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Abstract

Written Multi-Party Conversations (WMPCs) are widely
studied across disciplines, with social media as a primary data
source due to their accessibility. However, these datasets raise
privacy concerns and often reflect platform-specific prop-
erties. For example, interactions between speakers may be
limited due to rigid platform structures (e.g., threads, tree-
like discussions), which yield overly simplistic interaction
patterns (e.g., one-to-one “reply-to” links). This work ex-
plores the feasibility of generating synthetic WMPCs with
instruction-tuned Large Language Models (LLMs) by pro-
viding deterministic constraints such as dialogue structure
and participants’ stance. We investigate two complementary
strategies of leveraging LLMs in this context: (1.) LLMs as
WMPC generators, where we task the LLM to generate a
whole WMPC at once and (11.) LLMs as WMPC parties,
where the LLM generates one turn of the conversation at a
time (made of speaker, addressee and message), provided the
conversation history. We next introduce an analytical frame-
work to evaluate compliance with the constraints, content
quality, and interaction complexity for both strategies. Fi-
nally, we assess the level of obtained WMPCs via human
and LLM-as-a-judge evaluations. We find stark differences
among LLMs, with only some being able to generate high-
quality WMPCs. We also find that turn-by-turn generation
yields better conformance to constraints and higher linguistic
variability than generating WMPCs in one pass. Nonetheless,
our structural and qualitative evaluation indicates that both
generation strategies can yield high-quality WMPCs.

Code & Dataset —
https://github.com/dhtbk/Constrained-SyntheticMPC

Extended version — https://arxiv.org/abs/2502.13592

1 Introduction

Multi-Party Conversations (MPCs), i.e., conversations in-
volving more than two participants (Branigan 2006), have
been studied across multiple disciplines. Research in con-
versational analysis and linguistics has focused on model-
ing interaction dynamics (Sacks, Schegloff, and Jefferson
1974; Wilson, Wiemann, and Zimmerman 1984), identify-
ing participant roles (Malouf 1995), or mapping emergent
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structural patterns in discourse (Gibson 2003). These studies
highlight both complexity and diversity of real-world MPCs,
where factors like turn-taking, speaker alignment, and social
context shape the flow of conversation.

The collection of MPC data has, however, strongly shifted
from in-person and online meetings to social media plat-
forms (Mahajan and Shaikh 2021), where large-scale data is
more accessible. However, this shift has introduced several
confounding factors. Social media platforms often enforce a
one-to-one reply structure, overlooking implicit addressees
and simplifying interaction dynamics; in natural conversa-
tions, in contrast, a turn is often directed to multiple par-
ticipants and the conversational structure is more dynamic.
Furthermore, the asynchronous nature of social media elimi-
nates overlapping turns, resulting in a well-defined sequence
of utterances. For these reasons, we refer to conversations
drawn from such platforms as Written Multi-Party Conver-
sations (WMPCs.) As a result, WMPC corpora derived from
social media platforms often lack structural diversity, which
severely limits their utility in analyzing real-world conver-
sational phenomena (Wei et al. 2023). This, in turn, affects
generation capabilities of current Large Language Models
(LLMs). For LLMs, trained on conversations from social
media and predominantly used in two-party interactions (i.e.
human-assistant use-cases), WMPCs represent a distribu-
tional shift, resulting in their underwhelming performance
in natural WMPC contexts (Tan, Gu, and Ling 2023; Penzo
et al. 2024b). The next generation of LLMs is, however, ex-
pected to engage in MPCs and excel in tasks like identify-
ing the appropriate speaker to respond to (Wei et al. 2023),
summarizing meetings (Kirstein et al. 2024) or even manag-
ing multi-agent scenarios (Wu et al. 2023). Recent studies
have explored their performance in social contexts (Ziems
et al. 2024; Chang et al. 2024), emphasizing the need for
large, representative datasets to train this novel generation
of LLMs and to ensure robustness across diverse and less
frequent interaction patterns (Lee et al. 2024).

One potential remedy for the lack of structural diversity
in WMPCs derived from social media data is to synthe-
size WMPCs, by explicitly constraining LLMs to generate
WMPCs with specific characteristics, such as number of
messages, number of speakers, speakers’ stance, output for-
mat or interaction rules. To reflect real-world conversational
complexity, generated MPCs should include varied conver-



sations, encompass different interaction patterns and topics
as well as provide rich speaker-addressee relationships, e.g.,
multi-addressee interactions.

In this paper, we propose generating synthetic WMPCs
using LLMs guided by constraints related to the above ca-
pabilities. We explore two generation strategies: (I.) One-
Long (OL) generation, where the LLM produces an entire
WMPC in a single step, and (11.) Turn-by-Turn (TT) gen-
eration, which constructs the conversation sequentially, one
turn at a time. A comparison of resulting WMPCs from both
strategies highlights the (potential) discrepancies between
(1.) how LLMs cast entire WMPCs to look human-like (OL)
and (11.) how they behave as participants in a WMPC (TT).
We propose a novel evaluation framework that combines
several quantitative and qualitative dimensions of generated
WMPCs, focusing on the extent of LLMs’ compliance to
provided content and structural constraints. We address the
following three key research questions:

RQ(1): Can LLMs be leveraged to generate large synthetic
WMPC datasets while maintaining compliance with pre-
defined constraints on dialogue structure and participants’
stance?

RQ(2): Which generation strategy (One-Long vs. Turn-by-
Turn) produces higher-quality WMPCs?

RQ@3): How can we effectively evaluate the variety and
quality of the generated WMPCs?

We test four popular LLMs and identify Llama3.1
(Team Llama et al. 2024) and Qwen2.5 (Team Qwen et al.
2024) as the best LLMs for complying the most with con-
straints. TT seems to generate more constraint-compliant
WMPCs than OL. Moreover, the WMPCs produced by TT
exhibit greater lexical variability and semantic coherence.
The generated WMPCs also present a higher structural com-
plexity than a widely-used corpus of “real” conversations
(Ouchi and Tsuboi 2016). Finally, a qualitative evaluation
shows that both TT and OL can produce high-quality WM-
PCs, rendering the choice of the LLM more important than
the choice of generation strategy.

2 Related Work

Mahajan and Shaikh (2021) categorize MPC corpora into
three types: Spoken Unscripted, Spoken Scripted, and Writ-
ten. In this section, we discuss unscripted MPCs (both Spo-
ken and Written).

Corpora containing transcriptions of spoken unscripted
MPCs typically rely on in-person meetings, e.g. AMI (Car-
letta et al. 2005) and ICSI (Janin et al. 2003). Non-verbal
cues, the physical environment and overlapping turns are el-
ements that significantly shape such interaction dynamics,
while these factors are typically absent in written interac-
tions. Moreover, these datasets lack addressee information,
making them unsuitable for our intended analyses.

Written MPCs (WMPCs), on the other hand, are charac-
teristic of online platforms where conversations unfold asyn-
chronously without overlapping.While social media allow
for rapid collection of large-scale WMPCs, these datasets
often come with incomplete interaction metadata. Many
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Figure 1: Example of a turn in a synthetic WMPC.

datasets record only explicit reply-to relationships, neglect-
ing implicit addressees and richer conversational dynam-
ics (Ouchi and Tsuboi 2016; Zhang et al. 2018; Chang and
Danescu-Niculescu-Mizil 2019). Wei et al. (2023) point out
that well-known WMPC corpora (Ritter, Cherry, and Dolan
2010; Baumgartner et al. 2020; Lowe et al. 2015) are use-
ful for response generation, but not for more interactive
tasks. Only most recent efforts focus on capturing conversa-
tional dynamics, i.e., going beyond text content (Penzo et al.
2024a; Hua et al. 2024). Among these datasets, the Ubuntu
IRC corpus (Ouchi and Tsuboi 2016) is the only dataset that
we can use as a comparison for this work. Indeed, it is pos-
sible to retain from the initial set of 700 000 WMPCs only
those with the same number of messages, number of users
and structural constraints as in our synthetic WMPCs, ob-
taining a set of conversations with a size comparable to our
synthetic datasets (details in Section 6.3).

Structural analyses of social communication networks
have primarily focused on interaction patterns across mul-
tiple conversations (Coletto et al. 2017; Garimella et al.
2018; Felmlee, McMillan, and Whitaker 2021). This con-
firms the relevance of such structures in studying conversa-
tion dynamics. However, our focus is on interactions emerg-
ing within a single conversation rather than across multi-
ple discussions, applying the same structural analysis tech-
niques.

To the best of our knowledge, the only existing attempt
at generating synthetic WMPCs was made by Chen et al.
(2023). However, their work primarily focused on conversa-
tions involving at most three participants, limiting the com-
plexity of interactions. In contrast, our study explores the
generation of WMPCs with four or more participants, lead-
ing to more elaborate discussion dynamics. While this in-
creased complexity allows for richer conversational struc-
tures, it also introduces a higher likelihood of generation er-
rors, necessitating a rigorous evaluation process to assess the
quality and consistency of the generated dialogues.

3 Synthetic WMPCs Generation

In our framework, a Written Multi-Party Conversation
(WMPC) consists of an ordered sequence of turns, where
each turn includes the speaker information (who wrote the
turn), the message (what the textual content of the turn is),
and the addressees (to whom the turn is directed), see for
example Figure 1. In this section, we first introduce the two
generation strategies we test (Section 3.1), followed by the
topics chosen for the WMPCs (Section 3.2), and finally the
constraints specified in the instructions for generating WM-
PCs (Section 3.3).



3.1 Generation Strategies

We test two strategies for generating WMPCs using
instruction-based models. Our main goal is to determine
whether LLMs behave differently when asked to generate
a WMPC as a unique narrative compared to acting as an in-
teractive participant within the conversation. With this moti-
vation, we use each LLM in two generation strategies:

One-Long generation strategy (OL). The LLM is
prompted to generate the entire conversation in one pass.
In this strategy, generation starts with a system input prompt
that defines all the constraints and the task, asking then to
generate the entire conversation. This strategy follows a one-
step, long-generation process, based on a single input con-
text.

Turn-by-Turn generation strategy (TT). Here the LLM
is prompted to generate the conversation incrementally, pro-
vided the conversation history. The model is prompted mul-
tiple times to perform one of three tasks: (I.) generate a
speaker, (II.) generate interactions between a speaker and
addressees (given the candidate speakers/addressees), or
(111.) generate a message (given the interaction). The pro-
cess begins with a system prompt specifying the constraints
and these three tasks. The model is first prompted to gen-
erate each speaker and assign them a stance on a contro-
versial topic. Then, the LLM generates a sequence of inter-
actions and messages (one at a time), iteratively augmenting
the WMPC: this means that the context provided to the LLM
increases monotonically in size with consecutive turns.

3.2 Topics

To generate a controlled set of synthetic WMPCs, we iden-
tify a set of controversial topics to encourage more polarized
and clear statements from speakers based on their assigned
stance. Specifically, following Li et al. (2024a), we select 38
topics and create two stance statements for each topic: one
reflecting a progressive perspective and the other a conser-
vative perspective. Finally, we instruct the LLMs to generate
conversations based on each of the resulting 76 statements
(see Appendix B at https://arxiv.org/abs/2502.13592).

3.3 Conversation Constraints

To ensure that the generated conversations feature rich in-
teraction patterns with diverse dynamics, we instruct the
model to follow specific constraints, described in the sys-
tem prompts created for each generation strategy (for de-
tails about how this was operationalized in prompts, see Ap-
pendix A).

Output Format: to enable automated analysis, the gener-
ated output must respect a structured JSON format with all
the information needed. So, each generated WMPC must be
a dictionary with two main keys, namely conversation
and speakers. The conversation field must include
a list of dictionaries, each with specific fields such as
speaker’s name, turn message and addressees, i.e.
the list of participants in the conversation to whom the mes-
sage is directed. The speakers field includes the speaker’s
name and the stance with respect to the conversation
topic.

32703

Interactions: these constraints refer to three requirements
in the generated WMPCs — all speakers appearing in the in-
teractions must be present in the speakers’ list (i.e., the LLM
should not invent a new speaker half way through the con-
versation); addressees must cover at least once also the
role of speaker; self-interactions, i.e. speakers sending a
message to themselves, are not admitted.

Speaker’s Contribution: all speakers in the speakers
field must be authors of at least one turn in the conversation.

Number of Speakers: In order to enable complex inter-
action structures, each WMPC must involve between 4 and
6 speakers.

Number of Messages: Each generated WMPC must in-
clude 15 messages across all speakers, with a maximum of
50 words per message.

Speaker’s Stance: We specify the exact number of speak-
ers for each stance (e.g., 2 with the pro and 3 with against
stance).

We additionally request that the first turn always ad-
dresses all participants: this ensures that the generated inter-
action graph is connected, as required for structural analysis
(see Section 4.3).

4 Evaluation Framework

We design an evaluation framework aimed at assessing dif-
ferent aspects of the generated WMPCs. It is composed of
four blocks, which we detail below.

4.1 Compliance with Constraints

The first dimension considered in the evaluation framework
is to what extent the synthetic WMPCs comply with the for-
mat and structural constraints given in the prompt. For each
generated WMPC, this framework must verify: (1.) the cor-
rectness of the Output Format; (11.) the correctness of the In-
teractions; (111.) the Contribution of each speaker; (1V.) the
Number of Speakers; (V.) the Number of Messages; (V1.) the
distribution of the Stance of the Speakers.

All the computed values must be compliant with the con-
straints presented in Section 3.3. Only for the Number of
Messages, we relax the constraint by considering valid WM-
PCs including less than 15 turns if they contain at least 2
messages per speaker (on average). Indeed, after a manual
check of the generated WMPCs, we noticed that shorter or
longer conversations may still represent high-quality data.
Each value is computed separately and then used to identify
how many WMPCs comply with all these constraints.

4.2 Analysis of Language Variability

A key risk for synthetic datasets is to suffer from low lin-
guistic variability, due to repetitive examples obtained when
using similar prompts (even if stochastic decoding is used),
an issue already highlighted for dialogical settings (Occhip-
inti et al. 2024). On the other hand, while generated WMPCs
should ideally be lexically rich, they should also be seman-
tically coherent, i.e. different WMPCs about the same topic
should exhibit a certain degree of semantic similarity.

To control for these aspects, we compute the following
three metrics:
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Figure 2: Overview of the metrics considered in our struc-
tural analysis.

Repetition Rate (Bertoldi, Cettolo, and Federico 2013),
which has already been used in synthetic conversational sce-
narios in the past (Bonaldi et al. 2022), measures the rate of
non-singleton n-grams within a cluster of WMPCs.

String Similarity between pairs of turns is computed us-
ing thefuzz library! and is based on Lehvenstein distance.

Semantic Coherence between pairs of turns is com-
puted by first embedding each turn with SentenceBERT-all-
MiniLM-L6-v2 (Reimers and Gurevych 2019) and then cal-
culating pairwise cosine similarity.

We first compute the above metrics at the level of topics
(i.e., across all WMPCs generated for the same topic) and
then average topic-level scores. We provide further details
on score computation in Appendix B in the extended version
of this paper available on arXiv.

4.3 Interaction Structure Analysis

To describe and quantify the structural complexity of inter-
actions in the generated WMPCs, we compute a series of
network metrics, focusing on node-level properties, dyads
(pairs of nodes) and triads (triplets of nodes), according
to standard practices in interaction network analysis (Pauk-
sztat, Steglich, and Wittek 2011; Felmlee, McMillan, and
Whitaker 2021). Following Penzo et al. (2024b), we rep-
resent WMPC interactions with an unweighted undirected
graph G, and a weighted directed graph G4, where the
weight of an edge corresponds to the number of messages
sent in the direction of the edge.

To measure the average activity of a node in the conversa-
tion, we compute two metrics. First, the Average Degree
Centrality in G,,, denoted as degq.,4(G,,), represents the
average number of speakers each participant interacts with,
regardless of direction. Second, the Average Out-going De-
gree in G4, denoted as outdegq,4(Gq), captures the average
number of speakers each participant interacts with having
a specific direction. Figure 2 provides a visual representa-
tion of degquq(G,) (graph A) and outdegqyq(Gq) (graph
B). Both averages are computed across all the nodes in the
conversation and normalized according to their maximum
possible values.

"https://github.com/seatgeek/thefuzz
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When two speakers, s; and so, reply to each other, they
form a cycle (Coletto et al. 2017), represented by a directed
edge e; from s; to sy and a reciprocal edge es from sy to
sy (graph C in Figure 2). If this back-and-forth exchange
continues multiple times, the edge weights w(e) and w(es)
will both become > 1. We refer to such recurring exchange
as consistent cycles (graph D in Figure 2). Based on this,
we compute the Reciprocity R(G,), i.e., the total number
of cycles between two nodes over all pairs of nodes in G,
and the Consistent Reciprocity R* (G), i.e. the number of
consistent cycles between two nodes over all pairs of nodes
in G4. Finally, to quantify how often speakers build “triads”
of interactions, we compute the Transitivity 7(G,,) (graph
E in Figure 2), i.e., the number of fully connected subgraphs
of size 3 divided by the total number of different subgraphs
of the same size in an undirected graph.

For all these metrics, higher values indicate more complex
interactions in a conversation. Indeed, higher reciprocity
(consistent or not) suggests more frequent back-and-forth
exchanges. Again, higher average degree values means that
speakers engage with more participants, while greater tran-
sitivity reflects denser connections, leading to the creation
of more interconnected speaker groups (Pauksztat, Steglich,
and Wittek 2011).

4.4 Qualitative Evaluation

As afinal assessment, we evaluate WMPCs qualitatively. We
run both a small-scale human evaluation and an “LLM as a
judge” assessment (Gu et al. 2024) for a large-scale analysis.
We ask two expert human annotators and an LLM to rate
a given WMPC along the following dimensions (inspired by
Chen et al. 2023) using a Likert Scale from 1 to 5: (1.) nat-
uralness, i.e., the quality of the overall flow, tone, and word
choice in the conversation; (11.) argumentability, i.e., how
well the conversation presents reasoned and well-argued po-
sitions; (I11.) speaker’s stance consistency, i.e., whether all
speakers maintain the stance assigned at the beginning of the
conversation; (IV.) speaker’s stance evolution, i.e., whether
speakers demonstrate a realistic and logical evolution of
their stance during the conversation or maintain their stance
consistently; (V.) addressee correctness, i.e., whether the as-
signed addressees align with the conversation context and
are logically appropriate; (V1.) addressee preciseness, i.e.,
whether addressees are precise and contextually appropriate
(messages should target the smallest relevant group of indi-
viduals). For further details see Appendix D and E.

5 Experimental Settings

To generate synthetic WMPCs, we compare four dif-
ferent instruction-based models, chosen for their com-
parable parameter sizes and compatibility with the
same prompt design. The models include Llama3.1-8B-
Instruct (Team Llama et al. 2024), Qwen2.5-7B-Instruct
(Team Qwen et al. 2024), Ministral-8B-Instruct?, and
OLMo-2-7B-Instruct (Team OLMo et al. 2024). For each
generation strategy (One-Long or Turn-by-Turn, see Section
3.1) we develop three distinct system prompts combining a

*https://mistral.ai/news/ministraux/



Model Llama3.1 Qwen2.5 Ministral OLMo2
Generation strategy OL T OL T OL T OL T
Output Format 7897 97.00 | 90.78 99.58 | 15.64 35.01 | 043 91.16
Interactions 7891 9349 | 90.72 99.52 | 1561 13.18 | 043 70.82
Number of Messages 78.93 7025 | 90.66 99.57 | 1557 13.10 | 043 71.68
Number of Speakers 29.56 97.00 | 39.18 99.57 | 10.22 13.04 | 0.21 71.88
Stance of the Speakers | 19.66 96.81 | 22.95 84.03 | 442 1.04 | 0.09 62.11
Contribution 72.87 9529 | 84.80 9043 | 1553 18.20 | 0.16 30.08
All Constraints 15.16 6652 | 20.32  77.72 4.34 0.87 | 0.04 19.39

Table 1: Number of generated WMPCs that are compliant with each constraint (percentage on the full set of 102 600 gener-
ations) for each LLM and strategy (i.e. OL = One-Long generation, TT = Turn-by-Turn generation). The final percentage of
WMPCs (last row) is the percentage of generations that satisfy all constraints.

more or less schematic task description and different exam-
ples of the output format. For details we refer to Appendix
A. For each combination of constraints, topic and system
prompt, we generate 75 conversations to account for the po-
tential variety of structures. In total we obtained 102600
synthetic WMPCs for each model and generation strategy.

6 Evaluation Results

We evaluate the generated WMPCs for each dimension of
the evaluation framework (Section 4).

6.1 Evaluation of Compliance with Constraints

We first address RQ(1), aimed at assessing whether syn-
thetic WMPCs can comply with the predefined constraints
described in Section 4.1. The results of the analysis are re-
ported in Table 1. We compare the output generated by the
four different LLMs, each following two strategies for gen-
eration (i.e. OL vs. TT). We report the percentage of gener-
ated WMPCs, out of the 102 600 in the initial set, that were
generated in compliance with the given constraint.

This first evaluation shows that Qwen?2.5 is the best model
to comply with the constraints, followed by Llama3.1. In-
deed, focusing on the best generation strategy, 77.72%
of the WMPCs generated by the former comply with all
constraints, while for Llama 3.1 this percentage drops to
66.52%. Ministral and OLMo2, instead, fail to satisfy all
constraints in the vast majority of generated conversations.
Concerning the generation strategy, TT generation is overall
better at complying with almost all the constraints.

The constraints where most settings encountered signif-
icant challenges were the Number of Speakers and Stance
of the Speakers. However, TT seems to be able to mitigate
these issues for LLMs except for Ministral. Based on these
findings, in the remainder of this work we will focus on
Llama3.1 and Qwen2.5 and perform all analyses on the sub-
set of WMPCs that satisfy all constraints.

6.2 Results of Language Variability

Table 2 summarizes the results on language variability (as
described in Section 4.2). The analysis shows that linguis-
tic variability at surface level is lower when WMPCs are
generated in a single pass (OL generation) and also seman-
tic coherence is lower compared to TT generation for both
models, i.e., Llama3.1 and Qwen2.5. This is probably due
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Model Llama3.1 Qwen2.5
Gener. Strategy oL T OL T
Avg. # words 11.94 26.58 | 9.67 14.15
RepetitionRate ({) 18.08 11.07 | 14.43 13.35
StringSimilarity () | 65.51 53.88 | 63.22 58.38
SemanticCoher. (1) | 0.606 0.636 | 0.588 0.604

Table 2: Results of language variability analysis.

to the fact that in TT settings, the LLM is explicitly required
to generate a turn by taking into account what immediately
precedes it, building a coherent conversation step by step.
Llama3.1 generates less repetitive WMPCs at surface level,
despite their turns being on average longer than Qwen2.5’s.
Also semantic coherence is generally better for Llama3.1.

6.3 Results of Structure Analysis

We report the results of the structure analysis for Qwen2.5 —
TT, i.e. the model providing the highest number of synthetic
WMPCs, in Figure 3. Results for Qwen2.5 — OL and for
Llama3.1 exhibit similar patterns, which are detailed in the
Appendix B.

Since one of our goals is to assess how synthetic WMPCs
compare to real WMPCs in terms of structural complexity,
we perform the same structure analysis on 13 714 WMPCs
extracted from the UbuntulRC dataset (Ouchi and Tsuboi
2016), a widely used corpus of conversations from an online
forum about software issues and troubleshooting. This sub-
set was extracted using the strategy in Penzo et al. (2024b) to
obtain all non-overlapping conversations with 15 messages
and 4, 5, or 6 speakers, ensuring each conversation formed a
single connected-component (in terms of interaction graph).
For each of the five network metrics introduced in Section
4.3, we plot in Figure 3 the Empirical Cumulative Density
Function (ECDF) obtained by analysing synthetic WMPCs
with 4, 5 or 6 speakers (i.e. nodes) and on all generated WM-
PCs, and we compare them with ECDF for UbuntulRC.

For all metrics, higher values indicate more complex in-
teractions. As shown by the median values, the UbuntulRC
dataset consistently exhibits lower values across all statis-
tics. Compared to UbuntulRC, speakers in our synthetic
WMPCs tend to interact with more participants. Also, pairs
of speakers tend to have more back-and-forth dynamics and
groups of speakers tend to be more interconnected. Addi-
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tionally, in our dataset, the distribution of conversations with
varying numbers of participants closely mirrors the overall
average, with no notable deviations. This finding holds for
all the model-strategy combinations and all metrics.

6.4 Qualitative Evaluation

The last analysis focuses on the quality of the generated
conversations and is conducted both manually and auto-
matically. Ideally, using LLM-as-a-judge would allow us to
quickly evaluate all synthetic WMPCs with limited effort.
However, we need to assess the quality of this automatic
multi-dimensional evaluation. So, we first select 96 WMPCs
(24 per model and generation strategy) via stratified sam-
pling balanced across topic and stance.

We then ask two human annotators with extensive experi-
ence in linguistic annotation to evaluate for each WMPC the
six dimensions described in Section 4.4 (addressee correct-
ness, stance consistency, etc.).

The average values assigned to each dimension on a Lik-
ert scale between 1 (poor quality) and 5 (perfect quality) on
the 96 WMPCs are reported in Table 3. We observe that all
dimensions have been evaluated positively, especially Nat-
uralness and Speaker’s Stance Evolution. The most chal-
lenging dimension is Addressee Preciseness, which is the
only dimension with an average score below 4 for all com-
binations. Neither of the two LLMs is consistently bet-
ter and neither of the generation strategies (OL vs. TT) is
superior to the other w.r.t all evaluation dimensions. The
inter-annotator agreement, measured via Krippendorff’s al-
pha (Krippendorff 2011) and Spearman’s correlation on all
96 WMPCs, shows high agreement on the stance-based di-
mension, medium for addressee-based ones and lower for
the content-based dimensions. We provide more details in
Appendix D.
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Model Llama3.1 Qwen2.5

Generation Strategy OL T OL T
Naturalness 446 4.29 | 4.33 4.00
Argumentability 3.98 417 | 3.83 3.52
Addressee Correctness | 4.02 4.10 | 3.92 4.21
Addressee Preciseness | 3.65 3.94 | 3.81 3.52
Stance Consistency 4.04 3.65 | 3.60 4.21
Stance Evolution 4.29 473 | 4.33 4.42

Table 3: Average results between the two human annotators
on 96 WMPCs (24 for each model-strategy combination).

We complement this manual evaluation with a large-scale
automatic LLM-as-a-judge evaluation with OpenAI’s 03-
mini model.?> We first assess whether it can be reliably used
to evaluate all six dimensions above. We therefore launch
LLM-as-a-judge on the same 96 WMPCs which were man-
ually evaluated and measure human-LLM agreement (full
details in Table 10 in Appendix D).

While Spearman’s correlation highlights a positive corre-
lation between LLM and both human annotators on all di-
mensions except for Addressee Preciseness, Krippendorf’s
alpha results are less consistent. Only the Speaker Stance
Consistency, i.e. whether the speakers comply with the as-
signed stance when entering the conversation, shows an ex-
tremely high agreement and correlation (Krippendorf’s al-
pha 0.80, Spearman’s correlation 0.76/0.78).

We therefore carry out a large-scale evaluation only on
the stance-based dimensions* using LLM-as-a-judge on 800
conversations (200 per model and generation strategy). Re-

3https://openai.com/index/openai-03-mini/
“We use LLM-as-a-judge also on the Speaker’s Stance Evolu-
tion, where correlation was still highly statistical significant.



sults are reported in Table 4 and, similar to the human eval-
uation, show that Llama3.1 and Qwen2.5 are comparable in
terms of performance and that they are able to generate WM-
PCs that present realistic evolution of speakers’ stance with
both generation strategies.

Model Llama3.1 Qwen2.5

Generation Strategy | OL T OL T
Stance Consistency | 4.15 3.76 | 3.99 3.64
Stance Evolution 4.64 4.46 | 4.62 4.68

Table 4: Results with LLM as a judge on 800 WMPCs (200
for each model-strategy combination).

7 Discussion

The analyses from the previous sections allow us to address
the three research questions from Section 1. With respect to
RQ(1), targeting the possibility to generate synthetic WM-
PCs following predefined constraints, our evaluation shows
that models with comparable parameter sizes can yield very
different performances. In this respect, Qwen2.5 is by far
the best performing LLM followed by Llama3.1. Indeed, it
is able to generate 77.72% of WMPCs compliant with all the
constraints provided in the prompt. The reason behind this
difference in performance cannot be clearly identified but
it likely depends on the quality of pretraining data. Look-
ing at other dimensions, however, there is no clear winner
between Qwen2.5 and Llama3.1. Although Llama3.1 gener-
ates less repetitive and semantically more coherent WMPCs,
our qualitative evaluation does not favor either model.

As regards RQ(2), aimed at finding the best generation
strategy between OL and TT, we observe that generating
WMPCs in a Turn-by-Turn fashion is consistently better
in terms of compliance with given constraints. This can be
related to recent advancements in handling long contexts:
generating shorter, multi-step outputs can be more precise
and reduce errors compared to relying on a single, long-
generation output. However, this advantage comes at the
cost of longer computational times (in our experiments, TT
took from 4 to 8 times more than OL, see Appendix C).
Using TT reduces also the repetitiveness of WMPCs while
generating conversations that are more semantically coher-
ent than OL. Our qualitative evaluation, in contrast, renders
TT and OL similarly viable.

To address RQ(3), concerning how we can effectively
evaluate the quality of generated WMPCs along different di-
mensions, we present a framework composed by four eval-
uation blocks, each targeting a specific aspect of WMPCs.
Beside linguistic variety, coherence and qualitative dimen-
sions such as naturalness and stance evolution, we introduce
anovel assessment of the structure of synthetic WMPCs. We
consider five network metrics and compute empirical cumu-
lative density function to compare them with the same val-
ues calculated from real WMPCs. We show that it is pos-
sible to steer the interaction structure in generated conver-
sations, which paves the way to the large-scale creation of
high-quality WMPCs with much more complex interactions
than what social media datasets offer.
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8 Limitations and Ethical Considerations

Our work presents some limitations. First of all, we focus
only on English, and the topics we select are typical of US-
centric polarized debates such as universal healthcare, right
to abortion and death penalty. It is possible that precisely be-
cause of these divisive topics, speakers in generated WMPCs
were able to discuss in a consistent way with respect to the
assigned stance. In the future, it would be interesting to ex-
tend our analysis also to topics on which speakers can have
more nuanced views, that are probably more challenging for
LLMs to imitate. Moreover, we generated WMPCs with 4, 5
or 6 speakers, and with a length of 15 turns. It may be worth
investigating whether looser constraints, allowing more or
less speakers, or longer and shorter conversations, can lead
to the creation of more “natural” WMPCs and whether the
evaluation results would still hold.

One of the main reasons behind research on synthetic
WMPCs is the need to comply with privacy concerns, es-
pecially when working with conversations extracted from
social media, to alleviate ethical issues related to sharing
personal information online. Still, we acknowledge that the
problem is not fully solved since basically all best perform-
ing LLMs are currently trained on social media data, and
synthetic WMPCs could include personal data as well (Li
et al. 2024b). Also, the creation of synthetic WMPCs is not
exempt from possible negative impact, for instance when
used for training malicious agents in social conversation sce-
narios.

Finally, the models we use are openly available and ac-
cessible to anyone. Our approach does not involve any form
of forced jailbreak or manipulation to elicit toxic behavior.
While it is challenging to verify the complete absence of
toxic language across large synthetic datasets, in the manual
evaluation of the dialogues we did not observe such phe-
nomena.

9 Conclusion

The creation of WMPCs widely relies on social media data
because of its abundance and accessibility. Due to plat-
form constraints and inherently asynchronous communica-
tion, however, such datasets poorly reflect the structural di-
versity of natural WMPCs.

In this work, we investigated the viability of generating
varied MPCs with LLMs, showing that (some) LLMs can in-
deed generate WMPCs that conform to structural constraints
(e.g., number of speakers and their stances). Models such as
Llama3.1 and Qwen2.5 can yield high-quality WMPCs un-
der varied constraints, both when prompted to (1.) generate
the whole WMPC at once or (II.) one turn at a time, given
all preceding turns in context.

This makes LLMs suitable for synthesizing large-scale
datasets for various types of conversations, addressing the
diversity of real-world WMPCs. Synthesized data can then
be further leveraged to fine-tune smaller models for various
discriminative tasks (e.g., next speaker or addressee predic-
tion). Our future efforts will exactly focus on synthesizing
use-case-specific WMPCs and evaluating their utility when
used as fine-tuning data for smaller discriminative models.
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