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Abstract

Existing user simulators based on prompting
to role-play or SFT are generally confined to
imitating users’ textual utterances, without ade-
quately considering the multi-faceted cognitive
processes that underlie human decision-making
during interactions. To facilitate better align-
ment with real human thinking patterns, we
construct the LMSYS-UserThinking dataset,
in which we augment 51k human–LLM con-
versations by reconstructing the user’s inner
reasoning both during and at the end of each
dialogue. Furthermore, to enhance controlla-
bility and situational coherence, we introduce
scenario settings that describe the global con-
text and user goals throughout multi-turn con-
versations. Using this dataset, we train user
simulators called ThinkingUS on different base
models. We evaluate our approach from both
offline and online user simulation perspectives,
ultimately demonstrating its effectiveness.

1 Introduction

User simulation, which aims to replicate the con-
versational behaviors of real human users, thereby
providing an interaction environment that closely
resembles real-world scenarios, has emerged as a
critical technology in interactive intelligence re-
search. Building a high-fidelity user simulator can
not only provide large-scale, high-quality multi-
turn interaction data for assistant language models
(LMs) (Ding et al., 2023; Kong et al., 2024b), but
also support online reinforcement learning training
and interactive evaluation of assistant LMs (Qian
et al., 2025a,b; Shea et al., 2025). While user sim-
ulation has a rich history spanning decades, the
advent of large language models (LLMs) has fun-
damentally transformed both the capabilities and
methodologies in this field.

Current research on user simulators falls mainly
into two technical paradigms. The first is the
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I mean the tts could be run on a potato pc, where using freemium is
unviable, because another company could give you more for your
money, and that's if you don't run it yourself.

What is a business model like example tts, where the cost of using tts
is so cheap, they can't upmark theri prices so the only way they'll
make money is if they get enough customers.

TTS (Text-to-Speech) is an example of a business model ……

That's a good point. The TTS business model relies on the ……

What about low cost high volume?

The low-cost high-volume (LCHV) business model, where ……

What about example, a tts company has a moat for the best tts, then
someone release a free open source that's better in every way, high
quality, able to run on potatos, real time generation. What would that
be called

The Psychological Path from Ambiguous to Well-Defined Requirements

The AI didn't fully grasp my point about
the extreme low cost and competition
making freemium unviable. I need to ...

The AI mentioned alternatives, but I want to 
explore the low-cost high-volume model 
specifically, as it might be more relevant.

The AI's explanation of low-cost high-volume is helpful, 
but now I'm curious about what happens when a 
superior free alternative disrupts such a business.

Reasoning Operation 
(Backtracking)

Metacognitive Control 
(Identifying Information Gap)

Figure 1: User’s psychological process for exploring
complex problems, including metacognitive control and
reasoning operations.

prompt-based user simulation approach, which re-
lies on predefined user personas to characterize dif-
ferent users and uses instructions to guide LLMs in
role-playing to generate simulated user utterances
(Xu et al., 2023; Ding et al., 2023; Wu et al., 2025;
Li et al., 2024). However, these prompt-based simu-
lators often diverge from the direct, pragmatic, and
unpredictable behavioral patterns typical of real hu-
man users (Ivey et al., 2024). The second paradigm
is the supervised fine-tuning (SFT) method based
on real dialogue data, which uses real human–LLM
conversation data as the training foundation to en-
able the model to learn authentic user interaction
behavior patterns. The Socratic user simulator
(Kong et al., 2024b) built by PlatoLM takes real
user queries from the ShareGPT dataset as learn-
ing targets and achieves highly human-like multi-
turn query generation by fine-tuning the LLaMA
model. USP (Wang et al., 2025a) employs the
LMSYS-Chat-1M dataset (Zheng et al., 2024) for
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fine-tuning, enabling the simulator to generate in-
teractions based on implicit personas. UserLM
(Naous et al., 2025) trains a dedicated user LM ca-
pable of following user intentions using millions of
real human–LLM interaction data from the Wild-
Chat dataset (Zhao et al., 2024).

Despite increasing attention and efforts towards
user simulation, existing work has largely focused
on imitating utterances of users, overlooking the
multi-layered psychological processes grounded
in individual cognition during interactions. In
real-world scenarios, conversations between hu-
man users and assistant LMs are often situation-
driven and frequently involve vague, evolving, or
implicitly expressed goals (Qian et al., 2025a).
Under such circumstances, merely imitating utter-
ances remains superficial—it captures the “what”
but fails to explain the “why”. Simulating the in-
ternal cognitive processes that drive user behav-
ior can yield behavior patterns that are more au-
thentic to the underlying mechanisms and more
generalizable across contexts. As illustrated in
Figure 1, when exploring complex problems, a
user’s psychological process encompasses a se-
ries of cognitive elements—including metacogni-
tive control (identifying information gaps and ad-
justing strategies) and reasoning operations (such
as verification, backtracking, and principle refine-
ment)—which collectively render the user’s behav-
ior more well-grounded.

In this paper, we first consider how to represent
the rich, situation-driven user context. Inspired
by CoSER (Wang et al., 2025c), we fully char-
acterize the user context through scenario setting,
user thought, and user utterance. To better align
with genuine human thinking patterns, we con-
struct user thought approximation of users based
on real human–LLM dialogue data, guided by a
four-dimensional cognitive framework (Kargupta
et al., 2025b). For convenience, we refer to the
enhanced dataset as LMSYS-UserThinking. To
test whether our constructed user thoughts help
replicate real human users, we train user simu-
lators, ThinkingUS, on LMSYS-UserThinking.
We construct offline and online evaluation on
ThinkingUS. The experimental results demonstrate
that ThinkingUS significantly outperforms meth-
ods that prompting to user role-playing and user
utterance SFT. Our key contributions are summa-
rized below:
• We devise a user context representation that

includes scenario setting, user thought, and user

utterance, presenting a more complete view of both
visible and invisible user context.

• We construct LMSYS-UserThinking dataset
which captures psychological processes of human
users during multi-turn dialogue with assistant
LMs, enabling better alignment of user thinking
for internal cognitive simulation.
• We conduct extensive experiments to evalu-

ate the effectiveness of our thinking-augmented
user simulation method. Experiments on offline
and online settings demonstrate that our thinking-
augmented method is more effective in imitating
user behaviors.

2 Related Work

Prompt-based Methods. Recent research has
focused on utilizing sophisticated prompting to
steer LLMs into realistic user simulations with-
out modifying model weights. A primary direction
involves aligning models with specific human traits
and perspectives by incorporating diverse life nar-
ratives, backstories, and historical user opinions,
which enhances the consistency and demographic
representation of the simulated subjects (Hwang
et al., 2023; Moon et al., 2024; Herlihy et al., 2024;
Zhang et al., 2024; Dongre et al., 2025; Ferreira
et al., 2024). Beyond static personas, architectural
frameworks that integrate memory, reflection, and
planning have enabled LLMs to serve as interac-
tive generative agents, simulating complex social
dynamics and emergent human-like behaviors in
sandbox environments (Park et al., 2023; Holder-
ried et al., 2024). Furthermore, user simulation via
prompting has proven effective for task-oriented
objectives, such as boosting zero-shot reasoning
capabilities through persona-driven contexts or pro-
viding multi-dimensional, human-consistent met-
rics for text evaluation (Kong et al., 2024a; Wu
et al., 2023; Kargupta et al., 2024, 2025a). How-
ever, prompt-based simulators often exhibit exces-
sive cooperativeness and politeness bias, failing to
capture the unpredictable or critical nature of real
human behavior.

Fine-tuning Methods. To internalize consis-
tent interaction patterns directly within model pa-
rameters, another line of work leverages super-
vised fine-tuning and reinforcement learning to
build more robust user simulators. Early efforts
focused on scaling high-quality, multi-turn instruc-
tional dialogues to improve the general conversa-
tional breadth and reasoning of models acting as
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human-like interlocutors (Wan et al., 2022; Ding
et al., 2023; Kong et al., 2024b; Sekuli’c et al.,
2024; Dhole, 2024; Liu et al., 2023). To achieve
higher authenticity, modern frameworks have tran-
sitioned toward modeling implicit user traits and
narrative chains (Wang et al., 2025a; Wu et al.,
2024). Building upon these methods, recent studies
have increasingly employed reinforcement learn-
ing to optimize simulators for specific interaction
objectives or behavioral diversity, enabling them
to better generalize across dynamic scenarios by
pursuing long-term rewards (Wang et al., 2025b;
Wei et al., 2025). However, these fine-tuning ap-
proaches typically focus on surface-level imitation
of what a user says without modeling the under-
lying why. This lack of cognitive alignment leads
to simulations that are behaviorally consistent but
cognitively hollow. Our work addresses this gap by
incorporating inner thought processes into the fine-
tuning stage, bridging the gap between behavioral
imitation and cognitive simulation.

3 Approach

This section details the methodology for user simu-
lation, proceeding from context representation to
behavioral generation. As shown in Figure 2, we
construct a dataset based on the user context rep-
resentation and perform user thought alignment
training.

3.1 User Context Representation

Existing user simulation datasets often encompass
only dialogue data. However, the user context en-
compasses not only the visible user input, but also
substantial implicit information behind the user say-
ing. Our aim is to develop a dataset that captures
more comprehensive user contexts. Specifically,
we posit that user verbal behavior is motivated by
contextual goals and modulated by internal cog-
nition and interactional expectations. We model
the user context as comprising three components
to represent such comprehensive user information.

Scenario Setting involves a detailed descrip-
tion of the context in which users pose questions,
encompassing objectives, behaviors, domains, in-
tentions, functional requirements, constraints, user
identities, and emotional attitudes. This setting is
applicable to the entire multi-turn dialogue.

User Thought follow-up with the assistant
based on its response and encompasses unex-
pressed internal cognitive processes, such as the

user’s perception of the response, interaction ex-
pectations, adaptive behavioral adjustments, and
emotional states.

User Utterance refers to the content articulated
by the user in each dialogue turn, which is directly
observable by the assistant model.

3.2 Data Construction

We leverage authentic dialogue datasets to con-
struct user contexts, thereby enabling more human-
like, diverse, and complex scenarios as well as
interaction patterns. Existing dialogue datasets in-
herently contain user utterances but lack scenario
settings and user thoughts. We complement the dia-
logue by adding scenario settings and user thought
approximations to obtain comprehensive user con-
text. The user context construction process is for-
mulated as:

(U,A) −→ (S,M, T ), (1)

where U and A denote the user requests and as-
sistant responses, respectively, in a multi-turn dia-
logue. The scenario setting is represented as sce-
nario description S and user motivation M . The
scenario description comprises background infor-
mation of the user dialogue, while user motivation
refers to the underlying purpose or conversational
goal of the user. T is the user thought approx-
imation of each turn, which is categorized into
in-process user thought (enabling the reasonable
inference of the user’s utterance) and terminal user
thought (guiding appropriate conversation termina-
tion based on user goals and dialogue progression).

Scenario Setting Generation. The scenario
description and the user motivation are used to
represent the implicit and explicit factors driving
multi-turn dialogues, respectively. We instruct ad-
vanced LLM to synthesize these two components
from the human-LLM dialogue while taking the
holistic context of the conversation into account.

In-Process User Thought Approximation.
We generate the user thought for each turn based
on real conversational data consisting of alternating
utterances between the user and the assistant LM.
Thus, the in-process user thought serves as a bridge
connecting the previous assistant response to the
current user utterance. When generating such user
thoughts, it is essential to first understand the user’s
core needs throughout the entire interaction, and
then focus on the adjacent turns around the target
utterance—specifically, what the user said in the
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Generation

user’s thought
and utterance

Instruction

Construction Training

Dataset

Multi-turn
Dialogue

Scenario Turn 1~K+1

User

Assistant

Turn 1 Turn 2 Turn K+1The AI answered 'True' but
didn't provide any source or …

I wonder where you got the
information that tennis shoes
have various price ranges …

I got the information that tennis
shoes have various price ranges
from my own research online. …

Your task is to simulate a human
user to ... The scenario is … Your
motivation is … You can say
anything you want based on the
scenario and your motivation. ...

Description

Motivation

Compose a user simulation instruction

Turn each conversation into training samples
ThinkingUS

Figure 2: Overview of dataset and training process of ThinkingUS. Left is an overview of the dataset. It contains
rich user contextual information of scene descriptions and thinking processes of users. Right is the training process.
We construct a unified instruction template and convert each multi-turn conversation with K turns into K+1 training
samples. Each sample trains the LLM to portray a specific user in a conversation, conditioning both on the scenario
setting and dialogue history to generate the next user utterance.

previous turn, how the assistant responded, and
what the user says in the current turn. It should be
determined whether the current user utterance is an
extension of the prior user turn or a follow-up to
the assistant’s last response. If it builds upon the
previous user utterance, one should first consider
the differences between the two user turns before
reasoning about the user’s possible thought in light
of the assistant’s reply. If it follows from the assis-
tant’s response, the inference should be grounded
in the logical flow of the conversation. Similar
to the process of scenario setting generation, the
LLM was provided with the complete conversation
history and instructed to produce a version of the
dialogue in which a user thought is inserted be-
fore each user utterance, without altering any of
the original user utterances. Prompt details can be
found in the Appendix A.

Terminal User Thought Approximation. We
initially attempted to generate both the in-process
and terminal user thoughts in a single step using the
aforementioned method. However, manual inspec-
tion reveals a relatively high divergence between
the generated terminal user thought and human
judgment. This discrepancy primarily stems from
that generating the terminal user thought lacks a
subsequent user utterance as a direct reference, and
the general user-thought-generation prompt proves
insufficient to effectively guide the model. To ad-
dress this, we designed a two-step prompting ap-
proach. First, the LLM is prompted to revisit the
user motivation outlined in the scenario setting and

assess whether the primary demands of the user are
fulfilled. Subsequently, it is instructed to synthe-
size this reflection to generate the user’s thought at
the end of the conversation. This two-step method,
analogous to chain-of-thought reasoning, helps de-
compose the task and improves the quality of the
generated terminal user thought.

3.3 Training
To enhance the controllability of user simula-
tion, we employ conditional supervised fine-tuning
based on scenario settings, following prior works
(Wang et al., 2025a; Naous et al., 2025). We trans-
form each dialogue with K turns into K+1 training
samples. For the first turn, the initial user utter-
ance is generated conditioned on the scenario set-
ting. For subsequent turns, the next concatenated
user thought and user utterance are generated con-
ditioned on both the scenario setting and the dia-
logue state. Here, the user thought is wrapped with
“<thought>” and “</thought>” tags to distinguish
it from the user utterance. We train LLMs on the
concatenation of thought and utterance using the
following training objective:

L = −
K∑

i=0

logP (ui|ai−1, ui−1, ..., a0, u0, S,M),

(2)
where ui denotes the i-th user response which
is the concatenation of user thought and user
utterance, ai is the i-th assistant response,
P (ui|ai−1, ui−1, ..., a0, u0, S,M) is the condi-
tional probability of the model generating the i-th
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user response given the scenario setting and the
history turns. K is the total number of interaction
turns.

4 Experiments

To validate the effectiveness of user simulation
based on user thinking, conditioned on scenario
setting, we conduct several experiments. In Section
4.1, we report the performance of the user simula-
tion on offline test set. In Section 4.2, we evaluate
the dialogues of online interactions between user
simulators and the assistant LM in designated sce-
narios.

Training Data. We use LMSYS-Chat-1M
(Zheng et al., 2024), which contains one million
human-LLM conversations. Following prior work
(Wang et al., 2025a), we filter out non-English,
toxic, and redundant samples during data prepro-
cessing. Then we leverage DeepSeek-V31 to gener-
ate scenario settings and user thoughts as described
in Section 3.2. The generated data that do not meet
the requirements are filtered out, ultimately result-
ing in 53,818 conversations (51,140 for training,
2,678 for testing).

Training Details. We perform full-parameter
fine-tuning of Llama-3.1-8B2 and Llama-3.1-8B-
Instruct3 over 3 epochs at a learning rate of 1e-5,
max sequence length of 4,096, and a global batch
size of 32.

Baselines. We compare our ThinkingUS with
non-thinking and thinking baselines (the base LLM
adopted is Llama-3.1-8B-Instruct): Prompt-based
(Prompt, via prompt directly conditioned on sce-
nario settings), Prompt thinking (Prompt Think-
ing, via prompt that output thought processes and
responses conditioned on scenario settings), SFT-
based (Utterance SFT, based on user utterance
SFT directly) user simulators.

Benchmarks. We evaluate on held-out test
samples from LMSYS-UserThinking (15,015 sam-
ples in 2,678 conversations). To assess more gen-
eral user simulation capability, we extract part of
the data from WildChat (Zhao et al., 2024) as the
out-of-domain test set. Specifically, we filter out
non-English, toxic, and redundant samples. Subse-
quently, we randomly select part of the processed

1https://huggingface.co/deepseek-ai/
DeepSeek-V3

2https://huggingface.co/meta-llama/Llama-3.
1-8B

3https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

data and apply the scenario setting generation pro-
cedure to the selected WildChat conversations, re-
sulting 1,560 conversations (3,381 turns) as the
WildChat test set.

4.1 Offline Evaluation

We evaluate the user simulation performance dur-
ing and at the end of the interaction separately.
In-process user evaluation is achieved through pair-
wise comparison on user utterances. Terminal user
evaluation focus on how well the assessments from
user simulation match the distribution of human
user assessments of the assistant at the end of con-
versations.

4.1.1 In-Process User Evaluation
Metrics. We leverage DeepSeek-V3 to bench-
mark responses of each method against the Prompt
outputs (details are displayed in Section A), em-
ploying a win-rate metric (Ji et al., 2024) to evalu-
ate which user response aligns better with real user
utterances. This metric is formulated as:

rw =
Nw −Nl

Nw +Nl +Ne
, (3)

where rw denotes the win-rate, while Nw, Nl and
Ne represent the number of wins, losses, and draws
compared to the corresponding utterance generated
by the same Prompt method. The comparison is
conducted along two dimensions: user intent (mea-
suring the alignment between the simulator’s out-
put and the ground truth in terms of goals, needs,
or purposes) and linguistic expression (assessing
the similarity in language style, tone, and level of
detail—such as the use of analogous phrasing, key-
words, or emotional tone—between the simulator’s
output and the ground truth).

Results. First, thinking user simulators out-
perform non-thinking simulators, even when
compared to user simulator fine-tuned on real hu-
man utterances but not explicitly designed for think-
ing. This advantage remains consistent across two
different test sets, indicating that simulating the
thinking process of users plays a significant role
in user modeling. During conversations with as-
sistant models, human users typically act as the
primary driver of dialogue. Before each utterance,
they make decisions based on their goals, personal
knowledge, and the prior responses of assistant.
Thinking models are able to partially emulate these
internal cognitive mechanisms, thereby generat-
ing dialogue behaviors that more closely approx-
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Method LMSYS-Chat WildChat
win. loss. draw. rω win. loss. draw. rω

Utterance SFT 8791 5862 362 0.1951 2066 1278 37 0.2331
Prompt Thinking 8674 5426 915 0.2163 2175 1093 113 0.3200
ThinkingUS (on Instruct) 9259 5450 306 0.2537 2267 1080 34 0.3511
ThinkingUS (on Base) 9931 4791 293 0.3423 2472 889 20 0.4682

Table 1: In-process user evaluation results. We leverage DeepSeek-V3 to benchmark responses of each method
against the Prompt outputs, determining their win-rates, i.e., rω .

imate the complexity and coherence of real hu-
man interaction. Second, LMSYS-UserThinking
dataset demonstrates significant effectiveness.
On both in-domain and out-of-domain test sets,
the ThinkingUS models achieve higher win-rate
than the Prompt Thinking model, indicating that
LMSYS-UserThinking can effectively enhance the
ability of user simulators to mimic real human in-
tentions and expression patterns in given scenar-
ios. Third, base model is more suitable than
instruction-tuned model for training user sim-
ulator. ThinkingUS starting from a base model
achieves a higher win-rate than that starting from
an instruction-tuned model, with a clear margin of
advantage, on both in-domain and out-of-domain
test sets. This is because instruction-tuned models
are typically trained to act as helpful assistants, and
much of the instruction data is synthetic, which
often differs substantially from real human user
requests. Finally, all methods achieve higher win-
rates on the WildChat test set compared to LMSYS-
Chat, indicating a considerable performance gap
between the Prompt method and each model on this
dataset. Since WildChat data consists of real inter-
action logs voluntarily shared by users, it better re-
flects genuine usage scenarios. Consequently, sim-
ulating authentic user interactions solely through
prompt instructions poses a greater challenge.

We also fine-tune Qwen3 models of two sizes
(4B and 8B) to validate the generalization ca-
pability of our thinking-aligned user simulation
method (details are displayed in Section B). Table 5
presents the evaluation results on the LMSYS-Chat
and the WildChat test set. The ThinkingUS method
significantly outperforms the utterance-only fine-
tuning approach on both Qwen3-8B and Qwen3-
4B, which demonstrate that our method not only
improves user simulation on Llama models but
also achieves gains on Qwen3 models, indicating
its generalizability across different model architec-
tures.

4.1.2 Terminal User Evaluation
In addition to conducting realistic conversations, a
user simulator should also accurately assess the per-
formance of assistant models. To achieve this, we
measure the evaluation of the assistant included
in the terminal user thought. We employ the
Cramér–von Mises (CV-M) divergence (Williams,
2007) to quantify the agreement of the score dis-
tribution regarding the assistant between user sim-
ulators and real users. To obtain the numerical
score, we map the terminal thoughts to a 5-level
rating system consisting of Excellent, Good, Aver-
age, Poor, and Extremely Poor by DeepSeek-V3.
The divergence of the simulator-generated terminal
thought is calculated using the score mapped from
the annotated terminal user thought in the test data
as the golden result. See Appendix C for additional
details on computing the CV-M divergence.

Method Divergence ↓
Prompt Thinking 0.1583
ThinkingUS (ours) 0.0687

Table 2: Terminal user evaluation results. A lower di-
vergence indicates that the simulator’s evaluation of the
assistant is closer to the golden results.

Table 2 shows the CV-M divergence achieved by
Prompt Thinking and ThinkingUS on the dialogues
of the LMSYS test set. ThinkingUS achieves
the lower divergence than the Prompt Thinking
method, which indicates that ThinkingUS has a
higher degree of consistency between the distribu-
tion of its evaluations of the assistant in the final
turn and that of the real user evaluations.

4.2 Online Evaluation

In the setting of online evaluation, the user simula-
tor engages in online multi-turn interactions with
the assistant LM based on a given scenario and
user motivation, aiming to accomplish user goals
within the specified scenario. Unlike offline evalu-
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Type Criteria
Disclosure Score 1: The user’s utterances reflect this goal (the interpretation can be inferred from

the dialogue).
Score 0: The relationship is unclear or ambiguous (insufficient evidence to infer).
Score -1: The user’s utterances conflict with this goal (the interpretation contradicts
the dialogue).

Progression Score 1: Dialogue progresses toward the user’s goals and user logic is consistent.
Score 0: User goals are stagnating or regressing.

Additional
Information

Score 1: if at least one user utterance introduces information beyond the original
scenario setting.
Score 0: if none of the user utterances introduce information beyond the original
scenario setting.

Table 3: Scoring criteria for both goal orientation and behavioral pattern aspects.

Method LMSYS-Chat WildChat
Disc. Prog. Add Info. Disc. Prog. Add Info.

Utterance SFT 0.2110 0.2846 0.2340 0.2903 0.3120 0.2700
ThinkingUS (on Instruct) 0.3899 0.5292 0.4120 0.4439 0.4950 0.3420
ThinkingUS (on Base) 0.4318 0.4297 0.4220 0.4968 0.4620 0.4140

Table 4: Online evaluation results of three simulators (non-thinking and thinking alignment method). Each simulator
is evaluated on its coverage of the goal disclosure, dialogue progression, and the additional information introduction.

ation—where each sample input to the user simu-
lator comes from a test set and the dialog history
in the sample is not actually generated by the simu-
lator being evaluated—online evaluation requires
the user simulator to respond in real time based on
its own actual interaction history. This approach re-
flects the simulator’s performance across multiple
turns better.

Setup. We select scenarios from LMSYS-Chat
and WildChat test set for online evaluation. Specif-
ically, we select 500 scenarios from each test set
randomly for online conversation, and train a classi-
fier to end the interaction. In all conversations, we
use the same assistant LM (Llama-3.1-8B-Instruct)
and the same dialogue end prediction model, keep-
ing these aspects of the simulation fixed.

Metrics. We evaluate the user simulator from
two aspects: goal orientation and behavioral pat-
terns. For the goal orientation aspect, we develop
evaluation metrics from two dimensions: referen-
tial (comparison with source data) and inherent
(assessment of independent quality). In the ref-
erential dimension, we focus on goal disclosure
(Disc.), which measures whether the simulator ade-
quately reveals the intention information from the
scenario setting during the dialogue process. In
the inherent dimension, we focus on dialogue pro-
gression (Prog.), which evaluates whether the sim-

ulator follows an intrinsic goal to advance or steer
the dialogue. For the behavioral pattern aspect,
we emphasize the ability to introduce additional
information (Add Info.), since human users typ-
ically provide extra information to the assistant
model based on their cognition when the goals
are not yet achieved, in order to facilitate goal ac-
complishment. For the specific implementation,
for the disclosure metric, we adapt the method-
ology of FactScore (Yao et al., 2023). The sce-
nario settings are decomposed into atomic goals
through DeepSeek-V3. Then, each <dialogue,
atom goal> pair is scored based on a predefined
rule by DeepSeek-V3. The final score for a target
is computed as the average score of all its atomic
goals. The progression metric directly scores multi-
turn dialogues based on scoring criteria, while the
additional information metric assigns scores by
comparing the scenario setup with the dialogue
content. Further criteria details are provided in
Table 3. All metrics are evaluated by prompting
DeepSeek-V3 as the judge.

Results. First, the thinking user simulator sig-
nificantly outperforms the non-thinking simulator
in both goal orientation and behavioral patterns.
Second, the user simulator based on the base model
surpassed the model based on the instruction-tuned
version on most metrics, further demonstrating that
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too broad and not specific enough

Turn

1

Will AI remains neutral and avoids

taking sides on political issues?

Is the gender identity a liberal plot…?

Turn

2

Test its ability to rephrase vulgar lang-

uage into polite and professional.

"f**k the rules" but polite version.

Theoretical to practical, concise and clear.

Follow the scenario, basic to advanced

disadvantage

advantage

Figure 3: Case study of Prompt Thinking vs. ThinkingUS in multi-turn dialogues. Red highlight is used to indicate
poorer-performing thoughts and behaviors, such as those that are scenario-irrelevant or involve role misalignment;
blue highlight denotes better-performing thoughts and behaviors, which are scenario-adherent and exhibit human-

like qualities.

base models are more suitable as initial models
for training user simulators, which is consistent
with offline evaluation results. Third, thinking user
simulators achieve notably higher scores in goal
disclosure than non-thinking simulators, typically
outperforming the latter by 70% to 80%. Although
the disclosure scores of all three simulators still
fall short of the maximum, this aligns with real
human user behavior, as humans also selectively
disclose primary intentions while avoiding unnec-
essary details. Finally, all three simulators—which
utilized real human dialogue data to enhance align-
ment with human behavior—are able to introduce
additional information not specified in the original
scenario setting. Among them, the thinking simula-
tors incorporate more such information to facilitate
dialogue progression.

4.3 Case Study
We select representative cases to provide a com-
parative exposition of the thought process between
prompting Thinking and ThinkingUS, as presented
in Figure 3. There are significant differences in cog-
nitive style between the two methods. The thought
process of Prompt Thinking is conducted from the
assistant’s perspective, encompassing not only the
user’s own thinking patterns but also a simulated
chain of thought that mimics these patterns. This
can sometimes cause the user simulator to shift

from being a questioner to a problem-solver, re-
sulting in role confusion (shown in Scenario 1 in
Figure 3). Furthermore, Prompt Thinking tends
to present all requirements to the LLM at an ear-
lier stage, and then replaces keywords for the same
type of questions in the middle and later phases
of the conversation, by conducting hypothetical
extensions and conceptual expansions of the cur-
rent dialogue context. The content generated by
ThinkingUS is more concise, with its summaries of
previous-turn content and reasoning for subsequent-
turn responses being more straightforward. Taking
Scenario 2 in Figure 3 as an example, the think-
ing mode of ThinkingUS tends to follow a from-
easy-to-hard progression: it proceeds from general
scenarios, to specific one, and from conceptual hy-
potheses to practical problem-solving, and is more
likely to terminate the current topic once a satis-
factory answer is obtained. In contrast, Prompt
Thinking retains the characteristic of prompting
the LLM to sustain the conversation, although this
approach enriches the content of the conversation,
it increases the deviation from the thinking patterns
of real human beings.

5 Conclusion

In this work, we train models to achieve “cognitive
simulation” that goes beyond mere behavioral imi-
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tation, aligning the thought patterns and cognitive
processes of user simulators with those of human
users to guide their decision-making. We construct
a dataset for user thought alignment and compare
the performance of thinking versus non-thinking,
prompt-based versus SFT-based user simulators
under multiple settings, including offline test data
and online real-time dialogues. The results show
that thinking user simulators significantly enhance
the human-like quality of behavioral pattern imi-
tation. Nevertheless, a gap remains compared to
real human behavior. Our future work will explore
more granular multi-level cognitive simulation and
improved internal consistency.

Limitations

This study has several limitations that should be
considered when interpreting the results. First, al-
though the training data consisted of a dialogue
dataset derived from real human users, factors such
as interaction purposes, interlocutors, and time con-
straints may have introduced biases in the compre-
hensiveness and diversity of scenarios, which could
deviate from real-world usage contexts. Second,
the user thoughts constructed in this work were
based on dialogue context completion from real
conversations, which may not fully align with the
actual cognitive processes of human users. De-
spite these limitations, this study—through offline
and online evaluation experiments across multi-
ple base models—is the first to demonstrate that
thinking alignment can enhance the ability of user
simulators to emulate human behavioral patterns
more closely. Future work will explore more fine-
grained, multi-level cognitive modeling and im-
prove internal consistency in simulation.
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A Prompt

Scenario Setting and User Thought Generation.
Figure 4 shows the prompt we used to generate sce-
nario settings and user thoughts of LMSYS-Chat-
1M and Wildchat datasets. We provide DeepSeek-
V3 with the full conversation history between the
user and the assistant, instructing it to generate a
summary of the scenario setting based on the holis-
tic context of the dialogue, as well as to produce
contextualized user thoughts preceding each user
utterance.

LLM-as-Judge for Authenticity. Figure 5
presents the prompt used to evaluate the authentic-
ity of user responses generated by different meth-
ods. Using golden responses from real human users
within the same conversational context as refer-
ences, the comparison assesses the similarity to
these golden responses along two dimensions: in-
tent and expression style.

B Extra Offline Evaluation

To validate the generalization capability of the
thinking-aligned user simulation method across dif-
ferent model architectures and sizes, we conduct
additional supervised fine-tuning experiments on
the Qwen3 model series. Specifically, we selected
two base models, Qwen3-8B and Qwen3-4B, and
train them using two schemes: supervised fine-
tuning based solely on user utterances (Utterance
SFT) and the proposed thinking-aligned fine-tuning
method (ThinkingUS). We evaluate the similarity
between the generated user utterances and real hu-
man utterances on both the in-domain LMSYS-
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Base Model Method LMSYS-Chat WildChat
win. loss. draw. rω win. loss. draw. rω

Qwen3-8B Utterance SFT 10769 3949 297 0.4542 2459 904 18 0.4599
ThinkingUS (ours) 11304 3432 279 0.5243 2628 729 24 0.5617

Qwen3-4B Utterance SFT 10815 3894 306 0.4609 2468 885 28 0.4682
ThinkingUS (ours) 11333 3436 246 0.5259 2636 723 22 0.5658

Table 5: Offline evaluation results for Qwen3 models with different sizes.

Chat test set and the out-of-domain WildChat test
set. The evaluation follows the win-rate metric rω
based on the DeepSeek-V3 judge model described
in Section 4.1.1. Table 5 details the counts of wins,
losses, ties, and final win rates for each model on
the two test sets.

On the Qwen3-8B model, Utterance SFT
achieves a win rate of 0.4542 on the LMSYS-Chat
test set, whereas the ThinkingUS method boosts
the win rate to 0.5243, representing an absolute
improvement of 7.01 percentage points and a rela-
tive improvement of approximately 15.4%. On the
more challenging out-of-domain WildChat test set,
the performance gain is even more pronounced: the
win rate jumps from 0.4599 to 0.5617, an absolute
increase of 10.18 percentage points and a relative
increase of about 22.1%. Similarly, on the smaller
Qwen3-4B model, the ThinkingUS method demon-
strates consistent gains: the win rate on LMSYS-
Chat increases from 0.4609 to 0.5259 (+6.5 percent-
age points, relative +14.1%), and on WildChat from
0.4682 to 0.5658 (+9.76 percentage points, relative
+20.8%). Overall, the ThinkingUS method signifi-
cantly outperforms the utterance-only fine-tuning
approach on both Qwen3-8B and Qwen3-4B, val-
idating the universal effectiveness of the thinking
alignment strategy in enhancing the authenticity of
user simulation.

C Calculation of CV-M divergence

We employ the Cramér–von Mises (CV-M) diver-
gence (Williams, 2007) to quantify the agreement
of the score distribution regarding the assistant be-
tween user simulators and real users:

D(F0||F1) = α

√√√√
N0∑

i=1

(F0(x0(i))− F1(x0(i)))
2,

(4)
where Fj denotes the empirical distribution func-
tion (EDF) of the score list Xj = (xj(1), ..., x

j
(Nj)

).
F0 and F1 are the EDF of the golden scores and
the predicted scores, respectively, which can be

calculated as:

Fj(x) =
1

Nj

Nj∑

i=1





1 if xj(i) < x
1
2 if xj(i) = x

0 if xj(i) > x

. (5)

α =
√
((12N0)/(4N2

0 − 1)) is a normalizing con-
stant which scales D(F0||F1) to the range [0, 1].
The score xi refers to the numerical value obtained
by mapping the thoughts about assistant of users
in the final turn of a conversation to a fixed inter-
val. We map the thoughts to a 5-level rating system
consisting of Excellent, Good, Average, Poor, and
Extremely Poor. Here, x0i and x1i denote the golden
score and the predicted score, respectively.

D LLM Usage Clarification

Throughout the paper, the use of LLMs is solely
restricted to the polishing of textual elements, such
as lexical or phrasal substitutions, and does not
extend beyond this scope.
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Prompt Template for Scenario Setting and User Thought Generation

Complete the dialogue scenario, user motivation, and user thoughts for the
given multi-turn dialogue, adhering to the following rules:

1. The dialogue scenario refers to the background information of the
conversation, and user motivation refers to the starting point or purpose of
the user’s dialogue. The dialogue scenario and user motivation apply globally
to the entire multi-turn dialogue.
2. User thoughts are specific to each round of the assistant model’s
response, containing the user’s unexpressed inner activities, including the
user’s emotions and motivations for speaking, enclosed within “<thought>” and
“</thought>” tags.
3. You should carefully consider the user’s thoughts and simulate a human user
as realistically as possible.
4. Do not alter the original text’s output; only supplement the user’s inner
thoughts for each round of dialogue.
5. When supplementing user thoughts after the assistant’s response in the final
round, include the reason for ending the dialogue.

Input Example:

Output Example:

Now, please complete the dialogue scenario, user motivation, and user
thoughts for the following dialogue.

{DIALOGUE}

Figure 4: Prompt template used to generate scenario setting and user thought from conversations with DeepSeek-V3.
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Prompt Template for Offline Evaluation

** Task Description:
Please evaluate which of the two user simulator outputs is closer to the golden
output based on the given dialogue scenario, dialogue history, and the real human
user’s output (golden). Your response should clearly indicate the choice (A
or B) and provide a brief explanation based on user intent and expression style.

** Input Information:
- Dialogue Scenario:
- Dialogue History:
- Real Human User Output (Golden):
- User Simulator Output A:
- User Simulator Output B:

** Output Requirements:
1. Judgment Result: Clearly state which user simulator output (A or B) is closer
to the golden output.
2. Explanation: Briefly explain the reasoning, focusing on:
- User Intent: Compare the consistency between the simulator output and the

golden output in terms of goals, needs, or objectives.
- Expression Style: Compare the similarity between the simulator output and

the golden output in terms of language style, tone, and level of detail (e.g.,
whether similar expressions, keywords, or emotional tones are used).
3. You should carefully consider the user’s thoughts and simulate a human user
as realistically as possible.
- No Length Bias: Do not assume longer responses are better.
- No Position Bias: Do not favor A or B based on order.

First, begin your evaluation by comparing the two statements with the
golden user utterance, explaining which one is consistent with the golden
standard in terms of user intent and expression style.

After your explanation, output your final verdict strictly as: "[[A]]"
if user simulator A is better, "[[B]]" if user simulator B is better, or
"[[C]]" for a tie.

Figure 5: Prompt template used to benchmark responses of each method against the Prompt outputs.
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