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Figure 1: Updated SimIIR 3.0 Framework – the green boxes denote the new components added in order to support conversational
search simulations, simulated users with cognitive states, Markovian users, search systems powered by pyTerrier, and users
powered by Large Language Models.
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Abstract
Evaluating the interactions between users and systems presents
many challenges. Simulation offers a reliable, re-usable, and repeat-
able methodology to explore how different users, user behaviours
and/or retrieval systems impact performance. With Large Language
Models and Generative AI now widely available and accessible, new
affordances are possible. These allow researchers to create more
“realistic” simulated users that can generate queries and judge items
like humans, and to develop new retrieval systems where responses
and interactions are conversational and based on retrieval aug-
mented generation. This resource paper presents a community-led
initiative to update the Simulation of Interactive Information Re-
trieval (SimIIR) Framework to enable the simulation of conversa-
tional search using LLMs. The largest update provides a conversa-
tional search workflow which involves a number of new possible
interactions with a search system or agent – enabling a host of new
development and evaluation opportunities. Other developments
include the Markovian Users, Cognitive States, LLM-based com-
ponents for assessing snippets/documents/responses, generating
queries, deciding on when to stop/continue, and PyTerrier integra-
tion. This paper aims to mark the release of SimIIR 3.0 and invites
the community to build, extend, and use the resource.

CCS Concepts
• Information systems→ Retrieval effectiveness; Users and
interactive retrieval; Search interfaces; Task models; Retrieval
tasks and goals; • Human-centered computing→ User models;
HCI theory, concepts andmodels; Graphical user interfaces;HCI
design and evaluation methods.
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Interactive IR, Conversational IR, Simulation, Interaction, Open
Source Framework
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1 Introduction
Modelling how users interact with search engines (and now search
agents) is key in assessing user experience, predicting user be-
haviours, evaluating system performance, and optimising user in-
terfaces [3, 25, 27, 36]. Standard static test collections that follow
the Cranfield / TREC paradigm [16, 40], however, fail to account for
the interactive and iterative nature of search – where performance,
experience and behaviour are influenced by the almost infinite vari-
ety of ways in which people can interact with search systems [12].
While large-scale A/B testing and controlled user studies offer more
comprehensive evaluations, they also come with their own set of
limitations: (1) A/B tests require a fully operational working system
with a substantial user base to yield meaningful results [28] and

(2) controlled lab-based user studies are time-consuming, costly,
difficult to reproduce, and restricted to very specific tasks/settings
[9, 24, 27]. This is where simulation emerges as a powerful tool
to repeatably and reliably conduct controlled experimentation to
examine and explore the behaviour and performance of different
user querying styles, search strategies, goals, costs, and so on given
different search systems, interfaces and agents [4, 5, 10, 36]. As such,
simulation provides a flexible and cost-effective means to analyse
search behaviour beyond the constraints of traditional methodolo-
gies. By simulating user interactions, researchers and developers
can conduct virtual A/B tests on various back-end configurations
and user interface designs. This approach allows for the exploration
of different user types and information needs, offering insights that
would be challenging to obtain through other methods.

Simulation bridges the gap between controlled laboratory exper-
iments and real-world user interactions, providing a scalable and
reproducible way to evaluate complex retrieval systems and inter-
active search scenarios. As search technologies continue to evolve,
simulation will play an increasingly vital role in shaping the future
evaluations of information retrieval agents and systems, ensuring
they meet the diverse and dynamic needs of users. Given the po-
tential for simulation, in 2016, the SimIIR framework was released
to enable researchers to conduct simulated interactive information
retrieval experiments. Since 2016, several variants of the SimIIR
framework have been introduced [15, 22, 23, 29, 30, 43]. To con-
solidate these efforts, this paper brings together the community’s
efforts into a single, unified framework with the goal of providing
a base for simulations that use LLMs and generative models.

2 SimIIR Background
The framework for the Simulation of Interactive Information Re-
trieval, called SimIIR, was developed byMaxwell and Azzopardi [35]
as an initial attempt to provide the basis for a simulation platform.
This framework provided a mechanism to create simulated users
– which are defined by a querying strategy, a document and snip-
pet assessment strategy, a stopping strategy, and a goal/cost model.
Then for a given search system (defined by a search interface, search
engine, and test collection), and a given task, the SimIIR framework
would simulate how the simulated user would interact with the
system. The user model provided by the framework followed the
Complex Search Model (CSM) [33, 37]. The CSM essentially defines
the actions and decisions that a user will perform and consider
during their search session. Given a topic, the process is as follows:
(1) the user generates a query (or list of queries given the topic and
any past interaction), (2) the user then selects a query to issue to
the search system, (3) the system returns the search engine result
page (SERP), and the user views the SERP, (4) if the SERP appears
useful, they then examine a result snippet, (5) if the result snippet
looks attractive, they examine the document, else (6) they either ex-
amine another snippet or stop examining snippets and considering
querying again, (7) if they examine a document, they judge it as
relevant or not, and return to the SERP to consider further snippets
or consider querying again. If they run out of queries, meet their
goal, or run out of time, they stop.
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As an extension [34], the framework also models a user’s cogni-
tive state in the User State Model (USM). It contains users’ back-
ground knowledge, information needs, the history of interactions,
as well as a series of models for querying, the attractiveness of snip-
pets, and relevance decisions. Additionally, CSM within SimIIR has
been extended to support the notion of information scent through
a SERP-level stopping decision point [36].

The framework has been subsequently used to conduct a variety
of experiments by various researchers. Some examples are noted
below. Labhishetty and Zhai [29, 30] use SimIIR to quantify the
reliability of testers as a way to evaluate user simulators.

Câmara et al. [15] focused on learning-oriented search tasks.
They modified SimIIR to support a searcher model based on CSM
which considers subtopics of users’ information needs. Four param-
eters describe user behaviours: the speed of which a user integrates
new terms into their vocabulary, the willingness of users to explore
a subtopic, the willingness of users to click result snippets, and the
strategy of switching subtopics.

Zerhoudi et al. [43] present SimIIR 2.0 as an extension of SimIIR
by introducing components enabling the training of Markov models
from real users’ logged sessions. Similar to Câmara et al. [15] they
also extend the CSM such that new seen terms are integrated into
the vocabulary used for query generation. Additionally, they enable
grouping of user characteristics.

Engelmann et al. [23] use SimIIR 2.0 to explore query reformu-
lation strategies in the context of web table retrieval. They adapt
CSM and include a Doc2Query-based query generation. In more
recent work [22], they additionally implement LLM-based query
generation and integrate users’ background information in this
process.

Given these recent developments, various branches of the SimIIR
framework have been created, leading to a fractured code base and
development path. At a recent community event, there was impetus
to bring together the different branches and to update the frame-
work. Moreover, with recent advances in Large Language Models
affording the creation of conversational search systems and agents,
there was great interest in implementing conversational search
models to enable the simulation of conversational search. This re-
source paper outlines the combined, community-based effort to
coordinate and update the framework so that LLM-based and con-
versational search simulations and experiments can be conducted,
shared and reproduced.

3 SimIIR 3.0 Framework
Figure 1 presents an overview of the SimIIR 3.0 framework. The
components shown in white and blue represent the existing in-
frastructure developed in [35, 43]. The green represents the new
additions to the framework, which include the following:
Large Language Model Support: In order to facilitate easier ex-
perimentation with different ways to incorporate LLMs into the
CSM, a generic wrapper around the LangChain library was im-
plemented that takes care of interacting with specific LLMs (e.g.,
OpenAI models, Google models, local models – such as Llama-3 and
Mistral). In doing so, the wrapper manages issues around retries
and output formatting to avoid boilerplate duplication in specific
use cases. Each of the basic CSM “decision” components in Figure 1

(called Decision Maker (DM)) have had simple implementations
that can serve as the basis for more complex interactions. Each com-
ponent expects a prompt template and information about which
LLM is to be used and how it should be used (i.e., temperature).
The individual components expose different data to the template
as follows:
• Querying Strategy: This component exposes topic title and
topic description to the prompt template. The selected LLM uses
the information to formulate a ranked list of queries that the
simulated user can then issue.

• SERP Decision Maker: This component exposes topic title,
topic description, previously viewed relevant snippets, and the
current SERP’s snippets to the prompt template. Using this in-
formation, the LLM is instructed to decide whether the SERP is
attractive enough to be examined, or not.

• Result Decision Maker: This component exposes the topic title
and topic description to the prompt template. For snippets, it ex-
poses the document title and associated snippet. For a document,
it exposes the document title and its entire contents. The LLM-
based Result DM decides whether the simulated user examines
the snippet or considers the document relevant, or not.

• Result Level Stopping Decision Maker: This component ex-
poses the topic title, topic description, previously viewed snippets,
and the current snippet being decided upon to the prompt tem-
plate. The LLM-based Result Level Stopping DM then decides
whether the user should continue examining results, or not.

Taken together, it is possible to fully instantiate a simulated search
user that makes all decisions using Search User-based LLMs pow-
ered components.

Conversational Search User: The conversational search user
extends the user class, which was augmented to handle a number
of new actions:
• Utterance Strategy: Given the topic, and user state, the utter-
ance strategy decides what the user will utter to the Conversa-
tional Search Interface (CSI); this is akin to the Query Strategy.

• CSRP Decision Maker: Given the response from the CSI, this
component decides whether the user finds the Conversational
Search Result Page (CSRP), attractive enough to continue to
inspect it; this is akin to the SERP Decision Maker.

• Response Decision Maker: This component decides whether
the response shown in the CSI is relevant, or not.

• Response Level Stopping Decision Maker: This component
decides whether the user should stop given the response, or not.

Conversational Searcher User Model: An update to the archi-
tecture supports a variety of simulations based on different user
models. Currently, the framework supports two distinct user mod-
els: (a) the Complex Searcher Model, where a user interacts with a
search interface (via querying, examining snippets, assessing docu-
ments, etc.) and (b) the new Conversational Searcher Model, where
a Conversational Search User interacts with a CSI (via uttering
requests, examining and assessing responses, etc.).
Conversational Search Interface: Under the standard search
interface, users interact with a SERP, which is typically configured
to be 10 results per page, while for the CSI, by default, we assume
that the CSRP is a response (with links to documents).
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Conversational Search Agent: To provide responses to user ut-
terances given the CSI, a conversational agent/system/engine is
instantiated to handle such requests (note that the user does not
directly interact with the back-end – only via the CSI – so existing
conversational agents/system APIs are wrapped to provide the CSI).

Taken together it is possible to instantiate a Conversational
Search User, that interacts with a CSI given the basic Conversational
SearcherModel. Aswe develop the framework, wewill includemore
actions, and include more complex user models – for example if the
CSI returns both a response and a set of links, or a response and set
of results, then the user could examine both results and responses,
before making another utterance.

Markovian Searcher User Model: To perform simulations based
on a Markov Model as proposed in [43], we created a Markovian
Search User – where the probability of performing the different ac-
tions within the CSM could be provided to seed the simulation. The
SimIIR framework has been extended to incorporate four main vari-
ants of Markovian Search Users: Basic, Contextual, Query-based,
and Conditional. The Basic model represents user interactions as
probabilistic transitions between states, with each state correspond-
ing to a user action. The Contextual model improves upon this by
categorising users based on their search behaviour and context [42].
The Query-Based model analyses query changes to represent user
search behaviour [41], while the Conditional model incorporates de-
pendencies between user actions and preceding queries [7]. These
models are implemented as modular components in SimIIR, config-
urable through the simulation configuration file, allowing for easy
comparison and evaluation of different user behaviours in search
scenarios.

PyTerrier SearchEngine Integration: To allow the use of broader
search systems, we provide an interface to Terrier search compo-
nents [31]. Using either a reference to a PyTerrier index [32] or
a dataset from which an index can be retrieved from the Terrier
data repository, the interface provides both retrieval and access to
meta-data such as document texts and titles. Additionally, we pro-
vide a dense retrieval interface which accepts a PyTerrier flex index
structure1 and any standard bi-encoder model. Finally, the Terrier
engine accepts an optional pipeline which overrides standard search
components solely employing an index for meta-data.

Other components being added included cognitive states and
personas – such that user biases, profession, and personality traits,
connected to their simulated historical search and interactions, can
be available to the simulated user — so that components can then
draw upon such information influencing decisions. For example,
an LLM-based Result DM could use a simulated role, such as a
lawyer, and any disclosed biases (e.g., confirmation bias) in the
prompt when making decisions. Also, new querying strategies
are being developed that focus on reformulation using a Doc2Query
approach [22]. These reformulations support the integration for
relevance feedback of a simulated user by favouring keywords from
relevant documents.

1Requires the pyterrier_dr plugin.

The SimIIR 3.0 Framework is available at https://github.com/
simint-ai/simiir-3. A Slack channel in ACM SIGIR community
Slack has been set up for the community to propose changes and
make contributions to the framework. This resource paper serves
as an advertisement to the community to provide feedback on its
developments, as well as an invitation to contribute.

4 Future Directions
The new framework enables a greater variety of new simulations
to be performed – where researchers can ask many more ques-
tions, such as: When LLMs are used to simulate users, how well do
they perform? Are some more efficient/effective at interacting with
search engines than others? At the same time the framework also
enables research on questions regarding conversational search –
presenting a two sided problem of building “simulated LLM-based
test users” to use “conversational search interfaces/agents”: How
good are our simulated LLM-based users at using our conversational
search interfaces/agents? And, how good are our conversational
search interfaces/agents, given our pool of simulated LLM-based
users?

That being said, there are many more possible components to
develop and different possible user models to support – which are
not yet supported – but the framework is suitably flexible to enable
more nuanced and complex simulation, if required, or of interest.

Many of the current LLM-based components in the latest version
of the SimIIR framework operate independently of each other. This
was done to facilitate ease of experimentation and explore whether
different LLMs may tackle different components better than others.
Moreover, as the issue of context length is not yet a completely
solved problem, though less of one than it has been historically, the
independent nature means that the SimIIR framework user does not
have to try to explicitly manage the interaction “memory” with the
LLMs. This unified approach, where all previous interactions are
accessible to the simulated user (even those generated by different
LLMs), is a promising direction to explore. This would lead to amore
realistic simulation, mimicking how humans conduct searches. By
having access to the full context of prior interactions, the simulated
user would be able use the entire process to complete the next task
— similar to how a human would.

In its current state, the framework allows the prompt-based gen-
eration of queries with LLMs. Following earlier work by Alaofi
et al. [1], the model is guided by additional topical information
like the description as provided in the topic file of an ad hoc test
collection. However, for some testbeds and experimental setups,
this additional context information may not always be available.
For instance, the popular MS MARCO test collection [20] does not
have topic files that describe the information need in a structured
format with a title, description, narrative. Similarly, in real search
sessions, the users’ information needs are not explicit, and the query
is the single reference point. In this regard, we identified several
interesting methods that will be integrated into the framework. We
envision the query generation component of SimIIR 3.0 as a zoo
of diverse state-of-the-art LLM-based query generation techniques
that can be compared alongside others in a standardised manner
using different simulated users. For instance, Jagerman et al. [26]
propose an effective query expansion technique that prompts the
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LLM to generate an answer for a given query, which is then ap-
pended to the initial query and used to retrieve the ranking. This
approach could be used to revitalise the idea of the known-item
searcher as proposed by Azzopardi et al. [6], where the simulated
user has a concrete understanding of what is searched. Likewise,
the methodology by Bonifacio et al. [14], where the LLM generates
queries based on a given relevant document, is an additional viable
method.

Another interesting future direction is the use of existing query
logs or user query variants to guide the models with a chain-of-
thought approach. Dai et al. [21] guide the model with samples of
different query-document pairs to generate effective queries for
retrieval. The UQV datasets by Bailey et al. [8] and Benham and
Culpepper [13] provide excellent resources that can be used as
samples of user queries that are combined with documents of TREC
Web 2013/14 [17, 18] and TREC Common Core 2017 [2] or Robust
2004/05 [38, 39]. Likewise, ORCAS [19] — a companion resource
to MS MARCO with clicked query-document pairs — should be
considered for these endeavours.

Lastly, we aim for more interactive query generations that hap-
pen on the fly during the simulation. Doing so would better consider
the context of the simulated sessions. For instance, earlier issued
queries and the text contents of clicked documents could be added
to the prompt to inform the model of what was seen before and
is already familiar to the simulated user. This approach has been
recently explored by Zhang et al. [44], who use the instruction-
tuned LLM to run the user simulation in its entirety. While this
approach has several merits, it sacrifices control over the behaviour
of the simulated users. The SimIIR 3.0 framework provides the abil-
ity to understand these kinds of trade-offs, we would have to face
when relying on the LLM entirely. Suppose that LLMs would gen-
erate more human-like queries than principled query generation
methods [11]. In that case, SimIIR 3.0 could be used to explore and
analyse the trade-offs between fidelity versus controllability.

In summary, the SimIIR 3.0 framework provides the basis for ex-
ploring and examining a whole range of different research questions
in a controlled and repeatable environment. With the new updates,
we hope this resource is a useful contribution to the community
which can be further built upon and experimented with.
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