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Abstract

Dialogue systems have become indispensable tools for businesses; however,
maintaining high-quality interactions between users and these systems remains a
significant challenge. While current dialogue systems have improved response speed
and efficiency, their inability to detect and respond to user engagement can negatively
impact their effectiveness, influencing overall user experience and satisfaction. Timely
detection of users' disengagement intention during a conversation can enable dialogue
systems to quickly adjust dialogue strategies, thereby enhancing the overall experience
in systems.

This research aims to develop an effective model for detecting user disengagement
in dialogues, employing a multi-task learning approach, MAD-detect. By incorporating
dialogue act classification and sentiment recognition as auxiliary tasks, we seek to
improve the model's performance on the main task, disengagement detection. This
multi-task framework not only enhances the performance of disengagement detection
but also provides a deeper understanding of user behavior by sharing learned structures
across related tasks. We propose a unique two-stage training strategy: the initial phase
focuses on auxiliary tasks, followed by the integration of the primary task in the second
phase. Experimental results demonstrate that MAD-detect combined with the two-stage

training strategy outperforms baseline models, achieving higher recall and balanced.
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This approach proves the effectiveness of emphasizing auxiliary tasks to enhance

disengagement detection capabilities. Furthermore, we created a comprehensive

Chinese dialogue dataset that simulates real-world scenarios to ensure the practical

applicability of our research. This dataset includes clear definitions and annotation

guidelines, making it a valuable resource for future expansions and dialogue system

research.

In summary, this research advances the field of dialogue disengagement detection

through an innovative multi-task learning approach, offering a robust solution that

meets diverse user needs in real-world scenarios. Our research lays a solid foundation

for future developments, contributing to the creation of more responsive and adaptable

dialogue systems.

Keywords: Dialogue System, Disengagement Detection, Sentiment recognition,

Dialogue Act Classification, Multi-task Learning, Two-stage Training Strategy
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Chapter 1 Introduction
1.1 Background

Dialogue systems have become indispensable tools for companies, serving as key
components in understanding and engaging with customers in today's dynamic business
landscape. These systems are pivotal across various sectors, from customer service
platforms to virtual assistants in tourism, reshaping how businesses respond to user
queries and directly influencing customer satisfaction, thus positioning these systems
as strategic assets (Adam et al., 2021; Zhang et al., 2024).

As companies increasingly rely on dialogue systems, the quality and efficacy of
interactions emerge as primary concerns. Antonio et al. (2022) explored the impact of
integrating chatbots into e-commerce customer service systems on customer
satisfaction, addressing the challenge of providing round-the-clock support within
human resource constraints. Nordheim et al. (2019) emphasized the importance of user
trust in chatbots for effective customer service, proposing a model of user trust that
includes factors such as perceived expertise, responsiveness, and environmental aspects
like risk and brand perceptions. Jiang et al. (2022) highlighted the significant influence
of responsiveness and conversational tone on customer satisfaction, demonstrating their

effects on user experiences, purchase intentions, and willingness to pay price premiums.
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Despite the benefits of dialogue systems, there are potential drawbacks. Antonio

et al. (2022) identified issues such as unsatisfactory responses and the perception of

inhuman behavior, which can negatively impact customer satisfaction. Similarly, Deng,

Lei, et al. (2023) pointed out that inappropriate responses can erode user trust, foster

dissatisfaction, and diminish brand loyalty. Therefore, user satisfaction is an important

metric for evaluating dialogue systems, aiming to enhance overall user experience.

However, the quality of a dialogue system is reflected not only in its response

speed and accuracy but also in its ability to maintain user engagement. Within this

context, the detection of engagement in open-domain dialogue systems is a critical

aspect. Engagement represents the system's ability to captivate users’ attention,

fostering positive and enjoyable interactions and making users more willing to

communicate with the dialogue system. Rather than relying on subjective human

judgments, using automatic dialogue evaluation metrics to measure engagement has

been suggested as a robust approach, qualifying how a dialogue system responds to

users (Ghazarian et al., 2020). Detecting user disengagement has accumulated

significant attention due to its potential negative effects on commercial applications

(Forbes-Riley et al., 2012). In daily conversation, dialogues do not necessarily conclude

when both speakers wish to end the conversation, leading to emotional fatigue and a

decline in conversation quality (Mastroianni et al., 2021). Detecting disengagement has
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become a crucial factor in both human-agent and human-human interactions, as both

speakers should actively engage in the conversation.

NTUBI-Diag Dataset (Excerpt from Dialogue #0027)

Turn  Speaker Utterance Disengaged
BH— REEROEEEAS>HER
#13 | _ . . . ) L No
Speaker 1 I want a full refund for last night's accommodation fee.
B k0 BER TR R A MR
. _ ) . . No
414 Speaker 2 Sorry, it may not be possible.
FH = BRGNS AR BRI TEFR No
Speaker 2 Because this situation really does not belong to the responsibility of our hotel.
B — AREAR R R R N
. i . . . [§
415 Speaker 1 Then who should I ask for compensation?
Eh— ERAMAEHRBRTEREE? No
Speaker 1 Or should I just consider myself unlucky?.
B = ARGV GRRERIE No
Speaker 2 We will help vou react to your neighbor.
BH- AESRF R e A
#16 | _ , No
Speaker 2 [ hope you won’t encounter the same problem today.
A RIBE ARG A R
. i . . = e No
Speaker 2 Sorry for causing your dissatisfaction.
EE— BT R RME AL R Yes
417 Speaker 1 Forget it, I think we are just going around in circles.
A REBUBRRFGREZHET Yes

Speaker 1

Anyway, I won't stay here again.

Figure 1: Scenario of Disengagement in Dialogue

Previous studies on dialogue systems have primarily concentrated on two main

approaches, each addressing different aspects of dialogue interaction to enhance system

performance and user experience: dialogue breakdown detection and dialogue

disengagement detection.

In the domain of dialogue breakdown detection, the objective is to identify

inappropriate utterances that cause the dialogue system to fail (Higashinaka et al., 2016).

However, this approach faces significant challenges in comprehensively detecting all

situations and reasons that lead to dialogue breakdowns. The inherent complexity of

human language and the contexts in which dialogues occur make it difficult to

anticipate and address every potential breakdown scenario effectively.

3
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Conversely, dialogue disengagement detection focuses on identifying when users

intend to exit the ongoing dialogue, signifying a decline in user interest. The primary

goal of this approach is to enhance the overall user experience and sustain user interest

throughout the interaction (Ghazarian et al., 2020). Recognizing signs of

disengagement enables dialogue systems to adapt their strategies to re-engage users,

thereby improving user satisfaction and the effectiveness of the interaction. (Figure 1)

1.2 Research Motivation

Detecting engagement and disengagement in dialogue systems holds significant

importance and offers numerous advantages across various applications. One of the

primary benefits is the ability to adjust dialogue strategies in real-time. When a system

detects signs of user disengagement, it can proactively change the topic, enhance

interactivity, or provide more engaging content to recapture the user's interest. This

responsive adaptation ensures that the dialogue remains engaging and relevant,

maintaining the user's participation and interest.

In counseling and psychological support, the ability to detect engagement levels

is particularly critical. For online psychological counseling, understanding a user's

engagement can help counselors better grasp the user's emotional state, allowing them

to tailor their strategies accordingly. Engagement detection enables these systems to

convey empathy effectively, which is essential for providing meaningful emotional
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support (Deng, Zhang, et al., 2023). Proactively assisting users in exploring and

addressing their problems becomes more efficient when the system can accurately

assess and respond to their engagement levels.

Building on existing techniques and insights in dialogue breakdown detection,

various research efforts have focused on utilizing additional features. For instance,

Sugiyama (2015) considered dialogue act annotated corpora as input features, and

Matsumoto et al. (2022) explored emotion analysis in dialogue by calculating the

similarity between utterances. Studies on detecting disengagement have shown that

dialogue acts (DA) correlate with expert judgments on engagement and provide

valuable insights when used as weak labels for disengagement detection (Liang et al.,

2021). The work of Liang et al. (2021) demonstrated the effectiveness of using dialogue

acts as indicators of user engagement levels. Most of these studies employ English and

Japanese datasets and often treat these tasks as single-task scenarios.

Our research aims to extend these existing techniques by incorporating additional

tasks such as sentiment recognition and dialogue act classification. These tasks have

shown promise in related works and offer a more comprehensive understanding of user

engagement. By leveraging multi-task learning, our approach seeks to enhance the

performance of disengagement detection by sharing the learned structure across

multiple related tasks. This multi-task model not only improves detection accuracy but

doi:10.6342/NTU202403676



also underscores the benefits of integrating auxiliary tasks in dialogue systems,
ultimately contributing to a more engaging and satisfying user experience.
1.3 Research Objective

In this paper, we aim to detect user disengagement in text-based dialogue systems,
representing an indicator that users intend to exit the ongoing dialogue, which poses a
potential threat to the overall effectiveness of dialogue systems. Identifying and
understanding how and when disengagement occurs is crucial for system improvement,
enabling proactive measures to maintain user interest and enhance the overall user
experience.

Our primary objective is to develop a model for detecting user disengagement in
dialogue systems, addressing a critical gap in current dialogue system evaluation and
improvement efforts. To achieve this, we propose a multi-task model, MAD-detect,
which incorporates dialogue acts classification and sentiment recognition as auxiliary
tasks. This approach leverages the complementary strengths of these auxiliary tasks to
enhance both the accuracy and interpretability of disengagement detection.

Integrating dialogue acts classification and sentiment recognition can provide a
more explicit understanding of the motivations behind user disengagement. This allows
the model to capture characteristics of engagement that may be overlooked by single-

task approaches. By understanding the interplay between user sentiment and dialogue

doi:10.6342/NTU202403676



acts, our model can more effectively identify and respond to signs of disengagement,

thereby improving the overall user experience.

In addition to developing the MAD-detect model, we have created a Chinese

dialogue dataset that closely simulates real-world dialogue scenarios. This dataset

includes clear guidelines for future expansions and annotations, ensuring its relevance

and utility for ongoing research and practical applications. By focusing on real-world

scenarios, our dataset aims to reflect the diverse and changing needs of speakers in

open-domain topics, enhancing the applicability of our model across various

application domains.

We believe that this approach will significantly advance the quality and

effectiveness of dialogue systems. By addressing the complexities of user engagement

through a multi-task framework, our research aims to provide a robust solution that

meets the diverse needs of users in practical, real-world scenarios. Ultimately, this will

contribute to the development of more responsive and adaptable dialogue systems,

capable of delivering superior user experiences across different contexts.

doi:10.6342/NTU202403676



Chapter 2 Related Works
2.1 Dialogue Breakdown Detection

In Japan, dialogue breakdown detection has gathered significant attention,
particularly through the Dialogue Breakdown Detection Challenge established by
Higashinaka et al. (2016). This challenge categorized dialogue breakdowns into three
levels:

o Not a Breakdown (NB): It is easy to continue the conversation.

o Possible Breakdown (PB): It is difficult to continue the conversation

smoothly.

o Breakdown (B): It is difficult to continue the conversation.

To address the task of identifying inappropriate utterances in dialogue systems,
Higashinaka et al. (2016) organized this challenge and leveraged an evaluation
workshop. However, defining whether a dialogue is "likely" to break down faced
varying subjective human opinions, highlighting the difficulty in achieving definitive
assessments. For this reason, a group of annotators provided collective judgments.
Despite this approach bringing together various methods, dialogue breakdowns can
occur in diverse ways, such as misinterpreting user intent or failing to provide
contextually relevant information, making it challenging to comprehensively detect all

causes of system breakdowns.

doi:10.6342/NTU202403676



Various methods have been employed to predict whether an utterance might cause

a dialogue breakdown, particularly using deep neural networks (DNN). Sugiyama

(2015) proposed a DNN-based method incorporating extensive external knowledge as

additional features, such as dialogue-act annotated corpora and question-answer

databases, to enhance prediction accuracy. Inaba and Takahashi (2015) introduced an

approach utilizing Long Short-Term Memory (LSTM) networks. Their method uses

word embeddings generated by word2vec and processes user and system utterances

separately, allowing for a more implicit understanding of interaction dynamics and

potential breakdown points. Despite improvements in detection and annotation

distribution estimation, challenges persisted, particularly in detecting certain

breakdown types where it is difficult to assess the likelithood of a breakdown. These

works highlighted the potential of neural network architectures for dialogue breakdown

detection but underscored the need for further refinement.

Furthermore, Matsumoto et al. (2022) identified the lack of awareness of

emotional changes or patterns as a significant factor contributing to dialogue

breakdowns. They explored emotion analysis as a complementary feature to dialogue

breakdown detection, utilizing deep neural networks and distributed representation

vectors, such as emotion similarity vectors and utterance similarity vectors. This

approach demonstrated superior performance compared to methods relying solely on

doi:10.6342/NTU202403676



utterance embeddings. The study also outlined future research directions, including the
relationship between emotional understanding and dialogue breakdowns.

In conclusion, the existing research landscape in dialogue breakdown detection
showcases a progression from challenge initiation to the exploration of advanced neural
network architectures and the incorporation of emotion analysis. However,
opportunities for further refinement remain, particularly in detecting severe
breakdowns, extending methods to different linguistic and modal contexts, and
exploring the relationship between emotion and dialogue breakdowns. Recognizing the
differentiation of severe breakdown labels caused by a lack of understanding as a
critical trigger for disengagement, future work can elaborate on the concept of
emotional changes in dialogue systems.

2.2 Dialogue Disengagement Detection

Glas and Pelachaud (2015) provide a comprehensive overview of engagement
definitions in human-agent interaction, emphasizing the diverse features explored in
prior research on user-system communication. Among these studies, Yu et al. (2004)
defined engagement as "capturing a participant's interest and attentiveness in a
conversation," which has served as a guiding principle for our subsequent work.

Researchers have utilized various methods to assess user engagement in systems,
including behavioral metrics, neurophysiological techniques, and self-reports (O’Brien

10
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et al., 2018). Despite this, most existing literature on engagement and disengagement

detection emphasizes multimodal approaches incorporating audio and video data. For

instance, Fedotov et al. (2018) developed a multimodal regression model that leverages

speech, facial expressions, body language, lip movements, and eye movements to

determine engagement levels. Similarly, Hsiao et al. (2012) employed external sensors

to capture nonverbal behaviors and recognize social engagement in face-to-face

conversations.

Previous research has shown that engagement with a dialogue system reflects user

satisfaction at the session level and is a favorable indicator of users' willingness to

interact at the turn level (Ma, 2018; Yi et al., 2019). Traditional methods for measuring

engagement in text-based dialogue systems include human ratings and proxy metrics

such as the number of dialogue turns and topical diversity. However, Ghazarian et al.

(2020) highlighted the limitations of these metrics, advocating for predictive

engagement, which focuses on utterance-level engagement estimation. This shift from

conversation-level to utterance-level engagement metrics allows for real-time feedback

in dialogue model training and represents a move towards more sophisticated and

precise evaluation methods. Figure 2 demonstrates the general structure of models used

in dialogue disengagement detection from input encoding to final classification.

Starting with the input layer that choose a window of dialogue history before utterance

11
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n, followed by encoding layers and pooling layers that distill the representation of each
utterance, fusion layers that integrate the information in this window, and finally,
classification layers that predict the engagement state.

Classification Layer

t

Fusion Layer

t

Pooling Layer

t

Encoding Layer

t

Input Layer

Utterance n-k Utterance n-1 Utterance n

Figure 2: General Architecture of Disengagement Detection in Dialogue

In parallel, Liang et al. (2021) introduced HERALD, an annotation-efficient method
for detecting user disengagement in social conversations. HERALD redefines the
annotation process as a denoising problem within a two-stage pipeline. In the first stage,
heuristic regular expressions and dialogue act classification provide weak labeling. The
second stage employs the Shapley algorithm for denoising. This pipeline significantly
reduces the manual labeling burden by leveraging machine learning, inspiring the
potential integration of dialogue acts in future models. Notably, the model, which learns
from weak labels automatically assigned by heuristic Regexes and DA classification,
outperforms models trained on a limited number of clean labels. This has motivated us

12
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to consider dialogue acts as a helpful component related to disengagement and use it as

an auxiliary task in our proposed model.

Jiang et al. (2023) focused on turn-level engagingness evaluation, emphasizing the

importance of continuous user engagement monitoring throughout a dialogue session.

They introduced WeSEE, a weakly supervised engagingness evaluator that uses the

remaining depth for each turn as a heuristic weak label for engagingness. By framing

engagingness prediction as a regression task with automatically generated labels,

WeSEE eliminates the need for human annotations. The results showcase the

effectiveness of leveraging implicit signals in multi-turn dialogue data. However, the

weak label's characteristic tends to direct the model's attention to utterances that mark

the beginning or end of dialogues, which does not always translate well to handling

general responses.

Table 1 shows that previous studies on detecting dialogue breakdown and

disengagement have established a solid foundation for future research. These studies

primarily utilize single-task learning approaches with additional features, and recent

works concentrate on reducing annotation costs. The focus has been on improving

efficiency and leveraging various forms of additional features to enhance the accuracy

of engagement detection. Despite these advancements, existing methods exhibit certain

limitations. They often treat disengagement detection as isolated tasks, relying heavily

13
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on additional features without fully integrating auxiliary tasks that could provide a more

implicit understanding of user behavior. While effective in certain contexts, these

single-task approaches may overlook the complex interaction of factors contributing to

user disengagement.

Table 1: Summary of Previous Studies

Reference Task Method Additional features
Sugiyama Dialogue Breakdown Detection Word2Vec + Dialogue-act
(2015) Single-task learning DNN annotated corpus

Q&A database
Inaba and. Dialogue Breakdown Detection Word2vec+
Takahashi Single-task learnin BiLSTM
(2015) g &
. . + . T
Matsumoto Dialogue Breakdown Detection Sentfgc?ii\éec Emotion Similarity
et al. (2022) Single-task learning glst Utterance Similarity
Regression
Ghazarian et | Dialogue Disengagement Detection
. . +
al. (2020) Single-task learning BERT+SVM
Heuristic Regexes
Liang et al. Dialogue Disengagement Detection BERT Dialogue act
(2021) Single-task learning classification
Sharpley denoising
Jiang et al. Dialogue Disengagement Detection BERT Remaining dialogue
(2023) Single-task learning depth
. Dialogue Disengagement Detection . Sentiment
+ .
This study Multi-task learning BERT+BILSTM Dialogue Act

In contrast to these existing methods, our study aims to address these gaps by

designing a multi-task learning model. This model seeks to provide a deeper

comprehension of why users disengage from conversations. By incorporating

additional features such as sentiment recognition and dialogue acts classification as

auxiliary tasks, our approach offers a more comprehensive analysis of engagement

dynamics. The integration of sentiment and DA as auxiliary tasks allows for a richer

representation of the dialogue context, capturing subtle cues and patterns that single-

14
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task models might miss. This multi-task framework not only enhances the accuracy of

disengagement detection but also improves the interpretability of the results, providing

clearer insights into the underlying reasons for user disengagement.

Through this innovative approach, our research aims to advance the field of

dialogue engagement and disengagement detection, contributing to the development of

more effective and user-centric dialogue systems.

15
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Chapter 3 Methodology

3.1 Problem Formulation

We define the problem of detecting disengagement in dialogues as follows: Given
a window of dialogue history as a sequence of utterances U = [uy, Uy, ..., U, ], where
each u; represents the i-th utterance in this dialogue history, with a maximum size n,
restricting it to contain at most n utterances. Each utterance u; has a corresponding
speaker s; from the list of speakers S = [sy, S, ..., Sp]. Utterances are grouped into
the window based on turns T = [ty, t,, ... t,,], Where each t; represents consecutive
utterances spoken by the same speaker s;. These turns are included in the window until
adding the next turn would exceed the window size. Each window needs to contain at
least three turns, as fewer turns do not provide sufficient information for accurate

analysis and will not be used.

Turn 1 ‘ Turn 2 | Turn 3 Turn 4 Turn 5 |Tum ﬁ‘Tum 7| Turn 8
Window 1 | 5 S S5 Sy Sy 51 S1 Sy Sy Sq 51 Sq S S 5, Sy
Window 2 | s, S S5 S5 S, S1 S S5 S5 S $1 $1 S S1 Sy Sy

Window3 | 51 57 S S5 S, S5 5 S S5 S S 51 S 55 S 0§

Window 4 | 54 $q So So 5o $1 S Sy Sy S1 S, S1 Ss Sq 5o Sy

Window 5 | 54 S1 S2 S2 S2 S1 S1 S2 S2 S1 51 S1 S2 S1 S2 S2
window = 10

Figure 3: lllustration of Generating Dialogue History Window
The objective of this task is to detect disengagement in the dialogue, classified as
either 0 (engaged) or 1 (disengaged), based on the turns t; € T. This classification aims
to identify whether the user is engaged or disengaged at any given point within the

16
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dialogue window, providing valuable insights for improving dialogue system

performance and user satisfaction.

3.2 Overview of MAD-detect Architecture

We propose a Multi-task Approach for dialogue Disengagement detection (MAD-

detect), treating it as a multi-task problem that leverages the interrelated nature of

disengagement, sentiment, and dialogue acts. Our model is designed to handle one main

task and two auxiliary tasks.

The primary objective of the model is disengagement detection, which aims to

identify whether a speaker is engaged or disengaged. The classification labels for this

task are binary, where 0 represents engaged turns and 1 represents disengaged turns.

The main task operates at the turn level, represented by the sequence of turns T =

[t1,t3, ..., tm], With m < n, where n stands for the number of utterances in the history

window.

The first auxiliary task involves sentiment recognition, focusing on determining

the sentiment polarity of each utterance, classifying them as positive, negative, or

neutral. Sentiment recognition is performed at the utterance level, represented by the

sequence U = [uy, Uy, ..., Uy]. The second auxiliary task is dialogue act classification,

which involves classifying each utterance into specific dialogue acts such as questions,

greetings, command-and-requests, etc. Similar to sentiment recognition, dialogue act
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classification is performed at the utterance level, using the same sequence U =

[uq, uy, ..., Uy -

The objective of incorporating auxiliary tasks into MAD-detect is to enhance the

performance of the main task, disengagement detection, by utilizing a shared learning

structure across related tasks. The rationale for combining these tasks lies in the

interdependence between sentiment and dialogue acts, as both are influential factors in

determining engagement levels in dialogue. By leveraging these relationships, MAD-

detect aims to provide a more comprehensive and accurate model for detecting speaker

disengagement in dialogues. The architecture of our proposed model is illustrated in

Figure 4. It begins with the utterance encoder, which extracts the representation of each

utterance. Next, speaker embedding concatenation integrates the speaker’s features,

resulting in speaker-aware representations. A BILSTM layer follows, understanding the

flow of the dialogue over utterances and generating utterance-level representations. The

turn pooling layer then leverages these utterance-level representations to create turn-

level representations. Finally, the multi-task classification layers predict the auxiliary

tasks based on the utterance-level representations, while the main task is predicted

based on the turn-level representations.

18

doi:10.6342/NTU202403676



Turn Level
Classification

Sentiment Dialogue Act Sentiment Dialogue Act Sentiment Dialogue Act Sentiment Dialogue Act Utterance Level
Classifier Classifier Classifier Classifier Classifier Classifier Classifier Classifier Classification
Turn-level
Representation
T 1 r 1
Turn Pooling Layer Turn Pooling Layer
t t t

Disengagement Classifier Disengagement Classifier

Utterance-level
Representation

t

BILSTM
. I . | . | . I Speaker-aware
m Representation
® I .l l .I I ® Speaker Embedding
Concatenation
Speaker 1 1 Speaker 1 1 Speaker 2 1 Speaker 2 1 "
erance
BERT Encader

Utterance 1 Utterance 2 Utterance n-1 Utterance n

Figure 4: Architecture of Proposed Multi-task Model MAD-detect

3.3 Utterance Encoder

We employ the bert-base-chinese model, a pre-trained BERT model specifically
optimized for the Chinese language, to obtain utterance embeddings. This model is
utilized due to its robust performance in capturing the semantics of Chinese text. To
extract meaningful and overall embeddings for each utterance, we aggregate the word
embeddings by applying mean pooling. This process generates a single vector
representation for each utterance, encapsulating its semantic content in a concise form.

Given a window of dialogue utterances [uq,u,,...,u,], each utterance u;, is
initially transformed into a sequence of word embeddings [w;1, Wiy, ..., Wiy, ], where
k; represents the number of words in utterance u;. The transformation captures the

complex word-level details necessary for understanding the utterance. The next step
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involves applying mean pooling to these word embeddings to derive a single utterance

embedding e; for each utterance u;. The formula for this process is given by:

ki
1
e(u;) = e([Wu;Wiz; ---;Wikl-]) = k_E Wij (3.1)
lj=1

This mean pooling operation ensures that the resulting utterance embedding e;
encapsulates the overall semantic information of the utterance, considering all words
equally. The final set of embeddings [e(u,), e(us), ...e(u,)], captures the semantic
information of each utterance within the dialogue window. These embeddings serve as
the foundational input for subsequent components in the MAD-detect architecture,
enabling the model to effectively analyze and understand the dialogue's context and
flow.
3.4 Speaker Embedding Concatenation

Speaker information plays a critical role in enhancing the understanding of the
interactive context of dialogues. Given the set of speaker labels S = [sq, Sy, ..., Sn],
where s; represents the speaker label for the i-th utterance, we incorporate speaker
embeddings to enrich the representation of each utterance.

To obtain speaker-aware utterance representations, we define the transformed
embedding for each utterance u; as follows:

e'(u;) = concatenate (e(ul-),f(si)) (3.2)
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In this equation, e(u;) represents the utterance embedding obtained from the
Utterance Encoder, while f(s;) denotes the embedding vector associated with the
speaker label s;. Each speaker label is assigned a learnable embedding layer, allowing
the model to capture the unique characteristics or speaking styles of the speakers
involved in the conversation. This embedding layer is updated during training, enabling
the model to adaptively learn the characteristics associated with each speaker. By
concatenating the speaker embedding with the corresponding utterance embedding, we
generate speaker-aware utterance representations, denoted as e’(u;). This integration
of speaker information is anticipated to assist the model in understanding that different
speakers may exhibit distinct patterns in their expressions of engagement or
disengagement throughout the dialogue. Consequently, the inclusion of speaker
embeddings enhances the model's ability to analyze interactions more completely,
facilitating improved detection of user disengagement within the dialogue system.
3.5 BiLSTM

The BiLSTM (Bidirectional Long Short-Term Memory) component (Figure 5) of
the MAD-detect architecture demonstrates the effectiveness in capturing contextual
information from both past and future utterances. This dual-context capability is

important for understanding the dynamic flow of dialogue over the ongoing
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conversation, making BiLSTM particularly well-suited for tasks that require a

comprehensive knowledge of the sequence of interactions.

| I I "
— LSTM -+ LSTM — | — LSTM - LSTM S
—_— LSTM ~— LISTM — |« «— LSTM LSTM
P ® @ ° e’ (u;)

Figure S: Structure of BiLSTM
Given the input embeddings [e'(u;),e’'(uy),...,e'(u,)] corresponding to n

utterances, the BILSTM processes these embeddings through two separate layers: a
forward layer and a backward layer. The forward layer generates the hidden state for
each utterance u; as follows:

hi = LSTMsopyara(e’ (), i) (33)
Simultaneously, the backward layer computes the hidden state for each utterance u;
using the subsequent utterances:

hi = LSTMpqciwara (e’ (W), his1) (3.4)
By combining the outputs of both the forward and backward layers, we obtain the final
representation for each utterance:

hi = [ﬁi; El] (35)
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This concatenation results in a comprehensive representation h; for each utterance u;
which is utilized for downstream utterance-level tasks. The incorporation of BiLSTM
in the MAD-detect architecture thus enables a richer understanding of the dialogue
context, ultimately enhancing the model's capability to detect user disengagement
effectively.

3.6 Turn pooling layer

In natural, open-domain conversations, speakers often express multiple sentences
in succession. To effectively capture the intent behind a speaker's contributions,
consecutive utterances by the same speaker are aggregated into a unit known as a
speaker turn. This aggregation process enables the model to construct a more consistent
representation of the speaker's overall message.

To achieve this, the turn pooling layer employs mean pooling on the utterance-
level representations. This method generates a turn-level representation that integrates
the speaker's intended meaning while minimizing the influence of irrelevant utterances.
By transitioning from utterance-level to speaker turn-level representation, the model
effectively extracts the contextual information relevant to each speaker's turn Figure 6.

Given a window of dialogue representations at the utterance level, denotedas H =
[hy, hy, ..., hy,], and the corresponding speakers S = [sq,S,,...S,], the first step
involves identifying the turn boundaries, represented as B = [by, by, ..., bi], where
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Sy # Sy4+1- This identification allows the model to depict the segments of dialogue
attributed to each speaker. For each identified turn j, the turn-level representation ¢;
is calculated using the mean of the hidden states within the corresponding boundaries:

hi = mean (hy|b; < x < bj44) (3.6)
The resulting turn-level representations are consolidated into H' = [hy, h, ..., hy,],
where m stands for the total number of turns identified. This pooling mechanism
enhances the model's ability to capture the collective context of a speaker's
contributions, thereby facilitating more accurate detection of user disengagement in

dialogue systems.

h'y

h' h'in-1 [f]

Pooling Layer Pooling Layer

b, b

h'mq]
[ I |

Pooling Layer

I

Pooling Layer

Figure 6: l/lustration of Turn Pooling Layer
3.7 Multi-task Classification
Since the proposed MAD-detect architecture successfully generates both
utterance-level and turn-level representations within the defined dialogue window
through its preceding modules. These representations serve distinct purposes for the

auxiliary and main tasks of the model.
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For the auxiliary tasks, the architecture employs utterance-level representations to

analyze shifts in speaker expressions, specifically focusing on sentiment recognition

and dialogue act classification. These tasks are vital as they provide insights into the

details of communication that may indicate varying actions or information in one

expression. In contrast, the main task classifier utilizes turn-level representations to

detect speaker disengagement. This differentiation in representation levels is crucial, as

disengagement may not be immediately apparent in individual utterances but instead

requires a comprehensive assessment across multiple turns of dialogue. By examining

the aggregated context of a speaker's contributions, the model can more effectively

identify disengagement.

The architecture implements a hard parameter-sharing strategy, wherein a shared

BiLSTM layer is trained simultaneously across all tasks. This shared layer forms the

foundation for learning robust representations that are beneficial for each task.

Subsequently, task-specific heads branch off from this shared layer, enabling the model

to tailor its outputs to the unique requirements of each classification task. This design

aims to enhance the performance of the main task of disengagement detection by

leveraging the interconnectedness of the tasks and the shared knowledge derived from

the training process.
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3.8 Loss Functions and Weighting Strategies

In the proposed MAD-detect model, distinct loss functions are utilized for the main
task and auxiliary tasks to optimize overall performance effectively. For the auxiliary
tasks, which include sentiment recognition and dialogue act classification,
CrossEntropyLoss serves as the chosen loss function. This function is particularly well-
suited for multi-class classification problems, as it provides a robust probability
distribution over the various classes, enabling accurate differentiation among the
outputs. For the main task of detecting speaker disengagement, we employ
BCEWithLogitsLoss. This loss function is advantageous for binary classification tasks,
as it combines a sigmoid layer with binary cross-entropy loss into a single, efficient
computation. This integration not only enhances numerical stability but also streamlines
the training process. To summarize, CrossEntropyLoss is utilized for auxiliary tasks
due to its effectiveness in managing multi-class classification and its ability to yield a
probability distribution over classes. Conversely, BCEWithLogitsLoss is employed for
the main task, capitalizing on its suitability for binary classification by merging the
sigmoid activation and binary cross-entropy into one step for efficiency and stability.

To address class imbalance within the main task, class weighting is implemented
by assigning higher weights to less frequent classes. By doing so, the model is
encouraged to pay more attention to the positive class, which is critical for accurately
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detecting disengagement, especially given its relative infrequency in typical datasets.
The total loss for the main task can be represented as:

Linain = We " 11 + 1 (3.7)
Here, L,,.in signifies the total loss for the main task, w, represents the class weight,
l; denotes the loss for disengagement labels, and [, refers to the loss for non-
disengagement labels.

Additionally, to balance the importance of various tasks within our multi-task
learning framework, we implement task weighting. Each task is assigned a specific
weight that reflects its significance, allowing us to prioritize the main task while
benefiting from the auxiliary tasks. The task weighting approach is designed to ensure
balanced contributions across tasks, with the overall loss calculated as:

_ (Waux1 * Lauxt + Wauxz * Lauxz + Wmain * Linain)

Leotal = (3.8)
total (Wauxl + Waux2 +Wmain)

Static task weight methods calculate the loss by weighing each task's loss with

predetermined static weights, ensuring a balanced contribution. However, to enhance

the adaptability of our model, we also employ dynamic adjustment of task weights. As

the losses evolve during training, the weights are dynamically updated to reflect the

relative importance of each task. This method ensures that tasks with higher current

losses contribute more significantly to the overall loss calculation, effectively balancing

the training process in response to varying task difficulties.
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The dynamic task weight calculation is represented as:

Liotar = Wt [O] “Loux1 + Wt[l] “Lauxz + W [2] ‘Lol (3-9)

where the weights are initialized and updated as:

initial we = [Waux1, Waux2) Winain] (3.10)
I Lauxa
Lauxl + Lauxz + Lmain '
L
updated w; = auxz , (3.11)

Lauxl + Lauxz + Lmain

Lmain

- Lauxl + Lauxz + Lmain—

This dynamic adjustment mechanism provides several advantages: it enhances

flexibility by adapting to changing task dynamics, improves training efficiency by

focusing on tasks with higher losses, and optimizes the learning process by allocating

resources more effectively to tasks that require greater attention. By integrating these

loss functions and weighting strategies, the MAD-detect architecture aims to achieve a

comprehensive and robust model for dialogue disengagement detection.
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Chapter 4 Experiment
4.1 Data Collection

In our research, we undertook the task of collecting a Chinese dialogue dataset by
simulating real-world conversations. This dataset extends and refines the NTUBI-Diag
dataset, aiming to enhance the variety and depth of conversational scenarios,
particularly those involving speaker disengagement.

To achieve this, we created dialogues using specific prompts that provided detailed
settings and situations. Each dialogue was generated by two individuals guided by these
prompts. The simulated dialogues were categorized into 46 scenarios, divided into the
daily conversation section and the customer service section, each corresponding to
distinct fields and situations. Importantly, for the daily conversation scenarios, we
incorporated speaker settings in the prompts to ensure that certain dialogues had a clear
intention of disengagement.

Table 2: Comparison between two NTUBI-Diag collection

NTUBI-Diag collection

First time Second time
# of participants 10 19
# of dialogues 600 950
Sentiment annotation N4 v
Dialogue act annotation X v
Disengagement annotation X v

The results of the two rounds of data collection for NTU-BI-Diag are summarized

in Table 2. We engaged 19 participants in this data collection process, each responsible
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for generating 50 dialogue samples, resulting in a total of 950 new dialogues. These

new samples were combined with the previous NTUBI-Diag dataset to create the

updated NTUBI-Diag v2. This integration expanded and enriched the dataset with more

varied conversational instances. The statistical details are presented in Table 3.

Table 3: Statistics of the NTU-BI-Diag v2 Dataset

NTUBI-Diag v2

# of dialogues 1,170
# of utterances 29,313
# of utterances per dialogue 25.05
# of speaker turns 13,781
# of utterances per turn 2.13

For scenarios where the content to be expressed was extensive, we allowed the

same speaker to continue speaking across multiple utterances. This approach provided

a more realistic flow of conversation, capturing the natural ebb and flow of dialogue.

Specifically, in the customer service scenario involving a service agent and a customer,

the prompts provided fields and situations, resulting in 22 unique combinations.

Participants had the flexibility to choose their character, with reference characters

provided if they encountered difficulty in making a decision (Table 4). The daily

conversation scenario was designed to include a topic starter and a responder. To ensure

the involvement of disengaged speakers, we crafted prompts that divided the responder

into those willing and unwilling to engage in the conversation. This scenario covered

24 combinations, each designed to reflect various degrees of engagement and

disengagement (Table 5).
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Table 4: Detail of Simulated Dialogue Scene: Customer Service Scenario Section

Field Category Situation
Product Defects
Wrong Product
Product
Return/Exchange/Compensation
Product Inquiry
Online shopping
Wrong Price
Price Questions about Coupons/Discounts
Bargaining
Other Special Situation
Product Defects
Product
Wrong Product
Wrong Price
Price
Restaurant Questions about Coupons/Discounts
Questions about Reservations
Other Helping Find Items
Special Situation
Product Defects
Product Wrong Product
Hotel Product Inquiry
Helping Find Items
Other
Special Situation
Function Usage Problems
Online platform Other

Special Situation

By precisely integrating these comprehensive data collection methods and refining

the existing dataset, NTUBI-Diag v2 stands as a robust foundation for analyzing

dialogue engagement and disengagement in various conversational contexts. This
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enriched dataset is instrumental for training models to detect and respond to speaker

disengagement effectively, thus advancing the field of dialogue system research.

Table 5: Detail of Simulated Dialogue Scene: Daily Conversation Scenario Section

Field Situation Speaker

Sharer

Responder with interest

Discussion
Sharer

Responder without interest

Recommender

Promotion/ Responder with interest

Recommendation Recommender

Responder without interest

School/Office/Public
Inviter

Invitee with will

Invitation
Inviter

Invitee without will

Questioner

Aggressively responding responder

Inquiry/Request
Questioner

Unwillingly helping responder

4.2 Data Annotation

In our research, we aimed to ensure precise and meaningful annotations for

disengagement intention, sentiment, and dialogue acts. To achieve this, we employed a

methodical approach that maintained high consistency and reliability throughout the

process.
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Disengagement intention was annotated directly by the speaker who generated the

utterances during the creation of the simulated dialogue. This method was chosen to

accurately capture the speaker's intention behind their words, as only the speaker can

genuinely mark their own disengagement intention, providing a closer approximation

to the real situation. We defined disengagement as a state in which the speaker has lost

focus, attempted to quit the conversation, or shifted focus to disrupt the conversation.

Utterances with disengagement intention were labeled as 1, providing a clear binary

indicator of disengagement within the dataset. Table 6 shows the distribution of the

annotated turns, revealing a significant imbalance between turns with disengagement

intention and those without. This imbalance presents challenges for training models but

also reflects real-world scenarios where disengagement is less frequent than

engagement.

Table 6: Statistics of Disengagement Intention Labels

Disengagement Turns Percentage (%)
0 13,781 88%
1 1,654 12%

For sentiment annotation, we utilized the existing sentiment labels from the

NTUBI-Diag dataset, which include the classic sentiment polarity categories of

negative, positive, and neutral. Sentiment recognition is a well-established task in

natural language processing that involves determining the polarity of a given text. By

leveraging these existing labels, we ensured that our sentiment annotations were
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grounded in well-recognized standards and methodologies. Table 7 illustrates the

distribution of sentiment polarity labels within our dataset. The majority of the labels

are neutral, followed by negative, and then positive. This distribution highlights the

predominance of neutral sentiment in our data, which aligns with typical conversational

dynamics where neutral statements are more common than overtly positive or negative

ones.

Table 7: Statistics of Sentiment Polarity Labels

Sentiment Utterances Percentage (%)
Positive 4,091 13.96%
Neutral 18,884 64.42%
Negative 6,338 21.62%

Our dialogue act annotations were based on the schema used in the Chinese dataset

CPED (Chen et al., 2022). Given the complexity of this annotation task, which involves

nineteen different labels, and the subjective nature of interpreting dialogue behaviors,

we designed comprehensive guidelines for each label to ensure consistent and high-

quality annotations. These guidelines were created to maintain consistent annotation

standards for future dataset expansions, helping annotators understand and apply the

labels uniformly. The nineteen dialogue acts and their corresponding definitions are

shown in Table 8. To ensure a general and clear distinction among these dialogue acts,

we adopted a two-phase annotation process. This process helped maintain consistent
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interpretation of each label among different annotators, ensuring the reliability and

accuracy of the annotations.

Table 8: Definition of Dialogue Acts

Dialogue Act Definition

Statement-opinion (sv) (FF A LRE/GEHE) M P L8

Question (q) ARG FRIZRAY B E

Answer (ans) FHFBAN DTG

Statement-non-opinion (sd) | (% % 7 & L 2 ) ik ; BP 5 £ &

Command/request (c) R qpRe A (P FEDSY) 7
RFM,FM?ﬂ—ﬁbi*’ﬁiﬁ FeRER AR

Acknowledge (a) e s~ e

Reject (rj) %ﬁ:%?:ﬁ%éﬁﬁﬁww%?EMAi%

FPEAL- KRRk ARG

e IR SR =

Agreement/acceptance (aa)

Conventional-closing (fc) Frargd ks FEaEe
Apology (fa) RN ET B AP SRR
Greeting (g) B s dned ;s ¥R 5 & 7 ECED
Interjection (ij) (£ZFRB~BYGHHD) B EKF

. %\‘F]qu_gié\w»’@ﬁ, F/"W\J’
Disagreement (dag) PR e i
Thanking (ft) He AaoFdddpgp, 24 B3
Appreciation (ba) i wf s PRFLEEFOy ERLL P
Comfort (cf) ”’@“'#{w@" 3 Ufé%fﬁﬁﬁ‘%%:ii@’v

¥ K % >

II’OIly (il’) —%ﬂ F}i F}ﬂﬁ F%

LS 3 e pF L ASHA
(R FERR) 3l
5] 1+ mf\'—”p ;}’4 V‘—JJ s ti V‘—‘,IJ A Ej/ﬂ:‘é; 1K

Quotation (*q)

Other (oth) H

The annotation process for dialogue acts was conducted in two phases to ensure

accuracy and consistency. During the initial phase, a team member and I annotated the

dialogues according to the provided guidelines. To measure inter-annotator agreement,

we calculated Cohen’s kappa, which resulted in a value of 0.624. This moderate level
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of'agreement highlighted areas where the guidelines needed clarification. Consequently,

we updated the guidelines to address ambiguities and improve consistency.

In the second phase, a new annotator was introduced to the updated guidelines.

This annotator, along with me, re-annotated the dialogues. The agreement level in this

phase significantly improved, with Cohen’s kappa reaching 0.924. This high

consistency demonstrated the effectiveness of the updated guidelines. Following this,

the new annotator took over the remaining annotations for the dialogue act labels,

ensuring the uniform application of the guidelines. The details of the two-phase

annotation process are presented in Table 9. The statistics of the dialogue act labels are

shown in Table 10, which includes the distribution and percentage of each label

Table 9: Details of Two-phase Annotation Process

Inter-annotator agreement

Initial Phase Subsequent Phase
1 new annotator
Annotators 2 team members
1 team member
# of dialogues 30 100
# of utterances 647 2,191
Cohen’s kappa 0.624 0.924

By implementing this systematic and iterative approach to data annotation, we

were able to achieve a high level of consistency and reliability in our dataset. This

meticulous process not only enhanced the quality of our annotations but also provided

a robust foundation for future research and applications on this dataset.
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Table 10: Statistics of Dialogue Act Labels

Dialogue Act Utterances  Percentage (%)
Statement-opinion (sv) 7,629 26.03%
Question (q) 4,659 15.89%
Answer (ans) 3,956 13.50%
Statement-non-opinion (sd) 2,646 9.03%
Command/request (¢) 2,205 7.52%
Acknowledge (a) 1,306 4.45%
Reject (rj) 1,198 4.09%
Agreement/acceptance (aa) 1,151 3.93%
Conventional-closing (fc) 721 2.46%
Apology (fa) 595 2.03%
Greeting (g) 576 1.96%
Interjection (ij) 572 1.95%
Disagreement (dag) 550 1.88%
Thanking (ft) 551 1.88%
Appreciation (ba) 385 1.31%
Comfort (cf) 304 1.04%
Irony (ir) 180 0.61%
Quotation (*q) 90 0.31%
Other (oth) 39 0.13%

4.3 Evaluation and Metrics

To ensure a robust and reliable assessment of our model's performance, we employ
a 10-fold cross-validation method. This approach involves partitioning our dataset into
10 equal sets, where in each iteration, 9 sets are used for training, and 1 set is reserved
for testing. This process is repeated 10 times, with each set serving as the test set once.
By averaging the results across these 10 iterations, we obtain a reliable estimate of our
model's overall performance. To prevent data leakage during training, we generate

dialogue history windows within each partitioned set. This step is crucial to ensure that
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the model does not inadvertently learn from information it would not have access to

during actual deployment, thereby maintaining the integrity of our evaluation.

Given the class imbalance inherent in our auxiliary tasks, we use the weighted-F1

score to evaluate their performance. The weighted-F1 score aggregates contributions

from all classes based on their frequencies, providing a balanced evaluation that

accounts for the uneven distribution of classes. This metric ensures that the performance

is not overly influenced by the majority class, offering a better understanding of the

model's effectiveness across all classes. For the main task, which involves detecting

disengagement, we calculate precision, recall, and F1 score for both the disengagement

(label 1) and non-disengagement (label 0) classes. This comprehensive analysis allows

us to thoroughly assess the model's effectiveness in identifying both engaged and

disengaged states. By evaluating these metrics for both classes, we can better

understand the model's strengths and weaknesses, ensuring a balanced and thorough

assessment.

The combined use of these metrics provides a detailed and comprehensive

evaluation of our model. The 10-fold cross-validation method offers a robust estimate

of performance, while the weighted-F1 score addresses class imbalance in the auxiliary

tasks, and precision, recall, and F1 score for both labels ensure a thorough assessment

of the main task. This systematic approach helps us to accurately evaluate the
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effectiveness and reliability of our model, paving the way for further refinements and
improvements.

4.4 Experimental Settings

_—_—————— - - —_—_—_—_———
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Figure 7: Demonstration of the Proposed Two-stage Training Strategy
4.4.1 Two-stage Training Strategy

In our experiments, we employed a two-stage training strategy to optimize our
multi-task learning approach, as demonstrated in Figure 7. This method aims to enhance
the performance of the main task by leveraging the learning from auxiliary tasks in a
structured manner.

In the first stage, we trained the model exclusively on the auxiliary tasks. This
phase allowed the model to learn useful representations from the auxiliary tasks without
the added complexity of the main task. By focusing solely on the auxiliary tasks, the
model effectively captured the underlying patterns and features relevant to these tasks.
Following the auxiliary tasks training, we proceeded to the second stage, where we used

the parameters learned from the first stage to initialize the shared base of the multi-task
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model. We then continued training the model on both the auxiliary tasks and the main

task simultaneously. This approach ensured that the shared base started with a solid

foundation of useful representations, significantly enhancing the performance on the

main task. The primary advantage of this two-stage approach is that it allows the shared

base to develop robust representations from the auxiliary tasks before optimizing for

the main task. This often leads to better performance on the main task compared to

training the full multi-task model from scratch.

To implement our two-stage training strategy, we first split the dialogues based on

the presence of disengagement intention. For dialogues without disengagement

intention, totaling 531, we applied an 80-20 train-test split. The performance of the first

stage was evaluated based on this validation split, which helped us determine the

optimal model parameters to carry forward to the next stage. Following this, we

performed a 10-fold cross-validation on the remaining 639 dialogues that included

disengagement intention. This precise evaluation method ensured that our model's

performance was robust and generalizable. The evaluation of the two-stage approach

was based on the performance observed during this 10-fold cross-validation phase.

The two-stage training strategy in our multi-task learning approach provided a

structured method to enhance the main task's performance. By initially training on the

auxiliary tasks and then on both auxiliary and main tasks, the model developed a strong
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foundation of useful representations. Although this method involves additional

computational resources, the improved performance on the main task often justifies the

extra effort.

Table 11: Statistics of Dataset Used in Two-stage Training Strategy

# of dialogues % of dialogues

Total data 1,170 100%
Data for first stage 531 45.38%
Data for second stage 639 54.62%

4.4.2 Experimental Setup

In our experimental setup, we consistently utilized the Adam optimizer across all
our models. To further enhance our training process in first stage, we implemented an
early stopping mechanism. This mechanism monitors the loss on the validation data
during training and stops training if the loss does not improve for a predefined number
of epochs. This approach prevents overfitting and ensures that the model generalizes
well to unseen data.

In our multi-task learning framework, task weights were carefully assigned to
balance the importance and difficulty of the main task and auxiliary tasks. The task
weights were set initially as follows: w; = [Wgaux1, Waux2) Wiainl, Where Wy =
0.2, Wauxz = 0.3, Wpuin = 0.5 This weighting scheme prioritizes the main task

while still allowing significant contributions from the auxiliary tasks.

41

doi:10.6342/NTU202403676



For comparative purposes, we benchmarked our proposed method against several

established models. Prior research indicates that most models employ BERT followed

by pooling for predictions. Additionally, some studies use sentiment or dialogue acts as

features for the task. We adopted these approaches as our baselines due to the

differences in the dataset utilized in our study compared to the original research on these

benchmark methods. The hyperparameter settings of the experiments were aligned with

those listed in Table 12, ensuring a fair and consistent comparison across different

models.

In summary, our experimental settings were meticulously designed to optimize the

performance of our multi-task learning model. By utilizing a two-stage training strategy,

carefully assigned task weights, and benchmarking against established methods, we

ensured a robust and comprehensive evaluation of our proposed approach.

Table 12: Hyperparameter Settings

Hyperparameter settings

Dialogue history Early stopping .
window length Epochs epochs Learning rate
_ e; = 300 _ Ilry, =5e—5
n=10 e, =5 Wes1 = 50 Ir,=1e—3
Batch size Utterance Speaker LSTM
embedding dim. embedding dim. hidden dim.
b =32 d, =768 dg =2 disem = 128
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4.5 Experimental Results

The experimental results presented in this research underscore the effectiveness of
our multi-task learning approach, MAD-detect, for dialogue disengagement detection.
We evaluated performance across three tasks: sentiment recognition, dialogue act
classification, and disengagement detection. Our focus was on comparing the
performance of our multi-task model against various baselines in different experiments.
The results consistently show that MAD-detect outperforms the baselines, highlighting
the benefits of incorporating auxiliary tasks to enhance the main task of disengagement

detection.

4.5.1 MAD-detect

Table 13: Comparison of Baselines and Our Proposed MAD-detect Method

Main Task
Task
Disengagement
Method Non-disengagement Disengagement
Accuracy
First stage Second stage Weighting strategy | Precision Recall F1 Precision  Recall F1
Baseline (BERT only) class weight=1.5 94.53%  97.87% 96.17%  46.28%  24.49% 32.03%  92.75%
Baseline (feature) class weight=1.5 95.12%  97.58% 96.33%  50.69%  33.16% 40.09%  93.09%
MAD-detect w/o auxiliary tasks | class weight=1.5 95.75%  96.53% 96.14%  48.04%  42.82% 45.28%  92.78%
MAD-detect class weight=1.5 95.96%  96.86% 96.41%  52.06% 45.51% 48.56%  93.28%
Sentiment | \;up-detect dynamic task Weight | o5 500, 93839 9320%  55.63%  S8.52% ST.04%  88.26%
DA class weight=1.5

Table 13 presents the performance comparison between our proposed MAD-detect

model and several baselines. The evaluated methods include a simple BERT-only

baseline, a baseline that concatenate the sentiment and dialogue act as additional

features, and our proposed multi-task model with and without auxiliary tasks. The
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objective was to assess how well our multi-task model leverages the additional
information from auxiliary tasks to improve disengagement detection.

For non-disengagement detection, the proposed MAD-detect model without two-
stage training strategy achieved the highest precision (95.96%) and F1 score (96.41%),
while the highest recall (97.87%) was achieved by the baseline BERT-only model. For
disengagement detection, the highest precision (55.63%), the highest recall (58.51%),
and the best F1 score for disengagement (57.04%) was obtained with the complete
MAD-detect model.

The MAD-detect model's strength lies in its best performance across all metrics,
particularly excelling in recall for disengagement detection, which is the most critical
part in a dialogue system. This suggests that our multi-task approach eftectively
captures the detailed dependencies between tasks, thereby enhancing the model's ability
to detect disengagement. The comprehensive evaluation underscores the effectiveness
of our multi-task learning strategy, demonstrating its capability to leverage auxiliary
tasks to improve the primary task's performance.

4.5.2 Weighting strategy
The experimental results presented in Table 14 compare the performance of

different weighting strategies in our MAD-detect model. By examining various
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weighting strategies, we aim to determine how the assignment of weights affects the
overall performance of the model across both the primary and auxiliary tasks.

Table 14: Comparison of Performance Across Different Weighting Strategy

Auxiliary Tasks Main Task
Task
Sentiment Dialogue Act Disengagement
Method . Non-disengagement Disengagement
. — Weighted-F1 | Weighted -F1 — — — - Accuracy

First stage | Second stage | Weighting strategy Precision  Recall F1 Precision  Recall F1

MAD-detect | equal weight 77.01% 62.78% 95.53%  97.49% 96.50%  53.81% 39.10% 45.29%  93.42%

MAD-detect | class weight=6 76.55% 62.84% 96.32%  94.97% 95.64%  43.43%  51.55% 47.14%  91.94%

MAD-detect | task weight 77.06% 62.23% 95.47%  9731% 96.38%  51.64%  38.37% 44.03%  93.20%

MAD-detect | dynamic task weight 76.65% 62.95% 94.03%  98.58% 96.57% 57.31% 25.37% 35.17% 93.48%

MAD-detect | dYnamic task weight 76.63% 61.26% 93.18% 92.83% 93.00% S4.41% 55.74% 55.07%  87.89%

class weight=1.5 -

Sentiment |y o detect | WAC sk welght | o5 50, 62.06% 93.58% 92.83% 93.20% 55.63% 58.52% 57.04%  88.26%
DA class weight=1.5 e

In the auxiliary tasks, the weighted-F1 scores for sentiment recognition varied
across the weighting strategies. The highest score, 77.25%, was achieved with the
dynamic task weight and class weight with two-stage training strategy, indicating the
robustness of this combined approach. For dialogue act classification, the highest
weighted-F1 score was 62.95%, obtained with the dynamic task weight strategy, closely
followed by the class weight strategy at 62.84%.

In the primary task of disengagement detection, results varied based on the
weighting strategies. For non-disengagement detection, the equal weight strategy
achieved a high precision of 95.53% and recall of 97.49%, resulting in an F1 score of
96.50%. However, the highest F1 score for non-disengagement, 96.57%, was obtained
using the dynamic task weight strategy, indicating that dynamically adjusting weights
based on task performance can enhance the model's ability to correctly identify non-

disengagement cases. In contrast, for disengagement detection, the dynamic task weight
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combined with class weight strategy achieved the second highest F1 score of 55.07%,

with a precision of 54.41% and recall of 55.74%, only lower than the dynamic task

weight and class weight with two-stage training strategy. These results suggest that

dynamically adjusts based on task performance while also considering class imbalances,

can significantly improve the detection of disengagement.

Incorporating class weights into our model significantly improved recall, although

it caused a slight reduction in precision. This trade-off is advantageous in our context

as it increases the model's sensitivity to disengagement instances, which are often

underrepresented. The enhanced recall ensures that more instances of disengagement

are correctly identified, contributing to a more comprehensive detection system. The

dynamic weighting mechanism prioritizes harder tasks during training, such as dialogue

act classification and disengagement detection. This approach ensures that the model

allocates more resources and attention to challenging elements, fostering a more

balanced and effective learning process. As a result, the model shows marked

improvement in tasks that are inherently more complex, without neglecting the easier

tasks.

The dynamic task weight approach, particularly when combined with class weight

adjustments, proves to be the most effective in enhancing the performance of our MAD-

detect model. This approach allows the model to adaptively balance the contributions
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of each task, leveraging the contextual information provided by auxiliary tasks to
improve the detection of disengagement. The comparative analysis of different
weighting strategies demonstrates the critical role of weight assignment in multi-task
learning. The dynamic task weight strategy, especially when combined with class
weight adjustments, offers a balanced and robust solution, making our MAD-detect
model the best choice for dialogue disengagement detection.
4.5.3 Ablation study

In this section, we explore the impact of different first-stage training and overall
configurations on the performance of our multi-task learning model, MAD-detect. By
conducting an ablation study, we aim to understand the contributions of each auxiliary
task, sentiment recognition and dialogue act classification, to the primary task of
disengagement detection. We compare the performance of our model when trained with
only one auxiliary task at a time versus training with both auxiliary tasks.

Table 15: Comparison of Performance Across Different First Stage Tasks

Auxiliary Tasks Main Task
Task
Sentiment | Dialogue Act Disengagement
Method . Non-disengagement Disengagement
Weighted-F1 | Weighted-F1 Accuracy
First stage Second stage Precision Recall F1 Precision Recall F1

MAD-detect 76.63% 61.26% 93.18% 92.83% 93.00% 54.41% 55.74% 55.07% 87.89%
Sentiment MAD-detect 71.32% 60.54% 93.35% 91.67% 92.50% 51.46% 57.46% 54.29% 87.12%
Sentiment MAD-detect w/o DA 77.38% 93.63% 92.20% 92.61% 53.83% 59.18% 56.38% 87.81%
DA MAD-detect 77.00% 61.83% 92.98% 92.34% 92.66% 52.28% 34.61% 5342% 87.32%
DA MAD-detect w/o Sentiment 62.42% 93.42% 93.06% 93.24% 55.94% 57.34% 56.63% 88.31%
Sentiment + DA | MAD-detect 71.25% 62.06% 93.58% 92.83% 93.20% 55.63% 58.52% 57.04% 88.26%

For sentiment recognition, the highest weighted-F1 score (77.38%) was achieved

when the MAD-detect model was trained with only the sentiment task in the first stage
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and remove dialogue act classification in the second stage. The inclusion of both

auxiliary tasks yielded a slightly lower weighted-F1 score of 77.25%. Similarly, for

dialogue act classification, the best performance (weighted-F1 score of 62.42%) was

observed when only dialogue act classification task was included. When the model was

trained on both tasks, the weighted-F1 score was slightly lower at 62.06%.

When evaluating the main task of disengagement detection, the benefits of the full

training strategy become even more apparent. For non-disengagement detection, the

model that undergoes pre-training on auxiliary tasks demonstrates higher precision,

recall, and F1 scores compared to the model trained exclusively on the main task. This

suggests that pre-training on auxiliary tasks helps the model to accurately identify non-

disengagement instances by providing richer contextual cues.

Disengagement detection, which is inherently more challenging, also shows

significant improvements with the full training strategy. The model trained on all stages

exhibits superior performance in terms of precision, recall, and F1 scores, clearly

indicating that auxiliary task learning aids the model in better understanding and

detecting disengagement. The substantial increase in these metrics highlights the added

value of incorporating auxiliary task pre-training. Overall accuracy further proves these

findings, with the model trained on all stages outperforming the model trained only on

one stage. This demonstrates that the inclusion of auxiliary task pre-training not only
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enhances specific metrics but also contributes to a more robust and accurate model

overall. The comprehensive improvement across different evaluation metrics

underscores the efficacy of our multi-task learning approach.

In conclusion, the ablation study clearly illustrates the advantages of including the

first stage of pre-training on auxiliary tasks. Models that undergo full training on both

auxiliary and main tasks consistently outperform those trained only on the main task.

This highlights the effectiveness of our multi-task learning strategy, where pre-training

on auxiliary tasks such as sentiment recognition and dialogue act classification enriches

the model's contextual understanding, leading to improved performance in the primary

task of disengagement detection. These findings establish our approach as a robust and

superior solution for dialogue disengagement detection, showcasing the significant

benefits of leveraging multi-task learning with well-structured training stages.
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5 Conclusion
5.1 Conclusion

In this paper, we introduce a comprehensive approach to dialogue disengagement
detection, addressing a critical aspect of dialogue systems by employing multi-task
learning to incorporate auxiliary tasks such as sentiment recognition and dialogue act
classification. Our methodology is based in a two-stage training strategy: the initial
phase focuses on auxiliary tasks, while the subsequent phase integrates the primary task.
This two-staged approach refines the model for robust and accurate detection of
disengagement.

We have created a diverse and extensive dataset that includes a wide range of real-
world scenarios. This dataset is instrumental in training and evaluating the proposed
models and serves as a valuable resource for future research in dialogue systems. By
leveraging real-world simulated data, we ensure that our models are not only
theoretically sound but also practically applicable.

Our experiments demonstrate that the proposed model outperforms baseline
models, particularly in detecting disengagement, achieving higher performance on
recall, precision, and F1-score. The two-stage training strategy proves to be effective in
enhancing the model's ability to identify disengagement, confirming the advantage of
focusing on auxiliary tasks before integrating the main task.
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Practical applications of this research are far-reaching. They include the real-time

adjustment of dialogue strategies to re-engage users, thereby improving user experience

in various interactive systems such as customer service and online counseling. By

accurately detecting disengagement, systems can prompt appropriate interventions,

enhancing user satisfaction and overall interaction quality.

In summary, our work not only advances the field of dialogue disengagement

detection but also provides a solid foundation for future developments in this area. The

integration of multitask learning, the creation of a robust dataset, and the successful

application of a two-stage training strategy collectively contribute to the effectiveness

and practical relevance of our proposed approach.

5.2 Future Works

There are several avenues for future research that can further enhance the

robustness and applicability of our models. In expanding the dataset, annotating the

remaining data will provide better coverage and a more comprehensive training set,

which will improve the model's generalizability across different scenarios. This step is

crucial for capturing a wider range of disengagement signals, leading to more accurate

detection.

Future research should explore the use of existing models trained for auxiliary

tasks to generate weak labels for unannotated data. This approach can significantly
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reduce the manual labeling burden while leveraging the strengths of pretrained models

to enhance data quality. Additionally, incorporating more sophisticated models, such as

attention-based models, may improve performance by better capturing the nuanced

relationships between dialogue turns and speaker intentions. Simplifying the

complexity of dialogue act annotations by merging some labels can streamline the

annotation process and reduce ambiguity. This refinement may lead to more consistent

and reliable annotations, contributing to the overall quality of the dataset.

Enhancing dialogue representation learning is another critical area for future work.

One promising approach is to incorporate unsupervised tasks, such as next sentence

prediction, in the first stage of the two-stage training strategy. This can help the model

learn richer contextual representations and improve its understanding of dialogue flow

and speaker intentions.

By addressing these areas, future research can build on the foundation laid by this

paper, advancing the field of dialogue disengagement detection and contributing to the

development of more sophisticated and effective dialogue systems. These

improvements will not only enhance the robustness of the models but also broaden their

practical applications, making them more adaptable and efficient in real-world

scenarios.
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