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Abstract

The scarcity of domain-specific dialogue
datasets limits the development of dialogue sys-
tems across applications. Existing research is
constrained by general or niche datasets that
lack sufficient scale for training dialogue sys-
tems. To address this gap, we introduce Di-
aSynth - a synthetic dialogue generation frame-
work capable of generating high-quality, con-
textually rich dialogues across a wide range
of domains. Unlike existing frameworks, Di-
aSynth uses Large Language Models (LLMs)
and Chain of Thought (CoT) reasoning to gen-
erate dynamic, domain-specific dialogues with
simulated personas and diverse conversational
features. We perform our experiments by gen-
erating synthetic data using different LLMs
and few-shot examples from DialogSum and
SAMSum. The pretrained language models
fine-tuned on the synthetic data outperform the
base models by 16.47% on dialogue summa-
rization, while the comparison between mod-
els fine-tuned on in-domain data and synthetic
data shows that the synthetic data is able to cap-
ture 90.48 % of the performance distribution of
the in-domain data on dialogue summarization.
The quality of the data generated also increases
as we increase the size of LLM from 3B to 8B.
These results validate DiaSynth’s potential as a
robust alternative to traditional data collection
methods.! We open source the code and data
generated for future research.

1 Introduction

Dialogue systems are crucial in natural language
processing due to applications like customer ser-
vice chatbots and virtual assistants. Their effec-
tiveness depends on large, high-quality, domain-
specific datasets. The lack of large-scale, high-
quality datasets across domains like academic dis-
cussions, healthcare, and everyday conversations
poses a challenge. This scarcity limits the devel-

"https://github.com/ntuspeechlab/DiaSynth

opment of dialogue systems that generalize well
across domains.

Prior work (Feng et al. (2020), Zeng et al. (2020),
Budzianowski et al. (2018)) collects domain-
specific dialogues but often lacks depth, scale, or
domain diversity. On the one hand, the conversa-
tions in a domain specific dataset are superficial
and do not go deep into the domain. On the other
hand, niche domain dialogue datasets, while con-
textually rich, often suffer from limited scale. This
imbalance hinders dialogue system development in
underrepresented domains, where data collection
is costly and complex.

To address these problems, we introduce Di-
aSynth, a synthetic dialogue generation framework
that produces contextually rich and realistic dia-
logues tailored to specific domains. DiaSynth, us-
ing a Large Language Model (LLM), generates
high-quality conversations by simulating personas
and conversation characteristics like tone and for-
mality. With LLMs and Chain of Thoughts (CoT)
Wei et al. (2024), DiaSynth generates dialogues that
mimic real-world conversations for a wide range
of domains. CoT plays a crucial part by building
different environments for different personas (re-
fer to Appendix D for examples) which influence
varied conversations. This approach addresses data
scarcity and offers a scalable, cost-effective alter-
native to traditional methods.

To validate the effectiveness of DiaSynth, we
evaluated the framework on two criteria: the qual-
ity of the generated data and the usability of this
data for downstream tasks. The results for the qual-
ity criterion showed that the data quality improved
with the scale of the model. For usability, we tested
DiaSynth on dialogue summarization. Models fine-
tuned on DiaSynth data outperformed base versions
by 16.47 % on average. Additionally, DiaSynth’s
synthetic data captures 90.48 % of in-domain per-
formance, highlighting its potential as a strong al-
ternative when domain-specific data is unavailable.
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Figure 1: Overview of DiaSynth

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work on dialogue
datasets and synthetic data. Section 3 details the
DiaSynth framework and methodology. Section
4 describes our experimental setup and evaluation.
Section 5 compares the performance of models fine-
tuned on DiaSynth data to in-domain data. Section
6 concludes with a summary of our findings and
Section 7 discusses the limitations of DiaSynth and
potential future directions for this research.

2 Related Work

2.1 Personality in Synthetic Data Generation

In recent years, there has been a significant increase
in research focused on synthetic dialogue genera-
tion, largely driven by advancements in Large Lan-
guage Models (LLMs). To generate realistic and
diverse synthetic data, researchers have incorpo-
rated personalities, profiles, and character informa-
tion when prompting LLMs to generate dialogues
Han et al. (2024). By enhancing dialogue realism
through the simulation of various personality pro-
files, utilizing the Big Five personality model, and
employing structured prompts, this approach has
improved task performance in models fine-tuned
on these generated dialogues compared to those
trained on general chit-chat datasets.

Moreover, integrating personas into synthetic
data generation prompts Chan et al. (2024) has
demonstrated that models fine-tuned on person-
alized synthetic data outperform some LLMs of

much larger scales. The inclusion of personas in
prompts provides diversity in difficulty levels and
ranges within the synthetic data, enabling the mod-
els to handle situations of varying complexity.

Our approach involves persona extraction after
generating subtopics related to the general topics.
This enables the generated dialogues to be more
in-depth and specific to those subtopics, enhanc-
ing both the scale and quality of domain-specific
dialogue generation.

2.2 Prompting Task-Oriented Dialogue
Generation

Prompt-based techniques have also emerged as
powerful methods for generating high-quality syn-
thetic dialogues, particularly for task-oriented di-
alogue systems. Steindl et al. (2023) explore the
generation of synthetic dialogues from structured
prompts, focusing on enhancing task-oriented di-
alogue systems. Their work demonstrates that
prompt engineering can produce dialogues that are
contextually appropriate and improve system per-
formance by aligning synthetic data more closely
with real-world requirements.

To achieve a higher quantity, diversity, and
creativity in human-written instruction data, Wang
et al. (2022) propose inputting prompts to LLMs to
generate instructions based on a small set of seed
human-written instructions. This approach aligns
the expanded training data more closely with de-
sired task objectives and allows for iterative im-
provements, producing more nuanced and effective
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LILM Few-shot examples Number of Samples

Avg. number of turns

Avg. number of tokens per turn  Diversity (ROUGE-L)

Phi-3 DialogSum 1215
InternLM-2.5 DialogSum 1035
LLaMA-3 DialogSum 1154
GPT-40 DialogSum 1375
Phi-3 SAMSum 1410
InternLM-2.5 SAMSum 1135
LLaMA-3 SAMSum 1195
GPT-40 SAMSum 1380

15.16
13.98
13.96
10.54
15.43

20.38 0.27
27.98 0.30
31.99 0.29
15.96 0.29
13.94 0.27
19.07 0.29
20.41 0.29
13.53 0.28

Table 1: Data Statistics

dialogues that meet specific task demands.

Similarly, our study expands topics into
subtopics, ensuring that the generated dialogues
provide more in-depth and high-quality conversa-
tions. By doing so, we aim to produce synthetic
data that not only covers a broader range of scenar-
ios but also delves deeper into each topic, thereby
enhancing the overall effectiveness of the dialogue
systems trained on this data.

2.3 Existing Task-Oriented Dialogue Datasets

In addition to prompt-based synthetic data gener-
ation, various large-scale dialogue datasets have
been instrumental in advancing task-oriented di-
alogue systems. Among these, the MultiwOZ
dataset Budzianowski et al. (2018) is a promi-
nent resource, providing richly annotated dialogues
across multiple domains. MultiWOZ has enabled
researchers to train models capable of handling
complex, multi-turn interactions across diverse
tasks. The nature of MultiWOZ’s annotations has
made it a benchmark for evaluating the perfor-
mance of dialogue systems, though it is often com-
plemented by synthetic data to introduce further
diversity and variation in dialogue scenarios.

Similarly, Doc2Dial Feng et al. (2020) is an-
other widely used dataset designed specifically for
document-grounded dialogue systems. Doc2Dial
includes conversations grounded in structured doc-
uments, focusing on providing users with accurate
and relevant information based on their inquiries.
This dataset has been instrumental in improving the
ability of dialogue systems to retrieve and generate
accurate responses when interacting with complex
information sources. However, much like Mul-
tiwOZ, Doc2Dial’s scope is limited to the prede-
fined topics and domains covered within the dataset,
which can restrict model generalizability to new or
unseen situations.

To overcome the domain-specific limitations of
datasets, our study adopts a synthetic data gener-
ation approach that expands existing topics into

subtopics, thus providing a broader and deeper
pool of conversational data. By incorporating both
task-oriented prompts and personas, our generated
dialogues aim to complement these datasets by of-
fering more personalized and contextually rich con-
versations, thereby enhancing the robustness and
versatility of dialogue systems

3 DiaSynth

DiaSynth is a synthetic dialogue generation frame-
work designed to address the scarcity of high-
quality, large-scale, domain-specific dialogue
datasets. DiaSynth uses an LLM and CoT rea-
soning to simulate diverse, nuanced dialogues.

DiaSynth takes a list of user-provided topics to
generate dialogues. The users can optionally pro-
vide few-shot examples of the format in which they
want the dialogue to be generated. Directly gen-
erating dialogues from user topics would be too
superficial due to their lack of specificity. To over-
come this lack of specificity, we generate m sub
topics for each of the n topics given by the user.
Generating dialogues from the subtopics will have
specificity but the dialogues will lack variety. This
is because every dialogue is influenced implicitly
by the personas of the people involved in the dia-
logue and, other characteristics such as the location,
emotion and more. To enhance variety and depth,
we generate p personas per subtopic and create dia-
logues for all persona-subtopic combinations. To
further ground the dialogues in various settings and
characteristics, we employ CoT reasoning during
the generation process. DiaSynth employs CoT to
reason about the settings and characteristics of a
dialogue, which are listed in Appendix C, ensuring
that the dialogues are contextually rich and realistic.
This three-stage pipeline not only guarantees the
quality of the generated dialogues but also allows
for exponential scalability, as illustrated program-
matically in Appendix B.
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coherent error recovery consistent diverse depth likeable understand flexible informative inquisitive
DIALOGUESUM
Phi-3 0.9536 0.9440 0.9540 0.9534 0.9521 -0.0005 0.9353 -3.96E-05 0.0009 -0.0033
InternLM-2.5  0.8439 0.8313 0.8359 0.8353 0.8352  0.0048 0.8278 -0.0046 0.0042 0.0069
LLaMA-3 0.9684 0.9522 0.9570 0.9596 0.9592 0.0032 0.9453 -0.0063 0.0063 0.0105
GPT-40 0.9525 0.9407 0.9417 0.9423 0.9425 0.0121 0.9368 -0.0027 0.0085 0.0144
SAMSUM
Phi-3 0.9161 0.9088 0.9199 09161 0.9130 -0.0004 0.9014 -0.0024 0.0034 -0.0040
InternLM-2.5  0.8746 0.8647 0.8734 0.8655 0.8661  0.0033 0.8582 -0.0019 0.0106 0.0028
LLaMA-3 0.9829 0.9677 0.9757 0.9712  0.9731  0.0003 0.9593 -0.00438 0.0100 0.0029
GPT-40 0.9939 0.9876 0.9878 0.9836 0.9824  0.0083 0.9788 0.0004 0.0141 0.006
Table 2: FED scores

3.1 Subtopic Generation

Subtopic generation is a crucial step in DiaSynth’s
pipeline, since it enhances the specificity and depth
of the dialogues that will be generated later. For
each primary topic given by the user, DiaSynth
generates multiple subtopics, effectively narrowing
the focus of the conversation. This breakdown is
necessary because the primary topics are often too
general to generate contextually rich dialogues on
their own. For instance, a topic like “healthcare”
can be expanded into subtopics such as “doctor-
patient consultations,” “mental health discussions,
and “medical diagnostics,” each of which offers a
more focused context for dialogue generation. To
achieve this, DiaSynth prompts an LLM to generate
the user specified number of subtopics for each pri-
mary topic. We also run a similarity check between
each of the subtopics and remove subtopics that are
too similar to other subtopics using a threshold.

bl

3.2 Persona Generation

Personas of the individuals involved in a conver-
sation are primary influencers in determining how
a conversation pans out. Using random personas
from persona datasets and prompting the LLM to
simulate a dialogue between them about a random
topic often leads to superficial dialogues that lack
depth and contextual richness. To address this issue,
DiaSynth generates a user-specified number of per-
sonas for each subtopic, ensuring that the personas
are conditioned on the subtopic context. This con-
ditioning prompts the LLM to create personas that
are most likely to engage in a meaningful dialogue
about the subtopic, such as a medical professional
and a patient discussing "medical diagnostics" or a
researcher and a student talking about "academic
publishing." We also run a similarity check for the
personas too. The conditioned persona generation
is crucial because it ensures that future dialogues

will not only be contextually rich but also exhibit
a high level of depth. Each dialogue will be be-
tween two personas who have relevant expertise
or perspectives on the given subtopic, allowing the
conversation to explore nuances that would other-
wise be missed in a generic dialogue setting. We
present the impacts of sub-topics and personas in
Appendix F

3.3 Dialogue Generation

The final stage in DiaSynth’s pipeline is the
generation of dialogues, where all the com-
ponents—subtopics, personas, and characteris-
tics—converge to create contextually rich and re-
alistic conversations. This step uses an LLM as
the backbone and CoT as the reasoning mecha-
nism, allowing the model to simulate dialogues
that incorporate various aspects of human interac-
tion. DiaSynth generates dialogues by pairing all
persona-subtopic combinations. The process also
integrates predefined characteristics (Table 11) like
emotional state, formality, and familiarity to guide
the flow and style. These characteristics are defined
in the CoT prompt, guiding the LLM to generate
realistic, contextually appropriate dialogues. The
importance of CoT and the lack of it affects the
quality of the dialogues, which is shown quantita-
tively in Appendix E.

4 Experimental Setup

In this section, we detail the experimental setup
used to evaluate the effectiveness of DiaSynth. Our
evaluation focuses on two criteria - quality of the
dialogues generated and usability of the dialogues
generated for a downstream task. Quality of the
dialogues is evaluated using metrics such as FED,
GPTScore, and G-Eval. We evaluate the usability
of DiaSynth-generated dialogues by using summa-
rization as the downstream task.
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coherence diversity flexibility under dability inquisitiveness y informativeness likeability depth error recovery
DIALOGUESUM
Phi-3 0.0286 0.0310 0.0218 0.0193 0.0363 0.0369 0.0172 0.0213 0.0117 0.0342
InternLM-2.5 0.0069 0.0196 0.0084 0.0061 0.0244 0.0137 0.0148 0.0050 0.0080 0.0197
LLaMA-3 0.0189 0.0430 0.0186 0.0220 0.0415 0.0321 0.0318 0.0110 0.0201 0.0440
GPT-40 0.0039 0.0156 0.0059 0.0039 0.018 0.0080 0.0097 0.0026 0.0053 0.0135
SAMSUM
Phi-3 0.0325 0.0372 0.0260 0.0270 0.0395 0.0415 0.0201 0.0232 0.0126 0.0290
InternLM-2.5 0.0128 0.0408 0.0194 0.0174 0.0504 0.0306 0.0328 0.0142 0.0177 0.0407
LLaMA-3 0.0288 0.0655 0.0306 0.0365 0.0622 0.0612 0.0542 0.0168 0.0270 0.0558
GPT-40 0.0055 0.0162 0.0094 0.0084 0.0186 0.0119 0.0129 0.0038 0.0079 0.0199

Table 3: GPTScore

4.1 Quality of the dialogues

To evaluate the quality of the dialogues, we employ
the metrics that have been developed for evaluating
the quality of text generated by LLMs. We use the
following metrics:

¢ FED Mehri and Eskenazi (2020) - FED evalu-
ates dialogue quality by comparing the prob-
abilities of appended positive and negative
utterances.

¢ GPTScore Fu et al. (2024) - GPTScore as-
sesses dialogue quality by asking an LLM to
evaluate criteria like coherence and diversity,
with scores based on the probability of affir-
mative responses.

¢ G-Eval Liu et al. (2023) - G-Eval rates dia-
logue on a 1-3 scale across criteria, with final
scores as a weighted average from the LLM’s
probability distribution.

To validate the framework across models and
also domains, we generate data using three open
source LLLMs, one closed source LLM and also
use few shot examples from two different dialogue
datasets. The open sourced LLMs are - Phi-3 Ab-
din et al. (2024), InternLLM-2.5 Cai et al. (2024),
LLaMA-3 Dubey et al. (2024) and the closed
source LLM used is GPT-40. The 8-bit quantized
versions of the open source LLMs were used for
faster experimentation and generation. The two dif-
ferent dialogue datasets that were used as few-shot
examples are DialogSum Chen et al. (2021) and
SAMSum Gliwa et al. (2019)

4.2 Downstream Task - Summarization

To evaluate the usability of the dialogues gener-
ated by DiaSynth, we choose summarization as
the downstream task. Summarization, a key ap-
plication of dialogue systems, aims to generate
concise, contextually relevant summaries. We

use three established evaluation metrics—QAGS,
BERTScore, and ROUGE-L—to assess the per-
formance of summarization models fine-tuned on
DiaSynth-generated data.

* QAGS Wang et al. (2020) - QAGS evaluates
factual consistency by generating questions
from the summary and comparing answers to
those from the source dialogue.

* BERTScore Zhang* et al. (2020) -
BERTScore measures semantic simi-
larity between generated and reference
summaries using contextual embeddings.

* ROUGE-L Lin (2004) - ROUGE-L measures
longest common subsequence (LCS) overlap
between generated and reference summaries.

We fine-tune pretrained summarization models
like DistilBART, BART Lewis et al. (2020), T5
Raffel et al. (2020) and LED Beltagy et al. (2020),
on DiaSynth-generated dialogues and evaluate their
performance using the above metrics. We evalu-
ate the usability of DiaSynth in two key aspects:
first, by assessing the performance improvement
of models fine-tuned on DiaSynth-generated data
compared to the pretrained models; and second, by
measuring the extent to which DiaSynth-generated
data reflects real-world data distribution by com-
paring the performance of models fine-tuned on Di-
aSynth data versus those fine-tuned on in-domain
data. We also present the results of finetuning
BART and T5 on synthetic data and in-domain
data on response generation in Appendix H.

5 Results

This section discusses the results of the data gener-
ated using DiaSynth (quality of the data and usabil-
ity in downstream tasks) with different LLMs and
varying few-shot examples. Specifically, we uti-
lized Phi-3, InternLM-2.5, LLaMA-3 and GPT-40
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as the LLM backbones, and the few-shot examples
were sourced from DialogueSum and SAMSum
datasets. These combinations allow us to evalu-
ate the robustness and adaptability of DiaSynth
across different models and few shot examples. In
total, eight distinct datasets were generated using
DiaSynth by pairing each LLM with the two sets
of few-shot examples, resulting in all possible com-
binations. For each combination, DiaSynth was
provided with the same 16 broad topics and tasked
with generating 6 subtopics for each topic, followed
by creating 6 personas for each subtopic. The statis-
tics of the datasets generated using DiaSynth, in-
cluding the number of dialogues, average number
of turns, and average number of tokens per turn,
are summarized in Table 1. All the experiments
were run on a single A100 GPU with the generation
time ranging from 2 hours to 4 hours. Additional
methodolgical details are presented in Appendix
G.

5.1 Quality of the Dialogues

The quality of the synthetic datasets produced by
DiaSynth was evaluated using FED, GPTScore,
and G-Eval metrics, as detailed in Tables 2, 3, and 4.
The results reveal distinct variations in performance
across different model and dataset configurations,
reflecting the unique characteristics of each.

5.1.1 Metric Scores

FED: The FED scores in Table 2 show that
LLaMA-3 and GPT-40 achieve almost a perfect
score (+1) in most of the criteria, while Phi-3 and
InternLLM-2.5 also have decent performances. GPT-
40 has a clear advantage when it comes to gener-
ating likeable dialogues while there is not much
separation on other criteria.

GPTScore: Results illustrated in 3 are surprising
in that GPT-40 is the worst performing model on
GPTScore, which might require further research
while LLaMA-3 clearly dominates the other mod-
els.

G-Eval: Table 4 highlights GPT-40’s dominance
in engagingness and naturalness with perfect
scores (3.0) for DialogSum, while InternLM-2.5
stands out in coherence (2.9990) and groundedness
(2.9973) for DialogSum, and coherence (2.9983)
and groundedness (2.9952) for SAMSum, suggest-
ing it maintains high factual accuracy.
Dataset-Specific Performance. The contrasting
performance of GPT-40 on the DialogSum and
SAMSum datasets in Table 2 can be attributed to

the differing structures of the dialogues in these
datasets. DialogSum consists of more formal and
structured dialogues, which aligns with the typical
response style of GPT-4o, leading to its stronger
performance. In contrast, SAMSum contains more
casual, human-like conversations, which might ex-
plain GPT-40’s relatively poorer performance, as it
may not adapt as well to the informal, spontaneous
nature of such dialogues. Overall, while GPT-40
excels in natural and engaging dialogue, LLaMA-3
offers the most versatility, and InternL.M-2.5 pro-
vides a strong alternative with high coherence and
groundedness.

engagingness naturalness coherence groundedness
DIALOGUESUM
2.7238

Phi-3 2.5236
InternLM-2.5 2.9995 2.9989 2.9990
LLaMA-3 2.9987 2.9988 2.9972
GPT-40 3 3 3

SAMSUM

2.6821
2.9969
2.9971
2.9977

2.6308 2.5557
2.9973
2.9935

2.9975

Phi-3 2.4623
InternLM-2.5 2.9992
LLaMA-3 2.9976
GPT-40 2.9994

2.5848
2.9983
2.9969
2.9982

2.5060
2.9952
2.9916
2.9944

Table 4: G-EVAL

5.1.2 Strong performance of LLaMA-3

The observed superiority of LLaMA-3 over GPT-
4o is surprising because an 8 billion 8-bit quan-
tized model not only competes with but also per-
forms better than GPT-40 in certain metrics. We
hypothesize that this could be due to the way GPT-
40 was trained, which might make it more con-
strained in its responses, whereas LLaMA-3, being
an open-source model, operates with fewer restric-
tions. This allows LLaMA-3 to exhibit greater
flexibility, diversity, and adaptability in generat-
ing dialogues, potentially explaining its better per-
formance in certain metrics. These characteris-
tics can be seen in criteria like ’inquisitiveness’
and ’likeability’ in Table 3 and, ’depth’ and ’di-
verse’ in Table 2. These results suggest that for
building human-like data generation frameworks,
open-source LLMs are a more suitable choice than
closed-source LL.Ms. The minimal constraints on
response formatting during the training of open-
source models enable them to generate more di-
verse, flexible, and human-like dialogues, making
them better suited for tasks requiring natural and
conversational interactions.
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Model Before Finetuning

Finetuning on In-Domain Data

QAGS BERTScore ROUGE-L QAGS BERTScore ROUGE-L
DIALOGSUM
distillbart-cnn  0.6134 0.5093 0.1950 0.5586 0.7005 0.3367
bart-base 0.7007 0.5274 0.1375 0.4789 0.6868 0.2969
t5-base 0.5901 0.5491 0.1812 0.4766 0.6953 0.2986
led-base-16384 (.8261 0.5471 0.1634 0.4872 0.7084 0.3165
SAMSUM
distillbart-cnn  0.6627 0.5500 0.2394 0.6041 0.6849 0.3578
bart-base 0.7563 0.4389 0.1765 0.5302 0.6520 0.3049
t5-base 0.5574 0.4190 0.1237 0.5460 0.6448 0.3000
led-base-16384 (0.7429 0.4310 0.1812 0.5440 0.6522 0.3175

Table 5: Performance of models before and after finetuning on in-domain data

Model | Phi-3 InternLM-2.5

LLaMA-3 GPT-40

‘QAGS BERTScore ROUGE-L ‘ QAGS BERTScore ROUGE-L ‘ QAGS BERTScore ROUGE-L ‘ QAGS BERTScore ROUGE-L

DIALOGUESUM
distillbart-cnn | 0.6588 0.5778 0.2187 0.6420 0.6008 0.2167 0.6586 0.6161 0.2040 0.6713 0.6242 0.2014
bart-base 0.5355 0.5958 0.2029 0.5418 0.6212 0.1897 0.5825 0.6033 0.1789 0.5590 0.6039 0.1769
tS-base 0.5937 0.5949 0.2047 0.5825 0.5941 0.1878 0.6034 0.6172 0.1959 0.6305 0.6319 0.2044
led-base-16384 | 0.5358 0.6129 0.2109 0.5189 0.6027 0.1606 0.5697 0.6302 0.1999 0.5791 0.6308 0.1989
SAMSUM
distillbart-cnn | 0.6585 0.5931 0.2262 0.6388 0.6066 0.2422 0.6849 0.6029 0.2374 0.6757 0.6029 0.2291
bart-base 0.5648 0.5665 0.2146 0.5435 0.5663 0.2021 0.6132 0.5899 0.2345 0.5707 0.5808 0.2154
tS-base 0.5905 0.5397 0.2085 0.5457 0.5193 0.1854 0.6412 0.5054 0.1976 0.6023 0.5419 0.1979
led-base-16384 | 0.5883 0.5477 0.2289 0.5457 0.5615 0.2167 0.5917 0.5785 0.2390 0.5738 0.569 0.2298

Table 6: Performance after finetuning on synthetic data

5.2 Fine-tuning and Performance Results

To validate the usability of the synthetic data gener-
ated using DiaSynth, we fine-tuned and evaluated
several pretrained language models on the task of
dialogue summarization. The summaries for dia-
logues generated by different LLMs were created
using the corresponding LLMs through prompting.
The pretrained models used for evaluation include
DistilBART, BART, T5, and LED.
The experimental setup is designed as follows:

» Metrics are reported on the validation and test
sets of DialogSum and SAMSum.

* To evaluate DiaSynth-generated data, we com-
pared models fine-tuned on DiaSynth data
with their base versions (no fine-tuning).

* In-domain training sets were randomly sam-
pled to match the size of the DiaSynth-
generated data, enabling fair comparison.

* The experiment aimed to quantify perfor-
mance improvement of DiaSynth-fine-tuned

models and assess alignment with in-domain
data distributions.

* Models were fine-tuned for 2 epochs with a
learning rate of 5e-5 and a warmup of 50
steps.

The results presented in Tables 5 and 6 present
the performance of the base models, models fine-
tuned on in-domain data and models finetuned on
DiaSynth generated data. Models finetuned on Di-
aSynth data generally improves the performances
from the BERTScore and ROUGE-L metrics. Sur-
prisingly, for some models (LED and BART) the
QAGS scores were higher than the models fine-
tuned on DiaSynth. On further exploration, we
found out that these models extracted multiple sen-
tences from the given dialogue instead of gener-
ating a summary which led to high QAGS scores.
Comparing models finetuned on in-domain data
to those finetuned on DiaSynth data reveals that
DiaSynth finetuning generally enhances factual ac-
curacy, with BERTScore and ROUGE-L scores re-
maining comparable. The disparity in BERTScore
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and ROUGE-L results may be due to format varia-
tions. Models fine-tuned on in-domain data were
evaluated on summaries that matched the training
format closely, while DiaSynth-fine-tuned models
were trained on LLM-generated summaries and
evaluated on human-generated summaries, leading
to minor format mismatches. Comparison between
the different LLMs from Table 6, shows that GPT-
4o is better at generating dialogues and summaries
that are formal in nature while LLaMA-3 and open
source LLLMs would be better for generating dia-
logues that are informal and casual in nature.

After - Before

% Improvement = Before (1a)
Score DiaSynth
= 1b
% Coverage Score In-domain (1b)
Model % Improvement % Covered
distilbart-cnn 10.96 88.81
bart-base 9.21 90.6
t5-base 7.59 93.67
led-base-16384 2.14 89.68

Table 7: Summarization results on DialogSum

Model % Improvement % Covered
distilbart-cnn 6.07 87.25
bart-base 16.12 94.35
t5-base 30.04 87.36
led-base-16384 15.25 90.91

Table 8: Summarization results on SAMSum

To assess the percentage improvement and per-
centage coverage of the distributional character-
istics of the in-domain data by the synthetically
generated data, we use Equations la and 1b re-
spectively. We use the scores of models finetuned
on LLaMA-3 generated data because of its domi-
nance in both quality and usability. Across the 24
reported results, the overall coverage percentage
of the LLaMA-3 generated data is 90.48%. No-
tably, the QAGS scores of models fine-tuned on
synthetic data surpass those of models trained on
in-domain data, suggesting that synthetic data can
match or even exceed in-domain data performance
in some aspects. Excluding QAGS, the coverage
percentage is calculated to be 77.07%. In addi-
tion to the average percentages, we also present the
model wise percentage improvement and coverage

in Table 7 and 8. The results presented are with
respect to the dialogues generated using LLaMA-3
and they illustrate clear improvements for every
model, highlighting that even with moderate LLMs
of small scale (3B - 8B), high-quality synthetic di-
alogue datasets can be effectively created across
different domains and different dialogue formats.

6 Conclusion

In this paper, we introduced DiaSynth, a synthetic
dialogue generation framework capable of pro-
ducing high-quality, contextually rich dialogues
across a wide range of domains. Our experiments
demonstrated that models fine-tuned on DiaSynth-
generated data exhibit significant improvements in
downstream tasks, as evidenced by substantial in-
creases in BERTScore and ROUGE-L compared
to their base models. These results highlight the
potential of DiaSynth as an effective tool for gener-
ating dialogue data, particularly in domains where
training data is scarce.

Furthermore, our analysis showed that different
LLMs excel in different dialogue structures, with
LLaMA-3 performing better for informal dialogues
and GPT-40 for more structured settings. This in-
sight suggests that leveraging open-source LLMs
may be more advantageous for generating human-
like conversational data. Despite certain limita-
tions, such as varying LLM performance across di-
alogue types and knowledge gaps in zero-shot gen-
eration, DiaSynth presents a promising approach
to dialogue data generation and offers a valuable
resource for future advancements in building more
sophisticated and adaptable dialogue systems.

7 Limitations

Despite the promising results, our approach has
some limitations. Firstly, different LLMs exhibit
varied performance based on the dialogue structure,
with certain models like LLaMA-3 performing bet-
ter for more informal dialogues (e.g., SAMSum)
and others like GPT-40 excelling in structured, for-
mal dialogues (e.g., DialogSum). This indicates
that there is no single model that can universally
handle all types of dialogue structures, but a single
SOTA model can give stable and decent results like
LLaMA-3.

Secondly, the generation process may suffer
from a lack of knowledge on certain topics, es-
pecially in cases where the LLMs were not suf-
ficiently trained on those domains. Additionally,
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our framework relies on zero-shot generation for
personas and sub-topics, which, while flexible, can
sometimes result in less coherent or less accurate
persona simulation, as it is not fine-tuned for spe-
cific contexts.

Since LLMs power DiaSynth, hallucinations and
compute-need are two inherent limitations. We
present a detailed hallucination study in Appendix
A, which indicates that though the hallucinations
rates are acceptable, there is still scope for improve-
ments. These limitations suggest directions for fu-
ture work, such as combining LLMs to leverage
their strengths or incorporating more topic-specific
training to enhance knowledge coverage.
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A Hallucination Study

In addition to evaluating the quality and usability of
dialogues produced by DiaSynth, we conducted a
study on the phenomenon of hallucinations within
the generated dialogues. Hallucinations in lan-
guage models refer to instances where the output
contains misleading or incorrect information or sit-
uations where the model repeats the same content.
To evaluate the occurrence of hallucinations, we
compared the generated dialogues with their re-
spective summaries and assessed them using two
well-known hallucination benchmarks: SelfCheck-
GPT (Manakul et al., 2023) and ChainPoll (Friel
and Sanyal, 2023). This analysis provides insights
into the prevalence of hallucinations and informs
strategies for improving dialogue quality in future
iterations of DiaSynth. The results are presented in
Tables 9 and 10.

A.1 SelfCheckGPT

SelfCheckGPT quantifies the self-consistency of
LLM outputs by examining agreement across multi-
ple outputs from the same prompt. This assessment
reveals potential inaccuracies through metrics like
SelfCheck-BertScore.

The SelfCheck-BERTScore results for various
models show that hallucination levels are at worst
around 25%, which is acceptable but still indicates
areas for improvement. Across both datasets, Phi-3
demonstrates the most robustness, likely due to its
pretraining on structured, textbook-like data, which
may contribute to greater consistency and factual
accuracy.

A.2 ChainPoll

ChainPoll utilizes a chain-of-thought prompt-
ing approach to identify hallucinations by itera-
tively polling the model with structured reason-
ing prompts. This method systematically detects
both open-domain and closed-domain hallucina-
tions, where lower scores indicate fewer hallucina-
tions.

The ChainPoll scores indicate that hallucination
levels on these models are generally low, with the
best performance seen by GPT-40 on SAMSum,
which achieves the lowest score of 0.120, suggest-
ing minimal hallucinations. On the other hand,
LLaMA-3 scores higher at 0.237 on SAMSum,
indicating more frequent hallucinations. These
findings highlight different models’ strengths in
generating accurate and reliable dialogues.

A.3 Implications for DiaSynth

The results from both SelfCheckGPT and Chain-
Poll evaluations suggest that DiaSynth, when lever-
aging models like Llama 3, is capable of gener-
ating dialogues with relatively low hallucination
rates. However, specific models show variability in
performance across datasets, indicating that further
enhancements, such as fine-tuning or incorporating
additional guardrails, could improve DiaSynth’s
robustness in generating reliable dialogues across
diverse domains.

LLM ChainPoll SCGPT-BERTScore
Phi-3 0.198 0.791
InternLM-2.5 0.199 0.726
LLaMA-3 0.205 0.793
GPT-40 0.178 0.765

Table 9: Hallucination calculation for DialogSum few-
shot data

LLM ChainPoll SCGPT-BERTScore
Phi-3 0.154 0.785
InternLM-2.5 0.159 0.716
LLaMA-3 0.237 0.733
GPT-40 0.120 0.742

Table 10: Hallucination calculation for SAMSum few-
shot data
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B Scalability of DiaSynth

This section illustrates the scalability of DiaSynth
with a python program and examples.

Algorithm 1 Calculation of Total Dialogs Gener-
ated
1: procedure CALCULATETOTALDIALOGS(n,
m, p)

2: total_subtopics <— n X m
. ; : px(p—1)
3: dialogs_per_subtopic < ~—5—
4: total_dialogs <  total_subtopics X
dialogs_per_subtopic
5: return total_dialogs

6: end procedure

B.1 Example 1
* Number of topics (n): 10
* Number of subtopics per topic (m): 5
* Number of personas per subtopic (p): 3

Calculation:

Total subtopics =n x m = 10 x 5 = 50

-1 3x2
Dialogues per subtopic = b (]29 ) = >2< =

Total dialogues = 50 x 3 = 150

This setup generates 150 dialogues.

B.2 Example 2
* Number of topics (n): 20

* Number of subtopics per topic (m): 4
* Number of personas per subtopic (p): 5

Calculation:

Total subtopics = 20 x 4 = 80

5x 4
% _ 10

Dialogues per subtopic =
Total dialogues = 80 x 10 = 800
This setup generates 800 dialogues.

B.3 Example 3
* Number of topics (n): 15

* Number of subtopics per topic (m): 6

* Number of personas per subtopic (p): 10

Calculation:

Total subtopics = 15 x 6 = 90

1
0><9:45

Dialogues per subtopic =

Total dialogues = 90 x 45 = 4050

This setup generates 4050 dialogues.

B.4 Scaling Observations

* Linear Scaling with Topics and Subtopics:
Increasing the number of topics or subtopics
results in a linear increase in the total num-
ber of dialogues, making it straightforward to
expand the scope of dialogue generation.

* Exponential Scaling with Personas: The
number of dialogues scales exponentially as
the number of personas increases because
each additional persona allows for more com-
binations, making the framework highly scal-
able for complex scenarios.

* Practical Use Case: For specific domains
like academic, healthcare, or business, these
parameters can be adjusted to generate thou-
sands of dialogues to fit the needs of various
applications such as training chatbots, virtual
assistants, or dialogue-based assessments.

These examples illustrate DiaSynth’s potential
for rapid and scalable generation of dialogues,
which can be tailored to different domains by sim-
ply adjusting the input parameters.
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C Characteristics for the conversation

Table 11 shows different characteristics that we let
the LLMs reason and decide using CoT. Before
generating the dialogues, the LLMs are prompted
to first reason about the various characteristics list
for the dialogue given the topic and the personas
and how the LLMs reason are illustrated in Ap-

pendix D.
Characteristic Description
Age and Gender  Defines demographic de-

Familiarity Level

Emotional States

Formality Level

Duration of the
Conversation

Communication
Medium

Topic of the Con-
versation
Location of the
Conversation
Agreement
Disagreement
Natural Dialogue
Features

or

tails, influencing style and
tone.

Affects formality and depth
based on relationship be-
tween speakers.

Impacts tone and flow based
on emotions (e.g., happy,
sad).

Determines level of polite-
ness or casualness.

Suggests the intended
length and complexity of
dialogue.

Defines the medium (e.g.,
face-to-face, phone), influ-
encing style.

Guides the content and di-
rection of the dialogue.
Adds context influencing
formality and content.
Drives dialogue dynamics
based on agreement level.
Adds authenticity with
fillers, pauses, and slang.

Table 11: Characteristics of the Dialogue for CoT

Prompt
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D Example CoT environments These examples illustrate how CoT sets the var-
ious dialogue characteristics defined in Appendix
C. As can be seen in the examples, the character-

R 7= et erortion o metketng v aheizig istics for the conversation are completely changed
Persona1 manager at a mid-sized company looking to leverage Al based on the personas and the topics, resulting in
generated content to increase their social media presence . .
more grounded conversation generation. Future
Persona 2 A startup founder creating an Al-powered content generation platform for small
businesses and entrepreneurs to create high-quality marketing materials Works can further explore hOW CoT can be used to
Environment |- Age and gender of both personas: Both personas are likely to be in further break down to generate even more reallstlc

their 30s or 40s, with the marketing manager being a woman and
the startup founder being a man. This is because the marketing 4
manager is likely to have more experience in the industry, while the dlalogues .
startup founder is likely to be younger and more tech-savvy.

created by CoT

2. How familiar the speakers are with each other: The marketing
manager and the startup founder are likely to be acquaintances,
having met at industry events or conferences. They may have a
professional relationship but not a close personal one.

3. states of the The ling manager is likely to
be curious and open-minded, while the startup founder is likely to be
enthusiastic and optimistic. This is because the marketing manager is
looking for new ways to leverage Al-powered content generation, while
the startup founder is passionate about his product.

4. y level: The ion is likely to be i-fi I, with a
mix of professional and casual language.

5. Duration of the conversation: The conversation is likely to last around
15-20 minutes, as lhey d|scuss lhe potennal apphcatlons of Al-powered
content

6. C The ion is likely to take place
in-person at a conference or industry event, or via video conference.

7. Topic of the conversation: The topic of the conversation is Al-powered content
generation for marketing and advertising, with a focus on its potential applications
and benefits.

8. Location of the conversation: The conversation is likely to take place at a
conference or industry event, or at the startup founder's office.

9. or di on the vi ints of the ion topic: The
marketing manager and the startup founder are likely to have differing opinions on
the potential applications and benefits of Al-powered content generation, but they
will also be open to learning from each other and finding common ground.

10. Incorporation of natural human The cor ion will
include natural human dialogue characteristics such as fillers (e.g., "umm®, "uh"),
pauses, and slang where appropriate.

Figure 2: CoT Example 1

Topic Recommendations for book clubs and reading groups

Aretired English literature professor who has read over 500 books and is always looking

Persona 1 for new titles to recommend to her book club.

A stay-at-home mom who loves to read and is looking for book recommendations that

R e she can share with her friends and family.

Environment 1. Age and gender of both personas: Both personas are adults, with the retired English
created by CoT literature professor being an older aduit (around 60-65 years old) and the stay-at-home
mom being a younger adult (around 35-40 years old). The professor is a woman, and
the stay-at-home mom is a woman as well.

2. How familiar the speakers are with each other: The speakers are acquaintances,
having met through a book club or a reading group. They have a friendly and casual
relationship, but not extremely close.

3. states of the The retired is in a peaceful and calm stat|
having just finished reading a book and looking forward to discussing it with others.

The stay-at-home mom is in a relaxed and curious state, looking for new book
recommendations to share with her friends and family.

4. Formality level: The conversation will be informal, with a friendly and casual tone.

5. Duration of the conversation: The conversation will be relatively short, lasting around

0-15 minutes.

6. C icati i The ion will take place through a phone call or
video call.

7. Topic of the conversation: The topic of the ion will be book \dation|

for a reading group or book club.

8. Location of the conversation: The conversation will take place remotely, with the
speakers being in different locations.

9. or on the of the topic: The
speakers will likely agree on some book recommendations and disagree on others,
leading to a lively and engaging discussion.

10. Incorporation of natural human di istics: The cor ion will
include fillers (e.g., "umm", "uh"), pauses, and slang where appropriate to make it sound
natural and realistic.

The retlred professor, being an expert i |n Engllsn ||terature will likely dominate the
with her vast The stay-at-home mom
will ask questions and share her own thoughts and opinions, seeking to learn more
ahout the books and authors. The conversation will be a mix of book recommendations,
ions, and personal

Figure 3: CoT Example 2
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E Ablation study on the use of CoT

In this section of the appendix, we present the im-
pact of CoT in the dialogues generated by DiaSynth.
We generate two datasets without CoT, using Phi-3
using DialogSum and SAMSum as few-shot ex-
amples with 8 topics. Tables 12, 13, 14 and 15
compare the scores of dialogues generated with
and without CoT for the FED score and GPTScore
and it can be clearly that CoT tends to increase the
quality of the dialogues generated by DiaSynth.
We hypothesize that this improvement in quality
is due to allowing the LLM to set diverse charac-
teristics for the dialogue before generating the dia-
logue. This illustrates that either manually setting
the relevant context or letting the LLM on its own
to set the relevant context, we get better outputs,
as adding relevant context lowers the probabilities
of sequences that are not useful. The lower FED
scores of CoT generated dialogues in Table 14,
might be because of the CoT generated dialogues
being longer in length but it needs further research.

Criteria Without CoT With CoT
Coherent 0.9507 0.9521
Error Recovery 0.938 0.9424
Consistent 0.9424 0.9523
Diverse 0.9431 0.952
Depth 0.9451 0.9506
Likeable 0.0088 -0.0003
Understand 0.9317 0.9338
Flexible -0.0013 0.0001
Informative 0.0032 0.0009
Inquisitive 0.0095 -0.003

Table 12: FED scores of dialogues generated with and
without CoT for DialogSum few-shot

Criteria Without CoT With CoT
Coherence 0.0052 0.0284
Diversity 0.0120 0.0303
Flexibility 0.0074 0.0215
Understandability 0.0056 0.019
Inquistiveness 0.0162 0.0362
Consistency 0.0091 0.0366
Informativeness 0.0099 0.0168
Likeability 0.0029 0.0209
Depth 0.0062 0.0115
Error Recovery 0.0142 0.0242

Table 13: GPTScore of dialogues generated with and
without CoT for DialogSum few-shot

Criteria Without CoT With CoT
Coherent 0.9667 0.9125
Error Recovery 0.9577 0.9051
Consistent 0.9621 0.9163
Diverse 0.9586 09124
Depth 0.9589 0.9094
Likeable 0.0059 -0.0003
Understand 0.9503 0.8978
Flexible -0.0022 -0.0023
Informative 0.0110 0.0035
Inquisitive 0.0030 -0.0037

Table 14: FED scores of dialogues generated with and
without CoT for SAMSum few-shot

Criteria Without CoT With CoT
Coherence 0.0076 0.0324
Diversity 0.0172 0.0372
Flexibility 0.0116 0.0259
Understandability 0.0104 0.0272
Inquistiveness 0.0201 0.0389
Consistency 0.0149 0.0415
Informativeness 0.0148 0.0200
Likeability 0.0041 0.023
Depth 0.0078 0.0124
Error Recovery 0.0163 0.0289

Table 15: GPTScore of dialogues generated with and
without CoT for SAMSum few-shot

F Ablation Studies on Subtopics and
Personas

To further validate the effectiveness of the Di-
aSynth framework, we conducted ablation studies
by evaluating the impact of removing sub-topics
and personas from the data generation pipeline.
The goal was to assess their contribution to the
quality of the generated dialogues.

For these experiments, we generated approxi-
mately 960-1000 dialogues using Phi-3 and com-
pared three settings:

* subtopics: Removing sub-topics while keep-
ing personas.

* personas: Removing personas while keeping
sub-topics.

* diasynth: The full DiaSynth-generated data
with both personas and sub-topics.
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Metric subtopics personas diasynth Metric subtopics personas diasynth
Coherent 0.9252 09584 0.9536 Coherence 0.0106  0.0109  0.0325
Error Recovery 0.9022  0.9414  0.944 Diversity 0.0224  0.0191  0.0372
Consistent 0.9095 09512 0.954 Flexibility 0.0235 0.0141  0.0395
Diverse 0.9139 09512 0.9534 Understandable 0.0159  0.0252  0.0415
Depth 0.9193 09533 0.9521 Inquisitive 0.0334  0.0137 0.0415
Likeable 0.0069  0.007 -0.0005 Consistent 0.0192  0.0415 0.037
Understandable 0.8918  0.9339  0.9353 Informative 0.0228 0.0155 0.021
Flexible -0.0038 -0.0042 0 Likeability 0.0128  0.0075  0.0232
Informative 0.0096 0.0072  0.009 Depth 0.0187 0.0158 0.0126
Inquisitive 0.0129 0.0063 -0.0033 Error Recovery 0.0323  0.0213  0.029

Table 16: FED scores with DialogSum as base

Metric subtopics personas diasynth
Coherence 0.0118  0.0098  0.0286
Diversity 0.0246  0.0198  0.031
Flexibility 0.0239 0.0121 0.0193
Understandable 0.0137  0.0121  0.0363
Inquisitive 0.0358  0.0308  0.0363
Consistent 0.0175 0.0132  0.0369
Informative 0.0242 0.0155 0.0201
Likeability 0.0083  0.0076  0.0213
Depth 0.0216 0.0181 0.0117
Error Recovery 0.0337  0.0249  0.0342

Table 17: GPTScore with DialogSum as base

The ablation studies presented in Tables 16,
17, 18 and 19 demonstrate that the inclusion of
both personas and sub-topics significantly enhances
the quality of generated dialogues across FED
and GPTScore metrics. For both DialogSum and
SAMSum few-shot examples, dialogues gener-
ated with the full DiaSynth framework, incorpo-
rating both personas and sub-topics, achieved the
highest scores in coherence, diversity, and consis-
tency. This indicates that structured dialogue gener-
ation benefits from incorporating diverse sub-topics
while maintaining persona-driven consistency.

An interesting observation arises in Table 18,
where for the SAMSum dataset, the best-
performing configuration involved using only sub-
topics without personas. This deviation can likely
be attributed to the more informal nature of SAM-
Sum dialogues, where structured personas intro-
duce a formal communication style that does not
align well with the dataset. In contrast, in more

Table 18: FED scores with SAMSum as base

Metric subtopics personas diasynth
Coherence 0.0106  0.0109  0.0325
Diversity 0.0224  0.0191  0.0372
Flexibility 0.0235 0.0141  0.0395
Understandable 0.0159  0.0252  0.0415
Inquisitive 0.0334 0.0137  0.0415
Consistent 0.0192  0.0415 0.037
Informative 0.0228 0.0155 0.021
Likeability 0.0128  0.0075  0.0232
Depth 0.0187 0.0158 0.0126
Error Recovery 0.0323  0.0213  0.029

Table 19: GPTScore with SAMSum as base

structured datasets like DialogSum, the addition
of personas provides clear improvements, ensuring
dialogue coherence and natural flow.

Moreover, the largest improvements in quality
are seen in coherence, error recovery, and under-
standability, particularly when both sub-topics and
personas are included. While sub-topics alone
contribute significantly to improving diversity and
depth, their combination with personas enhances
overall dialogue quality. This suggests that dataset
characteristics play a crucial role in determining the
effectiveness of persona modeling, highlighting the
need for adaptive strategies in synthetic dialogue
generation. Ultimately, these findings reinforce
that DiaSynth-generated dialogues are robust and
adaptable, providing high-quality synthetic data
across both structured and informal conversational
settings.
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G Additional Methodological Details

G.1 Prompts for Dialogue and
Summarization Generation

The prompts used for dialogue generation were
carefully designed to guide the model in producing
contextually rich and persona-driven conversations.
The structure ensures that dialogues exhibit natu-
ral human-like characteristics, considering aspects
such as speaker familiarity, emotional states, and
formality levels.

For dialogue generation, the following detailed
prompt was used:

You are an expert dialog generator. The
following are examples of real-life dia-

logues.

example 1

Ydialogue” — 7 dialoguer”
example 2

Ydialogue” — 7 dialogues”

Use the examples as references and gen-
erate a dialogue between people with the
following personas:

personal — " personay”
persona2 — ” personas”

Characteristics of the dialogue - to be un-
derstood before generating the dialogue:
characteristics

- Assume the values for the characteris-
tics and provide an explanation for choos-
ing those values.

- These characteristics should be well
understood as they implicitly affect and
guide the conversation.

Chain of Thought Reasoning:

- Before generating the dialogue, reason
about the values for each characteristic
listed above.

- Explain in detail how each characteristic
will influence a hypothetical dialogue be-
tween persons with those characteristics
and personas.

- Ensure that the reasoning considers the
interactions between different character-
istics (e.g., how familiarity and emo-
tional state might interact).

- This reasoning and explanation must be
included between <cot> and </cot> tags.
Do not skip this step.

- The dialogue generated should be based
on the explanation provided.

This prompt ensures that the model generates
structured and realistic dialogues by incorporating
a reasoning step before dialogue generation. The
inclusion of CoT reasoning forces the model to ex-
plicitly consider multiple conversational attributes,
leading to more coherent and contextually appro-
priate responses.

This structured prompting approach enables the
generation of high-quality dialogues. The complete
list of prompts, including variations for different
tasks, is available in our public code repository.

G.2 Seed Topic Selection

The seed topics were selected to ensure diversity
across conversational scenarios. The topics used in
our experiments are as follows:

Remote Work, Book Recommendations,
Fitness Routines, Travel Destinations,
Career Development, Movie Reviews,
Video Games, Pets, Stock Market, Fash-
ion Trends, Online Education, Mental
Wellness, Climate Change, Sports, Arti-
ficial Intelligence, Food.

These topics were chosen from a mix of real-
world discussion trends and common conversa-
tional themes, ensuring broad coverage and rel-
evance for synthetic dialogue generation.

G.3 Hyperparameters for Generation
The hyperparameter settings for different stages of
generation are reported below:

Subtopic Generation:
max tokens: 2048

Temperature: 0.1 and

Persona Generation:
tokens: 2048

Temperature: 0.1 and max

Dialogue Generation:
max tokens: 4096

Temperature: 0.2 and

H Additional Downstream Task:
Response Generation

To further evaluate the utility of DiaSynth-
generated data, we conducted an additional down-
stream task: response generation. This task was

689



Model Before Fine-tuning In-domain Data Llama3 GPT-4o

t5-base 0.4003 0.6870 0.6572  0.6612
bart-base 0.5681 0.6875 0.6721  0.6630

Table 20: BERTScore evaluation of response generation models fine-tuned on synthetic and in-domain datasets.

included to validate the effectiveness of our syn-
thetic data beyond summarization. For these ex-
periments, we selected Llama3 and GPT-4o0 as
base datasets since they demonstrated superior per-
formance across both quality and summarization
metrics. We employed BERTScore as our evalu-
ation metric due to its effectiveness in measuring
the similarity between generated and reference re-
sponses. The results are presented in Table 20.

Both models show a significant improvement
in BERTScore after fine-tuning on DiaSynth-
generated data compared to the pre-trained base-
line, highlighting its effectiveness in enhancing
model performance. Additionally, models fine-
tuned on DiaSynth data achieve scores that are
close to those fine-tuned on in-domain data. For
instance, t5-base achieves a BERTScore of (0.6572
on Llama3-generated data and 0.6612 on GPT-40-
generated data, compared to 0.6870 for in-domain
fine-tuning. These results indicate that DiaSynth-
generated data serves as a viable alternative for
fine-tuning response generation models, perform-
ing comparably to in-domain data, even in low-
resource scenarios.
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