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Abstract
We introduce MUDIC, a novel dataset on task-based multi-user interactions in chatbots. Unlike most traditional
dialogue corpora that focus on one-to-one human—chatbot exchanges, this dataset captures conversations involving
two human participants engaging with a dialogue system. The data include diverse conversational contexts such
as shared group task, user intents, and mechanisms to deal with off-topic talk. MUDIC consists of 1,689 dialogue
exchanges between 20 groups and the chatbot. Each session is annotated with user id, interaction turns, and
intents and dialogue acts, enabling an analysis of group conversational dynamics. Consequently, the dataset
aims to support tasks such as multi-user dialogue modelling, intent disambiguation, and moderation behaviour,
which are relevant factors for the design of socially aware and fair chatbots. The dataset is available on Zenodo:

https://doi.org/10.5281/zenodo.19037937.
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1. Introduction

Chatbots have recently evolved from simple ques-
tion—answering systems to advanced dialogue
agents capable of engaging users in extended,
context-maintaining discussions (Singh and Namin,
2025; McTear, 2022). Despite this progress, most
existing research and datasets focus exclusively on
dyadic interactions—that is, conversations between
a single human user and a chatbot. In contrast, real-
world communication often involves multi-user or
group scenarios, involving multiple participants who
work together on a shared task and need to coordi-
nate their actions. This gap limits the capabilities of
contemporary chatbots to operate effectively in set-
tings where more than one user interacts with the
same system. A major reason for the rather slow
advancement is the absence of suitable training
data (Kuhail et al., 2024). To address this limita-
tion, we present MUDIC, a novel dataset designed
to capture the dynamics of group interaction with
a policy-operated chatbot. MUDIC contains con-
versations where two human users interact coop-
eratively to negotiate an appointment, discussing
features such as location, date, and time. In sum-
mary, the main contributions of this work are:

1. Presentation and description of a dataset of
authentic multi-user chatbot interactions in a
collaborative task-oriented domain, consisting
of 1,689 dialogue exchanges between users
and the system.
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Figure 1: Visualisation of a conversation as experi-
enced by User1.

2. Comprehensive annotations capturing key
characteristics of the conversation domain, in-
cluding extracted slot values from user input
and logs of the decision-making of the chatbot.
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3. Analyses and metrics employing RoBERTa
models for annotating different languages and
evaluating transitions between conversation
participants in multi-user environments.

Multi-user conversations pose unique challenges
for modelling a dialogue policy. Unlike dyadic inter-
actions, group conversations involve overlapping
user requests and shifts in topics. The chatbot must
be capable to track multiple user states, interpret
ambiguous input, identify task-relevant information,
and generate responses that are coherent and con-
textually appropriate to the group. Consequently,
we build and release MUDIC to provide insights
into designing chatbots that can assist during col-
laborative multi-user task-solving. An exemplary
conversation is shown in Figure 1.

The remainder of the paper is structured as fol-
lows: Section 2 reviews the related work, summaris-
ing some of the potential existing challenges in
multi-user chatbots and covering existing datasets.
Section 3 outlines the methodology and the data
acquisition protocol. Section 4 presents the differ-
ent files containing the records and the validation
procedures. Finally, Section 5 concludes the paper
by highlighting the main takeaways and proposing
directions for future research.

2. Related Work

Research in the field of dialogue systems and chat-
bots has mainly focused on one-to-one interactions,
in which a user interacts directly with an agent
(Rodriguez-Sanchez et al., 2025; Adamopoulou
and Moussiades, 2020). However, in many daily
life occasions, conversations happen in scenarios
with multiple parties involved, such as in meetings,
educational settings, or in other work-collaborative
environments. Despite initial intuitions of applying
the same approaches as in dyadic conversations,
multi-user conversations involve new challenges
that need to be addressed and studied. Previous
work (Wagner et al., 2025; Ganesh et al., 2023)
identified several challenges to be addressed when
developing models to handle multi-user conversa-
tions:

« Participant roles: In a multi-user conversation,
one of the first concerns is the existence of sev-
eral interlocutors, making it important to adjust
the dialogue flow and to identify the correct
addressee(s). In this context, also in-group dy-
namics may be relevant for the user roles, with
some users being more active versus some
behaving more passively (Kraus et al., 2024).

» Turn-taking: Another key challenge in multi-
user conversations is when the system is ex-
pected to take the turn. A turn-taking problem

is typically associated to the context in which
the chatbot is expected to engage in the con-
versation. For example, in some scenarios it
could be intuitive to switch turn between user
and system in a question-answer basis, such
as in therapy; however, in teaching or educa-
tional settings, in which the chatbot is acting
as a tutor, it is expected to interact more proac-
tively or provide longer conceptual explana-
tions than the learner, as it can be observed
in recent corpus with dialogues generated in
the educational context of a museum (Luna-
Jiménez et al., 2024).

+ Adaptation to context and user expectations:
An additional challenge involves the contin-
uos adaptation to the conversation, changing
topics effectively and selecting appropriate re-
sponses and actions aligned the users goals,
requests and preferences. As related work in-
dicates that effective dialogue adaptation is
improving the acceptance and efficiency of
chatbots (Li et al., 2023), we aim to investi-
gate different turn-taking mechanisms of the
system.

Due to the increased interest in researching
multi-user dialogue systems and to address before-
mentioned challenges, a number of datasets was
published to study and analyse dynamics with the
aim of developing systems that are able to handle
group conversations. A literature review of the ex-
isting datasets in English is provided in (Mahajan
and Shaikh, 2021), organising them by topic, size
(number of dialogues, words and length in hours),
modalities, tasks to study with the datasets (e.g.,
word sense disambiguation), level of formality and
data collection or aggregation procedures. Addi-
tionally, the authors indicated a series of future
directions to explore, such as dealing with different
languages. As in many other research areas, ad-
vances in Large Language Models (LLMs) led to
the development of performant multi-user chatbots
that employ LLMs for dialogue modelling and man-
agement, as in (Mao et al., 2024). The training data
used in that experiment, however, was synthetically
generated by a user simulator, while our aim is to
provide real user data. Despite the fact that LLMs
produce grammatically correct text, there is still lim-
ited understanding of how genuine and natural the
generated content truly is. While automatic metrics
and human evaluations can measure aspecits like
fluency, coherence, and relevance, they may not
always capture subtle nuances of authenticity or
naturalness that mirror human language use.

Among the most prominent human-to-human di-
alogue datasets is MultiwOZ (Budzianowski et al.,
2018). An extension of this corpus for multi-user
interaction has been presented in (Jo et al., 2023).
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Here, the authors used predicted rewrites of the
utterances of the original corpus to simulate multi-
user interaction. Although the rewritten utterances
were designed to be semantically and pragmati-
cally consistent with the original inputs, they may
not fully reflect actual multi-user dialogue patterns
found in real-world conversations. Our aim is thus
to collect authentic data in a realistic scenario.

Messenger services are frequently used for data
collection in dialogue research, as it offers a familiar
and easily accessible platform for natural language
interaction. While this method has been success-
fully applied to one-on-one conversations (Mamon-
tov et al., 2025; Fiorentini et al., 2024), we consider
it also appropriate for multi-user scenarios. The
following section explains the methodology used to
construct the dataset.

3. Building the Corpus

For the human-to-machine data collection, a multi-
user chatbot was developed based on our previous
work (Wagner et al., 2022). The system was em-
bedded in a goal-oriented group negotiation sce-
nario. More precisely, two users were given the task
to agree on location, date, and time for a meeting.
To enable assistance during task-solving, the chat-
bot was tracking user and group states, and gen-
erated responses based on four different dialogue
policies. In this following, we will introduce the
main steps and technical developments required
to obtain the data.

3.1.

For recording the dialogues, Telegram was selected
as the messaging application to create the multi-
user chatbot communication. One advantage of
this service is that it enables the setup and con-
trol of the chatbot via API. In our case, we imple-
mented the chatbot’s dialogue logic using the Rasa
framework'. It features components for Natural
Language Understanding and Dialogue Manage-
ment. Figure 1 demonstrates a possible user expe-
rience, showing how the chatbot provides support
during the interaction.

The dialogue policies of the chatbots were imple-
mented using data-driven methods including the
Transformer Embedding Dialogue (TED) model de-
scribed in (Vlasov et al., 2019). In addition, a deci-
sion tree was employed as an alternative basis for
decision-making in exceptional cases. Since this
approach did not require specific hardware or soft-
ware, we hosted the chatbot on a virtual machine
running on an Apache2 server in a cloud-based
setup. A more detailed description of the system
can be found in (Wagner et al., 2022).

Software and Recording Set-up

'https://rasa.com

3.2. Multi-User Chatbot Design

In this work, the multi-user chatbot relied on an
intent-driven architecture. This means that it was
necessary to define possible user intents as a first
step. Defining possible user intents was essential
to enable the chatbot to accurately interpret the
goal or purpose behind each user’'s message and
to select appropriate responses and actions.

Moreover, the response selection was guided by
dialogue policies that determined the most appropri-
ate action based on the context of the conversation.
Our chatbot applied one of four available dialogue
policies during each conversation. The policies
determine the turn-taking behaviour of the chatbot
and how assistance is offered to the group. Lastly,
the system actions are described shortly.

3.2.1. User Intents Definition

In order to handle all potential interaction types
that users may have with the system and each
other during a group conversation, we defined the
following users intents:

» Greetings and Endings: Some of the defined
intents were specifically designed to initiate or
conclude a conversation. In this category, the
following intents are included:

— ‘start’: signals the initiation of the conver-
sation.

— ‘stop’: indicates the end of the conversa-
tion.

— ‘greet’: for greetings at the start of the
conversation.

— ‘goodbye’: when the conversation is con-
sidered finished.

Affirmations or Negations: These intents repre-
sent input in which a user is either confirming
or rejecting proposals made during the con-
versation. These intents play an important
role in managing agreement and determining
whether additional discussion is necessary to
reach a final consensus. The following intents
fall within this category:

— ‘affirm’: for confirming a request (e.g.,
‘Yes’).

— ‘deny’: inverse of affirm, for rejecting of-
fers or proposals.

» Event Agreement Intents: As one of the tasks
in the multi-user scenario involves users agree-
ing on a meeting’s specific date and location.
To track how these interactions progressed,
it was necessary to define intents focused
on capturing relevant user inputs regarding
scheduling. The following intents belong to
this type:
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— ‘date_suggestion’: when the user sug-
gests a possible date for the meeting.

— ‘earlier’: to detect the intention of the user
to meet earlier than the meeting time pro-
posed.

— ‘later’: to detect the intention of the user to
meet later than the meeting time initially
proposed.

— ‘location_planning’: when the intention of
the user is to propose and decide about
places to meet.

— ‘move’: to move the appointment of the
decided event due to conflicts with other
events or meetings in their calendars.

* Further Intents: Since the conversations were
conducted in a real-world setting using the
Telegram messenger to collect interactions for
negotiating meetings, the system needed to
consider and react to user intents outside the
primary task. To address this, several intents
were implemented to manage the following sit-
uations:

— ‘off_topic’: when the utterance does not
match to the group task, e.g. talking about
the weather

— ‘out_of_scope’: when the utterance does
not match to any of the previously speci-
fied intents, e.g. when an emoji is used.

— ‘gif: when a GIF is sent as message by
the users.

— ‘help’: allowing the user to ask help from
the administrator of the system, e.g, for
troubleshooting technical problems.

— ‘otheruserreminder’: for providing instruc-
tions about the experiment protocol, e.g.,
remind users to answer in the group-chat.

— ‘nlu_fallback’: to handle errors in the Nat-
ural Language Understanding module,
which indicates that a repetition or clar-
ification by the user is necessary.

— ‘bot_challenge’: triggered when a user
asks the chatbot to perform a task unre-
lated to the scenario’s main task.

3.2.2. Dialogue Policies

Four distinct strategies for dialogue management
were developed and integrated into our chatbot to
introduce variability in the chatbot’s behaviour and
to investigate how users discussed under these
conditions. They model different interaction styles
and influence the way the system moderates the ne-
gotiation process between group members. More-
over, we aimed to observe their impact on the dia-
logue flow and outcomes of the task.

» Baseline: The chatbot remains passive until
a user explicitly requests help by typing mes-
sages such as ‘Help’. It does not initiate any
interaction.

 Notification: The system reacts whenever a
user mentions a location, date, or time, pro-
viding status information on users’ availabil-
ity without specifying which group member is
busy. It also periodically prompts users for
date, time, or location if not yet provided.

 Private Negotiation: In cases of scheduling
conflicts, the chatbot initiates a private mes-
sage to the affected user asking if they would
like to reschedule. If agreed, the calendar is
adjusted and the group is informed. Also peri-
odically prompts users for date, time, or loca-
tion if not yet provided.

» Group Negotiation: A more direct strategy
where the chatbot publicly notifies the entire
group of conflicts by naming the user who
is unavailable and asks if they would agree
to reschedule, encouraging group discussion
and resolution. Again, this policy includes peri-
odical prompts for date, time, or location if not
yet provided.

3.2.3. System Actions Definition

To enable the chatbot providing suitable responses
according to the intents of the users in different
moderation strategies, we also defined a set of
actions that the system is able to perform. The
system actions primarily manage user states and
focus on conflict resolution during negotiations for
scheduling meetings. They track which user is com-
municating, update confirmed information such as
dates and locations after user agreement, and val-
idate proposed dates against each users’ calen-
dar. Some actions handle denial of alternatives
and reminders, offer possible dates, and determine
whether system responses should be sent publicly
or privately. These actions are designed to ensure
cooperative negotiation, resolving scheduling con-
flicts by coordinating and confirming key meeting
details among users.

3.3. Data Acquisition Protocol

Prior to data collection, each participant was in-
formed about the data collection protocol and vol-
untarily signed a declaration of consent form, con-
firming their agreement to participate in the study
and to have their data published. Additionally, par-
ticipants were rewarded with €10 as compensation.
They were instructed that the experiment was ex-
pected to take approximately one hour. The study
was carried out in a between-subject design.
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During the experiments, participants were as-
signed manually to a group chat in Telegram in
teams of two, plus the chatbot to solve the given
task. As already mentioned, the task consisted of
negotiating an appointment. Users were asked to
agreeing on a day, a time, and a meeting location
within the next week. They were provided with a
specially prepared Google calendar, which was al-
ready filled with a set of appointments, but also
contained unoccupied time slots. Initially, the users
were instructed how to use the system and that they
could ask for assistance during their negotiation.
The users were able to propose specific dates for a
meeting or ask for suggestions. If a proposed date
has been already blocked for at least one person,
the chatbot informed about the conflict and also
suggested a free time slot. If a user rejected this
proposal, the system automatically marked the slot
in the calendar. After having agreed on a time slot,
users had to discuss the location of their meeting.
For this, the bot is able to offer a list of options (e.g.,
gym or restaurant). If one or more users did not
write anything for a longer time, the chatbot started
to motivate them to rejoin the discussion. After fin-
ishing one negotiation, it was possible to repeat
for another meeting. For the data collection, all
teams randomly experienced two dialogue strate-
gies during their experiment. Fallback actions were
added to all policies in case of misunderstandings
or if the user input could not be categorised. Since
we manually added participants to the chat groups,
we were able to ensure that all conditions had the
same number of teams assigned and thus were
balanced.

4. Dataset Format

The MUDIC dataset contains 1,689 authentic ut-
terances from 38 group appointment discussions
following the four dialogue strategies commented
on before. The corpus has been recorded and
curated to maintain a balanced distribution of the
dialogue policies. This ensures fairness within the
dataset and may help preventing bias in subse-
quent analyses or model training related to specific
dialogue strategies or following them in generation
tasks.

For the data collection, 40 individuals (45 % fe-
male) with an average age of 25.6 (SD = 8.5) were
recruited, including students and external partici-
pants from diverse professional backgrounds. An
overview of the descriptive statistics of MUDIC is
shown in Table 1. The dataset uniquely identifies
each dialogue using a ‘dialoguelD’ and is organised
in multiple files with the following content:

» rawData.csv: This file contains the raw data of
the conversations after anonymisation. Specif-
ically, it has seven columns: ‘id’, ‘sender_id’,

Description Amount
Number of dialogues 37

Number of utterances 1689
Users interactions 919
System interactions 690

Admin interactions 80
Vocabulary Size 668
Description Count
Avg./Std. Words per User Utterance 3.43 £ 3.51
Avg./Std. Words per System Utterance 17.82 + 16.63
Avg. Turns of Users 12.00

Avg. Turns of System 19.56

Table 1: Descriptive statistics of conversations in
the MUDIC dataset.

‘type_name’, ‘timestamp’, ‘intent_name’, ‘ac-
tion_name’, and ‘data’. Each of the columns
represents:

— ‘id’: this field stands for the identifier of the
state of the conversation, including any
intent or system actions (even for those
passive, e.g. ‘action_listen’).

— ‘sender_id’: this field is the internal Tele-
gram ID assigned to the participants for
the application, so there is one per dia-
logue or chat.

— ‘type_name’; this field contains the name
of the events that happen during the dia-
logue and the interactions.

— ‘timestamp’: this field has the time at
which each of the events of the dialogue
occurs.

— ‘intent_name’: this column contains the
intent of the user, hence only available
when there is an event triggered by the
user, being null otherwise.

— ‘action_name’: This field has information
about the actions of the system, which
could include filling in an ‘slot’ or taking
an action by the system.

— ‘data’: this field contains the history
of the conversation and the fulfilled
slots and events. One example of
this field is: ‘{'event’: ‘slot, ‘times-
tamp’: 1625914004.5979762, ‘name’:
‘confirmed_location’, ‘value’: ‘gym’}.

— ‘dialoguelD’: this field indicates the di-
alogue identifier. The format of the
identifiers is ‘< NumberO f Dialogue >
_Session_ < PolicyID >’, in which
PolicyI D is 1 for the ‘Baseline’, 2 for the
‘Notification’, 3 for the ‘Private Negotiation’,
and 4 for the ‘Group Negotiation’.
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+ databaseComplete.csv: This file contains all
the dialogues recorded on the different ses-
sions. It has 8 columns with the ‘DB _id’, ‘di-
alogue_ID’, ‘utterance_id’, ‘timestamp’, ‘utter-
ance_text’, ‘dialogue_intent’, ‘system_action’
and ‘party’. Both ‘DB _id’ and ‘dialogue_id’
are identifiers of the database and session
of the recordings; next, the ‘utterance_id’ col-
umn contains the index of each utterance in
the database. Next, the timestamp column
contains the timestamp informing when the
utterance took place. The column named ‘ut-
terance_text’ contains the actual text typed
by the user or the system. The following col-
umn is reserved for the ‘user_intent’ which
are described in detail in Section 3.2.1. The
‘'system_action’ column contains the actions
that the system could perform according to
the selected dialogue policy. Lastly, the ‘party’
indicates which role the speaker had in the
interaction.

+ languageMetrics.csv: This file contains the re-
sults of the metrics performed as part of the
Language Detection of the technical validation.
It contains information of the utterance, plus
two additional columns with the language of
the utterance and the confidence score. The
subsequent analysis of collected data is de-
scribed in the next section.

4.1.

To better understand the overall interaction dynam-
ics of the collected conversations, we computed
an average transition matrix combining the results
from the four dialogue policies. The aim was to
summarise the probability distribution of utterance
transitions between participants. Higher values in-
dicate more frequent turn-taking patterns between
these party members, which is illustrated in Table
2. The averaged matrix reflects the general dis-
tribution of utterance transitions between different
participants (Usery, Usery, System, and Admin)
throughout the dialogues. The individual matrices
for each dialogue policy will be listed in the ap-
pendix. In summary, the selected policy had influ-
ence on which addressee the participants selected.

Moreover, Figure 2 displays the Sankey diagram
of the dialogue flow in which we consider as source
the utterance,(U;) and as target the subsequent
utterance;+1(Upy1). Each of the lines represents
the following response by one of the users of the
system (User; or Users), the agent (System), or
the administrator of the system (Admin). The ad-
ministrator interventions are limited to those cases
where users needed off-task assistance, instruc-
tions, or to reset the conversation. However, they
are included in the graph for a better understanding

Participant Transition Analysis

U\Ut41 | Start User1 Usera System Admin
Start - 78.61 - - 21.39
Usery - 13.95 1744 6725 1.37
Usera - 15.36 1795 64.02 219

System | — 40.29 4497 9.53 5.72

Admin | — 30.85 16.24 32.06 21.85

Table 2: Average matrix of users’ utterance ad-
dressees considering utterance; and utterance;yi
in percentage across the four dialogue policies.

of the dialogue flow in each scenario and to anal-
yse the interactions between participants and the
system. Additionally, we included an initial state
called start as the starting point of the dialogue at
timestep 0. The values (and width of the intercon-
nection lines) are normalised by the total number of
interactions starting from each party (including Ad-
min and the System) at the utterance;. Again, we
display an average value for all dialogue policies.

4.2. Post-Processing

In addition to the acquisition of the data, several
filters were applied in order to anonymise the data
and identify in which language the participants
spoke, as well as to detect informal expressions.

Anonymisation : As a first step, we ensure that
the data was anonymised by inspecting when the
name of one of the participants appeared in the
dialogues. Since one of the features of the chatbot
was to address the participants by their first names,
this occurred frequently. To remove any names, we
lowercase the text in the utterances and checked
whether the names appeared in our vocabulary. In
case the name appeared in the vocabulary, it was
substituted by the token < FEMALE NAME >
when the name was a female name and by the
token < MALE NAME > when it was a male
name.

Text Normalisation. For normalising the text,
we only applied conversion to lowercase given that
we were interested in maintaining the language as
natural as possible, and also considering that the
emojis or other ways of communication would be
relevant for the dialogue. In particular, no changes
on punctuation was made.

Language Detection. As the participants of the
experiments were English and German speakers,
we performed an analysis of the languages em-
ployed. In a first filtering round, we employed a
XLM-RoBERTa transformer model with a final clas-
sification head on top to detect up to 20 different
languages (Conneau et al., 2020)? to extract a first
estimation of the existing languages in the dataset.
We obtained the output that appears in Table 3. Af-

Zpapluca/xim-roberta-base-language-detection’
model available on Huggingface
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Figure 2: Averaged Sankey diagram for the dialogue policies considering connections of utterance; —

utterances 41

ter this first analysis in which we saved the detected
language and the confidence of the model, we per-
formed a second manual filtering round in which
we inspected the utterances with a number of repe-
titions lower than 16, plus those non-expected lan-
guages as Urdu and Swabhili. In this second round,
we substituted the wrong predictions and added
1.0 in the score column for those values manually
annotated and accepted. At the end of the scan-
ning, we finished with only two languages: English
and German, with 1659 and 30 utterances, respec-
tively. In the second manual inspection, we ob-
served that several of the misclassified utterances
contained abbreviations (e.g., ‘thx’, ‘Wbu’), laughs
(e.g., ‘hahaha’), numbers (e.g. ‘8’), natural informal
language (e.g., ‘'yoo’), or emoijis, which may explain
why other, unrelated languages were predicted in
a few cases.

5. Conclusion and Future Work

In this paper, we presented the multi-user dataset
MUDIC in the task-based domain of appointment
negotiation. The data was acquired through in-
teractions of two users with a chatbot across four

ISO code | Language | Number of Samples
en English 1409
ur Urdu 132
swW Swabhili 93
de German 27
hi Hindi 15

it Italian 5
nl Dutch 4
bg Bulgarian 1
es Spanish 1
pt Portuguese 1
pl Polish 1

Table 3: Classification of utterances per language.

different dialogue policies. The corpora contains
informal utterances and was analysed to assess
temporal evolution between dialogue exchanges.
The analysis revealed a strong predominance of
user—system interactions, with individual user ut-
terances commonly followed by system responses.
This pattern indicates that the conversation flow is
largely reactive, centring on the system’s role as
a mediator or assistant rather than as an initiator
in multi-user exchanges. Although administrative
and cross-user transitions occur less often, their
presence demonstrates that some degree of co-
ordination needs to be maintained. In conclusion,
MUDIC provides a valuable linguistic resource to
explore human-computer interactions and changes
in user behaviour with respect to the system policy.
For future work, we intend to conduct experiments
involving three or more users, and potentially more
languages and conversation domains in the inter-
actions. We also plan to investigate the integration
of policy-driven dialogue control with LLMs, aiming
to combine structured dialogue management with
the generative capabilities of such models.

6. Limitations

Although the dataset contains realistic and natural
conversations of users, it also has certain limita-
tions. First, although the dataset was collected in
English, the test users were mainly native German
speakers. Moreover, users were asked to interact
within a controlled, predefined task scenario. Ad-
ditionally, coordinating the data collection process
proved challenging, as organising suitable group
sessions was difficult and ultimately resulted in a
rather small dataset size.
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