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Abstract

This paper investigates proactivity, a characteristic phenomenon of collaborative human-human
interaction, where a participant in the dialogue offers the addressee some useful and not explicitly
requested information. More precisely, a proactive behaviour is: (i) self-prompted and not simply
reactive, that is, the speaker does not act merely in response to the requests the other participant
has made; (ii) somehow effective for the achievement of the dialogue goal, since the speaker has a
long-term, goal-directed behaviour that predicts future states and needs. Proactivity has been poorly
investigated from a theoretical point of view, and there is a general need of empirical data for both
quantitative and qualitative research. The paper provides an extensive analysis of proactivity in sev-
eral human-human task-oriented dialogic corpora, selected with different characteristics, including
chat exchanges and telephone calls, collection modalities such as natural setting and Wizard of Oz,
and two languages, Italian and English. The main result is the D-Pro Corpus, a new resource man-
ually annotated at the utterance level with proactivity and dialogue acts, which allows to investigate
proactivity in the context of task-oriented dialogues. There are several findings from our empirical
investigation of proactivity: (i) we find that about 20% of turns in our corpus are proactive turns,
showing that this is a very diffused and relevant phenomenon; (ii) we confirm the non-reactive
nature of proactivity, highlighting the presence of a pattern where a turn in the dialogue triggers
a reaction in a following turn and a proactive utterance is then added to the turn; (iii) we show
that only a limited number of dialogue acts are actually involved in expressing proactivity, and
we discuss the theoretical implications of this finding; (iv) we empirically confirm that proactivity
has a crucial role in recovering from goal-failure situations, contributing to the effectiveness of the
whole dialogue; (v) we support the intuition of a non-uniform distribution of proactive utterances
throughout the dialogue. Our empirical findings and the D-Pro Corpus provide relevant insights for
deeper theoretical investigations, as well as crucial resources for improving proactivity in current
task-oriented dialogue systems.
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1. Introduction

Human dialogue is a complex interaction characterised by systematic, coordinated behaviours and
a collaborative effort on the part of each participant to communicate (Ellefson, 2021). Collaborative
behaviours in dialogue refer to the various actions and strategies employed by participants to adapt
appropriately to each other and work together towards effective communication, shared understand-
ing, and the achievement of conversational goals. There are several collaborative behaviours that
have been individuated, which include grounding (Clark and Schaefer, 1987, 1989; Clark and Bren-
nan, 1991; Clark, 1996), clarification requests (Purver et al., 2003a,b), backchanneling (Shelley and
Gonzalez, 2013), proactivity (Strauß and Minker, 2010; Balaraman and Magnini, 2020a,b), refor-
mulation (Fetzer, 2006), giving examples, and convergence / divergence / maintenance (Giles and
Ogay, 2006). However, although some of such collaborative behaviours have received attention,
particularly from the perspective of the development of computational dialogue systems, most of
them are still under-investigated in recent data-driven approaches to dialogue models, resulting in
a substantial under-representation of collaborative behaviours in human-machine dialogues. This
situation is quite evident in the area of task-oriented dialogues (Mctear, 2020; Louvan and Magnini,
2020; Balaraman et al., 2021) and conversational search (Radlinski and Craswell, 2017), where,
despite the huge application-oriented interest, there is a gap of empirical studies on collaborative
phenomena.

The purpose of this study is to investigate proactivity, a collaborative phenomenon representing
a fundamental property of human interaction. Proactivity can be regarded as the ability to provide
the addressee with some useful, yet not explicitly requested information. In Example (1), an excerpt
from a human-human dialogue between a Client (C) and an Agent (A) is reported; the Agent, in ut-
terance U19, reacts to a question about a point of interest (Does it have an entrance fee?) answering
the question (That information is not available to me). In the same turn, in utterance U20, the Agent
takes a non-requested, non-reactive initiative, providing a phone number, which was not explicitly
required. We regard utterance U20, marked with PRO, as a proactive utterance.

EXAMPLE (1)

C: U18 Does it have an entrance fee?

A: U19 That information is not available to me.
U20 [PRO] The phone number is 00872208000.1

Although we have an intuition that proactive behaviours are widespread in human dialogues,
to our knowledge there is a lack of quantitative and qualitative analysis supporting this intuition.
In our investigation we focus on task-oriented dialogues, because we believe that their inherent
collaborative nature (participants jointly aim at and contribute to the achievement of one or more
communicative goals) should encourage proactivity. We address the following research questions:
(i) what is the amount of proactive utterances in task-oriented dialogues? (ii) is there a relation
between proactivity and the dialogue acts employed by the dialogue participants? (iii) are there
typical linguistic markers of proactivity? (iv) how is proactivity distributed along the flow of a
task-oriented dialogue?

To address our research questions, we start by formulating an operative definition of proactivity,
that we then use to annotate a selected sample of human-human task-oriented dialogues. In the

1Example taken from the MultiWOZ 2.2 corpus, cfr. Zang et al. (2020). A = Agent, C = Client.
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annotation effort, we focus on a few relevant aspects of proactivity, including the relation between
proactivity and dialogue acts, goal-failure situations, and the relation with utterances that typically
precede proactivity. As for the data, we exploit five already existing task-oriented dialogue col-
lections, with different characteristics in terms of language, conversational domain, media used for
exchanging turns, and collection modalities. The resulting annotated corpus (called D-Pro Corpus2)
is freely distributed for further research, thereby compensating the absence of quantitative studies on
the presence of proactivity in task-oriented dialogue corpora, especially with regards to the Italian
language.

There are several findings from our empirical investigation of proactivity: (i) we find that about
20% of turns in our corpus are proactive turns, showing that this is a very diffused and relevant
phenomenon. In addition, we find that proactivity is more frequent in spontaneous corpora (e.g.,
social media chat) than in corpora collected through a guided process (i.e., Wizard of Oz); (ii) we
confirm the non-reactive nature of proactivity, highlighting a pattern in which a turn in the dialogue
triggers a reactive utterance in the subsequent turn, followed by the addition of a proactive utterance
to the triggered response; (iii) we show that only a limited number of dialogue acts are involved
in expressing proactivity, with the vast majority of proactive utterances serving the communicative
intent of providing information (60%), suggestions (13.9%), or offers (12.5%); (iv) we empirically
confirm that proactivity has a crucial role in recovering from goal-failure situations, contributing
to the effectiveness of the whole dialogue; furthermore, that dialogues characterized by higher lev-
els of proactivity experience the fewest instances of failure; (v) we provide evidence supporting
the intuition that proactive utterances are non-uniformly distributed throughout the dialogue, with a
higher concentration observed in the central segments. Our empirical findings and the D-Pro Cor-
pus provide relevant insights for deeper theoretical investigations, as well as crucial resources for
improving proactivity in current task-oriented dialogue systems.

The paper is structured as follows. Section 2 situates proactivity in the context of linguistics and
natural language processing. Section 3 introduces the definition of proactivity we adopt in our study
and presents our annotation scheme of proactivity, while Section 4 provides information about our
source corpora and the resulting D-Pro Corpus, including statistics about the number of dialogues,
turns and utterances it contains, and its lexical richness. In Sections 5 and 6, we discuss the results
of the annotation of proactivity at the utterance-, turn-, and dialogue-act levels. Finally, in Section 7
we investigate how proactive utterances are positioned within the flow of a task-oriented dialogue.
In 8 we report our concluding observations and ongoing work.

2. Background and Related Work

Collaborative behaviour in dialogue refers to participants’ various actions and strategies to work
together towards effective communication, shared understanding, and attainment of conversation
goals. These behaviours help maintain the flow, coherence, and relevance of the dialogue while
ensuring that all participants have the opportunity to contribute and be heard.

As referenced in the Introduction, among the most prominent linguistic techniques that partici-
pants can use for collaborative purposes in a dialogue, we find proactivity. Derived from the defini-
tion of proactivity in organisational behaviours (Grant and Ashford, 2008), the term proactivity has
been used in Natural Language Processing since at least Li et al. (2016) to refer to conversational
agents’ capability to create or control the conversation by taking the initiative and anticipating the

2https://github.com/sofiabrenna/d-pro_corpus
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impacts on themselves or human users, rather than passively responding to the user’s request (see
Deng et al. (2023) for an overview).

From a theoretical point of view, the concept of collaborative behaviour - within which proac-
tivity is couched - is not tied to a single theory but instead emerges under different terminologies
in different traditions of studies, including philosophy and pragmatics. Among the first systematic
attempts to specify the rules governing participants’ collaborative behaviour in human interactions,
we recall H. Paul Grice’s cooperative principle and maxims of conversation (Grice, 1975, 1989),
the latter often interpreted as a way of spelling out what the principle itself articulates. Grice’s main
focus, however, was not to provide a fully-fledged theory of cooperation in human interactions but
rather to account for how participants in a communicative exchange derive the implicated meaning
of their interlocutors’ utterances, particularly in cases where there is no apparent relation between
the utterances.3 The work of J.L. Austin (Austin, 1962) and J. Searle (Searle, 1969, 1975) inte-
grates Grice’s contribution by identifying a typology of speech acts and illocutionary forces and by
examining their application condition in detail. Their proposal has been taken up in computational
linguistics under the label of dialogue act (Stolcke et al., 2000), conversation act and intent (Bunt
et al., 2010; Bunt and Girard, 2005; Bunt, 2006; Traum and Hinkelman, 1992).

In other works originating from the social psychology of language, the concept of accommo-
dation has been put forth, which offers a theoretical framework for analysing proactivity in NLP.
Accommodation is the process of modifying one’s communication style, vocabulary, code, and tone
(including politeness, Brown and Levinson (1987); Bargiela-Chiappini (2003)) to better align with
a conversation partner (cf. speech accommodation theory (Giles et al., 1973; Giles, 1979; Giles
et al., 1991; Giles and Powesland, 1997; Burt, 1994; Scotton, 1988) and communication accommo-
dation theory (Giles and Ogay, 2006)). This adaptation facilitates understanding, promotes effective
collaboration, and fosters a positive interactional atmosphere. Accommodation has already been in-
vestigated in the design of spoken dialogue systems (cf. vocal accommodation in Raveh (2021) and
prosodic accommodation in De Looze et al. (2014)).

A significant body of work has also been dedicated to the concept of participant initiative in a
dialogue. According to Traum (1997), a speaker would have the initiative if the speaker had the
choice as to the content of the utterance, while the other speaker would have the initiative if the
speaker had to frame the utterance in response to speech by the other speaker. This concept is
closely connected to proactivity, since being proactive inherently requires taking the initiative to
anticipate future needs, rather than responding reactively. Initiative has been studied in dialogue
and discourse analysis in several contexts, for example in task-oriented and advisory dialogues
(Whittaker and Stenton, 1988; Walker and Whittaker, 1990), in learning environments (Core et al.,
2003; Kersey et al., 2009), in overlaps of speech (Yang and Heeman, 2010), in multi-party dia-
logues (Strauß and Minker, 2010), and in negotiation dialogues (Nouri and Traum, 2014). Research
on mixed-initiative dialogues initially focused mainly on monitoring the control flow in dialogue
(Whittaker and Stenton, 1988) showing that control shifts are predictable based on utterance type.

3See the following example taken from Grice (1975), 51:

A: Smith doesn’t seem to have a girlfriend these days.
B: He has been paying a lot of visits to New York lately.

In such cases, cooperation is needed as a requirement on the behaviour of speakers to reconstruct the unstated connec-
tion between the utterances, to go beyond what is said and to understand what is meant (B implicating that Smith has,
or may have, a girlfriend in New York). Note that what Grice actually meant by cooperative is still controversial (see
Ellefson 2021 for a thorough discussion).
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Walker and Whittaker (1990) equate initiative to control, associate four utterance types with the
allocation of control to either participant, and identify types of control shift4. They suggest that
control transfer in mixed-initiative dialogues is often collaborative, even during interruptions when
the non-controlling participant takes initiative. In such cases, interruptions help align mutual beliefs
needed for the collaborative plan, supporting rather than obstructing the dialogue goal achievement.
Guinn (1998) explores effective collaboration when participants rely on each other to achieve a
common goal, viewing initiative as the decision-making power to manage sub-tasks. He argues
that having initiative in task management corresponds to having initiative in dialogue management.
Challenging this monolithic view, Smith (1992) introduces variable initiative, while Cohen et al.
(1998) propose a non-binary perspective with varying degrees of initiative. Chu-Carroll and Brown
(1999), followed by Kersey et al. (2009) and others, distinguish between dialogue initiative and task
initiative: dialogue initiative is held by the participant guiding the conversation, while task initia-
tive belongs to the one leading goal planning. This distinction separates the two types of initiative,
aligning with Jordan and Di Eugenio (1997), who refute Walker and Whittaker (1990) arguing that
control pertains to the dialogue level, whereas initiative relates to the problem-solving level.

We propose that proactivity operates at an additional level—the turn or utterance level. This
view partly aligns with Nouri and Traum (2014), who develop an annotation scheme for initiative
and response behaviour within dialogue turns. They distinguish between two aspects of initiative:
establishing new discourse obligations and providing unsolicited material. On the response side,
they examine fulfilling obligations and maintaining relevance to prior turns, reflecting Sperber and
Wilson (1986)’s notion of relevance. We define proactivity as closely related to the second aspect of
both initiative and response, involving unsolicited yet relevant contributions to the dialogue’s topics
and goals. In Section 3.1, we will further elaborate on this by seeking to define proactivity more
precisely.

Several attempts have been made to design dialogue systems that enable the conversational
agent to behave proactively, for example, by introducing new topics or useful suggestions during
the conversation. Particularly, in task-oriented dialogues, proactivity has been addressed primar-
ily in the so-called non-collaborative dialogues, where the system and the user may have divergent
objectives or conflicting interests regarding the completion of the task (e.g., the price bargain ne-
gotiation), and in enriched task-oriented dialogues (Balaraman and Magnini, 2020a), where the
Agent takes the initiative to provide useful supplementary information not explicitly requested by
the user (e.g., additional knowledge or chitchats), which can improve the quality and effectiveness
of conveying functional service in the conversation. Finally, Sun et al. (2021) constructed the AC-
CENTOR dataset by adding topical chit-chats into the responses for task-oriented dialogues to make
the interactions more engaging and interactive.

Despite the progress, the NLP community still lacks a comprehensive framework that brings
together all the concepts related to proactivity under a unified theoretical perspective. We believe
that a deeper understanding of proactivity is essential for improving dialogue system design aimed
at simulating natural interactions, and our work is an effort to contribute in this direction.

4Walker and Whittaker (1990) note that assertions, commands, and questions are typically produced by the controlling
participant, whereas prompts leave the control to the hearer. A parallel can be drawn between these controller utterance
types and the dialogue acts that we identify as conveying proactivity: assertions with inform, offer, and suggest, com-
mands with request and instruct, questions with requests. Yet, we believe that while proactivity always entails some sort
of initiative, the same is not necessarily true for control. Criticism of the equivalence between initiative and control is
addressed further ahead in this section.
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Accordingly, there is a shortage of materials and resources specifically focused on proactivity
that we can rely on. However, in recent years, possibly due to the impressive performance of
Large Language Models, proactivity has gained significant attention and has been incorporated into
data annotation efforts, also in neighbouring fields such as Human-Computer Interaction (HCI). A
notable work in this area is ProDial (Kraus et al., 2022), a collection of mixed-initiative human-
computer collaborative interactions including different levels of proactive dialogue actions, meant
to create a proactive dialogue model. The dataset contains 3,696 system-user exchanges, collected
in a serious game setting based on crowd-sourced interactions with an autonomous agent capable of
modelling four actions of proactive behaviour (None, Notification, Suggestion, Intervention). The
dialogue actions corpus has been annotated with user information and self-reported assessments of
the user’s experience with the dialogue system’s behaviour. While the main ProDial focus is on the
human-computer trust relationship, our goal is to investigate proactivity in human-human dialogues.

3. Annotating Proactivity

In this section we first present an operative definition of proactive behaviour and then we introduce
the schema we developed to annotate proactivity in dialogues. The purpose is to extract useful
quantitative and qualitative data about proactivity in human-human task-oriented dialogues.

3.1 Defining Proactivity

We have introduced proactivity (see Section 1) as the ability to provide the addressee with some
useful and not explicitly requested information. A more operative definition is proposed in Balara-
man and Magnini (2020a), where a proactive behaviour, in the context of a task-oriented dialogue
system, is defined as any information that: (i) is introduced by the system; (ii) was not previously
introduced in the dialogue by the user; and (iii) is assumed to be relevant to achieve the user needs.
While this definition has the merit to relate proactivity with information content, which can be some-
how located (i.e., annotated), it requires that proactive units (Balaraman and Magnini, 2020a) are
exactly located within dialogue utterances, making the annotation effort excessively complex. In ad-
dition, the definition does not consider the proactive contribution of the user in the dialogue, which
is instead a crucial one. In this study, we still base proactivity on information content, although
adopting a more comprehensive and usable definition. We say that an utterance in the context of
a task-oriented dialogue is considered as proactive when one of the participants, either Agent or
Client:

1. does not act merely in response to the requests the other participant has made, so the behaviour
is self-prompted and not simply reactive;

2. has a long-term, goal-directed behaviour that predicts future states and needs, so the behaviour
is somehow effective for the achievement of the dialogue goal.

When these two conditions are satisfied, the corresponding utterance is marked with the tag
PRO. In example (2), from the Italian corpus JILDA (Sucameli et al., 2021), utterance U8 (Dopo
aver fatto la triennale a Roma, see translation in footnote) and utterance U11 (però ci sono delle
opportunità di lavoro su Roma.) are marked as PRO, because they are not a direct answer to the
interlocutor’s request, and, nonetheless, they provide a piece of useful information for the dialogue.
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EXAMPLE (2)

A: U7 Hai qualche preferenza riguardo al luogo di lavoro?

C: U8 [PRO] Dopo aver fatto la triennale a Roma,
U9 mi piacerebbe tornare verso casa, a Firenze.

A: U10 Al momento non abbiamo nessun annuncio che faccia al caso tuo nella

U10 zona di Firenze,

U11 [PRO] però ci sono delle opportunità di lavoro su Roma.5

There are a few requirements that need to be satisfied for our annotation schema to be applied.
We focus on written or transcribed, mixed-initiative task-oriented dialogues that, as mentioned ear-
lier, provide the ideal context for investigating collaborative behaviours. In such dialogues we
assume a turn-taking partition of the conversation, where each turn is assigned to a participant: in
order to make our annotation homogeneous through different dialogues, participants are generally
referred to as Client, the participant who provides the initial task to be addressed, and Agent, the
participant who helps the Client to solve the task (see example (1)). Finally, we assume that each
turn can be segmented into the utterances that compose the turn.

The annotation schema is based on four levels: utterance annotation, dialogue act annotation,
goal failure annotation, and turn adjacency annotation. We describe them in the following sections.

3.2 Utterance Annotation

The basic units we consider for proactivity annotation in a dialogue are utterances, that is, according
with (Traum and Heeman, 1996), continuous pieces of speech beginning and ending with a clear
pause, possibly related to paralinguistic features, including facial expressions, laughter, eye contact,
and gestures. More specifically, relating the notion of utterance to dialogue acts, we can state,
referencing Traum (2004), that an utterance can be defined as a small unit of speech or text within
a conversational turn corresponding to a single act that is bordered by the speaker’s silence and/or
prosodic boundary tones. Thus, as far as written chats are concerned, an utterance is bordered
by the writer’s sending of a single message, for instance by pressing ’enter’ on the keyboard or
tapping the ’send’ button on a smartphone screen, and/or punctuation. This single-act-matching
concept enables us to divide conversational turns into utterances within dialogue corpora that lack
an initial segmentation into utterances and align all dialogues to the same splitting criterion (see 4.1
for details).

The annotation task includes both Agent and Client utterances. The task consists in marking
as proactive an utterance in its totality: the utterance itself may as well contain some non proactive
behaviour, but nonetheless it should be marked as proactive whenever it holds a piece of proactive
content.

5Example taken from the JILDA corpus (Sucameli et al., 2020). It may be translated to English as follows:

A: U7 Do you have any preference about where to work?

C: U8 [PRO] After completing my Bachelor’s degree in Rome,
U9 I would like to move back towards home, to Florence.

A: U10 Currently we do not have any offer in the Florence area that matches your
U10 requests,
U11 [PRO] however, there are job opportunities in Rome.
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3.3 Dialogue Act Annotation

Proactive utterances are then further classified according to the dialogue act they convey. Dialogue
acts refer to the performative dimension of dialogue as originally investigated by Austin (1962), and
subsequently adapted to the purposes of dialogue systems through the notion of conversation acts
(Traum and Hinkelman, 1992), dialogue acts (Stolcke et al., 2000; Bunt, 2006; Bunt et al., 2010),
and, more recently, through the notion of intent (Louvan and Magnini, 2020).

To simplify the manual annotation task, we use a limited number of high-level dialogue acts,
selected from Bunt et al. (2010)’s ISO standard taxonomy developed for annotating dialogue with
semantic information. Our purpose is to employ the same dialogue act annotation schema for each
of the 5 sub-corpora, so we need high-level dialogue act tags. In particular, from the schema in
Figure 1, we select the following dialogue acts (general-purpose communicative functions in the
ISO taxonomy), which potentially can express proactive utterances.6 Each dialogue act is paired
with an operative definition adapted to the proactivity annotation task.

• INFORM = a proactive utterance where the participant provides information;

• OFFER = a proactive utterance where the participant proposes to do something or to provide
some further information;

• SUGGEST = a proactive utterance where the participant suggests that the addressee should do
something;

• REQUEST = a proactive utterance where the participant demands that the addressee do some-
thing or where they demand that the addressee provide some information;

• INSTRUCT = a proactive utterance where the participant provides the addressee with instruc-
tions to follow.

• OTHER = a label made available to annotators for tagging utterances that could not be classi-
fied within the designated 5 dialogue act labels; however, it was never used in the final set of
annotations.

Given this tagset, the annotator must observe what kind of dialogue act is meant and performed
by the participant in utterances that have already been observed to present some proactive behaviour
(both the Agent’s and the Client’s). As an example, consider the following dialogue, where the
proactive utterance U20 has been annotated with the dialogue act INFORM, while utterance U21, in
the same turn, has been annotated with REQUEST.

EXAMPLE (3)

P: U15 perfect!
U16 can meet there at 8ish?

R: U17 Sounds good ˆ.ˆ
P: U18 i’ll be there at 8.10 is that ok?
R: U19 Yes perfect!

U20 [PRO][INFORM] I’m sitting inside with an Italian guy I met at a tandem
U20 last week ˆ.ˆ
U21 [PRO][REQUEST] tell me when you arrive!

6The dialogue act selection process was based on a pilot annotation (see also 4.2).
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Figure 1: The ISO Standard taxonomy of general-purpose functions proposed by Bunt et al. (2010).
Dialogue acts that are part of our tag-set are highlighted in blue.

P: U22 i’m here!7

3.4 Goal-Failure Annotation

We also annotate the presence of situations of failure in utterances where a participant fails in
achieving a dialogue goal. Such goal failure situations are typically linguistically realised through
negative answering to a question or through the impossibility to fulfil a request. Goal failure situ-
ations are interesting for proactivity because they often require some sort of repair that a proactive
behaviour can conveniently bring (Balaraman and Magnini, 2020a). Thus, the annotation of failure
situations can give us some insights on the correlation between these two phenomena. We annotate
goal failure as follows:

• FAIL = a turn that contains a situation of failure, where the participant can not answer a
question or fulfil a request.

For instance, in the following dialogue (already presented in example 2), utterance U10 at turn
T5 (”Currently we do not have any offer in the Florence area that matches your requests”) is an-
notated as FAIL, and it is connected to the next utterance in the dialogue, U11, where the Agent is
trying to recover from the goal failure with a practice utterance, informing the Client about a job
offer of interest in the area of Rome.

EXAMPLE (4)

7Example taken from the Italian WhatsApp Corpus (Hewett, 2017). WhatsApp chat participants are identified by the
first letter of their pseudonym; for example, ”P” represents ”Peter” and ”R” represents ”Raffaelle”.
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A: T3 U7 Hai qualche preferenza riguardo al luogo di lavoro?
C: T4 U8 [PRO][INFORM] Dopo aver fatto la triennale a Roma,

T4 U9 mi piacerebbe tornare verso casa, a Firenze.
A: T5 U10 [FAIL] Al momento non abbiamo nessun annuncio che faccia al caso

T5 U10 tuo nella zona di Firenze,
T5 U11 [PRO][INFORM] però ci sono delle opportunità di lavoro su Roma.8

3.5 Turn Adjacency Annotation

In the last annotation level, we consider the relation between a proactive utterance and the utterances
of the previous (i.e., adjacent) turn. The intuition is that through turn adjacency annotation it will
be possible to better investigate the elements in the dialogue that trigger proactivity. Practically,
once a certain utterance is marked as PRO, the annotator has to look at at the adjacent previous
turn in the dialogue. If the utterances of the previous turn provide all required context to motivate
the current PRO utterance, the ADJ tag (adjacent) is added to the current proactive utterance. On
the other hand, when the adjacent turn does not suffice to provide all required context in order to
motivate proactivity, the PRO utterance is labelled as NA (non adjacent).

As an example, the proactive utterances U20 and U21 in the following dialogue (Example (5)),
are both marked as ADJ because the origin of the purpose of their proactivity can be found in utter-
ance U18 in the previous turn (i’ll be there at 8.10 is that ok?).

EXAMPLE (5)

P: T4 U15 perfect!
T4 U16 can meet there at 8ish?

R: T5 U17 Sounds good ˆ.ˆ
P: T6 U18 i’ll be there at 8.10 is that ok?
R: T7 U19 Yes perfect!

T7 U20 [PRO][INFORM][ADJ] I’m sitting inside with an Italian guy I met at
T7 U20 a tandem last week ˆ.ˆ
T7 U21 [PRO][REQUEST][ADJ] tell me when you arrive!

P: T8 U22 i’m here!9

By contrast, in Example (6), the proactive utterances U15 and U16 are annotated as NA because
their proactivity is motivated by utterance U11 (I also need to take a train on wednesday, leaving
after 10:15.), which is not the previous adjacent turn.

EXAMPLE (6)

C: T7 U11 I also need to take a train on wednesday, leaving after 10:15.
A: T8 U12 Okay, we have a LOT of trains leaving after that time.

T8 U13 What is your starting point and destination?
C: T9 U14 From Leicester to Cambridge, please.
A: T10 U15 [PRO][INFORM][NA] OK, the TR9776 leaves at 11:09 and arrives at

T10 U15 12:54, the cost is 37.80 pounds,
T10 U16 [PRO][OFFER][NA] do you want me to book you?

C: T11 U17 Yes please book the train for 1 person
T11 U18 and make sure you give me the reference number.10

8Example taken from the JILDA corpus (Sucameli et al., 2020). See Example (2) for an English translation.
9Example taken from the Italian WhatsApp Corpus (Hewett, 2017).

10Example taken from the MultiWOZ 2.2 corpus (Zang et al., 2020).
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4. Investigating Proactivity in a Task-Oriented Dialogic Corpus

As already mentioned, the focus of this study are task-oriented dialogues, under the assumption
that such dialogues are likely to show collaborative phenomena among the interlocutors, including
proactivity. In order to provide a representative sample of task-oriented dialogues we considered
the following criteria:

• Language. The main language we use to investigate proactivity in task-oriented dialogues
is Italian. However, in order to assess potential differences due to language, we include
in our sample two English corpora: (i) one corpus (i.e., Ubuntu) with comparable (same
communicative situation) Italian and English dialogues, and (ii) one English corpus (i.e.,
MultiWOZ). This choice allows for a comparison of proactivity in the two languages, reported
in Section 5.3.

• Medium. We consider the diamesic dimension of dialogue, aiming at including in our sam-
ple a sufficient variety of communication media, including telephone call transcriptions (i.e.,
NESPOLE!), IRC chat (i.e., Ubuntu), social media chat (i.e., WhatsApp), and chat-based
platforms (i.e., MultiWOZ and Jilda).

• Data collection methodology. We try to balance dialogues collected with several methods
(e.g., Wizard of Oz, role-taking, ecological settings), in order to assess how proactivity might
be influenced by different degrees of spontaneity and naturalness in the speakers–or writers,
as well as dialogues showing different levels of lexical variety and syntactical complexity.

• Participants. All our dialogues are intended to represent human-human communication. We
included both two-party dialogues and multi-party dialogues (for instance, Ubuntu and par-
tially WhatsApp). Although MultiWOZ is collected through Wizard of Oz, this corpus is
generally considered composed of human-human dialogues (see, for instance, Budzianowski
et al. (2018); Paul et al. (2019); Wu et al. (2019)), as the Agent-Wizard dialogues were gen-
erated by humans, as opposed to human-machine dialogues.

• Domain. Our corpus selection covers a variety of interaction domains, including simulated
professional support on different topics (e.g., NESPOLE!, MultiWOZ, and JILDA), technical
support (e.g., Ubuntu), and informal social interactions (e.g., WhatsApp).

Table 1 summarizes the five source corpora we selected, as well as their main characteristics.
More details for each dialogue corpus are reported in the next section.

4.1 Source Dialogic Corpora

In accordance with the outlined criteria, as sources for our study on task-oriented dialogues we have
considered five existing corpora: the Italian NESPOLE! Corpus, the Italian WhatsApp Corpus, the
Italian Ubuntu Chat Corpus, MultiWOZ 2.2, and the JILDA Corpus (Table 1).

NESPOLE! (Mana et al., 2003) is a VoIP human-human role-taking (Anderson et al., 1991)
phone call dialogue collection, part of the multi-language and multi-modal NESPOLE! project.
NESPOLE! dialogues span two domains: medicine and tourism. For our analysis, we focus on the
56 Italian dialogues from the tourism domain (total recording time: 7h 35’), where a tourist (Client)
calls a travel operator, and the Agent’s goal is to arrange a vacation for them in the Trentino region
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Corpus Year Language Medium Methodology Participants Domain

NESPOLE! 2003 Ita VoIP call role-taking human-human tourism
Ubuntu 2013 Ita-Eng IRC chat natural human-humans tech support
WhatsApp 2017 Ita social media chat natural human-human(s) private chat
MultiWOZ 2.2 2020 Eng chat Wizard of Oz human-wizard multi domain
JILDA 2021 Ita chat role-taking human-human job offer

Table 1: A synoptic view on the dialogue corpora that have been analysed in our study, in chrono-
logical order; in those cases where only one specific part of a corpus has been used, such
as with the Italian NESPOLE! corpus and the Italian Ubuntu Chat Corpus, the information
is given about that specific part of the corpus.

of Italy.
Data preparation: dialogues were already segmented into both turns and utterances, and pauses
and prosodic boundaries are transcribed. Minor edits have been performed in terms of utterance
segmentation according to the single-act-matching criterion.

Ubuntu Chat Corpus (Uthus and Aha, 2013) is a multilingual Internet Relay Chat corpus of
multi-party human-humans chats, composed of archived logs from Ubuntu’s IRC technical support
channel for Ubuntu users, later assembled into dialogues by Lowe et al. (2015). The Italian channel
chats is rather thin compared to the English chats: it collected 645,375 messages from over 10,300
users, while the English channel reached over 26,360,000 messages from almost 530,000 users.
Users of the platform, identified by nicknames, ask other users to help them with technical issues
related to the Linux-based operating system Ubuntu. The user initiating the help request is regarded
as Client, users that help them are regarded as Agents.
Data preparation: the chats were already divided into messages, which roughly correspond to ut-
terances, depending on the participant’s preference for shorter or longer messages. Minor edits to
utterance division have been made.

Italian WhatsApp Corpus (Hewett, 2017) is composed of Italian two-party and multi-party chat
dialogues, consisting in samples of WhatsApp private conversations from users based in Germany
and Italy. We manually searched the 6,640 messages composing the corpus for well identifiable
tasks and used excerpts from conversations that contained task-oriented dialogues, creating a Task-
Oriented WhatsApp sub-corpus. Due to participants’ code-mixing and code-switching, minor parts
of the corpus are in English and a few utterances are in German. Thus our WhatsApp sub-corpus is
for the most part an Italian dialogue corpus, while containing 3 dialogues with one or more German
utterances and 4 dialogues with one or more English utterances.
Data preparation: the same procedure was applied for utterance division as with Ubuntu.

MultiWOZ 2.2 (Zang et al., 2020) is an updated version of the widely used MultiWOZ cor-
pus (Budzianowski et al., 2018), which gathers 8,438 English multi-domain written short dialogues
(average turn per dialogue is 13.68), collected through the Wizard-of-Oz method (Kelley, 1984).
Scripted conversations take place in various domains between a tourist Client (the User) and an in-
formation centre Agent (the System, namely the Wizard pretending to be a conversational machine).
Notwithstanding the participants’ expectations caused by the Wizard of Oz framework, MultiWOZ
is regarded as a human-human dialogue dataset in the literature and by its authors. A finer-grained
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ontology than ours is used to annotate dialogue acts for the System turns only: Inform, Request,
OfferBook, ReqMore, Bye, Offer, BookInform, Welcome, Recommend, NoOffer, Select, Greet.
Data preparation: each dialogue turn corresponds to one single message, so messages were manu-
ally split into utterances.

JILDA (Sucameli et al., 2021) is an Italian corpus of 525 human-human dialogues in the job
search and offer domain, collected through the role-taking method (Anderson et al., 1991), in a
two-party online chat: a Client, who is looking for a job, is assisted by an Agent in his goal. The
corpus is annotated for the presence of proactive information and with the following dialogue act
ontology: greet, inform-basic, inform-proactive, request, select, deny.
Data preparation: the same as for MultiWOZ applies.

4.2 The D-Pro Corpus

From the five source corpora presented in Table 1, we extract a smaller corpus called Dialogue
Proactivity Corpus (D-Pro), and manually annotate it in accordance with the schema presented
in Section 3. As dialogues from different sources may have different length (e.g., dialogues in
NESPOLE! are much longer than dialogues in MultiWOZ), from each source corpus, we sample a
sub-corpus containing a total of about 600 turns. The resulting corpus consists in a total amount of
151 dialogues, divided into 2,855 turns and 6,028 utterances.11

The annotation process of the D-Pro includes the following steps:

• Guidelines creation. For the purposes of annotation, a document with precise guidelines and
examples for the annotators is realized, suited to clarify any doubts and to give a thread the
annotator could follow in places where the parting line between what is considered proactive
and what is considered not-proactive becomes blurred, and therefore a more subjective and
annotator-dependent decision has to be made.

• Pilot annotations and guidelines revision. An expert annotator is selected and provided with
the guidelines for a pilot annotation of 15 dialogues. After the pilot annotation, the Guidelines
are slightly modified and the dialogue act annotation schema is consolidated, as a response to
the feedback given by the annotator.

• Inter Annotator Agreement. After the pilot exercise, a second expert annotator is selected, and
a portion of 15% of the D-Pro dialogues is annotated by the two annotators, in order to esti-
mate their agreement. A detailed description of the Inter Annotator Agreement is presented
in Section 4.3.

• Extensive D-Pro annotation. As the inter annotator agreement was high, in the last phase the
two annotators are engaged in the extensive annotations of the whole D-Pro Corpus. This
phase lasts for about two months, with the annotation of a single dialogue taking between
half an hour to two hours of effort, depending on its length and complexity.

Table 2 presents the composition of the D-Pro Corpus.
11The target of 600 turns per sub-corpus is not met for the WhatsApp sub-corpus due to the modest size of the Italian

WhatsApp source corpus: 45 dialogues were extracted, yielding 401 turns overall. The WhatsApp sub-corpus was added
at a later stage, and the annotation of 600 turns had already been completed for the other four sub-corpora by the time the
WhatsApp sub-corpus was incorporated.
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D-Pro Corpus NESPOLE! Ubuntu WhatsApp MultiWOZ JILDA D-Pro
Tot.

D-Pro
Micro Avg.

# dialogues 14 22 45 41 29 151 30.2
# turns 605 612 401 602 635 2855 571

# Agent turns 305 393 / 301 321 1320 330
# Client turns 300 219 / 301 318 1138 284.5

# utterances 1722 1181 959 963 1203 6028 1205.6

# tokens 11493 7437 4880 7907 9593 41310 8262
# types 1493 1983 1762 1048 1681 7966 1427.8
# lemmas 1092 1466 1249 688 1127 5622 1124.4
TTR 12.99 26.66 36.11 13.25 17.52 / 15.03

Avg. turns per dial. 43.21 27.82 8.91 14.68 21.9 / 18.90
St.Dev. turns per dial. 18.51 21.87 4.76 4.81 2.98 / 14.79
Avg. utt. per dial. 123 53.68 21.31 23.49 41.48 / 39.92
Avg. utt. per turn 2.85 1.93 2.39 1.60 1.89 / 2.11

Table 2: The composition of the D-Pro Corpus. The upper part of the table reports dialogue in-
formation and the middle one reports lexical information; the lower part reports statistical
measures on dialogues. TTR = type/token ratio.

Statistics about dialogues. Dialogue numbers vary significantly across corpora. For instance,
NESPOLE! contains approximately one-third of the dialogues found in WhatsApp. This variation
is accompanied by notable differences in dialogue length, both between corpora—as reflected in
the average turn counts (NESPOLE! 43.21 vs. WhatsApp 8.91)—and within individual corpora, as
indicated by the standard deviation values. During annotation, it was also observed that each sub-
corpus contains at least one dialogue that is twice as long as another, with the exception of JILDA,
where dialogue lengths range more narrowly from 17 to 27 turns.

Statistics about turns and utterances. Shifting to a turn-level perspective, we can determine
average turn length by looking at the average number of utterances contained in each turn. In
accordance with the preceding discussion, NESPOLE! tops by far the other sub-corpora, followed
by WhatsApp; both exceed the average threshold of 2.11 utterances per turn.

The division of dialogue turns per speaker, identified by their role of either Client or Agent,
is included in Table 2. The two roles can not be easily assigned to users in most of WhatsApp
dialogues, especially in group chats, where tasks are equally shared by the participants and where
roles are flexible and can be taken on and left by any user during the course of the same dialogue. A
similar situation occurs in multi-party dialogues of the Ubuntu sub-corpus, where, however, the chat
room’s netiquette regulations demand that the user in need of aid directly announce their technical
issue, hence facilitating the identification of the Client. The multi-party nature of Ubuntu dialogues
justify the disproportion of turn allotted to the single Client versus the several Agents.

Statistics about lexicon. The counts of tokens, types, and lemmas provide an estimate of the size
of each sub-corpus’s vocabulary, while the type/token ratio (TTR) offers insights into lexical rich-
ness and variety. TTR is considered an indicator of lexical diversity, with higher values indicating
larger variability of the corpus vocabulary. TTR is affected by the length of the corpus, which makes
comparisons between larger sub-corpora, like NESPOLE!, and smaller ones, like WhatsApp, less
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meaningful. A higher TTR for Ubuntu compared to MultiWOZ and JILDA suggests greater lexical
diversity, implying that Ubuntu has a more varied vocabulary per unit of text. This indicates that
Ubuntu, despite having longer dialogues, contains a higher proportion of unique words compared
to MultiWOZ and JILDA.

4.3 Inter Annotator Agreement

As referenced above, as an indication of the quality of the annotation, a portion of 15% of the D-Pro
Corpus is selected to be manually annotated by two annotators, and their annotations are compared
to calculate the agreement among them. Before entrusting the whole annotation work to the second
annotator, some training is done, which implies a pilot annotation and confrontation on a selection
of dialogues from each of the five sub-corpora. The annotation includes about 70 turns for each of
the five source sub-corpora, with a total of 23 dialogues, 375 turns, and 896 utterances.

For the IAA calculation the metric used is Cohen’s Kappa coefficient, illustrated by Landis and
Koch (1977) and Pustejovsky and Stubbs (2012).12 The evaluation of the agreement through the
resulting Kappa is made with reference to Landis and Koch (1977)’s graduated scale for the k value.

Table 3 reports the results of the Inter-Annotator Agreement over PRO and FAIL annotation
computed at both utterance and turn level and of the dialogue act annotation. Each computation is
made per single sub-corpus and with all sub-corpora combined together, namely on D-Pro Corpus
as a whole.

Annotation level NESPOLE! Ubuntu WhatsApp MultiWOZ JILDA D-Pro

PRO Utterance 0.77 0.41 0.63 0.85 0.76 0.77
PRO Turn 0.81 0.45 0.66 0.84 0.81 0.72
FAIL Utterance 1.0 0.49 0.87 1.0 1.0 0.89
FAIL Turn 1.0 1.0 0.88 1.0 1.0 0.96
Dialogue Act Utterance 0.74 0.62 0.92 1.0 0.72 0.84

Table 3: IAA per single sub-corpus and on the whole D-Pro (all sub-corpora combined together)
computed with Cohen’s kappa for both utterance-level and turn-level PRO and FAIL anno-
tation, and for dialogue act annotation.

The outcomes for utterance-level PRO reveal an almost perfect agreement (0.85) on the anno-
tation of the most structured sub-corpus, namely MultiWOZ, substantial agreement in NESPOLE!,
WhatsApp, and JILDA, and moderate agreement in the least structured sub-corpus, Ubuntu (0.41).
Combining the five sub-corpora together and computing the IAA over the whole D-Pro Corpus
results in k = 0.77, while the simple and weighted mean of the k values for each sub-corpus is
respectively 0.68 and 0.71 (substantial agreement). On the other hand, the overall combined turn-
level PRO annotation IAA scored k = 0.72. Generally the PRO agreement computed at turn level

12Cohen’s Kappa brings more trustworthiness to the two-annotators agreement calculation since it takes into consid-
eration the likelihood that a particular agreement situation accidentally occurred by chance. It is computed with the
following formula:

k =
Pr(a)− Pr(e)

1− Pr(e)

where Pr(a) is the actual agreement observed between the two annotators and Pr(e) is the expected agreement considering
chance.
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scores lower, as the number of turns is smaller than that of utterances in dialogues. Consequently,
a disagreement on a single turn carries greater weight in the overall calculation, compared to a dis-
agreement on an individual utterance.
Concerning the FAIL annotation, there is no substantial difference in the number of failure turns and
the number of failure utterances, as no more than one failure situation occurs per turn. The almost
perfect agreement on the annotation of failure situations corresponds to a k of 0.89 at utterance level
and 0.96 at turn level: results suggest that identifying the specific utterance that conveys the failure
is more challenging than determining where it occurs at a higher level, namely, in which turn.
The IAA for dialogue act annotation is calculated specifically on utterances where both annotators
agreed on the proactive classification, yielding a kappa value of k = 0.84.

5. Turn-Level and Utterance-Level Proactivity Annotation Results

This section presents and analyses the results of the proactivity annotation (PRO label) described
in Section 4, both at utterance-level and turn-level. We first discuss proactivity in the whole D-Pro
Corpus, then we provide a detailed analysis of the individual sub-corpora in D-Pro, and, finally, we
provide a cross-linguistic analysis related to the English and Italian portions of the Ubuntu corpus.

5.1 Proactivity in D-Pro

Sub-corpus-specific and overall results of the annotation of proactivity at both the utterance and the
turn level are reported in Table 4.

D-Pro NESPOLE! Ubuntu WhatsApp MultiWOZ JILDA D-Pro
Micro Avg.

PRO Turns % 19.01% 18.95% 35.91% 11.13% 18.27% 19.54%
Agent PRO Turns % 76.52% 64.66% / 67.16% 49.14% 64.01%
Client PRO Turns % 23.48% 35.34% / 32.84% 50.86% 35.99%

PRO Utterance % 14.59% 14.92% 25.34% 9.35% 13.55% 15.31%
Agent PRO Utt. % 83.67% 59.09% / 76.67% 44.79% 67.06%
Client PRO Utt. % 16.33% 40.91% / 23.33% 55.21% 33.94%

PRO Utt. per PRO Turn 2.18 1.52 1.69 1.34 1.41 1.65
Avg. Turn Length 2.84 1.93 2.39 1.60 1.89 2.11

Table 4: Percentages of sub-corpus-specific and total PRO annotation computed at turn and utter-
ance level and divided by speaker. The number of proactive utterances per single proactive
turn and average turn length reported for comparison.

Turn-level proactivity. In quantitative terms, the D-Pro Corpus annotation, made on a total of
2855 turns and 6028 utterances from 151 dialogues, resulted in the marking of 923 dialogue ut-
terances with the PRO label13. Perhaps the most significant result of the D-Pro annotation is that
proactivity is a relevant presence in the task-oriented dialogues that have been investigated, since

13Note that for our purposes, a dialogue turn is designated and, therefore, annotated as proactive if, and only if, it
contains at least one proactive utterance. A proactive turn can, therefore, either consist of: (i) one single proactive
utterance, (ii) only proactive utterances, or (iii) a mix of proactive and non-proactive utterances.
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it can be found within a percentage of 19.54% over the total amount of dialogue turns of the D-
Pro Corpus. While this is a significative finding, there are important individual differences (e.g.,
11.13% in MultiWOZ and 35.91% in WhatsApp, St.Dev. = 9.15), which highlight how proactivity
is influenced by different dialogue features. A Chi-Square test for independence was conducted to
determine whether the distribution of PRO and non-PRO turns varied across the five sub-corpora.
The test revealed a statistically significant association between sub-corpus and turn proactivity,
χ2(4) = 61.24, p < 0.001. Particularly, examination of the residuals shows that the higher proac-
tivity rate is present in the sub-corpus with higher natural setting (WhatsApp +5.39), while the
lower proactivity is registered in MultiWOZ (−4.34), whose collection was highly guided through
instructions to the Wizard. The other sub-corpora show smaller deviations that were not as signifi-
cant. Overall, the high number of proactive turns confirm our initial intuition that proactivity plays
a crucial role in human-human task-oriented dialogues.

PRO turn % in D-Pro generally reflects PRO utterance % outcomes. As reported in Table 4, there
are subtle rises in the proportions of proactive turns across all sub-corpora, compared to the pro-
portion of proactive utterances. Moreover, the data on average turn length suggests that WhatsApp
and NESPOLE! in particular exhibit longer turns with more utterances. Consequently, within these
extended turns filled also with non proactive utterances, proactivity is prone to dispersion: it loses
part of its significance when analysed at the utterance-level. On the other hand, the 2% increase for
MultiWOZ 2.2 correlates with the short turn length for this last sub-corpus. These observations are
consistent with the average turn length data reported in the lower block of Table 4, where the metric
is the average number of utterance in each turn.

Utterance-level proactivity. Overall, 15.31% of the D-Pro utterances have been annotated as
proactive, with a lower standard deviation (St.Dev. = 5.91) among sub-corpora than for turns and
with χ2(4) = 73.51, p < 0.001 (residuals: WhatsApp = +6.60, MultiWOZ = -4.21).

An additional datum reported in Table 4 is the #pro-utterance/#pro-turn rate, i.e., the proac-
tive utterances count over proactive turns count, shows the average number of proactive utterances
contained within one single proactive turn. This datum offers further details on the distribution of
proactive utterances across turns. By comparison with the average turn length, computed by utter-
ances composing each turn and reported in the last line of the table, we can draw two conclusions.
First, proactive turns tend to be composed of both proactive and non-proactive utterances, since
the average value of proactive utterance within proactive turn is below the average of the number
of utterances typically composing one single turn. Second, results indicate a positive correlation
between percentages of proactivity and turn length. Statistical significance tests were conducted to
assess this correlation. Results indicated a positive, moderate correlation between the percentage of
proactive turns and turn length, with Pearson’s ρ = 0.491. Similarly, the percentage of proactive ut-
terances was also positively correlated with turn length, showing a moderate association, Pearson’s
ρ = 0.4997. These findings suggest that both proactive turns and utterances are moderately corre-
lated with turn length across sub-corpora, with correlation coefficients falling within the moderate
range (0.3 to 0.7). In other words, a competent human speaker or writer will know how abundant or
how relevant the information is that he or she can proactively provide in the unfolding of the con-
versation, or how many times he or she can exploit proactivity within the same dialogue, without
violating collaborative rules of dialogue and thus without annoying his or her addressee and without
deploying behaviours detrimental to achieving the conversational goal.

47



BRENNA, JEZEK, AND MAGNINI

5.2 Proactivity in D-Pro sub-corpora

In this section we analyse proactivity in each individual sub-corpora composing D-Pro, according
to the statistics presented in Table 4.

Analysis of NESPOLE! In NESPOLE!, 19.01% of turns are identified as proactive (PRO Turns
%), which is lower only with respect to WhatsApp. Along with the PRO Utterance % (14.59%), this
indicates that NESPOLE! is particularly rich in collaboration, a result that reflects the nature of tele-
phonic interaction, where the speakers’ proactive input is essential in managing and supporting the
progress of the conversation effectively. The ratio of proactive utterances per proactive turn (2.18)
is the highest among the sub-corpora, meaning that proactive turns in NESPOLE! often include
multiple proactive utterances, emphasizing a more sustained proactive engagement. Additionally,
the average turn length in NESPOLE! (2.84) is relatively long, possibly indicating more detailed
guidance or suggestions by the Agent in this task-oriented setting. In fact, an interesting observa-
tion about the NESPOLE! sub-corpus comes from the comparison between the small percentage of
proactive utterances offered by the Client and the (almost 5 times) larger proportion of proactive
utterances provided by the Agent. Based on the analysed data, two primary reasons explain this
pattern: (i) Clients’ requests, made while explaining their desired accommodation, are informative
and relevant, but are not considered proactive since they serve to set the dialogue goal, a necessary
and introductory phase in user-initiated task-oriented dialogues like these, where the tourist (Client)
calls the travel agency to arrange a vacation; (ii) The Agent proactively provides more information
than the Client initially requests, particularly when describing all-inclusive vacation packages and
accommodation options.

Analysis of Ubuntu. The Italian Ubuntu sub-corpus proactivity content is similar to both NE-
SPOLE! and JILDA, showing a consistent presence of proactivity. In terms of proactive utterances
annotation, 14.92% of all utterances in Ubuntu are proactive, and the average number of proactive
utterances per proactive turn is 1.52. This pattern suggests that proactivity in Ubuntu is often sit-
uational and concise, focusing on specific points of support or troubleshooting advice rather than
extensive instructional turns. Lastly, the average turn length in Ubuntu is 1.93 utterances, indicating
short, to-the-point exchanges. The 172 proactive utterances in Ubuntu show a distribution of 104
proactive utterances offered by the Agents, and 72 provided by the Client. That seems fair if one
considers that in each Ubuntu conversation, one Client potentially corresponds to several Agents,
given that any user happening to be online inside the support chat at the moment when the Client
poses his request, would be entitled to answer them and thereby become an Agent; besides, every di-
alogue actually unfolds with the intervention of one Client and at least 2 or 3 Agents. In addition to
that, the nature of the Ubuntu dialogues itself contributes to these high values of proactivity offered
by both the Agents and the Clients, since these most natural chat interactions regularly contain (i)
overlapping conversations related to different tech support topics; (ii) new problems arising during
tech assistance processes, resulting in either task-change or task-extension situation14; (iii) many
attempts at solving the same problem in different ways or with different tools, or with the help of
different Agents.

14By task-change we refer to those situations in dialogues where the task in force is essentially replaced by another,
because the first one is either achieved, given up, or discarded for some reason; by task-extension we refer to places in
dialogues where the main task is temporarily put aside to solve one or some more new side-task problems that have shown
up during the interaction, and is eventually resumed.
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Analysis of WhatsApp. WhatsApp dialogues hold the widest proportion of proactivity both at
the utterance level (25.34%) and at the turn level (35.91%). Average turn length and the number of
proactive utterances per proactive turn correlate, settling at 2.39 and 1.69, respectively. On the other
hand, the average length of dialogues in the sub-corpus, about 9 turns, 21 utterances per dialogue,
is the shortest found. This signals that proactivity may be the key to a fast and effective conclusion
of the dialogue. The familiarity of the speakers with each other may also play a role in facilitating
task-completion. Informants are always friends, sometimes close relatives: they perfectly know
each other’s expectations and are capable of anticipating fast and effectively (especially in one-to-
one conversations) the type of information that the other person needs. As a consequence, there is
also little space for greetings, formalities, and courtesies. The exchange of information flows quite
smoothly, with straightforward requests and without any particular misunderstanding or need for
clarification. All of these factors combined facilitate highly collaborative, effective conversations.

Analysis of JILDA. In the JILDA dialogues, proactive behaviours are almost equally distributed
among Clients and Agents turns. A dialogue where both parties can interject proactive guidance
reflects a cooperative, balanced approach to the dialogue goal. Comparing the data to the PRO ut-
terance % divided by speaker, we can argue however that Clients on average provide some more
proactive utterances within proactive turns. This datum correlates with (i) the observed tendency
shown by Agents to stick to repeating patterns of questions and answers: this behaviour was partic-
ularly emphasised in dialogues produced by specific individuals playing the role of the Agent, who
created their own routinised conversation-management policy and tended to reproduce it even when
their Client partner changed; furthermore it correlates with (ii) Clients being quite aware of which
pieces of information were relevant for the Agent to select a suitable job offer so that the Clients
proactively produced said relevant and concise information during the conversation.

Analysis of MultiWOZ. Among the five analysed sub-corpora, MultiWOZ 2.2 stands out for
having below-average proactivity proportions: 11.13% of turns and only 9.35% of utterances are
proactive. This is possibly due to the Wizard of Oz methodology employed in the collection, which
produces dialogues that follow given scripts and are poor in lexical and syntactical variety. The
fact that the few cases of proactivity are mostly offered by the Agent (they are twice more frequent
than the Client’s proactive utterances) agrees with the introduction of mid-talk changes of dialogue
goal–a behaviour explicitly encouraged in the informants by the developers of the methodology.
Overall, the MultiWOZ sub-corpus embodies an Agent-led form of proactivity appropriate for task
completion, with minimal deviation from the dialogue main track, highlighting the participants’ role
in maintaining the focus on the dialogue task.

5.3 A cross-linguistic analysis: the Ubuntu sub-corpus

Although the analysis of proactivity that we have conducted is mainly based on Italian, a rele-
vant question is whether our findings can be extended to other languages. In addition, being the
MultiWOZ corpus in English, it remains open the question whether the low proactivity rate in the
sub-corpus (i.e., 11.13%) is due to the specific interaction modality, Wizard of Oz, or to the different
language, English, with respect to the other D-Pro sub-corpora.

Although an extensive cross-language investigation is out of the scope or our work, we took ad-
vantage of the fact that the Ubuntu Chat Corpus is available in several languages, including Italian
and English, which are comparable, as both the dialogue task and the collection methodology is the
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Figure 2: Percentage distribution of dialogue acts in proactive utterances divided by sub-corpus
(left) and for the totality of D-Pro (right).

same. To investigate potential cross-linguistic differences in the use of proactivity among dialogue
participants, a subsample of 200 turns from the English Ubuntu Chat Corpus was labelled. Out of
200 turns and 285 utterances, 20.5% and 17.54% respectively were identified as proactive, show-
ing a statistically insignificant increase compared to the Italian Ubuntu percentages (18.95% and
14.92%): language does not significantly influence the results at the 0.05 significance level (p-value
= 0.1599). These findings suggest that we can reject the hypothesis that the English language is
to be accounted for major decreases in proactivity rates in the MultiWOZ corpus, which, on the
contrary, can be explained on the basis of the Wizard of Oz interaction modality.

6. Dialogue Acts and Proactivity

In this section we discuss the results of the annotation of the dialogue act communicative functions
performed on proactive utterances. First we provide statistics related to the dialogue acts involved in
the annotation, and then we discuss the correlations between the linguistic structure of the utterance
and the dialogue act annotation.

6.1 Dialogue Acts and Proactivity in D-Pro

In the following, we discuss the relation between proactivity and the dialogue acts used to annotate
D-Pro. Statistics are reported in in Figure 2.

Inform. We notice a widespread prevalence of the INFORM tag: 60.2% of overall proactive ut-
terances display a proactive information-giving attitude. This is somehow expected, considering
that our definition of proactive behaviour (see Section 3.1) indeed focuses on the ability to add
new, relevant, unsolicited information. JILDA has the most INFORM tags in proactive utterances
(74.85%), which aligns with Section 5, where it is stated that JILDA’s proactivity is largely pro-
vided by Clients, who, as we presume, are aware of the type of information the Agent needs to
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achieve the dialogue goal within the well-delimited domain of job search/offer (for instance, see
example (4)).

Suggest. As for the SUGGEST label, which qualifies second for tagging frequency (13.9%), the
results show that it appears overall thrice less than the INFORM tag, still keeping a noticeable advan-
tage on the others. Proactive suggestions are more common in spontaneous talks than in structured
dialogues, with the only exception of WhatsApp. In the first type of dialogues, interactions allow
participants to negotiate Clients’ preferences, discuss benefits and drawbacks, and make sugges-
tions among many solutions available. As far as Ubuntu is concerned, suggestions take the place
that OFFERS hold in other sub-corpora, as in example (17) in Section 6.2: this makes sense because
the ontology from which the Agents seek solutions to tech issues is made up of a one’s lifetime ex-
perience with the Ubuntu operating system, so there is not a set of pre-determined options to chose
from.

Offer. In contrast to the two labels above, the OFFER label triggers the lowest visible value, that
is, a percentage of 1.7%, provided by only three occurrences in Ubuntu, suggesting there could be
a corpus-specific reason for that. In fact, that datum seems to be due to the peculiar nature of the
Ubuntu interactions. Since the general goal of the dialogues is to resolve a technical problem that
has arisen in the Client’s operating system, there is no need to select a final item amongst the avail-
able solutions as would instead be the case in MultiWOZ (e.g. selection of a restaurant), JILDA
(selection of a job offer) or NESPOLE! (selection of an all-inclusive package). Consequently, there
is no need for the Agent to offer such options for selection. On the contrary, the most OFFER dia-
logue acts are found in WhatsApp and MultiWOZ, where such acts can be performed, for instance,
to meet the needs of the interlocutor or as an offer of action (example (6)).

Request. The MultiWOZ sub-corpus, though being the poorest in proactivity content among the
five sub-corpora composing D-Pro, has the highest absolute and percentage value for the REQUEST

tag. We argue that also this result is due to the corpus-specific nature of the conversations. As men-
tioned earlier, the dialogues were gathered through the Wizard of Oz simulation, which deceived
the user participants into believing they were interacting with a dialogue system rather than a hu-
man being. The consequences of this collection method entail that users’ expectations about how
the interaction will proceed differ from what they would be if the users believed to be interacting
with an actual human being. As a consequence, there is an increased tendency to use requests that
address the user’s needs straightforwardly, putting restrictions to the naturalness and linguistic rich-
ness of the dialogue and reducing collaborative phenomena and politeness mechanisms. The latter,
typical of human dialogue, usually make people reluctant to make straightforward requests to mere
acquaintances (rather than to close friends and relatives, as in WhatsApp: example (5)). Also, the
generation of some sort of proactive behaviour is encouraged by MultiWOZ’s researchers thanks
to the introduction of mid-conversation task changes: task change brings the need for even new
requests made to the system to set the User’s preferences for the new dialogue goal. An exception is
the Ubuntu sub-corpus, where requests are not so scarce as in NESPOLE! and JILDA. It is impor-
tant to notice that in these latter cases, requests are mostly ”requests of action”, that is, utterances
where an Agent asks the Client to try some operation to narrow down the possible reasons for the
issue or to attempt some solutions, with a procedure that advances by trials and errors.

Instruct. The arguments in the previous paragraph on REQUEST are helpful also to interpret the
highest value for the INSTRUCT tag found in the Ubuntu sub-corpus. In proceeding by attempts, it
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is not uncommon that Agents instruct Clients on doing a particular operation, often giving step-by-
step instructions as those in U43 in example (7) below.

EXAMPLE (7)

C: U39 mi sono spiegato male:
U40 l’icona nella dock unity non compare neanche quando Firefox è apperto...
U41 *è aperto (correzione)

A: U42 rocker: resetta unity allora:
U43 [PRO][INSTRUCT] unity --reset dato dopo aver premuto alt+f2.15

6.2 Dialogue Act-Related Linguistic Analysis

In this section we discuss the correlations that we observed between the utterance linguistic structure
and the dialogue act annotation. We performed a qualitative analysis of the proactive utterances in
the D-Pro Corpus to verify if they contain recurrent expressions that function as markers of proactiv-
ity. To this end, we uploaded our corpus in the Sketch Engine online platform and queried it through
the functions Wordlist (that produces frequency lists of words) and n-gram (that produces frequency
lists of sequences of tokens that tend to co-occur). Our analysis showed that proactive utterances
contain several expressions that act as markers of proactivity and that some lexical-syntactical struc-
tures appear to be predominantly tied to one particular dialogue act annotation. In the following,
we present some case studies: causal clauses, interrogative clauses, sentences introduced by modal
verbs, and a selection of other recurrent patterns.

Causal Clauses. In the D-Pro Corpus causal connectors are often found, such as perché, visto che,
poiché (ENG: because, since, as), that introduce proactive causal clauses usually labelled with the
INFORM tag. This occurs, for example, when either (i) the Client makes a request and afterwards
adds one proactive utterance in order to motivate his or her choice (as in example 8) or (ii) the Agent
brings an offer or places a suggestion (as in examples 9 and 10) and motivates with the Client the
choice of that particular offer/suggestion.

EXAMPLE (8)

C: U6 Il mio sogno sarebbe quello di fare l’insegnante
U7 [PRO][INFORM] perché mi piace lavorare con i bambini e ragazzi.16

EXAMPLE (9)

A: U65 quindi non so se lei ha le catene le consiglierei vivamente di portarleU65
U65 magari se non le vuole montare

15Example taken from the Ubuntu sub-corpus. ENG:

C: U39 I didn’t make myself clear:
U40 the icon in the unity dock does not appear even when Firefox is oppen...
U41 *is open (correction)

G: U42 rocker: reset unity then:
U43 [PRO][INSTRUCT] unity --reset run after pressing alt+f2.

16Example taken from the JILDA sub-corpus. ENG:

C: U6 My dream would be to be a teacher
U7 [PRO][INFORM] because I enjoy working with children and teenagers.
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U66 {e} cioè non serve montarle
U67 comunque se le tenga nel se le porti
U68 [PRO][INFORM] anche perché comunque poi salendo in montagna può sempreU68

U68 capitare una nevicata improvvisa.17

EXAMPLE (10)

R: U20 comunque quando vuoi possiamo vederci anche io e te
U21 [PRO][INFORM] visto che i tandem "ufficiali" sono solo il martedı̀ eU21
U21 mercoledı̀ :)18

D-Pro #? Inform Suggest Offer Request Instruct Tot.

#utterances 556 128 115 67 57 923
#? 1 4 31 3 0 39

Table 5: Interrogative clauses count within proactive utterances, grouped by dialogue act labelling.

Interrogative Clauses. Direct interrogative clauses have been collected through automatic search
for question marks in the closing part of proactive utterances. Results on the distribution of inter-
rogative clauses in co-occurrence with proactivity grouped by dialogue act labelling are presented
in Table 5.
The vast majority (31 out of 39, about 80%) of interrogative utterances has been labelled with the
OFFER tag: about 27% of total OFFERs are brought in an interrogative form. Example (11) is typical
of proactive offers in the MultiWOZ corpus.

EXAMPLE (11)

C: U8 I would like an expensive hotel if you can find one.
A: U9 The express by holiday inn cambridge is located in the east and meet

U9 your criteria.
U10[PRO][OFFER] Shall I book you a room?19

As for the other dialogue acts, the interrogative clauses count is virtually negligible. The only
interrogative sentence labelled with the INFORM tag is Sai che forse non va fatta riposare?? (ENG:
Maybe you should’nt let the dough rest, you know??), where the speaker is delivering information
that she is not entirely confident about. With respect to SUGGEST and REQUEST dialogue acts,

17Example taken from the NESPOLE! sub-corpus. ENG:

A: U65 so I don’t know if you have snow chains I would strongly advise you to bring
U65 them maybe if you don’t want to put them on
U66 {erm} I mean, you don’t need to put them on
U67 anyway keep them in the bring them
U68 [PRO][INFORM] also because then anyway going up into the mountains a sudden
U68 snowfall can always happen.

18Example taken from the WhatsApp sub-corpus. ENG:

R: U20 anyway when you want we can also meet just you and me
U21 [PRO][INFORM] since the "official" tandems are only on Tuesday and Wednesday
U21 :)

19Example taken from the MultiWOZ sub-corpus.
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interrogative clauses include sentences starting with Maybe...?, May I recommend...?, Sicuro che
non...? (ENG: Are you sure you don’t...?), Puoi...? (ENG: Could you...?) and are used as a means
of showing courtesy.

Modal Verbs. One set of very frequent expressions is the one containing the modal verbs volere
(ENG: want), potere (ENG: can, may), shall, and should in the following constructions: se vuoi / se
vuole (ENG: if you want), ti posso / le posso (ENG: I can) + infinitive clause, shall / should / may
I + infinitive clause. Such phrases can be found in the context of use where the speaker, usually
the Agent, offers either to provide some further information or to do something in order to help the
addressee:

EXAMPLE (12)

C: U81 da kpakager ho soltanto adobe flash plugin
A: U82 vai nel sito di adobe flash

U83 e vedi se te lo installa da firefox
U84 [PRO][OFFER] oppure ti posso dire come installarlo in un altro modo.20

EXAMPLE (13)

A: U13 I’ve found several restaurants that are located in the Centre with a
U13 moderate price range.
U14 [PRO][OFFER] May I recommend a British restaurant called the Oak Bistro?21

As seen in example (11), this construction often occurs in interrogative clauses reporting proactive
utterances marked as OFFER. In fact, even in the case of modals, the linguistic pattern is used as
a strategy to soften requests or offers and convey politeness (indirect speech act, Davison (1975)),
whether or not they take the form of questions, as shown in (11).

Connectives. Another frequent structure is represented by sentences introduced by the connec-
tives ma / però, but, or anzi, invece, instead as in (14) and (15). The connective introduces a logical
relation of concession between discourse segments (Ferrari, 2010). In the case of example (14),
the relation is between U5 and U6, while in example (15) is between U42 and U43. Proactivity
introduced by this kind of connectives is not particularly tied to specific dialogue acts, but rather
follows the general distribution of dialogue acts.

EXAMPLE (14)

J: U1 Ma per la pasta fresca si usa tutto l’uovo?
U2 Va messa a riposare in frigor?
U3 Un uovo ogni cento grammi?

G: U4 Tutto l’uovo
U5 Sarebbe un uovo ogni cento grammi
U6 [PRO][INSTRUCT] Ma io ne metto di meno
U7 Tipo 3/4 uova per mezzo chilo.22

20Example taken from the Ubuntu sub-corpus. ENG:
C: U81 from kpakager I only have adobe flash plugin
A: U82 go to the adobe flash website

U83 And see if it lets you install it from firefox
U84 [PRO][OFFER] Or I can tell you how to install it in another way.

21Example taken from the MultiWOZ sub-corpus.
22Example taken from the WhatsApp sub-corpus. ENG:
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EXAMPLE (15)

A: U41 trus, ovvero: hai installato ubuntu "dentro" windows?
C: U42 mi sa che hai ragione...anzi si...

U43 [PRO][INFORM] però mi sembra di ricordare che il disco in qualche modo

U43 me lo ha fatto partizionare lo stesso...23

Other Recurrent Patterns. Additional recurrent expressions include verbs such as consigliare,
suggest, or provare, try, in the constructions (ti) consiglio (di)..., I suggest (that) you..., I recommend
(that) you..., and prova (a)..., try (doing)... These expressions are commonly employed to perform
SUGGEST dialogue acts (as in 16 and 17) or REQUESTs, as for instance in utterances like ”Prova e
facci sapere”, ENG: ”Try (doing this) and let us know”.

EXAMPLE (16)

C: U30 Mi potresti fornire informazioni sull’altra proposta di lavoro?
A: U31 certo, attendi solo un momento per favore

U32 [PRO][SUGGEST] ti consiglio di informarti comunque presso la Munus s.r.l.24

EXAMPLE (17)

C: U13 marcotux, puoi spiegarmi come si fa?
A: U14 Under Flea, provo a vedere se esiste in pacchetto

U15 [PRO][SUGGEST] prova a vedere nel gestore pacchetti se c’è lastfm.25

7. Dialogue Structure and Proactivity

This section analyses how proactive utterances are positioned within the flow of a task-oriented
dialogue. We discuss three aspects: (i) the relation between proactive utterances and goal failures;
(ii) the relation between proactivity and the dialogue turn that originates a proactive utterance; and
(iii) how proactive utterances are actually distributed throughout the whole dialogue.

J: U1 Do you use the whole egg to make fresh pasta?
U2 Should it be put to rest in the fridge?
U3 One egg for every hundred grams?

G: U4 The whole egg.
U5 That would be one egg for every hundred grams
U6 [PRO][INSTRUCT] But I put less than that
U7 Like 3/4 eggs per pound.

23Example taken from the Ubuntu sub-corpus. ENG:
A: U41 trus, that is: did you install ubuntu "inside" windows?
C: U42 I guess you’re right...actually yes....

U43 [PRO][INFORM] I think I remember, though, that it somehow let me partition
U43 the disk anyway...

24Example taken from the JILDA sub-corpus. ENG:
C: U30 Could you provide me with information about the other job offer?
A: U31 sure, just hold on a moment please

U32 [PRO][SUGGEST] I recommend that you still inquire with Munus s.r.l.

25Example taken from the Ubuntu sub-corpus. ENG:
C: U13 marcotux, can you explain how to do that?
A: U14 Under Flea, I’ll try to see if a package exists

U15 [PRO][SUGGEST] try seeing in the package manager if there is lastfm.
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7.1 Goal-Failure Situations and Proactivity

As argued in Section 3.4, proactivity may help a participant recover from a failure situation, that is,
when a communicative goal can not be satisfied. In task-oriented dialogues, such situations occur
quite frequently when some expectations of the Client do not match with the knowledge of the
Agent, most of the time simply because the Agent has a partial knowledge of the conversational
domain (see example (4) in section 3.4). Here we analyse the FAIL tagging on the D-Pro Corpus,
reported in Table 6, and investigate how proactivity is related to goal-failure situations.

D-Pro #FAIL NESPOLE! Ubuntu WhatsApp MultiWOZ JILDA D-Pro Tot.

#FAIL 13 19 14 27 32 105
#FAIL+PRO 11 12 10 6 21 60
#FAIL+PRO/#FAIL % 84.62% 63.16% 71.43% 22.22% 65.63% 57.14%

#FAIL/#utterances % 0.75% 1.61% 1.46% 2.80% 2.67% 1.74%
#FAIL+PRO/#utterances % 0.64% 1.02% 1.04% 0.62% 1.75% 1.00%
#FAIL+PRO/#PRO-utterances % 4.38% 6.82% 4.12% 6.67% 12.88% 6.50%

Table 6: Occurrences of failure situations related to proactive behaviour and to total number of
utterances within the D-Pro Corpus (FAIL = tag for failure situations; FAIL+PRO = FAIL

tag co-occurs with PRO tag within one single turn).

First of all, we notice that out of a total number of 105 failure situations, 60 of them (57%)
originated a proactive initiative, supporting our hypothesis that failure turns are highly productive
in terms of proactivity. In such a situation, typically, the Agent proactively offers an alternative
solution with respect to the Client’s goals. In terms of distribution in our corpus, there is high
variability. The proportion of proactivity in goal-failure situations is very high in NESPOLE! (85%)
and in WhatsApp (71%), while it is low in MultiWOZ (22%). Notice that the proportion of FAIL

utterances in MultiWOZ is the highest among our sub-corpora (2.80%), but, in spite of that, the
large majority of them are not recovered through proactivity. A possible explanation may lay in
the MultiWOZ design, which drives the Agent’s behaviour towards asking the Client to provide an
alternative goal instead of offering a proactive solution.

Generally, our intuition is that proactivity, in addition to promoting recovery from failures,
would also help to reduce the occurrence of goal-failure situations, namely, a proactive dialogue
is less probable to manifest failures. This intuition is also supported by our data: the percentage of
PRO utterance tags (see Table 4) inversely correlates to the number of FAIL tags (Pearson’s ρ = -0.6).
Again, the most proactive sub-corpora are WhatsApp and NESPOLE!, with 25% and 15% of the
utterances being proactive (refer to Table 4), while the two sub-corpora also had fewer failure utter-
ances, 1.46% and 0.75%. On the other hand, MultiWOZ is both the least proactive (9% of proactive
utterances) and the most failure-prone (2.80%, or almost four times more than NESPOLE!).

The last row in Table 6 shows the proportion of failures with proactivity out of the total proactive
utterances in a dialogue. These numbers support the intuition that proactivity helps reducing failures
in task-oriented dialogues. For instance, in Ubuntu only 6.82% of proactive utterances are employed
to recover failure situations, indicating that the largely prevalent use of proactivity is outside failure
situations: in other words, proactivity is indirectly used to prevent the insurgence of failures.
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7.2 Adjacent and Non-Adjacent Turn Proactivity

In this section we analyse the relation between a proactive utterance and reactive (i.e., non proac-
tive) utterances in adjacent turns and in the same turn. The aim is to validate the hypothesis that
proactivity is not a direct response to a conversational stimulus (such as a question), but instead
arises from a more autonomous initiative of a dialogue participant.

Adjacency NESPOLE! Ubuntu WhatsApp MultiWOZ JILDA D-Pro Micro Avg.

#adj % 74.10% 55.68% 79.01% 95.56% 95.09% 77.68%
#non adj % 25.90% 44.32% 20.99% 4.44% 4.91% 22.32%

Table 7: Proportion of PRO utterances occurring at a turn ti following a reactive utterance triggered
by the previous turn ti−1 .

Table 7 reports the outcomes of turn adjacency annotation with the ADJ and NA tags on the
D-Pro Corpus. For two of our sub-corpora, namely MultiWOZ and JILDA, almost all proactive
utterances are added to a reaction utterance triggered by the previous turn (95.56% and 95.09% of
the cases, respectively). For instance, in Example (1) in Section 1, U20 is the proactive utterance
(The phone number is ...), U19 in the same turn is the reactive utterance (That information is not
available to me.), and U18 in the previous turn (Does it have an entrance fee?) is the utterance
triggering U19. This pattern, [trigger utterance + reaction utterance + proactive utterance]26, is
by far the most frequent in our D-Pro Corpus, indicating that adjacent turns alone usually provide
sufficient context for the following proactive turn to be understood.

By contrast, dialogues from NESPOLE! and, especially, from Ubuntu, contain a higher num-
ber of NA tags, implying longer dependencies between a proactive utterance, the reaction utterance
and the triggering turn. A possible explanation is that longer turns in NESPOLE! usually cor-
respond to higher numbers of asynchronous messages: these can be due to the medium (spoken
phone conversation) in NESPOLE!, where speakers may miss cues for turn-taking dynamics, re-
sulting in incorrect timing, interruptions, and overlap. In other cases, turn-adjacency is impeded
by backchanneling turns, that is, expedients for participants to send feedback to the current speaker
often emerging in the form of minimal verbal cues (such as uh-uh, sı̀, yes, mm-hmm, bene, good,
capisco, I see) signalling active listening, engagement, and understanding. As for the Ubuntu dia-
logues, the participation of multiple Agents at once interrupts the flow of one-to-one conversations:
since chat dialogues are necessarily asynchronous, this may happen especially in an uncontrolled
environment, where users can easily wait minutes or hours before answering a message; inciden-
tally, a behaviour that was discouraged by design in the creation of the MultiWOZ and the JILDA
Corpus.

7.3 Proactivity Distribution in Dialogue

In this section we analyse proactivity from the point of view of the dialogue structure. In Table
4 we reported that, overall, proactivity accounts for almost 20% of the turns in our task-oriented

26According to Nouri and Traum (2014)’s annotation scheme (R = turn that directly relates to previous turn; F = turn
fulfils a pending discourse obligation; I = turn imposes an obligation; N = turn provides new optional material) our turn
[reactive utterance + proactive utterance] would be labelled as [R, possibly F and/or I + N, possibly I].

57



BRENNA, JEZEK, AND MAGNINI

Figure 3: 5-segments distribution of proactive turns: each dialogue is divided into five equal parts
(turn number is the standard measure for the division), and the percentage of proactive
turns is computed within each of the five parts, so that dialogues of different lengths are
comparable in a coarse grained analysis.

dialogues. However, intuitively, proactivity does not distribute uniformly across all portions of
a task-oriented dialogue. For instance, the initial turns in a dialogue are typically introductory
and used to reveal the communicative goals of the Client, while the last turns serve to finalize the
dialogue (e.g., making a reservation) and for final greetings (Zhai and Williams, 2014). In these
portions of the dialogue we expect to have less proactive utterances than in the central part of the
dialogue. This intuition is confirmed by our findings on proactivity distribution in the D-Pro Corpus,
as depicted in Figure 3.

To investigate this aspect, each dialogue in the D-Pro Corpus was split in five segments contain-
ing an equal amount of turns (e.g., given a dialogue with 15 turns, each segment contains exactly
three turns). Taking advantage of the PRO annotations of utterances, we calculated the proportion
of proactive utterances for each segment of the dialogue, and for each sub-corpus in D-Pro. Ac-
cording to our hypothesis, results show that segment 1 and segment 5 are less proactive then the
central segments. On average, about 15% of utterances in segment 1 are proactive, and about 10%
in segment 5, while the average proactivity in segment 3 is about 30%, showing that the central
turns in a task-oriented dialogue are the most proactive. This distribution holds for all our sub-
corpora, NESPOLE!, WhatsApp, MultiWOZ and JILDA, with the exception of Ubuntu, whose
proactivity distribution is almost uniform across the dialogue segments. A Chi-square test has been
conducted to compare the distributions across the five sub-corpora at five observation points. For
the full corpus, the Chi-square statistic is χ2 = 33.30 with 16 degrees of freedom, and the p-value
is p = 0.0067, indicating a significant difference between the groups. After removing the Ubuntu
sub-corpus, the Chi-square statistic is χ2 = 14.92 with 12 degrees of freedom, and the p-value is
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p = 0.2459, indicating there is not any more significant difference in proactivity distribution among
the groups. A possible explanation for this, is that Ubuntu participants are instructed to join the chat
without introducing themselves, thus avoiding initial and final greetings that are instead present in
the other four types of dialogues. In addition, Ubuntu interactions are multi-party dialogues, where
different participants bring their contribution at different points in time (given the asynchronous
nature of the chat).

8. Conclusions and ongoing work

In this research, we focus on proactivity in task-oriented dialogues. We take advantage of inves-
tigations of different traditions, including the cooperation principle in language pragmatics, ac-
commodation in social psychology of language, and the notion of initiative in dialogue defined in
computational linguistics. We provide an operational definition of proactivity at the utterance level,
as a collaborative behaviour occurring when: (i) a participant does not act merely in response to a
previous request; and (ii) the participant’s behaviour is somehow effective for the achievement of
the dialogue goal.

We annotate proactive language behaviours in human-human task-oriented dialogues with the
goal of quantifying the extent of the phenomenon, clarifying which dialogue acts are expressed by
proactive utterances, and identifying under what conditions proactivity tends to occur. To reach
these targets, we gather human-human task-oriented dialogues from five pre-existing corpora with
different characteristics in terms of language, conversational domain, media used for exchanging
turns, and collection modalities. We develop an annotation scheme and the guidelines to label the
presence of proactivity in dialogue utterances and turns, and to tag the dialogue act displayed by
proactive utterances. These activities result in the creation of a new corpus (called D-Pro) annotated
for proactive behaviours.

Findings. Our investigation of proactivity in human-human dialogues enables us to have a much
clearer definition of the phenomenon, from both a quantitative and qualitative point of view. First,
we are able to quantify that about 20% of turns in the D-Pro Corpus are proactive turns, showing that
this is a pervasive phenomenon. Second, we show that only a limited number of dialogue acts are
actually involved in expressing proactivity, a result that opens interesting theoretical perspectives.
In addition, we confirm the non-reactive nature of proactivity, highlighting the presence of a pattern
where a turn ti triggers a reaction in a following turn ti+1 and a proactive utterance is then added
to ti+1. Moreover, we empirically confirm the hypothesis that proactivity has a crucial role in
recovering from goal-failure situations, contributing to the efficacy of the whole dialogue. Finally,
we demonstrate the non-uniform distribution of proactivity throughout the dialogue.

Limitations and ongoing work. There are several aspects of proactivity that we could not address
in this paper, and that we plan for future research. A first aspect is the impact of proactivity on
the efficacy of task-oriented dialogues: this analysis would imply a clear methodology to measure
dialogue efficacy (e.g., in terms of goal achievement), which, however, is still a challenging research
topic. A second aspect involves analysing proactivity in different kinds of dialogues, including
argumentative dialogues. Here a potential issue is the lack of clear communicative goals, which
helped us to characterize proactivity in task-oriented dialogues.

Potential impact on computational models of dialogue. Finally, in the long term, we are in-
terested in developing computational models of proactive conversational agents, based on Large
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Language Models (LLMs). Current LLMs, such as GPT-4 and the open source Llama family, are
specifically instructed to execute interactive tasks, such as question answering and chat-based ex-
changes. However, although LLMs achieve excellent performance in information seeking tasks,
their conversational abilities when participants need to collaborate to jointly achieve a communica-
tive goal (e.g., booking a restaurant, fixing an appointment) are still far from those exhibited by
humans. In order to model collaborative behaviours, recent approaches investigate how LLMs can
be fine tuned to address dialogue pragmatics. For instance, Shaikh et al. (2024) show that grounding
acts can be identified and annotated by a Large Language Model and modelled through appropriate
fine tuning of the model itself. As a first step in this direction we used the D-Pro Corpus to exploit
a language model to predict whether the last utterance in a task-oriented dialogue is either proactive
or not-proactive. In Brenna and Magnini (2024) we show that a few-shot approach with GPT-4o
achieves encouraging performance on a test set composed of dialogue snippets collected from the
five D-Pro sub-corpora, and that, in particular for the NESPOLE! corpus, the agreement between
the model labels and the human-annotated gold labels is nearly equivalent to the agreement between
humans. As a following step on proactivity, once we have sufficiently-accurate results, we plan to
collect a large number of training dialogue snippets (e.g., 100K) both proactive and not-proactive,
and use them to instruction-tune an open-source model like Llama. We expect that new LLMs
will be able to manifest much better proactive behaviours, and, in general, better collaborative be-
haviours, than the current LLMs.
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