh, 2013;
Kolomiyets and Moens, 2011; Warren and Pereira, 1982; Winograd,
1974). Early QA systems were created in the 1960s and 70s, such as
BASEBALL (Green et al.,, 1961) and LUNAR (Woods et al., 1972).
Both interfaced a structured database that could be accessed through
very restricted natural language questions. The subject domain was
also very restricted, so the user query could be processed and parsed
through a manually created domain-speci ¢ vocabulary.

Other early systems, usually created for a speci ¢ domain, include
SHRDLU by Winograd (1974) and CHAT-80 QA by Warren and Pereira
(1982). The SHRDLU system was designed as an interactive dialogue
interface to give commands, ask questions, or make statements while the
system could react by carrying out the commands, answering questions,
and taking in new information. However, this early system had limited
capabilities. For example, as Winograd (1974) explained, the system was
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narrow and only accepted a limited range of information, speci cally
in understanding human language and the reasoning behind these
interactions.

QA is a speci ¢ form of information seeking where the users' needs
are expressed in a form of (natural language) question. For example,
Which country has the longest period without a government?. QA
guestions are also frequently classi ed by common properties and can
often be classi ed as factoid, list, de nition, relationship, procedural,
and conformation questions (Kolomiyets and Moens, 2011). These par-
ticular question types have speci c characteristics, such as a factoid
guestion often starts with WH-interrogated words (what, when, where,
who) and list questions often start with List/Name [me] [all/at least
NUMBER/some] (Kolomiyets and Moens, 2011).

In contrast to classical IR, in which full documents are considered
relevant to the user's need, QA is concerned about nding and pre-
senting relatively short pieces of information to answer the queries.
Therefore, QA uses NLP and IR technigues to retrieve small text snip-
pets containing the exact answer to a query instead of the document
lists traditionally returned by text retrieval systems (Voorhees et al.,
1999; Gaoet al., 2019). The short answers are often retrieved and pre-
sented as short text passages, phrases, sentences, or knowledge graph
entities (Lu et al., 2019).

With the developments around conversational systems, QA work
has received increased attention in the context of CIS (Christmann
et al., 2019; Quet al., 2019c; Kaiseret al., 2020). Conversational QA
(ConvQA) can be seen as a subsection of CIS but with a narrower focus
than conversational search. Even though ConvQA is a popular research
topic, we are unaware of any comprehensive de nition of ConvQA. The
main reason is likely that it is di cult to distinguish it from many
conversational search tasks.

Traditionally, QA has focused on a single question, meaning no
historical interaction data is kept. However, it could be argued that
conversations should be composed of more than one interaction. Thus,
in conversational QA, the user may pose more than one question. Fur-
thermore, as explained in earlier sections, conversational interactions
imply that the history of previous dialogues is kept and used to an-
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swer the user's questions enabling follow-up questions or references
to earlier concepts. Using the advantage of the conversational aspect,
users can query the system interactively without having to compose
complicated queries (Gaoet al., 2019). However, to correctly answer
the user's question, ConvQA systems need to handle more complex
linguistic characteristics of conversations, such as anaphoras (words
that explicitly refer to previous conversational turns) or ellipsis (words
that are redundant in the conversation) (Vakulenko et al., 2020).

An example of a series of ConvQA interactions is seen in Figure 2.6.
Furthermore, ConvQA is often seen in relation to machine comprehen-
sion (Yang et al., 2018b), which is often based on questions about a
given passage of text. The main di erence is that machine compre-
hension organizes the questions into conversations (Qet al., 2019b).
This means that leveraging the history is crucial to creating robust
and e ective ConvQA systems. For example, history can help map
the state and changes of the information need to inform current or
future responses. Recent work from Kaiseet al. (2020) also mentions
the importance of dialogue context to improve ConvQA. That is, the
user in later interactions can refer to the implicit context of previous
utterances.

Figure 2.6: An ideal conversational QA interaction example with ve turns
from Kaiser et al. (2021) where g and ans; are questions and answers at turn
i, respectively.
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2.8 Conversational Information Seeking in Di erent Domains

As a paradigm to interact with information, CIS can nd items on the
web, databases, or knowledge graphs. Conversational information access
can also be applied to speci ¢ domains such as the nancial industry,
hospitality, or cooking recipes. This section expands di erent domains
where CIS can be applied in addition to their unique properties. These
domains include e-commerce, enterprise, and health.

2.8.1 Conversational Information Seeking in E-Commerce

Finding and buying products through conversational interactions is
becoming popular (Papenmeieret al., 2021; Papenmeieret al., 2022).
E-commerce transactions, the process of buying and selling goods and
services online, are steadily increasing.Simultaneously, with the up-
take of CIS systems with consumers €.g., Amazon Alexa or Google
Assistant), it becomes increasingly easier to identify consumers' context
(e.g., a user searching for washing instructions or re-ordering washing
powder may be located in the laundry), resulting in more accurate
context-aware responses.

It has been suggested that conversational e-commerce (also referred
to as conversational commerce (van Eeuwen, 2017)) search and task-
oriented dialogues share commonalities. For example, the dialogue
for ight reservation and e-commerce will elicit user preferences such
as ight destinations akin to an e-commerce product (Yang et al.,
2018b). However, di erences between task-oriented dialogue systems
and e-commerce queries have also been observed, making e-commerce
information need expression much more complex (Yangt al., 2018b).
For instance, e-commerce products often have di erent facets, such
as brand, color, size, or style, resulting in di erent preference slot
combinations or shopping schema. Thus, e-commerce schemas can be
complex. It is even suggested that they can be incomplete due to the
extended range of product facets. Zhanget al. (2018) suggested that
user-system interactions in e-commerce CIS systems can be classi ed

Shttps://www.forbes.com/sites/joanverdon/2021/04/27/global-ecommerce-sa
les-to-hit-42-trillion-as-online-surge-continues-adobe-reports/
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into three stages: initiation, conversation, and display. In their proposed
paradigm, the system will loop through questions to understand all user
preferences of the product's facets before presenting the user's query
results.

Some advantages of using CIS in e-commerce include accessing
products through conversational-enabled devices such as mobile phones
or smart devices (van Eeuwen, 2017). Furthermore, instead of going
to a shop for support, customers can access help instantly through
these devices (Limet al., 2022). In addition, when users are logged
in to their shopping pro le, personalization and shopping history can
optimize shopping experiences. Conversely, CIS systems embedded in an
intelligent assistant have the potential to be virtual shopping assistants.
Future conversational commerce systems can also be embedded into
other emerging technologies, such as augmented reality (Buschel al.,
2018).

2.8.2 Conversational Information Seeking in Enterprise

An application of CIS which has not received as much attention is search-
ing through conversational interactions in an enterprise setting (Teevan,
2020). CIS enterprise systems aim to help people in a work environment
such as meeting rooms and at desks, with predictions that by 2025,
50% of knowledge workers would use a virtual assistant daily. This
prediction is up from 2% in 2019% Even though there has been an
increased interest in workplace-oriented digital assistants in general
(e.g. Alexa for Business or Cortana Skills Kit for Enterprise 8), the
uptake has been limited.

It is well known that enterprise search applications have di erent
needs than a traditional web search engine, including challenges such as
searching over enterprise Intranets or multiple internal sources (Hawk-
ing, 2004). Furthermore, besides using CIS systems in a traditional
o ce environment, many di erent applications of more varied and

Shttps://blogs.gartner.com/anthony _ bradley/2020/08/10/brace-yourself-for-a
n-explosion-of-virtual-assistants/

"https://aws.amazon.com/alexaforbusiness/

8https://blogs.microsoft.com/ai/cortana-for-enterprise/
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complex environments, such as airplane pilots, create an extra layer
of complexity (Arnold et al., 2020; Gosperet al., 2021). Many open
problems in the intersection of CIS applications and enterprise need fur-
ther investigation. In particular, issues such as de ning appropriate test
collections, e ective conversational search over distributed information
sources, identifying tasks that lend themselves to use a CIS application,
and understanding the way employees interact with these systems need
to be investigated.

2.8.3 Conversational Information Seeking in Health

Searching for health information is another application for CIS. Many
people already search for health advice online. For example, people will
go to symptom checkers to understand if they have an underlying health
condition or to identify whether they need professional advice (Cross
et al., 2021). Furthermore, a recent study of a CIS application to enable
patients to search for cancer-related clinical trials suggest that CIS
could help to make health information more accessible for people with
low health or computer literacy skills (Bickmore et al., 2016).

A recent survey suggests that the main areas of CIS applications are
located in areas for patients such as treatment and monitoring, health
care service support, and education (Caret al., 2020). However, user
groups such as carers and other health professionals can benet from
these systems besides patients. For example, in a study where physicians
used an information seeking chatbot, they reported that the advantages
of CIS include diagnostic decision-making (Komanet al., 2020).

Even though CIS has major potential, some concerns about imple-
menting these systems in the health domain need to be addressed. For
example, these systems may not have su cient expertise to answer all
guestions and may even misinterpret or misunderstand these questions,
potentially providing a wrong answer (Su et al., 2021). Although a
common challenge to all search systems, this may be exacerbated in a
CIS setting if a system were to naively present healthmisinformation
in a way that reinforces it. Furthermore, these systems can deal with
sensitive patient data and thus need to be safeguarded. Voice-only CIS
systems may also encounter issues with speech recognition, especially
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when people are distressed or are in noisy environments (Spiret al.,
2021).

2.9 Intelligent Assistants

Intelligent assistants are often associated with CIS and are rising in
popularity. The number of intelligent voice assistants worldwide is pre-
dicted to double between 2020 and 2024, from 4.2 billion to 8.4 billior.
Intelligent assistants are frequently embedded in existing phones, lap-
tops, mobile devices or smart speakers. For instance, assistants such as
Google Assistant, Amazon's Alexa, AliMe, or Apple's Siri enable users
to receive assistance on everyday tasks with a speci ¢ goak(g. turning

on or o appliances) or conduct simple question-answering tasks such
as asking for weather forecasts or the news. With the increase in mobile
devices and mobile internet connections, users instantly have access to
powerful computational and digital intelligent assistants. These may
even be designed to access the user's situation or context through GPS
locations, the people around them through Bluetooth scans, and previ-
ous interactions with their electronic devices (Lionoet al., 2020; Trippas

et al., 2019) when enabled on the mobile device. However, more research
is needed to use all the contextual signals to optimize CIS responsibly
and with user privacy in mind.

Di erent CIS tasks may require access to di erent knowledge sources
and databases. Intelligent assistants need to disambiguate which knowl-
edge source they need to retrieve the information from. For instance,
Aliannejadi et al. (2018b) introduced the problem of uni ed mobile
search, in which intelligent assistants identify the target mobile apps
for each search query, route the query to the selected apps, and aggre-
gate the search results. In follow-up work, the authors demonstrated
the impact of user context and app usage patterns on uni ed mobile
search (Aliannejadi et al., 2018a; Aliannejadi et al., 2021b). Identifying
knowledge sources was also used in the Ninth Dialog System Technology
Challenge (DSTC9) with a track called Beyond domain APIs - Tasks-
oriented conversational modeling with unstructured knowledge access.

%https://www.statista.com/statistics/973815/worldwide-digital-voice-assistant
-in-use
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This track aimed to expand di erent task-oriented dialog systems by
incorporating external unstructured knowledge sources (Gunasekara
et al.,, 2020). The track's purpose was to investigate how to support
frictionless task-oriented situations so that the ow of the conversation
does not break when users have questions that are out of the scope of
APIs/DB but possibly are available in external knowledge sources.
Other applications incorporating CIS systems are embodied robots,
e.g., the Multi-Modal Mall Entertainment Robot (MuUMMER) (Foster
et al., 2016). MUMMER was a collaborative challenge in which a robot
was made to behave appropriately to human social norms and engage
through speech-based interactions. Similarly, social bots enable users to
search and engage in information dialogues. This has been thoroughly
studied in the context of Alexa Prize Socialbot Challenge (Ramet al.,
2018). Although these interactions involving search for information may
di er from a focused CIS system, embedding CIS enables a wider variety
of use-cases.

2.10 Summary

This section provided a high-level overview of CIS and its applications.
We rst started by providing de nitions for conversation, informa-
tion seeking conversation, and CIS systems. Under these de nitions,
conversational search, conversational question answering, and conversa-
tional recommendation are seen as the subdomains of conversational
information seeking tasks. This section also included several system
requirements that are expected from CIS systems.

We later reviewed previous work that characterizes the three subdo-
mains of CIS and discussed their connections. We lastly provided an
overview of how CIS can be used in particular domains and compared
CIS to intelligent assistants. CIS is still being developed and is rapidly
expanding as a multi-dimensional and multi-disciplinary research area.
Overall, this section summarized prior work in conversational informa-
tion seeking applications to provide an overview.



3

Conversational Interfaces and Result
Presentation

The emergence of conversational systems has empowered the develop-
ment of a new kind of human computer interface supporting users to
converse with the interface through spoken interactions. In this section,
we introduce di erent kinds of conversational interfaces, set out the
limitations, how they support the entire interaction from the users'
speech input to the system's output, and investigate the latest research

in the presentation of results.

A conversational interface, also identi ed as conversational user
interface (CUI), presents the front-end to a chatbot or virtual personal
assistant, enabling the user to interact with the application through var-
ious input and output modalities such as speech, text, or touch (McTear
et al., 2016; McTear, 2017). Besides being the system's front-end, the
conversational interface integrates or glues together all the underlying
system components, represented in a usable application (Zue and Glass,
2000). Even though all the recent developments of the separate compo-
nents have made conversational interfaces more functional, they act as
the orchestrator of all the information with their challenges.

Overall, this section introduces the di erent conversational inter-
faces and illustrates the limitation of transferring information in a

34
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conversational style for di erent interfaces. We discussinitiative as a
critical element in conversational interactions, including the interface
limitations with regards to CIS.

3.1 Conversational Interfaces

Interfaces that provide users with the ability to interact conversationally
with systems through di erent modalities such as speech, gesture, text,
or touch are commonly referred to as CUIs. Many additional terms
refer to these systems that enable conversational interactions, including
chatbots, intelligent assistants, or conversational agents.

An interface is often referred to beconversational when it covers two
basic attributes (1) natural language and (2) conversational interaction
style (McTear, 2017). The natural languageattribute means that the
system and user can use language as in naturally occurring conversations
between two or more participants; this contrasts to restricted commands,
mouse clicks, or phrases in a graphical user interface (GUI). Furthermore,
natural language is more exible, permitting input to be expressed in
many di erent ways versus one xed expression. Intuitively, allowing the
user to input natural language contributes to a more complex system.
In addition, conversational interaction style is often referred to as basic
turn-taking behavior in which the user and system converse one after
another. This contrasts with clicking or swiping on GUI elements such
as buttons or drop-down menus. Furthermore, to make an interface
even more conversational, the usage ahixed-initiative is introduced.
Mixed-initiative is more human-like and exible because both actors can
independently contribute to the conversation. Lastly, a more advanced
system could includecontext tracking enabling follow-up questions and
persistent tracking of the topic. Even though many dialogue systems
are seen as conversational, they may not be tracking the context and
therefore never refer back to a previous question or answer. Instead,
they attend to every input individually.
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Basic conversational interfaces often consist of two primary

attributes and sub-attributes: natural language which does
not consist of xed expressions, and conversational interaction
style which could support turn-taking, mixed-initiative, and context
tracing.

Even though various forms of conversational interfaces have been
around for a long time, we have recently seen a revival of the topic,
mostly due to the advances in automatic speech recognition (ASR),
natural language processing (NLP), and machine learning in general.
Nevertheless, much fundamental research dates back to the 1960s with
the rst well-known chatbot, ELIZA, having simulated a Rogerian
psychologist (Weizenbaum, 1966). In the following, we provide some
historical context for four distinctive groups of conversational interfaces,
(1) spoken dialogue systems (SDSs), (2) voice user interfaces (VUIS),
(3) live chat support, and (4) chatbots.

3.1.1 Spoken Dialogue Systems

Spoken dialogue systems (SDSs) enable users to interact with a system
in spoken natural language on a turn-by-turn basis and are an instance
of a conversational interface. Many of these systems are used for task-
oriented issues with clear task boundaries, such as travel planning. In the
1960s and 70s, the earliest SDSs were mainly text-based. However, once
technologies improved in the 80s, more complex components were added,
such as more advanced ASR or components that helped recover from
conversational breakdowns. Much government funding from Europe and
the U.S. supported research in SDS, which resulted in the European
SUNDIAL (Speech Understanding and DIALog) project (Peckham,
1991) and the DARPA spoken language system in the U.S. (Clark,
1988). The SUNDIAL project aimed to design systems that could be
used by the public, while the DARPA program focused on the technical
aspects. Many of the early research outcomes are still applicable today,
such as the Information State Update Theory (Traum and Larsson,
2003), information presentation techniques (Gibbonet al., 1997), or the
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CSLU toolkit (Sutton and Cole, 1997).

A frequent example task for SDSs is time-tabling for travel services,
providing the interface between the user and a database (Fraser, 1998).
In the Figure 3.1 example, the user has the need of nding a reasonable
travel plan.

Figure 3.1: Example conversation where the user wants to book a travel and the
system provides options.

As seen in the rst utterance from the system, it is harrowing down
the information need by adding a re nement or clari cation question.
These back and forth interactions are part of the elicitation process for
the system to understand and specify the information need.

3.1.2 Voice User Interfaces

Companies have traditionally developed VUIs for commercial bene ts,
in contrast with SDS that has been created mainly by academic and
research labs. For example, AT&T created an early VUI calledHow
May | Help You? which supported call routing (Gorin et al., 1997). The
automated customer self-service systems are task-oriented and engage in
conversation to help the client, thus being classi ed as a conversational
interface. Instead of helping the customer with their problem, such VUIs
typically aim to understand the customer's problem su ciently, after
which the user can be routed to the appropriate (human) call taker
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to help with their problem further. Thus, these call routing services
only need to elicit the general problem to refer the call to someone or a
speci ¢ system module. The system responses are pre-recorded, which
is possible for highly structured domain-speci ¢ settings. For example, a
scenario where a user wants to pay for a service might follow a scripted
interaction as shown in Figure 3.2.

Figure 3.2: Example conversation with a VUI in which the system is eliciting how
they can help the user before possibly routing them to a human operator for more
complex interactions.

In these systems, when none of the options are relevant to the
user, the system will narrow down the problem to re-route the call to
an appropriate human agent. The connection with CIS is the human-
like interactions, eliciting information needs, and narrowing down the
relevant answers or services.

The VUI community has involved with the development of W3C
standards for scripting spoken dialogues such as VoiceXME VoiceXML-
based toolkits?> and the development for speech analtyics.

 https://www.w3.org/TR/voicexml21/
2http://evolution.voxeo.com/
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3.1.3 Live Chat Support

The above interfaces {.e., SDS and VUI) are mainly used with an
underlying automated system. However, many support systems are
powered by humans in which the interface is the connection between a
user and a service provider. Live chat support is real-time communication
between a customer and a support person via instant messaging, often
through a pop-up dialogue box. The service providers can include
librarians on a library website (Matteson et al., 2011), technical or
sales support on e-commerce websites (Goes al., 2012), or health
assistance (Stepheret al., 2014). Such chat support interfaces are often
embedded as web widgets in websites or as an extra feature within
an application. The main advantage of live chat support interfaces is
that the chat history is persistent and can be referred to by the users.
Furthermore, these chats can support asynchronous and synchronous
interactions (Fono and Baecker, 2006).

Some recent work by Vakulenkoet al. (2021) investigated virtual
reference interviews of professional librarians. They suggest major dif-
ferences between librarian interviews and existing datasets used to
investigate, analyze, and train CIS topics. For example, they suggested
that professional intermediaries are more proactive, write more extended
responses, ask follow-up questions, and actively steer the topic of con-
versation. Further research e orts are needed to understand the impact
of di erent conversational styles of CIS systems (Thomaset al., 2018).

A live chat support provider ( e.g. the call taker or customer
provider) is often synchronous, meaning that the support person answers
questions from the user in real-time. However, many support providers
are required to answer multiple customers simultaneously, creating a
one-to-many relationship. The importance of the support provider's
interface, which could support decision making by ranking response
suggestions on the information-seeking process or incorporating machine
reading to track the conversation, has not been studied extensively (Xu
and Lockwood, 2021; Yanget al., 2018b). Furthermore, research on how
the support providers deal with task-switching and interruptions could
suggest future conversational interface optimisations (Pajukoski, 2018).



40 Conversational Interfaces and Result Presentation

3.1.4 Chatbots

The interactions with chatbots are often based on social engagement
through chit-chat (i.e., small talk), in contrast to the task-oriented
interactions with SDSs and VUIs. Traditionally, chatbots are mainly
text-based. However, more recent chatbots incorporate spoken interac-
tions, images, and avatars to create a more human-like persorfa.

All the above systems aim to support users to interact with datasets
or databases. Due to the conversational aspect of the interaction, no
technical expertise is required to interact with these databases, making
them more accessible. As illustrated with the di erent CUls (i.e., SDS,
VUI, live chat support, and chatbots), these systems cover a large
range of applications and tasks €.g. from travel booking to chit-chat).
Although all these CUIs may be considered conversational, they still
di er in the degree that people are searching for information, the system
maintains control, and exibility allowed by the user to ask for what
they want to nd or how they want to have the information presented.

In contrast, searching for information on the web over documents is
much less predictable and cannot be implemented by pre-set re nement
options. Due to the vast amount of information, more advanced tech-
niques are needed to support users' information needs. Other questions
such as the ambiguity in people knowing when they are talking to a
human or machine (.g. chatbot),* the trust of people have in these
systems, appropriateness of these systems, or transparency around the
usage of arti cial intelligence in generaP are relevant (Mori et al., 2012;
Zamora, 2017; Guptaet al., 2022).

3Note that a chatbot is di erent from a bot (McTear, 2017). A chatbot is a soft-
ware application that can perform automated tasks while engaging in conversations
with the user. This contrasts with bots, which complete repetitive and mundane
automated tasks such as crawling the web or harvesting email addresses from social
networks.

“https://botor.no/

Shttps://digital-strategy.ec.europa.eu/en/policies/european-approach-arti cia
I-intelligence



3.2. Result Presentation: From Search Boxes to Speech Bubbles41

3.2 Result Presentation: From Search Boxes to Speech Bubbles

Result presentation in CIS is tightly coupled with decades of research on
interface development for search engines and other information retrieval
systems. In this section, we draw the connection between conversational
user interfaces required in CIS and past research on result presentation
in search engines.

Result presentation, the way search results are communicated, has
been a major research area for many years (Crofét al., 2010). The
general approach to presenting search results is a vertical list of infor-
mation summarizing the retrieved documents. These results should not
only return relevant results but also display them so that users can
recognize them as relevant to their information need.

Even though many people have become accustomed to searching
through these search boxes, nding information can still be a demanding
task with much information to Iter through. Traditionally, a user would
submit an information need through keywords in a search engine search
box. In return, search engines present a ranked list with potential
relevant documents for that query, also referred to as the search engine
result page (SERP). This SERP consists of the traditional ten blue
links in which each item or result consists of a document title, a short
summary (i.e., snippet), URL, and often other meta-data such as date
or author (see Figure 3.3) (Hearst, 2009; Paelet al., 2004).

Figure 3.3: Traditional SERP example versus a conversational style interaction

The user would then review this returned ranked list and select an
item they think would satisfy their information need. However, the rst
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clicked item will often not satisfy the users' information need. Instead,

the user will go back and forth between inspecting SERPs, looking at the
contents of documents and submitting new queries. These interactions
mimic a limited or one-sided conversation driven by the user. In this

instance, the user has control over the actions taken and the system

has limited capabilities to interact with the user. These systems are
sometimes referred to agassive(Avula, 2020; Trippas et al., 2018).

The alternative interaction paradigm of CIS aims to overcome the
limitations of the results presentation strategies of existing search en-
gines by becoming more active. That is, instead of presenting a ranked
list, these CIS systems can be more exible with their information
presentation strategies by adapting to the user's needs.

Even though research has shown that di erent presentation tech-
niques and answer organization are needed for di erent modalities, lim-
ited research has been conducted imow (the content expression) and
what (the content response) to present in conversational search (Chuklin
et al., 2018; Trippaset al., 2015b; Vtyurina et al., 2020). Furthermore,
not only the retrieved information needs to be presented but depending
on the modality of the results presentation, other interactions such as
meta-conversations (.e., information about the information, for exam-
ple, information about a document or page), need to be presented (Kiesel
et al., 2021a; Trippaset al., 2018).

People search di erently depending on the device €.g., desk-
top versus mobile) and modality (e.g. text versus audio).

Some of these di erences are highlighted in the following subsections.

3.2.1 Text-Only Result Presentation on Desktops

Much research has been conducted on the appearance of SERPs in
browsers (Hearst, 2009). In a visual setting, researchers have investi-
gated features such as snippet length (Cutrell and Guan, 2007; Kaisser
et al., 2008; Maxwell et al., 2017; Roseet al., 2007), snippet attractive-
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ness (Clarkeet al., 2007; Heet al., 2012), or the use of thumbnails (Tee-
van et al., 2009; Woodru et al., 2002).

Research on results presentation has suggested that the presentation
has an impact on the usability of the system. For instance, Clarkeet al.
(2007) investigated the in uence of SERP features, such as the title,
shippets, and URLs on user behavior. They suggested that missing or
short snippets, missing query terms in the snippets, and complex URLs
negatively impacted click-through behavior. In addition, Cutrell and
Guan (2007) used an eye-tracking study to explore the e ects of changes
in the presented search results. They manipulated the snippet length
with three di erent lengths (short [1 text line], medium [2-3 lines], and
long snippets [6-7 lines]) as shown in Figure 3.4. Their results suggested
that depending on the search task {.e., navigational or informational),
the performance improved with changing the length of the snippet. For
navigational queries, optimal performance happened with short snippet
lengths, while extended snippets helped the most for informational
tasks.

Figure 3.4: Snippet length di erences (Cutrell and Guan, 2007).

Further research into snippet summary length con rmed the nd-
ings that di erent snippet lengths were preferred depending on the
task (Kaisser et al., 2008). A more recent study by Maxwell et al.
(2017), re-investigated the varying snippet length and the information
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content within the snippets. Their results suggest that users preferred
more informative and extended summaries, which they perceived as
more informative. However, even though participants felt that longer
snippets were more informative, they did not always help the users to
identify relevant documents.

Techniques in which visual changes to the text are made, such
as clustering, highlighting, or bolding query words in their context,
sentence fragments, or query-biased summaries have been extensively
investigated for traditional results presentation (Hearst, 2009). Further-
more, besides only showing text in the SERP, search engine companies
have added more techniques to display results through feature snippets,
knowledge cards, query suggestions, or knowledge panels. More research
on these presentation styles in CIS is needed to understand the impact
of these techniques in a conversational setting.

Limited research has been conducted into conversational results
presentation for desktop. A recent prototype for text-only chat-based
search by Kaushiket al. (2020) combined a conversational search assis-
tant (i.e., Adapt Search Bot), with a more traditional search interface
(i.e., Information Box), see Figure 3.5. The user can either interact with
the assistant on the left side of the application or with the retrieved
information on the right panel. The authors described this design as
exible for users to interact with the agent and the search engine itself.
Furthermore, their design supported users interacting with the search
engine with the agent initiating dialogues to support the search process.
However, further research could help understand the impact of di er-
ent presentation techniques, chat-based search, and distributed results
presentation (e.g. results on both left and right panels).

Another alternative for searching through conversational interac-
tions on a desktop was presented by embedding searchbotdirectly into
an existing messaging platform {.e., Slack) by Avula et al. (2018). The
searchbot interfered in a collaborative setting (i.e., a search interaction
with more than one searcher) by injecting information relevant to the
conversation between the two users. An example of a searchbot results
page within Slack is presented in Figure 3.6. As seen in the gure, the
results were always followed by a click here for more option, redi-
recting the users to a di erent SERP. The results of this study suggest
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Figure 3.5: A visual example of the Conversational Agent by Kaushik et al. (2020).
The agent exist of a conversational search assistant (left) with a more traditional
search interface (right).

that dynamically injected information can enhance users' collaborative
experience. Further research into the presentation of the results in such
a collaborative CIS setting is needed to enhance our understanding of
optimizing this search experience.

3.2.2 Text-Only Result Presentation on Small Screens

People interact di erently when searching for information on a mobile or
desktop device (Joneset al., 1999; Church and Oliver, 2011; Onget al.,
2017). Researchers have suggested that the shift to mobile search has
also been a paradigm shift in web search (Ongt al., 2017). Di erences

in screen size and being able to access search engines in di erent contexts
or on-the-go have impacted how we search.

With the increasing use of mobile devices such as smartphones,
researchers have also investigated the results presentation on di erent
screen sizes (Onget al., 2017; Kim et al., 2015). Because of the smaller
screen sizes on mobile devices, it is important to investigate the result
presentation and optimize for the screen real-estate. For example, an
average-sized snippet for a desktop site may not be appropriate for a
smaller screen since it may involve more scrolling and swiping.

Kim et al. (2017) studied di erent snippet lengths on mobile devices.
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Figure 3.6: A searchbot results presentation example inside Slack on a desk-
top (Avula et al., 2018).

An example of varying snippet length on a small screen is presented in
Figure 3.7. They demonstrated that participants who were using more
extended snippets took longer to search because it took them longer
to read the snippets. They suggested that unlike previous work on the
e ect of snippet length, the extended snippets did not seem that useful
for mobile devices and that snippets of two to three lines were most
appropriate. Furthermore, it has been suggested that short snippets may
provide too little information about the underlying document, which
can have an adverse e ect on the search performance (Sachse, 2019). In
general, depending on the information need, di erent snippet lengths
could be used to optimize the user experience.

Even though results presentation has not been fully explored in a CIS
context, CIS systems can be developed and deployed on already installed
mobile messaging applications such as Telegram (see Figure 3.8) (Zamani
and Craswell, 2020). This means that people are already familiar with
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Figure 3.7: Examples of SERPs with short (left) and long (right) snippets by Kim
et al. (2017).

the application and it can often be deployed and accessed over multiple
devices and platforms. Furthermore, embedding these CIS systems
within existing messaging applications means the user does not need to
download and install new apps for every service.

However, further research is needed to understand how users interact
with information through such messaging applications. For example,
little is known about how to display multi-modal information on small
screens {e., how much information should be displayed versus the
trade-o from screen real-estate).

3.2.3 Speech-Only Result Presentation

Result presentation research has traditionally been focused on visual
representation. However, with the ongoing trend of CIS and the im-
provement of speech recognition, researchers have started investigating
how to present results in a speech-only setting. It has been suggested
that using speech to search is a natural extension of the visual search

5We use speech-only, which is the structural act or mechanism to speak. However,
some of the studies described useaudio as a sound orvoice.
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