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Abstract

User simulation has long played a vital role in
computer science due to its potential to sup-
port a wide range of applications. Language, as
the primary medium of human communication,
forms the foundation of social interaction and
behavior. Consequently, simulating conversa-
tional behavior has become a key area of study.
Recent advancements in large language models
(LLMs) have significantly catalyzed progress
in this domain by enabling high-fidelity gen-
eration of synthetic user conversation. In this
paper, we survey recent advancements in LLM-
based conversational user simulation. We in-
troduce a novel taxonomy covering user granu-
larity and simulation objectives. Additionally,
we systematically analyze core techniques and
evaluation methodologies. We aim to keep the
research community informed of the latest ad-
vancements in conversational user simulation
and to further facilitate future research by iden-
tifying open challenges and organizing existing
work under a unified framework.

1 Introduction

User simulation has been an active area of research
for decades.1 From early simulation games such
as The Sims (Maxis, 2000) to agent-based envi-
ronments powered by large language models (Park
et al., 2023), the goal has consistently been to cre-
ate realistic user proxies that support diverse appli-
cations. The foundations of user simulation trace
back to classic models of user preferences, such as

1Simulation is often used interchangeably with the term
generation, creation, and so on. Similarly, the term conversa-
tion is sometimes used interchangeably with dialogue, chat,
multi-turn interaction, among others.

Figure 1: Overview of the proposed taxonomies for user
conversation simulation.

the Bradley-Terry-Luce (Bradley and Terry, 1952)
and Plackett-Luce (Plackett, 1975) models. In these
models, simulation occurs implicitly through sta-
tistical models trained to emulate user preferences
and behaviors from observational data, and they re-
main influential until today in reinforcement learn-
ing from human feedback (Ouyang et al., 2022)
and direct preference optimization (Rafailov et al.,
2023). Other statistical models of user behavior,
such as collaborative filtering (Schafer et al., 2007),
low-rank matrix factorization (Koren et al., 2009),
Bayesian ranking (Rendle et al., 2009), and click
models (Chapelle and Zhang, 2009) have been
widely adopted to capture user behavior and fa-
cilitate personalized experiences.

The emergence of large language models
(LLMs) has significantly transformed the landscape



of user simulation in two key ways: first, it enables
general-purpose simulation across a wide range
of tasks and domains; and second, it drastically
lowers the barrier to generating high-quality con-
textually rich simulated interactions via prompt
engineering of pretrained models. In contrast, past
frameworks for user simulation in recommender
systems (Rohde et al., 2018; Ie et al., 2019) re-
quired large amounts of user data to train user
simulators and were tailored only to a particular
form of recommendations. Unlike simulation in
more deterministic domains such as physics (Chan
and Wood, 1999), climate (on Climate Change,
2021), or epidemiology (Ferguson et al., 2006),
user simulation must grapple with the inherent com-
plexity, variability, and nuance of human behavior.
LLMs offer a powerful tool for capturing this com-
plexity—generating coherent, adaptive, and goal-
directed behavior without task-specific supervision,
making them well-suited for simulating user inter-
actions at scale.

A growing body of work has leveraged LLMs
to simulate different user behaviors. In retrieval-
augmented generation (RAG) (Lewis et al., 2020;
Salemi et al., 2024), the LLM generates a summary
of retrieved documents by a classic retrieval system,
and thus simulates how a real user would review
retrieved knowledge and internalize it. Chain-of-
thought (CoT) reasoning (Wei et al., 2022) mim-
ics users’ internal reasoning processes, produc-
ing step-by-step interactions that reflect human-
like deliberation. The LLM-as-a-judge (Gu et al.,
2024) simulates how users evaluate responses in
terms of helpfulness or correctness, for instance.
More domain-specific simulation frameworks have
emerged to improve downstream applications such
as search, recommendation, and task-oriented di-
alogue, enabling systems to adapt to user intent
and context with greater fidelity. For instance,
BASES (Ren et al., 2024a) generates diverse user
profiles and simulates large-scale web search be-
havior, addressing data scarcity and privacy con-
cerns. USimAgent (Zhang et al., 2024b) further
replicates user querying, clicking, and session be-
haviors with strong alignment to real-world interac-
tions. To ensure fidelity, Breuer et al. (Breuer et al.,
2024) propose methods for validating synthetic us-
age data in data-sparse environments. Finally, Ba-
log and Zhai (Balog and Zhai, 2025) present an
integrated framework that advances both user mod-
eling and system evaluation through generative AI.

While these methods provide powerful mecha-
nisms for simulating user behaviors, realistic user
interactions often require explicitly modeling the
interactive, conversational nature of communica-
tion. Language, as the primary medium of hu-
man interaction, plays a central role in shaping hu-
man behavior (Fitch et al., 2010; Tomasello, 2010).
LLMs, with their unprecedented language capabil-
ity, therefore offers a transformative opportunity
for conversational user simulations. For example,
Zhang et al. (2025c) showed that LLM-generated
conversational feedback, such as synthetic user
comments, can directly improve recommender sys-
tem performance. Similarly, Sekulic et al. (2024)
demonstrated that conversations can better align
systems with user needs and improve satisfaction
in task completion. Despite these promising results
and a growing body of work in language-based user
simulation (Hazrati and Ricci, 2022; Wang et al.,
2025a; Zhang et al., 2025c), a dedicated survey that
systematically organizes and analyzes the sub-field
of conversational user simulation is absent.

In this survey, we aim to fill this gap by providing
a comprehensive overview and unified taxonomy
of conversational user simulation. As outlined in
Table 2 in the Appendix, we first define the key
components and scope of this emerging area. We
then organize the survey to answer three fundamen-
tal questions: (1) Who is being simulated? (§3), (2)
What is being simulated? (§4), and (3) How is the
conversation simulated? (§5). With this organized
discussion, we aim to highlight key research trends
and pinpoint open challenges, fostering future re-
search in this area.

2 Problem Definition

We formally define a conversation as a sequence
of turns between two or more participants. Let
P = {p1, p2, . . . , pN} be the set of N participants
in a conversation. Note that these participants can
be of different types, including human users (PU ),
systems (PS), or other agent types, allowing for
user-user, user-system, and multi-party conversa-
tion simulations.

A conversation, C, is a temporally ordered se-
quence of T turns: C = (c1, c2, ..., cT ) where
each turn ct for t ∈ [1, T ] is a tuple containing
the speaker and their utterance:

ct = (pit, ut)

where pit ∈ P denotes the participant pi speaking



Figure 2: Overview of the proposed taxonomy for who
is being simulated, i.e., the target of simulation.

at turn t, and ut is the utterance they produce from
a vocabulary V .

The core of conversational simulation is to
model the behavior of one or more target partici-
pants. Let Ct−1 be the conversational history and
Ct−1 = (c1, . . . , ct−1). Additionally, let Ψpi be
the context of participant pi that can include their
demographics, domain knowledge, or personal con-
text, etc. Then, the fundamental task of a conversa-
tional simulator is to generate a participant’s next
utterance by modeling the probability distribution:

P (ut|Ct−1,Ψpi)

3 Who: Simulated Users and Interactions

The first core question that we explore is the tar-
get of simulation. As illustrated in Figure 2, this
section discusses simulation of conversations go-
ing from general users (Sec. 3.1), to persona-level
simulation of conversations (Sec. 3.2), to more
role-playing simulation (Sec. 3.3), to the most fine-
grained individual user conversation simulation
(Sec. 3.4). In each section, we will first formally de-
fine the corresponding simulation target, and then
introduce relevant works in the area.

3.1 General User Simulation
General user simulation models conversations from
a broad population perspective, as seen in models
like ChatGPT (OpenAI, 2023).

Definition 3.1 (General User Simulation). The per-
sona Ψp is considered default, representing an av-
erage user sampled randomly from the general pop-
ulation PU . No distinguishing characteristics are
provided in the prompt.

Recent advances improve interaction quality
through multi-turn optimization (Xiong et al.,
2025), exploration-based learning (Song et al.,
2024), and diverse user simulation (Dhole, 2024).
For a detailed discussion of trajectory-level fine-
tuning, failure-aware exploration, segment-based
optimization, and reinforcement-based training ap-
proaches, please refer to Appendix B.1.

3.2 Persona-level User Simulation
Persona-level user simulation models users at the
demographics level (Chen et al., 2024b), thereby
going beyond general user simulations.

Definition 3.2 (Persona-level User Simulation).
The persona Ψp is explicitly defined by a set of
m attributes: Ψp = {ψ1, ψ2, . . . , ψm}, where each
ψi corresponds to a demographic, interest, or stylis-
tic feature.

Recent work explores a range of techniques for
persona grounding, including demographic prompt-
ing (Hu and Collier, 2024), psychometric mod-
eling (Wang et al., 2025b; Ji et al., 2024), trait-
infused architectures (Huang, 2024; Yang et al.,
2025), and activation-level control (Zhu et al.,
2024b). These methods have shown promise but
also raise concerns around fairness and bias (Li
et al., 2025a; Deshpande et al., 2023). This under-
scores the need for trustworthy simulations. For a
more detailed discussion of these approaches and
their implications, please refer to Appendix B.2.

3.3 Role Play Simulation
Unlike persona-level simulation (§3.2), which re-
lies on fixed traits, role play simulation offers
greater flexibility by modeling real or fictional in-
dividuals. For instance, while persona-level sim-
ulation may represent a generic “20-year-old pro-
grammer,” role play simulation can emulate “Mark
Zuckerberg at 20,” including his unique style and
historical context.

Definition 3.3 (Role Play Simulation). Let Φθ de-
note an LLM with parameters θ and let M be its
latent manifold. Given an identity handle h (e.g.,
“Mark Zuckerberg at 20”) expressed in natural lan-
guage, the model induces an implicit embedding

I := Eθ(h) ∈ M,

where Eθ : Σ∗ → M is the encoder realized by
Φθ. A role-play persona is the conditional output



distribution

Ψp := pθ(y | x, I) = pθ
(
y | x,Eθ(h)

)
,

i.e., the model’s behavior when inputs x are condi-
tioned on the latent identity I .

This paradigm leverages LLMs’ implicit knowl-
edge to simulate rich character traits (Serapio-
García et al., 2023; Wang et al., 2024a), en-
hanced by prompting (Wang et al., 2025b), fine-
tuning (Shao et al., 2023), and self-play (Ji et al.,
2025). Applications span storytelling (Wu et al.,
2024), social simulation (Wang et al., 2025b), and
agent memory modeling (Fan et al., 2025). For a
full discussion, see Appendix B.3.

3.4 Individual User Simulation
Individual user simulation represents the most fine-
grained level of conversational modeling in our
taxonomy. Unlike role-play simulations, which
rely on implicit predefined characters or figures,
individual user simulations are grounded in the
explicit, often dynamic, personal context of users.

Definition 3.4 (Individual User Simulation). The
persona Ψp is derived from the full personal history
Hp of participant p, including chat logs, documents,
and interaction histories, i.e., Ψp = Hp.

Techniques range from profile injection (Zhang
et al., 2018; Jang et al., 2022) and dialogue history
modeling (Li et al., 2021) to multi-session mem-
ory (Xu et al., 2022; Chhikara et al., 2025) and
real-world trait grounding (Yamashita et al., 2023;
Gao et al., 2023). For a detailed discussion of the
related work, please refer to Appendix B.4.

3.5 Hybrid User Simulation
While general user, persona-level, role play, and in-
dividual user simulations are conceptually distinct,
they often overlap in practice. Large-scale models
such as GPT (OpenAI, 2023) and LLaMA (Tou-
vron et al., 2023) naturally blend these paradigms,
often exhibiting emergent persona and role-play
behaviors (Wang et al., 2024a). Recent works have
demonstrated the use of GPT-4 and related models
to simulate dialogues for evaluation, data augmen-
tation, and conversational benchmarks (Park et al.,
2023; Guo et al., 2024). However, these studies
typically adopt a single simulation target (e.g., role
play or individual user emulation) without explic-
itly formalizing hybrid combinations. Thus, the

systematic treatment of hybrid user simulation re-
mains limited. The hybrid user simulation can be
particularly relevant for multi-agent interactions, as
emergent behavior depends on balancing generic
user roles with individual variation.

4 What: Simulation Objectives

This section defines the objectives of LLM-based
user simulation by focusing on interaction patterns,
rather than applications (§8). We categorize these
into four paradigms: Human–AI, Human–Human,
AI–AI, and Many-Human–AI simulation.

4.1 Human–AI Simulation

Human–AI simulation models turn-based interac-
tions where a human prompts and the AI responds,
aiming not just to mimic behavior but to create
realistic contexts for evaluating AI capabilities.

Definition 4.1 (Human–AI Simulation). A Hu-
man–AI simulation is any trajectory

τ =
(
(u1, a1), (u2, a2), . . . , (uT , aT )

)
,

where at each turn t, the human utterance ut is
generated according to one of the “Who” levels:

ht ∼ P
(
Ct−1, Ψp,

)
,

where Ψp is the corresponding profile defined in
the previous sections. The AI response at ∈ A is
generated by a single, fixed model with ψp be the
default profile.

Recent approaches generate synthetic human–AI
dialogues to reduce reliance on expensive annota-
tion, including Self-Instruct (Wang et al., 2023),
WizardLM (Xu et al., 2024a), and Auto Evol-
Instruct (Zeng et al., 2024). Other methods
target broad coverage (Li et al., 2024b; Zhang
et al., 2024e), domain adaptation (Das et al., 2024;
Rachidi et al., 2025), or task specificity (Wang et al.,
2024d; Patel et al., 2024). For a detailed discussion,
see Appendix C.1.

4.2 Human–Human Simulation

Human–Human simulation models conversations
between two human participants, aiming to repli-
cate natural dialogue patterns (Yamashita et al.,
2023; Dinan et al., 2019). This paradigm supports
the development of agents that can maintain consis-
tent personas and engage in grounded interactions.



Definition 4.2 (Human–Human Simulation). A
Human–Human simulation is any trajectory

τ =
(
(u1, v1), (u2, v2), . . . , (uT , vT )

)
,

where each participant’s utterances are initialized
by human input at some “Who” level:

ut ∼ P
(
Ct−1, Ψpu ,

)
,

vt ∼ P
(
Ct−1, Ψpv ,

)
,

Both sides use their own profiles Ψp∗ to simulate
realistic two-party human dialogue.

Key datasets include PersonaChat (Zhang et al.,
2018), Wizard-of-Wikipedia (Dinan et al., 2019),
EmpatheticDialogues (Rashkin et al., 2019), and
MultiWOZ (Budzianowski et al., 2018). Scalable
alternatives such as self-play bootstrapping (Shah
et al., 2018) reduce reliance on manual curation.
For an extended discussion, see Appendix C.2.

4.3 AI–AI Simulation

AI–AI simulation models conversations where both
participants are autonomous AI agents, interacting
without human input (Park et al., 2023; Ren et al.,
2024b). This paradigm enables scalable data gen-
eration and the study of emergent behaviors.

Definition 4.3 (AI–AI Simulation). An AI–AI sim-
ulation is any trajectory

τ =
(
(a11, a

2
1), (a

1
2, a

2
2), . . . , (a

1
T , a

2
T )
)
,

where two AI agents A1, A2 converse without on-
going human input. The only human contribution
is a general seed prompt P , and thereafter

a1t , a
2
t ∼ P

(
P, a11:t−1, a

2
1:t−1

)
,

alternating turns. No persona, role, or individual-
level profiles are specified at the entity level. Al-
though certain level of simulation (persona, role-
play, individual) might be assigned based on the
seed prompt P .

Recent work explores emergent social behav-
iors (Park et al., 2023; Ren et al., 2024b), collabo-
rative task-solving (Li et al., 2023; Wu et al., 2023),
and adversarial debate (Du et al., 2024; Rennard
et al., 2025; Hua et al., 2024). For a comprehensive
discussion, see Appendix C.3.

4.4 Many-Human–AI Simulation

Many-human–AI simulation generalizes hu-
man–AI interaction to multi-user settings, where
multiple humans engage with one or more AI
agents toward a shared objective. This paradigm
captures both individual behavior and group
dynamics in collaborative environments.

Definition 4.4 (Many-Human–AI Simulation). Let
U = {u1, . . . , un} be a set of n human participants,
each endowed with a profile Ψui , and letA be an AI
system that follows general user behavior following
definition 3.1. A Many-Human–AI simulation is
any dialogue trajectory

τ = {τ1, τ2, . . . , τn}

where

τ j =
{
(at, u

j
t )
}T

t=1
,

Each turn t is produced as follows:

ujt ∼ P
(
Ct−1, Ψuj

)
at ∼ P

(
u1:t, P

)
where P is the default prompt to align the AI to
general user profile.

Recent work explores collaborative
roles (Klieger et al., 2024), proxy participa-
tion (Leong et al., 2024), and group dialogue
simulation (Mao et al., 2024). Despite the
advancement in AI-AI simulations (Li et al., 2023;
Wu et al., 2023) and Human-AI (Wang et al., 2023)
simulations, general-purpose frameworks for sim-
ulating many-human–AI settings remain limited.
For an extended discussion, see Appendix C.4.

4.5 Hybrid Simulation

Hybrid simulation blends multiple paradigms (i.e.,
Human–Human, AI–AI, and Human–AI) within
the same environment, reflecting the complexity
of real-world interactions. For example, sandbox
environments like Smallville (Park et al., 2023) sim-
ulate AI–AI communities, yet individual dialogues
within them resemble Human–Human exchanges.
Despite its prevalence, hybrid simulation remains
under-theorized. We advocate for systematic frame-
works to model and benchmark mixed-interaction
settings, essential for socially adaptable AI.



5 How: Techniques and Methodologies

To generate synthetic user conversations, it is cru-
cial to incorporate diverse types of contextual
knowledge, each requiring distinct representations.
For example, static persona facts guide tone and
content (Li et al., 2016), while long-term prefer-
ences use memory-based retrieval (Madotto et al.,
2018). We discuss integration strategies for these
heterogeneous information in the next section.

5.1 Prompt-Based Simulation
Prompt-based simulation formulates user genera-
tion as conditional language modeling:

ut ∼ P (Ct−1,Ψp,P),

where P is the optional in-context examples. Ex-
isting work falls into two complementary tracks:
method-driven(zero-shot/few-shot and chain-of-
thought) and content-driven(persona/role-play and
task-specific prompts). Zero-/few-shot prompts
enable scalable simulation with minimal exam-
ples (Terragni et al., 2023; Zhang et al., 2024a;
Wang et al., 2025b), while Chain-of-Thought im-
proves coherence via step-by-step reasoning (Luo
et al., 2024). Persona and task-specific prompts
guide tone and domain behavior (Shanahan et al.,
2023; Abbasiantaeb et al., 2024; Kong et al., 2024;
Kiesel et al., 2024). See §D.1 for more details.

5.2 RAG
Retrieval-augmented generation (RAG) enhances
user simulation by conditioning responses on exter-
nal knowledge:

ut ∼ P (Ct−1,Ψp,R(Ct−1,Ψp))

where R(·) retrieves context to enhance realism,
relevance, and personalization of behaviors.

RAG methods vary by retrieval trigger mech-
anism. Always-on approaches (Shimadzu et al.,
2025), retrieve at every turn prepend relevant pas-
sages. Adaptive methods (Wang et al., 2025c) use
a learned classifier to decide when retrieval is nec-
essary to improve efficiency. Goal/State-driven
approaches (Zhu et al., 2025) retrieve based on
internal user memory for more personalized gener-
ation. For further examples, see Appendix D.2.

5.3 Fine-tuning
Fine-tuning adapts a pretrained language model
into a user simulator by updating its parameters

Θ on a dataset of user dialogues D. Formally, we
define D = {(Ct−1,Ψp, I, ut)}Tt=1, where Ct−1

denotes the conversation history up to turn t−1, Ψp

is the persona description associated with the user,
I represents optional task-specific instructions, and
ut is the ground-truth user utterance at turn t.

During training, the fine-tuned model is opti-
mized to generate user utterances conditioned on
the given context:

ut ∼ PΘ′(Ct−1,Ψp, I),

where the updated parameters Θ′ are obtained by
maximizing a supervised fine-tuning objective:

Θ′ = argmax
Θ

LFT(Θ;D).

Here, LFT typically corresponds to the cross-
entropy loss between the predicted and ground-
truth user responses ut.

We group fine-tuning strategies into three types.
Full-model supervised methods retrain all param-
eters on in-domain data, as in DAUS (Sekulic
et al., 2024), SoulChat (Chen et al., 2023),
and MuPaS (Wang et al., 2024c). Parameter-
efficient approaches like ESC-Role (Zhao et al.,
2024b), BiPO (Cao et al., 2024), and SRA-guided
LoRA (Madani et al., 2024) use adapters or acti-
vation steering to preserve efficiency. Interactive
methods optimize simulators via interaction feed-
back: UGRO (Hu et al., 2023) applies reward mod-
eling with PPO, while PlatoLM (Kong et al., 2024)
leverages large-scale self-play before assistant fine-
tuning. See Appendix D.3 for further details.

5.4 RL/DPO
Reinforcement Learning with Human (or AI) Feed-
back (RLHF) and Direct Preference Optimization
(DPO) enhance user simulators by training policies
that maximize rewards or preference scores across
multi-turn interactions:

ut ∼ P (Ct−1,Ψp, πθ), πθ = argmax
θ

E[R(τ)]

where πθ is a user policy optimized via RL or DPO
using feedback from user preferences.

These methods support adaptive, strategic, and
goal-driven behaviors beyond standard supervised
learning. Personalization-focused approaches like
curiosity-driven RLHF (Wan et al., 2025) reward
disambiguation of latent user traits. Memory-
aware methods (Seo et al., 2024) use DPO to
optimize memory selection for factual coherence.



ArCHer (Zhou et al., 2024) introduces hierarchical
RL for long-horizon planning via utterance- and
token-level control. Offline learning frameworks
like hindsight regeneration (Hong et al., 2024) re-
vise suboptimal segments using observed user feed-
back. Action-level DPO (Chen et al., 2025b) im-
proves intent clarification by preferring follow-ups
that maximize user satisfaction. See Appendix D.4
for further details.

5.5 Hybrid Approaches

Hybrid approaches combine prompting, retrieval,
fine-tuning, and RL/DPO to improve realism,
controllability, and sample efficiency. Retrieval-
augmented fine-tuning (e.g., PRAISE (Kaiser
and Weikum, 2025)) integrates context during
training for better grounding. Prompt-to-fine-
tune pipelines (Chen et al., 2023) bootstrap data
via prompting before supervised tuning. RAG
+ RL/DPO loops (Wan et al., 2025) coordi-
nate retrieval and policy learning to adaptively
query and respond. Hierarchical pipelines like
ARCHer (Zhou et al., 2024) modularize simu-
lation tasks, while personalized stacks (Zhang
et al., 2025a) combine persona prompts, memory,
adapters, and RLHF. See Appendix D.5 for more.

6 Evaluation

6.1 Traditional Metrics

Classical metrics like BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), slot-F1 (Chen et al., 2019)
remain common for structured or goal-oriented di-
alogues. While efficient and reproducible, these
metrics capture narrow facets and are often comple-
mented by human or LLM judges. Human Evalua-
tion remains the gold standard. It is typically con-
ducted through either interactive evaluation offline
evaluation (Ye et al., 2022; Zhou et al., 2025; Fan
et al., 2025). For detailed discussion on traditional
metrics and human evaluation, see Appendix E.1
for details.

6.2 LLM-as-Judge

LLM-as-Judge uses a strong language model as
an automatic evaluator, prompted with dialogue
context, generated responses, and a rubric target-
ing dimensions such as coherence, factuality, or
safety (Kong et al., 2024; Fan et al., 2025; Lin and
Chen, 2023; Saad-Falcon et al., 2024; Zheng et al.,
2023). A typical evaluation protocol involves three
components: (1) defining evaluation dimensions

and rating scales (e.g., 1–5 Likert), (2) providing
few-shot exemplars or calibration prompts to align
the judge, and (3) instructing the model to explain
its reasoning before issuing a final score (Salemi
et al., 2025; Li et al., 2024a; Gu et al., 2025). De-
spite its effectiveness, LLM-as-Judge is sensitive to
prompt phrasing and underlying model bias. To ad-
dress this, recent work proposes symmetric prompt-
ing, voting or ensembling across judges, and meta-
evaluation by comparing model scores to human
ratings (Fan et al., 2025; Zhou et al., 2025).

7 Datasets

We categorize commonly used user simulation
datasets across dialogue types, with a summary
provided in Table 7 and additional details in Ap-
pendix F. These datasets span a wide range of
interaction settings, including personalized con-
versations (Zhang et al., 2018; Li et al., 2025b),
multiparty social dialogues (Gao et al., 2023),
and information-seeking question answering (Ab-
basiantaeb et al., 2024; Kong et al., 2024). Role-
based and character-grounded simulations (Zhou
et al., 2025; Wang et al., 2024a) support more
fine-grained persona modeling, while negotiation
datasets (Lewis et al., 2017; He et al., 2018) eval-
uate goal-driven interaction and strategic reason-
ing. Other datasets explore long-term memory
and context modeling (Fan et al., 2025), multi-
domain generalization (Zhao and Eskénazi, 2018),
and dialogue-level response ranking (Zhu et al.,
2024a). This growing corpus of datasets provides a
foundation for developing, evaluating, and bench-
marking user simulation models under diverse con-
versational settings.

8 Applications

Conversational user simulation underpins a broad
spectrum of applications. Before the advent of
LLMs, user simulators were already employed for
data augmentation in contexts with sparse user his-
tories (Zhao et al., 2021), and LLMs have further
benefited these applications (Zhao et al., 2024a). In
conversational recommendation, simulators enable
the adaptation of systems to diverse user prefer-
ences (Yoon et al., 2024). In education, they power
conversational companions that support interactive
learning (Xu et al., 2024b). Last but not the least,
in human–computer interaction (HCI), they facil-
itate tasks such as user interface testing, reducing
reliance on human participants (Moore and Arar,
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PersonalConv (Li et al., 2025b) ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓

PersonalDialog (Zheng et al., 2019) ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

RoleLLM (Wang et al., 2024a) ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗

DMPO (Shi et al., 2024) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗

SDPO (Kong et al., 2025) ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗

AgentQ (Putta et al., 2024) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗

LOOP (Chen et al., 2025a) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✗

KAUCUS (Dhole, 2024) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗

CROSS (Yuan et al., 2024) ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗

PersonaEffect (Hu and Collier, 2024) ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗

EvalPersonality (Wang et al., 2025b) ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

P2 (Jiang et al., 2023) ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗

PsyPlay (Yang et al., 2025) ✗ ✓ ✓ ✗ ✓ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

CSHI (Zhu et al., 2025) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓

RAGate (Wang et al., 2025c) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

PB&J (Joshi et al., 2025) ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

CharacterLLM (Shao et al., 2023) ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✗ ✗ ✓ ✓ ✗

CharacterBench (Zhou et al., 2025) ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓ ✗

CharacterBench (Huang, 2024) ✗ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓ ✗

SmallVille (Park et al., 2023) ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓

CharMap (Xu et al., 2024c) ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

DramaLLM (Wu et al., 2024) ✗ ✗ ✓ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✓

LifeStageBench (Fan et al., 2025) ✗ ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

PersonaChat (Zhang et al., 2018) ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

ProphetChat (Liu et al., 2022) ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

WoW (Dinan et al., 2019) ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✓ ✗

EmpatheticDialogues (Rashkin et al., 2019) ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✓

PLATO (Kong et al., 2024) ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓ ✗ ✗

ConvEval (Balog and Zhai, 2023) ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗ ✓ ✓ ✗ ✗ ✗

UserSimCRS (Afzali et al., 2023) ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✗ ✗ ✗

Table 1: Overview of the proposed taxonomy for user-simulated data generation techniques and their applications.
Using this taxonomy, we provide a qualitative and quantitative comparison of methods.

2018). They have also been applied in special-
ized domains such as video question answering,
where arena-style evaluation with modified Elo rat-
ing systems is supported. For further discussion of
applications and domains, see Appendix G.

9 Open Problems & Challenges

9.1 Long Conversations

Simulating extended interactions challenges cur-
rent models’ ability to maintain persona consis-
tency across turns, often leading to drift in style,



beliefs, or goals (Cho et al., 2023; Xu et al., 2024c).
These issues are amplified in role-based settings,
where broken memory or contradictions can lead to
hallucinations and character violations (Tang et al.,
2025). Simulated users are also unrealistically co-
operative, and long dialogues accumulate errors
or lose task focus (Putta et al., 2024). Solutions
require better memory mechanisms, discourse plan-
ning, and consistency modeling (Kong et al., 2025;
Fan et al., 2025).

9.2 Diversity

Simulators often mirror cultural-linguistic majori-
ties, yielding overly polite, homogeneous behav-
ior. Though prompting enables personas (Shanahan
et al., 2023), diversity remains limited. Richer sim-
ulation requires fine-grained control over traits like
emotion, verbosity, and strategy. Most work targets
single-user setups, neglecting hybrid or multi-user
dynamics essential for realism and personalization.

9.3 Biases and Toxic Content

LLM-based simulations risk encoding biases and
generating toxic content, especially when personas
involve sensitive demographics or public figures
(Li et al., 2025a; Deshpande et al., 2023). Such
biases can harm both research and deployment.
While prompt filtering and alignment exist, robust
protocols for simulation quality and safety remain
lacking (Hu and Collier, 2024).

10 Conclusion

In this survey, we retrospected the representative
literature on LLM-based conversational user sim-
ulation through a unified framework along three
axes following Who, What, and How. We further
provided a broad overview of existing methods
used to simulate user conversations, discussed their
strengths and limitations, and categorized them
across diverse applications. In addition, we exam-
ined evaluation protocols and common datasets to
support benchmarking. Finally, we outlined key
open challenges and suggested future research di-
rections to build more consistent, diverse, and trust-
worthy user simulators.

11 Limitation

While this survey aims to provide a comprehen-
sive overview of LLM-based conversational user
simulation, it has several limitations. First, our tax-
onomy is designed to balance generality and clarity,

but certain hybrid or domain-specific methods may
not fit perfectly into the proposed categories. Ad-
ditionally, while we summarize datasets and evalu-
ations, a full benchmarking study across methods
was beyond the scope of this work.

12 Ethical considerations

Our work focuses on surveying and organizing ex-
isting research on LLM-based conversational user
simulation. We aim to support researchers in de-
veloping more effective and trustworthy simulation
methods. This paper does not involve human sub-
jects or introduce new models or datasets. Thus,
we do not anticipate any ethical concerns arising
from the research presented in this survey.
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A Background

A.1 Simulation in Other Fields

The foundations of simulation trace back to early
philosophical inquiries in Ancient Greece, where
understanding processes was a precursor to for-
mal simulation. Since the Industrial Age, sim-
ulation has played a central role across scien-
tific disciplines—ranging from physical systems
like wind tunnels to computational fluid dynam-
ics. While physics-based simulation, including
recent advances in diffusion models, remains well-
established, it is not the focus of this work.

Simulation has also been widespread in com-
puter science. For example, the cascade model
in social networks (Kempe et al., 2003) simulates
how influence spreads through interactions among
users. In information retrieval and recommender
systems, click models simulate user behavior by
modeling how users interact with ranked lists of
items (Richardson et al., 2007; Craswell et al.,
2008; Chuklin et al., 2015). These models support

both system optimization (Kveton et al., 2015; La-
grée et al., 2016) and offline evaluation (Joachims
et al., 2017; Li et al., 2018).

Simulation is particularly integral to reinforce-
ment learning (RL), which often requires data-
hungry training. Early RL research demonstrated
success using handcrafted simulators for controlled
domains such as backgammon (Tesauro, 1994), el-
evator control (Crites and Barto, 1995), and moun-
tain car (Munos and Moore, 1999). Today, stan-
dardized simulators like MuJoCo (Todorov et al.,
2012) provide high-fidelity environments for phys-
ical control tasks. These simulators are grounded
in well-understood dynamics, unlike human be-
havior, which remains far more complex and less
predictable. Building large-scale, diverse human
simulators remains a core challenge.

Inspired by RL success in physical environments,
researchers have also developed simulators for
human-centric domains such as recommender sys-
tems (Rohde et al., 2018; Ie et al., 2019). How-
ever, most of these frameworks require learning
user simulators from domain-specific data, a task
complicated by weak sequential signals in com-
mon datasets like MovieLens (Harper and Kon-
stan, 2015), where preference patterns often reflect
static biases rather than temporal interactions (Ko-
ren et al., 2009).

In statistics, simulation also plays a role in coun-
terfactual reasoning, which estimates treatment ef-
fects from logged data without costly or infeasible
A/B tests (Bottou et al., 2013). Matching meth-
ods (Stuart, 2010) attempt to estimate treatment ef-
fects by pairing treated and untreated samples with
similar covariates, though imbalance often intro-
duces bias. Propensity-based estimators—such as
inverse propensity scoring (Horvitz and Thompson,
1952), clipped estimators (Ionides, 2008), and dou-
bly robust approaches (Robins et al., 1994; Dudík
et al., 2014)—face similar issues. In such settings,
simulation holds promise as a way to impute miss-
ing data or generate counterfactual outcomes, in-
cluding for complex objects like conversations.

A.2 Human Modeling

Modeling of human preferences has been studied
extensively. Pairwise preferences are often mod-
eled using the Bradley-Terry-Luce model (Bradley
and Terry, 1952). Permutation preferences
are frequently modeled using the Plackett-Luce
model (Plackett, 1975). These models are com-
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monly known as discrete choice models (Train,
2009). Modeling and learning from human feed-
back has recently found many applications in ma-
chine learning (Christiano et al., 2017), notably
in reinforcement learning from human feedback
(RLHF) (Ouyang et al., 2022) and direct prefer-
ence optimization (DPO) (Rafailov et al., 2023).
Generative human simulation take these efforts to
the next level, by modeling complex human interac-
tions with humans and not just relative preferences.

B Who: Simulation Target (Extended)

B.1 General User Simulation

To optimize customized dialogue systems for gen-
eral user interactions, recent work has focused on
improving conversational performance at the turn
level and trajectory level. M-DPO (Xiong et al.,
2025) introduces a multi-turn online iterative frame-
work for direct preference learning, specifically de-
signed to handle multi-turn reasoning and tool inte-
gration. Building on trajectory-based optimization,
ETO (Song et al., 2024) develops an exploration-
based approach that learns from past exploration
trajectories, including failure cases, to improve per-
formance. Additionally, to address training noise
in long conversations, SDPO (Kong et al., 2025) fo-
cuses on leveraging specific meaningful segments
within conversations while minimizing the impact
of less relevant interactions. AgentQ (Putta et al.,
2024) further improves the trajectory exploration
by addressing the sub-optimal policy outcomes due
to compounding errors and limited exploration data.
It combines Monte Carlo Tree Search (MCTS) with
self-critique and iterative fine-tuning, learning from
both positive and negative conversational trajecto-
ries.

More recently, LOOP (Chen et al., 2025a) trains
interactive assistants directly in their target environ-
ments by formulating the training as a partially ob-
servable Markov decision process. This approach
uses a data and memory-efficient variant of Proxi-
mal Policy Optimization (PPO) that eliminates the
need for value networks and requires only a single
copy of the language model in memory. Comple-
menting these optimization approaches, work by
Dhole (2024) focuses on generating diverse user
simulations that capture varied interaction patterns
between users and assistants. These simulations
provide training data for developing more helpful
and robust conversational agents that can handle
the breadth of general user interactions.

B.2 Persona-level User Simulation

Persona-level simulation primarily relies on explic-
itly defining user characteristics for LLMs. Early
approaches use direct prompting with descriptive
attributes (e.g., demographics) (Hu and Collier,
2024), while more recent work grounds simula-
tion in psycho-social theory by incorporating es-
tablished personality frameworks such as the Big
Five (Wang et al., 2025b; Jiang et al., 2023; Li et al.,
2025a; Yang et al., 2025; Jiang et al., 2024; Serapio-
García et al., 2023) and HEXACO (Ji et al., 2024).
These efforts enable LLMs to simulate users with
more realistic and consistent social psychometrics.
Frameworks like Orca (Huang, 2024) augment gen-
eration with personal context, and PsyPlay (Yang
et al., 2025) builds personality-infused agents ca-
pable of portraying designated traits.

Beyond prompting, fine-tuning methods such as
Supervised Fine-Tuning (SFT) and Direct Prefer-
ence Optimization (DPO) (Li et al., 2025a) offer
greater control, while techniques like Personality
Activation Search (PAS) (Zhu et al., 2024b) adjust
internal activations to align with group preferences.
These approaches demonstrate that LLM personas
can consistently reflect assigned traits in psycho-
metric tests (Wang et al., 2025b) and exhibit repre-
sentative linguistic patterns (Jiang et al., 2024).

However, a critical concern is that persona as-
signment may introduce systematic biases, leading
to skewed outcomes such as political forecasts (Li
et al., 2025a), or increased toxicity (Deshpande
et al., 2023), potentially reinforcing harmful stereo-
types. These limitations underscore the need for
better validation (Hu and Collier, 2024) and more
trustworthy simulation practices.

B.3 Role Play Simulation

Role play simulation is fundamentally defined
by the implicit knowledge of language mod-
els (Serapio-García et al., 2023; Lù et al., 2025),
which allows LLMs to inherently associate the role
with a rich set of personal traits and psychosocial
status (Wang et al., 2024a). The capability of LLMs
to capture nuanced relationships within extensive
textual data means they can simulate more diverse
and complex behaviors, reflecting the variability of
human decision-making (Wang et al., 2025b).

To elicit and shape this implicit knowledge, var-
ious techniques are proposed. Direct “role-play
prompting” instructs LLMs to generate like a spe-
cific character, leveraging their steer-ability to tailor



Taxonomy Category Description

Who
(Section 3)

General User (Sec. 3.1) This class of techniques performs simulation of a general user conver-
sation. This is the most general class of techniques.

Persona-level (Sec. 3.2) This class of techniques leverages demographics and other persona-
based data to simulate conversations

Role Play (Sec. 3.3) The class of techniques leverages role playing to simulate conversa-
tions based on specific

Individual User (Sec. 3.4) The class of conversational simulation techniques focus on generating
specific conversations and other facets tailored to a specific user.

Hybrid (Sec. 3.5) This class of techniques combines techniques from two or more of
the prior categories of techniques.

What
(Section 4)

Human-AI (Sec. 4.1) This class of conversation objective simulates the interaction between
human and AI. Commonly used for instruction-finetuning.

Human-Human (Sec. 4.2) This class of conversation objective focuses on simulating the conver-
sation between human, often associated with assigned personalities.

AI-AI (Sec. 4.3) This class of conversation objective revolves around the open-ended
interaction between two or more AI agents.

Many Human-AI (Sec. 4.4) This class of conversation objective explores the collaborative conver-
sation trajectories between multiple human and AI.

Hybrid (Sec. 4.5) This class of conversation objective combines two or more of the
above conversational simulation paradigms.

How
(Section 5)

Prompt-based (Sec. 5.1) This class of techniques directly uses prompts to steer LLMs toward
simulating user conversations.

RAG (Sec. 5.2) Retrieval-Augmented Generation methods incorporate external
knowledge into simulation by retrieving relevant context.

Fine-Tuning (Sec. 5.3) These techniques adapt LLMs to user simulation tasks through super-
vised training (e.g. LoRA) on dialogue data.

RL/DPO (Sec. 5.4) This class trains user simulators using feedback-driven optimization
such as Reinforcement Learning and Direct Preference Optimization.

Hybrid (Sec. 5.5) Hybrid methods combine prompting, retrieval, fine-tuning, and
RL/DPO, often using modular or multi-stage architectures.

Table 2: Taxonomy of User Conversation Simulation (Section 3-5).

Table 3: Taxonomy of General User Simulation

Category Work(s)

Trajectory Optimization
M-DPO (Xiong et al., 2025),
SDPO (Kong et al., 2025),
LOOP (Chen et al., 2025a)

Exploration Optimization ETO (Song et al., 2024),
AgentQ (Putta et al., 2024)

Diverse User Simulation KAUCuS (Dhole, 2024)

output style and tone (Wang et al., 2025b, 2024a).
More advanced methods focus on training LLMs as
“trainable agents” specifically for role-playing, im-
proving consistency and naturalness through fine-
tuning on character-related dialogues (Shao et al.,
2023; Lu et al., 2024; Tao et al., 2024). More re-
cently, Ji et al. (2025) demonstrates that contrastive

Table 4: Taxonomy of Persona-level User Simulation.

Category Work(s)

Descriptive
Features

Prompting (Hu and Collier, 2024),
PsyPlay (Yang et al., 2025)

Personality
Framework

Orca (Huang, 2024),
HEXACO (Ji et al., 2024),
PB&J (Joshi et al., 2025)

Benchmarks PersonaCatch (Li et al., 2025a),
PersonaEval (Wang et al., 2025b)

learning through adversarial self-play can enhance
character consistency and prevent deviations from
the assigned character.

Leveraging the implicit character knowledge al-
lows role-playing agents to make persona-driven
decisions that align with their assigned identi-



Table 5: Taxonomy of Role Play Simulation.

Category Method(s)

Frameworks

Ditto (Lu et al., 2024),
CharacterLLM (Shao et al., 2023)
PCL (Ji et al., 2025)
RoleCraft (Tao et al., 2024)
CharMap (Xu et al., 2024c)

Evaluation
Benchmarks

RoleBench (Wang et al., 2024a),
CharacterBench (Zhou et al., 2025),
PsyPlay-Bench (Yang et al., 2025)

Challenges & Risks RoleBreak (Tang et al., 2025),
Toxicity (Deshpande et al., 2023)

ties (Xu et al., 2024c; Park et al., 2023). This
capability moves role-play beyond mere conver-
sation to influence choices in various scenarios,
with character-level benchmarks introduced to
evaluate decision-making consistency (Xu et al.,
2024c). Role-playing can enable complex “drama-
interaction” systems where multiple LLMs simu-
late intricate social dynamics (Wu et al., 2024) or
act as interactive simulacra of human behavior in
social science research (Wang et al., 2025b; Park
et al., 2023). The ability for an LLM to “know its
own story” as a character, including its past and
experiences, is an emerging area of research explor-
ing lifelong learning in LLMs (Fan et al., 2025).

The reliance on implicit knowledge also intro-
duces significant challenges and risks. A primary
concern is character hallucination, where LLMs
generate content inconsistent with the assigned
character’s known attribute. For example, asking a
Mozart character programming problems can lead
to unexpected output. Recent research has shown
that such hallucination can be exploited as jailbreak
attacks (Tang et al., 2025; Sadeq et al., 2024). In
addition, pre-existing biases tied to famous figures
or demographics in the training data can lead to
increased toxicity and the propagation of incorrect
stereotypes when LLMs role-play specific individ-
uals, which can result in outputs that are defama-
tory or harmful (Deshpande et al., 2023). Further-
more, the robustness of role-playing can decrease
as the complexity of the roles increases (Wang et al.,
2025b), and LLMs might exhibit persona collapse
or low consistency in challenging situations (Xu
et al., 2024c).

B.4 Individual User Simulation
The most straightforward individual user simula-
tion paradigm is through the integration of user
profiles into prompts. For example, PERSONA-

Figure 3: Taxonomy of Individual User Simulation.
Explicit traits

CHAT (Zhang et al., 2018) provides crowdworkers
with multi-sentence user profiles, enabling indi-
vidualized realistic user simulation. The FoCus
dataset (Jang et al., 2022) extends this idea by
incorporating Wikipedia-based facts into persona
grounding. These approaches enhance the response
by aligning responses with a user’s stated context.

In order to incorporate more nuanced individual
profiles, another line of research leverages a user’s
dialogue history to learn communication style and
evolving preferences. PHMN (Li et al., 2021) ex-
tracts long-term dialogue patterns such as personal-
ized word usage and context attention, improving
multi-turn response selection.

To handle long-range personalization, multi-
session memory mechanisms have been intro-
duced. The MSC dataset (Xu et al., 2022) captures
multiple-session chats with user-specific mem-
ory summaries to enable coherent re-engagement.
Mem0 (Chhikara et al., 2025) proposes a
production-ready memory architecture that dynam-
ically extracts and consolidates user memories
across sessions.

Finally, more recent efforts collect real-world
personality traits to ground simulation in natu-
ral behavior. The RealPersonaChat dataset (Ya-
mashita et al., 2023) uses real personality scores
(e.g., Big Five traits) in free-form Japanese chats,
helping the model reflect actual personality cues.
LiveChat (Gao et al., 2023) mines detailed persona
profiles and interactions from live-streaming plat-
forms, constructing a large-scale Chinese corpus
with naturally occurring individual variation.
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Figure 4: Comparing different types of conversational trajectories starting from an initial input query by the user.

C What: Simulation Objectives
(Extended)

C.1 Human-AI Simulation
Generating such conversations has attracted signif-
icant attention due to the scarcity of high-quality,
diverse human-annotated data and the high cost
of large-scale annotation (Wang et al., 2023; Xu
et al., 2024a; Li et al., 2024b). Recent studies
have proposed various frameworks for synthesiz-
ing instruction-following datasets. One promi-
nent approach focuses on bootstrapping instruction
datasets through self-generation. The self-instruct
framework (Wang et al., 2023) introduces a semi-
automated pipeline in which a pretrained LLM
generates synthetic instructions and input-output
pairs. These synthetic examples are filtered and
then used to fine-tune the model itself, improv-
ing its instruction-following capabilities. Building
upon this idea, WizardLM (Xu et al., 2024a) pro-
gressively rewrite simple instructions into more
complex forms, enabling LLMs to handle multi-
step reasoning and diverse task demands. To fur-
ther reduce reliance on heuristic design, Auto Evol-
Instruct (Zeng et al., 2024) fully automates the evo-
lution process, iteratively optimizing instruction
datasets without any human intervention.

Another line of work emphasizes generalized
and domain-agnostic data generation. GLAN (Li
et al., 2024b) introduces a paradigm inspired by ed-
ucational taxonomies, decomposing human knowl-
edge into fields to generate instructions span-
ning a wide range of domains. Building on this
idea in multimodal contexts, Multimodal Self-

Instruct (Zhang et al., 2024e) synthesizes visual
instruction reasoning tasks using abstract images.
ProphetChat (Liu et al., 2022) further extends this
direction by simulating future conversations based
on existing dialogue histories.

A complementary strategy focuses on task-
specific and tailored data alignment. Recogniz-
ing that different downstream applications require
distinct instruction distributions, CodecLM (Wang
et al., 2024d) introduces a metadata-based Encode-
Decode process to generate high-quality synthetic
data tailored for specific tasks. In parallel, Chan
et al. (2024) empirically evaluate trade-offs in syn-
thetic data generation strategies under various re-
source constraints, providing practical guidelines
for selecting the augmentation methods. Addition-
ally, DataDreamer (Patel et al., 2024) provides a
unified library for chaining synthetic data genera-
tion, fine-tuning, and evaluation, emphasizing re-
producibility and practical pipeline.

In addition, a growing body of work explores
domain-specific human–machine simulations tai-
lored to specialized applications. For instance, syn-
thetic patient–physician dialogues are generated
to support medical AI systems (Das et al., 2024),
while museum guidance agents are developed
through curated human–AI conversations (Rachidi
et al., 2025). These efforts highlight the impor-
tance of aligning simulation data with the nuanced
requirements of different domains.

C.2 Human-Human Simulation
Early sequence-to-sequence chatbots demon-
strated fluency but often produced generic re-



sponses and lacked consistent speaker personal-
ities (Vinyals and Le, 2015). To address this,
PersonaChat (Zhang et al., 2018) provide each
speaker with a personal profile of facts, encourag-
ing models to maintain a coherent identity through-
out the conversation. Beyond persona consistency,
other works injected additional context to make
dialogues more natural. Wizard-of-Wikipedia
dataset (Dinan et al., 2019) tasks one participant
(the “wizard”) with retrieving and using Wikipedia
facts during conversation. Models trained on these
dialogues learn to incorporate factual knowledge
into their responses, enabling more informative and
substantive discussions. The EmpatheticDialogues
dataset (Rashkin et al., 2019), consisting of 25k hu-
man–human conversations, was collected to teach
models how to recognize and respond to a conver-
sation partner’s emotions. Systems fine-tuned on
these emotionally grounded dialogues have been
shown to be perceived as significantly more empa-
thetic by human evaluators, compared to models
trained only on general chat data.

In task-oriented dialogue domains (e.g., book-
ing tickets), human–human simulation is equally
important. Large-scale corpora such as Multi-
WOZ (Budzianowski et al., 2018) illustrate the
collection of human–human written conversations
spanning multiple domains for developing task-
oriented agents. MultiWOZ contains around 10k
dialogues collected via crowd workers role-playing
as user and assistant. While such Wizard-of-Oz
style data provide valuable training and evaluation
scenarios, creating a new human-human dataset for
every domain is time-consuming and expensive.

To mitigate the problem of data scarcity, re-
searchers have explored synthetic dialogue gen-
eration. Shah et al. (2018) proposed a self-play
bootstrapping approach for task-oriented dialogues:
using a predefined domain schema and slot-filling
logic, a simulated “user” and “agent” were auto-
generated to produce dialogues, which were then
paraphrased and validated by crowd workers. This
method produced additional training trajectories
without relying entirely on manually written dia-
logues, effectively augmenting the data for learning
dialog policies.

C.3 AI-AI Simulation

One primary use case of AI–AI simulation is the
study of emergent behavior and social dynamics
by placing multiple LLM-driven agents in shared

virtual environments and allowing them to interact
over extended time horizons (Haase and Pokutta,
2025). Rather than optimizing for a specific task,
these simulations aim to observe how complex in-
teraction patterns arise from simple initial condi-
tions and agent profiles. For example, Park et
al. (Park et al., 2023) instantiated a small com-
munity of generative agents, each equipped with
a unique backstory, memory module, and behav-
ioral script. These agents autonomously engaged in
open-ended conversations, formed social relation-
ships, and coordinated group activities—exhibiting
behavior reminiscent of real-world communities.
CRSEC (Ren et al., 2024b) further examined how
repeated local interactions among agents lead to
the emergence of shared social norms and behav-
ioral conventions over time. Similarly, AgentSoci-
ety (Piao et al., 2025) demonstrated that large-scale
LLM-based simulations can replicate macro-level
social patterns and align with real-world trajecto-
ries of community evolution. Such results suggest
that today’s large language models are not only
capable of coherent multi-agent dialogue but can
also simulate realistic, temporally grounded social
processes. Consequently, AI–AI simulation has
emerged as a powerful tool for generating rich in-
teraction data and conducting behavioral evalua-
tions at scale, offering a scalable and cost-effective
alternative to traditional human-annotated datasets.

Beyond data augmentation, AI–AI simulation
has become a framework for multi-agent coopera-
tion (Guo et al., 2024). CAMEL (Li et al., 2023)
uses a role-playing paradigm - one agent is as-
signed as the “user” (task setter) and another as the
“assistant” (solution provider) - to autonomously
interact to complete a given task. Similarly, Auto-
Gen (Wu et al., 2023) defines multiple conversable
agents (LLMs, tools, or human proxies) that com-
municate with each other to complete complex
tasks. These frameworks demonstrated that so-
lutions obtained via these AI–AI conversations
can outperform those from a single agent work-
ing alone.

While many AI–AI simulations focus on col-
laboration, others explore the adversarial dy-
namics among agents. For instance, Du et al.
(2024) demonstrated that adversarial debate be-
tween LLMs can lead to improvements in both
factuality and reasoning, as the models iteratively
challenge and refine each other’s claims. Further-
more, Rennard et al. (2025) introduced a self-



debate framework in which two instances of a lan-
guage model argue opposing viewpoints to per-
suade a third, neutral LLM judge. This setup en-
ables the examination of how persuasive strategies
and biases propagate across models. More recently,
Hua et al. (2024) studied adversarial behavior in
game-theoretic scenarios, revealing that unstruc-
tured LLMs often deviate from rational strategies.
To mitigate this, they introduced agentic work-
flows that guide LLM reasoning through structured
decision-making procedures, enabling more consis-
tent alignment with game-theory principles.

C.4 Many Human-AI Simulation

Historically, most research on human–AI collabo-
ration has centered on single-user scenarios, where
the AI functions as a personal assistant or tutor.
However, there is growing recognition that future
AI agents will need to operate as members of teams
rather than merely serve individual users in iso-
lation. Recent work has begun to explore this
paradigm shift. For example, ChatCollab (Klieger
et al., 2024) treats the AI agent as a peer col-
laborator within a team-based software engineer-
ing setting. The system enables joint problem-
solving among multiple human participants and
one or more AI agents, and the results suggest that
AI can occupy differentiated roles within human
teams—such as idea contributor, critic, or coordi-
nator—mirroring the diversity of human collabora-
tion styles.

Additionally, Dittos (Leong et al., 2024) intro-
duces a personalized AI agent capable of standing
in for a human teammate during remote meetings.
These embodied agents are not merely passive note-
takers but are designed to actively participate on
behalf of the absent user. Experiments show that
such agents can evoke feelings of presence and trust
among human team members, even contributing
meaningfully to group discussions. Furthermore,
the Multi-User Chat Assistant (MUCA) (Mao et al.,
2024) framework introduces a simulation-based ap-
proach to multi-party dialogue. MUCA employs
a multi-user simulator to mimic the behaviors of
several distinct human participants, enabling the
training and evaluation of group-aware AI assis-
tants. By modeling not just individual utterances
but the evolving group dynamics over time, MUCA
facilitates the development of more socially intel-
ligent AI agents capable of navigating complex
multi-user settings.

Despite these promising directions, research
on many-human–AI simulation remains relatively
underexplored. Most existing systems are still
grounded in narrow, task-specific environments,
and there is a clear need for more general-purpose
frameworks and benchmarks that reflect the diver-
sity of real-world collaboration. As AI becomes
increasingly integrated into workplace, educational,
and social group contexts, developing robust simu-
lation tools for many-human–AI interaction will be
essential for building agents that are trustworthy,
effective, and contextually aware in group settings.

D How: Techniques and Methodologies
(Extended)

D.1 Prompt-Based Simulation

Zero-/Few-Shot Prompting. A zero-shot
prompt provides only high-level instructions;
a few-shot prompt additionally lists a handful
exemplars. Terragni et al. (2023) use few-shot
in-context examples to prompt GPT-NeoX for
task-oriented dialogue (TOD), achieving diverse
responses without fine-tuning. Zhang et al. (2024a)
represent each synthetic recommender-system user
as an LLM endowed with a profile, memory, and
action space, enabling near-zero-shot behavioral
simulation. Wang et al. (2025b) extend this idea
to Web environments, showing that LLM agents
can simulate browsing and clicking behaviors with
minimal user data.

Chain-of-Thought Prompting. CoT prompts
ask the model to reason step-by-step before produc-
ing the final utterance, thereby improving logical
consistency. DuetSim (Luo et al., 2024) adopts
a generator–verifier loop: one LLM enumerates
dialogue acts in CoT form, while a second veri-
fies and verbalizes them, leading to stronger goal
coherence.

Persona / Role-Play Prompting. This prompt-
ing strategy assigns the LLM a persona (e.g.
“novice buyer”), thereby controlling tone and con-
straints (Shanahan et al., 2023). Abbasiantaeb et al.
(2024) run two GPT-4 agents (student/teacher) to
generate multi-turn QA dialogues automatically.
Kong et al. (2024) propose a Socratic user simula-
tor that generates more natural, diverse questions
than earlier role-play pipelines such as Baize (Xu
et al., 2023) and UltraChat (Ding et al., 2023).



Table 6: Taxonomy of User Simulated Data Generation Techniques.

Description

Prompt-based Generation Zero-shot No examples provided, direct inference
Few-shot Inference guided by few examples
Chain-of-thought Intermediate reasoning steps provided

Fine-tuning Methods Supervised Fine-tuning (SFT) Learning from explicit labeled data
Reinforcement Learning (RLHF) Learning via feedback-driven reward signals

Hybrid Approaches Retrieval-augmented Generation Generation enhanced by external information retrieval
Persona-based Generation Generation personalized based on user or persona context
Persona-based RAG Generate based on persona context and RAG

Task-Specific Prompting. These prompts en-
code detailed domain constraints or required ac-
tions so that generated utterances align tightly with
an application. Terragni et al. (2023) supply GPT-4
with a high-level TOD goal and a few exemplar dia-
logues, letting the model adapt across domains. For
conversational search, Kiesel et al. (2024) prompt
an LLM to ask plausible follow-up questions given
a system answer, producing queries that match hu-
man behavior on both automatic metrics and human
evaluation.

D.2 RAG

We categorize RAG-based simulation techniques
by their retrieval trigger mechanism: Always-on,
Adaptive, and Goal / State–driven.

Always-on. Retrieval is applied at every turn,
regardless of necessity. For example, KAU-
CUS(Shimadzu et al., 2025) introduces a frame-
work for building diverse user simulators by lever-
aging external text. Its SRAG (Simulator with
RAG) model prepends a retrieved passage to each
user prompt. Specifically, for every user turn in the
training data, SRAG queries MS MARCO using
the previous utterance (via BM25) and prepends
the top-ranked passage before generating the next
response. This retrieval step enriches the simulator
with factual, varied content, enhancing the diversity
and realism of simulated behaviors.

Shimadzu et al. (2025) extend this idea to large-
scale social network simulations. Each LLM-based
agent mimics human behavior by retrieving up-
to-date content (e.g., from the web) before gener-
ating posts or replies. This retrieval step enables
agents to discuss trending topics beyond the LLM’s
pretraining, leading to more natural and timely in-
teractions. Compared to static simulators, these
retrieval-augmented agents better capture dynamic
social media behavior.

Adaptive. Adaptive-gate methods use a learned
classifier to decide, at each turn, whether retrieval
is necessary. This selective retrieval strategy im-
proves efficiency by avoiding unnecessary queries
and reduces noise. For instance, RAGate (Wang
et al., 2025c) introduces an LLM-based gating
mechanism trained on human-labeled dialogues
to predict whether to retrieve external knowledge.
Given the dialogue history and user/goal context,
the gate outputs a binary decision—retrieve or not.
By augmenting only relevant turns, RAGate im-
proves simulation efficiency.

Goal / State Driven. Retrieval is guided by the
simulator’s internal state—such as user goals or
memory contents. Zhu et al. (2025) propose CSHI,
a modular simulator for conversational recommen-
dation systems that maintains structured user prefer-
ence memory. At each turn, CSHI retrieves relevant
preferences to generate contextually appropriate re-
sponses. For instance, when asked about likes or
recommendations, the simulator queries its long-
term and real-time memory for matching items
or traits. It also dynamically updates its memory
as new preferences emerge during the interaction.
This goal- and memory-driven retrieval helps en-
sure coherence and personalization in simulated
user behavior.

D.3 Fine-tuning
We group existing methods into three broad cate-
gories: Full-model supervised, Parameter-efficient,
and Interactive / self-play fine-tuning.

Full-model supervised. These works update all
weights on in-domain dialogues. DAUS (Sekulic
et al., 2024) fine-tunes LLaMA-7B on two task-
oriented dialogue (TOD) datasets, halving hallu-
cination rates and improving goal fulfillment. In
the affective domain, SoulChat (Chen et al., 2023)
performs full SFT on a 2 M-turn empathy corpus



to raise human-rated listening and comfort scores.
MuPaS (Wang et al., 2024c) extends the idea to
multi-party settings by masking inactive speakers
during SFT so a single model can generate coherent
group conversations.

Parameter-efficient. Instead of updating the full
model, these methods insert lightweight adapters.
ESC-Role (Zhao et al., 2024b) LoRA-tunes Qwen-
14B on merged ESCConv/ExTES/Smile data to
produce realistic emotional-support seekers. BiPO
steering vectors (Cao et al., 2024) learn small
activation-space adapters that steer an LLM to-
ward target dialogue strategies without touching
the backbone. Another paper (Madani et al., 2024)
combines a Strategy Relevance Assessment (SRA)
gate with LoRA fine-tuning: strategy-bearing
tokens are detected, and ground-truth strategy-
conditioned responses are injected mid-sequence to
prevent intention drift in lengthy emotional-support
conversations.

Interactive / self-play. Here, the simulator is re-
fined with interaction signals rather than static tar-
gets. UGRO (Hu et al., 2023) lets an LLM act
as a user-side judge that scores candidate replies;
those rewards are used to fine-tune the TOD model
with PPO, boosting task success. PlatoLM (Kong
et al., 2024) first SFTs a ’Socratic’ questioner, di-
alogues it with ChatGPT to create 600 k self-play
conversations, then fine-tunes the assistant, achiev-
ing MT-Bench SOTA for 7 B models.

D.4 RL/DPO

We categorize RL/DPO-based simulation tech-
niques by the dimension of conversational adap-
tation they target: Personalization, Memory, Long-
Horizon Planning, Offline/Hindsight Learning, and
Action-level Clarification.

Personalization. Personalization-driven
RL/DPO encourages simulators to infer and adapt
to individual user traits or latent preferences
through the course of interaction. For example,
Wan et al. (2025) propose a curiosity-based reward
in RLHF that motivates the simulator to elicit
and disambiguate latent user types. The policy is
rewarded for actions that sharpen its belief over
the user’s profile, resulting in more tailored and
proactive questioning during multi-turn dialogues.
This approach outperforms standard RLHF on
simulated user personalization tasks.

Memory. Memory-aware RL/DPO methods op-
timize what content from past dialogue should be
retained or recalled to maximize future conversa-
tional quality. Seo et al. (2024) introduce a DPO-
based memory selector that dynamically updates
the simulator’s external memory. By learning from
preferences over different memory configurations,
the simulator achieves improved factual recall and
coherence in follow-up turns, while maintaining a
compact memory state.

Long-Horizon Planning. Long-horizon RL ap-
proaches address the challenge of assigning credit
and planning over many dialogue turns. Zhou et al.
(2024) present ArCHer, a hierarchical RL method
with a high-level Q-learning policy for utterance-
level goals and a low-level PPO agent for token-
level realization. This structure enables the sim-
ulator to optimize behaviors spanning dozens of
turns, drastically improving sample efficiency and
strategic coherence in multi-turn scenarios such as
tool use or customer support.

Offline and Hindsight Learning. Offline and
hindsight-based RL methods improve simulator
policy using retrospective credit assignment or
offline data augmentation, reducing the need for
costly interactive roll-outs. Hong et al. (2024) em-
ploy “hindsight regeneration” to rewrite suboptimal
dialogue segments after observing user reactions,
then fine-tune the simulator offline on these aug-
mented interactions. This yields more effective
user steering in counseling and persuasion settings
compared to standard imitation or prompt-based
approaches.

Action-level Clarification. Action-level DPO
techniques optimize the simulator’s ability to re-
solve ambiguity by learning when and how to
clarify user intent. Chen et al. (2025b) frame
clarification as a preference optimization prob-
lem—contrasting possible next actions (clarifying
vs. answering vs. delegating)—and train the simu-
lator to prefer actions that maximize downstream
task success and user satisfaction. Their method
achieves higher performance on multi-turn QA and
goal-oriented dialogue tasks relative to standard
supervised or DPO training.

D.5 Hybrid Approaches

We organize hybrid simulation techniques by the
integration pattern they employ:



Retrieval-Augmented Fine-Tuning. Some ap-
proaches inject retrieved passages during fine-
tuning instead of only at inference. For exam-
ple, Zhang et al. (2024d) introduce RAFT, which
fine-tunes LLaMA-derived models using triplets
of query, retrieved passages (including distrac-
tors) and chain-of-thought answers, training the
model to cite relevant evidence and disregard ir-
relevant context while improving performance on
domain-specific benchmarks such as PubMed, Hot-
potQA, and Gorilla (Zhang et al., 2024d). Simi-
larly, Kaiser and Weikum (2025) propose PRAISE
for conversational QA: it trains modular adapters
through Direct Preference Optimization by itera-
tively generating, ranking, and fine-tuning on top-
ranked (positive) versus lower-ranked (negative)
context–answer samples, enhancing factual ground-
ing and response robustness (Kaiser and Weikum,
2025). These hybrid retrieval-and-fine-tuning meth-
ods outperform both standard RAG and vanilla su-
pervised fine-tuning in terms of factual accuracy
and conversational resilience.

Prompt-to-Fine-Tune Curricula. A common
hybrid strategy uses prompt-based simulators to
bootstrap high-quality synthetic data, then fine-
tunes adapters or the full model on this expanded
corpus. Chen et al. (2023) employ zero-shot GPT-4
role-play to generate millions of empathetic dia-
logues, followed by LoRA-based fine-tuning for
fast, domain-adapted simulation. Kong et al. (2024)
use Socratic self-play to create hundreds of thou-
sands of multi-turn conversations, then apply su-
pervised fine-tuning to stabilize persona and dia-
logue quality. This curriculum leverages the rapid
adaptability of prompts and the efficiency and con-
sistency of finetuned models.

RAG + RL/DPO Loops. Here, retrieval mech-
anisms are coupled with RL/DPO policies: the
RL/DPO policy decides whether to retrieve, how to
incorporate the retrieved context, and how to adjust
simulator strategy based on feedback. MemDPO
(Seo et al., 2024) learns a memory selector us-
ing preference optimization, enabling the simula-
tor to maintain a compact, relevant external mem-
ory for better recall and coherence. Curiosity-
RAGate combines curiosity-driven RLHF rewards
(see §5.4) with adaptive retrieval, encouraging clar-
ification queries only when the user’s preferences
are ambiguous (Wan et al., 2025).

Hierarchical Modular Pipelines. Some hybrid
systems structure the simulation pipeline as a set
of specialized modules, each using different meth-
ods. For example, ARCHer (Zhou et al., 2024)
(see §5.4) employs a planner module with CoT
prompting, a retriever module for web or tool
queries, a finetuned executor module, and a DPO-
trained critic, each collaborating to optimize long-
horizon dialogue. Social-network simulators like
KAUCUS-SRAG integrate always-on retrieval and
RL-tuned posting policies to simulate dynamic
trends (Shimadzu et al., 2025).

Personalized Hybrid Stacks. Cutting-edge per-
sonalized simulators operate on multiple levels: us-
ing persona-driven prompting, private memory re-
trieval, adapter-based fine-tuning for user-specific
style, and RLHF for preference alignment. Recent
surveys (see, e.g., Zhang et al. (2025a); Liu et al.
(2025)) describe this as a three-tier system—input
(prompt/RAG), model (parameter-efficient fine-
tuning), and objective (RL/DPO alignment)—that
has become standard in open-source frameworks.

E Evaluation (Extended)

E.1 Traditional Metrics
N-gram overlap. BLEU/ROUGE-style metrics
are still reported in several dialog simulation set-
tings (e.g., BLEU/F1 in SimDial (Zhao and Eské-
nazi, 2018), ROUGE/F1 in DialogStudio (Zhang
et al., 2024c), ROUGE-L in RoleLLM (Wang et al.,
2024a)). They are easy to compute but correlate
poorly with human judgments in open-ended con-
versation, where many acceptable responses share
little lexical overlap with references.

F1 slots / fact accuracy. When a dialogue con-
tains well-defined, enumerable facts or slots (e.g.,
Wizard-of-Oz style tasks such as CrossWOZ (Zhu
et al., 2020) or MultiWOZ (Ye et al., 2022)),
precision/recall-style measures (F1) or exact match
on slots/entities provide a clear signal for informa-
tion correctness, but they ignore pragmatic qualities
such as empathy or persona fidelity.

Perplexity. Perplexity (Chen et al., 1998) is
sometimes reported to indicate distributional fit to a
human corpus, but it is an intrinsic language model
measure and does not necessarily reflect interactive
quality or human preference.

Task success / accuracy. In goal-driven simula-
tions such as negotiation (Lewis et al., 2017; He



et al., 2018) or action decision (Chen et al., 2021),
binary or graded success criteria are natural. These
metrics are interpretable but only apply when a
clear ground-truth objective is defined.

In practice, these traditional metrics offer low-
cost, reproducible signals, but they measure narrow
facets of dialogue quality. As a result, many recent
works pair them with LLM or human judges to
capture semantic and pragmatic dimensions that
overlap metrics miss.

E.2 Human Evaluation

Human evaluation remains the reference standard.
Two modes are prevalent. The first is interactive
evaluation, where humans converse with a system
(possibly paired with a simulator) and then rate
satisfaction, coherence, or realism. The second is
offline evaluation, where annotators read transcripts
and provide Likert-scale ratings or pairwise prefer-
ences over full conversations or single turns. For
example, MultiWOZ (Ye et al., 2022) reports hu-
man judgments on dialogue quality; role/character
benchmarks such as CharacterBench (Zhou et al.,
2025) and LifeStageBench (Fan et al., 2025) also
rely on expert or crowd annotators for final scor-
ing, sometimes in combination with model judges.
Common protocols include: (i) Likert scoring on
multiple axes (e.g., naturalness, coherence, goal
completion, persona/role fidelity), (ii) pairwise A/B
testing that asks which conversation (or response)
is better along one criterion, and (iii) reporting inter-
annotator agreement to quantify rating consistency.

The main downsides of human evaluation are
cost, latency, and limited reproducibility across
studies due to differences in annotator pools,
rubrics, and scales. These issues motivate the grow-
ing use of LLM-as-Judge as a scalable proxy, fol-
lowed by meta-evaluation that quantifies how well
model-judged scores align with human ratings on
shared subsets (Fan et al., 2025; Zhou et al., 2025).
Nevertheless, for high-stakes or nuanced aspects
such as safety, subtle persona drift, or social norm
adherence, human studies remain the final arbiter.

F Datasets (Extended)

Personalized conversations. Personalized
datasets (Li et al., 2025b; Zheng et al., 2019;
Zhang et al., 2018) focuses on natural conversa-
tions in various domains. These conversations
happen between individuals of diverse traits,
including age, gender, location, and personal

interests, among others.

Multiparty dialogues. Multiparty dia-
logues (Gao et al., 2023; Liu et al., 2023)
are common on social platforms, where usually
one person serves as a host or lead talker, while
others engage in the conversations. These datasets
usually involve addressee recognition to determine
whom the host responds to.

Question answering. Question answering
datasets contain conversations between two
persons, one asking questions, the other an-
swering. SimQuAC (Abbasiantaeb et al., 2024)
consists of LLM-based simulated teacher-student
conversations. These conversations focus on
question-answering over Wikipedia articles,
where the student asks questions to explore the
article’s topic, and the teacher responds based
on the article. SocraticChat (Kong et al., 2024)
contain conversations of simulated human-like
questions. Furthermore, several datasets (Zhou
et al., 2025; Shao et al., 2023; Tu et al., 2024;
Wang et al., 2024a) contain dialogues where
simulated responses are given based on characters
from novels or TV shows.

Ranking. Nectar (Zhu et al., 2024a) contains con-
versations from various LLMs. The dataset is used
for response ranking.

Multi-domain dialogues. SimDial (Zhao and Es-
kénazi, 2018) contains dialogues in multiple scenar-
ios, including restaurants, movie, bus, and weather,
among others.

Wizard-of-Oz. Wizard-of-Oz datasets (Byrne
et al., 2019; Zhu et al., 2020; Ye et al., 2022) con-
tains conversations between humans to help de-
velop future conversational systems, or wizards.
Each conversation contains two role, users and wiz-
ards, where users ask questions for a given goal,
wizards give answers according to the questions.

Memory enhancement. A few datasets (Fan
et al., 2025; Chen et al., 2024a) consists of dia-
logues that are generated by LLMs with focus on
long-term conversation memory. Hence, these con-
versations are usually longer and have more con-
nections among different turns.

Negotiation. Negotiation datasets (He et al.,
2018; Lewis et al., 2017) consist of dialogues be-
tween two persons, where in DealOrNoDeal (Lewis
et al., 2017) they are asked to divide a set of items,



and in CraigslistBargain one person serves as a
buyer to negotiate down item prices, while the other
serves as a seller to profit as much as possible.

G Applications (Extended)

Scalable Evaluation of Dialogue Agents. Tra-
ditional user studies are expensive and difficult to
replicate. Simulated users offer an efficient and re-
producible alternative for evaluating dialogue sys-
tems across diverse scenarios, including rare edge
cases. By configuring user profiles and behavioral
trajectories, researchers can systematically assess
model performance under controlled yet realistic
conditions. This is particularly useful in domains
such as personalized customer support (Patel and
Trivedi, 2020), where user-specific behavior must
be consistently modeled across sessions.

Training Robust and Adaptive Systems. In re-
inforcement learning or imitation learning settings,
user simulators can generate large-scale, contextu-
ally rich interactions without requiring live deploy-
ment. This facilitates closed-loop training where
conversational agents learn to handle ambiguity,
recover from errors, and generalize across user in-
tents. Simulation also supports curriculum learning,
where complexity can be increased progressively.
Applications include adaptive virtual assistants that
personalize their behavior over time based on user
history (Lamontagne et al., 2014).

Design Exploration and Prototyping. Before
real users are involved, system designers often need
to explore how different dialogue policies behave
under varied user goals or engagement patterns.
Simulators can be configured to emulate distinct
user types, such as cooperative users, those who
frequently disengage, or users who ask clarifying
or inquisitive questions. This supports early-stage
testing of system responses, decision timing, and
personalization strategies. In educational technol-
ogy, for example, simulated students with varying
misconceptions or engagement levels can inform
the development of personalized tutoring systems
(Lin et al., 2023).

Research on Human-Like Behavior and Align-
ment. User simulation is not only a tool for engi-
neering systems but also a methodological asset for
studying human-machine interaction. Simulated di-
alogues can serve as proxies for human behavioral
data, enabling experiments on alignment, fairness,

or affective response modeling. For instance, emo-
tional dynamics and social support behaviors can
be explored through simulated users in wellness-
oriented dialogue settings (Tutun et al., 2023; Li
et al., 2024c).

Benchmark Construction and Diagnostic Anal-
ysis. Finally, LLM-driven simulators can be used
to automatically generate structured benchmarks
that test specific capabilities of conversational
agents, such as contextual recall, politeness strate-
gies, or belief tracking. Simulation also aids in
generating counterfactual examples and behavioral
probes, which are valuable for identifying model
blind spots and diagnosing failure modes.

G.1 Recommendation

Conversational user simulation has become a piv-
otal tool in developing, training, and evaluating
recommendation systems, enabling scalable and
controlled experimentation without requiring ex-
tensive human interaction. A foundational contri-
bution by (Zhang and Balog, 2020) introduced an
agenda-based user simulator tailored for evaluating
dialogue flows in recommendation systems, demon-
strating that simulated evaluations could closely
mirror human judgment. Building on this, (Afzali
et al., 2023) developed UserSimCRS, an extensible
simulation toolkit that incorporates user personas,
satisfaction prediction, and conditional language
generation, further enhancing realism and adapt-
ability in recommendation contexts such as movie
dialogues. To move beyond general evaluation and
into system diagnostics, Bernard and Balog (2024)
proposed a simulator-driven framework to iden-
tify conversational breakdowns in conversational
recommendation system interactions, offering a
novel approach to robustness testing. With the
advent of large language models (LLMs), more re-
cent work has explored generative user simulators.
Zhu et al. (2025) presented a controllable, scalable
LLM-based simulator framework (CSHI) that sup-
ports plugin-based behavior modulation and per-
sonalization, while (Yoon et al., 2024) introduced
a five-task evaluation protocol to systematically
benchmark LLMs’ ability to simulate user behavior
in recommendation dialogues, revealing both po-
tential and limitations (e.g., popularity bias, weak
personalization). Together, these studies demon-
strate that user simulation not only supports eval-
uation but also actively contributes to the design,
optimization, and understanding of conversational



Table 7: Summary of Datasets. Taxonomy of User Simulated Conversational & Other Complex Datasets. Note that
what (§4) is Human-AI §4.1 (H-AI), AI-AI (§4.3), Human-Human §4.2 (H-H), and so on.

Who What Task Data Size Eval. Metric Code

PersonaChat(Zhang et al., 2018) Indiv. H-H Text Gen. 11K Conv. Likelihood / F1 /
Classification Loss [code]

PersonalDialog (Zheng et al., 2019) Indiv. H-H Text Gen. 21M Conv. Perplexity / Accuracy [link]

PersonalConv (Li et al., 2025b) Indiv. H-H Classif.,
Regres., Gen. 111K Conv.

Accuracy / F1 / MCC /
MAE / RMSE /

ROUGE-1 / ROUGE-L /
BLEU / METEOR

[code]

LiveChat (Gao et al., 2023) Persona H-H Gen., Recog. 1M Conv. Recall / MRR / BLEU-n /
ROUGE-n / ROUGE-L [code]

SimDial (Zhao and Eskénazi, 2018) Gen. AI-AI Dialog Gen. 9K Conv. BLEU / F1 [code]
Taskmaster-1 (Byrne et al., 2019) Gen. H-H / H-AI Wizard-of-Oz 13K Conv. Human Judge [code]
CrossWOZ (Zhu et al., 2020) Gen. H-H Wizard-of-Oz 6K Conv. F1 [code]
MultiWOZ (Ye et al., 2022) Gen. H-H Wizard-of-Oz 10K Conv. Human Judge [code]

SimQuAC (Abbasiantaeb et al., 2024) Gen. AI-AI Q&A 334 Conv.
4K Ques. Human Judge [code]

SocraticChat (Kong et al., 2024) Gen. H-AI Q&A 25K Conv. LLM Judge [code]
Nectar (Zhu et al., 2024a) Gen. AI-AI Conversations 183K Prompts - [code]

DealOrNoDeal (Lewis et al., 2017) Role H-H Negotiation 6K Conv. Human Judge [code]
CraigslistBargain (He et al., 2018) Role H-H Negotiation 7K Conv. Human Judge [code]
ABCD (Chen et al., 2021) Role H-H Action Decision 10 K Conv. Recall [code]

SAD (Liu et al., 2023) Role AI-AI Q&A 6K LLM /
Automatic Evaluation [code]

RoleLLM (Wang et al., 2024a) Role H-AI Q&A 168K S. ROUGE-L [code]

CharacterLLM (Shao et al., 2023) Role H-H / H-AI Gen.,
Interview Q&A 14.4K scenes LLM Judge [code]

SocialBench (Chen et al., 2024a) Role ALL Q&A 6K Ques. Acc / Cover [code]
CharacterEval (Tu et al., 2024) Role H-H Q&A 2K Conv. Custom [code]
CharacterBench (Zhou et al., 2025) Role H-H Q&A 23K S. Model Judge [code]
LifeStageBench (Fan et al., 2025) Role AI-AI Role-based Q&A 1.3K / 202 S. Model Judge –

DialogStudio (Zhang et al., 2024c) Hybrid ALL - Union ROUGE-L / F1 [code]

recommendation systems.

G.2 Education
With the rise and evolution of LLMs, the fusion of
AI and education has entered a new phase (Wang
et al., 2024b; Xu et al., 2024b), particularly in the
domain of conversational user simulation. The
current research shows that the simulation appli-
cations in education are widely adopting Gener-
ative AI (GenAI), with a significant reliance on
closed-source LLMs represented by OpenAI’s GPT
family (OpenAI, 2023). The public release of
ChatGPT in late 2022 greatly catalyzed this trend;
the advanced conversational generation abilities
of such LLMs are valued for ease of integration
and high performance, and have been rapidly ap-
plied in various educational scenarios (Park et al.,
2024; Zhang et al., 2025b). However, there’s
also exploration into open-sourced alternatives (Xu
et al., 2024b; Höhn et al., 2024; Lee et al., 2024).
This shift is driven by the pursuit of greater cus-
tomization (Jin et al., 2025), data security, and

transparency—features that allow models to be
more deeply adapted to specific pedagogical con-
texts (Zheng et al., 2025). Such adaptation efforts
often go beyond simple prompt engineering, in-
stead involving fine-tuning on domain-specific data
to align the AI’s simulated user behavior with pre-
cise teaching objectives.

Furthermore, the role AI plays in educational
user simulations has undergone a fundamental
transformation. In the pre-GenAI era, simulated
user behavior was often limited and predefined by
pre-set scripts. LLMs enable AI-powered simula-
tor to embody a much broader and more dynamic
range of user characteristics, thereby creating more
interactive and adaptive learning experiences. An
intuitive thinking would be simulating a teacher, a
tutor, a teaching assistant or coach (Olędzka et al.,
2024; Ye et al., 2025), especially for language
teaching or social skill training (Park et al., 2024;
Lee et al., 2024). However, when it comes to math
or physics, for instance, a more practical applica-
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tion is the use of LLMs to simulate students (Yue
et al., 2024; Pan et al., 2025) due to their limited
capabilities (Frieder et al., 2023). These simula-
tions provide a platform for pre-service teachers to
practice classroom management and instructional
strategies in a low-stakes environment (Pan et al.,
2025; Lim et al., 2025). A key research frontier in
this area is enhancing the realism of these simulated
students, by modeling the behavior of students
at different cognitive levels, including common
misconceptions and error patterns, to create more
authentic and challenging training scenarios (Yue
et al., 2024). Beyond simulating students, LLMs
are also being used to simulate learning partners
or collaborators to support tasks such as collabora-
tive problem-solving or language practice (Lytvyn,
2025).

G.3 Limited User Feedback
In real conversations, user feedback is sparse, de-
layed, or ambiguous, making it hard to train and
evaluate user simulators based on clean supervision.
Most human-annotated datasets rely on intensive
labeling efforts (Jang et al., 2022; Ahn et al., 2023)
and are limited in size and diversity (Wang et al.,
2023; Xu et al., 2024a). As a result, existing works
often rely on data that implicitly reflects idealized
user behavior, providing dense, turn-level signals
and overlooking phenomena like dropout, disen-
gagement, or subtle feedback cues. Addressing
this challenge may require integrating synthetic
and human-authored data, modeling implicit or de-
layed feedback, and exploring learning objectives
that better tolerate sparse and noisy supervision.

G.4 HCI/UI
User-conversational simulated data has significant
implications for the fields of human-computer inter-
action and interface design (Moore and Arar, 2018).
On paper, user testing is a crucial step in the user
interface design process, but in practice, resources
are often so constrained that testing each interface
is impossible. Such simulated data offers the op-
portunity for user researchers to conduct full-scale
usability studies (Baxter et al., 2015; Steen et al.,
2007), user surveys, and focus groups without us-
ing the extensive resources it currently takes to
do so. Furthermore, many corporate user research
teams are far outnumbered by designers, with many
teams having a ratio of 1:5 (Kaplan, 2020). Given
the resource constraints, utilizing user-simulated
data in UI testing would allow designers to take

part in an integral step that they are often forced to
skip.

Furthermore, studies like (Hämäläinen et al.,
2023) evaluate LLMs’ ability to generate synthetic
user research data for usability tasks. They un-
derscore the importance of careful prompt writ-
ing and using these methods earlier in the design
process for need finding and early feedback. The
same study even found that LLM simulated con-
versational data was often distinguishable from hu-
man results, with humans actually believing LLM
answers to be more “human” than the actual hu-
man data it was being compared to. Overall, user-
conversational simulated data offers the opportu-
nity to conduct HCI and user research in scenarios
where research would have initially been too diffi-
cult to conduct.

G.5 Video Understanding

Conversational user simulation can also be ap-
plied to video understanding domain. VideoAu-
toArena (Luo et al., 2025) introduces a novel user
of conversational user simulation by generating
open-ended adaptive questions to evaluate large
multimodal models. Instead of relying on static
multiple-choice benchmarks, this framework sim-
ulates realistic user inquiries about video content
and challenges models through an arena-style eval-
uation with a modified ELO Rating System. This
approach demonstrates that LLM-based conversa-
tional simulation can serve not only as a gener-
ator of user-style queries, but also as a rigorous
evaluation mechanism, enabling scalable and user-
centered assessment of video comprehension in
multimodal systems.

G.6 Discussion

Admittedly, the scope of conversational user sim-
ulation spans a wide array of domains, and it’s
unrealistic to cover them all. We instead focus on
areas where conversation simulation has shown tan-
gible, direct high-impact: (i) augmenting training
and evaluation pipelines, (ii) enabling controlled
experimentation at scale, and (iii) facilitating per-
sonalized interaction design. These domains not
only benefit from simulation’s scalability but also
expose its role in advancing robust, adaptive, and
user-centered systems.



H Challenges (Extended)

H.1 Evaluation
In the evaluation of conversational user simulation,
human judgment remains the gold standard for as-
sessing qualities like coherence, persona fidelity,
and goal alignment. However, it is costly, slow,
and often inconsistent across annotator pools and
rubrics. LLMs are increasingly used as automated
judges, but they are often sensitive to prompt word-
ing and lack grounding, calibration, and reliability,
particularly for long or complex conversations. Re-
cent work (Fan et al., 2025; Zhou et al., 2025) has
introduced promising practices such as symmet-
ric prompting, ensembling, and meta-evaluation
against human ratings, but evaluation protocols still
vary across studies. Building standardized, multi-
layered evaluation pipelines remains an important
open direction.

H.2 User-Specific Personalization
Simulating specific users enables personalized
training and evaluation, but introduces unique chal-
lenges. First, user-level simulation raises privacy
concerns, especially when behavioral traces are
derived from real individuals. Future work may ex-
plore privacy-preserving techniques such as differ-
ential privacy, federated learning, or privacy-aware
user simulation. Second, real users evolve over
time, shifting goals, language use, or engagement
patterns, yet most simulators remain static. Third,
interaction histories are often limited, making it
difficult to capture fine-grained behavioral patterns.
Finally, existing benchmarks rarely support user-
level evaluation or isolate individual variation in a
consistent way. Addressing these challenges calls
for methods that can generalize from limited sig-
nals, model user drift, and preserve privacy while
supporting personalization.

H.3 Video Understanding
While recent frameworks like VideoAutoArena
(Luo et al., 2025) showcase the promise of LLM-
based conversational simulators for video under-
standing, several limitations remain. First, aligning
simulated user queries with the fine-grained tempo-
ral and semantic aspects of videos remains difficult,
often leading to generic or misaligned questions.
Additionally, maintaining coherent multi-turn con-
versations about dynamic visual content challenges
current LLMs, which struggle with long-range con-
text tracking. Another critical gap lies in the lack of

alignment with real-world user behaviors and pref-
erences, limiting the realism and utility of the sim-
ulated interactions. Addressing these challenges is
essential for deploying truly user-centric conversa-
tional agents in video-rich environments.


