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Abstract

The reasoning capability of large language models (LLMs),
defined as their ability to analyze, infer, and make deci-
sions based on input information, is essential for building
intelligent task-oriented dialogue systems. However, exist-
ing benchmarks do not sufficiently reflect the complexity of
real-world scenarios, which limits their effectiveness in eval-
uating and enhancing LLM reasoning in practical contexts.
Many current reasoning datasets are overly simplistic and ab-
stract, often disconnected from realistic task flows, domain
constraints, and operational rules, making it difficult to effec-
tively evaluate LLMs’ logical reasoning ability. In addition,
data contamination from pretraining corpora undermines the
reliability of evaluation results, and traditional crowdsourcing
methods for dataset construction are labor-intensive and diffi-
cult to scale. To address these challenges, we propose a LLM-
driven framework for synthesizing multi-turn, task-oriented
dialogues grounded in realistic reasoning scenarios, lever-
aging trilevel optimization to enhance dialogue quality. Our
method generates dialogues grounded in authentic task sce-
narios, enriched with real-world information, and exhibiting
strong contextual coherence. Corresponding reasoning tasks
are carefully designed around these dialogues and iteratively
refined to continuously improve the tasks’ quality and chal-
lenge. The resulting dataset serves as a valuable benchmark
for assessing and advancing the realistic logical reasoning ca-
pabilities of LLMs. Experimental results show that our syn-
thetic data—based reasoning tasks introduce non-trivial rea-
soning challenges and provide meaningful support for im-
proving the reasoning capabilities of LLMs.

Datasets —
https://github.com/adventureoflingke/RealReasoning/

1 Introduction

With the rapid development of large language models, natu-
ral language processing has entered a new era(Achiam et al.
2023; Ouyang et al. 2022; Wei et al. 2022). Large-scale pre-
trained language models, empowered by transformer archi-
tectures and massive parameter sizes, have achieved remark-
able performance across a wide range of NLP tasks, includ-
ing text classification, machine translation, question answer-
ing, and summarization(Gao et al. 2025; Kernycky et al.
2024; Li et al. 2024a). These models often achieve near-
human or even super-human performance on benchmark

datasets, significantly pushing the boundaries of what was
previously thought possible(Chang et al. 2024). However,
despite these impressive achievements, when faced with log-
ical reasoning tasks in realistic scenarios, their performance
remains unsatisfactory(Li et al. 2024b). Therefore, to en-
hance the realistic logical reasoning capabilities of LLMs,
acquiring high-quality data grounded in realistic environ-
ments has emerged as a critical direction for future research.

Reasoning tasks serve as a key means to evaluate a
model’s reasoning capabilities, and the quality of the
datasets used in these tasks has a decisive impact on research
outcomes(Lu et al. 2023; Yu et al. 2024). As models grow in-
creasingly sophisticated(Huang and Chang 2023), the need
for datasets that accurately measure reasoning capability be-
comes more pressing. Although multiple datasets exist for
evaluating reasoning ability(Chen et al. 2022; Zhang et al.
2021), they suffer from notable limitations. First, the tasks
used in these datasets are often relatively simple and ab-
stract, present reasoning tasks in a highly intuitive man-
ner, rarely accounting for factors appear in realistic scenar-
ios. Logical reasoning problems that involve realistic scenar-
ios, integrate multi-source information, and are closely tied
to business rules are seldom covered, such problems typi-
cally require models to maintain coherence across long se-
quences, and apply context-sensitive constraints. Apart from
it, realistic scenarios often involve privacy concerns for both
individuals and organizations(Yao et al. 2024). The com-
mercial value associated with real data further complicates
its collection and public release, leading to an increasing
scarcity of such data in public. Moreover, existing evalua-
tion benchmarks suffer from data contamination due to the
overlap between pretraining data and test sets, undermin-
ing the reliability of performance assessments(Deng et al.
2024; Magar and Schwartz 2022). Traditional approaches
mainly rely on crowd-sourcing for dataset construction, and
thus are inherently limited in addressing such issues. Ex-
isting works have also explored agent-based approaches for
constructing dialogue datasets, which rely on pre-specified
structured task information to generate dialogues(Rastogi
et al. 2020; Shah et al. 2018). While these datasets provide
important benchmarks for evaluating model capabilities in
information extraction and task completion, their generation
processes are highly dependent on predefined schemas and
flows, thus limiting their ability to reflect the complex rea-



soning exhibited in real-world scenarios. Moreover, in the
evaluation of synthetic dialogue quality, the process of ex-
ploring and iteratively refining evaluation metrics is often
time-consuming and resource-intensive, and there remains a
lack of efficient and high-quality evaluation methodologies.
Therefore, developing methods to construct logical reason-
ing datasets grounded in real-world scenarios in a more ef-
ficient manner plays a crucial role in advancing the devel-
opment and application of reasoning models in practical set-
tings.

To address these challenges, we propose a novel approach
that leverages large language model agents to simulate
user behaviors based on realistic scenarios. Our goal is to
overcome the limitations of traditional dataset construction
methods, such as lack of realism and data contamination,
by generating high-fidelity interactions in a controlled and
scalable manner. Our method generates action sequences
that closely resemble realistic interactions. These sequences
are constructed by modeling the decision-making patterns
of users during realistic scenarios, which ensures that the
user agent possesses unique and realistic action memory
aligned with realistic scenarios. Based on these sequences,
user agents and assistant agents engage in dialogue, produc-
ing multi-turn task-oriented dialogues grounded in authentic
real-world scenarios by prompting the model. Furthermore,
we propose a trilevel optimization framework that jointly
optimizes the evaluation metric, multi-turn dialogue prompt,
and single-turn dialogue prompt, enabling automatic evalua-
tion and iterative refinement of synthesized dialogue quality.
This framework establishes an end-to-end pipeline from di-
alogue generation to evaluation, effectively supporting the
production of high-quality synthetic dialogues. The contri-
butions of this paper can be summarized as follows.

e We formalize dialogue generation as a trilevel opti-
mization problem that jointly optimizes prompt design
and evaluation criteria, enabling the automatic gen-
eration and iterative refinement of high-quality syn-
thetic dialogues. By leveraging the generative and role-
playing capabilities of LLM agents, our approach con-
structs task-oriented, logical reasoning-intensive dia-
logue data grounded in realistic information and aligned
with scenario-specific rules.

* We present a multi-turn task-oriented dialogue dataset
specifically designed to evaluate models’ logical reason-
ing capabilities in realistic scenarios. Each instance in
the dataset consists of a reasoning question derived from
a realistic multi-turn dialogue context, accompanied by
a corresponding label that has been manually annotated
and verified. While such task-oriented datasets remain
scarce, they play a pivotal role in advancing the devel-
opment and deployment of reasoning models in practical
settings, thereby offering significant value for research.

* Our experiments are evaluated on multiple baseline mod-
els and the results show that there is still significant room
for improvement in current models when handling such
reasoning tasks. This indicates that our dataset not only
provides a challenging evaluation platform for existing
models but also serves as a valuable resource for future

research. Therefore, the proposed method has the poten-
tial to drive advancements in the reasoning capabilities
of LLMs.

2 Related work
2.1 LLM-based agents

Due to their impressive planning and reasoning capabilities,
large language models (LLMs) are increasingly being used
as the foundation for constructing intelligent agents(Kojima
et al. 2022; Li et al. 2023b; Nguyen et al. 2023; Xi et al.
2025). Specifically, LLMs serve as the central controller of
these agents, enabling them to perceive external information
and take actions accordingly(Shinn et al. 2023; Yao et al.
2023). LLM-based agents possess strong interaction capa-
bilities with their environments. Moreover, thanks to their
pre-training on massive corpora, LLMs have accumulated
extensive knowledge across diverse domains, allowing them
to generalize and transfer across tasks without task-specific
fine-tuning(Chung et al. 2023; Jiao, Wang, and Yang 2025;
Wang et al. 2020).

With recent advances in related research, multi-agent sys-
tems built upon LLMs have achieved notable success in
solving complex problems and simulating realistic scenar-
ios(Guo et al. 2024). LLM-based agents can communicate
with each other, enabling both cooperation and competi-
tion(He et al. 2023; Hong et al. 2024; Islam, Ali, and Parvez
2024; Liu et al. 2025a; Qian et al. 2024; Zhang et al. 2024).
By specializing agents in terms of roles and skills, LLM-
based multi-agent systems can be assigned distinct capabili-
ties and responsibilities, thereby enhancing performance on
specific tasks through division of labor. The collaboration
among agents with complementary roles leads to superior
overall system performance, demonstrating the potential of
LLM-based multi-agent architectures in modeling complex,
realistic behaviors(Owoicho et al. 2023; Park et al. 2023).
Based on existing research findings, this paper leverages the
division of labor and collaboration among multiple agents to
enhance the simulation of real-world scenarios. By assign-
ing a specific agent to focus on a single task, the quality of
the generated data is further improved.

2.2 Multi-trun dialogue data generation

Training machines to understand natural language and in-
teract with humans is a challenging yet fundamental task in
artificial intelligence. With the rapid advancement of deep
learning techniques, especially the widespread adoption of
pre-trained language models (PLMs), various dialogue sys-
tems have been proposed that are increasingly capable of en-
gaging in multi-turn conversations(Algherairy and Ahmed
2024; Ham et al. 2020; Kulhanek et al. 2021; Lin et al. 2020;
Xu, Zhao, and Zhang 2021). Compared to traditional text-
based reading comprehension tasks, multi-turn dialogues
are more closely aligned with spoken language and exhibit
strong interactive characteristics. These dialogues typically
involve multiple speakers, diverse intents, and frequent topic
shifts, resulting in utterances that are highly dynamic and
context-dependent(Huang, Zhu, and Gao 2020; Ma, Zhang,
and Zhao 2023; Su et al. 2019). Performing reasoning tasks



in such settings introduces significantly greater complexity
than understanding static, single-paragraph texts.

Traditional dialogue datasets are primarily collected and
constructed through crowd-sourcing(Budzianowski et al.
2018; Feng et al. 2023; Quan et al. 2020; Serban et al.
2018; Zhu et al. 2020) . However, this approach is costly
and has limited scalability. To address these challenges, syn-
thetic data generation methods have gained development
to some extent(Anaby-Tavor et al. 2020; Ding et al. 2020;
Meng et al. 2022; Ye et al. 2022). In particular, for dialogue-
formatted data, common approaches include enhancing ex-
isting datasets(Chen and Yang 2021; Li et al. 2023a) or di-
rectly generating data based on specific tasks, often lever-
aging external knowledge to produce multi-turn conversa-
tional structures(Abdullin et al. 2023; Kim et al. 2022; Qiu
et al. 2024). Building upon existing research, this paper fo-
cuses on generating multi-turn task-oriented dialogue, aim-
ing to embed necessary reasoning information within the di-
alogue structure, thereby enriching the complexity and prac-
tical value of the generated dialogues.

2.3 Trilevel optimization

Trilevel optimization has emerged as a powerful framework
for modeling complex learning problems in which objectives
and constraints are interdependent across multiple layers of
control(Jiao, Yang, and Song 2025; Jiao et al. 2023; Yang
et al. 2008), and it has already found numerous applications
in machine learning. When gradient information is avail-
able, researchers typically adopt first-order gradient-based
methods; this setting has been extensively studied, with ap-
plications including neural architecture search(Guo et al.
2020; Jiao et al. 2022), hyperparameter optimization(Raghu
et al. 2021; Sato, Tanaka, and Takeda 2021), data reweight-
ing(Garg et al. 2022), OOD generalization(Jian, Yang, and
Jiao 2024) and distributed optimization(Jiao et al. 2024; Liu
et al. 2025b). In scenarios where gradients are unavailable,
zeroth-order information is used to solve trilevel learning
problems, and a limited body of work has recently emerged
in this direction(Jiao, Yang, and Jian 2025). In this paper, we
make the first attempt to introduce a zeroth-order trilevel op-
timization framework to dialogue generation, and we specif-
ically tailor the optimization to the structure of the loss func-
tion to more accurately evaluate dialogue quality .

3 Method
3.1 Problem Definition

This paper presents a method aimed at generating multi-turn,
task-oriented dialogues to evaluate reasoning capabilities in
realistic scenarios. In this setup, a user agent interacts with a
assistant agent through dialogue to accomplish specific tasks
in practical domains. Specifically, we denote x as a particu-
lar realistic scenario, F, G as the user agent and the assistant
agent, respectively. The resulting multi-turn dialogue is rep-
resented as Y = {yi, ylg, ey yi}-,yig, oyl y9 ), where n
denotes the number of dialogue rounds and y7 ng denote
the utterances generated by the user agent and the assistant
agent in the i-th turn, respectively.

3.2 Framework overview

To evaluate the reasoning capabilities of LLMs, this study
aims to simulate multi-turn task-oriented dialogues in re-
alistic scenarios containing implicit information that can
only be uncovered through logical reasoning. We propose a
framework for generating multi-turn task-oriented dialogues
driven by LLM-based agents. Given a realistic scenario, our
framework inputs its description into an LLM-based user
generator to get user agent, user agent observe the environ-
ment and perform actions. After each action, the user agent
records its experience, and this process repeats to generate
a sequence of actions. Once a complete action sequence is
formed, the user agent engages in a turn-by-turn dialogue
with an assistant agent. The user agent asks questions based
on the action sequence and scenario context, and the as-
sistant agent reasons about these questions using externally
perceived information and provides responses. The genera-
tion process is shown in the figure 1.

After dialogue generation, we automatically evaluate and
improve dialogue quality within a trilevel optimization
framework by automatically searching for more accurate
evaluation metrics and refining the dialogue prompts of the
agents, thereby continuously enhancing the quality of the
generated dialogues.

3.3 User generator

Generally, different users will have different roles, goals and
problems to solve when faced with a particular realistic sce-
nario. In the first step, we employ a LLM, referred to as the
user generator, dedicated to generating users’ intents and po-
tential issues by prompting it. After generating the user’s in-
tent and problem, the created user profile is placed into a
pool of candidate users, from which they can be selected for
subsequent processes. By constructing various user roles, in-
tents and problems in advance, user agents can focus on tak-
ing actions without having to generate their own intents and
related content, thereby enhancing the performance of the
user agents. The generation process of the condidate user by
the user generator is formulated as Eq. (1):

U:H(xapl)a (])

where p; is the prompt that instructs the LLM to act as the
user generator, H represents the LLM used to generate can-
didate users, U = {u1,uq,...,u;, ..., u,, } represents the
generated candidate users, u; represents the ¢-th candidate
user and m represents the number of candidate users.

3.4 Simulated actions of the user agent

After the generation of candidate users, a user is selected
from the candidate pool and the user agent will act as the
selected user, adopting its role, intent, problems. The user
agent takes actions based on the observed external informa-
tion and its existing memory. Initially, the user’s memory
consists of its intent and associated problems. External in-
formation is collected using tools such as search engines,
with keywords derived from the input realistic scenario, and
is organized into documents to influence the user’s action.
Following each action round, the user reviews its action
and integrates it with its existing memory to form an updated
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Figure 1: Schematic of the synthetic generation process.

memory state. By iteratively performing this process, a com-
plete sequence of actions is generated, which simulates the
action trajectory a real user might follow in a specific real-
istic scenario. The process of generating action sequence is
formulated as Eq. (2):

a; = F(x,Ai_1, K, ps), )

where A;_1 = {a1,as,...,a;—1} represents the action se-
quence consisting of the first 2 — 1 actions, K represents the
external information collected by tools based on the input
realistic scenario, po represents the prompt used to control
the user agent to take actions and a; represents the action
taken by the user agent in ¢-th action round.

By constructing a sequence of user actions, the user agent
acquires stable and well-defined memory content. This en-
ables the agent to exhibit consistent dialogue topics and
maintain coherent intent throughout its interaction with the
assistant agent, thereby enhancing the task-oriented nature
of the dialogue. Through the incorporation of conditional
information stored in memory, the resulting dialogues nat-
urally embed implicit logical structures that require logical
reasoning to uncover. Based on these inferred conclusions,
we further derive corresponding questions and labels, which
can be used for downstream evaluation tasks to evaluate the
models’ capability to perform realistic reasoning.

3.5 Interaction between the user agent and the
assistant agent

Providing a fixed prompt into a large language model of-
ten results in outputs with limited diversity. The user agent
engages in a dialogue with the assistant agent using mem-
ories drawn from realistic scenarios after generating its ac-
tion sequence. This approach ensures that each user agent
has distinct experiences, thereby generating more diverse re-
sponses during interactions with the assistant agent. Mean-
while, real-world data collected by external tools is incorpo-
rated as contextual information, further improving both the
diversity and authenticity of the dialogue content. By defin-
ing the user agent’s role, intent, and problem context, gen-
erating an action sequence, and providing prompt guidance
during the interaction, task-oriented information is effec-
tively integrated into the dialogue. This facilitates the gen-
eration of multi-turn task-oriented dialogues that support re-
alistic reasoning tasks. The interaction process between the

user agent and the assistant agent can be represented by Eq.
(3) and Eq. (4):

y'f :]:(w7A7Yi717K7p3)a (3)

yig:g(x7Aan—lvyfaK7p4)v (4)
where A represents the complete action sequence generated
by the user agent, , Y;_; represents the dialogue history up
to the ¢ — 1-th turn, p3 and p,4 represent the prompt used to
control the user agent and the assistant agent to interact with
each other, respectively.

3.6 Trilevel optimization for enhancing dialogue
quality

After the initial dialogue generation, their quality must be
assessed, as effective evaluation is crucial for improvement.
However, traditional metrics often struggle to comprehen-
sively capture the multidimensional nature of dialogue qual-
ity and heavily rely on reference texts, making them ill-
suited for evaluating synthetic dialogues. Meanwhile, hu-
man evaluation is costly and highly subjective. Observing
that multi-turn dialogues consist of a sequence of consec-
utive single-turn exchanges, we note that single-turn dia-
logues focus on the quality of individual responses and serve
as the foundation for high-quality multi-turn interactions,
while multi-turn dialogues further emphasize global coher-
ence and naturalness built upon this foundation. These two
levels are interdependent, and their joint optimization can
be naturally formulated as a bilevel optimization problem.
Within this framework, by introducing a module capable of
automatically searching for the metric to evaluate dialogue
quality and guide model training, the problem can be fur-
ther formalized as a trilevel optimization problem. This en-
ables end-to-end automatic generation, evaluation, and iter-
ative refinement of multi-turn dialogues, effectively address-
ing the limitations of existing approaches. The trilevel opti-
mization problem can be formulated as Eq. (5):

Irgn (0, ¢)

st. @ =argmin f(w, 8, ¢;x)
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where £ is a dialogue quality scoring function implemented
using an expert large language model, and w € R% denotes
the parameters that define the metric, f and g are the metrics
for evaluating multi-turn and single-turn dialogue quality,
respectively, both influenced by w, and 8 € R% ¢ ¢ R
represent the model parameters controlling the prompts used
in multi-turn and single-turn dialogue generation. In addi-
tion, we consider that the dialogue generation process in-
volves closed-source black-box LLMs, where first-order in-
formation is not accessible. Thus, we employ two-point
zeroth-order estimate to approximate the gradient for opti-
mizing 6, ¢, which can be expressed by Eq. (6) and Eq. (7):
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where w1, us ~ N(0,I) are random direction vectors and
141, po are perturbation radii.

To optimize the metric-defining parameters w , we cast
the evaluation metric as a differentiable-loss-like function.
However, due to its discrete structure, gradient-based opti-
mization is infeasible, instead, we use an evolutionary al-
gorithm. Specifically, each candidate loss function is repre-
sented as a tree-structured computational graph: the root out-
puts the final score, internal nodes are operators, and leaves
are base dialogue quality metrics (e.g., distinct-n), whose
combination is governed by w. The graph is initialized by re-
cursively expanding from the root—sampling operators and
adding children according to their arity until at least one
root-to-leaf path reaches depth d, ensuring sufficient com-
plexity. After initializing the loss function, we optimize the
prompt-control parameters 6, ¢ based on this loss function
and obtain the corresponding dialogue quality score. In each
evolutionary iteration, we select the loss function that yields
the highest average dialogue quality as the parent, and gen-
erate offspring using one of the following three strategies:

* Copy: Copy the parent’s computational graph.

* Re-initialization: Generate a new computational graph
according to the initialization procedure described above.

e Mutation: Apply a mutation operation to the parent’s
computational graph to produce an offspring.

The candidate mutation operations include the following:

¢ Insertion:Insert a random operator between a non-root
node and its parent, adding a leaf if arity > 1.

¢ Deletion: Select an intermediate node for removal, then
connect one of its children to its former parent.

* Replacement: Swap a node’s operator, adjusting chil-
dren to match the new arity.

The evolutionary framework enables efficient exploration of
the discrete space of loss functions while leveraging down-
stream dialogue quality feedback to guide the search.

4 Dataset

Based on the aforementioned data generation method, we
constructed a dataset named RealReasoning, aimed at eval-
uating the logical reasoning capabilities of LLMs in real-
world scenarios. The dataset was built following the frame-
work proposed in Section 3.1. In this study, we employed
Qwen-Max as the large language model to drive the agents,
used it to generate the identities of user agents, and sim-
ulate the interactions between user agents and assistant
agents. The RealReasoning dataset contains 500 multi-turn
task-oriented dialogues, all generated through the aforemen-
tioned framework. For each dialogue, we first manually de-
sign a logical reasoning question based on its content and
then annotate a ground-truth label for the question.

4.1 Dataset description and statistical analysis

In the construction of the external knowledge source, we
utilize the Bing search engine to retrieve relevant external
knowledge. For each search, keywords are extracted from
a predefined lexicon that covers a wide range of scenar-
ios requiring logical reasoning, including mathematical and
commonsense reasoning. The plain text content from the re-
trieved web pages is then used to build the external knowl-
edge base related to the scenario.

Additionally, we provide statistical details regarding the
dataset, as is shown in Table 1.

Metric RealReasoning
Dialogues 500
Total turns 2398
Avg. turns per dialogue 4.796
Avg. tokens per turn 69.456
Unique tokens/Total tokens 0.024

Table 1: RealReasoning Dataset Statistics

4.2 Reasoning task construction and human
annotation

We manually designed logical reasoning questions based on
the dialogues generated by our method and annotated corre-
sponding ground-truth labels, as the dataset inherently poses
a certain level of reasoning difficulty. Even state-of-the-
art LLMs struggle to provide consistently accurate answers
with high reliability. Therefore, it poses certain challenges
to achieve fully automated label annotation using LLLMs and
manual annotation continues to be an essential component
in the process. In other words, if current LLMs are able to
provide highly accurate and consistently reliable answers, it
suggests that the generated reasoning tasks are too simplistic
to effectively evaluate the models’ reasoning capabilities.
We carefully read and analyzed the multi-turn task-
oriented dialogues and designed questions based on the task-
oriented information they contain. Logical reasoning tasks
refer to tasks that require deriving new conclusions or un-
known information from known information or premises
through logic and rules. These tasks cannot be solved sim-
ply by extracting textual information. Specifically, we con-
structed two main categories of logical reasoning tasks —
math word reasoning and common-sense reasoning — based
on the dialogue content. Math word problem reasoning in-
volves scenarios that describe characters, entities, and quan-
tities. These problems typically consist of multi-step arith-
metic operations and assess a model’s abilities in language
comprehension, semantic parsing, and mathematical reason-
ing. The label for a math word reasoning task is an exact
number that must be obtained through multi-step calcula-
tions and cannot be directly derived. In contrast, common-
sense reasoning requires synthesizing multiple pieces of in-
formation, combining explicitly stated knowledge from the
text with implicit common-sense knowledge from the model
to yield the final answer. Common-sense reasoning tasks use
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binary classification labels. For each data, we provided ques-
tion prompts and corresponding labels for the associated
multi-turn dialogues. In the dataset, common-sense reason-
ing tasks account for 41%, while math word reasoning tasks
account for 59%.

4.3 Iterative updating of the dataset

To further improve the quality of the data in the dataset
and ensure that it adequately evaluates the reasoning capa-
bilities of models, this paper adopts an iterative optimiza-
tion approach, building upon the existing data in the dataset.
Given a dataset D = {(Y'?, P* [")}"_, constructed using
the aforementioned method, where Y represents the i-th
multi-turn dialogue, P? represents the problem derived from
the i-th dialogue, I’ is the corresponding label for the prob-
lem and n is the current size of the dataset. To implement
the iterative optimization process, we introduce a knowledge
base of difficult problems, denoted as K p, which is used to
store challenging problems identified from the dataset.

For each data instance (Y'?, P%,[) in the RealReason-
ing dataset, where ¢ € [1,n], we perform reasoning us-
ing k reasoning models {M;}*_, and obtain the corre-
sponding results. The average accuracy of solutions for each
data instance is denoted as acc’, forming a data quadruplet
(Y?, Pi, 1, acc®). Instances solved correctly by all reason-
ing models, in other words, data instances with acc® = 1
are considered as easy problems. Instances with acc’ < ¢
are considered as difficult problems, where ¢ is a predefined
threshold currently set to 0.5. Each difficult problem is then
added to the difficult problem knowledge base Kp.

After updating the knowledge base, a problem generation
model 7 is utilized to generate new problems based on ex-
isting dialogues Y7, with reference to the difficult problems
stored in K p. The new problem is generated based on both,
which can be formulated as eq(8):

P=1(Y,P"), ®)

where P* is a difficult problem sampled from K p, and
p represents the newly generated problem. To maximize
the proportion of high-quality data in the dataset, we se-
lect Y7, P* according to specific conditions. Specifically,
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Figure 3: Iterative updating of the dataset.

for all data instances with acc’ = 1, the corresponding dia-
logue data Y7 is provided. After confirming the multi-turn
dialogue, the cosine similarity is used to find the difficult
problem in the difficult problem knowledge base that has the
highest similarity to this dialogue, which can be formulated
as eq(9),eq(10):

k = arg Jmax CosineSimilarity (Y7, P¥), 9)
ell,m
CosineSimilarity (Y7, P*) = M, (10)
lvy; [llve, |l

where m is the total number of problems in K, vy;, vp,
represent the text embeddings of the dialogue Y and the
difficult problem Pj.

Following the problem generation phase, automatic la-
bel generation and human verification are conducted to
form a new data triplet (Yj,157f), which is then added
to the dataset D to replace the data instance with acc’ =
1. Through this iterative process, both the dataset D and
the difficult problem knowledge base Kp are iteratively
updated. This process will be repeated continuously until
there are no more data instance with simple problem. The
overall workflow is illustrated in the figure 3. We utilized
the Qwen3-235B-Instruct as the problem generation model
and employed Qwen-Plus, Qwen-Turbo and DeepSeek-R1-
Distill-Qwen-1.5B as the reasoning models. For text em-
bedding, we used thenlper/gte-large-zh. Through this pro-



cess, we conducted the evaluation and modification of sim-
ple problems. After multiple rounds of iteration, the ratio of
simple problems dropped from 26.6% to 0.6%, effectively
enhancing the quality of problems in the dataset, increas-
ing the ratio of challenging problems, and ensuring that the
dataset could provide a higher level of challenge as a bench-
mark.

4.4 Dialogue evaluation

To evaluate the quality of the dialogues generated by the pro-
posed method, we employ the semantic consistency metric
and record the topic distribution to assess the similarity be-
tween generated contents.

We measure dialogue diversity through semantic sim-
ilarity. Specifically, we use the thenlper/gte-large-zh as
the text embedding model to encode utterances into vec-
tor representations and compute the cosine similarity
CosineSimilarity(Y*, Y*) between pairs of dialogues to
quantify their semantic similarity.

The distribution of cosine similarity is presented in Fig-
ure 2a. We observe that the dialogues generated by di-
rectly interacting the user and assistant agents—without
pre-assigning a user identity or generating an action se-
quence—exhibit significantly higher semantic similarity,
with an average cosine similarity of 0.921, compared to
0.827 for dialogues produced by our framework.

Moreover, statistical analysis of topic distributions reveals
that our method can still ensure sufficient diversity in con-
versation topics even with limited input. Specifically, we use
“business travel reimbursement” as the designated domain
for input and facilitate interact directly between a user agent
and a assistant agent based on this keyword, either directly
or after actions guided by our method. We record the multi-
turn dialogues generated and employ Qwen-Max to summa-
rize the topics of these dialogues. As shown in the figure
2b,2c, dialogues generated from direct interaction exhibit
significant repetition in topics and contain fewer unique top-
ics. In contrast, dialogues generated using our method show
virtually no overlap in topics, demonstrating that varied ex-
periences of user agents influence dialogue topics, thereby
making the generated content more realistic and better suited
for reasoning tasks. We provide more detailed ablation stud-
ies in Appendix A.

To further validate the effectiveness of the trilevel opti-
mization framework in improving dialogue quality, we em-
ploy gwen-max as a proxy evaluator to score synthesized di-
alogues along three established dimensions of dialogue qual-
ity: Coherence, Fluency, and Diversity. The model is pro-
vided with the task description, scoring criteria, and the gen-
erated multi-turn dialogue, and assigns scores on a 1-5 scale.
We include an unoptimized baseline without any metric-
based optimization to demonstrate the effectiveness of dif-
ferent metrics and compare the impact of different automatic
evaluation metrics on dialogue quality. As shown in Table 2,
our approach to improving dialogue quality achieves strong
performance across all three dialogue quality evaluation di-
mensions and attains the highest average score, demonstrat-
ing that the proposed trilevel optimization framework is ef-
fective in improving dialogue quality.

Overall, our framework enhances dialogue diversity and
coherence even under minimal input, enabling scalable and
realistic dialogue synthesis.

Metric Coherence Fluency Diversity Avg
Unoptimized 4.33 3.08 2.96 3.46
distinct-N 491 3.50 3.07 3.82
TF-IDF 4.35 3.28 3.10 3.57
Embedding 4.90 3.50 3.00 3.80
ours 4.90 4.02 3.12 4.01

Table 2: The impact of different metrics on dialogue quality.

5 Experimental results

Experiments are conducted on the RealReasoning dataset to
evaluate the ability of large language models to perform re-
alistic logical reasoning. The experimental results and cor-
responding analyses are provided below to explore the im-
pact of the RealReasoning dataset and the factors influenc-
ing model reasoning performance.

5.1 Main results

We conduct reasoning tasks on the synthetic dataset using
various LLMs and collect the corresponding outputs. Each
model is presented with reasoning tasks together with their
associated dialogue contexts. We instruct the model to out-
put only the final result, without including any intermedi-
ate reasoning steps or internal thought processes. The gen-
erated responses are then compared to the ground truth an-
notations to evaluate performance. We also employ two pub-
licly available datasets, GSM8K(Cobbe et al. 2021) and CO-
DAH(Chen et al. 2019) , for comparison. As is shown in
Table 3, the result shows that even advanced LLMs, such
as gwen-plus, struggle to achieve strong performance on
the realistic logical reasoning tasks presented in our dataset.
Meanwhile, models that come with an inherent reasoning
process, such as DeepSeek-R1, have demonstrated better
performance on tasks that require complex reasoning to
solve.

We primarily used models from the qwen series(Yang
et al. 2024) and the deepseek series(Guo et al. 2025) for
our experiments. Among them, qwen-plus, and qwen-turbo
models responded to problems under a zero-shot prompt-
ing scenario. The remaining models underwent thorough
reasoning and deliberation before outputting their answers,
specifically, qwen-plus-thinking and qwen-turbo-thinking
refer to invoking qwen-plus and qwen-turbo with ‘en-
able_thinking‘ set to “True‘.

5.2 Analysis and findings

Reasoning vs No-reasoning. Based on the RealReason-
ing dataset, we conducted zero-shot prompting experiments
using the qwen series models. The results indicate that when
models are not prompted to engage in reasoning and are in-
stead asked to directly solve reasoning tasks, their perfor-
mance is suboptimal. Even large-scale models such as qwen-
plus achieve only around 48.4% overall accuracy. Smaller



RealReasoning RealReasoning

Model math word common-sense  RealReasoning GSM8K CODAH
reasoning reasoning
qwen-plus 40.6% 59.5% 48.4% 69.1% 94.8%
qwen-plus-thinking 88.1% 74.6% 82.6% 94.2% 95.0%
qwen-turbo 31.8% 52.6% 40.4% 69.9% 90.8%
gwen-turbo-thinking 88.1% 77.5% 83.8% 94.4% 86.3%
deepseek-rl 89.4% 85.3% 87.8% 94.2% 95.2%
deepseek-r1-distill-qwen-32b 78.3% 71.7% 75.6% 68.8% 88.6%
deepseek-r1-distill-qwen-1.5b 37.6% 40.0% 38.6% 61.7% 35.4%
deepseek-r1-distill-llama-70b 48.4% 69.2% 57.0% 64.2% 93.5%

Table 3: Answer accuracy of different models on datasets.

models like qwen-turbo exhibit a more pronounced perfor-
mance degradation on common-sense reasoning tasks, mak-
ing them ineffective for realistic logical problem-solving.

Upon further examination of the output, it becomes ev-
ident that weaker models tend to mechanically select the
first available option when faced with closed-ended reason-
ing questions. This behavior reflects an inability to deeply
understand or effectively analyze specific problem contexts,
significantly limiting their performance on realistic logical
reasoning tasks.

Conversely, models equipped with mechanisms for reflec-
tive reasoning demonstrate significant advantages on tasks
requiring multi-step inference or deep comprehension. For
instance, the DeepSeek model series leverages extensive re-
flection to thoroughly analyze problems, leading to more
accurate responses. Specifically, DeepSeek-R1 utilizes long
chains of reasoning to meticulously explore each question.
By virtue of its vast parameter size, DeepSeek-R1 accumu-
lates substantial internal knowledge during pre-training, en-
abling superior performance on realistic logical reasoning
tasks. The performance gap between qwen-turbo-thinking
and qwen-turbo clearly demonstrates the effectiveness of a
thorough reasoning process in solving reasoning tasks.

Math word reasoning vs Common-sense reason-
ing. When addressing two distinct types of reasoning
tasks—math word reasoning and common-sense reason-
ing—the latter exhibits significantly greater difficulty.
Even the best-performing model in current experiments,
deepseek-rl, achieves only an 85.3% accuracy rate on
common-sense reasoning tasks. This indicates that, for tasks
requiring auxiliary internal knowledge embedded within
model parameters, it is challenging to substantially improve
reasoning accuracy solely through explicit reasoning pro-
cesses. Current models with strong reasoning capabilities
tend to focus more on external information provided as
input, lacking sufficient engagement with the implicit
internal knowledge contained within their parameters.

In contrast, math word reasoning tasks provide all neces-
sary information externally, enabling even small-parameter
models like deepseek-r1-distill-qwen-1.5b to effectively ex-
tract and utilize this information to derive correct answers.
The characteristics of the math word reasoning tasks lead
to a larger performance gap between models with reasoning

and those without.

Summary. Experimental results demonstrate that, com-
pared to tasks from existing public reasoning datasets that
are relatively easier to solve, models still face certain dif-
ficulties when solving logical reasoning tasks in real-world
scenarios. This highlights the value of the data generation
method proposed in this paper for evaluating model reason-
ing capabilities.

6 Conclusion and Future Work

This study presents a novel framework for generating multi-
turn task-oriented dialogues using LLM agents, with a fo-
cus on evaluating models’ logical reasoning capabilities in
realistic scenarios. By leveraging the generative and role-
playing strengths of LLM agents, our approach effectively
constructs dialogue data that is grounded in real-world con-
texts. Real-world scenarios help maintain contextual coher-
ence across dialogue turns and inherently increase the dif-
ficulty of logical reasoning. In addition, we introduce a
newly curated dataset specifically designed to assess model
performance on such reasoning tasks. Experimental results
demonstrate that current models still face significant chal-
lenges in handling these complex reasoning tasks, highlight-
ing the need for further research in this direction.

Limitations. The annotation of the data generated in this
study relies on manual labeling, and expanding the dataset
still requires considerable human effort. Moreover, the qual-
ity of the generated data can be influenced by the perfor-
mance of the LLMs used.

We plan to explore two main directions for future work.
First, we aim to extend the dialogue generation framework
from user-assistant interactions to multi-agent settings by
incorporating more sophisticated prompting strategies and
memory mechanisms. Second, we intend to investigate au-
tomated methods for labeling generated dialogue data, aim-
ing to maintain task difficulty while reducing the reliance on
labor-intensive manual annotation processes.
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A Ablation Study on Synthetic Dialogues

This subsection validates the effectiveness of the different
modules proposed in this chapter through ablation studies.
All dialogues are generated under the same scenario, with
user information, action sequence. Each subsequent config-
uration includes all previously added components, while the
baseline, which is direct dialogue generation without any of
these components, serves as the reference point. The impact
of each component is evaluated by comparing the topic dis-
tributions of the generated dialogues and the cosine simi-
larities between their corresponding semantic embeddings.
The relevant experimental results are shown in the figure 4,5
and table 4. As shown in Figure 4, compared to the base-
line of direct interaction between user and system agents,
equipping the user agent with the modules proposed in this
chapter leads to significantly greater diversity in topic distri-
bution. When all modules are incorporated, more than 70%
of generated dialogues exhibit a unique topic, indicating
higher inter-dialogue distinctiveness. This suggests that the
synthetic dialogues achieve broader coverage of the target
scenario and better account for the variety of events likely
to occur within it. Moreover, the proportion of unique topics
consistently increases as modules are incrementally added,
demonstrating that each component positively contributes to
enhancing topical diversity.

Figure 5 further reveals that incorporating the user iden-
tity module yields the most pronounced reduction in cosine
similarity, while the subsequent addition of the action se-
quence module also exerts a beneficial effect in further low-
ering similarity scores.

Finally, Table 4 shows that under the scene-based direct
dialogue setting, the maximum cosine similarity reaches 1.0,
indicating the generation of identical dialogue pairs. This
reflects a tendency of large language model agents to fall
into repetitive response patterns when no auxiliary informa-
tion is provided, resorting instead to conservative outputs
based solely on internal priors. Notably, the introduction of
action sequence information substantially reduces the mini-
mum cosine similarity between dialogues.

The statistics on topic diversity and repetition across dif-
ferent methods further validate the effectiveness of our pro-
posed modules. Here, “Unique Topics” denotes the number
of distinct dialogue topics covered, and “Max Repetition”
refers to the highest frequency of any single topic. Both
the user identity and action sequence modules markedly im-
prove topic diversity, thereby contributing positively to over-
all dialogue quality.
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Figure 4: Impact of Ablation Components on Dialogue Topic Distribution.
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Figure 5: Impact of Ablation Components on Cosine Similarity Distribution.

Table 4: Comparison of Multi-turn Dialogue Generation Results with Different Ablation Components Combined

Method Cosine Similarity Topic Diversity and Redundancy
Max Min Mean Unique Topics = Max Repetition

Direct Interaction 1.00 0.820 0.921 65 10

+ User Identity Info 0.986 0.636 0.830 75 7

+ Action Sequence Info  0.946 0.528 0.813 83 4
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