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ABSTRACT

Information access systems, such as search engines, recom-
mender systems, and conversational assistants, have become
integral to our daily lives as they help us satisfy our in-
formation needs. However, evaluating the effectiveness of
these systems presents a long-standing and complex scien-
tific challenge. This challenge is rooted in the difficulty of
assessing a system’s overall effectiveness in assisting users
to complete tasks through interactive support, and further
exacerbated by the substantial variation in user behaviour
and preferences. To address this challenge, user simulation
emerges as a promising solution.

This monograph focuses on providing a thorough under-
standing of user simulation techniques designed specifically
for evaluation purposes. We begin with a background of in-
formation access system evaluation and explore the diverse
applications of user simulation. Subsequently, we systemati-
cally review the major research progress in user simulation,
covering both general frameworks for designing user simu-
lators, utilizing user simulation for evaluation, and specific
models and algorithms for simulating user interactions with
search engines, recommender systems, and conversational

Krisztian Balog and ChengXiang Zhai (2024), “User Simulation for Evaluating
Information Access Systems”, Foundations and Trends® in Information Retrieval:
Vol. 18, No. 1-2, pp 1–261. DOI: 10.1561/1500000098.
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assistants. Realizing that user simulation is an interdisci-
plinary research topic, whenever possible, we attempt to
establish connections with related fields, including machine
learning, dialogue systems, user modeling, and economics.
We end the monograph with a broad discussion of important
future research directions, many of which extend beyond the
evaluation of information access systems and are expected
to have broader impact on how to evaluate interactive intel-
ligent systems in general.
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1
Introduction

Information access systems, such as search engines, recommender sys-
tems, and conversational assistants, have become increasingly intelligent
in understanding users’ intents, supporting their tasks, and interacting
with them using natural language dialogue, thanks to recent progress
in research in artificial intelligence (AI), especially in machine learning
and natural language processing. These information access systems are
used by millions on a daily basis to perform a wide range of tasks where
humans need help to find information relevant to a task. In general,
the interactions with these systems involve a user entering information
needs or preferences (by typing queries, rating items, or asking natu-
ral language questions) and interacting with information objects (by
clicking, typing, or speaking) that are presented by the system on some
device (e.g., desktop, laptop, tablet, smart phone, or smart speaker) in
some modality or combination of modalities (e.g,. text, rich snippets,
voice). With intelligent home devices becoming available, information
access systems may also be used to power a wide range of intelligent
agent systems, such as Google Home or Alexa, which can go beyond
supporting information access to also support other user tasks (e.g.,
controlling home appliances, making appointments, or placing orders).

3
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4 Introduction

Although information access systems have already become useful
products for people, how to appropriately evaluate those systems remains
an open scientific challenge. It is especially challenging to evaluate a
system’s overall effectiveness in helping a user finish a task via interactive
support. The fact that users vary significantly in terms of their behaviour
and preferences makes evaluation even more difficult. As a promising
strategy for evaluating information access systems using reproducible
experiments, user simulation has attracted much attention recently. In
this monograph, we review the recent progress in this area with a focus
on user simulation for evaluating information access systems.

In the rest of this section, we first describe the spectrum of informa-
tion access tasks. Next, we briefly discuss the goals of evaluation and
general methodologies of evaluation. We then highlight the challenges
involved in evaluating information access systems and how user simula-
tion can help address those challenges. Finally, we describe the aims
and scope of this monograph.

1.1 Information Access Tasks

Information access refers to the ability to identify, retrieve, and use
information effectively.1 Access to the right information at the right
time plays an important role in everyone’s life and is vital to business
operations. At a high-level, information access can happen in two
modes (Zhai and Massung, 2016): (1) pull mode, where the user takes
the initiative and uses a search engine to find needed information
(“pull” relevant information to the user), and (2) push mode, where the
system takes the initiative and recommends relevant information to a
user (“push” relevant information to the user). The two modes can be
naturally mixed in conversational AI systems, which are increasingly
common due to the emergence of large language models (LLMs) (McTear
and Ashurkina, 2024).

Search engines and recommender systems are the two most com-
mon widely used applications for information access. The two modes of
information access are complementary and often supported simultane-

1https://www.encyclopedia.com/computing/news-wires-white-papers-and-boo
ks/information-access
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1.1. Information Access Tasks 5

ously using a single system. For example, a search engine can not only
support querying (pull mode) but also recommend related information
to the user (push mode). Similarly, a recommender system may also
recommend information in the form of a ranked list to enable a user
to further interact with the recommended information and potentially
enter a query to further explore the information space. Indeed, search
and recommendation have been suggested as “two sides of the same
coin” in Belkin and Croft (1992). As such, it is not surprising that
search engines and recommender systems share many common technical
challenges (e.g., modeling a user’s information need and preferences,
matching an information item with a user’s interest, ranking items
accurately, learning from a user’s feedback information, evaluating a
ranked list to assess its utility to a user), and tend to benefit from using
similar techniques, including user simulation techniques. For this reason,
we intend to cover the topic of user simulation in the broad context of
information access with the understanding that most discussions are
relevant to both search engines and recommender systems, even though
the actual research work that we discuss may have been done for either
just search engines or recommender systems.

Recently, conversational assistants have attracted much attention
(McTear, 2021). They generally support mixed-initiative interaction via
natural language to facilitate both search and recommendation in the
same information access session (Zamani et al., 2023). Compared with
traditional search engines and recommender systems, where the actions
a user could potentially take are well specified by the user interface of the
system, conversational assistants have more open-ended functions in the
sense that a user can potentially ask questions, provide clarifications, and
explore related topics using unrestricted natural language, thus adding
complexity to user simulation. We note that conversational assistants,
casually referred to as “conversational AI,” can cater to diverse user
goals, including, e.g., social chatting. However, our primary focus in
this monograph is on systems that are designed to support information
access, i.e., tasks where there is an underlying information need and the
system returns information objects (which may be documents, entities,
answers, utterances, etc.). This focus increases the commonality between
conversational assistants, search engines, and recommender systems in
terms of user simulation.

Full text available at: http://dx.doi.org/10.1561/1500000098



6 Introduction

1.2 Evaluation Methodologies

There are three widely-used evaluation methodologies for information
access systems: reusable test collections (Sanderson, 2010), user stud-
ies (Kelly, 2009), and online evaluation (Hofmann et al., 2016).

Reusable test collections (a.k.a. offline evaluation) facilitate large-
scale automatic evaluation and have been invaluable for comparing
different algorithms and improving the state of the art. They ensure
repeatability and enable comparison between different approaches and
study of effectiveness of individual components within complex meth-
ods. However, they are static and are severely limited in their ability
to capture many aspects of users and interactions adequately. They
measure system performance on an abstraction of a given process (e.g.,
search or recommendation), where the user is also abstracted away.
Specifically, they are based on simplified models of the information
access process and user behaviour. Examples include the assumption
that a system always presents a ranked list of results to a user or that
a user can always recognize whether a document is relevant in a search
result list. This has so far been the standard evaluation methodology
for making relative comparisons between two systems in a repeatable
and reproducible manner. However, it is generally not so useful for the
purpose of evaluating the actual utility of a system due to the significant
deviation between the evaluation environment and the real-world appli-
cation and the very limited inclusion of users. It is also generally hard
or impossible to develop test collections for evaluating an interactive
system, a limitation that can be addressed by user simulation.

User studies provide the highest fidelity in terms of capturing real
users’ interactions with an actual system in a controlled setting. However,
experiments that involve real users are costly to run. Further, if multiple
rounds of experimentation are performed, new users need to be involved
in order to avoid misinterpretation of the findings due to fatigue and
learning effects. Also, experiments that involve an actual service have a
bandwidth limit, which is set by the amount of users and their activity
using that service. User studies are useful for assessing the actual utility
of a system, but they suffer from several limitations. First, the result is
generally not reproducible (even the same user would not behave in the

Full text available at: http://dx.doi.org/10.1561/1500000098



1.2. Evaluation Methodologies 7

same way when repeating an experiment due to learning effects). Thus,
they have limited value for making relative comparisons between systems,
especially when new systems—to be developed in the future—need to be
included in the comparison. Second, the cost of recruitment is often high,
and it is a challenge to recruit enough people from the right population.
Major industry labs often have to invest significantly in recruiting users
and conducting user studies, which smaller companies typically cannot
afford. In academia, only a few examples of user studies of reasonable
scale involve participants beyond university students (Brennan et al.,
2014).

Online evaluation (a.k.a. log-based studies) is based on the idea
of observing real users of a fully operational system and assessing the
system’s performance by analyzing the recorded user behaviour. For
instance, A/B tests can be used to evaluate different versions of a
system. Online evaluation is widely used by companies that deploy
real-world applications or services, and is regarded as the most direct
and reliable measurement of quality and user experience. Like user
studies, online evaluation enables measuring the actual utility of a
system and comparing systems with real users, but at a much larger
scale in terms of the number of users used for evaluation. Unlike user
studies, however, it generally does not provide control over the users,
making it harder to interpret the results. As in the case of user studies,
online evaluation suffers from being not reproducible and thus cannot
be “reused” to compare different systems or analyze the effectiveness
of various components. Another limitation of online evaluation is that
the user interactions to be evaluated are limited to natural interactions
with the system, thus it cannot accommodate counterfactual evaluation,
i.e., where the potential outcomes of a hypothetical system (e.g., one
with a new algorithm) and being compared to those of an existing
system. This hypothetical system cannot be used by real users, making
online evaluation infeasible. Additionally, there is a risk of leaving a
negative impression on users about a production system’s performance
if a system to be evaluated online turns out to perform poorly.

Full text available at: http://dx.doi.org/10.1561/1500000098



8 Introduction

1.3 Challenges in Evaluating Information Access Systems and
Simulation-Based Evaluation

In general, all the three methodologies discussed earlier can be applied to,
and indeed have been regularly used for, evaluating information access
systems. However, none of those methodologies can be used to compare
multiple interactive information access systems (in terms of their overall
effectiveness in supporting users) using reproducible experiments due to
the static nature of the test collection-based approach and the lack of
reproducibility when real users are involved. These limitations can be
addressed by using user simulation: simulated users can be controlled
and thus enable reproducible experiments.

Note that the existing test collection-based evaluation methodology
(Sanderson, 2010) can be viewed as a simple form of user simulation.
This means we are already utilizing user simulation, albeit implicitly,
without explicitly articulating what kind of users are being simulated.
A key advantage of evaluation based on user simulation is to make
assumptions about simulated users and their behaviour more explicit,
while modeling a broader range of user actions than current measures
consider (see Section 4.3 for more discussion on this).

We want to highlight the importance of evaluating the overall
effectiveness of a system (not just various components of a system),
especially in the case of information access systems. This is because
users are likely to benefit the most from intelligent assistance in case
of complex tasks. Commonly, complex tasks are decomposed into a
series of smaller and simpler components. The decomposition process
generally involves close collaboration between a user and a system in
an interactive way, in which a user would iteratively direct the system
to perform specific component functions and the results from multiple
steps can be synthesized to generate solutions to a complex problem.
Most component-level tasks can be abstracted, studied and addressed in
isolation, and evaluated using the reusable test collection methodology
with reproducible experiments. While this is clearly necessary to allow
for systematic progress to be made, evaluation of individual components
alone is insufficient. It is arguably more important to view them as

Full text available at: http://dx.doi.org/10.1561/1500000098



1.4. User Simulation 9

components of a larger information access system and study how to
evaluate the whole system from a user’s perspective. Indeed, the ultimate
goal of evaluation is to measure how well the user is aided in achieving
their end goal. It is vitally important to do this evaluation correctly; if
not done appropriately, it would mislead us to draw wrong conclusions
or deploy an inferior application system that negatively impacts the
user experience.

1.4 User Simulation

What do we exactly mean by user simulation? Informally, user simulation
is to have an intelligent agent simulate how a user interacts with a
system. The agent can be built based on models/algorithms/rules and
any knowledge we have about the user (their behaviour, knowledge,
etc.). The agent can also have parameters that can be varied in a
meaningful way to simulate variations of users. Once a user simulator
is constructed, it can then be used to interact with any system that
needs to be evaluated. In turn, we can measure the system’s utility
based on the observed behaviour of the agent while interacting with
the system. Simulation thus has the potential to enable repeatable
and reproducible evaluations at a low cost, without using invaluable
user time (human assessor time or online experimentation bandwidth).
Further, simulation can augment traditional evaluation methodologies
by offering possibilities to gain insights into how system performance
changes under different conditions and user behaviour.

1.4.1 Problem Definition

User simulation is the process of modeling a user’s behaviour and
decision-making patterns within an interactive system, specifically de-
signed to mimic and predict how a user will act in various interaction
contexts or scenarios related to completing a task. To effectively sim-
ulate a user’s behaviour within an interactive system, configuration
variables that influence this behaviour must be defined:

• Task (T ): A user’s behaviour varies according to nature of the
user’s task. Tasks vary in complexity, and different tasks require

Full text available at: http://dx.doi.org/10.1561/1500000098



10 Introduction

different types and levels of interaction, decision-making processes,
and completion strategies.

• System (S): A user’s behaviour depends on the system they inter-
act with. This includes the system’s functionality, user interface,
and overall usability and support for task goals. It is the system
that dictates the types of possible actions, denoted as A, that a
user can perform at any given point during their interactions.

• User information (U): Different users may behave differently when
completing the same task using the same system. Simulations
must account for variations in individual user characteristics such
as age, technical proficiency, preferences, and cognitive styles.

With these variables defined, the task of user simulation can be stated
as the following computational problem:

Given the variables T , S, and U , the goal is to create an
agent that can simulate every action that user U may take
when attempting to complete task T using system S.

This problem involves developing a computational model that can
dynamically generate user actions, reflecting the behavioural patterns
and decision-making processes of a user, based on a specific task context.
Formally, we define the computational model as π : S → A, where
S = (T, U, S, H) represents the current state, encompassing information
about the task T , system S, user U , as well as the history of previous
interactions H (including the actions taken by the user, the responses
provided by the system, and any other relevant events that have occurred
during the interaction), and A ∈ A is the action taken by the (simulated)
user. The choice of computational model (e.g., rule-based, probabilistic,
or machine-learned algorithm) is influenced by the nature of the task,
system, and user information.

1.4.2 Scope

User simulation encompasses a wide spectrum, ranging from predicting
single actions to modeling complex behaviour across multiple tasks.

Full text available at: http://dx.doi.org/10.1561/1500000098



1.4. User Simulation 11

In our formulation, this scope is primarily determined by how the
task information (T ) is defined. At one end of the spectrum, T might
represent a very specific interaction context, such as predicting whether
a user would click on a particular search result snippet. Here, the focus
is on simulating a single, isolated action. Moving along the spectrum,
T could encompass a sequence of actions within a given context, such
as reformulating search queries within a search session, requiring the
model to consider dependencies between actions. Further expanding the
scope, T might represent an entire task, such as finding information on
a particular topic or completing a purchase, where the simulation would
involve multiple sequences of interactions. Finally, at the broadest level,
T could encompass a user’s general preferences and behaviour across
various tasks, necessitating models that capture long-term patterns
and adapt to different contexts. Thus, by varying the granularity and
breadth of T , our formulation allows for user simulations in a wide
range of application scenarios at different levels of complexity. Table 1.1
lists specific examples of user simulation for various information access
tasks.

1.4.3 Approaches

Approaches to user simulation can be classified based on the specific
types of actions that they attempt to simulate. For example, some
approaches may simulate how a user generates a query while others might
simulate how a user responds to a search result list (e.g., simulating when
a user might click on or skip a result). Approaches simulating different
types of actions can also be combined to simulate a whole session of
actions of a user. As will be elaborated later in the monograph, most
existing work tends to focus on simulating each type of action separately
with significantly less work on simulating a whole user session.

The problem of simulating a user’s action can often be framed as a
classification problem when there is a relatively small set of actions to
choose from; for example, simulation of a user’s clicking action may be
framed as a binary classification problem, where the algorithm would
predict whether the simulated user would click on a result or not after
examining a snippet. When there are potentially infinitely many actions

Full text available at: http://dx.doi.org/10.1561/1500000098



12 Introduction

Table 1.1: Examples of user simulation, ranging from single actions to more complex
behaviours.

Task (T ) System (S) User information
(S)

Actions (A)

Rating a product
to express satis-
faction

E-commerce website
with product pages
and rating features

User’s purchase his-
tory, browsing be-
haviour, and demo-
graphic information

Browsing, Rat-
ing

Refining a search
query to find spe-
cific information

Search engine with
a search box, query
suggestions, and nav-
igable search result
lists

User’s initial query,
search history, and
click behaviour

Reformulating,
Clicking

Collecting as
many relevant
information items
as possible

Search engine with a
query box and nav-
igable search result
lists

University researcher
conducting a compre-
hensive literature re-
view on a topic

Querying,
Clicking

Finding a movie
to watch

Recommender sys-
tem with slates of
items

Previous watch his-
tory

Clicking,
Watching

Seeking assistance
with a technical is-
sue

Conversational assis-
tant with natural lan-
guage chat interface

User’s description of
the problem, tech-
nical expertise, and
previous interactions

Prompting

to choose from (e.g., when formulating a query, any valid query would
be potentially an option), in practice, we often make assumptions to
restrict the number of actions to be considered when simulating those
actions (e.g., limit the length of a query to be considered).

With the problem framed as a classification problem, different ap-
proaches generally vary in how they perform the classification (equiva-
lently prediction) task. At a high level, we can distinguish two broad
approaches: model-based and data-driven.

• Model-based approaches may be based on rules designed with
knowledge about how users behave or on interpretable probab-
listic models that can more flexibly capture uncertainties using
interpretable parameters. The parameters of such models may
be set heuristically or empirically derived from observed user
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data. By varying those parameters, different types of users can be
simulated.

• Data-driven (or machine-learned) approaches emphasize maxi-
mizing accuracy of fitting any observed real user data, without
necessarily imposing interpretability. Almost all such approaches
are based on supervised machine learning, notably using deep
neural networks which can learn effective, but non-interpretable
representations from the data for predictive modeling.

These two families of approaches may also be combined, e.g., by utilizing
model-based techniques to compute effective features for data-driven
approaches or employing machine-learned models in specific components
of model-based approaches. However, interpretability is desirable when
building user simulators for evaluation to ensure that evaluation results
are meaningful and to allow for the testing of verifiable hypotheses.
Hence, this monograph primarily focuses on interpretable model-based
approaches.

1.4.4 Uses of Simulation

In general, user simulation has many uses, including at least the follow-
ing:

• Performing large-scale automatic evaluation of interactive systems
(i.e., without the involvement of real users).

• Gaining insight into user behaviour to inform the design of systems
and evaluation measures.

• Analyzing system performance under various conditions and user
behaviours (answering what-if questions, such as “What is the
influence of X on Y?”).

• Augmenting data with human feedback and generating synthetic
data with the purpose of training machine learning models and
addressing data scarcity or privacy concerns. More broadly, user

Full text available at: http://dx.doi.org/10.1561/1500000098
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simulation can facilitate machine learning approaches that re-
quire human input (interactive learning, reinforcement learning,
or human-in-the-loop systems).

We note that all these uses require similar techniques, but our focus is
on evaluation.

1.4.5 Requirements and Desiderata

When utilizing user simulation for system evaluation, it is critical that
simulators provide reliable and insightful assessments. Two essential
properties that ensure this are validity and interpretability.

• Validity: Simulated users must exhibit behaviours that align with
empirical observations of real user behaviour in similar contexts.
This includes both high-level strategies (e.g., information seeking
patterns) and low-level actions (e.g., clicking behaviour). Without
validity, the insights gained from simulation cannot be trusted.

• Interpretability: While not strictly a requirement, interpretabil-
ity is a highly desirable property. Interpretability means that the
simulated behaviour can be understood and adjusted through
controllable parameters. This allows researchers to (1) understand
why the simulator produced certain behaviours and (2) investigate
how changes in specific parameters influence the behaviour of users.
In general, as user behaviour and preferences vary significantly
across users, interpretability is needed to facilitate interpretation
of the evaluation results generated by user simulation, i.e., to
understand what kind of real world users can be expected to
produce similar results.

However, while striving for high validity is important, simulation does
not need to be perfect in order to be useful. For example, although the
relevance judgments in almost all the test collections for information
retrieval evaluation are incomplete, the conclusions about relative per-
formance of different retrieval systems tend not be affected much by
the approximation made in a test collection (Voorhees, 2000). In fact,
creating a “perfect” user simulator, i.e., one that flawlessly replicates
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human behaviour across all possible tasks and contexts, is likely an AI-
complete problem, on par with achieving Artificial General Intelligence
(AGI, cf. Section 9.4). When evaluating systems, we are often interested
in a relative comparison between them with regards to some measure of
utility, which is a weaker requirement than quantifying the actual utility
of technology (in terms of some measurable impact, such as enhanced
productivity or user satisfaction). Nevertheless, the practical utility of
user simulation for relative comparisons lies in its sensitivity: the better
an evaluation can distinguish between systems, the more practically
useful it is.

While both validity and interpretability are desirable, there often
exists a trade-off between the two. Data-driven (machine-learned) simu-
lators, trained on large datasets of real user behaviour, can often achieve
high predictive accuracy, capturing complex patterns and nuances in
user actions. However, this predictive power comes at the cost of re-
duced interpretability. The internal workings of these models, often
involving complex neural networks or ensemble methods, can be opaque
and difficult to understand. This makes it challenging to pinpoint the
specific reasons behind a simulated user’s behaviour or to adjust the
model’s parameters in a controlled manner.

Beyond the essential requirements of validity and interpretability,
there are several other desirable properties that can enhance the realism
of user simulation.

• Cognitive plausibility: The decision-making processes underly-
ing simulated user behaviour should be grounded in theories or
models of human cognition, ensuring that the simulated actions
are not arbitrary or random.

• Variation: While reflecting general user behaviour patterns, sim-
ulated users should also exhibit variability and occasional outliers,
“not replicating average behaviour completely” (Bignold et al.,
2021). That is, simulation should reflect the unpredictable nature
of real human interactions.

• Adaptability: Simulated users should be able to learn from their
interactions with the system, update their expectations about the
system and adjust their behaviour accordingly (Balog, 2021).
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By incorporating these desirable properties, user simulators can achieve
a higher level of realism and sophistication, enabling more accurate pre-
dictions of user behaviour and more insightful evaluations of interactive
systems.

1.5 Aims and Organization

With the emergence of various information access systems exhibiting
increasing complexity, there is a critical need for sound and scalable
means of automatic evaluation. Simulation has the potential to offer a
solution here. It has attracted attention from multiple angles and much
progress has been made in the last decade. Relevant research work,
however, has been scattered in multiple research communities, including
information retrieval, recommender systems, dialogue systems, and
user modeling. This monograph aims to synthesize that research into a
coherent framework. Given the substantial amount of work performed
within the context of information access systems, this is where our main
focus will lie.

Specifically, our main objective is to discuss how simulation may be
employed to undertake evaluation of information access systems in order
to (1) estimate how well they will perform under various circumstances,
and (2) analyze how performance changes under different conditions and
user behaviours. However, we attempt to make our discussions as generic
as possible, such that those working on other types of interactive systems,
or applications of assistive AI, would also find it useful. Specifically,
whenever possible, we would attempt to lay out general conceptual
frameworks, discuss general challenges, and extract general ideas from
specific research work, which we hope to be broadly useful to more
readers as well as provide a stable meaningful high-level structure where
future research work can be naturally incorporated and discussed. Our
emphasis on the generality of discussion, however, means that our
treatment of any specific research work is inevitably brief. Detailed
information can be conveniently found in the numerous research papers
cited throughout this monograph. When selecting specific work to
elaborate, we have also chosen to focus more on representative work
that is useful for illustrating major ideas instead of having an even
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coverage of all the work. Due to the interdisciplinary nature of the topic
and quick growth of research, the references cited in our monograph are
inevitably incomplete. Considering this limitation and anticipating the
rapid progress of research in this area in the future, we have created a
website (https://usersim.ai/) for an envisioned broad interdisciplinary
research community on user simulation. This platform aims to foster
collaboration among researchers from diverse fields, enabling them to
collectively maintain a repository of up-to-date and relevant references
over time.

The main intended audience of this monograph includes both re-
searchers, who wish to further the research and development of simu-
lation-based evaluation methods, as well as industry practitioners, who
are interested in employing these techniques in operational settings.
Considering the fact that user simulation is broadly connected with
multiple fields (see a more detailed discussion of this in Section 9), we
also hope this monograph will be broadly useful to an audience beyond
those interested in using user simulation for evaluation.

The rest of this monograph is organized as follows. We start in
Section 2 by providing a background on the development of simulation
techniques within different research communities. Following this, Sec-
tion 3 gives an overview of how user simulation has been employed in
the past. Section 4 introduces a conceptual framework for generally
modeling interactions between a user and a system and evaluating
any interactive system using user simulation. Next, in Section 5, we
discuss decision-making and cognitive processes of users, followed by
the mathematical framework we will employ in subsequent sections to
model these. We present simulation techniques for search engines and
recommender systems in Section 6 and for conversational assistants in
Section 7. Section 8 focuses on applying user simulation in practice,
covering issues related to configuring, validating, and building simu-
lators. Section 9 broadens the perspective on user simulation as an
interdisciplinary research area intersecting with various fields beyond
computer science, ultimately contributing to the progress towards AGI.
Finally, Section 10 concludes the monograph by highlighting open issues
and possible future research directions.
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