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Abstract
The development of conversational agents has long been driven by the ambition to create sys-

tems that interact with humans in ways that are both functional and emotionally attuned. While
task-oriented dialogue (ToD) systems are designed to achieve specific goals such as booking a restau-
rant or suggesting a tourist attraction, they typically overlook the emotional dimension of human
communication. Yet, beyond transmitting factual information, interlocutors continually signal and
interpret intentions through emotions. These signals influence error recovery and user satisfaction, all
of which are indispensable in human communications and crucial to the system’s functionality. The
omission of emotions in ToD systems, while keeping the system centred on functional goals, limits
user satisfaction and reduces robustness in real-world interactions.

In this thesis, we investigate how emotion can be integrated into ToD systems to enhance their
effectiveness. The work unfolds through a sequence of contributions that move from the preparation
of resources to the development of robust modelling methods, and finally to the incorporation of
emotion into the full ToD pipeline.

First, we address the scarcity of suitable resources by introducing EmoWOZ, the first large-scale
corpus of ToDs annotated with a dedicated user emotion taxonomy designed to capture the subtle
affective behaviours unique to ToDs. EmoWOZ contains both human-human and human-machine
conversations covering a wide spectrum of user emotions. Annotated with high-quality labels
validated through rigorous quality control, EmoWOZ provides a foundation for studying user
emotion in ToDs and supports downstream ToD modelling tasks.

Second, we explore methods for modelling emotion in ToDs, pursuing two complementary
directions. On the one hand, we develop lightweight supervised models by adapting chit-chat
emotion recognition in conversations (ERC) models to the task-oriented setting. Our framework
tackles the challenge from three angles - data, features, and objectives - through targeted data
augmentation, the integration of task-specific and emotion-aware features, and novel optimisation
objectives that account for relationships among emotion labels. On the other hand, we examine
the potential of large language models (LLMs) as flexible, general-purpose emotion recognisers.
We evaluate them across multiple dialogue settings, including ToDs, chit-chat, and psychological
interviews, and test their effectiveness under low-resource scenarios and speech recognition errors.
Together, these investigations establish a complementary toolkit for emotion recognition: specialised
supervised models offer accuracy and efficiency in well-defined ToD settings, whereas LLMs provide
flexibility and robustness when dealing with broader emotion taxonomies and less constrained
dialogue scenarios.

Finally, we integrate emotions into the full ToD pipeline and systematically investigate optimal
design choices for emotionally intelligent ToD systems. In our first line of work, we focus on the
practical challenges to infuse emotion-awareness into both modular and end-to-end ToD systems. This
is achieved by extending the dialogue state to include user emotion, expanding the dialogue policy to
include affective actions, and conditioning the natural language generation both semantically and
emotionally. For the modular system, we further employ multi-objective online reinforcement learning
(RL) to optimise task success and emotional appropriateness jointly. Evaluations with simulated
and real users demonstrate that emotion-aware systems not only improve task performance but also
enrich the user’s emotional experience, confirming the practical benefits of incorporating emotion
into ToDs. Building on these insights, our second line of work systematically explores a wider
range of design considerations spanning architecture, representation, and optimisation. We present
LUSTER (LLM-based Unified System for Task-oriented dialogue with End-to-end Reinforcement
learning). LUSTER achieves significantly improved task efficiency and user satisfaction by leveraging
LLM-based end-to-end architecture, fully lexicalised representations, and online multi-objective RL
optimisation.

Together, the advances discussed in this thesis demonstrate that emotion can be seamlessly
integrated into ToD systems, not only enhancing their effectiveness and robustness but also bringing
them closer to the goal of human-like, emotionally intelligent interaction.
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Summary of Notation

This chapter summarises the notations used throughout this thesis for quick reference.

General Mathematical Notations
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aj j-th row of matrix A.
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I
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A = [ai]
J
j=1 Matrix A composed of rows ai.
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a2 = a⊙ a Element-wise square of vector a.
f (x), g(x) Functions dependent on variable x
f (x; θ) Function of x parameterised by θ
f ◦ g(x) = f (g(x)) Composition of functions f and g
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arg maxy f (y) Value of y that maximises the function f (y)
maxy f (y) Maximum value of function f (y) with respect to y
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Notations in Machine Learning

xi Input feature vector for the i-th observation
yi Target variable for the i-th observation
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i=1 Dataset of N observations
ϕ(z) Activation function applied to input z
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Chapter 1

Introduction

The pursuit of human-like conversational agents has long captured the imagination of researchers,
engineers, and the public alike. Long before the term chatbot was coined, philosophers and inventors
speculated about mechanical companions capable of dialogue, from Yan Shi’s humanoid described in
ancient Chinese texts to Hephaestus’ automata in Greek mythology. The fascination lies not merely in
exchanging words but also in creating machines that appear intelligent, personable, and emotionally
attuned. In 1950, Alan Turing reframed this centuries-old ambition as a scientific challenge: to build
a programme that could sustain open-ended conversation indistinguishable from that of a human:
passing a test later known as the “Turing Test” (Turing, 1950). Rather than settling philosophical
debates on consciousness or self-awareness, it offered a practical criterion: the ability to impersonate
a human in conversation convincingly.

The modern history of conversational agents traces back to programs such as ELIZA (Weizenbaum,
1966), developed in the 1960s, which mimicked the behaviour of a Rogerian psychotherapist using
simple pattern matching and substitution. Although ELIZA demonstrated that surface-level language
patterns could give an illusion of understanding, it had no model of the user’s intent or emotions.
In the 1970s, PARRY (Colby et al., 1972) extended this idea by simulating a patient with paranoid
schizophrenia and adding handcrafted state variables to emulate a personality. Often described as
the first system to pass a Turing-style test, PARRY underscored that beyond linguistic fluency, the
modelling of personality and affective traits is central to creating more human-like interactions.

Early conversational programs such as ELIZA and PARRY relied heavily on manually engineered
rules and state transitions. While these handcrafted approaches demonstrated that limited conversa-
tion could be simulated through predefined patterns, they also suggested the inherent complexity
and ambiguity of human dialogue. The open-ended variability in human communication meant that
the vision of an omnipotent, truly open-domain conversational agent remained far beyond reach.

In response to these challenges, both academic and industrial efforts shifted towards developing
specialised dialogue systems designed for narrow, well-defined domains (Young et al., 2013). Such
systems, often referred to as task-oriented dialogue (ToD) systems, focus on a constrained set of goals,
enabling more effective optimisation for specific objectives such as factual accuracy, efficiency, and
task success (Jurafsky and Martin, 2025). This focus on task success has clear practical advantages:
it reduces the problem space, facilitates reproducible evaluation, and avoids the unpredictable
complexity introduced by human-related factors such as emotional nuance. However, this pragmatic
simplification also sidelines one of the original aspirations of dialogue research: the creation of agents
that can interact with humans in an emotionally intelligent manner.

With advances in computation (Nickolls et al., 2008), deep learning (LeCun et al., 2015), and
the availability of data (Budzianowski et al., 2018), conversational agents have become increasingly
capable and versatile. The 2010s saw the proliferation of personal assistants such as Apple’s Siri,
Amazon’s Alexa, and Google Assistant, capable of answering factual questions, executing commands,
and managing simple tasks across multiple but still limited domains. More recently, the emergence
of large language models (LLMs) such as ChatGPT (OpenAI, 2022) and Gemini (Team, 2024) has
pushed the boundaries of instruction-following and open-domain conversation, showcasing an
unprecedented breadth of language understanding and generation (Beeching et al., 2023). These
advances open the door to revisiting the design of ToD systems with a renewed perspective: rather
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than optimising solely for task success, we can begin to incorporate emotion awareness into their core
capabilities.

In this thesis, we investigate how emotion can be integrated into ToD systems to make them more
human-like, thereby enhancing user satisfaction from both functional and affective perspectives. By
jointly addressing the informational and emotional aspects of interaction, we aim to bridge the gap
between the efficiency of specialised systems and the richness of natural human conversation.

1.1 Task-oriented Dialogue Systems

ToD systems are designed to help users accomplish well-defined goals within specific domains, such
as booking a hotel and finding a restaurant. Unlike open-domain conversational agents, which aim
to handle any topic of conversation and primarily focus on engaging the user with natural and
interesting responses, ToD systems aim to fulfil the user’s goal efficiently (Jurafsky and Martin, 2025).

    Domain Restaurant

    Slot

Hotel

Name Food Type Price Range...

...

Name Star Parking...

    Value Non-
Categorical

Chinese

Italian

Japanese

...

Cheap

Moderate

Expensive

Non-
Categorical

0

1

5

...

Yes

No

FIGURE 1.1: The ontology defines the scope of what a ToD system can understand and
talk about.

Since the operation of ToD systems is centred around efficient task fulfilment, systems operate
under a constrained ontology, which is hand-crafted by system builders to define the scope of
information that can be understood and expressed by the system (Young, 2002). The ontology
specifies the factual knowledge relevant to user goals and database entities. As illustrated in Figure
1.1, it includes domains (e.g., restaurants), domain-specific slots (e.g., restaurant price range), and
slot-specific values (e.g., cheap, moderate, or expensive for the price range of restaurants).

Grounded in ontology, the system typically maintains a dialogue state, which estimates the user’s
goal, tracks the progress of the goal completion, and represents search constraints. The underlying
database contains entities represented as slot-value pairs. The dialogue state is used to query this
database in a symbolic, rule-based manner to retrieve entities that satisfy the user’s requirements.
Such a query process is illustrated in Figure 1.2.

Figure 1.3 shows a high-level overview of the user-system and system-database interactions. In
a typical interaction, the user communicates their needs in natural language, which is inherently
noisy, ambiguous, and variable. The system must interpret these utterances and maintain a dialogue
state, which is a representation of the system’s belief of the user’s goal. The dialogue state, typically
represented symbolically, supports precise, unambiguous interaction with an external knowledge
base, which likewise stores information in a structured, symbolic format. The ultimate objective is
to provide the user with one or more database entities (or take actions) that satisfy all of the user’s
requirements, thereby completing the task successfully.

Traditionally, ToD systems have been implemented as modular pipelines, comprising the following
main stages:
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Dialogue State Database

Restaurant

Hotel

...

Entity #1

"name":  "Charlie Chan",
"area":    "centre",
"food": "Chinese",
"price": "cheap",
...

Entity #110

"name":  "Nandos",
"area":    "south",
"food": "Portuguese",
"price": "cheap",
...

...

Entity #1

"name":  "Ashley Hotel",
"area":    "north",
"stars": "2",
"parking": "yes",
...

Entity #33

"name":  "Cityroomz",
"area":    "centre",
"stars": "0",
"parking": "no",
...

...

{
"restaurant": {

"price": "cheap",
  "area": "do not care",

"food": "unspecified",
...

}
"hotel": {

"star": "4",
"area": "north",
"parking": "yes",
...

}
...
}

Database.query(
dialogue_state, 
active_domain="restaurant")

Constraint-fulfilling Entities

Restaurant #2

Restaurant #48

Restaurant #50

...

FIGURE 1.2: The ToD system constructs the dialogue state to capture the dialogue
context and the user’s goals and constraints. This state is subsequently used to form

database queries that return entities fulfilling the user’s search constraints.

• Natural Language Understanding (NLU) parses the user’s utterance into a structured semantic
representation, such as dialogue acts or slot-value pairs.

• Dialogue State Tracking (DST) maintains an explicit representation of the current state of the
conversation, including accumulated constraints, user goals, and relevant context. In practice,
the task of NLU is usually integrated into DST (Heck et al., 2022; Niekerk et al., 2021).

• Dialogue Policy determines the next system action based on the current dialogue state, often
implemented using rule-based strategies (Paek and Pieraccini, 2008) or learned via reinforcement
learning from interactions with real (Gašić et al., 2013) or simulated (Lin et al., 2022) users.

• Natural Language Generation (NLG) converts the semantic system action from the policy into
a natural language response.

This architecture facilitates modular development and debugging, but error propagation between
components can limit overall system performance.

Researchers have explored end-to-end systems (Hosseini-Asl et al., 2020; Wen et al., 2017), which
map directly from dialogue history to system response without explicitly separating intermediate
components. Such models can be trained in a supervised fashion using human-human dialogue
corpora.

The emergence of general-purpose LLMs has given rise to agentic ToD systems, which rely on
in-context prompting rather than task-specific training to handle complex dialogue contexts. By
leveraging task descriptions, examples, and dialogue history, these models can adapt to a wide range
of tasks in zero- or few-shot settings (Heck et al., 2023; Lin et al., 2025). However, their versatility
often comes at the cost of robustness and consistency, and they typically lag behind task-optimised
models in high-stakes or domain-specialised scenarios (Feng et al., 2025).

The evaluation of ToD systems is typically centred on task success and dialogue efficiency (e.g.,
number of turns to completion) (Lee et al., 2018; Nekvinda and Dušek, 2021; Zhu et al., 2023). Task
success is defined in terms of whether the system retrieves an entity that meets all user-specified
constraints or makes bookings according to user requirements.
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Roles

Interaction Method

Characteristics

Goal Emotion

User System Database

Natural Language Semantic Query

Human-like
Communicative

Ambiguous
Uncertain
Noisy

Knowledge-based
Groundtruth

Explicit
Non-ambiguous
Noise-free

Dialogue State

Objectives Success (↑) Sentiment (↑) Concept Error (↓)

FIGURE 1.3: A ToD system interacts with the user in a noisy environment while querying
the database symbolically. Its primary objective is task success, but it also aims to
enhance the user’s emotional experience by accurately conveying factual knowledge

with appropriate sentiment.

While these metrics offer clear and objective evaluation criteria, they primarily capture the
functional dimension of the interaction. Prior evaluation frameworks have long recognised the
importance of subjective user experience. For example, the PARADISE framework (Walker et al., 1997)
evaluates the overall system performance by combining objective dialogue metrics with qualitative
ratings from users reflecting their satisfaction. Similar approaches have been adopted in subsequent
work, where user satisfaction or perceived quality is assessed through post-dialogue surveys or
automatic assessment (Higashinaka et al., 2010). These are used either as an evaluation signal or as a
training objective (Ultes et al., 2017).

However, in many such approaches, subjective experience is measured as a single, broad user
satisfaction rating that aggregates multiple aspects of the interaction. These ratings often overlap
with less subjective factors, such as automatic speech recognition errors or dialogue efficiency, and
therefore provide limited insight into specific affective or emotional responses. Therefore, although
user satisfaction is explicitly considered, the direct modelling of emotional dimensions of the user
experience and the use of it as a system optimisation objective remain underexplored in standard
ToD evaluation (Lin et al., 2023).

1.2 Emotionally Intelligent Task-oriented Dialogue Agent

Human conversation is inherently affective. Beyond the literal content of an utterance, interlocutors
convey attitudes, emotions, and intentions that shape how their words are interpreted (Picard, 1997).
Emotions influence the choice of words (Mohammad and Turney, 2010), prosody (Frick, 1985), and
non-verbal cues (Busso et al., 2008), while also guiding turn-taking (Stevanovic and Peräkylä, 2015),
emphasis (Banse and Scherer, 1996), and the interpretation of ambiguous or underspecified statements
(Forgas, 1995). These affective signals serve important communicative functions: they help regulate
social interaction (Ekman, 1992a; Parkinson, 1996), reach consensus or resolve disagreement (Dijk
et al., 2008), and maintain interpersonal rapport (Acosta, 2009).
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Simulated User

Real user

NLU Policy

Environment

Goal

Dialogue System

Understanding Management Generation

End-to-end or Agentic Dialogue System

NLU DST Policy NLG

I am looking for a
Chinese Restaurant.

Which area in town
do you prefer?

Dialogue
State

Dialogue
Acts

FIGURE 1.4: ToD systems follow either a modular or an end-to-end architecture, em-
ploying key modelling stages of understanding, management, and generation.

Role of Emotion in Task-oriented Dialogues

For dialogue agents, this means that purely transactional exchanges, although sufficient to accomplish
factual goals, may fall short in providing a satisfying and engaging user experience (Feng et al., 2024a).
The ability to detect, interpret, and respond appropriately to the emotional states of users is not only
desirable in open-domain or chit-chat systems (Zhou et al., 2018) but is also crucial in ToDs, where
users’ affective states can impact both their willingness to continue the interaction and the likelihood
of successful task completion (Feng et al., 2022).

Although ToD systems have traditionally been evaluated and optimised for task success, the
affective dimension of interaction can directly influence functional outcomes from the following
perspectives:

• Error recovery and frustration management: A user who is repeatedly misunderstood may
become frustrated and abandon the interaction unless the system detects and addresses their
emotional state.

• Recommendation: In domains such as travel planning, users may be indecisive or hesitant. The
system should recognise these cues and proactively offer empathetic, contextually appropriate
recommendations to guide the user toward a decision.

• User retention and satisfaction: Positive emotional engagement can improve user satisfaction
and promote continued use of the system.

For example, a restaurant-booking system could detect that a user is sounding frustrated after
several failed search attempts and adapt by relaxing constraints, offering alternative suggestions, or
providing a more empathetic acknowledgement.

Key Abilities of Emotional Intelligence

The emotional intelligence of humans was first defined by Psychologists Peter Salovey and John
Mayer as the ability to understand the meaning of emotions, to identify one’s own and others’ feelings,
to use this information to guide thought and action, and to manage emotions for appropriate reactions
(Salovey and Mayer, 1990). This was later conceptualised in the theory of affective computing by
Rosalind Picard (1997) as three core abilities of an emotional computer: to perceive, to process, and to
express emotions. These align to three stages of the traditional ToD pipeline as illustrated in Figure
1.4:
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Task-oriented Dialogue Modelling Emotional Intelligence Modelling

Emotion Recognition in
Conversations

Natural Language Understanding,
Dialogue State Tracking

Optimal Emotional Conduct
SelectionOptimal Semantic Action Selection

Emotionally Conditioned Natural
Language Generation

Semantically Conditioned Natural
Language Generation

Understanding

Management

Generation

Perception

Processing

Expression

FIGURE 1.5: Capabilities of emotional intelligence can be mapped alongside the ToD
modelling pipeline and formulated as computational tasks.

1. Emotion Perception: Analogous to NLU and DST, this involves recognising and interpreting
the user’s affective state from their utterances and other contextual signals. Techniques range
from generic sentiment analysis approaches (Pang et al., 2002) to dedicated emotional modelling
in ToDs (Feng et al., 2023).

2. Emotion Processing: Comparable to dialogue action selection by the policy, this refers to
deciding how the system should adapt its conversational strategy in light of the detected
emotion and choosing the optimal emotion in the response.

3. Emotion Expression: Mirroring NLG, this entails producing responses that convey appropriate
affective cues, such as compassion and enthusiasm, while remaining task-focused. This can
involve lexical choice and emotional act selection (Zhou et al., 2018).

The analogy between ToD system modules and emotional intelligence capabilities, as outlined in
Figure 1.5, suggests a principled approach to integrating emotion into ToD systems and motivates the
research works introduced in this thesis.

Multimodality of Emotion

Human emotion is inherently multimodal. In spoken or face-to-face interactions, emotion is often
conveyed implicitly through tone, rhythm, facial expressions, and posture, sometimes even more
strongly than through words themselves (Ekman, 1992b). As a result, emotional signals from multiple
modalities can provide richer information for robust emotion perception, processing, and expression.
There have been extensive studies in the field of affective computing (Picard, 1997).

However, ToD systems deployed in real-world applications, such as customer support chatbots,
booking assistants, and information services, are predominantly text-based. Users may express
frustration, uncertainty, or satisfaction indirectly through repetition, hedging, politeness strategies, or
deviations from task-focused language, rather than through explicit emotion words or paralinguistic
signals (Brown and Levinson, 1987). This makes emotion recognition and expression substantially
more challenging.

This thesis deliberately focuses on text-based ToD to address this practical and underexplored
challenge. By constraining the modality to text, we investigate how emotional information can be
modelled, annotated, and utilised when only linguistic and contextual signals are available. This
focus not only reflects the dominant deployment scenario of contemporary ToD systems, but also
enables controlled analysis of the role of emotions in ToDs, without confounding multimodal cues.

While multimodal emotion modelling remains an important direction for future research, advanc-
ing emotionally intelligent behaviour in text-based dialogue systems is a necessary first step toward
more applicable and emotionally intelligent ToD agents.
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1.3 Challenges in Building Emotionally Intelligent Task-oriented Dia-
logue Systems

While the concept of emotionally intelligent ToD systems is compelling, its practical implementation
faces several key challenges:

1.3.1 Data Scarcity and Annotation Challenges

Task-oriented Dialogue

Sure. Do you have a price range in mind?    

    Hi, I need to book a hotel in Cambridge.

Don't worry, I found two cheap hotels. Do you need free parking?    

    I'd prefer something cheap… I'm on a tight budget. 
    (emotion: slight embarrassment)

Ashley Hotel do have free parking. Would you like me to book it?    

    Yes, that’s important. I hate dealing with parking fines. 
    (emotion: frustration recalling past)

Your booking is confirmed. Enjoy your stay!    

    Yes, please. Thank you so much! 
    (emotion: relief + gratitude)

Chit-chat Dialogue

I heard you are visiting Cambridge. Where are you staying in Cambridge?    

Oh nice! I heard they have great breakfast.    

    The Ashley Hotel. Honestly, I’m kind of excited. it looks cozy in the pictures. 
    (emotion: excitement)

Haha, sounds terrible. I’m sure this time will be better.    

    Yeah, can’t wait. Last time I stayed somewhere else and the breakfast was 
    awful - cold eggs, soggy toast… (emotion: disgust + humour)

    Fingers crossed. At least parking won’t be a nightmare! 
    (emotion: optimism)

FIGURE 1.6: Illustration of a ToD (hotel booking) versus a chit-chat dialogue (talking
about the booked hotel). In ToD, emotions are conveyed implicitly and tied to task
progress (e.g., urgency, relief), whereas in chit-chat they are expressed more openly,

reflecting personal experiences and social sharing.

The development of emotionally intelligent ToD systems is hindered by the lack of suitable data
resources. Substantial research efforts have been invested into inherently emotion-rich conversation
scenarios such as chit-chat, which serves as a medium for sharing personal experiences (Li et al.,
2017), and psychological interviews, which explore a specific type of affective mental state (Gratch
et al., 2014). By contrast, emotions in ToDs are less frequent, more subtle, and embedded within
goal-driven exchanges. Figure 1.6 shows how emotions are conveyed in a ToD and a chit-chat
dialogue, respectively, under the same topic. Hence, comparatively less research attention has been
attracted to emotions in ToDs. In addition, emotions are inherently subjective, context-dependent,
and are often more subtle in ToDs, making consistent annotation particularly challenging. Moreover,
although large-scale datasets for emotion recognition exist in open-domain or chit-chat dialogues
(Busso et al., 2008; Li et al., 2017), these resources do not transfer well to ToDs. In the task-oriented
set-up, emotions are typically embedded in goal-directed interactions and arise indirectly rather than
being the primary focus of the interaction. They are shaped by task progress, success, or system
failures. As a result, generic emotion taxonomies such as Ekman’s six basic emotions (Ekman, 1971)
or dimensional models like the circumplex framework (Russell, 1980) fail to capture the nuanced
affective states that emerge in ToD contexts. For example, user impatience due to system errors, relief
after task completion, or uncertainty when goals are underspecified. Dedicated annotation schemes
are therefore required to accurately represent these nuanced expressions of emotion in ToDs.

Overall, to advance research in this area, there is a pressing need for large-scale, high-quality
corpora with carefully designed annotation schemes tailored to ToDs. Such resources would provide
a foundation for training and evaluating emotionally intelligent systems that can recognise, interpret,
and respond appropriately to user emotions during task completion.
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1.3.2 Integration of Emotion into Task-oriented Dialogue Systems

As discussed in Section 1.2, integrating emotion into ToD systems requires the system to understand,
process, and express emotions. Each step presents unique challenges.

Emotion Perception

Emotion understanding requires the system to track and predict users’ affective states as they evolve
over multiple dialogue turns. This necessitates an effective and robust emotion recognition in
conversation (ERC) model. However, user emotions in ToDs differ from those in chit-chat dialogues.
Specifically, user emotions arise from the goal-directed conversational context. They are subtler
as the sharing of emotional experience is not the main purpose of the conversation, and they are
centred around the task. The vocabulary in ToDs includes more functional words and named entities,
differing vastly from chit-chat dialogues (Stricker and Paroubek, 2023). Existing ERC methods,
typically optimised for open-domain or casual dialogues, may fail to capture these task-specific
emotional cues or adapt to the linguistic styles in ToDs (Feng et al., 2022, 2023). Consequently, a
specialised ERC model tailored to the task-oriented context is essential for enabling the system to
select emotion-aware actions and providing accurate learning signals for dialogue policy optimisation.

Emotion Processing

In task-oriented interactions, users’ emotions often provide critical signals about their satisfaction,
frustration, or uncertainty, which can directly impact task completion. Like human operators in such
scenarios, ToD systems can use these as feedback signals to guide their thinking and actions, aiming
to achieve more efficient user goal achievement and to enhance user experience. Therefore, emotion
processing should not be treated as an independent module but is most effectively integrated into the
dialogue policy to determine the system’s most appropriate emotional conduct alongside functional
dialogue actions. This integration requires balancing task success with the user’s emotional experience:
emotion-aware adaptations must still ensure accurate and efficient task completion. Overemphasising
emotional expressiveness at the expense of functional progress can reduce perceived competence
by the user. Therefore, careful design of learning signals and optimisation objectives is necessary to
simultaneously achieve both task effectiveness and emotional appropriateness.

Emotion Expression

In human communication, emotions are not only recognised and processed but also actively expressed
through language, prosody, and style, shaping how messages are perceived. For ToD systems, the
primary goal of delivering accurate information imposes an additional and strict requirement on
emotion expression: emotion must be conveyed appropriately without altering the factual or semantic
content of the intended response. For example, a negative sentiment in the system’s reply is often
associated with temporary task failure (e.g., no available options matching the search constraints or a
booking failure), but it may also serve as an empathetic acknowledgement of the user’s frustration.
Achieving this balance requires disentangling affective information from task-related semantics dur-
ing natural language generation so that the emotional tone can be adapted without distorting the
informational content of the dialogue. At the same time, introducing affective variation increases the
risk of hallucinations, where emotional framing may inadvertently change factual details or generate
unsupported information (Xing et al., 2025). Thus, emotion-aware natural language generation must
be carefully constrained to ensure that empathy enhances user experience without compromising the
reliability and consistency of task-related outputs.

Together, emotion perception, processing, and expression form a tightly coupled pipeline in
emotionally intelligent ToD systems. Errors or limitations in any component can propagate and
compromise both task effectiveness and the user’s emotional experience. Designing systems that
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jointly optimise these elements remains a central research challenge: the system must accurately
perceive subtle emotions, select context-appropriate responses, and express them naturally, all while
reliably achieving the user’s task goals. Addressing this interplay is critical for building dialogue
agents that are not only functionally competent but also socially and emotionally attuned.

1.4 Contributions

In this thesis, we address the core challenges discussed in Section 1.3 and advance the design of
emotionally intelligent ToD systems through a sequence of works. The contributions progress in three
stages, from constructing resources for modelling user emotion, to developing robust recognition
methods, and finally to integrating affect into the full ToD pipeline.

1.4.1 Dataset Construction for Emotion Modelling in Task-oriented Dialogues

The foremost challenge in developing emotionally intelligent ToD systems is the absence of resources
that capture affective behaviours specific to task-oriented interactions. Existing emotion corpora
largely reflect chit-chat or psychological settings, while the few ToD-related datasets available focus
on generic sentiment polarity and fail to capture nuanced states such as frustration from repeated
booking failures, uncertainty when goals are underspecified, or relief upon task completion. To
address this, we take inspiration from the emotion model of Ortony, Clore, and Collins (OCC, Ortony
et al., 1988) and design a ToD-specific user emotion taxonomy and annotation protocol tailored to
the dynamics of task progress. Building on this framework, we construct EmoWOZ, a large-scale
corpus containing both human-human and human-machine dialogues, annotated with high-quality
labels via a series of quality assurance procedures. EmoWOZ covers a wide behavioural spectrum of
user emotions in ToD and enables benchmarking of existing ERC models. Our experiments reveal
challenges unique to ToD emotion recognition. We also demonstrate that incorporating ERC as
an auxiliary task can improve dialogue state tracking, highlighting its value beyond a stand-alone
classification dataset. This contribution provides the first reproducible foundation for emotion
recognition in ToDs, enabling systematic evaluation and supervised training of emotion-aware ToD
modules. The research work has been presented in the following publication:

• Shutong Feng et al. (June 2022). “EmoWOZ: A Large-Scale Corpus and Labelling Scheme for
Emotion Recognition in Task-Oriented Dialogue Systems”. In: Proceedings of the Thirteenth
Language Resources and Evaluation Conference. Ed. by Nicoletta Calzolari et al. Marseille, France:
European Language Resources Association, pp. 4096–4113. URL: https://aclanthology.org/
2022.lrec-1.436/

1.4.2 Emotion Recognition Learning in Task-oriented Dialogues

Benchmarking on EmoWOZ highlights that recognising emotions in ToD remains challenging because
they are often sparse, subtle, and tightly intertwined with task progression. Conventional methods
developed for chit-chat data struggle to capture these nuances, leading to limited robustness and
poor generalisation. We propose a framework for adapting chit-chat ERC models to the task-oriented
domain by addressing three critical aspects of learning: data, features, and objective. To mitigate data
imbalance, we employ data augmentation techniques to improve the recognition of rare emotions. To
incorporate task-relevant information, we introduce dialogue states as auxiliary features. Further
leveraging the annotation scheme of EmoWOZ and interconnections between labels, we devise a
multi-task learning objective and a novel emotion-distance weighted loss function. Putting together
these strategies significantly enhances the ERC performance. This contribution establishes practical
methods for building accurate and robust ERC models in ToD, consolidating the foundations laid by
EmoWOZ. The research work has been presented in the following publication:

https://aclanthology.org/2022.lrec-1.436/
https://aclanthology.org/2022.lrec-1.436/
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• Shutong Feng et al. (Sept. 2023). “From Chatter to Matter: Addressing Critical Steps of Emotion
Recognition Learning in Task-oriented Dialogue”. In: Proceedings of the 24th Annual Meeting of the
Special Interest Group on Discourse and Dialogue. Ed. by Svetlana Stoyanchev et al. Prague, Czechia:
Association for Computational Linguistics, pp. 85–103. DOI: 10.18653/v1/2023.sigdial-1.8.
URL: https://aclanthology.org/2023.sigdial-1.8/

While task-specific models are effective, they are limited by data availability and often lack cross-
domain generalisation. The emergence of LLMs offers an opportunity to leverage broad linguistic
and contextual knowledge for affect recognition. This naturally raises a key question: are dedicated
data collection and task-specific adaptation still necessary for modelling emotions in conversation?
To explore this, we investigate a range of open-source and proprietary LLMs as emotion recognisers
under zero-shot, few-shot, and data-scarce conditions. We also explore affective behaviours beyond
the scope of emotions in ToDs: emotions in chit-chat and mental state in psychological interviews. In
addition, we evaluate robustness under automatic speech recognition (ASR) errors to simulate realistic
noisy environments. Our findings show that while LLMs do not universally surpass specialised ERC
models, they demonstrate notable robustness to ASR noise and adaptability in low-resource or unseen
scenarios. Nevertheless, lightweight supervised models remain more suitable for high-stakes or
time-sensitive applications. This work broadens the methodological toolkit for ToD ERC, highlighting
LLMs’ complementary strengths in flexibility and robustness. The research work has been presented
in the following publication:

• Shutong Feng et al. (Sept. 2024b). “Affect Recognition in Conversations Using Large Language
Models”. In: Proceedings of the 25th Annual Meeting of the Special Interest Group on Discourse
and Dialogue. Ed. by Tatsuya Kawahara et al. Kyoto, Japan: Association for Computational
Linguistics, pp. 259–273. DOI: 10.18653/v1/2024.sigdial-1.23. URL: https://aclanthology.
org/2024.sigdial-1.23/

1.4.3 Integrating Emotion into Task-oriented Dialogue Systems

Our work on dataset construction and emotion recognition learning lays the foundation for integrating
emotions into ToD systems. We are the first to incorporate emotion into the full ToD pipeline, spanning
natural language understanding, dialogue management, and response generation, optimised through
an emotional user simulator. Specifically, we employ an ERC module alongside the DST module
and extend the dialogue state to include the estimate of the user’s emotion. To handle the system’s
affective behaviours, we complement EmoWOZ with system affective behaviour labels and expand
the dialogue policy action space. The policy is then optimised with a multi-objective emotion-aware
optimisation strategy that balances task success with affective appropriateness, trained via online
reinforcement learning (RL) in natural language interactions. Subsequently, we condition the NLG
both semantically and emotionally. We also develop supervisedly trained end-to-end counterparts.
Experiments with both simulated and real users show that incorporating emotion improves task
success and user emotional experience in both modular and end-to-end ToD systems. Notably, we
also find that RL reduces hallucination in NLG, suggesting improved disentanglement between
semantic content and emotional tone. This contribution demonstrates that ToD systems can be both
effective and emotionally intelligent, offering practical design strategies for affect integration. The
research work has been presented in the following publication:

• Shutong Feng et al. (Sept. 2024a). “Infusing Emotions into Task-oriented Dialogue Systems:
Understanding, Management, and Generation”. In: Proceedings of the 25th Annual Meeting of the
Special Interest Group on Discourse and Dialogue. Ed. by Tatsuya Kawahara et al. Kyoto, Japan:
Association for Computational Linguistics, pp. 699–717. DOI: 10.18653/v1/2024.sigdial-1.60.
URL: https://aclanthology.org/2024.sigdial-1.60/

While our prior work affirms the feasibility of emotion-aware ToD systems, further challenges
remain in searching for the optimal choice of system architectures, representations of information, and

https://doi.org/10.18653/v1/2023.sigdial-1.8
https://aclanthology.org/2023.sigdial-1.8/
https://doi.org/10.18653/v1/2024.sigdial-1.23
https://aclanthology.org/2024.sigdial-1.23/
https://aclanthology.org/2024.sigdial-1.23/
https://doi.org/10.18653/v1/2024.sigdial-1.60
https://aclanthology.org/2024.sigdial-1.60/
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optimisation strategies. Therefore, we systematically explore a wide range of design considerations for
emotionally intelligent ToD systems, including novel combinations not considered in prior research.
Building on recent advances in natural language processing (NLP), we propose LUSTER, a unified
framework that leverages LLMs as the backend, employs a fully lexicalised representation, and
integrates online RL with multi-objective rewards that balance short-term emotion and long-term task
success. This contribution offers a principled exploration of design choices and provides a holistic
framework that unifies efficiency, robustness, and emotion in ToD systems. The research work has
been presented in the following work, which is currently under review for publication:

• Shutong Feng et al. (2025). Emotionally Intelligent Task-oriented Dialogue Systems: Architecture,
Representation, and Optimisation. arXiv: 2507.01594 [cs.CL]. URL: https://arxiv.org/abs/
2507.01594

1.5 Thesis Structure

This thesis consists of ten chapters:

Chapter 1 presents a general introduction, setting the context and outlining the thesis objectives.

Chapter 2 summarises techniques for data-driven machine learning, which are at the core of our
approaches.

Chapter 3 introduces theory and techniques for affective computing.

Chapter 4 provides an overview of fundamental dialogue theories and their link to typical dialogue
system set-ups.

Chapter 5 introduces EmoWOZ, the first open-source and large-scale corpus with a dedicated la-
belling scheme for emotion recognition in ToDs.

Chapter 6 introduces a general framework to adapt emotion recognition in conversation models to
the task-oriented context.

Chapter 7 investigates the use of large language models for recognising assorted types of affect
under diverse dialogue settings, including ToDs.

Chapter 8 introduces the incorporation of emotion into the complete ToD processing loop involving
understanding, management, and generation.

Chapter 9 investigates systematically into various design considerations of ToDs and proposes a
unified architecture and multi-objective optimisation scheme for large-language-model-based
end-to-end emotionally intelligent ToD systems.

Chapter 10 summarises the thesis’s key findings, examines the implications of the presented research,
and suggests directions for future investigation.

https://arxiv.org/abs/2507.01594
https://arxiv.org/abs/2507.01594
https://arxiv.org/abs/2507.01594
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Chapter 2

Learning from Data

2.1 Overview

The field of natural language processing (NLP) has undergone a paradigm shift from rule-based
systems toward data-driven machine learning approaches. Early NLP research was dominated by
symbolic techniques, also known as Good Old-Fashioned Artificial Intelligence (GOFAI), where
linguistic knowledge was encoded in handcrafted grammars, lexicons, and logical rules (Allen, 1995;
Winograd, 1972). While these systems achieved partial success in constrained domains, their rigidity
and poor scalability limited their applicability to real-world, open-domain tasks.

The rise of statistical learning in the 1990s marked the first major step toward data-driven NLP
(Manning and Schutze, 1999). This shift was largely driven by the increasing availability of large text
corpora, which allowed researchers to move beyond manually created rules. Instead of hardcoding
every linguistic rule, statistical NLP leverages probability and machine learning to infer patterns and
rules directly from the data. By treating language as a stochastic phenomenon, statistical models such
as hidden Markov models and maximum entropy classifiers demonstrated strong performance in
part-of-speech tagging, speech recognition, and information extraction. These methods highlighted
the centrality of annotated corpora as the foundation of NLP progress.

The subsequent decade brought advances in neural networks and deep learning, which recon-
ceptualised NLP as a problem of function approximation over large datasets (LeCun et al., 2015).
Neural architectures, particularly recurrent neural networks (RNNs), and more recently, Transformers
(Vaswani et al., 2017), enabled the automatic learning of distributed representations of language,
eliminating the need for extensive manual feature engineering. This transformation has been espe-
cially impactful in dialogue systems, where data-driven methods capture nuances of intent, discourse
structure, and affective state.

At the heart of these developments lies the principle of learning from data. Given a dataset of
linguistic inputs and supervision in the form of labels or rewards, models learn mappings from
text to representations or actions. Crucially, this learning paradigm encompasses a range of ap-
proaches - supervised, unsupervised, transfer, and reinforcement learning - that collectively form the
methodological foundation for contemporary NLP research.

This chapter provides a systematic introduction to these paradigms. Section 2.2 discusses methods
of data collection, the prerequisite for any learning-based system. Sections 2.3, 2.4 and 2.5 intro-
duce neural networks as universal function approximators, optimisation techniques, and model
architectures. Sections 2.6 to 2.10 detail specific learning paradigms: supervised learning, transfer
learning, unsupervised learning and reinforcement learning. Section 2.11 gives special attention
to large language models, which have revolutionised NLP in recent years. The thesis concludes
in Section 2.12 with reflections on how these methods form the basis for emotionally intelligent
task-oriented dialogue systems, the subject of this chapter.
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2.2 Data Collection

The performance of data-driven NLP systems is fundamentally constrained by the availability and
quality of data. Data collection, therefore, constitutes the first critical step in developing models for
textual understanding and generation.

2.2.1 Source of Data

Data for NLP can be broadly categorised into naturally occurring corpora and constructed datasets.
Naturally occurring corpora include web text (Common Crawl, Wikipedia), conversational logs, and
social media data (Twitter, Reddit), which provide vast amounts of raw language. While these corpora
generally lack explicit annotations, researchers often derive labels from their inherent structures. For
example, Wikipedia’s infoboxes and knowledge graphs can be used to extract structured relationships
for knowledge base construction (Auer et al., 2007). Social media content can also be analysed for
sentiment or intent using built-in cues. For example, Felbo et al. (2017) leveraged emojis in Twitter
to construct a sentiment analysis dataset, and Khodak et al. (2018) made use of a specific linguistic
pattern, “/s”, to identify sarcasm in Reddit. In contrast, constructed datasets are curated with
specific tasks in mind, serving as standardised benchmarks. Notable examples include Penn Treebank
(Marcinkiewicz, 1994) for syntactic parsing or the Switchboard corpus (Godfrey and Holliman, 1993)
for dialogue analysis.

A central trade-off in data-driven NLP lies between scale and quality. Large-scale datasets enable
the training of foundation models with billions of parameters, but contain noisy, uncurated text.
Conversely, high-quality expert-annotated corpora are typically small in scale. Hybrid approaches,
where small annotated datasets are combined with large unlabelled corpora through task-specific
fine-tuning or transfer learning, have proven highly effective in bridging this gap (Devlin et al., 2019).

In the context of dialogue systems, data often originates from human-machine (Levin et al., 2002)
or human-human interactions (Godfrey and Holliman, 1993; Raux et al., 2005). The Wizard-of-Oz
method is a popular approach for collecting realistic human-machine interaction data by having a
human operator simulate the system’s responses (Budzianowski et al., 2018; Dahlbäck et al., 1993).
Some datasets focus on a particular aspect of dialogue, such as the emotion of a speaker (Busso
et al., 2008; Li et al., 2017). There are also datasets labelled for comprehensive modelling, such
as the MultiWOZ dataset, which includes annotations for dialogue state, action, and goals in the
task-oriented dialogue set-up (Budzianowski et al., 2018).

2.2.2 Annotation and Labelling

As we discuss later in Section 2.6, the supervised learning paradigm critically depends on annotated
datasets, wherein raw linguistic inputs are paired with structured labels representing linguistic or
semantic information such as intents, slots, dialogue acts, or affective states. The process of annotation
may be conducted by domain experts, which typically yields highly reliable labels due to their
specialised knowledge, but incurs substantial costs in terms of both time and resources. Alternatively,
annotations can be obtained through crowdsourcing platforms (e.g., Amazon Mechanical Turk1, Pro-
lific2), which enable large-scale data collection at a fraction of the cost. However, this approach often
introduces challenges related to variability in annotator expertise, inconsistency in label assignment,
and potential biases, thereby necessitating rigorous quality control mechanisms.

To obtain reliable labels, each data instance is usually annotated by multiple annotators. The
quality of annotations is monitored through their agreement. Naïve measures such as raw percentage
agreement Agreement = #Agreement

#Total Items are insufficient because they do not account for agreement by
chance. In categorical tasks with skewed label distributions, annotators can appear to agree simply by
favouring the majority class. For example, when labelling a dataset for sentiment analysis, annotators

1https://www.mturk.com/
2https://www.prolific.com/
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may simply label each data sample as the most frequent emotion, which is usually neutral. This can
create an inflated sense of reliability.

To evaluate the reliability of annotations and quantify the degree of agreement among annotators
beyond chance, several inter-annotator agreement (IAA) metrics have been proposed. Three of the
most widely used measures are Cohen’s kappa, Fleiss’s kappa, and Krippendorff’s alpha. These
metrics represent a progression in generality: from handling two annotators with nominal labels,
to multiple annotators, and finally to heterogeneous settings with missing labels and different label
types (nominal, ordinal, interval, ratio).

Inter-annotator Agreement

Cohen’s Kappa (κ) Cohen’s kappa (Cohen, 1960) is designed for two annotators labelling the same
set of items with categorical labels:

κ =
po − pe

1− pe
, (2.1)

where the observed agreement po and expected agreement pe are:

po =
1
N

C

∑
i=1

nii, pe =
C

∑
i=1

(︂ni·
N
· n·i

N

)︂
. (2.2)

Here, N is the number of items, C is the number of categories, nii is the number of items jointly
labelled as category i, and {ni·, n·i} are row and column marginals.

Fleiss’s Kappa (κF) Fleiss’s kappa (Fleiss, 1971) generalises Cohen’s kappa to multiple annotators:

κF =
P̄− P̄e

1− P̄e
, (2.3)

where the mean observed agreement P̄, the agreement for item i Pi, and the expected agreement
P̄e are

P̄ =
1
N

N

∑
i=1

Pi, (2.4)

Pi =
1

n(n− 1)

C

∑
c=1

nic(nic − 1), (2.5)

P̄e =
C

∑
c=1

p2
c , with pc =

1
Nn

N

∑
i=1

nic, (2.6)

Here, N is the number of items, n is the number of annotators per item, nic is the number of
annotators assigning item i to category c, and pc is the overall proportion of category c.

Krippendorff’s Alpha (α) Krippendorff’s alpha (Krippendorff, 1980) is the most general statistic.
It handles multiple annotators, missing data, and different measurement levels (nominal, ordinal,
interval, ratio):

α = 1− Do

De
(2.7)
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where

Do =
1
N

N

∑
i=1

1
ni − 1 ∑

k<l
δ(cik, cil), (2.8)

De = ∑
ci

∑
cj

p(ci) p(cj) δ(ci, cj). (2.9)

Here, ni is the number of annotations for item i, {cik, cil} are the labels given by annotators k and
l, p(c) is the relative frequency of category c, and δ(ci, cj) is a distance function (e.g., δ(ci, cj) = 1 if
ci ̸= cj, else 0 for nominal data).

Interpretation of Inter-annotator Agreement Metrics

All three inter-annotator agreement (IAA) metrics - Cohen’s κ, Fleiss’s κF, and Krippendorff’s α - share
a similar interpretative framework. By construction, they correct for chance agreement, meaning
that a value of 0 indicates that the observed agreement is no better than what would be expected
by random labelling, while a value of 1 indicates perfect agreement. Negative values are possible
and indicate systematic disagreement, where annotators agree less often than would be expected by
chance.

For Cohen’s κ and Fleiss’s κF, the theoretical range is [−1, 1]. Krippendorff’s α has an upper bound
of 1, but unlike κ it does not have a strict lower bound and can, in principle, take values below −1
when disagreement is extreme. In practice, however, values typically fall between −1 and 1.

A widely used set of benchmarks (Landis and Koch, 1977) interprets values as follows: < 0.00
indicates poor or worse-than-chance agreement; 0.00–0.20 corresponds to slight agreement; 0.21–0.40
to fair agreement; 0.41–0.60 to moderate agreement; 0.61–0.80 to substantial agreement; and 0.81–1.00
to almost perfect agreement. Krippendorff (1980) further recommends that α ≥ 0.80 be considered
reliable for drawing conclusions, values in the range 0.67 ≤ α < 0.80 be treated as acceptable for
tentative findings, and values below 0.67 be considered insufficient for scientific use.

2.2.3 Ethical and Practical Considerations

Data collection in NLP plays a foundational role in this thesis. It underpins our contributions,
particularly the creation of EmoWOZ, the first large-scale dataset focusing on user emotions in
task-oriented dialogue (Feng et al., 2022). At the same time, data collection raises several critical
ethical concerns, including privacy, informed consent, and social bias, which we have carefully taken
care of in all of our works.

Privacy and informed consent. The use of conversational data inherently intersects with issues of
privacy and participant consent. Sensitive interactions, such as those in healthcare, mental health
support, or customer service, often contain personal or confidential information (Sousa and Kern,
2023). Collecting and using such data without explicit consent risks violating individuals’ rights to
privacy, and even anonymised data may remain vulnerable to re-identification.

In our research, we explicitly mitigated these risks. The EmoWOZ dataset and its subsequently
extented version (Feng et al., 2024a) were constructed from publicly available and ethically approved
dialogue sources, with no inclusion of personally identifiable or sensitive user information. All human
annotation tasks were reviewed and approved by the Ethics Committee of the Faculty of Mathematics
and Natural Sciences of Heinrich Heine University Düsseldorf. Annotators were fully informed
about the research purpose, data handling procedures, and potential risks (e.g., abusive language),
and they provided explicit consent prior to participation. Moreover, all annotators’ identities were
fully anonymised. This ensures that no personal data or conversational content can be traced back to
individuals.
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Bias and representativeness. Datasets frequently encode social biases, including those related to
gender, race, and cultural stereotypes, which are embedded in human language and social structures.
For example, Bolukbasi et al. (2016) demonstrates how word embeddings can systematically repro-
duce gender stereotypes, while Blodgett et al. (2020) provides a comprehensive account of how bias
in language technologies can perpetuate structural inequalities. Models trained on such data not only
inherit these biases but also risk amplifying them when deployed at scale, potentially reinforcing
stereotypes or inequalities.

In our data collection, we recruited annotators from the broad Amazon Mechanical Turk (AMT)
worker pool, without restricting participation by gender, race, or cultural background. While this
inclusive approach aimed to avoid narrowing the participant pool artificially, it does not guarantee the
elimination of systematic biases, since AMT workers constitute a self-selected population with its own
demographic skew. Nevertheless, based on our own experience in our data collection pre-trials, this
strategy provided greater diversity than more restricted recruitment approaches, and was intended
to help mitigate, to some extent, bias in emotion perception and labelling.

2.3 Neural Network Function Approximator

The success of modern NLP rests on the ability of neural networks to approximate complex, non-linear
mappings between linguistic inputs and desired outputs. Unlike linear models, which are limited in
expressive capacity, neural networks are capable of learning hierarchical and distributed represen-
tations of language. This property has positioned them as the dominant function approximators in
contemporary NLP.

2.3.1 Neural Networks as Universal Function Approximators

The theoretical justification for neural networks largely stems from the universal approximation
theorem (Cybenko, 1989; Hornik et al., 1989). This theorem asserts that a standard feedforward
neural network, provided it has at least one hidden layer and employs a non-linear activation function
such as the sigmoid, can approximate any continuous function defined on a compact subset of Rn

with arbitrary accuracy, given a sufficiently large number of hidden units. More formally, for any
continuous function

f : Rn → R (2.10)

and for any ϵ > 0, there exists a neural network gθ such that

sup
x∈K
| f (x)− gθ(x)| < ϵ, (2.11)

where K ⊂ Rn is compact, and θ denotes the network parameters, i.e., the weights and biases.
It is important to note that the theorem guarantees existence rather than providing a constructive

recipe for designing or training such a network. In other words, it tells us that some neural network
configuration can approximate the desired function, but it does not specify how to efficiently find
it or how many hidden units may be required in practice. Despite this limitation, the theorem
provides a powerful theoretical foundation for viewing neural networks as general-purpose function
approximators.

In the context of NLP, this principle has significant implications. Text-based tasks can often be
framed as learning a mapping from sequences of discrete tokens to structured outputs. These outputs
may take the form of class labels (e.g., emotion categories), continuous semantic representations (e.g.,
embeddings for similarity tasks), or even complex generative structures such as translated sentences
or free-form text generation. The universal approximation property ensures, at least in theory, that
neural architectures are capable of capturing these highly non-linear and compositional mappings,
provided they are given sufficient capacity and appropriate training.
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2.3.2 Non-linear Activation Functions

A crucial component of neural networks is the use of non-linear activation functions. Without
non-linearities, a network composed of stacked transformations would collapse into a single linear
mapping, thereby limiting its expressive power. The universal approximation theorem discussed
earlier (Section 2.3.1) explicitly requires the presence of a non-linear activation function to guarantee
the ability of neural networks to approximate arbitrary continuous functions.

Formally, consider a hidden unit activation:

h = ϕ(Wx + b), (2.12)

where x ∈ Rn is the input, W ∈ Rm×n is the weight matrix, b ∈ Rn is the bias vector, ϕ(·) is a
non-linear activation function applied element-wise, and h ∈ Rm is the resulting hidden activation
vector. The choice of ϕ significantly influences both representational capacity and trainability.

Sigmoid and Hyperbolic Tangent (Tanh) Early neural networks commonly employed the sigmoid
function,

σ(x) =
1

1 + e−x , (2.13)

which squashes real-valued inputs into the range (0, 1).
Similarly, the hyperbolic tangent,

tanh(x) =
ex − e−x

ex + e−x , (2.14)

maps inputs into (−1, 1) and is zero-centered.
While useful for probabilistic interpretation, both functions saturate for large absolute values of x,

making the training of deep networks difficult. We discuss the associated vanishing or exploding
gradient problems in Section 2.5 when we talk about specific neural network architectures.
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FIGURE 2.1: Illustrations of sigmoid and hyperbolic tangent activation functions.

Rectified Linear Unit (ReLU) The introduction of the Rectified Linear Unit (ReLU) addresses the
vanishing gradient problem (Glorot et al., 2011). Defined as

ReLU(x) = max(0, x), (2.15)



2.3. Neural Network Function Approximator 19

it avoids saturation in the positive domain, mitigates vanishing gradients, and is computationally
efficient. However, ReLU can lead to “dying neurons”, where units become inactive if their weights
drive them into the negative domain persistently.

Variants of ReLU Several variants have been proposed to address these drawbacks. The Leaky
ReLU (Maas et al., 2013) introduces a small slope α in the negative domain:

LeakyReLU(x) =

{︄
x if x > 0,
αx otherwise,

(2.16)

where α is a small constant (e.g., 0.1).
The Parametric ReLU generalises this idea by making α learnable (He et al., 2015).
Another widely used alternative is the Gaussian Error Linear Unit (GELU, Hendrycks and Gimpel

2016). GELU is defined as
GELU(x) = x ·Φ(x), (2.17)

where Φ(x) is the cumulative distribution function of the standard normal distribution. GELU has
been particularly successful in Transformer-based architectures (Devlin et al., 2019; Radford et al.,
2018).
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2.3.3 Representation of Text in Neural Models

Raw linguistic input is inherently symbolic and discrete, consisting of words or subword units drawn
from a vocabulary. Neural models, however, operate in continuous vector spaces, where gradient-
based optimisation techniques can be applied effectively. Bridging this gap requires a transformation
from symbolic sequences to numerical vectors, typically achieved through embeddings. Formally, let
a tokenised utterance be represented as

x = (w1, w2, ..., wT), wt ∈ V (2.18)

where T is the sequence length and V denotes the vocabulary. Each token wt is then mapped to a
dense vector representation in Rd:

X = (ew1 , ew2 , ..., ewT ), ewt ∈ Rd (2.19)

where d is the embedding dimension and ewt is the embedding of token wt.
Before the development of word embeddings, earlier NLP systems relied on more primitive text

representations. The most common methods included one-hot encoding, where each word in the
vocabulary is represented by a sparse binary vector of dimension |V| with a single one at the index
corresponding to the word, and bag-of-words (BoW) or n-gram models, where text is represented by
frequency counts of words or short sequences of words. While these approaches were simple and
interpretable, they suffered from extremely high dimensionality, sparsity, and an inability to capture
semantic similarity between words. For example, “dog” and “cat” would be orthogonal vectors in a
one-hot space despite their semantic similarity.

The introduction of distributed word representations addressed these shortcomings. Word em-
beddings, such as Word2Vec (Mikolov et al., 2013) and GloVe (Pennington et al., 2014), represent
words as dense, low-dimensional vectors learned from large corpora, where semantic and syntactic
relationships are encoded geometrically. For instance, vector operations can capture analogies such
as:

eking − eman + ewoman ≈ equeen. (2.20)

These static embeddings assign a single vector to each word type, regardless of context. However,
natural language meaning is inherently context-dependent. For example, the word “bank” in “river
bank” and “financial bank” has completely different meanings with different preceding words
and requires different representations. To address this limitation, modern approaches introduced
contextual embeddings, where representations vary with surrounding text. Breakthroughs such as
ELMo (Peters et al., 2018) and BERT (Devlin et al., 2019) demonstrated the effectiveness of deep, pre-
trained language models that produce contextualised embeddings. These models leverage large-scale
unsupervised training objectives, which we will discuss in Section 2.8, and have become the backbone
of state-of-the-art natural language processing systems.

Text representation in neural models has evolved from sparse symbolic encodings to dense,
distributional embeddings, and further to contextualised embeddings derived from pre-trained
language models. This progression reflects the increasing ability of neural methods to capture the
semantic and syntactic nuances of natural language.

2.4 Neural Network Optimisation

Section 2.3 introduces the building blocks of neural networks. In this section, we examine how to
find the neural network that fulfils Equation 2.11. Optimising a neural network involves finding
parameter values θ that minimise a task-specific loss function L(θ). The optimisation problem is
generally formulated as

θ∗ = arg min
θ
L(θ). (2.21)
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2.4.1 Loss Functions

Loss functions specify what a model should optimise during training by quantifying the discrepancy
between predicted outputs and ground-truth labels. The choice of loss function depends on the task.
Here are several fundamental loss functions that are widely adopted in NLP tasks.

Cross-entropy Loss

For supervised classification problems, the cross-entropy (CE) loss is widely adopted. Given a dataset
of N training examples {(xi, yi)}N

i=1, where yi ∈ Y is the true label from the set of possible labels Y,
the cross-entropy loss is defined as

LCE(θ) = −
1
N

N

∑
i=1

|Y|
∑
c=1

1[yi = c] log pθ(y = c | xi), (2.22)

where 1[yi = c] is an indicator function that equals 1 if the label is c, and pθ(y = c | xi) is the predicted
probability assigned by the model to class c. In practice, the probability is modelled with a softmax
activation function in the output layer of the neural network, which we will discuss later in Section
2.6.2. This formulation encourages the model to assign high probability to the correct class and low
probability to incorrect classes.

Mean Squared Error Loss

For regression tasks such as in the work of He and Lin (2016) where a continuous numerical value is
to be predicted, the mean squared error (MSE) loss is used. Mathematically, it is defined as:

LMSE(θ) =
1
N

N

∑
i=1
∥yi − fθ(xi)∥2, (2.23)

where yi is the ground-truth continuous target and fθ(xi) is the model prediction. This loss penalises
the squared deviation between predictions and targets, encouraging the model to approximate
continuous values accurately.

Custom Losses

Custom loss functions are frequently introduced in NLP to better reflect the nuances of particular
tasks.

In multi-task learning, for instance, the losses of multiple tasks are often combined into a weighted
objective so that the model learns shared representations while balancing potentially competing goals
(Caruana, 1997). We will discuss the details of multitask learning in the context of transfer learning
later in Section 2.7.3.

Other losses consider label similarity, where the penalty for misclassification is modulated by
the semantic proximity of labels. For example, predicting “joy” instead of “happiness” should be
penalised less than predicting “anger”.

We use custom loss functions in our work described in Chapter 6 and illustrate how loss functions
can be tailored to encode domain knowledge, reflect task-specific requirements, and ultimately
improve performance beyond what standard objectives can offer.

2.4.2 Optimisers

Having defined the loss functions that guide learning, the next step is to consider how these objectives
are minimised in practice. In neural networks, this is typically achieved through gradient-based
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optimisation, with stochastic gradient descent and its variants forming the backbone of modern
training strategies.

Gradient Descent and Stochastic Gradient Descent

Consider a function f : Rd → R for which we wish to find a point x∗ that minimises its value. To
reason about how to move towards such a minimum, we approximate f locally around an arbitrary
point x ∈ Rd. By Taylor’s theorem presented in the book of Marsden and Tromba (2003), a first-order
expansion yields

f (x + ∆x) ≈ f (x) + ∆x⊤∇x f (x), (2.24)

where ∆x ∈ Rd is assumed to be small.
To ensure that f (x + ∆x) does not exceed f (x), one natural choice is to set the update step

proportional to the negative gradient:

∆x = −η∇x f (x), (2.25)

with η > 0 as the step size or learning rate. This choice decreases the function value since the gradient
always points in the direction of steepest increase.

Applying this idea iteratively defines the update rule

xt+1 = xt − η∇x f (xt), (2.26)

starting from an initial guess x0. This leads to the most basic optimisation algorithm for minimising
the loss of a neural network parameterised with θ: gradient descent. Parameters are updated iteratively
(from step t to t + 1) in the direction opposite to the gradient of the loss function with respect to the
parameters:

θt+1 = θt − ηgt, (2.27)

where η is the learning rate controlling the step size, and gt = ∇θL(θt) denotes the gradient of the
loss with respect to θ.

While gradient descent computes gradients using the entire dataset, this is computationally ex-
pensive for large corpora. Instead, stochastic gradient descent (SGD) estimates the gradient on a small
mini-batch of examples, introducing stochasticity that often helps escape local minima and saddle
points (Bottou, 2010).

To further accelerate convergence, SGD is often combined with momentum (Rumelhart et al.,
1986b), which accumulates a moving average of past gradients:

mt = βmt−1 + gt, (2.28)
θt+1 = θt − ηmt, (2.29)

where β is the momentum coefficient. It follows that when the current gradient gt and the previous
momentum term mt−1 share the same sign, for example, when small gradients accumulate in a
consistent direction, the resulting update is amplified. In contrast, if their signs differ, as is typically
the case during oscillations, the update is reduced.

Adam and AdamW

A particularly influential optimiser is Adam (Adaptive Moment Estimation, Kingma and Ba 2017),
which combines the ideas of momentum and RMSProp by maintaining exponentially decaying
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estimates of both first-order and second-order moments of the gradients:

mt = β1mt−1 + (1− β1)gt, (2.30)
vt = β2vt−1 + (1− β2) gt ⊙ gt, (2.31)

m̂t =
mt

1− βt
1

, v̂t =
vt

1− βt
2

, (2.32)

θt+1 = θt − η
m̂t√

v̂t + ϵ
, (2.33)

where {mt, vt} are estimates of the first and second moments of the gradients, and {β1, β2} are
hyperparameters controlling exponential decay rates. Adam has become the de facto optimiser for
deep learning due to its robustness and ability to handle sparse gradients.

However, the original Adam couples weight decay with the adaptive learning rate, which can lead
to suboptimal regularisation. AdamW (Loshchilov and Hutter, 2019) addresses this by decoupling
weight decay from the update rule, improving generalisation in large-scale models (Devlin et al., 2019;
Radford et al., 2018; Raffel et al., 2020). Today, AdamW with carefully tuned learning rate schedules
is the standard choice for fine-tuning large pre-trained language models.

2.4.3 Practical Optimisation Techniques

Beyond optimisers and loss functions at the core of neural network optimisation, several additional
techniques have been developed to stabilise training, accelerate convergence, and improve the
generalisation of deep neural networks. These techniques are crucial for scaling models to large
datasets and deeper architectures, as commonly found in modern dialogue systems.

Normalisation

Normalisation methods mitigate internal covariate shift by rescaling intermediate activations. The
most widely used approach is batch normalisation (Ioffe and Szegedy, 2015), which normalises each
feature across a mini-batch:

x̂i =
xi − µB√︂

σ2
B + ϵ

, yi = γx̂i + β, (2.34)

where µB and σ2
B are the batch mean and variance, and γ, β are learnable scale and shift parameters.

Batch normalisation improves gradient flow, allows for higher learning rates, and reduces sensitivity
to initialisation.

For sequential models introduced later in Section 2.5, layer normalisation (Ba et al., 2016) is
usually preferred, as it normalises across features within a layer for each sample individually:

x̂i =
xx − µL√︂

σ2
L + ϵ

, (2.35)

where µL and σ2
L are computed across hidden dimensions rather than across the batch.

Gradient Clipping

For recurrent and very deep models, exploding gradients can destabilise optimisation. This challenge
is not limited to supervised learning: it is also prevalent in reinforcement learning, where high-
variance gradient estimates, especially in policy gradient or actor-critic methods, can lead to unstable
or divergent updates. A common countermeasure is gradient clipping (Pascanu et al., 2013), where
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gradients are rescaled when their norm exceeds a threshold τ:

g← g · τ

max(∥g∥, τ)
. (2.36)

This technique prevents unstable updates while preserving gradient direction.

Regularisation

Effective training also requires strategies to prevent overfitting and improve generalisation. Common
approaches include ℓ2 weight decay, dropout, and early stopping based on validation performance.

Weight decay (also known as ℓ2 regularisation) adds a penalty proportional to the squared
magnitude of the parameters:

Lreg(θ) = L(θ) + λ∥θ∥2
2, (2.37)

where λ is a hyperparameter controlling the strength of regularisation.
Dropout randomly sets a fraction p of activations to zero during training:

hdrop
i =

mihi

1− p
, mi ∼ Bernoulli(1− p), (2.38)

where hi is the activation of unit i, and mi is a random mask. The scaling factor 1
1−p ensures that

expected activations remain the same at test time.
These methods ensure that the trained parameters θ not only minimise the training loss but also

generalise well to unseen data.

2.5 Neural Network Architectures

Several neural architectures have been proposed for modelling linguistic data, each introducing
progressively more sophisticated mechanisms for capturing dependencies in text. Below, we discuss
the key models, their theoretical underpinnings, and the practical techniques that enabled their
success in natural language processing.

2.5.1 Feed-forward Neural Networks

The feed-forward neural network (FNN) defines a function ŷ = f (x; θ) that maps the input x to the
output ŷ with trainable parameters θ. In practice, the FNN is implemented as a series of L fully
connected (FC) layers f1, f2, ..., fL as illustrated in Figure 2.3.

fl(hl−1) = ϕl(Wlhl−1 + bl) (2.39)

Each FC layer takes input h(l−1) ∈ Rdl−1 , a real-number vector with dimension dl−1 ∈N from the
output of the previous layer fl−1 and outputs h(l) ∈ Rdl . The FNN’s input is h(0) = x and output
is h(L) = ŷ. The FC layer fl is parameterised with Wl ∈ Rdl×dl−1 and bl ∈ Rdl−1 with an activation
function ϕl as discussed in Section 2.3.2.

Early neural NLP systems relied on FNNs (Collobert et al., 2011) where an input sentence fragment
of fixed size (e.g. a context window of length 2k + 1) is first represented as concatenated word
embeddings ew:

x = [ewt−k , ..., ewt , ..., ewt+k ] ∈ R(2k+1)d, (2.40)

A major limitation of FNNs in NLP is their reliance on a fixed input length. Since these models
operate over a concatenated window of token embeddings, they are inherently restricted to capturing
dependencies within that predefined span. As a result, they are unable to model linguistic phenomena
that require reasoning over longer sequences, such as coreference or discourse-level coherence.



2.5. Neural Network Architectures 25

...

Output 

Input 

FIGURE 2.3: An illustration of a FNN architecture with input x and output ŷ. Each layer
l is parameterised with a trainable weight matrix Wl and a bias vector bl , and has a

non-linear activation function ϕl .

Another drawback is the absence of an explicit mechanism for temporal dynamics. Unlike
recurrent or attention-based models, which we will discuss later, FNNs treat their input tokens as a
flat vector without regard to order beyond the local window. This makes them poorly suited for tasks
where sequential information is essential, such as language modelling or machine translation.

Nevertheless, despite these limitations, FNNs could successfully perform fundamental NLP tasks
such as part-of-speech tagging and named entity recognition (ibid.). Crucially, they achieved this
without the need for handcrafted linguistic features, thereby highlighting the potential of data-driven
neural approaches as a departure from traditional feature-engineered systems.

Gradient Vanishing and Exploding

While shallow FNNs can be trained effectively, very deep architectures, while benefiting from the
increased number of parameters and therefore greater potential capability, suffer from the well-
known vanishing or exploding gradient problem. During backpropagation, the gradient at a given layer
is obtained by multiplying the gradients of subsequent layers. Formally,

∂L
∂h(l)

=
∂L

∂h(L)

L

∏
j=l+1

∂h(j)

∂h(j−1)
, (2.41)

where L denotes the loss, L the index of the final layer, and h(l) the hidden representation at layer l.
This repeated multiplication of Jacobians can lead to gradients that shrink exponentially with

depth (if eigenvalues < 1) or grow uncontrollably (if eigenvalues > 1). In practice, the shrinking
case is more common due to saturating activation functions such as the sigmoid or tanh, resulting in
earlier layers learning very slowly or not at all.

The vanishing or exploding gradient problem significantly limited the effective depth of early FNNs,
making them difficult to scale to more complex tasks. Activation functions, initialisation schemes,
layer normalisation, and residual connections were introduced to alleviate this issue, enabling the
successful training of modern deep architectures.
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2.5.2 Residual Neural Networks

One limitation of standard FNNs is the degradation of performance as the network depth increases.
Although deeper models have greater capacity, they are more difficult to optimise due to vanishing
gradients and optimisation instability. To address this, residual neural networks (ResNets) make it
possible to train very deep architectures by introducing skip connections that allow gradients to flow
more effectively during backpropagation (He et al., 2016) as depicted in Figure 2.4.

Formally, a residual block can be expressed as

h = fresnet(x; W , b) + x, (2.42)

where x is the input to the block, fresnet(x; W , b) is a non-linear transformation parameterised by
weights W and biases b, and h is the block output. The term +x denotes the skip connection, which
bypasses the non-linear transformation and directly adds the input to the output.

Input 

...

FIGURE 2.4: An illustration of a residual connection. The input x skips and adds to the
output of the non-linear residual block fresnet(x; W , b) to output the hidden activation

h(1).

During backpropagation, the derivative through a residual block takes the form

∂L
∂x

=
∂L
∂h

(︃
∂ fresnet(x; W , b)

∂x
+ I

)︃
, (2.43)

where I is the identity matrix. The identity term ensures that gradients can propagate directly through
the skip connection, reducing the likelihood of vanishing gradients and allowing optimisation of
much deeper networks.

Although originally proposed for computer vision, residual connections have been widely adopted
in NLP architectures, especially Transformers, which we introduce in Section 2.5.4.

2.5.3 Recurrent Neural Networks

Neural network architectures discussed earlier, while useful, are inherently limited in their ability
to capture sequential information. This is especially relevant to NLP as sentences and dialogues are
inherently sequential. To overcome this, RNNs were proposed as a natural extension for modelling
sequential data (Rumelhart et al., 1986a). The key idea behind RNNs is the use of a hidden state that
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evolves over time, integrating information from both the current input and the history of past inputs.
This hidden state acts as a form of memory, allowing the network to capture dependencies across
time steps (Figure 2.5).

Formally, an RNN updates its hidden representation at time step t as

ht = σ(Whht−1 + Wxwt + bh) ∈ Rm (2.44)

where xt is the embedding of the t-th token, ht is the hidden state of dimension m, and {Wh, Wx, bh}
are learnable parameters.

The output distribution over possible labels or tokens is then computed as

ŷt = softmax(Wyht + by) (2.45)

where {Wy, by} map the hidden state into the output vocabulary or label space. The softmax function
ensures that the output vector yt forms a valid probability distribution by exponentiating each logit
and normalising across all classes:

softmax(zi) =
ezi

∑V
j=1 ezj

, (2.46)

where zi denotes the logit corresponding to the i-th class, and the denominator sums over all V
vocabulary items (or labels). Thus, each item ŷt,i in the output vector ŷt is the normalised probability

of predicting class i at time t, with the properties 0 ≤ ŷt,i ≤ 1 and ∑|V|i=1 ŷt,i = 1. This allows the model
to interpret ŷt,i as the probability of the i-th token or label.

Output 

Input 

Unfold ...

FIGURE 2.5: An illustration of a recurrent neural network architecture with the unfolded
view to show the processing of each time step (token in the sequence). Each RNN cell,

fRNN(xt, ht−1; θ), represents the operation specified in Equations 2.44 and 2.45.

The Vanishing Gradient Problem

RNNs are trained using backpropagation through time (BPTT), where gradients are propagated not
only across layers but also over multiple time steps. This leads to the well-known challenge of the
vanishing (or exploding) gradient problem caused primarily by the multiplication of Jacobians through
time steps:

∂L
∂ht

=
T

∏
k=t

∂hk

∂hk−1
· ∂L

∂hN
, (2.47)

where L denotes the loss, and ht the hidden representation at time step t in a total number of T steps.
Similar to the case of FNNs, the gradient vanishes if the eigenvalues of the Jacobian are less than

one, or explodes otherwise. These difficulties severely limit the ability of simple RNNs to learn
long-term dependencies.
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Encoder-decoder Architecture of RNN

A simple RNN is designed either to predict the next token in a sequence or to map an input sequence
to a fixed output for classification, but it cannot directly generate an output sequence of variable
length conditioned on an input sequence. The encoder-decoder architecture was introduced by (Cho
et al., 2014) and (Sutskever et al., 2014) to overcome the limitations of standard RNN language
models in handling sequence-to-sequence tasks such as machine translation and dialogue response
generation. In this framework, an encoder RNN reads an input sequence (x1, . . . , xN) and maps it
to a sequence of hidden states (h1, . . . , hN). A fixed-length representation hN is then passed to a
decoder RNN, which generates an output sequence (ŷ1, . . . , ŷM) autoregressively. The beginning and
ending of the generated sequence are marked as special tokens, [BOS] and [EOS]. To address issues of
vanishing gradients and long-range dependency learning in standard RNNs, variants such as the
Gated Recurrent Unit (GRU, Chung et al. 2014) and Long Short-Term Memory (LSTM, Hochreiter
and Schmidhuber 1997) have been developed. These gated architectures allow the network to retain
information over longer sequences, improving performance on tasks like machine translation and
dialogue response generation. Figure 2.6 depicts the architecture of a typical encoder-decoder RNN.

Formally, the encoder computes:

ht = fenc(ht−1, xt; θenc), (2.48)

while the decoder computes:
ŷt, st = gdec(st−1, ŷt−1; θdec), (2.49)

where fenc and gdec are recurrent functions (e.g., RNN, GRU, or LSTM), {xt, ŷt−1} are embeddings of
source and generated tokens, st is the hidden state at decoding time t.

... Context Vector

Input Sequence 

Encoder

[EOS] Output Sequence 

Decoder...

[BOS]

FIGURE 2.6: An illustration of an encoder-decoder recurrent neural network architecture.
The hidden state of the last input token hN is used as the context vector, which is used

as the first hidden state s0 in the decoder to initialise the generation.

Attention Mechanisms in RNNs

While RNNs and their variants (e.g., GRU, LSTM) can model sequential data, they often struggle
with very long sequences due to vanishing gradients and limited memory capacity. In the vanilla
encoder-decoder architecture as illustrated in Figure 2.6, the context is limited to the last encoder state,
limiting the performance on long sequences. To overcome this, attention mechanisms were introduced
to augment RNNs by allowing the model to dynamically focus on relevant parts of the input sequence
when producing each output (Bahdanau, 2014).

Formally, given a decoder hidden state sm at decoder time step m and encoder hidden states
(h1, h2, . . . , hN), the attention score en,m for encoder position n is computed with a scoring function
parameterised with θscore:

en,m = fscore(hn, sm; θscore). (2.50)
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The attention weights are normalised with a softmax function:

αn,i =
exp(en,m)

∑N
j=1 exp(ej,m)

, (2.51)

and the context vector is obtained as a weighted sum of encoder states:

cm =
N

∑
n=1

αn,mhn. (2.52)

The context cm is then combined with the decoder hidden state to produce the output:

ŷm+1, sm+1 = gdec(sm, cm; θdec), (2.53)

...

Input Sequence 

Encoder

[EOS] Output Sequence 

Decoder...

softmax

tanh

Attention Weights Context Vector

FIGURE 2.7: An illustration of an implementation of the attention mechanism in an
encoder-decoder recurrent neural network architecture. The attention scoring function
in Equation 2.50 is implemented as fscore(hn, sm; θscore) = tanh(Wxhn + Wysm + bscore)
where trainable parameters θscore are weight matrices Wx, Wy and bias vector bscore.
Attention scores of all encoder hidden states are normalised with the softmax function,
following a weighted sum operation to obtain the context vector cm (Equation 2.52). In

the illustration, m = 1.

This mechanism allows the decoder to directly access information from any part of the source
sequence, improving the modelling of long-range dependencies and enabling explicit alignment
between input and output tokens. Attention mechanisms also inspire the development of Transformer
architectures, which we later discuss in Section 2.5.4.

2.5.4 Transformers

The Transformer architecture (Vaswani et al., 2017) represents a paradigm shift in sequence modelling.
Unlike recurrent or convolutional architectures, Transformers dispense with recurrence entirely and
rely solely on attention mechanisms to capture dependencies between tokens. This design enables
parallelisation during training and effectively models both short- and long-range dependencies.

Attention Mechanism in Transformers

The fundamental building block of Transformers is scaled dot-product attention. It takes three input
matrices: queries, keys, and values. Later in Section 2.5.4, we examine two typical input set-ups of
the attention mechanism illustrated in Figure 2.8 for building Transformer-based language models.

The query, key, and value matrices are first linearly projected with weight matrices W Q, WK, WV .
Then, it computes attention weights as a similarity between queries and keys, scaled by the factor



30 Chapter 2. Learning from Data

softmax

H
Scaled Dot-product Attention

FIGURE 2.8: An illustration of the scaled dot-product attention in a multi-head attention
set-up.

√
dk to control variance:

Attention(Q, K, V) = softmax
(︃

QK⊤√
dk

)︃
V, (2.54)

with dk as the dimensionality of the queries and keys.
The scaling factor 1/

√
dk is crucial for numerical stability during training. The variance of the

dot products QK⊤ increases proportionally to dk. Large logits drive the softmax function into regions
with very small gradients, leading to vanishing gradients and poor learning dynamics. By dividing
by
√

dk, the variance of the dot products is normalised, keeping the softmax in a regime where it is
more sensitive to differences between queries and keys.

Multi-Head Attention (MHA)

In practice, rather than computing attention once, the Transformer employs multiple attention
“heads”, each with different learned projections, allowing the model to jointly capture diverse rela-
tionships. Specifically,

hi = Attention(Qi, Ki, Vi), i = 1, . . . , H, (2.55)

fMHA(X) = [h1; h2; . . . ; hH ]WO, (2.56)

where H is the number of heads, [·] denotes concatenation, and WO is a learnable projection matrix.
This design allows the model to attend simultaneously to information at multiple positions and
representation subspaces.

Transformer Block

A Transformer is built from many blocks, which contain more than merely Multi-Head Attention
(MHA) modules. The block consists of the following core components: a multi-head attention
(MHA) module (as discussed in this section) and a position-wise FNN (discussed in Section 2.5.1),
each wrapped with a residual connection (Section 2.5.2) and layer normalisation (Section 2.4.3). As
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Multi-Head Attention

Add & Norm

Feed-forward Network

Add & Norm

Multi-Head Attention

Add & Norm

Multi-Head Attention

Add & Norm

Feed-forward Network

Add & Norm

Self-Attention Self-Attention

Cross-Attention

Transformer Block with Self-Attention Transformer Block with Self-Attention and Cross-Attention

FIGURE 2.9: Left: Transformer block with self-attention takes a sequence of vectors
as input stacked in a matrix X and outputs a sequence of hidden vectors stacked in a
matrix H. The Transformer block starts with a multi-head attention (MHA), which takes
X as queries, keys and values, followed by a residual connection (Add operation) and
layer normalisation (Norm). The output of MHA is fed into a FNN with a non-linear
activation function. Right: the Transformer block has an additional cross-attention
mechanism, which takes an additional sequence of vectors stacked in a matrix Z as
keys and values while taking the queries from the output of the previous self-attention

module.

illustrated in Figure 2.9, the Transformer block typically has two setups: with self-attention only and
with cross-attention in addition.

Transformer Block with Self-Attention takes as input a matrix X = [x1, . . . , xN ] ∈ RN×d, where N
is the sequence length and d the hidden dimension, and produces an output matrix H = [h1, . . . , hN ] ∈
RN×d.

In the self-attention module, queries, keys, and values are all derived from the input: Q = K =
V = X. Therefore, the mechanism here is referred to as self-attention. After applying MHA, a residual
connection and layer normalisation are used:

H ′ = Norm
(︁
X + MHA(X, X, X)

)︁
∈ RN×d. (2.57)

Each row vector of H ′ is then passed through a position-wise FNN, which consists of two linear
transformations separated by a non-linearity:

FNN(h) = W2 ϕnon-linear(W1h + b1) + b2, (2.58)

where W1 ∈ Rd1×d, W2 ∈ Rd×d1 , b1 ∈ Rd1 , b2 ∈ Rd. The hidden dimension d1 is typically set larger
than d (e.g. d1 = 4d) to increase representational capacity. A second residual connection and layer
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normalisation are then applied:

H = Norm
(︁

H ′ + FNN(H ′)
)︁
∈ RN×d. (2.59)

Transformer Block with Self-Attention and Cross-Attention takes as input matrices Y = [y1, . . . , yM] ∈
RM×d and Z = [z1, . . . , zN ] ∈ RN×d, where M and N are sequence lengths and d the hidden dimen-
sion, and produces an output matrix H = [h1, . . . , hN ] ∈ RM×d.

The matrix Y is first fed into the multi-head attention (MHA) module in the self-attention fash-
ion, Q = K = V = Y , that we have just discussed, followed by a residual connection and layer
normalisation operation:

H̃ = Norm(Y + MHA(Y , Y , Y)) ∈ RM×d. (2.60)

A cross-attention MHA module follows and takes Q = H̃ and K = V = Z.

H ′ = Norm(H̃ + MHA(H̃, Z, Z)) ∈ RM×d. (2.61)

Like the Transformer block with only self-attention, H ′ is fed into a FNN with a residual connection,
followed by layer normalisation.

H = Norm
(︁

H ′ + FNN(H ′)
)︁
∈ RM×d. (2.62)

In summary, a Transformer block processes a sequence of vectors in parallel through the self-
attention mechanism via efficient matrix-matrix multiplication. Compared to recurrent neural net-
works, self-attention enables more effective modelling of long-range dependencies between input
elements without sequential computation. The block further incorporates a FNN to introduce non-
linear transformations and employs residual connections and layer normalisation to stabilise and
accelerate training.

Transformer blocks can be stacked, analogous to the layers of a deep FNN. Each block maintains
its own set of parameters for the multi-head attention module, the FNN, and normalisation layers.
The output of one block serves as the input to the next. Importantly, the input and output dimensions
of each block are aligned by design, a property that ensures the residual connections are well-defined.

Positional Encoding

Since the attention mechanism in Transformers is permutation-invariant, additional mechanisms are
required to encode order, which is essential for text processing. This is achieved through sinusoidal
positional encodings (PEs), which are added to the input embeddings to inject sequence position
information (Vaswani et al., 2017). For a position pos and dimension i, these are defined as:

PE(pos,2i) = sin
(︂ pos

100002i/d

)︂
, PE(pos,2i+1) = cos

(︂ pos
100002i/d

)︂
. (2.63)

The use of sine and cosine at varying frequencies ensures that positions have unique encodings and
that the model can generalise to sequences longer than those seen during training. This is illustrated
in Figure 2.10. In later variants, learned positional embeddings have also been adopted (Devlin et al.,
2019; Radford et al., 2018).

The Encoder-decoder Architecture of Transformers

The Transformer model was first proposed for sequence-to-sequence modelling in translation. Ana-
logue to recurrent neural networks, the Transformer also employs an encoder-decoder architecture.
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FIGURE 2.10: A visualisation of positional encoding values across different positions
and dimensions.

The Transformer Encoder is composed of Lenc Transformer blocks with self-attention. The input
vector sequence X = [x1, . . . , xN ] ∈ RN×d is first added with positional encodings as explained
in Section 2.5.4. Then, the encoder produces a sequence of contextualised representations Z =
[z1, . . . , zN ] ∈ RN×d.

The Transformer Decoder aims to take the encoded features Z to produce the output sequence
[ŷ1, . . . , ŷM] ∈ RM×d. It is composed of Ldec Transformer blocks with self-attention and cross-attention.
The decoding procedure is auto-regressive: at each time j = 1, . . . , M, the input to the Transformer
decoder is a matrix Ŷ = [ŷ0, . . . , ŷj−1] ∈ Rj×d. This matrix contains the feature vectors of the
previously generated predictions ŷ0, . . . , ŷj−1. The initial vector ŷ0 is typically chosen as either a zero
vector or a special learned embedding that signals the start of the decoding process (e.g., a [BOS]
token). Same as the encoder, position encodings are added to the generated sequence before decoding
for the new token. This sequence, together with the encoder output matrix Z, is passed to a stack
of Transformer blocks with both self-attention and cross-attention. Note that the self-attention in
the decoder is masked so that the contextualised representation of an element in the sequence only
attends to earlier ones. The result is a hidden representation Ĥ = [ĥ0, . . . , ĥj−1]. Finally, the most
recent hidden state ĥj−1 is projected through a linear transformation followed by a softmax activation
to obtain a probability distribution over the vocabulary:

ŷout
j = ϕsoftmax(Wĥj−1 + b), (2.64)

where W ∈ R|V|×d and b ∈ R|V| are trainable parameters, and |V| is the vocabulary size. An output
token ŷj is then sampled (or selected via greedy decoding or beam search), and the process iterates
until an end-of-sequence token is generated or the maximum length is reached.

2.6 Supervised Learning

Supervised learning constitutes one of the most fundamental paradigms in machine learning. It is
characterised by the availability of a dataset consisting of input-output pairs, from which a model
learns a mapping that generalises to unseen data. This paradigm has been central to advances in
NLP, enabling the development of models for tasks such as classification, regression, and sequence-
to-sequence learning.
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FIGURE 2.11: An illustration of the Transformer-encoder-decoder architecture. Left:
the Transformer encoder is composed of a stack of Lenc Transformer blocks with self-
attention. Right: the Transformer decoder is composed of a stack of Ldec Transformer
blocks with self-attention and cross-attention, followed by a linear transformation and
a softmax activation function, and auto-regressively produces the next element. The

positional encodings are added to the input for both the encoder and the decoder.

2.6.1 Formal Definition

Let D = {(xi, yi)}N
i=1 be a training dataset of N examples, where each xi ∈ X denotes an input (e.g., a

text sequence or feature vector) and yi ∈ Y is the corresponding target label. The goal of supervised
learning is to learn a function

fθ : X → Y , (2.65)

parameterised by θ, that minimises the expected risk

R(θ) = E(x,y)∼pdata

[︁
ℓ( fθ(x), y)

]︁
, (2.66)
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where ℓ(·, ·) is a task-specific loss function and pdata is the (unknown) data distribution. Since pdata is
inaccessible, optimisation proceeds via empirical risk minimisation (ERM):

R̂(θ) =
1
N

N

∑
i=1

ℓ( fθ(xi), yi). (2.67)

The minimisation of R̂(θ) is typically performed using gradient-based optimisation discussed in
Section 2.4.2.

2.6.2 Classification

In classification task, the label space is discrete, Y = {1, . . . , C}, where C is the number of categories.
The model produces a probability distribution over classes via the softmax function:

pθ(y = c | x) =
exp(w⊤c hx + bc)

∑C
c′=1 exp(w⊤c′ hx + bc′)

, (2.68)

where hx denotes the hidden representation of input x, and wc, bc are class-specific parameters.
The standard objective is the cross-entropy loss as we have discussed in Section 2.4.1. Classification

underpins numerous NLP applications, including emotion recognition and intent categorisation.

2.6.3 Regression

In regression tasks, the label space is continuous, Y ⊆ R. The model predicts a real-valued output

ŷi = fθ(xi), (2.69)

and performance is often measured using the mean squared error (MSE) as we have discussed in
Section 2.4.1. Regression is used in NLP for tasks such as readability estimation, semantic similarity
scoring, and predicting continuous affective dimensions.

2.6.4 Sequence-to-Sequence Learning

A more complex supervised paradigm involves sequence-to-sequence (seq2seq) learning, where
both the input and output are variable-length sequences. This framework generalises standard
classification: at each step, the model predicts the next token from a finite vocabulary, effectively
performing a classification over the vocabulary space conditioned on the source sequence and
previous target tokens.

Formally, given an input sequence of length T

x = (w1, . . . , wT) (2.70)

and a target sequence of length T′

y = (y1, . . . , yT′). (2.71)

The objective is to model the conditional distribution

pθ(y | x) =
T′

∏
t=1

pθ(yt | y<t, x), (2.72)

where y<t = (y1, . . . , yt−1) denotes the prefix of the target sequence.
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The training objective minimises the negative log-likelihood (NLL):

L(θ) = − 1
N

N

∑
i=1

T′i

∑
t=1

log pθ(yi,t | yi,<t, xi). (2.73)

Seq2seq models thus extend the classification paradigm to autoregressive prediction, where a
sequence of classification decisions generates a structured output. They became central to NLP tasks
such as machine translation (Bahdanau, 2014; Vaswani et al., 2017), summarisation, and dialogue
response generation.

2.6.5 Advantages and Limitations

Supervised learning offers several advantages. First, it provides conceptual clarity: the problem
formulation is mathematically well-defined and empirically effective. Second, it is broadly applicable:
the paradigm supports diverse tasks, including classification, regression, and sequence-to-sequence
modelling. Finally, it offers strong empirical performance: with sufficiently large and representative
training data, supervised models often achieve state-of-the-art results.

However, the approach also faces limitations. Supervised learning is heavily data-dependent,
and constructing high-quality labelled datasets is expensive and time-intensive. Models may also
suffer from generalisation gaps, performing poorly under domain shift. Furthermore, label noise
introduced during human annotation can degrade performance, particularly in subjective tasks such
as emotion recognition.

Despite these challenges, supervised learning remains the foundation of many machine learning
applications and provides a critical basis for more advanced paradigms.

2.7 Transfer Learning

Supervised learning, despite its effectiveness, is limited by the availability of large annotated datasets.
In many practical scenarios, especially in specialised domains, only a small quantity of labelled data
is accessible. Transfer learning addresses this challenge by leveraging knowledge acquired in one
setting (the source domain or task) to improve learning in another (the target domain or task). This
paradigm has become central to natural language processing, particularly following the success of
large-scale pre-trained language models.

Formally, let a domain be defined as

D = (X , P(X )), (2.74)

where X is the feature space and P(X ) is the marginal distribution over inputs. A task is defined as

T = (Y , f (·)), (2.75)

where Y is the label space and f : X → Y is the predictive function. Given a source domain DS with
task TS, and a target domain DT with task TT, transfer learning seeks to improve the learning of fT in
(DT, TT) using information from (DS, TS), where typically DS ̸= DT and/or TS ̸= TT (Pan and Yang,
2009).

Several complementary strategies for transfer learning have emerged in NLP, which we discuss in
the following subsections.
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2.7.1 Domain Adaptation

Domain adaptation addresses the case where the source and target tasks are identical (TS = TT) but
the input distributions differ (PS(X ) ̸= PT(X )). A sentiment classifier trained on product reviews, for
example, may not generalise to movie reviews due to distributional differences.

One common approach is to fine-tune pre-trained models. Large language models pretrained on
corpora such as Wikipedia or Common Crawl capture broad linguistic regularities, and can be
adapted to target domains with small amounts of labelled data (Devlin et al., 2019; Raffel et al., 2020).
Another strategy is instance reweighting, where source-domain examples are weighted to better reflect
the target distribution (Jiang and Zhai, 2007). Feature alignment methods instead encourage the model
to learn domain-invariant representations, often using adversarial training (Ganin et al., 2016), where
a discriminator distinguishes domains while the encoder seeks to confuse it. Finally, unsupervised
domain adaptation leverages unlabelled target-domain data, for example, through self-training with
pseudo-labels or consistency regularisation (French et al., 2018). Domain adaptation has proven
especially impactful in NLP due to the abundance of unlabelled text in specialised domains.

2.7.2 Data Augmentation

Data augmentation seeks to artificially expand the training dataset to improve generalisation.
Formally, given a dataset D = {(xi, yi)}N

i=1, augmentation applies a stochastic transformation
τ : X → X to inputs, yielding

D′ = {(τ(xi), yi)}N
i=1. (2.76)

Training on D ∪ D′ reduces overfitting and improves robustness to linguistic variability.
In NLP, augmentation methods mitigate the scarcity of labelled data by introducing lexical and

structural variability. Lexical substitution replaces words with synonyms or semantically similar
alternatives (Zhang et al., 2015). Back-translation generates paraphrases by translating text into another
language and back again (Sennrich et al., 2016). Another approach is noise injection, where tokens
are randomly deleted, shuffled, or masked to encourage robustness (Xie et al., 2020a). Template-
based generation creates synthetic examples with rules or neural templates (Fadaee et al., 2017),
while large language models have recently been used for augmentation by generating paraphrases,
counterfactuals, or task-specific examples.

2.7.3 Multitask-Learning

Another form of transfer arises in multi-task learning (MTL), where a model is trained jointly on
multiple related tasks to improve generalisation through shared representations (Caruana, 1997).
For example, part-of-speech tagging, syntactic parsing, and semantic role labelling can be trained
together using a shared encoder, encouraging inductive transfer between tasks.

Formally, given tasks {T1, . . . , TK}, the joint training objective is

L(θ) =
K

∑
k=1

λkLk(θ), (2.77)

where Lk(θ) is the loss for task Tk and λk is a weighting factor. MTL has shown consistent benefits in
NLP by enabling models to learn linguistically meaningful shared structures (Williams et al., 2018).

2.7.4 Parameter Efficient Fine-tuning

Recent advances in transfer learning have emphasised parameter-efficient fine-tuning, which adapts
large pre-trained models without updating all parameters. Instead of modifying the full parameter
set θ of a pre-trained model, a small set of additional parameters ∆θ is introduced and optimised,
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while the original weights remain frozen. Formally, given a pre-trained model fθ, parameter-efficient
methods learn

fθ,∆θ(x) with θ frozen, ∆θ trainable. (2.78)

Adapters One approach is the use of adapters (Houlsby et al., 2019), small trainable modules inserted
between frozen pre-trained layers. If h denotes the hidden representation of a layer, an adapter
typically applies a bottleneck transformation:

h′ = h + Wup σ(Wdownh), (2.79)

where Wdown ∈ Rr×d projects the d-dimensional hidden state into a lower-dimensional space r ≪ d,
σ is a non-linear activation function, and Wup ∈ Rd×r projects it back. Only Wup and Wdown are
updated during fine-tuning, leading to a significant reduction in trainable parameters when adapting
to a new task.

Low-Rank Adaptation (LoRA) Another widely adopted method is low-rank adaptation (LoRA) (Hu
et al., 2022). Instead of updating a full weight matrix W ∈ Rd×k, LoRA constrains the update to a
low-rank decomposition:

W ′ = W + ∆W , with ∆W = AB, (2.80)

where A ∈ Rd×r and B ∈ Rr×k with rank r ≪ min(d, k). This reduces the number of trainable
parameters from O(dk) to O(r(d + k)), while retaining much of the expressive power of full-rank
updates.

Prefix Tuning A third strategy is prefix tuning (Li and Liang, 2021), which modifies the input to each
Transformer layer rather than its weights. For a self-attention mechanism with key and value matrices
(K, V), prefix tuning introduces trainable prefix vectors (Kp, Vp) of length m, which are concatenated
with the original key and value sequences:

K′ = [Kp; K], V ′ = [Vp; V ]. (2.81)

During training, only (Kp, Vp) are updated, while the pre-trained model parameters remain frozen.
This allows the model’s behaviour to be steered towards the target task with minimal parameter
updates.

2.7.5 Advantages and Limitations

Transfer learning has become a cornerstone of modern NLP due to several key advantages. First,
it enables effective learning in settings where annotated data is scarce. By leveraging knowledge
encoded in pre-trained models or related tasks, transfer learning reduces the dependence on costly
human-labelled corpora. Second, it provides strong empirical performance across a wide range of
downstream tasks, from classification and sequence labelling to text generation. Large-scale pre-
training captures broad linguistic regularities, enabling models to generalise well even in specialised
domains. Third, transfer learning often accelerates convergence during fine-tuning: rather than
optimising models from scratch, training can begin from a strong initialisation, which improves
stability and reduces computational cost. Finally, parameter-efficient fine-tuning methods extend
these benefits by making adaptation feasible for very large models, lowering memory and training
overhead while still retaining task-specific flexibility.

Despite these strengths, transfer learning also faces notable limitations. The effectiveness of
knowledge transfer can depend heavily on the similarity between source and target domains; when
the domains diverge significantly, negative transfer may occur, leading to degraded performance.
Moreover, while large-scale pre-trained models enable strong results, they require vast computational
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resources for pretraining, raising concerns about accessibility and environmental sustainability.
Another limitation lies in adaptability: pre-trained models may encode unwanted biases present in
their training data, and naive transfer can propagate or even amplify these biases in downstream
tasks. Finally, although parameter-efficient methods reduce the cost of fine-tuning, they still rely on
storing multiple task-specific parameter sets, which can be burdensome in large multi-task scenarios.

In summary, transfer learning provides a powerful paradigm that mitigates data scarcity and
enhances performance across tasks, but challenges remain in ensuring robustness, fairness, and
efficiency when adapting to new domains and applications.

2.8 Unsupervised Learning

Unsupervised learning (also termed as self-supervised learning) refers to the paradigm in which
models learn structure from unlabelled data without explicit supervision. In natural language
processing, this approach is particularly important given the abundance of raw text and the relative
scarcity of annotated corpora. By discovering patterns, latent structures, and predictive regularities in
unlabelled text, unsupervised learning forms the foundation of modern representation learning and
large-scale pretraining.

2.8.1 Language Modelling

One of the most influential unsupervised learning tasks in natural language processing is language
modelling, where the task is to model the probability distribution over sequences of tokens.

Autoregressive Language Models

Given a sequence of T tokens x = (w1, w2, ..., wT), the joint probability is factorised autoregressively
as:

p(w1, w2, . . . , wT) =
T

∏
t=1

p(wt | w<t), (2.82)

where w<t = (w1, ..., wt−1)
Training proceeds by maximising the log-likelihood over the dataset D = {x(i)}N

i=1:

L(θ) = − 1
N

N

∑
i=1

T(i)

∑
t=1

log pθ(w
(i)
t | w(i)

<t). (2.83)

This objective encourages the model to learn contextual dependencies in language, forming the basis
for generation tasks.

Masked Language Models

An alternative is masked language modelling (MLM), introduced by BERT (Devlin et al., 2019). Here,
tokens are randomly masked, and the model is trained to predict them given their context:

L(θ) = −Ex∼D ∑
t∈M(x)

log pθ(wt | x\t), (2.84)

where M(x) is the set of masked positions, and x\t is the sequence with wt token masked out.
MLM encourages bidirectional contextual representations, which are useful for representation

learning.
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2.8.2 Advantages and Limitations

Unsupervised learning offers several advantages for NLP. The most significant is scalability: vast
quantities of raw text can be exploited without the need for costly human annotation. This enables
models to capture broad linguistic patterns, world knowledge, and domain-specific structures that
are difficult to obtain from limited labelled corpora. Furthermore, unsupervised pretraining often
serves as an effective initialisation, substantially improving performance on downstream supervised
tasks through fine-tuning or transfer learning.

However, unsupervised learning also has limitations. Objectives such as language modelling may
encourage the memorisation of surface regularities rather than the acquisition of deeper semantics.
Moreover, the absence of explicit supervision makes evaluation more challenging: it is often unclear
whether the representations learned align with the target task requirements. Unsupervised training
also demands significant computational resources, particularly for LLMs, raising concerns about
efficiency and accessibility. Finally, since unsupervised methods rely on naturally occurring text, they
may inherit biases and artefacts from the data, which can propagate to downstream applications.

In summary, while unsupervised learning provides the foundation for modern NLP, its success
depends on careful objective design, large-scale computation, and subsequent fine-tuning to align
representations with task-specific needs.

2.9 Semi-Supervised Learning

Semi-supervised learning is a paradigm in which models are trained on a combination of a small
labelled dataset, as in supervised learning, and a larger unlabelled dataset, as in unsupervised
learning. This approach leverages the abundant unlabelled text to improve model performance,
while still guiding learning with task-specific supervision. Semi-supervised learning is particularly
valuable in NLP (Dai and Le, 2015), where obtaining high-quality annotations can be costly and
time-consuming, but large volumes of raw text are readily available.

2.9.1 Semi-Supervised Learning Techniques

Self-training is one of the most fundamental and well-established approaches in semi-supervised
NLP. In self-training, a model is first trained on the labelled data, then used to generate pseudo-labels
for the unlabelled data (Yarowsky, 1995). These pseudo-labelled examples are then incorporated into
training, typically with confidence-based filtering:

L(θ) = Llabeled(θ) + λLpseudo(θ), (2.85)

where λ controls the contribution of pseudo-labelled data. Self-training iteratively improves model
predictions on unlabelled data and can significantly expand the effective training set.

Beyond self-training, several other semi-supervised learning techniques have been proposed.
Consistency regularisation (Xie et al., 2020b) encourages models to produce stable predictions under
input perturbations, dropout noise, or data augmentation, thereby promoting smoother decision
boundaries. Co-training trains multiple models or views of the data and allows them to teach each
other by exchanging high-confidence predictions (Blum and Mitchell, 1998). More recently, large-scale
pretraining on unlabelled corpora followed by supervised fine-tuning has become popular, effectively
combining representation learning with task-specific supervision for NLP tasks (Devlin et al., 2019).
This technique is particularly valuable in task-oriented dialogue modelling, where high-quality
labelled data is scarce. It has been successfully applied both to the development of system modules
(Heck et al., 2022; Peng et al., 2020) and to interactive dialogue environments (Lin et al., 2021).
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2.9.2 Advantages and Limitations

Semi-supervised learning offers several benefits. It can dramatically improve performance when
labelled data is scarce by exploiting unlabelled data, effectively enlarging the training set without
incurring annotation costs. It also allows models to learn smoother and more generalizable decision
boundaries, often improving robustness and reducing overfitting on small labelled datasets.

However, semi-supervised learning has its limitations. The quality of pseudo-labels or learned
representations heavily influences performance; incorrect predictions can propagate errors and
reinforce biases. Furthermore, semi-supervised methods often require careful hyperparameter tuning
and task-specific design choices to balance the contributions of labelled and unlabelled data.

In summary, semi-supervised learning provides a practical compromise between fully supervised
and unsupervised approaches, leveraging unlabelled data to enhance performance while retaining
task-specific guidance. It is particularly relevant in task-oriented dialogues where annotated resources
are limited but raw text is plentiful (He et al., 2022).

2.10 Reinforcement Learning

Agent Environment

Action 

State 

Reward 

FIGURE 2.12: An illustration of the interaction between an RL agent and the environ-
ment. In each time step, the agent takes action At based on the observed state St from
the environment. The agent then receives the reward Rt+1 and the next state St+1 from

the environment.

The paradigms of supervised, unsupervised, and transfer learning all share a common reliance on
static datasets: models are trained on collections of examples curated in advance, whether annotated
or unlabelled. Reinforcement learning (RL), by contrast, shifts the focus from learning from data to
learning from experience. In RL, an agent interacts directly with an environment, exploring sequences
of actions and learning from feedback in the form of rewards or penalties. This interactive process
allows the agent to optimise behaviour over time, not only to achieve immediate accuracy but also to
maximise long-term success and user satisfaction.

2.10.1 Formal Definition

Reinforcement learning problems are typically formulated as a Markov Decision Process (MDP),
defined by the tuple

M = (S ,A, r, p, p0), (2.86)

where

• S is the state space: the set of states that the agent can visit,

• A is the action space: the set of actions that the agent can take,

• r is the reward function, which maps the tuple (s, a) to a real value r(s, a) : S× A→ R ,
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• p(s′ | s, a) is the transition probability function and models the probability of transitioning into
new state s′ from state s after taking action a,

• p0(s) is the probability of the starting state s,

At each time step t, the agent observes a state st ∈ S , selects an action at ∈ A according to a policy
π(a | s), transitions to a new state st+1, and receives a reward rt = r(st, at).

2.10.2 Return and Value Functions

The goal of reinforcement learning is to find an optimal policy π∗ that maximises the expected
discounted return. Formally, the discounted return is defined as

Gt =
∞

∑
i=0

γirt+i, (2.87)

where γ ∈ [0, 1) is the discount factor weighting future rewards.
The state-value function quantifies the expected return when starting from state s and following

policy π:
Vπ(s) = Eπ [Gt| St = s] . (2.88)

With the state-value function, we can define the optimality of a policy. A policy π1 is considered
better than another policy π2 if

Vπ1(s) ≥ Vπ2(s), ∀s ∈ S (2.89)

Therefore, a policy π is considered to be optimal if Vπ(s) = maxπ Vπ(s) ∀s ∈ S .
The action-value function considers the expected return when taking action a in state s:

Qπ(s, a) = Eπ [Gt| St = s, At = a] . (2.90)

The optimal state-value and action-value functions define the best possible performance in a Markov
decision process and are defined as

V∗(s) = max
π

Vπ(s), Q∗(s, a) = max
π

Qπ(s, a) (2.91)

The advantage function measures how much better in terms of expected return when taking
action a in state s:

Aπ(s, a) = Qπ(s, a)−Vπ(s). (2.92)

2.10.3 Estimation of Value Functions

The general strategy for approximating the value functions is to move the approximations closer
towards a target:

V(St)← V(St) + α
(︁
vtarget −V(St)

)︁
. (2.93)

There are different approaches for defining the target. Monte Carlo (MC) methods estimate value
functions by averaging returns from complete episodes. Temporal Difference (TD) methods update
value estimates based on bootstrapping, using current estimates of future values rather than waiting
for full returns.

MC-target: vtarget = Gt (2.94)
TD-target: vtarget = Rt + γV(St+1) (2.95)
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TD methods can generalise further. N-step TD improves upon one-step TD by looking ahead n steps
to update value estimates, and TD(λ) interpolates multiple n-step returns using a hyperparameter λ
to balance bias and variance.

2.10.4 Function Estimation in Deep Reinforcement Learning

In the methods we have examined in Section 2.10.3, a table is maintained to store the current estimates
of value V(s) (or Q(s, a)) for each state s (or state-action pair (s, a)). While the tabular approach
provides theoretical convergence guarantees, it does not scale to large or continuous state and action
spaces. Moreover, it lacks the ability to generalise between similar states or actions, as each entry is
updated independently.

To overcome these limitations, deep reinforcement learning (deep RL) replaces the explicit table
with a neural network function approximator. The value functions Vψ and Qϕ are approximated with
neural networks parameterised with ψ and ϕ respectively. The network parameters are updated by
minimising the prediction error between the current estimate and the target value. The update rule
for Vψ(St) is given by

ψ← ψ + α
(︁
vtarget −Vψ(St)

)︁
· ∇ψVψ(St), (2.96)

where α > 0 denotes the learning rate. This corresponds to solving a regression problem with a
mean-squared error (MSE) loss:

L =
1
2
(︁
vtarget −Vψ(St)

)︁2. (2.97)

The gradient of this loss with respect to the network parameters provides the update direction. By
employing neural networks for function approximation, deep RL achieves the ability to generalise
across large and continuous domains, an essential property for modern reinforcement learning
applications, including robotics, control, and interactive dialogue systems.

2.10.5 Policy Optimisation
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(a) online reinforcement learning (b) off-policy reinforcement learning (b) offline reinforcement learning

FIGURE 2.13: An illustration of (a) online reinforcement learning, (b) off-policy rein-
forcement learning, and (c) offline reinforcement learning.

Value-based and Policy-based Approaches

RL algorithms can be broadly categorised into value-based and policy-based approaches. Value-based
methods, such as Q-learning (Watkins and Dayan, 1992), aim to approximate the optimal action-value
function Q∗(s, a) and derive the optimal policy by selecting actions that maximise Q-values:

Q(s, a)← Q(s, a) + α
[︂
r + γ max

a′
Q(s′, a′)−Q(s, a)

]︂
. (2.98)

Policy-based methods instead directly parameterise the policy πθ(a | s) and optimise it to max-
imise expected return. The policy gradient theorem (Sutton et al., 1999) provides the foundation:

∇θ J(πθ) = Eπθ
[∇θ log πθ(a | s)Qπ(s, a)] . (2.99)
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These form the basis of REINFORCE (Williams, 1992), Proximal Policy Optimisation (PPO) (Schulman
et al., 2017), and actor-critic algorithms (Konda and Tsitsiklis, 1999), which combine value estimation
with policy optimisation to stabilise training.

Online and Offline Reinforcement Learning

Another important distinction among RL approaches is between online and offline RL. In online RL,
the agent interacts with the environment during training, continuously collecting new trajectories
to update its policy. This setting is flexible but can be expensive or unsafe when interactions are
costly, as in human-in-the-loop dialogue. Offline RL, also known as batch RL, instead relies on a fixed
dataset of past trajectories, without further interaction with the environment. While safer and more
practical in scenarios where exploration is constrained, offline RL poses unique challenges, such as
distributional shift between the training dataset and the policies being learned.

On-policy and Off-policy Approaches

Reinforcement learning algorithms are also classified as on-policy or off-policy. On-policy algorithms,
such as SARSA and policy gradient methods, evaluate and improve the same policy that is used
to generate data. This typically yields stable updates but requires continuous exploration and data
collection. Off-policy algorithms, by contrast, learn about a target policy while reusing data generated
by a different behaviour policy. Q-learning and Deep Q-Networks (DQN) are classic examples of off-
policy methods, enabling greater sample efficiency by reusing past experience. In dialogue systems,
off-policy learning is particularly appealing, since training can proceed from logged conversations
without requiring continual interaction with users.

2.10.6 Advantages and Limitations

RL offers several advantages for natural language processing applications. By optimising behaviour
through interaction, RL allows models to move beyond local accuracy and instead target long-term
objectives such as sustained user satisfaction and task success. This makes RL particularly appealing
for dialogue systems, where sequential decision-making and adaptability are essential. The ability to
incorporate feedback—whether from users, reward models, or evaluation metrics—also provides a
flexible framework for aligning system behaviour with desired outcomes.

Despite its promise, applying RL in NLP presents several challenges. Reward design is notoriously
difficult, especially for subjective goals such as informativeness, coherence, or politeness. Sample
inefficiency is another obstacle, as many RL algorithms require extensive exploration, which is
impractical in human-in-the-loop settings. Finally, policy optimisation methods can be unstable
without careful regularisation, making robust deployment difficult.

Nevertheless, RL provides a powerful framework for interactive and adaptive NLP systems, but
its success depends on careful handling of reward specification, training efficiency, and stability.

2.11 Large Language Models

The scaling of unsupervised pretraining has given rise to large language models (LLMs), which
represent a transformative advance in NLP. LLMs are trained on massive corpora with billions of
parameters, typically in Transformer architectures (Vaswani et al., 2017). Through scale, LLMs achieve
remarkable generalisation, enabling zero-shot, few-shot, and in-context learning without task-specific
supervision.
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2.11.1 Scaling Laws

Empirical studies by Kaplan et al. (2020) demonstrated that performance improves predictably as
a power-law function of model size, dataset size, and compute budget. Formally, for loss L, model
parameters N, dataset size D, and compute C, the expected loss follows:

L(N, D, C) ≈ L∞ + aN−α + bD−β + cC−γ,

where L∞ is the irreducible loss and (α, β, γ) are scaling exponents estimated empirically. These
results have motivated the training of ever-larger models such as GPT-3 (175B parameters; Brown
et al., 2020) and PaLM (540B parameters; Chowdhery et al., 2023).

2.11.2 Training and Alignment

LLMs are typically pretrained on large corpora with autoregressive language modelling objectives, as
we have discussed in Section 2.8.1.

While pretrained LLMs capture linguistic and factual knowledge, their outputs are not always
aligned with human preferences. Reinforcement learning from human feedback (RLHF) has become
a standard method for aligning models (Christiano et al., 2017; Ouyang et al., 2022).

RLHF frames language modelling as a reinforcement learning problem. Given an input prompt
x, the model generates an output y ∼ πθ(y | x), where πθ is the current policy (the LLM). Human
annotators provide comparisons between outputs, which are used to train a reward model Rϕ(x, y)
that predicts preference scores. The LLM is then optimised to maximise the expected reward under
this learned signal.

Formally, the RLHF pipeline consists of three stages.

(i) Supervised fine-tuning (SFT). A pretrained model is first fine-tuned on a small dataset of human
demonstrations to initialise a policy πSFT that produces higher-quality responses. This provides a
strong starting point for preference-based optimisation.

(ii) Reward modelling. Human annotators rank model outputs {y(1), . . . , y(k)} for a given prompt
x. These comparisons are used to train a reward model Rϕ(x, y), typically with a Bradley-Terry loss
(Bradley and Terry, 1952):

LRM(ϕ) = −E(x,y(i),y(j))

[︂
log σ

(︁
Rϕ(x, y(i))− Rϕ(x, y(j))

)︁]︂
, (2.100)

where σ is the logistic function, and y(i) is preferred to y(j) in the human ranking.

(iii) Reinforcement learning. Using the reward model as a surrogate for human preferences, the
policy is further fine-tuned with reinforcement learning. The optimisation objective is to maximise
expected reward:

J(πθ) = Ey∼πθ(·|x)
[︁
Rϕ(x, y)

]︁
. (2.101)

The policy gradient theorem gives the update rule:

∇θJ(πθ) = Eπθ

[︁
∇θ log πθ(y | x)Rϕ(x, y)

]︁
. (2.102)

In practice, Proximal Policy Optimisation (PPO) (Schulman et al., 2017) is widely used to stabilise
training by constraining the policy update between iterations.

Through this formulation, RLHF reframes alignment as policy optimisation under a learned
reward function that encodes subjective human preferences. This connects maximum likelihood
pretraining (optimising for next-token prediction) with reinforcement learning, where the objective is
to generate helpful, harmless, and honest outputs in line with human expectations.
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FIGURE 2.14: An illustration of Reinforcement Learning from Human Feedback (RLHF)
for training a large language model (LLM). It follows three steps: (1) human demon-
strations are collected and they are used to initialise the policy πθ,SFT (the LLM) via
supervised fine-tuning (SFT) using the autoregressive language modelling loss in Equa-
tion 2.83. (2) For each prompt x, outputs y(1), ..., y(k) are sampled from the policy.
Human annotators rank these sampled outputs to create a preference dataset, which is
used to train the reward model Rϕ, following the loss in Equation 2.100. (3) For each
new prompt x, the policy generates an output y. The reward model assigns a reward r

for reinforcement learning of the policy following the gradient in Equation 2.102.

Task-specific Fine-tuning After pretraining, fine-tuning paradigms adapt LLMs for downstream
tasks. Classical fine-tuning updates all parameters on task-specific data, but this is often computation-
ally expensive. Low-rank adaptation (see Section 2.7.4) is a widely adopted approach to reduce the
number of trainable parameters while retaining strong performance.

2.11.3 Emergent Abilities

A striking property of LLMs is the emergence of capabilities not present in smaller models (Wei et al.,
2022b). We discuss some iconic abilities in this section.

Zero-shot generalisation LLMs can perform tasks with no labelled examples, relying only on task
descriptions in natural language. This reflects the capacity of pretraining to endow models with
broad functional knowledge.
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Few-shot learning Given a prompt containing k labelled examples {(xi, yi)}k
i=1, the model condi-

tions on these examples and predicts the label for a new query xk+1. This corresponds to conditional
inference:

p(yk+1 | xk+1, {(xi, yi)}k
i=1). (2.103)

In-context learning More generally, LLMs exhibit the ability to treat input text as a form of supervi-
sion, conditioning directly on task descriptions, instructions, or examples without updating model
parameters. This blurs the line between supervised and unsupervised paradigms, as adaptation
occurs purely through conditioning.

Reasoning and Compositionality LLMs also exhibit emerging reasoning capabilities. Chain-of-
thought prompting (Wei et al., 2022a) encourages models to generate intermediate reasoning steps,
which improves performance on arithmetic, logic, and commonsense tasks. Formally, instead of
directly predicting the final answer y, the model is conditioned to produce a sequence of reasoning
steps z(z1, . . . , zm):

p(y | x) = ∑
z

p(y | z, x)p(z | x). (2.104)

This decomposition allows reasoning to be represented as latent structures, improving interpretability
and problem-solving ability. Other methods, such as self-consistency (Wang et al., 2023), sample
multiple reasoning chains and aggregate their outputs to improve robustness.

2.11.4 Advantages and Limitations

Large language models bring several advantages. Their scale enables emergent abilities such as
in-context learning and zero-shot transfer, dramatically reducing the need for task-specific training
data. They serve as flexible general-purpose learners, achieving strong performance across diverse
NLP benchmarks. Techniques such as parameter-efficient fine-tuning and RLHF further extend their
adaptability, making it possible to deploy LLMs in practical and specialised applications (Sun et al.,
2024).

At the same time, LLMs face significant limitations. Training and deploying models at scale
requires enormous computational and energy resources, raising concerns about efficiency and envi-
ronmental cost. Their outputs may include hallucinations (Huang et al., 2025), i.e. fluent but factually
incorrect statements, and they can inherit or amplify biases present in their training data (Gallegos
et al., 2024). Safety also remains a critical challenge as LLMs can generate harmful, offensive, or
misleading content if prompted inappropriately (Sun et al., 2025). Finally, alignment with human
values is still an open problem, as current methods such as RLHF rely on imperfect reward models
and labour-intensive human feedback.

In summary, LLMs represent a paradigm shift in NLP, combining scale, emergent abilities, and
flexible adaptation. Yet realising their full potential requires addressing critical challenges in efficiency,
factuality, bias, and alignment.

2.12 Conclusion

This chapter surveys data-driven approaches in modern machine learning, which are fundamental to
the work in this thesis. We also discuss the principal paradigms through which machine learning
models acquire knowledge from data and experience. We began with supervised learning, the most
established framework, where models learn from annotated input-output pairs. While powerful and
conceptually clear, supervised learning is fundamentally constrained by the availability of labelled
data. Transfer learning addresses this limitation by leveraging knowledge acquired in one domain to
improve performance in another, with techniques such as domain adaptation, data augmentation,
multi-task learning, and parameter-efficient fine-tuning proving especially effective in NLP.
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We then turned to unsupervised learning, which exploits the abundance of raw text to learn
representations without explicit supervision. Objectives such as language modelling, autoencoding,
and contrastive learning have become foundational for modern NLP, enabling large-scale pretraining.
Reinforcement learning, by contrast, shifts the paradigm from learning from static data to learning
from interaction and experience. In NLP, RL provides a framework for optimising long-term objectives
in interactive systems such as dialogue agents, though challenges remain in reward specification,
sample efficiency, and stability.

Finally, we examined large language models (LLMs), which synthesise these paradigms at an
unprecedented scale. Through massive unsupervised pretraining, scaling laws, and emergent abilities
such as in-context learning, LLMs have become general-purpose learners. Fine-tuning strategies,
parameter-efficient adaptation, and reinforcement learning from human feedback extend their ap-
plicability and align their behaviour with human preferences, while reasoning techniques such
as chain-of-thought prompting push the limits of their compositional abilities. At the same time,
limitations in efficiency, factual reliability, and bias highlight the need for continued innovation.

In summary, the trajectory from supervised to transfer, unsupervised, reinforcement, and large-
scale learning reflects a broadening of perspective: from narrow, task-specific training towards flexible,
adaptive systems capable of leveraging vast amounts of data and experience. These paradigms
collectively provide the methodological foundation upon which this thesis builds, and the next
chapter will situate them in the specific context of dialogue modelling.
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Chapter 3

Affective Computing

3.1 Overview

The scientific study of affect and emotion has a long history across psychology, philosophy, and
neuroscience, with successive theories offering different perspectives on how emotions arise. Darwin’s
evolutionary view emphasised that emotions and their expressions are biologically hardwired,
universal across cultures, and adaptive for survival (Darwin, 1872). Building on the link between
body and feeling, the James-Lange theory proposed that emotions are the result of perceiving
physiological changes in the body, such that we feel afraid because we notice ourselves trembling
(James, 1884; Lange, 1885). In contrast, the Cannon-Bard theory challenged this sequence, arguing
that emotions and bodily responses occur simultaneously as parallel outcomes of brain processing,
rather than one causing the other (Cannon, 1927). Later, with the rise of cognitive psychology,
appraisal theories shifted attention to the role of interpretation and meaning-making, suggesting that
emotions emerge from individuals’ evaluations of situations in relation to their goals and contexts
(Lazarus, 1991; Scherer, 2005). These perspectives trace a progression from viewing emotions as
innate biological reactions, to bodily feedback, to brain-based processes, and finally to cognitively
mediated evaluations. These theories lay foundations that continually shape computational models
linking affect with cognition, physiology, and behaviour.

These theoretical perspectives motivated the development of different ways to model and clas-
sify emotions in both psychology and computational research. The emphasis on universality and
biological hardwiring in Darwin’s view inspired categorical approaches, such as the theory of basic
emotions by Ekman (1971), where emotions are treated as discrete and fundamental units. While these
categorical models have been influential, especially in early affect recognition, they have also been
criticised for oversimplifying the diversity and context-dependence of emotional experience, as well
as for assuming cross-cultural universality that has been increasingly questioned (Russell, 1994). The
James-Lange and Cannon-Bard theories highlighted the importance of both physiological responses
and central brain processes in shaping emotion. These paved the way for moving beyond discrete
categories and inspiring dimensional models such as the Circumplex framework (Russell, 1980),
which describe emotions along continuous axes like valence and arousal. However, dimensional
models abstract away from the cognitive and social factors that shape emotional meaning. These
theories focusing on internal mechanisms offer limited guidance for modelling the dynamic, multi-
modal, and contextually embedded nature of emotion observed in the real world. Finally, cognitive
appraisal theories, with their focus on evaluation and context, informed more complex frameworks
such as the Ortony, Clore, and Collins (OCC) model (Ortony et al., 1988), which represent emotions
as dynamic processes shaped by goals, meaning, and situations. Despite their conceptual richness,
appraisal-based models can be challenging to formalise and operationalise computationally due to
the complexity and subjectivity of the appraisal processes they describe. Despite their respective
strengths and limitations, these taxonomies and models of emotion offer complementary perspectives
for representing affective states in computational systems, and they collectively inform the conceptual
foundations underlying the design of EmoWOZ (Chapter 5).

Building on foundational theories of emotion and recognising the central role of affect in com-
munication (Frijda, 1986), decision-making (Damasio, 1994), and social bonding (Ekman, 1992a;
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Parkinson, 1996), the field of affective computing was formally introduced (Picard, 1997). It focuses
on designing systems that can automatically recognise, interpret, and respond to human emotions,
enabling interactions that are not only functional but also socially and emotionally aware. This
concept parallels Mayer and Salovey’s notion of emotional intelligence in human beings (Salovey
and Mayer, 1990), defined as the ability to perceive, understand, and use emotions effectively in
oneself and others. Just as emotional intelligence guides humans in adapting behaviour to social and
emotional contexts, affective computing seeks to embed similar capabilities in machines, enabling
machines to respond to users in ways that are emotionally attuned and contextually appropriate.

The applications of affective computing machines are diverse and expanding. In open-domain
chat applications, empathetic chatbots can reduce frustration and improve satisfaction (Prendinger
and Ishizuka, 2005). In healthcare, affect-aware systems can support mental health monitoring,
stress detection, and patient-clinician communication (Luneski et al., 2008; Schmidt et al., 2019). In
education, intelligent tutoring systems leverage affect recognition to adapt feedback and maintain
learner engagement (D’mello and Graesser, 2013). In entertainment and gaming, affective models
enhance immersion and personalisation (Yannakakis and Hallam, 2007). Most importantly for this
thesis, in task-oriented dialogue systems, we argue that affective computing enables systems to detect,
process, and express emotions during goal-directed interactions, ensuring smoother collaboration
between human users and artificial intelligence (AI) systems for the ultimate task success.

In summary, affective computing is grounded in studies of the origins of emotion and their
modelling. It represents a convergence of theories and methods from multiple disciplines, aiming to
endow machines with the ability to sense, interpret, and act upon human emotions, akin to having
emotional intelligence. The field provides the conceptual and technical foundations for emotionally
intelligent task-oriented dialogue systems, which are crucial to the work presented in this thesis and
will be explained in greater detail in this chapter.

3.2 Taxonomy of Emotion

Understanding how to represent emotions is fundamental not only for psychology but also for
affective computing. Over the years, researchers have proposed various taxonomies of emotion that
aim to capture the diversity, structure, and dynamics of affective states. These taxonomies provide
formal frameworks for describing emotions in ways that can be consistently studied, compared, and
utilised within computational systems. Emotions can be defined with dimensional models, which
view emotions as points in a continuous affective space, and categorical models, which treat emotions
as discrete, fundamental units. Each approach reflects different theoretical assumptions about the
nature of emotion and offers unique utilities for affective computing.

3.2.1 Dimensional Models of Emotion

Dimensional models conceptualise emotions as points in a continuous affective space, rather than
as discrete categories. These models attempt to identify the latent dimensions that underlie diverse
emotional experiences. As early as 1897, Wilhelm Max Wundt, often regarded as the father of
modern psychology, proposed to describe emotions along three axes: “pleasurable versus unplea-
surable”, “arousing versus subduing”, and “strain versus relaxation” (Høffding, 1892). In 1954,
Harold Schlosberg identified three related dimensions of emotion: “pleasantness-unpleasantness”,
“attention-rejection”, and “level of activation” (Schlosberg, 1954). These early conceptualisations of
emotion dimensions laid the foundation for subsequent formal frameworks that continue to shape
contemporary affective computing.

Two-dimensional Models

The Circumplex Model of Affect One of the earliest and most influential frameworks is Russell’s
Circumplex Model of Affect (Russell, 1980). It organises affective states in a circular structure defined
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by two orthogonal axes: valence (pleasant-unpleasant) and arousal (low-high activation). Emotions
are represented as coordinates within this space, such as joy (high valence and high arousal) or
sadness (low valence and low arousal). The circumplex provides an account of affective experience
and aligns with evidence from psychophysiology that valence and arousal map onto distinct neural
and autonomic systems. This taxonomy forms the foundation for many other dimensional models
discussed in this section and for hybrid approaches described in Section 3.2.3.
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FIGURE 3.1: An illustration of (a) the Circumplex Model of Affect, and (b) the positive
activation-negative activation (PANA) model. Conceptually, PANA can be viewed as a

45-degree rotation of the Circumplex Model of Affect.

The Positive Activation-Negative Activation Model An alternative but related framework is the
Positive Activation-Negative Activation (PANA) model (Watson and Tellegen, 1985). The PANA
model defines affective space using two broad dimensions: positive activation (engagement, enthu-
siasm) and negative activation (distress, fear). Conceptually, PANA can be viewed as a 45-degree
rotation of the Circumplex Model of Affect, as illustrated in Figure 3.1. Unlike valence-arousal
models, which are bipolar along each axis, PANA treats positive and negative activation as partially
independent, allowing for states such as “mixed emotions”, which have simultaneous high positive
and high negative activation. For example, consider a person about to give an important public
speech: they may feel excitement, enthusiasm, and energy about the opportunity (high positive
activation), while simultaneously experiencing anxiety, nervousness, or fear of failure (high negative
activation). The PANA model offers an alternative perspective on affective space that highlights the
independence of positive and negative activation dimensions.

The Vector Model The Vector Model of emotion (Bradley et al., 1992) builds on the observation that
positive and negative affect often vary in opposite directions. As shown in Figure 3.2, it assumes
that affective states are organised along two vectors radiating from a common neutral point: one
vector representing increasing positive affect and the other representing increasing negative affect.
Rather than treating positive and negative affect as fully independent dimensions, as in the PANA
model, the Vector Model assumes a partially inverse relationship, such that strongly positive and
strongly negative emotions are unlikely to co-occur. This framework captures the idea that emotional
experiences tend to cluster toward either end of the affective spectrum, with ambivalence or neutrality
represented near the origin. The Vector Model has been influential in the study of mood and well-
being, particularly in psychology and health sciences, though its assumption of mutual exclusivity has
been debated in contexts such as conversational and social interaction data, where mixed emotions
are common.
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FIGURE 3.2: An illustration of the Vector Model of emotion.

Among these models, the valence dimension, in particular, has become the most widely used,
inspiring sentiment analysis tasks such as SemEval 2007 Task 14 (Strapparava and Mihalcea, 2007),
SemEval-2017 Task 4 (Rosenthal et al., 2017), and datasets like the Movie Review Dataset (Pang and
Lee, 2005) and Stanford Sentiment Treebank (Socher et al., 2013). Beyond text, valence and dominance
labels are also applied in other modalities, including images (Dan-Glauser and Scherer, 2011) and
human-computer interaction studies (Broekens and Brinkman, 2013), providing a cross-domain
framework for representing affective responses.

Three-dimension Models

The Pleasure-Arousal-Dominance Model Building on the Circumplex Model of Affect, Mehrabian
and Russell introduced the Pleasure-Arousal-Dominance (PAD) model in the context of environmental
psychology (Mehrabian and Russell, 1974). Here, pleasure closely corresponds to valence, arousal
captures intensity, and dominance reflects the degree of perceived control in a situation. PAD has
been widely applied to describe affective reactions to environments (Robert and John, 1982), and
interpersonal interactions (Mehrabian, 1996).

The Valence-Arousal-Dominance Model The PAD model was later reformulated in computational
contexts as the VAD (Valence-Arousal-Dominance) model (Figure 3.3). Bradley and Lang’s Affective
Norms for English Words (ANEW) dataset (Bradley and Lang, 1999) popularised this terminology,
providing large-scale ratings of words on the VAD dimensions. Subsequent expansions, such as the
work by (Warriner et al., 2013), made VAD the de facto standard in natural language processing (NLP)
and affective computing, where continuous, scalable representations are crucial. Representative
datasets such as EmoBank (Buechel and Hahn, 2017) further extend this framework by providing
VAD annotations for a wide range of sentences, enabling large-scale modelling of emotional content
in written language and supporting advanced applications in sentiment analysis, emotion recognition,
and computational affective modelling.

Strengths and Limitations of Dimensional Models

From the perspective of affective computing, dimensional models offer several advantages. They
provide continuous, fine-grained representations of affect that are amenable to statistical learning
and time-series modelling. They facilitate the capture of gradual changes and trajectories of emotion
over time. Furthermore, they align with the fact that physiological and linguistic signals often vary
continuously rather than discretely.
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FIGURE 3.3: An illustration of the Valence-Arousal-Dominance model of emotions.

At the same time, their abstraction may obscure the qualitative distinctiveness of specific emotions
(e.g., anger vs. fear), motivating the complementary use of categorical and hybrid frameworks (see
Sections 3.2.2 and 3.2.3).

3.2.2 Categorical Models of Emotion

In contrast to dimensional models, categorical models conceptualise emotions as distinct, qualitatively
different states rather than points in a continuous space. Each emotion is treated as a fundamental
unit of experience, often associated with characteristic facial expressions, physiological patterns, and
behaviours. Categorical models have been particularly influential in affective computing, providing
clear labels that can be operationalised for recognition and synthesis in computational systems.

The Theory of Basic Emotions

The work of Ekman (1971) on basic emotions proposed six culturally universal and biologically
hardwired emotions: happiness, sadness, anger, fear, disgust, and surprise (also known as the
“Big Six” theory). These emotions are associated with distinct facial expressions, physiological
responses, and adaptive functions, which allow efficient communication and social coordination.
Ekman’s framework has been foundational in affective computing, particularly in emotion recognition
from facial (Goodfellow et al., 2013) and vocal cues (Cao et al., 2014; Pichora-Fuller and Dupuis,
2020), providing a set of clear, discrete labels that can be reliably annotated and operationalised in
computational systems (Velásquez, 1997). While this set of basic emotions has been widely adopted,
it is often adapted to specific domains for more accurate description, as seen in datasets such as the
Berlin Emotional Speech Database (Burkhardt et al., 2005), or expanded to incorporate more nuanced
affective states, as in IEMOCAP (Busso et al., 2008). These modifications highlight both the strengths
and limitations of the “Big Six” framework, and underscore the need for broader and more flexible
taxonomies of emotion.

Expanded Taxonomies of Emotions

Differential Emotions Theory Building on Ekman’s foundation, Izard (1977) introduced a more
nuanced set of ten fundamental emotions: interest, joy, surprise, sadness, anger, disgust, contempt,
fear, shame, and guilt. This taxonomy of emotions emphasises the motivational and cognitive roles of
emotions in shaping attention, appraisal, and learning beyond mere facial universals.
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Cognitive-Motivational-Relational Theory of Emotion Lazarus (1991) proposed a framework of
fifteen emotions, grounded in appraisal theory, where emotions arise from individuals’ evaluations of
events relative to their goals, values, and coping potential. The list includes emotions such as anger,
guilt, shame, pride, love, and envy, among others, and emphasises the relational and evaluative
nature of affective experience. This framework has influenced affective computing by providing
a more context-sensitive approach to emotion recognition, where situational appraisal informs the
presence and intensity of discrete emotional states (Gratch and Marsella, 2004; Marsella et al., 2010).

Data-Driven Emotion Taxonomies

With the recent advances in data-driven machine learning, there is a shift from emotion frameworks
rooted in psychological theory to data-driven taxonomies, leveraging large-scale human perception
studies and computational methods to identify patterns in emotional expression. For example, Cowen
and Keltner (2017) identified 27 distinct emotions using large-scale studies of human labelling of facial
expressions, vocalisations, and bodily gestures. This taxonomy includes nuanced affective states such
as awe, nostalgia, embarrassment, desire, and relief, reflecting the rich diversity of human emotion
beyond traditional basic categories. Data-driven approaches are also evident in social media analysis,
where emojis and text reactions are used to derive emotion labels in large-scale datasets, capturing
naturally occurring emotional expressions in context (Felbo et al., 2017). These methodologies
complement traditional taxonomies by uncovering subtle, mixed, or context-dependent emotional
states that are often underrepresented in theory-driven models.
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FIGURE 3.4: An illustration of the expansion of categorical taxonomies: from emphasis-
ing universality, to considering context and appraisal, and to observing from data.

Strengths and Limitations of Categorical Models

Categorical models of emotion have evolved considerably over time, reflecting both theoretical
insights and empirical findings. Figure 3.4 illustrates that the progression of emotion taxonomies
follows a clear trend: as researchers incorporate richer theoretical perspectives and empirical evi-
dence, the granularity and complexity of emotion taxonomies increase, allowing for more nuanced
representation and modelling of human affect.

Categorical taxonomies offer several significant advantages for affective computing. They are
intuitive and interpretable, making them easy to label and communicate across researchers and
systems. They have a strong grounding in observable behaviour, such as facial expressions, vocal
cues, or appraisal processes, which allows reliable annotation and operationalisation in computational
models. Furthermore, categorical labels facilitate classification and retrieval in natural language
processing and multimodal datasets, providing clear and consistent targets for supervised learning
and evaluation.

At the same time, categorical models introduce notable challenges. They can oversimplify or
overcomplicate the complexity of affective experiences, depending on the granularity of labels.
Mixed or co-occurring emotions are difficult to represent accurately within strictly discrete categories,
limiting the ability to capture nuanced affective states. Additionally, emotion categories can vary
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across cultures and contexts, reducing the universality of any single taxonomy and complicating
cross-domain or cross-cultural applications.

3.2.3 Hybrid Models of Emotion

Hybrid models integrate categorical and dimensional representations to provide more flexible and
nuanced descriptions of affective states. They aim to preserve the interpretability of discrete categories
while modelling gradations, intensities, and relational structure that are well captured in dimensional
frameworks.

Plutchik’s Wheel of Emotions

Plutchik’s emotion model (Plutchik, 1980) is often considered a hybrid because it combines categorical
and dimensional elements. As illustrated in Figure 3.5, the model identifies eight primary emotions
(joy, trust, fear, surprise, sadness, disgust, anger, anticipation) as discrete categories while arranging
them in a wheel that illustrates opposites, combinations, and varying intensities. For example,
intensity is encoded in concentric layers, showing how emotions can range from mild to extreme
(e.g., serenity→ joy→ ecstasy). Plutchik also defines secondary emotions arising from combinations
of primary emotions (e.g., optimism = joy + anticipation), providing a structure that links discrete
categories to continuous relationships. Plutchik’s model has been used to annotate textual datasets for
emotion detection (Mohammad et al., 2018). By providing both discrete categories and hierarchical
relationships, Plutchik’s model also facilitates more nuanced and interpretable affective computing
applications (Qi et al., 2019). However, the shortcomings of categorical models still exist for Plutchik’s
taxonomy.
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FIGURE 3.5: An illustration of Plutchik’s wheel of emotions (Source: Wikimedia Com-
mons, “Plutchik-wheel.svg”; License: Public Domain).

The Ortony, Clore, and Collins Model

The OCC model is another influential hybrid framework, based on cognitive appraisal theory (Ortony
et al., 1988). Unlike Plutchik’s taxonomy, the OCC model defines a more fine-grained set of 22 basic
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emotion categories, each associated with a structured cognitive appraisal process, and provides a
way to quantify the valence and intensity of emotions within specific scenarios.

As illustrated in Figure 3.6, the OCC model identifies emotion types derived from appraisals
of three classes of elicitors, including events, agents, and objects. Emotions toward events (e.g.,
joy, distress, hope, fear) depend on the perceived desirability of outcomes relative to one’s goals.
Emotions toward agents (e.g., pride, admiration, anger, gratitude) depend on appraisals of the
perceived appropriateness of an agent’s actions, while emotions toward objects (e.g., love, hate) reflect
attitudes shaped by personal preferences. The model also integrates quantitative variables such as
desirability, likelihood, effort, and realisation, which jointly determine an emotion’s valence and
intensity. Putting together, as an example, the emotion category “relief/fears-confirmed” is elicited by
an event that is expected to cause a consequence for oneself. The valence and intensity are determined
by the desirability and likelihood of the consequence.

This rule-based structure makes the OCC model particularly attractive for computational emotion
modelling. Because it specifies a finite set of appraisal-based conditions, it can be formalised in
algorithms and applied in domains such as affective virtual agent (Gratch and Marsella, 2004; Paiva
et al., 2005) and tutoring systems (Conati and Maclaren, 2009). Its explicit mapping from appraisal
structures to emotion categories enables transparent reasoning about why an emotion is generated,
an advantage over purely statistical or black-box approaches.

However, the OCC model has also been critiqued for several limitations. It assumes a relatively
static and rule-based appraisal process, which can oversimplify the dynamic, context-dependent,
and socially mediated nature of emotion in real interaction. Moreover, while it covers a broad
taxonomy of emotions, some categories (e.g., reproach, gratitude) depend heavily on moral and
cultural assumptions that may not generalise across contexts. Its reliance on manually defined
appraisal rules also poses challenges for scalability and adaptation to real-world, noisy data.

Despite these limitations, the OCC model explicitly incorporates the notion of an Elicitors, the
event, object, or agent that triggers an emotional response, which is particularly relevant and impor-
tant in ToDs. In ToDs, user emotions are typically centred on task performance, and the dialogue
context is limited, with clear elicitors such as specific events, the speaker (user or agent), and objects
of interest as offered by the system. This explicit mapping between emotions and their elicitors makes
the OCC model well-suited for capturing the causal structure of user affect in ToD interactions.

In this thesis, the OCC model informs the design of the EmoWOZ annotation scheme, which adapts
its appraisal structure to the task-oriented dialogue context. EmoWOZ refines the OCC taxonomy by
focusing on emotions relevant to task-oriented dialogue interactions, specifically those elicited by the
event that motivates the user to engage with the system and by the agent, the information-providing
system. Implementation details are provided in Chapter 5.

Strengths and Limitations of Hybrid Models

Hybrid models of emotion offer a pragmatic balance between categorical and dimensional approaches,
combining the interpretability of discrete labels with the flexibility of continuous representations.
This dual structure allows them to capture nuanced and interrelated affective states. Such models are
particularly valuable in computational applications, including dialogue systems, virtual agents, and
natural language processing, where both distinct emotion categories and continuous affective features
are required. At the same time, hybrid models introduce challenges: their increased complexity can
make annotation and modelling more difficult, and the mapping between continuous dimensions
and discrete categories can be ambiguous or context-dependent.

3.3 Emotion Intelligence in Computers

Building upon the theory of multiple intelligences by Gardner (1983), the concept of emotional
intelligence (EI) was formalised by (Salovey and Mayer, 1990) as “the ability to monitor one’s own
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FIGURE 3.6: An illustration of the OCC model of emotions. In the OCC model, emotions
are defined as valenced reactions to elicitors: consequences of events, actions of agents,

and aspects of objects. The intensity depends on the attributes of the elicitor.

and others’ feelings and emotions, to discriminate among them and to use this information to guide
one’s thinking and actions.” In its mature form (Mayer and Salovey, 1997), EI is described in four
core skills:

1. Emotion perception: the ability to identify emotions in oneself and others through facial
expressions, body language, and tone of voice;

2. Emotion understanding: the ability to analyse and differentiate complex emotion blends, to
know the transitions between emotions, and to understand the causes and consequences of
emotions;

3. Emotion facilitation: the ability to harness emotions to support reasoning and problem solving;

4. Emotion management: the ability to regulate one’s own emotions and those of others effectively
to achieve desired outcomes.

This framework, which represents a crucial cognitive and social competence for human beings,
has been a central focus of study in affective computing, the interdisciplinary field concerned with
equipping machines with similar capabilities.

Affective computing, pioneered by Picard (1997), maps these human emotional abilities to three
core abilities of affective computing: to recognise, to express, and to “know” emotions. Emotion
recognition allows the system to accurately identify a user’s emotional state, be it a discrete emotion,
a numerical value along a dimensional model, or a hybrid representation, and emotion expression
enables the system to generate emotional responses that are readily recognisable and appropriate for
the context. According to Picard, the third ability, to “know” emotions, carries a broader and more
complex suite of abilities. This involves leveraging emotions to influence interaction dynamics and
guide sequential decision-making for task success. In this sense, recognition and expression can be
viewed as surface-level instantiations of such a deeper capacity: a system that “knows” emotions is
able not only to represent them but also to strategically deploy them. To use a more formal term that
also aligns with the semantic processing pipeline in task-oriented dialogues (ToDs) (Young, 2002) (as
we introduce in greater detail in Chapter 4), we call this ability emotion processing.

In this section, we will discuss the approaches to developing each of these three core abilities of
an affective computing system: to perceive, to express, and to process emotions.
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3.3.1 Emotion Perception

The first core ability of an emotionally intelligent system is to recognise emotions, which corresponds
to the ability of humans to perceive affective states in others. Within the field of affective computing,
the computational analogue of emotion perception is most often framed as the task of emotion
recognition or, more broadly, sentiment and affect analysis over textual, acoustic, or multimodal
input.

Formally, let X = {x1, x2, . . . , xT} denote a sequence of utterances in a dialogue, where each xt
represents the t-th utterance.

The task of emotion classification is to learn a mapping

f : xt ↦→ yt, (3.1)

where yt ∈ E is an emotion label drawn from a predefined emotion set E (categorical), or a continuous
vector in Rd (dimensional, in valence-arousal-dominance coordinates for example).

When extended to multi-turn dialogues, the problem is referred to as emotion recognition in
conversations (ERC):

f : (x1, . . . , xt) ↦→ yt, (3.2)

where emotion recognition for each utterance xt must consider both the conversational context,
including preceding turns and speaker roles. This formulation captures phenomena such as repetition,
coreference, and emotional trajectories. These phenomena are central to dialogue interactions and
crucial to accurate emotion recognition.

ERC plays a crucial role in task-oriented dialogue systems. For instance, recognising that a
user expresses frustration after a failed booking attempt enables the system to adapt its subsequent
behaviour and maintain cooperation. However, challenges remain, including the scarcity of balanced
conversational datasets, the prevalence of subtle or implicit emotion cues, and the need for real-time
robustness in practical deployment.

3.3.2 Emotion Expression

The second ability is to express emotions, which mirrors the human ability to communicate affective
states in socially recognisable ways. In natural language processing, this ability is instantiated in the
task of natural language generation (NLG).

NLG for open-domain Response Generation. Unconstrained NLG, often employed in open-
domain dialogue, formulates response generation as the problem of producing an utterance x̂ directly
from dialogue context ht = (x1, . . . , xt):

x̂ ∼ pθ(x | ht). (3.3)

Here, pθ is a parameterised language model that maximises the likelihood of next utterances given
prior context. This paradigm enables fluent and contextually relevant responses. The emotion in the
response is implicitly modelled based on the context. This method provides limited control over what
is said and how it is said.

Conditional natural language generation. Conditional NLG can be extended to incorporate one or
more attributes and has focused on two desiderata: fidelity to the semantic condition, and fluency of
the generated utterance. With conditional NLG approaches, we can control the emotion conveyed in
the response of a dialogue system:

x̂ ∼ pθ(x | ht, e), (3.4)

where pθ is trained to model the probability distribution of tokens given a context ht and the desired
emotion e.
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In ToDs, conditional NLG is used to produce responses that faithfully express the intended
dialogue act semantics. In this thesis, we aim to extend the NLG of ToD systems by introducing an
additional conditioning layer on emotion. While this enables the system to generate responses that
are not only semantically accurate but also emotionally attuned, several challenges are presented:

• Hallucination: affective conditioning may induce inappropriate or factually unsupported
content. For example, a system may fabricate special features of a restaurant while attempting
to express positive emotions to engage the user.

• Spurious correlations: the system may pick up that apologies are frequently associated with
the fact that nothing is found, so it may overlook situations where the system underperforms.
During response generation, models may also rely on superficial cues (e.g., punctuation, lexical
tokens) rather than genuine affective expression.

• Balancing dual objectives: ensuring semantic correctness while conveying the intended affect
is particularly critical in task-oriented systems, where factual accuracy cannot be compromised.

In Chapters 8 and 9, we demonstrate how our proposed methods address these challenges and
achieve a balance between semantic fidelity and emotional expressiveness.

3.3.3 Emotion Processing

The third and arguably most complex ability is to process emotions, corresponding to the human
ability to facilitate decision-making and problem-solving using emotion. In affective computing,
this ability is less explicitly formalised, often subsumed under the umbrella of empathetic response
generation: the system’s ability to understand a user’s emotional state and respond in a manner that
is contextually appropriate, supportive, or soothing.

However, empathetic response generation has remained largely data-driven, typically realised
through supervised learning on conversational corpora that associate user utterances with emotion-
ally appropriate responses. While such approaches can produce linguistically empathetic outputs,
they offer little explicit control over the emotional intent of the response and lack reinforcement
mechanisms to align generated empathy with conversational goals or long-term user satisfaction.

This limitation becomes even more pronounced in ToD systems, where emotional appropriateness
must be balanced with task efficiency and factual accuracy. Unlike open-domain dialogue, ToD
interactions require precise semantic control to ensure successful task completion (e.g., booking, infor-
mation retrieval). Introducing emotion without a principled decision framework risks compromising
task performance through inconsistent or overly affective responses. Therefore, a more structured
formulation is needed to integrate emotion processing capability directly into the decision-making
process rather than treating it as a post-hoc linguistic adaptation.

In Chapters 8 and 9, we demonstrate how we formally integrate emotion processing into dialogue
policy learning and jointly optimise dialogue actions and emotional intents via reinforcement learning.

3.4 Conclusion

This chapter has reviewed the theoretical and computational foundations of affective computing,
the interdisciplinary field concerned with endowing machines with the ability to sense, interpret,
and act upon human emotions. We traced the intellectual roots of affective computing to classical
theories of emotion in psychology and neuroscience, which progressed from evolutionary and
physiological perspectives to appraisal-based and cognitive frameworks. These theories motivated
diverse taxonomies of emotion, ranging from dimensional models that capture continuous affective
variation to categorical models that emphasise discrete emotional states and hybrid approaches that
integrate both. Such taxonomies provide the representational scaffolding required to operationalise
emotions in computational systems.
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Building on these foundations, affective computing has emerged as the computational analogue
of emotional intelligence, mapping human capacities for perceiving, expressing, and processing
emotions onto machine abilities. These abilities constitute the pillars of emotionally intelligent
interaction. While affective computing has already demonstrated utility across domains such as
healthcare, education, customer service, and entertainment, this thesis focuses on its application in
ToDs. Being overlooked for long in this setting, emotionally intelligent behaviour is not a luxury but
a necessity: user frustration, satisfaction, and trust directly influence whether task success can be
achieved.

The three core tasks of affective computing align naturally with stages in the ToD pipeline.
Accordingly, this chapter has discussed them in the context of ToDs: (1) emotion perception, where
systems recognise users’ affective states within dialogue contexts; (2) emotion expression, where systems
generate semantically accurate yet emotionally conditioned responses; and (3) emotion processing,
where dialogue policies balance task success with emotional appropriateness by selecting both
functional actions and affective strategies.

However, existing task formulations and affective frameworks are not directly applicable to
ToDs due to their limited control over emotion, lack of formal decision modelling, and absence of
task-emotion integration. To address these gaps, we formalise the three emotional abilities specifically
for ToDs and integrate them systematically into the training and interaction processes of ToD systems.
Through this integration, machines can move beyond purely functional exchanges toward emotionally
attuned collaboration, dynamically adapting their strategies to promote smoother, more effective
human–machine interaction.

The next chapter builds upon this foundation by examining dialogue theory and the task-oriented
dialogue pipeline, into which these affective capabilities can be systematically incorporated. In
doing so, we connect the theoretical insights of affective computing to the concrete mechanisms
of dialogue management, ultimately advancing toward the design of emotionally intelligent task-
oriented dialogue systems.
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Chapter 4

Dialogue Theory

4.1 Overview

In this chapter, we establish the theoretical and computational foundations of dialogue in order
to situate our study of task-oriented dialogue (ToD). ToD is distinctive in its orientation towards
well-defined user goals, the factual information retrieval from a database, and the collaborative
processes that enable their achievement. While ToD is the central concern of this thesis, it is also
important to consider other dialogue settings, especially chit-chat. Methods and resources developed
for these domains, particularly for modelling emotion, can inform and enrich ToD research.

To make sense of these diverse settings, it is necessary to look beyond surface differences and
consider the theoretical foundations of dialogue. Dialogue is more than the transaction of information;
it is also a form of action. Speech Act Theory (Austin, 1962) frames utterances as acts (e.g. inform,
request, confirm), a perspective that directly informs dialogue act annotation in ToDs, whereas in
chit-chat, speech acts are often phatic or affective.

Grice’s Cooperative Principle (Grice, 1975) emphasises collaboration, which in ToD is realised
through user-system cooperation in achieving goals, and in chit-chat, cooperation sustains flow and
rapport.

Clark’s theory of grounding (Clark and Brennan, 1991) highlights the establishment of shared
understanding through interaction. In ToDs, this process is supported by mechanisms such as
confirmation and repair, supported by dialogue state tracking (DST) and database query. In chit-chat,
minimal acknowledgements often suffice to maintain conversational alignment.

Finally, partially observable Markov decision processes (POMDPs) formalise ToD as sequential
decision-making, providing a principled and computational framework for dialogue management
(Young, 2002). The explicit goals, a bounded domain, and measurable outcomes such as task success
in ToD offer a well-defined objective for optimisation. The imperfect information from speech
recognition, intent inference, and user behaviour makes POMDPs particularly suitable.

These perspectives frame dialogues as actionable, collaborative, grounded, and optimisable. They
provide the conceptual and technical basis for ToD while clarifying how it differs from chit-chat. The
fundamental differences between ToDs and chit-chat motivate the research presented in this thesis,
including dataset construction, the development of specialised emotion recognition techniques, and
the systematic integration of emotion throughout the ToD pipeline.

4.2 Core Theories of Dialogue

The study of dialogue has been shaped by several foundational theories in linguistics, philosophy, and
cognitive science, many of which have influenced the design of computational dialogue systems. This
section outlines the most relevant of these theories: speech act theory, the cooperative principle, and
the theory of common ground, before turning to computational models that formalise task-oriented
dialogues as a decision-making process. Together, these theories provide a multi-layered view of how
dialogues function and how they motivate the modelling of task-oriented dialogues.
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4.2.1 Speech Act Theory

A seminal contribution to the philosophy of language is Speech Act Theory (Austin, 1962), which
argues that utterances are not merely strings of words conveying propositional content, but actions
performed in a social context. In this view, to speak is to act. For example, when a speaker says, “Can
you book me a table?”, they are not merely describing a state of the world but performing the act of
requesting.

Searle (1969) refined Austin’s original account by distinguishing three layers of speech acts:

• Locutionary act: the act of producing a meaningful utterance (e.g., the literal sentence “Can
you book me a table?”).

• Illocutionary act: the speaker’s communicative intent (e.g., making a request).

• Perlocutionary act: the effect of the utterance on the hearer (e.g., persuading the hearer to take
action).

This layered view has been especially influential for dialogue research, since computational sys-
tems need to infer not only what was said (locution) but what was meant (illocution), and sometimes
also anticipate the expected effect (perlocution). Early computational dialogue models drew directly
from speech act theory by formalising dialogue acts, categories that map onto illocutionary functions.
Dialogue acts such as request, inform, confirm, and reject provide the functional vocabulary through
which systems interpret user input and select appropriate responses. Formal theories and annotation
schemes proposed by Traum (1995) and Bunt (2011) established dialogue acts as the backbone of
computational dialogue modelling.

Dialogue Acts in Different Scenarios In ToDs, dialogue acts form the building blocks of dialogue
managers, defining the communicative functions that guide the system’s behaviour towards goal
completion. For instance, a restaurant booking system may rely on request(food_type), inform(area), or
confirm(day) to track and progress towards the user’s goal. In chit-chat, by contrast, dialogue acts are
less about achieving a concrete outcome and more about maintaining social presence, often through
phatic or affective acts such as greetings, acknowledgements, or expressions of empathy.

Thus, speech act theory provides both a theoretical lens for analysing human communication and
a practical foundation for computational dialogue systems. Its operationalisation through dialogue
acts continues to underpin dialogue modelling, particularly in ToD, while also offering insight into
how communicative functions vary across different dialogue scenarios.

Emotional Aspects of Dialogue Acts Emotional meaning often intersects with the functional layer
of speech acts. Emotions can shape how an act is performed (e.g., an angry request vs. a polite
one), signal relational stance (e.g., empathy through acknowledgements or apologies), and influence
how the hearer interprets intent or chooses a response. In this sense, emotion facilitates mutual
understanding by modulating the illocutionary force and perlocutionary effect of speech acts. In
computational dialogue systems, this has motivated extensions of dialogue act taxonomies to include
emotional aspects (Bunt et al., 2020), where communicative functions such as comforting, praising, or
apologising explicitly encode both intent and affect. Such integration of emotional and functional
layers provides a richer foundation for affect-aware dialogue management, as later explored in this
thesis.

4.2.2 The Cooperative Principle

Grice (1975) introduced the Cooperative Principle, which views conversation as a fundamentally
collaborative activity. According to this principle, interlocutors assume that contributions are made in
good faith to advance the purposes of the exchange. Grice articulated this through four conversational
maxims:
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• Quality: be truthful, do not say what you believe to be false.

• Quantity: be as informative as required, but not more than necessary.

• Relation: be relevant to the conversational goal.

• Manner: be clear, brief, and orderly.

Although these maxims are frequently disregarded for rhetorical or social purposes (e.g., irony,
understatement, humour), they establish the baseline expectations that make dialogue intelligible.
Participants interpret each other’s utterances under the assumption that these principles are being
respected, and they can re-interpret apparent violations as purposeful deviations.

Conversational Cooperation in Different Scenarios In ToDs, cooperation takes the form of joint
problem-solving between the user and system. The system must provide accurate, relevant, and clear
information, while the user contributes by clarifying goals, rephrasing queries after misunderstand-
ings, and responding to system prompts. Computationally, this principle underpins strategies for
error recovery, clarification requests, and the balance between system-initiative and user-initiative
dialogue.

In chit-chat, cooperation does not aim at completing a well-defined task but rather at maintaining
mutual engagement, rapport, and social presence. Here, maxims are interpreted more flexibly:
relevance may be oriented towards sustaining flow rather than topical focus, and quantity may be
adapted to maintain rhythm and affective connection.

The cooperative nature of dialogue has also been formalised in computational terms. The theory
of joint intentions (Cohen and Levesque, 1990) models conversation as the alignment of agents’
goals and commitments, providing a basis for collaborative dialogue management in AI systems.
This formalisation connects Grice’s philosophical insights to practical mechanisms for representing,
tracking, and updating shared goals in dialogue systems.

Emotion in Conversational Cooperation Emotion plays an important role in sustaining the co-
operative nature of conversation. While the Cooperative Principle focuses on rational adherence
to conversational maxims, emotion provides the affective signals that help interlocutors interpret,
regulate, and sometimes strategically violate those norms. For instance, emotional tone often con-
veys the speaker’s stance toward the maxim of quality (sincerity), where anger or sarcasm may
indicate deliberate flouting. Positive affect, such as enthusiasm, can enhance the relationship by
reinforcing engagement and shared purpose, while frustration or confusion may alert the listener
to a breakdown in manner or quantity (unclear or insufficient information). In this sense, emotion
facilitates cooperation not through propositional content, but by signalling alignment, attentiveness,
and willingness to maintain mutual understanding. Computationally, modelling these affective cues
enables dialogue systems to monitor the emotional aspect of interaction and adapt their cooperative
behaviour accordingly by, for example, clarifying when frustration is detected, softening tone when
user irritation rises, or expressing empathy to restore trust and collaboration. In this thesis, this view
of emotion as a facilitator of cooperative communication informs the design of emotion modelling and
affect-aware dialogue management, where emotional cues are treated as signals of user engagement
and task alignment within task-oriented interaction.

4.2.3 Grounding in Conversations

The notion of grounding was developed by Clark and Brennan (1991), who argued that dialogue
is a continual process of establishing and maintaining common ground: the set of shared beliefs,
assumptions, and knowledge that interlocutors rely on to ensure mutual understanding. In this
framework, every conversational contribution carries a dual responsibility: the speaker must provide
information, and the hearer must demonstrate understanding. Evidence of understanding may
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take the form of acknowledgements (e.g., “okay”), clarifications (e.g., “do you mean tonight or
tomorrow?”), or repair mechanisms when misunderstandings occur. Without these signals, dialogue
would lack the feedback loop necessary to ensure successful coordination.

Grounding has been central to computational dialogue modelling. Traum (1999) formalised
mechanisms of acknowledgement, repair, and confirmation, showing how they can be encoded to
maintain alignment in collaborative systems. These ideas directly inform the architecture of modern
dialogue systems.

Grounding in Different Dialogue Scenarios In ToDs, grounding is achieved through interactional
actions such as explicit confirmations, acknowledgements, and repair strategies, which provide
evidence that both participants accept the information as shared (Mohapatra et al., 2024). These
grounding actions are supported computationally by DST, which maintains the system’s evolving
belief about user goals, enabling the system to determine when confirmation or repair is required.
Database queries further contribute to grounding by providing verifiable task outcomes, allowing
both participants to align on entities or constraints once the system retrieves and presents consistent
results.

In chit-chat, grounding tends to be lighter and more implicit. Minimal cues such as backchannels
(“uh-huh”, “I see”), alignment markers (“exactly”), or laughter are often sufficient to maintain
conversational flow. These cues may not carry propositional content but function to reassure the
speaker that they have been understood and that interactional alignment is intact.

Taken together, grounding theory highlights dialogue as a dynamic process of alignment, where
interlocutors continually negotiate shared meaning. In computational settings, this insight has
motivated explicit representations such as dialogue states and database queries in ToD, while offering
explanatory power for the more lightweight or affective grounding practices found in chit-chat and
interviews.

Emotion and Grounding Emotion is deeply intertwined with the process of grounding, as affective
cues serve to build and reinforce mutual understanding. While grounding theory focuses on the
exchange of informational evidence, emotion provides social evidence of alignment, such as attentive-
ness, agreement, or concern, through tone, prosody, and facial expression. Positive affect, such as
warmth or empathy, can strengthen the sense of shared understanding, while negative emotions like
frustration or confusion often signal breakdowns that require repair. In this way, emotion facilitates
grounding by making understanding perceptible: it allows interlocutors to assess not only what has
been comprehended, but also how it has been received. Computationally, incorporating emotional
feedback into grounding mechanisms enables dialogue systems to detect when the user feels misun-
derstood, adapt confirmation strategies, and express empathy to restore mutual alignment (Picard,
1997). This perspective motivates our work in this thesis, which models emotion as a dynamic cue
that reflects the establishment or breakdown of factual grounding, particularly around database query
results.

4.2.4 Partially Observable Markov Decision Process

While speech act theory, cooperation, and grounding offer conceptual insights into dialogue, computa-
tional dialogue research has also sought formal frameworks for managing interaction. A particularly
influential paradigm is to treat dialogue as a sequential decision-making problem under uncertainty,
captured by the formalism of Partially Observable Markov Decision Processes (POMDPs).

Formally, a POMDP is defined by the tuple:

M = ⟨S ,A,O, T, Z, R⟩ (4.1)

where:
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• S is a set of hidden states that capture all factors relevant to the decision process.

• A is the set of possible actions available to the agent.

• O is the set of possible observations that provide indirect evidence of the underlying state.

• T(s′ | s, a) is the state transition model, i.e., the probability of moving to s′ given current state s
and action a.

• Z(o | s′) is the observation model, i.e., the probability of receiving observation o given that the
state is s′.

• R(s, a) is the reward function, encoding the utility of taking action a in state s.

Because the underlying state s is not directly observable, the agent maintains a belief state b(s), a
probability distribution over states. When action a is taken and observation o is received, the belief
state is updated according to Bayes’ rule:

b′(s′) = η Z(o | s′) ∑
s∈S

T(s′ | s, a) b(s), (4.2)

where η is a normalisation constant. Decision-making is then framed as selecting an action that
maximises the expected long-term return with discount factor γ ∈ [0, 1):

π∗(b) = arg max
a∈A

E

[︄
∞

∑
t=0
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⃓⃓
⃓ b0

]︄
. (4.3)

Modelling Dialogues with POMDP The mathematical formalisation of POMDP provides a prin-
cipled way to model sequential interaction under uncertainty, where the agent must reason about
hidden states, update beliefs as new observations arrive, and choose actions that optimise expected
outcomes over time. Therefore, POMDPs are particularly well-suited to model task-oriented dia-
logue. Young (2002) adapted the POMDP framework to dialogue management, with later surveys
consolidating its applications (Young et al., 2013). Here, the state space corresponds to user goals and
slot values, the observation model accounts for errors in speech recognition and natural language
understanding, and the reward function encodes task success (e.g., booking completed), balanced
with efficiency (shorter dialogues). By optimising policies under uncertainty, POMDP-based systems
embody both the cooperative and goal-driven nature of ToD.

In chit-chat, however, POMDPs are less applicable. Open-ended goals, loosely defined success
criteria, and the absence of a clear reward structure make it difficult to specify R(s, a) or even define a
bounded state space.

POMDP with Emotion While classical POMDP-based dialogue management focuses on uncertainty
about user goals and intents, real human dialogue involves additional affective uncertainty. User
emotions influence how utterances are produced, interpreted, and evaluated, and thus form part of
the latent state the system must infer. Extending the standard formulation, the affective POMDP can
be defined as:

Me = ⟨S × E ,A×Ae,Ou ×Oe, Te, Ze, Re⟩. (4.4)

where, on top of Equation 4.1:

• The original hidden state S is extended with the space of user emotional states E .

• The original action space A is combined with affective actions Ae.

• The observation space O contains two aspects: Ou denotes semantic observations and Oe
denotes affective observations, such as linguistic cues and sentiment.
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• Te(s′, e′ | s, e, a, ae) models the transition dynamics over both semantic and emotional states.

• Ze(ou, oe | s′, e′) captures the joint likelihood of observing semantic and emotional signals.

• Re(s, e, a) is the reward that incorporates both task success and affective outcomes, such as user
satisfaction or trust.

The belief state now tracks a joint distribution over task and emotional variables under the new
equation

b′(s′, e′) = η Z(ou, oe | s′, e′) ∑
{s,e}∈{S ,E}

Te(s′, e′ | s, e, a, ae) b(s, e), (4.5)

and the optimal policy π∗(b) is then learned to maximise the expected affective return:

π∗(b) = arg max
{a,ae}∈{A,Ae}

E

[︄
∞

∑
t=0

γtRe(st, et, at, ae,t)

⃓⃓
⃓⃓
⃓ b0

]︄
. (4.6)

This formulation treats emotion as both an observable signal (via Oe) and a latent factor influencing
user goals and cooperation. For example, rising frustration may increase the probability of misun-
derstanding (affecting Te), while positive affect may reinforce belief in successful grounding or task
completion. Optimising Re thus encourages the agent to select semantic and affective actions that
maintain not only task efficiency but also affective alignment, producing more cooperative and engag-
ing dialogue behaviour. This view motivates our work on accurate user emotional state estimation
(Chapter 5, 6 and 9) and the incorporation of the full affective POMDP into the task-oriented dialogue
system pipeline (Chapter 8 and 9).

4.3 Dialogue Settings

4.3.1 Task-oriented Dialogues

ToDs are interactions in which an operator, either a human or an artificial intelligence agent, help
a user to accomplish a specific, well-defined goal. Classic examples include booking a restaurant,
arranging travel, or troubleshooting a technical problem. What makes ToD distinctive is its structural
clarity: the user typically enters the dialogue with a concrete task in mind, the interaction is confined to
a constrained domain such as restaurants or hotels, and successful completion depends on retrieving
factual information from a structured database or knowledge base. These characteristics allow ToD
to be modelled with a precision and formality that is less accessible in open-ended or therapeutic
conversations.

Each of the core dialogue theories outlined earlier finds a natural correspondence within this
setting. Speech Act Theory provides the foundation for dialogue acts, which operationalise com-
municative intent in ToD. Utterances are not mere statements of fact but actions such as requests,
confirmations, or rejections, each of which drives the dialogue forward towards the user’s goal. The
Cooperative Principle is equally central. ToD is inherently collaborative: the system must present
information truthfully, relevantly, and clearly, while the user cooperates by clarifying their require-
ments, confirming retrieved results, or reformulating queries when miscommunication occurs. In
this sense, both parties jointly contribute to successful task completion, embodying Grice’s insight
that conversation is guided by shared norms of cooperation. Grounding further underpins this
collaboration. As the dialogue progresses, the user and the system must establish and maintain a
common understanding of constraints and commitments. Computationally, this is realised through a
series of grounding actions such as confirmation and repair. Such actions are supported by dialogue
state tracking, which records the evolving set of agreed slot-value pairs, and symbolic database
queries, which anchor the dialogue in an external resource.

Computationally, the decision-making aspect of ToD has been formalised through Partially Ob-
servable Markov Decision Processes (POMDPs). This framework accounts for the inherent uncertainty
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of speech recognition and intent inference, modelling dialogue as sequential decision-making under
partial observability, and optimising dialogue policies for long-term task success. Specifically, in a
POMDPM = ⟨S ,A,O, T, Z, R⟩,

• S is the set of possible dialogue states (e.g., user goals, filled slots).

• A is the set of system actions (e.g., request, inform).

• O is the set of possible observations (e.g., user utterances and noisy interpretation).

• T(s′ | s, a) is the transition model defining the probability of moving to state s′ from state s after
action a.

• Z(o | s) is the observation model capturing uncertainty in interpreting user input.

• R(s, a) is the reward function, encoding task success and efficiency.

The dialogue state is not directly observable. Therefore, the system maintains a belief state b(s),
a probability distribution over all possible dialogue states. The implementation of task-oriented
dialogue systems have been discussed in Section 1.1.

Although ToD is primarily factual and goal-oriented, emotion plays a subtle but important
role in shaping interaction quality (Walker et al., 1997). Users frequently express frustration when
systems fail to understand their input or when repeated clarification is required (Skantze, 2007), and
such negative affect can undermine the overall experience even if the task is ultimately completed.
Conversely, systems that can recognise and adapt to user emotions tend to foster trust and increase
user satisfaction (Bickmore and Picard, 2005). Such an ability can be demonstrated by detecting
frustration, offering empathetic responses, or adjusting strategies to reduce user effort. Emotion in
ToD is therefore best understood not as an additional task to be solved, but as a moderating factor
that influences the perceived success and effectiveness of goal-driven dialogue.

In summary, task-oriented dialogue exemplifies a structured conversational form that is grounded
in clear goals, bounded domains, and database-driven factual retrieval. Its tight alignment with theo-
retical perspectives such as speech acts, cooperation, grounding, and decision-theoretic formalisation
makes it both conceptually robust and computationally tractable. At the same time, its sensitivity to
users’ emotional states highlights the need to extend traditional models with affective intelligence,
thereby combining efficiency with responsiveness to human needs.

4.3.2 Chit-chat Dialogues

Chit-chat dialogues, sometimes referred to as social or open-domain dialogues, differ fundamentally
from task-oriented exchanges in that they are not anchored to a specific, predefined goal. Instead,
their purpose is largely relational: they help build rapport, maintain social connections, and enable
the expression of personality or affect. Conversations may drift across topics with little structure,
and success is not measured by the completion of a task but by the quality of engagement, mutual
enjoyment, and continuity of interaction. This open-endedness makes chit-chat both a common and
essential part of human communication, but also a particularly challenging setting for computational
modelling, since the space of possible topics and responses is virtually unbounded.

Theories of dialogue illuminate how chit-chat functions despite its lack of concrete goals. Speech
Act Theory is relevant here insofar as the dominant acts are phatic and affective rather than instru-
mental. Utterances such as greetings, acknowledgements, or expressions of empathy do not advance
a specific task but sustain the interaction and reinforce social bonds. The Cooperative Principle
also applies, though cooperation in chit-chat is directed not at problem-solving but at maintaining
conversational flow and positive affect. Speakers respect Grice’s maxims in a loose sense, being
relevant and clear enough to sustain engagement, yet may also playfully flout them through humour,
exaggeration, or irony, without breaking the cooperative frame. Grounding in chit-chat is lightweight
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compared to more task-driven dialogues. Minimal acknowledgements, backchannels, and alignment
markers (“I know”, “exactly”, laughter) are typically sufficient to establish mutual understanding.
There is little need to maintain a detailed common ground beyond the immediate conversational
context, since the interaction is not oriented towards cumulative task completion.

Computation-wise, chit-chat dialogues are frequently modelled as a sequence-to-sequence gen-
eration problem, where language models or neural dialogue systems generate responses directly
from conversational history without an explicit state representation or reward-driven optimisation
framework. This approach reflects the fluidity of social conversation, but also highlights the difficulty
of defining coherence, relevance, and engagement in the absence of formal success criteria.

Emotion, by contrast, is central to chit-chat. Indeed, affective expression and perception are often
the primary means by which the dialogue achieves its purpose. Systems that can recognise and
generate emotional cues, through word choice, prosody, or dialogue strategies, are more likely to
sustain engaging and human-like interaction. The absence of task constraints also makes emotional
sensitivity more salient: a chit-chat system that fails to respond appropriately to affective signals risks
breaking the illusion of naturalness, since social presence and empathy are the core metrics by which
such systems are judged.

In sum, chit-chat dialogues illustrate the socially grounded nature of human communication. They
show how dialogue can function without a predefined goal, guided instead by affective expression,
phatic acts, and lightweight grounding. For computational systems, chit-chat presents a distinct set
of challenges: the lack of formal structure makes modelling difficult, yet the centrality of emotion
makes it a crucial testing ground for affect recognition and generation. Compared to task-oriented
dialogues, chit-chat highlights the social dimension of interaction, providing an essential contrast for
understanding how emotion might enrich goal-driven systems.

4.3.3 Comparative Perspective

The two dialogue settings considered in this chapter, task-oriented dialogues and chit-chat dialogues,
illustrate the diversity of conversational forms. Each type of dialogue is structured by a different set
of goals, interactional norms, and evaluative criteria, which in turn shape how the core theories of
dialogue manifest in practice.

Task-oriented
Dialogue

Chit-chat or
Open-domain
Dialogue

Dialogue Setting

Instrumental acts 
(request, inform,
confirm, etc.)

Phatic and affective
acts
(greetings,
empathetic, etc.)

Explicit
confirmation, repair

Backchannels, light
confirmations

Strongly
collaborative for
task success

Loosely
collaborative for
sustaining flow and
rapport

POMDP-based
decision making

Sequence-to-
sequence generation
or language
modelling

Moderating factor
affecting satisfaction
and efficiency

Central to engagement
and rapport; expressed
through empathy and
agreement

Dialogue Acts Source of
Grounding

Collaborative
Nature

Computational
Modelling Role of Emotions

FIGURE 4.1: A comparison of dialogue settings across theoretical, collaborative, and
computational dimensions, with emphasis on the role of emotion.

Figure 4.1 summarises the key similarities and differences across dialogue settings. While both
rely on fundamental dialogue theories such as speech acts, cooperation, and grounding, they oper-
ationalise them in distinct ways depending on their goals and structures. Task-oriented dialogues
emphasise efficiency and factual accuracy, supported by formal state tracking and decision-making
models, with emotion acting as a moderating influence. In contrast, chit-chat dialogues prioritise
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relational engagement, drawing on phatic and affective acts with lightweight grounding, where
emotion is central to sustaining rapport.

This comparative perspective motivates the focus of this thesis. Because task-oriented and chit-
chat dialogues differ fundamentally in goals and interactional structure, emotional intelligence cannot
be transferred directly from one setting to the other. Task-oriented and chit-chat dialogues differ
fundamentally in their goals and interactional structure. Therefore, despite emotion having been
extensively studied in chit-chat interactions, emotional intelligence cannot be directly transferred
from one setting to the other. Instead, emotion must be studied and integrated specifically within the
constraints and objectives of ToD. While insights from chit-chat research provide valuable intuition
about affective communication, ToD systems require dedicated models, datasets, and integration
strategies that account for goal-driven interaction and structured decision-making. The research
presented in this thesis, therefore, investigates how emotion can be systematically incorporated into
ToD systems while preserving their functional requirements.

4.3.4 Other Dialogue Settings

Beyond task-oriented and chit-chat dialogues, a range of specialised conversational settings have been
studied in conversational AI research, each characterised by distinct interactional goals, participant
roles, and evaluation criteria.

Psychological interviews are commonly encountered in clinical, counselling, and assessment
contexts, where the objective is to elicit, interpret, and understand personal experiences and emotional
states. The interaction is typically asymmetric: the interviewer guides the conversation through
structured or semi-structured questioning, while the interviewee provides reflective and emotionally
grounded responses. Such dialogues aim to enable reliable understanding and assessment of an
individual’s mental state, including diagnostic inference and affective analysis (Gratch et al., 2014).
Psychological interviews therefore, provide a controlled setting for studying nuanced expressions
of human affect and mental state. In Chapter 7, we evaluate the ability of large language models to
identify mental distress from psychological interviews, in addition to task-oriented and chit-chat
dialogues.

Pedagogical interactions represent another important dialogue setting, in which conversational
agents act as tutors or learning companions. Tutoring dialogues are designed to facilitate learning
through explanation, guided questioning, feedback, and formative assessment (Dinucu-Jianu et al.,
2025; Saeki et al., 2024). Unlike task-oriented systems that optimise task completion, pedagogical
dialogue systems are evaluated based on learning outcomes, student engagement, knowledge reten-
tion, and assessment accuracy. These interactions often involve adaptive strategies that respond to a
learner’s knowledge state and misconceptions instead of providing the solution straightaway.

Dialogue agents have also been widely explored for other social and interpersonal purposes. Ex-
amples include attentive listening agents, conversational partners for job interviews or speed-dating
practice, laboratory guides, and systems designed for emotional support conversations (Glas et al.,
2016; Liu et al., 2021). In these settings, the primary objective is not task completion but sustaining
socially appropriate interaction, fostering rapport, and providing emotional or motivational sup-
port. Such dialogues often require sensitivity to social cues, empathy, and long-term conversational
coherence, making them particularly relevant for studying socially aware conversational behaviour.

These dialogue settings, while not exhaustive, highlight that conversational interactions can
differ substantially along several dimensions, including interaction symmetry, communicative goals,
and evaluation criteria. While ToDs prioritise efficient goal completion and chit-chat emphasises
engagement, psychological interviews focus on affective understanding, pedagogical dialogues target
knowledge acquisition and assessment, and socially oriented interactions prioritise rapport and
interpersonal support. These differences imply distinct requirements for dialogue modelling, such as
reasoning about user mental states, adapting to learner knowledge, or maintaining socially appropri-
ate behaviour over extended interactions. Importantly, emotion also plays different functional roles
across these settings: it may serve as conversational context in social dialogue, a diagnostic signal in
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psychological interviews, or a facilitator of engagement and learning in pedagogical interactions. As a
result, building effective conversational agents requires an understanding of the specific interactional
characteristics and emotional dynamics associated with each dialogue setting.

4.4 Conclusion

This chapter has established the theoretical and computational foundations of dialogue in order
to situate ToDs within the broader landscape of human communication. We began by outlining
three core theoretical perspectives: Speech Act Theory, which frames utterances as communicative
actions; the Cooperative Principle, which highlights dialogue as a collaborative endeavour; and
Grounding, which emphasises the continual establishment of shared understanding. Together with
the formalism of Partially Observable Markov Decision Processes (POMDPs), these perspectives
provide complementary insights into dialogue as action, collaboration, mutual alignment, and
decision-making under uncertainty.

Building on these foundations, we then examined two important dialogue settings in detail. Task-
oriented dialogues were shown to be goal-driven, domain-constrained, and database-centred, making
them highly amenable to computational modelling and systematic evaluation. Chit-chat dialogues,
by contrast, exemplify open-ended social interaction, where phatic acts, lightweight grounding, and
affective engagement dominate. A comparative perspective highlighted both the commonalities
across settings, such as reliance on dialogue acts, cooperation, and grounding, and the distinctive
ways in which these principles are realised depending on the goals and structure of the interaction.
Beyond these two paradigmatic settings, we also considered specialised dialogue contexts such as
psychological interviews, pedagogical interactions, and socially oriented conversations, which differ
in interactional structure, evaluation criteria, and the functional role of emotion. These settings
illustrate that conversational behaviour cannot be understood through a single dialogue paradigm, as
effective dialogue modelling requires sensitivity to the distinct communicative goals and emotional
dynamics inherent to each interaction type.

The chapter as a whole underscores two key insights. First, ToD stands out as the most tractable
setting for computational modelling, benefiting from clear goals, structured domains, and well-
defined success criteria. Second, insights from other dialogue types reveal the limits of a purely
goal-oriented view: chit-chat highlights the centrality of emotion, while other settings highlight the
necessity of rapport, empathy, and the interpretation of specific affective states. These comparisons
motivate the central argument of this thesis: that emotionally intelligent ToD systems must combine
the formal rigour of computational models with sensitivity to the affective and relational dynamics
that characterise human dialogue.
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Chapter 5

EmoWOZ: A Large-Scale Corpus and
Labelling Scheme for Emotion Recognition
in Task-Oriented Dialogue Systems

This chapter summarises our work on constructing a large-scale, emotion-annotated corpus for
task-oriented dialogues enabling fine-grained user emotion recognition and gives a verbatim copy of
our paper (Feng et al., 2022):

Shutong Feng et al. (June 2022). “EmoWOZ: A Large-Scale Corpus and Labelling Scheme for Emotion
Recognition in Task-Oriented Dialogue Systems”. In: Proceedings of the Thirteenth Language Resources

and Evaluation Conference. Ed. by Nicoletta Calzolari et al. Marseille, France: European Language
Resources Association, pp. 4096–4113. URL: https://aclanthology.org/2022.lrec-1.436/

5.1 Summary

Despite the crucial role of emotion in human communication, user emotions have long been neglected
in task-oriented dialogue systems, where the primary focus has traditionally been on task success.
However, user emotion plays a vital role in task-oriented interactions: it serves as implicit feedback
on the system’s performance and contributes to more natural, human-like interactions.

A major barrier to advancing research in this area is the lack of appropriate resources. Existing
datasets are either limited in scale or lack annotations that capture the nuanced emotional states
typical of task-oriented scenarios. To address these issues, we construct EmoWOZ, a large-scale
corpus with manually annotated user emotions, specifically designed for task-oriented dialogues.

EmoWOZ includes a diverse mix of both human-human and human-machine conversations. Its
annotation scheme is grounded in the Ortony Clore and Collins (OCC) cognitive theory (Ortony
et al., 1988) of emotion but adapted to the unique characteristics of task-oriented dialogue. Using this
dataset, we benchmark a variety of generic emotion recognition models, demonstrating the inherent
difficulty of detecting user emotions in goal-directed interactions.

Furthermore, we show that integrating emotion recognition into a dialogue state tracker can lead
to improved performance. This highlights the broader potential of emotion modelling, not just as an
end in itself, but as a means to enhance other components of task-oriented dialogue systems.

5.2 Personal Contributions

The implementation, technical results, and writing are my own work. Michael Heck contributed to
the experiment to integrate emotion recognition into dialogue state tracking. The human-machine
dialogues in EmoWOZ (DialMAGE) are collected using the dialogue system built by Christian
Geishauser, Hsien-chin Lin, and Carel van Niekerk. Milica Gasić supervised the project. Nunu Lubis
co-supervised the project. Co-authors assisted in writing and proofreading.

https://aclanthology.org/2022.lrec-1.436/
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Abstract
The ability to recognise emotions lends a conversational artificial intelligence a human touch. While emotions in chit-chat
dialogues have received substantial attention, emotions in task-oriented dialogues remain largely unaddressed. This is despite
emotions and dialogue success having equally important roles in a natural system. Existing emotion-annotated task-oriented
corpora are limited in size, label richness, and public availability, creating a bottleneck for downstream tasks. To lay a foun-
dation for studies on emotions in task-oriented dialogues, we introduce EmoWOZ, a large-scale manually emotion-annotated
corpus of task-oriented dialogues. EmoWOZ is based on MultiWOZ, a multi-domain task-oriented dialogue dataset. It
contains more than 11K dialogues with more than 83K emotion annotations of user utterances. In addition to Wizard-of-Oz
dialogues from MultiWOZ, we collect human-machine dialogues within the same set of domains to sufficiently cover the
space of various emotions that can happen during the lifetime of a data-driven dialogue system. To the best of our knowledge,
this is the first large-scale open-source corpus of its kind. We propose a novel emotion labelling scheme, which is tailored to
task-oriented dialogues. We report a set of experimental results to show the usability of this corpus for emotion recognition
and state tracking in task-oriented dialogues.

Keywords: Emotion Recognition in Conversations, Task-oriented Dialogues

1. Introduction
Incorporating human intelligence into conversational
artificial intelligence (AI) has been a challenging and
long-term goal (Picard, 1997). Emotional intelligence,
defined as the ability to regulate, perceive, assimilate,
and express emotions, is a key component of general
intelligence (Mayer et al., 1999). Such emotion aware-
ness can help the conversational AI generate more emo-
tionally and semantically appropriate responses (Zhou
et al., 2018).
Dialogue systems generally fall into two classes. Task-
oriented systems converse with users to help complete
tasks determined by user goals. Chit-chat systems
are set up to mimic the unstructured conversations or
‘chats’ characteristic of human-human interaction (Ju-
rafsky and Martin, 2009). Chat-oriented systems are
typically modelled in a supervised fashion with large
available corpora (Vinyals and Le, 2015). In con-
trast, task-oriented systems track the user goal through-
out the dialogue and a policy is typically trained via
some form of reinforcement learning (RL) to conduct
dialogue towards successful goal completion (Young,
2002). Moreover, the scope of the dialogue can also be
extended during this process, e.g. by adding new do-
mains to the dialogue system (Madotto et al., 2021).
Consequently, the distribution of data from which a
task-oriented system learns can change.
Emotions appear in both chit-chat and task-oriented di-
alogues. However, the cause of emotion may differ as
well as their role. Chit-chat dialogues are a means to
express emotion. Speakers may discuss emotional ex-

periences (Li et al., 2017), or topics that induce emo-
tions such as news broadcasts (Lubis et al., 2017). In
task-oriented dialogues, the user is primarily interested
in achieving their goal. While an emotional situation
may be a reason to interact with the system, e.g. the
user just missed a flight and needs to rebook one, the
emotion the user exhibits is more often a reaction to po-
tential goal completion or failure. Since the emotion is
centred around the user goal, it is more contextual and
subtle. Therefore, besides inferring emotional states
from dialogue utterances, an agent also needs to rea-
son about emotion-generating situations (Poria et al.,
2021).

Substantial research efforts in emotion recognition in
conversations (ERC) have been invested in chit-chat di-
alogues (Majumder et al., 2019; Ghosal et al., 2020).
There are several public ERC corpora containing chit-
chat dialogues (Li et al., 2017; Poria et al., 2019; Za-
hiri and Choi, 2018) and conversational data from so-
cial media (Zhou and Wang, 2018). These corpora
can tremendously accelerate the building of emotional
chatbots using data-driven approaches (Zhou et al.,
2018). In task-oriented dialogues, recognising emo-
tions is equally important but remains largely unad-
dressed. Using RL to optimise a dialogue policy ne-
cessitates a feedback signal. While it is accepted that
the feedback signal needs to correlate with user satis-
faction (Ultes et al., 2017), this feedback signal is often
based on hand-coded rules. Could an emotional model
instead be directly used to provide such a feedback sig-
nal? Could it also be used to support emotion-aware
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natural language generation (Mairesse and Walker,
2007), or even improve dialogue state tracking through
multi-task learning (Heck et al., 2020a)? Existing cor-
pora are small in size, and labels are limited to senti-
ment polarity, creating a bottleneck, so these questions
remain largely unexplored.
In this work, we present EmoWOZ, a large-
scale manually labelled corpus for emotion in task-
oriented dialogues. EmoWOZ is derived from Multi-
WOZ (Budzianowski et al., 2018), one of the largest
multi-domain corpora and the benchmark dataset for
various dialogue modelling tasks, from dialogue state
tracking (Heck et al., 2020b; Lin et al., 2021) to policy
optimisation (He et al., 2022). We also collected and
annotated human-machine dialogues as a complement.
Our contributions are as follows:

• We construct a corpus containing task-oriented dia-
logues with emotion labels, comprising more than
11K dialogues and 83K annotated user utterances. To
the best of our knowledge, this is the first large-scale
open-source corpus & code1 for emotion recognition
in task-oriented dialogues.

• We propose a novel labelling scheme, containing 7
emotion classes, adapted from the Ortony, Clore and
Collins (OCC) model (Ortony et al., 1988), specifi-
cally tailored to capture an array of emotions in rela-
tion to user goals in task-oriented dialogue.

• We report a series of emotion recognition baseline
results to show the usability of this corpus. We also
empirically show that the emotion labels can be used
to improve the performance of other task-oriented di-
alogue system modules, in this case, a dialogue state
tracker (DST).

2. Related Work
2.1. Emotion Models
Within the area of affective computing, emotion mod-
els are commonly grouped into two types: dimensional
models and categorical models.
Dimensional models describe emotions as a combi-
nation of values across a set of dimensions. The
longest established dimensions are valence and arousal,
as proposed by Russell (1980) in the circumplex model
of emotion. Valence measures the positivity, while
arousal measures the activation. Happiness, for exam-
ple, is an emotion with positive valence and high acti-
vation. Additional dimensions, namely dominance and
expectancy (Fontaine et al., 2007), have also been pro-
posed to further describe and distinguish complex emo-
tions.
Categorical models group emotions into distinct cate-
gories. The “Big six” theory is one of the most well-
known theories on universal emotions. Based on stud-
ies of facial expressions, Ekman (1992) proposed six

1https://doi.org/10.5281/zenodo.5865437

basic human emotions which are influenced neither by
culture nor other social influences: happiness, anger,
sadness, disgust, fear, surprise. Parrott (2001) concep-
tualised over a hundred emotions into a tree-structured
list and identified six primary emotions from it.
Ortony et al. (1988) proposed the Ortony, Clore and
Collins (OCC) emotion model, which is explicitly de-
veloped for implementation in computers. In the OCC
model, 22 emotion types are described as a valenced re-
action to one of three cognitive elicitors: consequences
of events, actions of agents, or aspects of objects.
For example, dissatisfied is specified as disapproving
of someone else’s blameworthy action. These cogni-
tive aspects are in line with the cognitive process of a
computational agent, making the OCC model suitable
for building emotional artificial agents. However, the
use of this model for dialogue agents is not yet wide-
spread. In a similar spirit, Gross and Thompson (2007)
formulated the process of emotion regulation as the at-
tention, appraisal, and response originated from vari-
ous situations.
Although there are corpora with real-valued annotation
of multiple emotion dimensions (Preoţiuc-Pietro et al.,
2016; Buechel and Hahn, 2017), researchers often fo-
cus on the valence dimension and annotate with dis-
crete classes (Socher et al., 2013), often called sen-
timent polarity. Emotion datasets also consider emo-
tions from various categorical models in the annotation
scheme (Li et al., 2017; Poria et al., 2019), but some
datasets have domain-specific labels. For instance,
Zhou and Wang (2018) leverage common emojis in so-
cial media posts. The Topical-Chat dataset (Gopalakr-
ishnan et al., 2019) introduces curious to dive deeper
in addition to other basic emotions.
In this work, we propose a novel set of 7 emotions and
motivate it using OCC model as the basis. We aim for
this scheme to capture the cognitive context of emo-
tions while retaining the simplicity of labels that fa-
cilitates large-scale crowd-sourcing of emotion annota-
tions.

2.2. Emotion Dialogue Datasets
Early works on ERC focus on speech signals (Cowie et
al., 2001; Riccardi and Hakkani-Tür, 2005; Carrión and
López-Cózar, 2008). More recently, there are increas-
ing number of text-based ERC datasets focusing on
chit-chat dialogue. Chit-chat dialogue lends itself well
to affective computing research due to its open-domain
set-up, where conversation topics are diverse and not
restricted to a particular task. One of the largest such
corpora is DailyDialog (Li et al., 2017), which contains
conversations between English learners on various top-
ics ranging from relationships to money. Other similar
datasets include EmoryNLP (Zahiri and Choi, 2018)
and MELD (Poria et al., 2019). They contain multi-
party dialogues from the TV show Friends. TV record-
ings in talk show format have also been utilised to col-
lect emotion-rich and topic-specific dialogues (Lubis
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Metric DailyDialog MELD EmoryNLP DSTC1 SentiVA TML EmoWOZ(Ours)
Dialogue type Chit-chat Task-oriented
# Dialogues 13,118 1,433 897 50 1,282 3,496 11,434
Total # turns 102,979 13,708 12,606 517 35,267 68,216 167,234
# Unique tokens 26,364 8052 8441 199 - - 28,417
Avg. turns / dialogue 7.9 9.6 14.1 10.3 27.5 19.5 14.63
Avg. tokens / turn 14.6 10.4 14.3 2.3 - - 12.78
Label type Emo Sent, Emo Sent, Emo Sent Sent Sent Sent, Emo
# Classes 7 3 and 7 3 and 7 3 3 5 3 and 7
# Annotations 102,879 13,708 12,606 517 35,267 68,216 83,617
Neutral Samples (%) 83.1% 47.0% 30.0% - 88.6% 45.7% 70.1%
# Annotators / turn 3 3 4 - 3 2 3
Expert Annotator? Yes No No - No No No
Agreement 0.789 0.43 0.14 - 0.8 0.79 0.602
Open-sourced? Yes Yes Yes Yes No No Yes

Table 1: Comparison of our corpus to similar corpora. Values in bold indicate the best value for each metric. For
label type, “Emo” stands for emotion categories and “Sent” stands for sentiment polarities. For corpora providing
both emotion and sentiment labels, agreement metrics are measured for emotion labels. DSTC1, SentiVA, and
TML refer to works by Shi and Yu (2018), Saha et al. (2020), and Wang et al. (2020), respectively.

et al., 2015). Unfortunately, existing data suitable for
task-oriented corpora, such as customer service chat
logs, are typically not within the public domain.
There also exist a few corpora concerning the affec-
tive aspect of task-oriented dialogues. Wang et al.
(2020) proposed a large-scale sentiment classification
corpus containing customer service dialogues in Chi-
nese. However, this dataset is not publicly available.
Saha et al. (2020) annotated dialogues from bAbI (Bor-
des et al., 2017) with sentiment for policy optimisa-
tion. Since dialogues are machine-generated, it is un-
clear how well these emotions match real human emo-
tions and whether sentiment on its own sufficiently cap-
tures emotional nuances in task-oriented dialogue. In a
similar spirit, Shi and Yu (2018) annotated the DSTC1
dataset with user sentiment. Unfortunately, containing
only 50 dialogues, the dataset is very limited in terms of
coverage and application in machine learning. To sum-
marise, existing corpora are either limited in size or not
publicly available, limiting further works on emotions
in task-oriented dialogue systems. Furthermore, their
annotation schemes focus on sentiment polarities, over-
looking the effect of goals on users’ emotional states.

3. Dataset Construction
3.1. Task-oriented Dialogues
MultiWOZ: Our dataset covers the entirety of Multi-
WOZ, which was constructed using the Wizard-of-Oz
framework (Kelley, 1984). It contains over 10k dia-
logues. Each dialogue was completed by two work-
ers, each acting as the user or the operator, to achieve
specified goals such as information retrieval or making
reservations. There are 7 domains in total. A single di-
alogue or even a single turn can span multiple domains.
Complementary Dialogues: We envisage emotions as
learning signal for dialogue system optimisation. Since
emotions in task-oriented dialogue systems can be a di-
rect effect of the user perception of the ability of the

system to fulfill their goal, the policy performance can
largely influence emotion distribution. During the life
span of a data-driven task-oriented dialogue system, the
distributions of dialogues and emotions may change as
the policy learns and improves over time. An immedi-
ate impact of such a distributional shift is the increase
in the number of negative emotions due to failed dia-
logues during the early stages of learning. Therefore,
in addition to the human wizard policy in MultiWOZ,
it is important that EmoWOZ covers a variety of dia-
logues which represent the emotions throughout such a
dialogue system life span.
We complement MultiWOZ with human-machine
dialogues from a machine-generated policy
(DialMAGE). To elicit more genuine reactions,
we let subjects directly interact with a machine-
generated policy instead of human wizards trying to
make machine-like mistakes. We launched a dialogue
interactive task on Amazon Mechanical Turk, where
workers are asked to retrieve information by interact-
ing with the learning policy. We start with a policy
trained in a supervised fashion on MultiWOZ that
achieved a task success rate of 55% when evaluated
with the ConvLab-2 (Zhu et al., 2020) rule-based user
simulator. Throughout the task, the policy learned and
improved as user feedback on task success is used for
further training using RL. The policy reached a final
human-rated success rate of 73%. Similar to Li et
al. (2020), the policy uses a recurrent neural network
(RNN) based model to produce multiple actions in a
single turn, followed by the ConvLab-2 template-based
NLG module for response generation.

3.2. Emotion Annotation Scheme
EmoWOZ focuses on user emotions rather than sys-
tem ones. We believe recognising user emotions is the
starting point for building emotion-aware task-oriented
dialogue systems. We use the OCC model to arrive at
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Elicitor Valence Conduct OCC Emotion Our Emotion Implication of User
Polite Satisfied, liking, appreciative Satisfied with the operator because the goal is fulfilled.

Positive
Impolite

Admiration, gratitude, love
Not applicable to the dataset

Polite Dissatisfied, disliking Dissatisfied with the operator’s suggestion or mistake.
Operator

Negative
Impolite

Reproach, anger, hate
Abusive Insulting the operator when the goal is not fulfilled.

Polite
Positive

Impolite
Pride, gratification Not applicable to the dataset

Polite Apologetic Apologising for causing confusion to the operator.
User

Negative
Impolite

Shame, remorse, hate
Not modelled Insulting the operator for no reason.

Polite Excited, happy, anticipating Looking forward to a good event (e.g. birthday party).
Positive

Impolite
Happy-for, gloating, love,
satisfaction, relief, joy Not applicable to the dataset

Polite Fearful, sad, disappointed Encountered a bad event (e.g. robbery).
Events,

facts
Negative

Impolite
Distress, resentment, hate, fears-
confirmed, pity, disappointment Not applicable to the dataset

Polite Neutral Describing situations and needs.
NA Neutral

Impolite
NA

Not modelled No emotion but rude (e.g. using imperative sentences).

Table 2: Comparison between the OCC model and our labelling scheme. Emotions that do not occur in our dataset
are marked as “not applicable to our dataset”. {User, negative, impolite} has too few instances and {neutral,
impolite} is not strong enough to be considered as abusive and therefore are not modelled for now. For simplicity,
emotion words in blue are used to represent each emotion category. The OCC model is illustrated in Appendix A.

specific emotion categories. For that, we consider the
following aspects:
1. Elicitor or cause: The OCC model defines three
main elicitors of emotion: events, agents, and objects.
In task-oriented dialogues, events describe the situation
which brings the user to interact with the system. For
example, a user may be looking for a hotel for an up-
coming trip or asking for the police information after
a robbery. Agents are participants of the dialogue: the
user and the system. Objects are equal to entities being
talked about in the dialogue, such as the recommended
hotel or the nearest police station. In our dataset, an ob-
ject is always associated with either the operator, who
proposes it, or an event, which drives the need for it.
For this reason, we do not consider the object as an
elicitor alone. On the other hand, within the agent cat-
egory, it is important to distinguish between the user
and the system. Therefore, we arrive at three elicitors
for our annotation scheme: 1) the system, 2) the user,
and 3) events (or facts).
2. Valence: In essence, the OCC model describes emo-
tion as a valenced reaction towards an elicitor. Valence
is a dimension which expresses the positivity or nega-
tivity of emotion. For example, successfully achieving
a goal is likely to bring positive valence, while a mis-
understanding with an agent is likely to cause negative
valence. As EmoWOZ will demonstrate in a later sec-
tion, valence is highly related to task success or fail-
ure, making it an important signal for a task-oriented
system. We distinguish neutral and emotional utter-
ances, and further separate emotional utterances into
those with negative and positive valence.
3. Conduct: Conduct is not a part of the OCC model,
but given the rising concern of how humans behave
when interacting with virtual assistants (Cercas Curry
and Rieser, 2018), we decided to include it. Conduct
describes the politeness of users and is usually asso-
ciated with emotional acts. Politeness can indicate
the degree of valence. For example, the user can ex-
press very strong dissatisfaction through rudeness. It
also helps distinguish emotions such as those associ-

ated with apology or abuse, which are both intrinsically
negative.
Considering all combinations of these three aspects for
annotation leads to a large number of classes. When
choosing the final set of classes we were guided by
whether or not a particular emotion category occurs in
the database and the potential impact of that emotion
category on the dialogue policy. We also carried out
several trials and considered the ease of communicating
to the annotator how to label such instances. We finally
arrive at a set of 6 non-neutral emotion categories:
An emotion elicited by the operator is defined as sat-
isfied if it is positive, and dissatisfied if it is nega-
tive. Positive emotion caused by an event gives us ex-
cited, and negative fearful. In terms of negative emo-
tions expressed towards the system, we consider user
conduct to distinguish between dissatisfied and abu-
sive, since they require very different responses from
the system (Curry and Rieser, 2019). In terms of the
negative emotions that users may direct toward them-
selves, we single out apologetic behaviours since it fea-
tures in human-human information-seeking dialogues.
Emotion categories and their attributes in the above-
mentioned aspects and their relation to the original
OCC model are shown in Table 2.

3.3. Emotion Annotation Setup
We crowd-source the emotion annotation on Amazon
Mechanical Turk in a controlled manner. As suggested
by Carrión and López-Cózar (2008) to improve the an-
notation quality, workers are shown the dialogue his-
tory up to the utterance they are required to label. Each
emotion category is followed by a list of emotion words
that best fit into the category and an explanation. Due
to the high subjectivity in the emotion annotation (Dev-
illers et al., 2005), each dialogue is annotated by three
different workers. We also implement several measures
to ensure the quality of the emotion labels:

Qualification tests: The test contains fifteen ques-
tions, seven are straight-forward and eight are more
complex. The test also serves as a tutorial. For diffi-
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cult questions, hints are provided to guide the workers
to identify implicit emotions and use contextual infor-
mation (see Appendix B).

Hidden tests: We pre-label more than 1000 utter-
ances containing obvious emotions and use them as
sanity checks. The hidden tests serve as an indicator
of worker reliability. If a worker scores above 80% on
the hidden tests, we assume that the worker is reliable.
Otherwise, the workers’ submission is subject to man-
ual review.

Review for outliers: We use a simple lexicon-based
recogniser and manually annotate a small batch to have
an estimate of the overall emotion distribution. If the
label distribution in a worker’s submissions deviates
substantially from our prior belief, we mark them for
manual review.

Annotation limit: We limit each worker to annotate
at most 500 dialogues to ensure a diversity of workers
and to avoid that workers adapt to our approval policy.
Overall, we had 215 workers, each annotating 160 dia-
logues on average.

4. EmoWOZ Characteristics
4.1. Linguistic Style
Dialogues from MultiWOZ and DialMAGE differ lin-
guistically. As seen in Table 3, DialMAGE has longer
dialogues than MultiWOZ as it takes longer for the
machine-generated policy to accomplish user goals.
Meanwhile, users use simpler and shorter sentences
when talking to a machine. Especially when the system
under-performs, users are discouraged to converse with
it (see sample dialogues with annotations in Appendix
C). We will analyse the impact of these differences on
emotion recognition in Section 5.1.3.

MultiWOZ DialMAGE EmoWOZ
# Dialogues 10,438 996 11,438
# Unique tokens 27,833 3,133 28,417
Avg. turns / dialogue 13.7 24.3 14.6
Avg. tokens / user turn 11.6 5.7 10.6
Avg. unique user
tokens / dialogue

57.8 36.5 55.6

Table 3: Comparison of linguistic features in
EmoWOZ and its subsets.

4.2. Emotion Distribution
According to Table 4, the most common non-neutral
emotion in EmoWOZ is satisfied, followed by dis-
satisfied. This is expected in task-oriented dialogues
as users mainly express emotion in relation to their
goals. While MultiWOZ contains more neutral utter-
ances, it has a more diverse emotion distribution than
DialMAGE. MultiWOZ contributes most satisfied ut-
terances whereas DialMAGE contributes most dissat-
isfied utterances. This is in line with their respective
dialogue-generating setup.

Sometimes users also express emotion to engage or
provoke the operator. MultiWOZ contains more apolo-
getic and less abusive utterances than DialMAGE, sug-
gesting that users tend to be more polite when talking
to human operators. Dialogues from MultiWOZ also
contain more event-elicited emotions (fearful and ex-
cited) than DialMAGE. Users are more talkative when
conversing with human operators. Users may describe
a miserable situation they were experiencing, hoping
to be helped and comforted. A human operator would
naturally show empathy. In MultiWOZ, the operator
sometimes asks if the user is alright when the user is
looking for help from a robbery. When talking to ma-
chines, users tend not to express such chit-chat-style
emotions due to the expected incapability of the ma-
chine to reciprocate. This indicates that an emotionally
intelligent agent will allow dialogues that are emotion-
ally richer and more nuanced, even in a task-oriented
setting.

Emotion EmoWOZ MultiWOZ DialMAGE
Count Prop. Count Prop. Count Prop.

Neutral 58,656 70.1% 51,426 71.9% 7,230 59.8%
Fearful 396 0.5% 381 0.5% 15 0.1%
Dissatisfied 5,117 6.1% 914 1.3% 4,203 34.8%
Apologetic 840 1.0% 838 1.2% 2 0.02%
Abusive 105 0.2% 44 0.1% 61 0.5%
Excited 971 1.2% 860 1.2% 111 0.9%
Satisfied 17,532 21.0% 17,061 23.8% 471 3.9%

Table 4: Count and prop(ortion) of emotion labels.

4.3. Inter-annotator Agreement
We measure the inter-annotator agreement by com-
puting Fleiss’ Kappa (Fleiss, 1971). Fleiss’ Kappa
for EmoWOZ is 0.602, suggesting a substantial agree-
ment. Fleiss’ Kappa for MultiWOZ is 0.611, higher
than 0.465 for DialMAGE. Emotions in DialMAGE
are more challenging to annotate because users express
emotion less explicitly when they know that they are
talking to a machine that does not react to emotions.
Annotators often have to infer the user’s implicit emo-
tions from dialogue history, for example, based on rep-
etitions or misunderstanding.
Among all utterances, 72.1% see a full agreement
among three annotators, 26.4% see a partial agreement,
and 1.5% see no agreement. The count of each case in
each subset can be found in Appendix D. Utterances for
which no agreement is reached are resolved manually.
Figure 1 illustrates the confusion matrix between an-
notators’ labels and the golden labels. Most disagree-
ments occur between non-neutral emotions and neutral,
as well as abusive and dissatisfied. A reasonable expla-
nation is that workers adopt different valence or im-
politeness thresholds when they make decisions. Note
that dissatisfied is rarely confused with abusive, but
rather with neutral, suggesting that the ambiguity lies
in when an expression of dissatisfaction is considered
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Model Feature Ctx.
F1 of Each Emotion in EmoWOZ EmoWOZ MultiWOZ DialMAGE

Neu. Fea. Dis. Apo. Abu. Exc. Sat. Mac. Wgt. Mac. Wgt. Mac. Wgt.
BERT BERT No 89.8 36.2 35.1 70.4 27.5 42.9 88.8 50.1 73.5 48.4 83.2 42.7 43.8

ContextBERT BERT Yes 92.1* 30.1 61.7* 62.4 41.7 40.8 89.1 54.3 79.7* 45.1 83.1 50.0 73.5*
DialogueRNN GloVe Yes 83.5 12.7 51.4 57.7 0.0 32.7 86.4 40.1 74.6 34.1 79.2 43.2 61.2
DialogueRNN BERT Yes 86.9 41.3 47.5 71.5 25.6 39.4 87.6 52.1 75.5 44.5 81.9 51.4 60.6

COSMIC BERT+COMET Yes 89.8 52.0* 50.7 70.9 31.6 44.4 88.4 56.3 77.1 46.7 82.7 57.2 61.7

Table 5: Comparison of baseline models. We report the F1 for each emotion label (Neutral, Fearful, Dissatisfied,
Apologetic, Abusive, Excited, Satisfied) on EmoWOZ as well as Macro and Weighted F1 (excluding neutral) on
EmoWOZ and its subsets. “Ctx.” stands for “context”. * indicates statistically significant difference with p < 0.05
between the best and the second best values in each column. Please refer to Appendix F.1 for more detailed results.

Figure 1: Confusion matrix of emotion annotations.

to be rude or abusive, and not due to the similarity be-
tween abuse and dissatisfaction.
On the other hand, confusions between fearful and dis-
satisfied suggest workers may also interpret elicitors
differently. For example, a user may express negative
emotions after the agent informed that there is no at-
traction meeting the user’s criteria. While the emotion
is caused by the fact that there is no match, one can
also argue that the operator failed to suggest alternative
options. We believe differences on interpretations are
natural to a certain extent, as emotion appraisal may
differ across individuals (Kuppens et al., 2007).

5. Experiment

5.1. Emotion Recognition in Dialogue

Emotion recognition aims to recognise emotion within
an utterance. Unlike utterances in isolation, emotion
recognition in dialogues is highly contextual with re-
spect to the dialogue history. As baselines, we compare
two models originally developed for chit-chat emotion
recognition as well as various BERT-based models. We
believe emotion recognition is the first step towards an
emotion-aware task-oriented agent, as a means for a de-
ployed agent to obtain emotion information during an
interaction.

5.1.1. Baselines
BERT (Devlin et al., 2019): BERT is used as the ut-
terance encoder. Each user turn is encoded in isolation
without any dialogue context. The [CLS] token from
a bert-base-cased model is used as the feature
representation, which is then fed into a linear output
layer for classification.
ContextBERT: The set-up is identical to that of BERT,
except that the entire dialogue history and the current
user utterance are concatenated in the reversed order
to form one long sequence. We add “User:” and
“System:” to mark the speaker of each turn.
DialogueRNN (Majumder et al., 2019): The model
combines gated recurrent units (GRUs) with an atten-
tion mechanism to capture the long-term trajectory of
the dialogue. We experiment with using GloVe embed-
dings (Pennington et al., 2014) or the [CLS] repre-
sentation from BERT as input features. When GloVe
is used, a convolutional neural network (CNN) layer is
used as a feature extractor to generate utterance rep-
resentations. This CNN layer is dropped when using
BERT features.
COSMIC (Ghosal et al., 2020): This model also
combines GRUs with the attention mechanism. In
addition to utterance representations from a pre-
trained language model (LM), it supplements input fea-
tures with common-sense knowledge extracted from
a pre-trained commonsense transformer model called
COMET (Bosselut et al., 2019). Although the origi-
nal paper uses RoBERTa as input features, we found
that BERT results in a better sequence representation
for emotion recognition on our data. Therefore we use
BERT as the utterance encoder in our experiments.

5.1.2. Experimental Setup
We perform a recognition task on the 7 emotions pro-
posed in our annotation scheme2. All models are im-
plemented in PyTorch (Paszke et al., 2019). For COS-
MIC and DialogueRNN, we use the code provided by
the respective papers. We include more details on the
hyperparameters of each model in Appendix E. To split
EmoWOZ into training, validation, and testing sets, we

2We also performed the same experiments on 3 sentiment
labels. Results can be found in Appendix F.3.
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Figure 2: Example dialogues and the emotion prediction for the last utterance by each model.

Training
Data

Test on MultiWOZ Test on DialMAGE
Neu. Fea. Dis. Apo. Abu. Exc. Sat. Mac. Wgt. Neu. Fea. Dis. Apo. Abu. Exc. Sat. Mac. Wgt.

MultiWOZ 95.1* 35.7 36.4* 70.3* 19.4 34.1 90.0 47.7 83.9 80.2 11.7 7.7 43.7 11.9 60.1 66.3 33.6 14.5
DialMAGE 89.4 0 11.2 0 0 13.9 77.3 17.0 67.8 72.1 0 75.7 0 5.0 58.6 71.7 35.2 72.9
EmoWOZ 93.5 33.7 30.4 62.4 17.3 37.1 89.8 45.1 83.1 81.6 5.0 75.5 40.0 52.8* 57.3 69.2 50.0* 73.5

Table 6: Performance of ContextBERT in cross-dataset experiments. We report the F1 for each emotion label
(Neutral, Fearful, Dissatisfied, Apologetic, Abusive, Excited, Satisfied), as well as Macro and Weighted F1
(excluding neutral). * indicates statistically significant difference with p < 0.05 between the best and the second
best values in each column. For detailed results, please refer to Appendix F.1.

keep the original split of MultiWOZ and further di-
vide DialMAGE with a ratio of 8:1:1, leading to 9,234,
1,100, and 1,100 dialogues in each set. We run each
task on 5 different seeds and report the average perfor-
mance.

5.1.3. Results and Discussion
Recognition on emotion classes. Table 5 sum-
marises the performance of baseline models. Since al-
most 70% of the annotations are neutral, we exclude
it when calculating average F1 scores. In general,
models that take into account context information per-
form better on the full EmoWOZ. This shows the im-
portance of context or dialogue-level features in emo-
tion recognition in task-oriented dialogues. An excep-
tion is DialogueRNN with GloVe feature, which un-
derperforms in EmoWOZ macro F1, likely due to the
non-contextual embedding used. On the other hand,
BERT scores very well on MultiWOZ dialogues but
performs poorly on DialMAGE for both setups. This
suggests that emotions in MultiWOZ are less context-
dependent.
BERT, the only non-contextual model among our base-
lines, performs well for apologetic, excited, and sat-
isfied, potentially due to the existence of distinguish-
able keywords associated with these emotions such as
“thank you” for satisfied and “sorry” for apologetic.
These emotion labels do not benefit much from con-
text. In contrast, BERT produces a significantly worse
F1 on dissatisfied, probably because users tend to ex-
press dissatisfaction more implicitly, for instance via
repetition or correction, making dialogue-level features
necessary.
Figure 2 shows two dialogues with implicit emotions
and predictions made by respective baseline models. In
example 1, the system gives the wrong time of arrival,
eliciting mild annoyance from the user. BERT predicts
neutral because in isolation, the utterance has no words

suggesting dissatisfaction. All other models correctly
recognise dissatisfied, as they capture the misunder-
standing occurs in previous dialogue turns. Example
2 presents a similar but more implicit case, where all
models fail. This shows that EmoWOZ contains con-
textualised emotions that are more implicit and subtle,
requiring more sophisticated features and models.

Complementarity between MultiWOZ and Dial-
MAGE. Due to different linguistic features and emo-
tion distributions in MultiWOZ and DialMAGE, one
concern is that the models learn to predict emotion
based on these statistical artifacts. According to Ta-
ble 3, the most obvious difference is the average utter-
ance length (5.8 in DialMAGE and 11.8 in MultiWOZ).
A naive model may simply recognise the data source
from word count and predict the most likely emotion
from that source. Table 7 presents how ContextBERT
trained on EmoWOZ predicts emotion in long Dial-
MAGE and short MultiWOZ utterances. The emotion
distribution in model prediction is vastly different from
that in the complementing subset. Clearly, the model
does not simply count words to decide on the underly-
ing emotion.

Dissatisfied Satisfied
MultiWOZ Label 1.5% 24.0%
DialMAGE (#token>11.8) Label 28.8% 1.2%
DialMAGE (#token>11.8) Prediction 35.5% 1.5%
DialMAGE Label 39.3% 4.0%
MultiWOZ (#token<5.8) Label 1.2% 37.7%
MultiWOZ (#token<5.8) Prediction 3.0% 38.9%

Table 7: Emotion distribution in labels and Con-
textBERT prediction. See Appendix F.5 for full results.

Table 6 presents cross-data experiments with Con-
textBERT, examining how well the two subsets com-
plement each other. Complementing DialMAGE with
dialogues from MultiWOZ improves the macro F1 and
the F1 score of abusive significantly. On the other
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hand, while complementing MultiWOZ with Dial-
MAGE leads to a slight improvement in the F1 score
of excited, other F1 scores decrease to various extent.

Recall and precision on satisfied and dissatisfied for
task-oriented dialogue. We further investigate the
change in F1 of each emotion on MultiWOZ by look-
ing at the change in recall and precision after com-
plementing MultiWOZ with DialMAGE. We believe it
is necessary to distinguish recall and precision, as for
some emotions, one may be more important than the
other. The relative importance of recall and precision
for each emotion class depends on its implication to a
task-oriented dialogue system and the consequence of
false recognition. Most importantly for task-oriented
dialogue system, a high recall of dissatisfied is desir-
able because the system should not miss any failure in
dialogues. Failing to recognise dissatisfaction can trig-
ger more anger from the user and therefore impair task
completion (see Figure C.2). On the other hand, a high
precision may be more desirable for all other emotions
to ensure proper affective response from the system.
When the relative importance of recall and precision of
the emotion is taken into account, complementing Mul-
tiWOZ with DialMAGE is beneficial to {dissatisfied}
for higher recall and {fearful, excited, satisfied} for
higher precision, see Table 8. Detailed results can be
found in Appendix F.4.

Metric Fea. Dis. Apo. Abu. Exc. Sat.
Recall −6.7** +29.1** −7.8 +8.0 +0.6 -0.4
Precision +7.5* −22.8** −7.9 −11.3 +7.1** +0.1

Table 8: Change in precision and recall for each emo-
tion label (Fearful, Dissatisfied, Apologetic, Abusive,
Excited, Satisfied) on MultiWOZ by ContextBERT, af-
ter adding DialMAGE to training. ** and * indicate
statistically significant changes with p < 0.05 and
p < 0.1 respectively.

5.2. Emotions for Dialogue State Tracking
In task-oriented dialogues, dialogue state tracking
(DST) aims to continuously track the user’s goal and
intent as the dialogue progresses (Young et al., 2010).
We hypothesise that the user emotion can help inform
the system about their goal. To investigate this, we
train a dialogue state tracker that incorporates an ad-
ditional task to predict one of 7 emotional classes on
MultiWOZ 2.1 (Eric et al., 2020). We utilise the out-
of-task training approach and the available code pre-
sented in (Heck et al., 2020a). We follow the multitask
learning (MTL) algorithm, where on each training step,
the same model is trained on two different batches, one
from the main task (DST) and one from the auxiliary
task (emotion recognition). Since neutral emotion pro-
vides limited information on the user goal, we remove
a half of the neutral utterances when performing MTL.
We show that additional emotion labels can lead to a
significant improvement (p < 0.02) in the joint goal

accuracy (JGA) of DST (see Table 9).

Training tasks JGA
Dialogue state tracking 53.7
Dialogue state tracking & emotion recognition 54.7

Table 9: JGA of DST on MultiWOZ.

6. Conclusion
In this work, we examined emotions and their expres-
sion in the context of task-oriented dialogues, where
emotions are centred around a user goal. We used the
OCC model as a starting point to derive a comprehen-
sive annotation scheme beyond sentiment polarity for
emotions in relation to user goals. We designed a set of
7 emotions that differ in terms of valence, conduct and
elicitor to capture the cognitive context of emotions,
while maintaining labeling simplicity.
With EmoWOZ, we present a publicly available,
large-scale human-annotated emotion corpus consist-
ing of Wizard-of-Oz style as well as dialogues with
a machine-generated policy. Our intention with
EmoWOZ is to overcome the lack of large emotion-
labelled corpora to support research towards emotion-
aware task-oriented dialogue systems, for dialogues
closer to human-human interactions.
We apply various emotion recognition models to
EmoWOZ and examined the effect of context for
different emotions. In cross-dataset experiments we
analysed the complementarity of WOZ-style data and
machine-generated policy data. Our results show that
recognising context-dependent and implicit emotions
from task-oriented dialogues is a challenging task that
will benefit from further research. EmoWOZ provides
an ideal test bed for that. Lastly, we leveraged emotion
recognition in the dialogue state tracking task to exem-
plify the utility of emotion labels in dialogue modeling.
We hope this dataset can offer insights beyond the
scope of emotion recognition and push the performance
of downstream tasks in task-oriented dialogue mod-
elling. In future work, we plan to investigate tailored
models for emotion recognition in task-oriented dia-
logues that take advantage of high-level features such
as dialogue acts or belief states. We are also interested
in using emotion as a feedback signal within reinforce-
ment learning policy optimisation.
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A. The OCC Model
Figure A.1 summarises definitions of emotion groups in the OCC model.

Figure A.1: The OCC Model
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B. Amazon Mechanical Turk Set-up
B.1. Qualification Test
Figure B.1 illustrates one example from our qualification test. Hints are provided for difficult questions containing
implicit emotions as shown in the example.

Figure B.1: One of fifteen questions in our qualification test

B.2. Main Task Page
Figure B.2 shows the task page for workers. Before arriving at this page, they will be prompted with a consent
form and a message asking if they would like to go through a tutorial.

Figure B.2: Amazon Mechanical Turk main task page
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C. Dialogue Examples
Figure C.1 shows examples of how emotions are expressed by the user in EmoWOZ. Figure C.2 shows examples
of annotated dialogues.

Figure C.1: Example for each emotion label

Figure C.2: Annotation examples from EmoWOZ
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D. Annotator Agreement in EmoWOZ

Source Fleiss’ Kappa #NA #PA #FA
MultiWOZ 0.611 1,016 17,270 53,238
DialMAGE 0.465 259 4,773 7,061

EmoWOZ (overall) 0.602 1,275 22,043 60,299

Table D1: Inter-annotator agreement and agreement count of EmoWOZ and its subsets. NA means no agreement—
three annotators annotate with three different emotions. PA means partial agreement—only two annotators annotate
with the same emotion. FA means full agreement—three annotators annotate with the same emotion.

E. Hyperparameters for Model Training

Model Optimiser Learning Rate L2 Reguliser Weight Training Epochs
BERT Adam 2e-5 0 10

ContextBERT Adam 2e-5 0 10
DialogueRNN(GloVe) Adam 1e-4 1e-5 60
DialogueRNN(BERT) Adam 1e-4 1e-4 60

COSMIC Adam 1e-4 3e-4 20

Table E1: Hyperparameters for model training
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F. Detailed Cross-dataset Experiment Results
F.1. Emotion Classification (7 classes)

Model Set-up F1 for each Emotion Label Average F1 w/o Neutral Average F1 w Neutral
Neutral Fearful Dissatisfied Apologetic Abusive Excited Satisfied Micro Macro Weighted Micro Macro Weighted

BERT

D → D 59.75 0 50.34 0 12.99 61.42 72.43 52.50 32.86 51.45 59.08 36.70 55.94
M → D 71.57 11.67 1.36 100 6.15 64.30 68.85 16.97 42.05 9.36 56.94 46.27 43.02
E → D 69.94 0 41.43 60.0 29.41 56.01 69.13 45.47 42.66 43.82 61.09 46.56 57.95
D → M 71.09 0 6.02 0 11.11 15.60 88.07 62.63 20.13 77.16 70.58 27.41 72.77
M → M 95.34 43.00 40.87 73.03 19.05 40.45 90.39 85.19 51.13 84.82 92.57 57.45 92.43
E → M 92.67 41.43 27.76 70.35 21.43 39.98 89.44 79.79 48.4 83.19 88.88 54.72 90.05
E → E 89.75 36.17 35.10 70.38 27.50 42.89 88.79 73.67 50.14 73.55 84.82 55.80 84.83

ContextBERT

D → D 80.16 0 75.69 0 5 58.58 71.69 73.91 35.16 72.85 77.19 41.59 76.81
M → D 72.11 11.67 7.73 43.71 11.87 60.07 66.29 21.29 33.56 14.49 57.80 39.06 45.67
E → D 81.58 5.00 75.46 40.00 52.81 57.31 69.23 73.71 49.97 73.49 77.89 54.48 77.87
D → M 89.37 0 11.18 0 0 13.86 77.07 59.43 17.02 67.81 80.44 27.35 83.40
M → M 95.09 35.71 36.35 70.34 19.44 34.05 90.01 84.36 47.65 83.87 92.14 54.43 91.98
E → M 93.45 33.70 30.39 62.42 17.27 37.06 89.75 80.44 45.10 83.14 89.65 52.00 90.60
E → E 92.10 30.08 61.69 62.36 41.73 40.83 89.14 78.99 54.30 79.67 87.93 59.70 88.33

DialogueRNN
(GloVe)

D → D 40.13 0 64.01 0 0 52.05 65.59 62.56 30.28 62.03 54.88 31.68 50.18
M → D 67.00 0 22.91 100 0 54.45 55.96 31.03 38.89 26.23 54.07 42.90 48.30
E → D 23.83 0 61.75 60 0 63.72 73.57 62.06 43.17 61.23 50.24 40.41 40.99
D → M 59.78 0 5.34 0 0 13.80 85.57 50.51 17.45 74.87 55.46 23.50 63.96
M → M 87.25 21.57 21.53 52.16 0 26.21 85.51 72.78 34.50 78.12 82.21 42.03 84.72
E → M 88.24 13.59 18.67 57.56 0 27.92 86.73 74.04 34.08 79.22 83.41 41.81 85.74
E → E 83.46 12.71 51.38 57.67 0 32.75 86.35 70.93 40.14 74.56 78.56 46.33 80.76

DialogueRNN
(BERT)

D → D 65.24 0 58.24 0 27.69 54.51 68.35 58.45 34.80 57.97 61.95 39.15 61.90
M → D 66.63 0 4.24 43.52 2.86 41.48 53.87 17.33 24.33 9.64 50.73 30.37 40.48
E → D 49.81 0 61.01 91.67 28.14 60.92 66.70 60.95 51.41 60.56 56.58 51.18 54.74
D → M 85.48 0 8.17 0 6.71 20.48 87.46 65.74 20.47 76.91 78.71 29.76 83.11
M → M 92.11 34.83 34.49 58.59 0 26.32 87.48 79.18 40.28 80.84 88.13 47.69 88.99
E → M 90.54 47.12 18.08 71.22 15.48 33.92 88.28 76.26 45.68 81.52 86.10 52.09 88.04
E → E 86.85 41.32 47.51 71.48 25.56 39.42 87.58 72.48 52.15 75.50 81.78 57.10 83.41

COSMIC

D → D 69.34 0 59.68 0 0 64.30 72.25 60.31 32.71 59.25 65.07 37.94 64.71
M → D 71.56 33.33 2.67 100 15.38 67.04 70.80 19.98 48.21 11.03 57.16 51.54 43.79
E → D 66.59 0 61.47 100 43.71 69.74 68.19 62.09 57.18 61.67 64.47 58.53 64.33
D → M 86.68 0 8.78 0 0 20.91 88.90 67.85 19.77 78.19 80.32 29.32 84.33
M → M 94.86 50 40.97 67.12 0 41.77 89.93 84.22 48.30 84.27 91.81 54.95 91.93
E → M 92.61 58.18 24.68 70.52 0 37.92 89.10 79.84 46.73 82.74 88.81 53.29 89.88
E → E 89.80 51.98 50.69 70.93 31.62 44.42 88.42 75.89 56.34 77.09 85.26 61.12 85.94

Table F1: Performance of baseline models on emotion classification including cross-dataset experiments. For
cross-dataset experiments, the “X→Y”s in the ’Set-up’ column represents the training and evaluation set-up,
where X is the training set and Y is the test set. E stands for EmoWOZ, M stands for MultiWOZ, and D stands
for DialMAGE. M→D, for example, means to train on MultiWOZ and test on DialMAGE. Extreme values for
“Apologetic” and “Abusive” in DialMAGE (“*→D”s) are caused by their rarity in the test set (1 and 5 occurrences
respectively).

F.2. Confusion Matrix of ContextBERT

Figure F.1: Confusion matrix between Golden Labels and (the best) ContextBERT Prediction.
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F.3. Sentiment Classification (3 classes)

Model Feature Ctx.
F1 of Each Sentiment

in EmoWOZ
Average F1 w/o Neutral

EmoWOZ MultiWOZ DialMAGE
Neutral Negative Positive Macro Weighted Macro Weighted Macro Weighted

BERT BERT No 89.9 42.0 88.3 65.1 75.6 67.0 84.6 54.8 44.7
ContextBERT BERT Yes 92.7 68.0 87.5 77.8 82.2 70.2 84.7 71.2 75.3
DialogueRNN GloVe Yes 86.8 61.0 83.7 72.4 77.5 66.5 80.6 69.0 66.7
DialogueRNN BERT Yes 83.3 47.2 87.4 67.3 76.4 57.0 81.8 67.2 66.1

COSMIC BERT+COMET Yes 89.0 48.2 88.5 68.3 77.5 63.0 84.0 63.7 59.1

Table F2: Summarised performance of baseline models on sentiment classification. “Ctx.” stands for “context”.

Model Set-up F1 for each Sentiment Label Average F1 w/o Neutral Average F1 w Neutral
Neutral Negative Positive Micro Macro Weighted Micro Macro Weighted

BERT

D→D 57.61 61.32 72.48 62.45 66.90 62.61 60.54 63.80 59.91
M→D 71.70 3.80 68.47 17.78 36.13 11.27 57.39 47.99 43.93
E→D 70.01 41.73 67.84 46.16 54.78 44.74 61.68 59.86 58.39
D→M 71.97 7.77 84.71 56.23 46.24 76.94 65.82 54.82 73.35
M→M 95.43 56.68 90.05 87.00 73.37 86.69 93.11 80.72 92.99
E→M 92.90 44.99 89.08 81.99 67.04 84.63 89.66 75.66 90.60
E→E 89.93 41.96 88.27 75.74 65.11 75.60 85.57 73.39 85.56

ContextBERT

D→D 80.67 76.74 70.81 76.08 73.77 76.05 78.53 76.07 78.55
M→D 71.69 6.65 64.22 20.02 35.43 13.30 57.27 47.52 44.85
E→D 82.91 76.60 65.71 75.25 71.15 75.34 79.48 75.07 79.43
D→M 89.04 17.89 69.53 54.85 43.71 64.32 79.01 58.82 82.16
M→M 95.38 55.09 89.89 86.81 72.49 86.38 93.03 80.12 92.88
E→M 93.98 51.94 88.38 83.75 70.16 84.70 91.05 78.10 91.40
E→E 92.69 67.98 87.55 81.95 77.76 82.19 89.36 82.74 89.49

DialogueRNN
(GloVe)

D→D 58.50 69.49 67.55 69.21 68.52 69.26 64.98 65.18 63.45
M→D 68.70 20.44 52.21 29.70 36.32 24.11 55.21 47.12 48.21
E→D 42.57 66.00 71.96 66.56 68.98 66.68 58.16 60.17 53.65
D→M 77.27 10.88 84.93 62.22 47.90 77.46 71.38 57.69 77.32
M→M 91.06 50.36 84.13 80.22 67.25 80.72 87.57 75.19 88.18
E→M 90.71 48.85 84.21 79.77 66.53 80.64 87.14 74.59 87.91
E→E 86.75 61.03 83.74 76.42 72.39 77.53 82.91 77.18 83.94

DialogueRNN
(BERT)

D→D 47.53 65.27 69.53 65.74 67.40 65.76 59.05 60.78 55.91
M→D 71.10 7.04 64.41 20.25 35.72 13.67 56.77 47.52 44.70
E→D 50.18 65.81 68.63 66.10 67.22 66.14 60.04 61.54 57.52
D→M 59.37 8.08 86.36 51.21 47.22 78.46 55.78 51.27 64.68
M→M 93.75 52.28 88.13 84.27 70.20 84.52 90.94 78.05 91.18
E→M 86.61 25.98 88.11 73.03 57.04 81.84 81.92 66.90 85.29
E→E 83.30 47.16 87.36 71.40 67.26 76.36 78.72 72.61 81.19

COSMIC

D→D 63.51 68.32 70.52 68.58 69.42 68.57 66.45 67.45 65.83
M→D 71.69 5.22 67.57 18.79 36.39 12.42 57.32 48.16 44.45
E→D 69.28 57.68 69.66 59.30 63.67 59.06 64.80 65.54 64.58
D→M 80.31 12.43 86.38 62.62 49.41 78.92 73.66 59.71 79.92
M→M 95.01 57.85 89.48 86.41 73.67 86.29 92.58 80.78 92.58
E→M 91.63 36.68 89.32 79.78 63.00 84.01 87.99 72.54 89.51
E→E 88.97 48.15 88.55 75.66 68.35 77.5 84.6 75.22 85.47

Table F3: Detailed results of baseline models on sentiment classification including cross-dataset experiments. For
cross-dataset experiments, the “X→X”s in the ’Set-up’ column represents the training and evaluation set-up. E
stands for EmoWOZ, M stands for MultiWOZ, and D stands for DialMAGE. M→D, for example, means to train
on MultiWOZ and test on DialMAGE.
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F.4. Change in precision and recall on MultiWOZ after Complementing MultiWOZ with
DialMAGE in Training

Neutral Fearful Dissatisfied Apologetic Abusive Excited Satisfied

ContextBERT
Recall 95.3→ 91.5 34.7→ 28.0 31.4→ 60.4 69.7→ 61.9 16.0→ 24.0 33.5→ 34.1 90.4→ 90.0
Precision 94.9→ 95.5 37.3→ 44.8 43.7→ 20.9 71.4→ 63.5 25.0→ 13.7 35.5→ 42.6 89.5→ 89.6
F1 95.1→ 93.5 35.7→ 33.7 36.4→ 30.4 70.3→ 62.4 19.4→ 17.3 34.0→ 37.1 90.0→ 89.7

Table F4: Precision, recall and F1 score of ContextBERT for all emotions when trained on MultiWOZ and
EmoWOZ respectively, and tested on MultiWOZ. A → B represents how the value change after complementing
MultiWOZ with DialMAGE in training. A is the value when trained on MultiWOZ andB is the value when trained
on EmoWOZ. Values with statistical significance (p < 0.1) are bolded and colored where red indicates a drop and
green indicates an improvement. For recognising user emotions in task-oriented dialogues, a high precision is more
desirable for neutral, fearful, apologetic, abusive, excited, and satisfied where as a high recall is more desirable for
dissatisfied.

F.5. Emotion Distribution in Model Predictions

Test Set Model Neutral Fearful Dissatisfied Apologetic Abusive Excited Satisfied
MultiWOZ Label 72.31 0.2 1.47 0.98 0.07 1.0 23.97
DialMAGE (#token>11.8) Label 61.96 0.61 28.83 0.61 0.0 6.75 1.23

DialMAGE
(#token > 11.8)
Prediction

BERT 89.57 0.0 2.45 0.0 0.0 6.75 1.23
ContextBERT 58.13 0.0 35.47 0.0 0.0 4.93 1.48
DialogueRNN-GloVe 6.52 0.0 74.97 1.28 0.0 6.05 11.18
DialogueRNN-BERT 55.65 0.12 23.05 8.61 0.0 5.01 7.57
COSMIC 61.93 0.23 18.63 7.57 0.0 3.84 7.8

DialMAGE Label 54.12 0.24 39.3 0.08 0.95 1.35 3.96
MultiWOZ (#token<5.8) Label 60.76 0.0 1.21 0.0 0.0 0.3 37.73

MultiWOZ
(#token < 5.8)
Prediction

BERT 60.91 0.15 0.45 0.3 0.0 0.45 37.73
ContextBERT 57.43 0.0 2.97 0.0 0.0 0.66 38.94
DialogueRNN-GloVe 46.54 0.0 2.1 0.7 0.0 0.88 49.78
DialogueRNN-BERT 46.28 0.0 8.94 0.26 0.09 1.67 42.77
COSMIC 49.43 0.09 5.0 0.18 0.09 1.58 43.65

Table F5: Emotion distribution in model predictions (trained on EmoWOZ).
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Chapter 6

From Chatter to Matter: Addressing
Critical Steps of Emotion Recognition
Learning in Task-oriented Dialogue

This chapter summarises our work on developing a framework that leverages characteristics of
task-oriented dialogues (ToDs) and cross-domain resources to further enhance emotion recognition in
ToDs and gives a verbatim copy of our paper (Feng et al., 2023):

Shutong Feng et al. (Sept. 2023). “From Chatter to Matter: Addressing Critical Steps of Emotion
Recognition Learning in Task-oriented Dialogue”. In: Proceedings of the 24th Annual Meeting of the
Special Interest Group on Discourse and Dialogue. Ed. by Svetlana Stoyanchev et al. Prague, Czechia:
Association for Computational Linguistics, pp. 85–103. DOI: 10.18653/v1/2023.sigdial-1.8. URL:

https://aclanthology.org/2023.sigdial-1.8/

6.1 Summary

From our previous work (Chapter 5), we identify several challenges in emotion recognition learning
in ToDs as a result of inherent data imbalance and more nuanced emotion expressions. Unlike
open-domain chit-chat, ToDs require emotion modelling that accounts for goal-driven structure and
context. We therefore propose a framework to adapt emotion recognition models to ToDs, where
emotions are closely tied to task success and system performance.

Our framework consists of approaches from three aspects: (1) data, by proposing emotion-focused
augmentation strategies for the EmoWOZ dataset; (2) features, by incorporating dialogue state and
task progress as input features, coupled with a sentiment-optimised feature extractor; and (3) loss
design, introducing an emotion distance-weighted loss and a multi-task learning loss to improve
emotionally relevant predictions.

Our experiments show significant improvement in user emotion recognition under the task-
oriented context after applying our framework to existing models built for chit-chat. We further
explore the generalisation of the best resulting model to a related task, in particular, user satisfaction
prediction. We observe a strong zero-shot performance in this task. This work highlights the
importance of task-specific modelling in building emotion-aware dialogue systems.

6.2 Personal Contributions

The implementation, technical results, and writing are my own work. Milica Gasić supervised the
project. Nurul Lubis co-supervised the project. Co-authors assisted in writing and proofreading.

https://doi.org/10.18653/v1/2023.sigdial-1.8
https://aclanthology.org/2023.sigdial-1.8/
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Abstract

Emotion recognition in conversations (ERC)
is a crucial task for building human-like con-
versational agents. While substantial efforts
have been devoted to ERC for chit-chat dia-
logues, the task-oriented counterpart is largely
left unattended. Directly applying chit-chat
ERC models to task-oriented dialogues (ToDs)
results in suboptimal performance as these
models overlook key features such as the corre-
lation between emotions and task completion
in ToDs. In this paper, we propose a frame-
work that turns a chit-chat ERC model into a
task-oriented one, addressing three critical as-
pects: data, features and objective. First, we
devise two ways of augmenting rare emotions
to improve ERC performance. Second, we use
dialogue states as auxiliary features to incor-
porate key information from the goal of the
user. Lastly, we leverage a multi-aspect emo-
tion definition in ToDs to devise a multi-task
learning objective and a novel emotion-distance
weighted loss function. Our framework yields
significant improvements for a range of chit-
chat ERC models on EmoWOZ, a large-scale
dataset for user emotion in ToDs. We further
investigate the generalisability of the best re-
sulting model to predict user satisfaction in dif-
ferent ToD datasets. A comparison with su-
pervised baselines shows a strong zero-shot
capability, highlighting the potential usage of
our framework in wider scenarios.

1 Introduction

Emotion recognition in conversations (ERC) is a
crucial task in conversational artificial intelligence
research because it lays the foundation for affective
abilities in computers such as empathetic response
generation (Picard, 1997). Over years, it has shown
values in downstream applications such as opinion
mining (Colneric and Demšar, 2020) and human-
like dialogue modelling (Zhou et al., 2018).

Dialogue systems can be broadly categorised
into two categories: (1) chit-chat or open-domain

(a) Chit-chat dialogue from Li et al. (2017)

(b) Task-oriented dialogue from Budzianowski et al. (2018)

Figure 1: Comparison of dialogues about holiday in
chit-chat dialogues and task-oriented dialogues.

systems and (2) task-oriented dialogue (ToD) sys-
tems. Chit-chat systems are set up to mimic human
behaviours in a conversation (Jurafsky and Martin,
2009). There are no particular goals associated
with the dialogue and the system aims to keep the
user engaged with natural and coherent responses.
On the other hand, ToD systems are concerned with
fulfilling user goals, such as information retrieval
for hotel booking (Young, 2002).

Recently, the difference between chit-chat and
ToD systems have been blurred by the utilisation
of pre-trained language models as back-bone to
both types of systems. However, emotions in ToDs
and chit-chat dialogues play different roles and are
therefore expressed differently (Feng et al., 2022).
This highlights the need for dedicated emotion
modelling methods for each system.

As illustrated in Figure 1, in chit-chat dialogues,
speakers make use of emotions to facilitate com-
munication by, for example, raising empathy as
a result of emotion-eliciting situations or topics.
On the other hand, emotions in ToDs are centred
around the user’s goal, and therefore emotion cues
lie in both the user’s wording and the task perfor-
mance.
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While many large-scale corpora for emotions in
chit-chat dialogues exist (Busso et al., 2008; McK-
eown et al., 2012; Lubis et al., 2015; Li et al., 2017;
Zahiri and Choi, 2018), there are considerably
fewer resources for emotions in ToDs. EmoWOZ,
which evolved from MultiWOZ, a widely used ToD
dataset, is one notable exception (Feng et al., 2022).
It contains a novel emotion description that is de-
signed for ToDs and inspired by the Ortony-Clore-
Collins (OCC) model (Ortony et al., 1988). Emo-
tion is described in terms of three aspects: valenced
(positive or negative) reactions towards elicitors
(operator, user, or event) in a certain conduct (po-
lite or impolite). However, due to the nature of
ToDs, the occurrence of some emotions (e.g. users
expressing feelings about their situations) are very
rare, leading to a class imbalance in the corpus.

Similarly, advancements on the ERC task are
mainly focused on chit-chat dialogues, involving
an array of diverse factors from speaker person-
ality (Majumder et al., 2019) to commonsense
knowledge (Ghosal et al., 2020). Nevertheless,
since these models are designed for chit-chat dia-
logues, they overlook how emotions are triggered
and expressed with respect to goal completion in
task-oriented context. The work of Devillers et al.
(2003) is among one of the earliest and very few to
address emotion detection in ToDs but uses generic
unigram models instead of dedicated approaches.

In this work, we tackle critical steps of ERC in
ToDs from three angles: the data, the features, and
the learning objective. In particular,

Data: we address the poor ERC performance of
particularly rare emotions in ToDs via two
strategies of data augmentation (DA),

Features: we leverage dialogue state information
and sentiment-aware textual features,

Objective: we exploit the three aspects of emo-
tions, namely valence, elicitor, and conduct, in
two ways: as a multi-task learning (MTL) ob-
jective and to define a novel emotion-distance-
weighted loss (EmoDistLoss).

To the best of our knowledge, our work is the
first to provide dedicated methods for emotion
recognition in ToDs. Our experiments and anal-
yses show that our framework leads to significant
improvements for a range of chit-chat ERC models
when evaluated on EmoWOZ.

We further investigate the generalisability of the
best resulting model to predict user satisfaction in

various ToD datasets under zero-shot transfer. Our
model achieves comparable results as supervised
baselines, demonstrating strong zero-shot capabil-
ity and potential to be applied in wider scenarios.

2 Related Work

2.1 ERC Datasets

Early work on ERC relied on small scale datasets
(Busso et al., 2008; McKeown et al., 2012; Lu-
bis et al., 2015). More recently, a few large-scale
datasets have been made available to the research
community. They contain dialogues from emotion-
rich and spontaneous scenarios such as daily com-
munications (Li et al., 2017) and situation comedies
(Zahiri and Choi, 2018).

For ToDs, the majority of available datasets ad-
dress only one particular aspect of emotions such
as sentiment polarity (Saha et al., 2020; Shi and
Yu, 2018), user satisfaction (Schmitt et al., 2012;
Sun et al., 2021), and politeness (Hu et al., 2022;
Mishra et al., 2023). For more fine-grained emo-
tions, Singh et al. (2022) constructed EmoInHindi
for emotion category and intensity recognition in
mental health and legal counselling dialogues in
Hindi, and Feng et al. (2022) released EmoWOZ,
which concerns user emotions in human-human
and human-machine in information-seeking dia-
logues. Among these datasets, EmoWOZ has the
largest scale, accompanied with a label set tailored
to the task-oriented scenario.

2.2 Data Augmentation (DA)

DA is an effective approach to improve model per-
formance by improving data diversity without ex-
plicitly collecting more data. While textual DA
can be performed in the feature space via inter-
polation and sampling (Kumar et al., 2019), it is
commonly performed in the data space for control-
lability. Rule-based methods involve operations
such as insertion and substitution (Wei and Zou,
2019). While they are easy to implement, the di-
versity in augmented samples depends on the com-
plexity of the rules. On the contrary, model-based
methods are more scalable. These typically include
the use of language models (Jiao et al., 2020), trans-
lation models (Xie et al., 2020a), and paraphrasing
methods (Hou et al., 2018).

Additional training samples can also be obtained
from unlabelled data via weak supervision (Rat-
ner et al., 2017). To generate the automatic la-
bels, a single model or an ensemble of models may
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be used. This method can be interpreted as self-
augmentation (Xu et al., 2022), self-training (Xie
et al., 2020b), or distillation (Radosavovic et al.,
2017).

DA has also been also deployed in ToD mod-
elling. Hou et al. (2018) generated samples by
paraphrasing delexicalised utterances. Gritta et al.
(2021) conceptualised ToDs into transitional graphs
and generate new dialogue paths by sampling.
Heck et al. (2022) proposed a weak supervision
framework to address the lack of fine-grained span
labels for dialogue state tracking. DA for emotions
in ToDs requires careful considerations to avoid
emotion mismatch and is not yet explored.

2.3 ERC Models and Features

Text-based ERC is in essence a text classification
problem with an emphasis on contextual modelling.
Poria et al. (2017) proposed a recurrent neural net-
work (RNN) for multimodal ERC. The follow-up
work of Majumder et al. (2019) considered speaker-
specific context. ERC performance has been con-
tinuously improved by techniques such as incorpo-
rating external knowledge (Ghosal et al., 2020) and
contrastive learning (Song et al., 2022).

Sentiment-aware Embeddings Word-vector em-
beddings tailored for a particular natural language
processing task can effectively improve the perfor-
mance for that task (Naseem et al., 2021). In a
similar vein, Tang et al. (2014) incorporated senti-
ment classification objectives in the training of the
word embedding model of Collobert and Weston
(2008) specifically for sentiment analysis. Yu et al.
(2017) refined static word embeddings with the
aid of a sentiment lexicon. Later, many sentiment-
aware variants of pre-trained language models were
obtained by incorporating sentiment-related objec-
tives in training (Xu et al., 2019; Yin et al., 2020;
Zhou et al., 2020). They successively achieved
state-of-the-art performance in sentiment analysis
tasks among language representation models.

2.4 Learning Objectives for ERC Models

ERC is often considered a single-label sequen-
tial classification problem. Using softmax cross-
entropy loss has been the norm in the training of
deep learning ERC models for categorical emotions
(Poria et al., 2017; Zhong et al., 2019; Ghosal et al.,
2020; Kim and Vossen, 2021) or quantised emo-
tion dimensions (Cerisara et al., 2018; Wang et al.,
2020). However, this simplistic cross-entropy loss

ignores the inter-class relations and output proba-
bilities on incorrect classes.

Chen et al. (2019) proposed to suppress the out-
put probabilities of incorrect classes equally while
minimising the standard cross-entropy loss. Hou
et al. (2016) proposed squared earth mover’s dis-
tance to penalise the misclassifications according to
a ground distance matrix that quantifies the dissim-
ilarities between classes for image age estimation
and aesthetics estimation.

Although highly suitable for emotions, learn-
ing from misclassifications is rarely considered be-
cause the distance between emotion classes is hard
to quantify. Therefore, we propose to leverage the
structured label definition of EmoWOZ to model
inter-class similarity.

Multi-task Learning (MTL) is a technique for
learning tasks in parallel using a shared represen-
tation. It aims to improve generalisation by using
the information in training signals of related tasks
as an inductive bias (Caruana, 1997). In emotion
recognition, auxiliary tasks include topic classifi-
cation (Wang et al., 2020) and personality traits
(Li et al., 2021). When co-labels are not available,
it is also possible to leverage aspects of emotion
for additional labels such as valence-arousal (Kim
et al., 2017). In this work, we exploit the valence-
elicitor-conduct labels in EmoWOZ for MTL.

3 Background

3.1 User Emotion Recognition

We formulate the task as recognising one emotion
class et from a set of n discrete emotions E =
{e1, e2, ..., en} in the user turn ut, given a dialogue
history Ht = [ut, st−1, ut−1, ..., s1, u1], where s
denotes system turns and u denotes user turns. Un-
like existing chit-chat ERC models, which are often
built for static analysis on the dialogue as a whole,
real-time ERC in ToDs does not consider future
utterances in dialogue.

3.2 User Satisfaction Prediction

User satisfaction prediction aims to predict one
satisfaction level ct from a set of m discrete lev-
els C = {c1, c2, ..., cm} in the user turn ut, given
all previous turns Pt = [st−1, Ht−1]. This task
differs from ERC in that the user turn ut is not
available as a part of model input. Since user satis-
faction is highly correlated with the valence aspect
in user emotion, this task can also be viewed as
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user emotion prediction. This is an important task
in building ToD systems and has been used for user
simulation and system evaluation (Sun et al., 2021).

4 Emotion Recogniser for Task-oriented
Dialogues (ERToD)

In this section, we propose our ERToD frame-
work that adapt chit-chat ERC models to the task-
oriented domain, as illustrated in Figure 2.

Figure 2: Our proposed ERToD Framework.

4.1 Data Augmentation
Unlike emotions in chit-chat dialogues, resources
for emotions in ToDs are very limited. In addition,
the data scarcity not only lies in the lack of linguis-
tic diversity but also in the limited domains and
actions in which emotions are expressed.

In ToDs, user’s emotional expressions have dif-
ferent degrees of connection to the dialogue task.
For example, a user can express dissatisfaction to-
wards the system by pointing out the system’s mis-
take. In such a case, simply replacing or para-
phrasing the user’s utterance based on emotion can
potentially break the consistency of the task flow in
the context. Such emotions are context-dependent.

On the other hand, context-independent emotions
are expressed without any connection to the user
goal, such is the case with abusive utterances. Due
to the lack of connection, a simple replacement
with a different abusive sentence can fit into the
context well without impairing the consistency of
task flow in the dialogue.

To obtain augmented samples with meaningful
and coherent context, we adopt two different strate-
gies of DA according to the degree of context de-
pendency of emotional expressions.

Context-independent Emotions To augment
samples for a target emotion e, we select a
user utterance u′ with the equivalent label from
other dialogue datasets. We then use it to re-
place the user utterance ut having label e in the

training data while keeping the original context
[st−1, ut−1, ..., s1, u1]. The new sample is obtained
as H ′

t = [u′, st−1, ut−1, ..., s1, u1].

Context-dependent Emotions We first sample
a pool of unlabelled candidate dialogues H ′

t =
[u′t, s

′
t−1, u

′
t−1, ..., s

′
1, u

′
1] from other ToD datasets.

We train a classifier with an uncertainty estimator
to identify the emotion label et of the user utterance
ut and its confidence in each candidate:

p(et), conf(et) = UncertaintyClassifier(H ′
t) (1)

The candidate is selected for emotion et only if
conft(e) is above a confidence threshold θ.

4.2 Task Information Encoder

We use a dialogue state tracker (DST) to deter-
mine the status of goal completion at each turn.
In ToDs, the dialogue state describes the system’s
understanding of the the user’s goal up to that point
in the dialogue (Young et al., 2010). It encodes
dialogue progress in an abstractive manner.

Here as a proof of concept, we use an ontology-
dependent DST, which means the concepts that the
system can talk about are pre-determined. While
we can eliminate the ontology dependency by, for
example, using an ontology-independent DST and
extracting task features from dialogue state descrip-
tion in natural language, this goes beyond the scope
of this work. The DST takes the dialogue history
to determine SemDSt, the current dialogue state
in semantic form. It is stored as a dictionary that
records slots and filled values. SemDSt is then con-
verted into a vector of 0/1’s, indicating whether a
particular slot has been filled.

Vt = Vectoriser(SemDSt) (2)

To account for the change of dialogue state, which
depicts how the system performs locally, we con-
catenate dialogue states of three consecutive turns
to obtain a contextual dialogue state vector.

Ṽt = Vt ⊕ Vt−1 ⊕ Vt−2 (3)

Vt≤0 are zero vectors, representing the state before
the dialogue starts. Ṽt is then fed into a trainable
fully connected (FC) layer.

St = FC(Ṽt) (4)

Feature Fusion for Emotion Classification For
a chit-chat ERC model with an arbitrary utterance
encoder, Rt = Encoder(Ht), i.e. Rt is the encoded
representation of the dialogue history Ht. The ut-
terance encoder is replaced with a sentiment-aware



89

encoder in our framework (see Figure 2).
The utterance and the task information encod-

ings are fused via concatenation and fed into the
emotion classifier. The output probability of all
emotion classes in utterance ut is given by:

pt = Softmax(Classifier(Rt ⊕ St)) (5)

4.3 Learning Objectives
4.3.1 Emotion-Distance Weighted Loss
Emotion classification is a very challenging task
due to the subjectivity in the perception of emo-
tion. Since some emotions are more similar to each
other than others, it may be advantageous to dis-
tinguish marginally wrong recognitions (satisfied
vs excited) from extremely wrong ones (satisfied
vs dissatisfied). Furthermore, different misclassi-
fications can elicit different user reactions to the
dialogue agent. For example, perceiving satisfac-
tion when the user is neutral may or may not annoy
the user, but accusing the user of abusive behavior
by mistake is a serious offense to the user. There-
fore, it is intuitive to penalise misclassifications
according to (1) the distance from the label and (2)
output probabilities on incorrect labels.

Defining the Emotion Distance Since emotion
labels in EmoWOZ are defined in three aspects, we
can define the distance between emotion labels in
terms of their distance on each aspect. A matrix D
is defined where each element D(i, j) is a vector
containing the distance between emotion label i
and j in each of three aspects (valence, elicitor,
and conduct). The matrix D is symmetric with
vector-valued entries.

D(i, j) = [dval(i, j), deli(i, j), dcon(i, j)] (6)

The final distance is obtained by the sum of the
distance in each aspect, followed by an addition
of 1 and smoothing with the log operator. The
addition of 1 ensures that the log distance is still 0
for identical labels.

D̃(i, j) = log (sum(D(i, j)) + 1) (7)

Considering Misclassification Probabilities
For each sample including the dialogue history Ht,
we look at the softmax output from the model.

pt = Classifier(Ht) (8)

We aim to minimise the probability of each mis-
classification pt(e = ei) where ei ̸= labelt. This is
done by maximising 1−pt(e = ei), the probability
of the utterance not being wrongly recognised as
ei. We then calculate the log of this probability so

that in the case of a perfectly correct recognition,
the penalty from misclassification will be 0.

f(pt) = log (1− pt) (9)

Obtaining Weights for Misclassifications We
obtain the relevant row in matrix D that contains
the distance between each emotion and the ground-
truth label j of utterance ut, followed by a nor-
malisation to obtain a vector wt,j of normalised
emotion-distance weights for all emotions.

ot,j = onehot(labelt = j) (10)

D̃(:, j) = D̃ × ot,j (11)

wt,j = D̃(:, j)/sum(D̃(:, j)) (12)

EmoDistLoss The final loss, which we name
EmoDistLoss, is calculated from the negative
weighted sum of log terms from Equation 9. Since
the distance, hence the weight, between identical
labels is 0, this calculation does not involve the
output probability of the correct label.

EmoDistLosst = −wt,j · f(pt) (13)

4.3.2 MTL via Emotional Aspects
In addition to the emotion classification head, we
have a classification head for each emotion aspect
from the label definition, namely the valence, the
elicitor, and the conduct.

The overall classification loss L is a weighted
sum of the loss from softmax outputs of four classi-
fication heads Lemo, Lval, Leli, Lcon with a hyper-
parameter α.

L = αLemo+
1

3
(1−α)(Lval+Leli+Lcon) (14)

5 User Emotion Recognition in ToDs with
ERToD

5.1 Experimental Set-up
5.1.1 Dataset
We train and test our models on EmoWOZ. It con-
tains user emotion annotations for all dialogues
from MultiWOZ (Budzianowski et al., 2018) and
additional 1000 human-machine dialogues. It con-
tains 7 emotion groups (see Table 1 and Appendix
A for details). Four emotion classes are consider-
ably rare: fearful, apologetic, abusive, and excited.
DA examples can be found in Appendix B. Our
primary aim of DA is to address the poor ERC
performance on rare emotions rather than build-
ing a balanced dataset. While the later aim can be
achieved with the aid of large language models for
example, this is out of the scope of our work.
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Class Name Valence Elicitor Conduct Count (%)
Neutral Neutral Don’t Care Polite 58,656 (70.1%)
Satisfied Positive Operator Polite 17,532 (21.0%)
Dissatisfied Negative Operator Polite 5,117 (6.1%)
Excited Positive Event/Fact Polite 971 (1.2%)
Apologetic Negative User Polite 840 (1.0%)
Fearful Negative Event/Fact Polite 396 (0.5%)
Abusive Negative Operator Impolite 105 (0.2%)

Table 1: EmoWOZ Emotion definition and distribution.

Augmenting Abusive Utterances The user
sometimes becomes abusive towards the system.
While this correlates with failure to satisfy the user
goal, exact abusive expressions uttered by the user
are usually independent of the context. Therefore,
we apply our DA method for context-independent
emotions for Abusive. We utilise ConvAbuse, a
dataset for nuanced abusive behaviours in chit-chat
conversations (Cercas Curry et al., 2021), for more
diverse abusive expressions. In ConvAbuse, user ut-
terances are labelled with type, target, strength, and
directiveness. We filter for abuses on the system’s
intellectuality (labelled as type=intellectual
and target=system) to better suit ToD context.
We combine each selected utterance with the con-
text of a random abusive utterance in EmoWOZ,
resulting in 273 augmented samples.

Augmenting Fearful, Apologetic, and Excited
Utterances Expressions of these emotions usu-
ally contain task information. Fearful and Excited
usually co-occur with a description of the situation
that prompts the user to interact with the system.
Apologetic is frequently associated with a correc-
tion of search criteria. There is a strong connection
between these emotion expressions and the pro-
gression of the task in the dialogue history. There-
fore, we apply our DA method for these context-
dependent emotions. We look for samples with
desired emotions from other ToD datasets using
automatic labels. We train a ContextBERT on
EmoWOZ (see Section 5.1.2) with a 30% dropout
on the BERT output. We train the model with 10
different seeds and run inferences on the training
set of existing ToD datasets: Schema-Guided Di-
alogue (SGD, Rastogi et al. 2019), Taskmaster-1
(TM-1), and Taskmaster-2 (TM-2) (Byrne et al.,
2019). In addition, we filter for common do-
mains of EmoWOZ: Hotels, RideSharing, Travel,
Restaurants in SGD, RestaurantTable, PizzaOrder-
ing, CoffeeOrdering, UberLyft in TM-1, and Ho-
telSearch, Restaurants, FoodOrdering in TM-2.
The classification confidence is measured by votes
from 10 models. We use a confidence threshold

of 0.7 and cap the number of augmented samples
at 1000 for each emotion, resulting in 268 fearful,
872 apologetic, and 1000 excited samples.

5.1.2 Baselines
We implement ERToD to a range of ERC models
that have been used to benchmark EmoWOZ, as
listed in Table 2. ContextBERT (Feng et al., 2022)
and EmoBERTa (Kim and Vossen, 2021) are simple
yet robust transformer-based ERC models, and they
have similar spirits except that they respectively
use BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) as utterance encoder. They are both
built on top of BERT by additionally considering
dialogue context and speaker roles in the input. Di-
alogueRNN (Majumder et al., 2019) and COSMIC
(Ghosal et al., 2020) are RNN-based models. Fol-
lowing (Feng et al., 2022), we use DialogueRNN
with either {GloVe(Pennington et al., 2014)+Con-
volutional Neural Network} or BERT as the ut-
terance encoder. COSMIC additionally extracts
features with a pre-trained commonsense model
(Bosselut et al., 2019)1. It is important to note
that after replacing the original utterance encoder
with the sentiment-aware encoder (as described
in Section 5.1.3), two variants of DialogueRNN
essentially become the same model, and so do
EmoBERTa and ContextBERT.

5.1.3 Training
In our task information encoder, we use Set-
SUMBT DST (van Niekerk et al., 2021) from
ConvLab-3 toolkit (Zhu et al., 2022). SetSUMBT
is a strong DST considering uncertainty with a
joint goal accuracy of 52.26% on MultiWOZ 2.1
(Eric et al., 2020). The FC layer in Equation 4 has
input/output dimensions of 1083 and 256 respec-
tively and hyperbolic tangent activation (TanH, Le-
Cun et al. 2015). We further replace the utterance
encoders of chit-chat ERC models with SentiX, a
sentiment-adapted BERT (Zhou et al., 2020).

We use our proposed EmoDistLoss for the emo-
tion classification head and cross-entropy loss
for MTL heads (valence, elicitor, and conduct).
Since the elicitor of Neutral emotion is not distin-
guishable and therefore not explicitly defined in
EmoWOZ, we mark the elicitor of Neutral samples

1COSMIC requires future utterances in recognising the cur-
rent emotion whereas other models can be configured as either
bidirectional or unidirectional. While we use unidirectional
set-ups where possible to comply with our task formulation in
Section 3.1, we are also interested in how ERToD improves
COSMIC for static dialogue analysis in ToDs.
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as don’t care, and their loss in from elicitor classi-
fication is ignored. α in Equation 14 is set to 0.4
based on several rounds of hyperparameter tuning.

To calculate the EmoDistLoss, we use 1 as the
unit distance and define the distance for each emo-
tional aspect as illustrated in Appendix C. For va-
lence, it is commonly adopted to consider negative
and positive as two polarities and neutral in the mid-
dle (Socher et al., 2013). Therefore, the distance
is 2 between positive and negative, and 1 between
non-neutral and neutral. For emotion elicitors, we
set the distance between don’t care to any specific
elicitor as 0.5 to penalise a “lazy” classifier that
wrongly recognises the emotion as neutral. Doing
so also results in a consistent shortest distance of 1
between any pair of specific elicitors.

We follow the default training set-up of each
model except for ContextBERT. We reduce the
context size of ContextBERT from 512 to 128, re-
sulting in stronger performance and faster training.

5.1.4 Evaluation

We report F1 for each emotion. For overall perfor-
mance, we report both macro F1 and weighted F1.
Macro F1 considers each emotion equally and re-
flects the model’s ability to recognise rare emotions.
Weighted F1 is the weighted sum of F1 scores of
each label. Weights are determined by the propor-
tion of each emotion in the dataset. We exclude
Neutral from calculating the averages as it makes
up more than 70% of labels.

In addition, we also calculate the average
emotion distance (AED) between the recognised
emotion and the label to quantify how wrong
the model is when it misclassifies. The AED
of an emotion e is calculated from the aver-
age of D̃(label=e, recognised_emotion) of sam-
ples whose label is e (see Equation 7). Lower AED
means less severe consequences from mistakes, and
is therefore more desirable. All experiments are
repeated with 10 different seeds.

5.2 ERC Results

Table 2 shows the change in the emotion recog-
nition performance of the selected chit-chat ERC
models after incorporating our ERToD framework.
ERToD achieves significant improvement in aver-
age F1 scores of all models (see Appendix D for
examples of model outputs, Appendix E for F1 of
individual emotions).

Base Model + ERToD Difference
MF1 WF1 MF1 WF1 MF1 WF1

BERT 50.1 73.5 61.4 77.3 +11.3 +3.8
DialogueRNN+GloVe 40.1 74.6 56.5 78.5 +16.4 +3.9
DialogueRNN+BERT 52.1 75.5 56.5 78.5 +4.4 +3.0
COSMIC 56.3 77.1 57.4 79.6 +1.1 +2.5
EmoBERTa 57.9 83.0 65.9 83.9 +9.0 +0.9
ContextBERT 59.1 81.9 65.9 83.9 +6.8 +2.0

Table 2: Macro- and weighted-average F1 (MF1, WF1)
of ERC models before and after incorporating ERToD.
Best average F1s are marked in bold. All differences
are significant with p < 0.05.

Model Neu. Sat. Dis. Exc. Apo. Fea. Abu.

F1
Sc

or
e

(↑
) ContextBERT 93.5 89.1 69.7 45.6 69.6 33.3 47.0

+ DA †94.2 †90.5 †71.0 45.3 †72.1 ‡38.3 †67.4
+ DS †94.2 †90.5 †71.3 45.7 †72.7 35.3 †69.4
+ SentiX †94.2 †90.6 †72.2 ‡47.1 †73.2 †39.0 †66.1
+ MTL †94.2 †90.4 †72.3 ‡47.2 †73.4 †41.0 †67.9

+ ERToD †94.1 †90.6 †72.3 †47.6 †72.0 †42.4 †69.8

A
E

D
Sc

or
e

(↓
) ContextBERT 0.058 0.094 0.304 0.497 0.269 0.605 0.554

+ DA †0.049 †0.080 0.312 0.493 ‡0.292 0.593 †0.339
+ DS †0.053 †0.075 0.296 0.481 0.277 0.582 †0.300
+ SentiX †0.052 †0.077 ‡0.286 †0.454 0.287 0.596 †0.283
+ MTL †0.054 †0.075 ‡0.284 ‡0.456 0.277 0.585 †0.258

+ ERToD 0.056 †0.070 0.296 †0.435 0.244 0.571 †0.277

Table 3: F1 (↑) and AED (↓) scores of Neutral, Satisfied,
Dissatisfied, Excited, Apologetic, Fearful, and Abusive.
† indicates statistically significant difference with p <
0.05 and ‡ indicates p < 0.1 when comparing with
ContextBERT. Best scores are marked in bold.

5.3 Ablation Study on ERToD
We perform an ablation study on the best result-
ing model, ContextBERT-ERToD (Table 3). We
add each technique in the order of data-related,
feature-related, and loss-related approaches. Aver-
aged scores can be found in Appendix F.

Impact of DA DA helps improve almost all F1
scores even with a relatively small number of addi-
tional samples. There is a small and insignificant
drop in the F1 of Excited, which is also frequently
confused among human annotators. Further work
to resolve the ambiguities would be beneficial.

Impact of Dialogue State (+DS) Adding dia-
logue state features further improves most other
non-neutral emotions. Although it does not bring
advantages for the F1 of Fearful, the AED of it
continues to improve, showing that the system is
making less severe mistakes.

Impact of SentiX Initialising BERT with Sen-
tiX parameters further improves the recognition
of all other non-neutral emotions except for Abu-
sive. This suggests that the sentiment information
encoded in SentiX is useful for resolving ambi-
guity. We suspect that, while SentiX is good at
distinguishing the valence of emotion, its effect is
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limited for user conduct, the hallmark of Abusive.

Impact of MTL MTL improves F1 for all non-
neutral emotions except for Satisfied. It also
achieves the best AED for Abusive. This suggests
that MTL heads, especially the conduct classifica-
tion head, help identify emotions in the simpler
valence-elicitor-conduct space. There is a slight
drop in the F1 score of Satisfied, but it is compen-
sated by the improvement in its AED.

Impact of EmoDistLoss (+ERToD) The final
version of the model achieves the best F1 score
in {Satisfied, Dissatisfied, Excited, Fearful, Abu-
sive} and the best AED score in {Satisfied, Ex-
cited, Apologetic, Fearful}, leading to best aver-
aged scores (Table F8). This shows penalising
misclassifications according to emotion distance,
which is only possible thanks to the emotion model,
further helps recognise ambiguous emotions.

For the degradation of both scores in Neutral, we
hypothesise that the model recognises non-neutral
emotions more boldly than annotators, who are
more cautious about subtle emotional cues.

6 Zero-shot User Satisfaction Prediction

6.1 Experimental Set-up

6.1.1 Dataset
We evaluate our model with User Satisfaction Sim-
ulation (USS) dataset where user utterances are an-
notated with 5-level satisfaction ratings (Sun et al.,
2021). Dialogues in USS come from 5 different
ToD datasets:

Jing Dong Dialogue Corpus (JDDC, Chen et al.,
2020) is a multi-turn Chinese dialogue dataset for
E-commerce customer service. USS contains 54.5k
user satisfaction annotations for 3300 dialouges
sampled from JDDC. Since JDDC is in Chinese,
we translated it into English with Google Translate
API first.

Schema-guided Dialogues (SGD, Rastogi et al.,
2020) is a multi-domain, task-oriented conversa-
tions between a human and a virtual assistant.
These conversations involve interactions with ser-
vices and APIs spanning 20 domains, such as banks,
events, media, calendar, travel, and weather. USS
contains 13.8k user satisfaction annotations for
1000 dialogues sampled from SGD. Although we
use SGD for DA, our DA samples do not overlap
with SGD dialogues in USS.

Recommendation Dialogue (ReDial, Li et al.,
2018) is an annotated dataset of dialogues, where
users recommend movies to each other. USS con-
tains 11.8k user satisfaction annotations for 1000
dialogues sampled from ReDial.

Coached Conversational Preference Elicitation
(CCPE, Radlinski et al., 2019) is a dialogue dataset
where the “ assistant” is tasked with eliciting the
“user” preferences about movies collected in the
Wizard-of-Oz framework. USS contains 6.8k user
satisfaction annotations for 500 dialogues sampled
from CCPE.

MultiWOZ (Budzianowski et al., 2018) is a
multi-domain task-oriented dialogue dataset col-
lected in the Wizard-of-Oz framework spanning 7
domains such as restaurant, hotel, and attraction.
USS contains 12.5k user satisfaction annotations
for 1000 dialogues sampled from MultiWOZ. Since
we trained our ERC model on EmoWOZ, which
was based on MultiWOZ, we excluded it in our
evaluation.

6.1.2 Baselines
We compare our zero-shot results with supervised
models of Sun et al. (2021) and Kim and Lipani
(2022). HiGRU (Yang et al., 2016) and BERT (De-
vlin et al., 2019) were the best two models trained
by Sun et al. (2021) to benchmark USS dataset
when it was first released. SatAct and SatActUtt
are T5-based models (Raffel et al., 2020). SatAct is
trained to predict user satisfaction and user action
in a MTL set-up, whereas SatActUtt additionally
incorporates user utterance generation. For satisfac-
tion prediction, these models were set up to predict
a 5-level rating during training.

These baseline models were trained on each one
of the five ToD subsets in USS with a 10-fold
cross-validation. Although non-3 ratings were up-
sampled by 10 times in their training, the training
data size is still smaller than that of ContextBERT-
ERToD (68.9k emotion annotations, EmoWOZ and
DA samples altogether).

6.1.3 Zero-shot Inference
We experimented with ContextBERT-ERToD, the
best resulting model from ERC training. After
training the model for ERC, we fixed its parame-
ters and ran inference with USS dataset for zero-
shot user satisfaction prediction. To adapt to user
satisfaction prediction set-up, we excluded infor-
mation about the user turn at t from the model
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input as well as the dialogue state. Specifically, for
utterance encoding, we excluded ut from the dia-
logue history to have Ht = [st−1, ut−1, ..., s1, u1].
For task information encoding, we shifted the
context window in Equation 3 by one and have
Ṽt = Vt−1 ⊕ Vt−2 ⊕ Vt−3 as the new contextual
dialogue state vector.

6.1.4 Evaluation
In the works of baseline models, satisfaction rat-
ings {1,2} were considered the negative class and
{3,4,5} as the positive. To map the emotion pre-
diction from our ERC model to binary satisfaction
ratings, it is intuitive to leverage the valence as-
pect of emotions. Emotion classes with a negative
valence were considered Not Satisfied and those
with a positive valence as Satisfied. The emotion
Apologetic is an exception among emotions with
a negative valence. Since its elicitor is the user
him/herself, it should not be considered as a sign of
user dissatisfaction. Regarding the emotion class
Neutral, we mapped it to Satisfied because the origi-
nal evaluation set-up of baseline models considered
the medium satisfaction rating, 3, as the positive
class.

Overall, we considered {Neutral, Apologetic, Ex-
cited, Satisfied} as the positive class and {Fearful,
Dissatisfied, Abusive} as negative.

6.2 Results

JDDC SGD ReDial CCPE

HiGRU (Sun et al., 2021) 17.1 8.6 8.3 27.4
BERT (Sun et al., 2021) 18.5 4.8 12.5 24.5
SatAct (Kim and Lipani, 2022) - 71.3 - 16.5
SatActUtt (Kim and Lipani, 2022) - 84.7 - 73.4
ContextBERT-ERToD (0-shot) 50.8 78.8 78.1 77.6

Table 4: Binary F1 scores on different USS subsets.
Best scores are marked in bold.

Following existing work, we first report binary
F1 for direct comparison. In Table 4, ContextBERT-
ERToD performs comparably with SatActUtt and
significantly outperforms other models. This shows
that our ERToD framework in combination with
the ERC model generalises well to user satisfaction
prediction.

7 Conclusion

In this work, we propose ERToD, a framework to
address three critical steps in learning and effec-
tively adapt chit-chat ERC models to recognise
emotions in ToDs. We propose two strategies of

DA for different emotions to improve ERC per-
formance in ToDs on rare emotions. We further
leverage dialogue state and sentiment-aware em-
beddings for a richer feature representation. In
addition, we apply MTL and devise a novel loss
function, EmoDistLoss, which take the similarities
between emotions into account. Our framework
significantly improves existing chit-chat ERC mod-
els’ performance in recognising user emotions in
ToDs. By further applying our best resulting model
to perform the task of user satisfaction prediction,
we show that our method generalises well on other
similar valence-related classification tasks in ToDs.

As more sophisticated and powerful dialogue
systems such as ChatGPT arise, there is an urge to
recognise, understand and handle the emotion of
the user, especially in the age where online abuse
is omnipresent. The long-term aim of this work
is to obtain valuable insight for downstream ToD
modelling tasks. This allows further investigation
of emotion regulation strategies on the system side
to improve task performance and user satisfaction,
and to prevent undesirable user behaviours.
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A Emotion Definitions in EmoWOZ

Elicitor Valence Conduct OCC Emotion Tokens EmoWOZ Emotion Implication of User
Polite Satisfied, liking, appreciative Satisfied with the operator because the goal is fulfilled.

Positive
Impolite

Admiration, gratitude, love
Not applicable to EmoWOZ

Polite Dissatisfied, disliking Dissatisfied with the operator’s suggestion or mistake.
Operator

Negative
Impolite

Reproach, anger, hate
Abusive Insulting the operator when the goal is not fulfilled.

Polite
Positive

Impolite
Pride, gratification Not applicable to EmoWOZ

Polite Apologetic Apologising for causing confusion to the operator.
User

Negative
Impolite

Shame, remorse, hate
Not modelled in EmoWOZ Insulting the operator for no reason.

Polite Excited, happy, anticipating Looking forward to a good event (e.g. birthday party).
Positive

Impolite
Happy-for, gloating, love,
satisfaction, relief, joy Not applicable to EmoWOZ

Polite Fearful, sad, disappointed Encountered a bad event (e.g. robbery and option not available).
Events,

facts
Negative

Impolite
Distress, resentment, hate, fears-
confirmed, pity, disappointment Not applicable to EmoWOZ

Polite Neutral Describing situations and needs.
- Neutral

Impolite
-

Not modelled in EmoWOZ No emotion but rude (e.g. using imperative sentences).

Table A1: EmoWOZ labels and similar emotions tokens from the OCC emotion model. For simplicity, emotion
words in blue are used to represent each emotion category.

B Examples of Augmented Samples

B.1 Augmentation with Automatic Label

Figure B.1: DA sample for emotion Excited.

Figure B.2: DA sample for emotion Apologetic.
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Figure B.3: DA sample for emotion Fearful. Please note that although this class is called “fearful” for simplicity,
user’s negative emotion due to any undesirable events that is out of the control of the operator also belongs to this
category in EmoWOZ according to Table A1.

B.2 Augmentation with Existing Dataset and Utterance Replacement

Figure B.4: DA sample for emotion Abusive. Candidate DA samples from ConvAbuse can be used to replace the
abusive user utterance in EmoWOZ without causing any context inconsistency.

C Emotional Aspect Distance Definition

Figure C.1: Distance definition for Equation 6.
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D Examples of Model Recognitions

Figure D.1: Model Recognitions on dialogue DMAGE3777 in EmoWOZ.

Figure D.2: Model Recognitions on dialogue PMUL2437 in EmoWOZ

E Detailed ERC Performance on Each Emotion

Model Neutral Satisfied Dissatisfied Excited Apologetic Fearful Abusive

BERT 89.8 88.8 35.1 42.9 70.4 36.2 27.5
DialogueRNN+GloVe 83.5 86.4 51.4 32.7 57.7 12.7 0.0
DialogueRNN+BERT 86.9 87.6 47.5 39.4 71.5 41.3 25.6
COSMIC 89.8 88.4 50.7 44.4 70.9 52.0 31.6
EmoBERTa 94.0 90.3 71.0 44.9 70.6 31.3 39.3
ContextBERT 93.5 89.1 69.7 45.6 69.6 33.3 47.0

Table E2: F1 scores of selected chit-chat ERC models BEFORE incorporating ERToD framework. The best score
for each emotion is marked in bold.
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Neu. Sat. Dis. Exc. Apo. Fea. Abu. M-Avg W-Avg
P R P R P R P R P R P R P R P R P R

BERT 90.3 89.3 88.4 89.2 38.9 38.6 47.7 39.1 69.7 71.5 47.7 30.0 42.1 22.4 55.7 48.5 74.5 74.5
DialRNN-GloVe 97.6 73.0 78.5 95.9 36.5 87.6 22.2 65.7 44.7 82.5 11.2 18.9 0 0 32.2 58.4 65.0 91.4
DialRNN-BERT 94.0 80.7 84.7 90.7 34.8 75.3 36.5 42.9 68.3 75.0 46.7 37.5 28.6 23.5 49.9 57.5 70.4 84.2
COSMIC 93.1 86.8 86.2 90.7 42.3 64.4 43.7 45.3 71.9 70.1 65.0 43.3 77.3 20.0 64.4 55.6 74.0 81.7
EmoBERTa 94.2 94.0 88.7 92.2 74.6 69.5 45.6 42.6 73.0 70.3 37.9 27.2 54.0 24.7 62.3 54.4 82.9 83.8
ContextBERT 93.4 93.7 88.5 89.8 72.6 67.2 46.4 45.4 68.3 71.6 37.9 30.0 64.5 37.6 63.0 57.0 82.3 81.8

Table E3: Precision and Recall scores of selected chit-chat ERC models BEFORE incorporating ERToD framework.
We report scores of each emotion: Neutral, Satisfied, Dissatisfied, Excited, Apologetic, Fearful, Abusive, as well
as Macro- and Weighted Averaged scores. The best score for each emotion is marked in bold. Neutral is excluded
when calculating the averaged scores. For better presentation, DialogueRNN is shortened to DialRNN.

Model Neutral Satisfied Dissatisfied Excited Apologetic Fearful Abusive

BERT 92.4 90.4 43.7 49.7 75.4 39.5 69.7
DialogueRNN+GloVe 92.6 90.1 51.4 43.9 77.6 42.4 33.8
DialogueRNN+BERT 92.6 90.1 51.4 43.9 77.6 42.4 33.8
COSMIC 91.1 89.5 58.1 45.6 73.3 36.3 41.6
EmoBERTa 94.0 90.5 72.3 47.9 71.9 43.4 69.7
ContextBERT 94.0 90.5 72.3 47.9 71.9 43.4 69.7

Table E4: F1 scores of selected chit-chat ERC models AFTER incorporating ERToD framework. The best score for
each emotion is marked in bold.

Neu. Sat. Dis. Exc. Apo. Fea. Abu. M-Avg W-Avg
P R P R P R P R P R P R P R P R P R

BERT 91.0 93.8 88.9 92.0 57.5 35.5 51.2 48.9 81.6 70.3 48.1 33.9 74.8 65.9 67.0 57.7 79.8 76.3
DialRNN-GloVe 91.3 94.0 89.7 90.5 60.9 41.5 44.4 45.6 76.5 77.3 42.6 38.3 54.3 30.0 61.4 53.9 80.6 76.5
DialRNN-BERT 91.3 94.0 89.7 90.5 60.9 41.5 44.4 45.6 76.5 77.3 42.6 38.3 54.3 30.0 61.4 53.9 80.6 76.5
COSMIC 94.4 88.3 86.9 92.3 51.6 68.9 38.7 57.4 68.2 79.3 36.2 38.3 44.7 38.8 54.4 62.5 75.9 84.6
EmoBERTa 94.3 93.9 88.9 92.4 75.6 68.0 45.7 50.7 70.8 74.4 54.6 35.6 72.4 68.2 68.0 64.9 83.5 84.3
ContextBERT 94.3 93.9 88.9 92.4 75.6 68.0 45.7 50.7 70.8 74.4 54.6 35.6 72.4 68.2 68.0 64.9 83.5 84.3

Table E5: Precision and Recall scores of selected chit-chat ERC models AFTER incorporating ERToD framework.
We report scores of each emotion: Neutral, Satisfied, Dissatisfied, Excited, Apologetic, Fearful, Abusive, as well
as Macro- and Weighted Averaged scores. The best score for each emotion is marked in bold. Neutral is excluded
when calculating the averaged scores. For better presentation, DialogueRNN is shortened to DialRNN.

Model Neutral Satisfied Dissatisfied Excited Apologetic Fearful Abusive

BERT +2.6 +1.6 +8.6 +6.8 +5.0 +3.3 +42.2
DialogueRNN+GloVe +9.1 +3.7 +0.0 +11.2 +19.9 +29.7 +33.8
DialogueRNN+BERT +5.7 +2.5 +3.9 +4.5 +6.1 +1.1 +8.2
COSMIC +1.3 +1.1 +7.4 +1.2 +2.4 -15.7 +10.0
EmoBERTa 0.0 +0.2 +1.3 +3.0 +1.3 +12.1 +30.4
ContextBERT +0.5 +1.4 +2.6 +2.3 +2.3 +10.1 +22.7

Table E6: Change of F1 scores of selected chit-chat ERC models after incorporating ERToD framework. The only
degradation in performance is marked in bold.

In terms of F1 scores, ERToD results in improvement in all emotions except for fearful in COSMIC (Table
E6). We further investigate this exception. While most of fearful utterances are located at the beginning
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of the dialogue in the training and development set in EmoWOZ, the position of such utterances are more
evenly distributed in the test set as well as the augmented samples. Upon toggling the development set
and the test set for evaluation, we observe that the F1 of fearful by COSMIC drops significantly (52.0%
→ 28.8%) while that of COSMIC-ERToD remains roughly unchanged (35.5%→ 37.6%). The trend in
all other results remains unchanged.

The drastically different performance of COSMIC on the development and the test set suggests that
COSMIC develops a positional bias from the training set of EmoWOZ. At the same time, COSMIC-
ERToD performs similarly on both non-training sets, likely relying more on textual and task information.
The limited performance of COSMIC-ERToD is likely due to the extra false-positives at the later stage of
dialogues.

Neu. Sat. Dis. Exc. Apo. Fea. Abu. M-Avg W-Avg
P R P R P R P R P R P R P R P R P R

BERT +0.7 +4.5 +0.5 +2.8 +18.6 -3.1 +3.5 +9.8 +11.9 -1.2 +0.4 +3.9 +32.7 +43.5 +11.3 +9.2 +5.3 +1.8
DialRNN-GloVe -6.3 +21.0 +11.2 -5.4 +24.4 -46.1 +22.2 -20.1 +31.8 -5.2 +31.4 +19.4 +54.3 +30.0 +29.2 -4.5 +15.6 -14.9
DialRNN-BERT -2.7 +13.3 +5.0 -0.2 +26.1 -33.8 +7.9 +2.7 +8.2 +2.3 -4.1 +0.8 +25.7 +6.5 +11.5 -3.6 +10.2 -7.7
COSMIC +1.3 +1.5 +0.7 +1.6 +9.3 +4.5 -5.0 +12.1 -3.7 +9.2 -28.8 -5.0 -32.6 +18.8 -10.0 +6.9 +1.9 +2.9
EmoBERTa +0.1 -0.1 +0.2 +0.2 +1.0 -1.5 +0.1 +8.1 -2.2 +4.1 +16.7 +8.4 +18.4 +43.5 +5.7 +10.5 +0.6 +0.5
ContextBERT +0.9 +0.2 +0.4 +2.6 +3.0 +0.8 -0.7 +5.3 +2.5 +2.8 +16.7 +5.6 +7.9 +30.6 +5.0 +7.9 +1.2 +2.5

Table E7: The difference in Precision and Recall scores of selected chit-chat ERC models before and after
incorporating ERToD framework. We report scores of each emotion: Neutral, Satisfied, Dissatisfied, Excited,
Apologetic, Fearful, Abusive, as well as Macro- and Weighted Averaged scores. The best score for each emotion is
marked in bold. Neutral is excluded when calculating the averaged scores. For better presentation, DialogueRNN is
shortened to DialRNN.

F Averaged Scores for the Ablation Study

Model Macro Avg Weighted Avg

F1
Sc

or
e

(↑
)

ContextBERT 59.1 81.9
+ DA †64.1 †83.4
+ DS †64.1 †83.5
+ SentiX †64.8 †83.7
+ MTL †65.3 †83.7

+ ERToD †65.7 †83.9

A
E

D
Sc

or
e

(↓
) ContextBERT 0.387 0.168

+ DA †0.351 †0.159
+ DS †0.335 †0.151
+ SentiX †0.331 †0.149
+ MTL †0.322 †0.147

+ ERToD †0.316 †0.145

Table F8: Ablation Study of ERToD. † indicates statistically significant difference with p < 0.05 when comparing
with ContextBERT. The best score in each category is in bold. For each of the additional methods: DA = Data
Augmentation, DS = Dialogue State Features, SentiX = Sentiment-aware Text Embedding, MTL = Multi-task
Learning. Neutral is excluded when calculating the averaged scores.
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Neu. Sat. Dis. Exc. Apo. Fea. Abu. M-Avg W-Avg
P R P R P R P R P R P R P R P R P R

ContextBERT 93.4 93.9 88.5 92.4 72.6 68.0 46.4 50.7 68.3 74.4 37.9 35.6 64.5 68.2 63.0 64.9 82.3 84.3
+ DA 93.9 94.4 89.4 91.6 75.6 67.2 47.2 44.6 75.0 70.0 53.1 30.6 70.1 65.9 68.4 61.6 84.0 83.1
+ DS 93.8 94.6 90.1 90.9 74.5 68.4 47.9 44.6 75.8 69.0 50.7 27.8 69.9 69.4 68.1 61.7 84.2 82.9
+ SentiX 94.1 94.3 89.5 91.7 76.0 69.1 47.5 49.3 76.7 70.3 50.9 32.2 66.0 66.5 67.8 63.2 84.1 83.9
+ MTL 94.2 94.0 88.9 91.5 76.4 70.6 45.7 49.8 76.6 71.6 51.2 35.0 67.0 72.4 67.6 65.1 83.8 84.2

+ ERToD 94.3 94.1 88.9 91.9 75.6 69.3 45.7 48.8 70.8 70.8 54.6 34.4 72.4 70.0 68.0 64.2 83.5 84.1

Table F9: Ablation study on Precision and Recall scores of ERToD. We report scores of each emotion: Neutral,
Satisfied, Dissatisfied, Excited, Apologetic, Fearful, Abusive, as well as Macro- and Weighted Averaged scores.
The best score for each emotion is marked in bold. For each of the additional methods: DA = Data Augmentation,
DS = DialogueState Features, SentiX = Sentiment-aware Text Embedding, MTL = Multi-task Learning.. Neutral is
excluded when calculating averaged scores.
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Chapter 7

Affect Recognition in Conversations Using
Large Language Models

This chapter summarises our work on investigating the ability of large language models to recog-
nise various types of affects under different dialogue settings, and gives a verbatim copy of our
manuscript (Feng et al., 2024b):

Shutong Feng et al. (Sept. 2024b). “Affect Recognition in Conversations Using Large Language
Models”. In: Proceedings of the 25th Annual Meeting of the Special Interest Group on Discourse and

Dialogue. Ed. by Tatsuya Kawahara et al. Kyoto, Japan: Association for Computational Linguistics,
pp. 259–273. DOI: 10.18653/v1/2024.sigdial-1.23. URL:

https://aclanthology.org/2024.sigdial-1.23/

7.1 Summary

In Chapters 5 and 6, we introduce a dedicated corpus for studying user emotions in task-oriented
dialogues and propose methods for optimising emotion recognition in such contexts. These efforts
involved substantial manual annotation, data curation, and domain-related feature engineering.

With the emergence of large language models (LLMs) that demonstrate strong instruction-
following capabilities, we became interested in their potential for affect recognition with minimal
task-specific supervision. This chapter explores how effectively LLMs can recognise human affect
compared to state-of-the-art, fine-tuned models.

Specifically, we evaluated LLMs on three distinct affect recognition tasks: emotion recognition in
open-domain conversations (IEMOCAP (Busso et al., 2008)), emotion recognition in task-oriented
dialogues (EmoWOZ (Feng et al., 2022)), and detection of depressive mental states in clinical inter-
views (DAIC-WOZ (Gratch et al., 2014)). We benchmarked a variety of open-source and proprietary
LLMs under different inference setups, including zero-shot prompting, few-shot in-context learning,
and supervised fine-tuning on varying portions of each dataset. Additionally, we simulated a real-
istic deployment scenario by introducing automatic speech recognition (ASR) errors, assessing the
robustness of LLMs to noisy input.

Our findings reveal the limited performance of LLMs compared with small, lightweight mod-
els with task-specific optimisation. Yet, we also show the promising potential of LLMs in affect
recognition, particularly in low-resource or noisy settings.

7.2 Personal Contributions

The implementation, technical results, and writing are my own work. Guangzhi Sun assisted in coding.
Wen Wu provided the state-of-the-art result on the DAIC-WOZ test set. Milica Gasić supervised the
project. Co-authors assisted in writing and proofreading.

https://doi.org/10.18653/v1/2024.sigdial-1.23
https://aclanthology.org/2024.sigdial-1.23/
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Abstract
Affect recognition, encompassing emotions,
moods, and feelings, plays a pivotal role in
human communication. In the realm of con-
versational artificial intelligence, the ability to
discern and respond to human affective cues is
a critical factor for creating engaging and empa-
thetic interactions. This study investigates the
capacity of large language models (LLMs) to
recognise human affect in conversations, with a
focus on both open-domain chit-chat dialogues
and task-oriented dialogues. Leveraging three
diverse datasets, namely IEMOCAP (Busso
et al., 2008), EmoWOZ (Feng et al., 2022),
and DAIC-WOZ (Gratch et al., 2014), covering
a spectrum of dialogues from casual conver-
sations to clinical interviews, we evaluate and
compare LLMs’ performance in affect recogni-
tion. Our investigation explores the zero-shot
and few-shot capabilities of LLMs through in-
context learning as well as their model capaci-
ties through task-specific fine-tuning. Addition-
ally, this study takes into account the potential
impact of automatic speech recognition errors
on LLM predictions. With this work, we aim
to shed light on the extent to which LLMs can
replicate human-like affect recognition capabil-
ities in conversations.

1 Introduction

Affect refers to the broad range of subjective ex-
periences related to emotions, moods, and feelings
(Russell, 1980). It encompasses the various ways
individuals perceive, experience, and express their
emotional states and is an essential aspect of human
experience and communication (Gross, 2002).

The ability to recognise human affect is an impor-
tant ability of conversational artificial intelligence
(AI, Mayer et al. 1999). It empowers the dialogue
agent to go beyond mere information exchange and
engage users on an emotional level. By leverag-
ing affect recognition techniques, they can discern
the emotional nuances in user inputs, including

sentiment, mood, and subtle cues like sarcasm or
frustration (Picard, 1997). This capability allows
the system to respond with greater sensitivity, em-
pathy, and relevance, leading to more meaningful
and satisfying interactions (Zeng et al., 2009).

Large language models (LLMs) have demonstrated
promising performance in many tasks (Beeching
et al., 2023). They have also shown promising capa-
bility in adapting to new tasks via prompting (Heck
et al., 2023; Sun et al., 2023), in-context learning
(ICL, Zhao et al. 2023), as well as task-specific fine-
tuning (Taori et al., 2023). With the advancement in
LLMs, it is possible to use LLMs as the backend of
dialogue systems (OpenAI, 2022, 2023; Touvron
et al., 2023b). This brings up the question: can
LLMs recognise human affects in conversations in
a similar capacity as human beings?

In the context of conversational AI, dialogues can
be broadly categorised into two classes: 1) chit-
chat or open-domain dialogues where users interact
with the system for entertainment and engagement,
and 2) task-oriented dialogues (ToDs) where users
converse with the system for specific goals (Juraf-
sky and Martin, 2009). Under ToDs, depending
on the type of user goals, dialogues can be further
grouped as information-retrieval, medical consulta-
tions, education, and many more.

Regarding the affective information in conversa-
tions, we are particularly interested in the follow-
ing: (1) categorical emotion classes from generic
emotion models such as “basic emotions” proposed
by Ekman and Friesen (1971), (2) custom categori-
cal emotion classes defined for a particular context,
such as the emotion labels defined by Feng et al.
(2022) to encode task performance simultaneously
in ToDs, and (3) depression, a medical illness that
negatively affects how a person feels, thinks and
acts, and causes feelings of sadness and/or a loss of
interest in activities the person once enjoyed (Amer-
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ican Psychiatric Association, 2020).

The emergence of LLMs has signified a shift of
paradigm from training small models for one spe-
cific task to large models for multiple tasks. There-
fore, in this work, we investigate the affect recogni-
tion ability of a range of LLMs on vastly different
types of dialogues and labels1 to ascertain the va-
lidity of this direction. Specifically,

• We evaluated and compared the ability of a range
of LLMs to recognise human affect under dif-
ferent dialogue set-ups (chit-chat dialogues and
ToDs) and recognition targets (emotion classes
and binary depression diagnosis). We used the
following datasets: IEMOCAP (Busso et al.,
2008), EmoWOZ (Feng et al., 2022), and DAIC-
WOZ (Gratch et al., 2014).

• We investigated into LLMs’ zero-shot and few-
shot capabilities through an array of ICL set-ups
as well as their model capacities through task-
specific fine-tuning.

• We considered text-based LLMs as a part of spo-
ken dialogues systems. Therefore, we also exper-
imented with inputs containing automatic speech
recognition (ASR) errors to investigate the poten-
tial influence of ASR errors on LLM predictions.

2 Related Work

2.1 LLM
Large Language Model (LLM) refers to a type of
pre-trained models designed for natural language
processing tasks. LLMs are characterised by their
enormous number of model parameters and exten-
sive training data.

Some well-known examples of LLMs include Ope-
nAI GPT family models (Radford et al., 2019; Ope-
nAI, 2022, 2023), which can have billions or even
trillions of model parameters. Examples of open-
source text-based foundation models include the
LLaMA family (Touvron et al., 2023a,b; AI@Meta,
2024) and their corresponding chat-optimised mod-
els.These models have demonstrated remarkable
abilities in various natural language understand-
ing and generation tasks, including text comple-
tion, language translation, text summarisation, and
even chatbot applications (Beeching et al., 2023).
They also demonstrate “emergent abilities” such
as few-shot prompting and chain-of-thought rea-
soning, which were not present in their smaller

1The code can be found at https://gitlab.cs.
uni-duesseldorf.de/general/dsml/llm4erc-public/

predecessors (Wei et al., 2022). While there are
also multi-modal LLMs such as SALMONN (Tang
et al., 2024), these are at an earlier stage compared
to uni-modal text-based LLMs, and it is still a com-
mon practice to use text-based LLMs as the text-
processing backend, pipelined with other modules
such as ASR and image generator for more com-
plex applications.

2.2 Affective Capabilities of LLMs
With the growing attention on LLMs from the
research community, there have been several
works investigating the affective abilities of LLMs.
Huang et al. (2023) evaluated the empathy ability
of LLMs by utilising the emotion appraisal theory
from psychology. Wang et al. (2023) assessed the
emotional intelligence of LLMs in terms of Emo-
tional Quotient (EQ) scores. Zhang et al. (2023)
investigated how LLMs could be leveraged for a
range of sentiment analysis tasks under zero-shot or
few-shot learning set-ups. Zhao et al. (2023) inves-
tigated the emotional dialogue ability of ChatGPT
through a range of understanding and generation
tasks. In our work, we focus on the affect recogni-
tion ability of text-based LLMs. Our investigation
spans across different types of dialogues and model
learning set-ups. We also consider real-world appli-
cations of LLMs and consider ASR-inferred noisy
input to models.

3 Methodology

The ability of human-beings to recognise affect
can be reflected in many ways. Yet, being able
to narrate what emotion has been expressed in the
utterances of the other interlocutor is a straightfor-
ward and strong sign of such an ability. Therefore,
we took LLMs’ ability to verbalise the emotion
given the dialogue context as a proxy to both qual-
itatively and quantitatively analyse LLMs’ ability
for affect recognition.

3.1 Affect Recognition using LLMs
The pipeline for affect recognition using LLMs
with the option to take speech as input is illus-
trated in Figure 1. When using the speech input, a
Whisper-medium model was used to transcribe the
speech (see Section 4.5 for details). The prompt
is then constructed as designed and fed into the
LLM to generate a text sequence. For open-source
LLMs, we examined the probability of each class
token and considered the one with the maximum
probability as the final model prediction, as shown
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Whisper-medium

Dialogues

...
F: it's the worst when they go 

like that. was he young?
M: kind of

...
F: what's the worst when they 

go like that it was young
M: i know

Speech

OR

Transcript

Top-1 ASR Hypothesis

Prompt Template

Consider the following list of 
concepts, called EMOTIONs: 
[Neutral, Happy, Sad, Angry]

Task Definition

Given ..., the emotion in ... is Happy.

Given ..., the emotion in ... is 

ICL Samples

Query

LoRA

Sad

Emotion Prediction

LLM

Figure 1: A flowchart illustrating the affect recognition pipeline using Whisper and LLM. The designed prompt
comprises parts introduced in Table 1. Low-rank adaptation (LoRA) is used for fine-tuning open-source LLMs.

in Equation 1.

WL∗ = argmax
WL

P (WL|WP ), (1)

where WL belongs to the set of pre-defined labels
and WP is the prompt token sequence.

For commercial models, there is no access to logits
of model outputs and model outputs do not always
follow the format specified in the prompt. There-
fore, we used regular expressions to derive the final
prediction.

3.2 Task-specific Fine-tuning
For efficient training of LLMs, we utilise low-rank
adaptation (LoRA, Hu et al. 2022) to accelerate
the fine-tuning of LLMs while conserving memory.
This is also a common approach for fine-tuning
LLMs as seen in many existing works (Sun et al.,
2023; Zhao et al., 2024).

LoRA hypothesises that the change in weights
during model training has a low “intrinsic rank”.
Therefore, instead of directly updating the full-rank
weight matrices of dense layers during training,
LoRA optimises the low-rank decomposition ma-
trices of those dense layers’ changes while keeping
the pre-trained weights frozen. Specifically, for a
pre-trained weight matrix W0 ∈ Rm×n from a par-
ticular attention block in a transformer-based LLM,
its update ∆W is constrained using a low-rank
decomposition of the update as following:

W0 +∆W = W +AB (2)

where matrices A ∈ Rm×r and B ∈ Rr×n contain
trainable parameters and r ≤ min(m,n). The pre-
trained parameters in W0 are fixed. When r is
set to a much smaller value than the dimensions
of W0, the number of trainable parameters will
be greatly reduced. This leads to greater training

efficiency, less memory requirement, and a lower
chance of over-fitting. Following Hu et al. (2022),
we apply LoRA to the projection matrices of the
self-attention layers of transformer-based LLMs.

LLMs are trained to predict the next token in the
sequence (the label tokens), given the previous to-
kens (the designed prompt). During training, the
input tokens are fed into the model, and the model
predicted the probability distribution of the next
token. The cross-entropy loss is calculated from
the model prediction and the target token.

With LoRA, it takes roughly 30GB memory and 4
hours to train one epoch on the entire EmoWOZ
training set using an Nvidia A100 40GB graphics
card.

4 Experimental Setup

4.1 Datasets and Evaluation

The IEMOCAP dataset (Busso et al., 2008) is a
multi-modal corpus designed for Emotion Recog-
nition in Conversations (ERC) task in chit-chat
or open-domain dialogues. It comprises 151 dia-
logues, containing 10,039 utterances from 10 dis-
tinct speakers involved in 5 dyadic conversational
sessions. Each utterance underwent annotation by
a minimum of three annotators, who assigned one
of nine emotion classes, including sad, neutral, an-
gry, happy, excited, frustrated, surprised, fearful,
disgusted. Annotators could also assign multiple
emotions or use the category “other” if the per-
ceived emotion did not match the predefined op-
tions. Final labels were determined via majority
voting.

Given the absence of an official train-test split, we
adopt leave-one-session-out 5-fold cross-validation
approach and average the results. Our methodology
aligns with the common practices, as discussed
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by Wu et al. (2020), to consider two label sets:
4-way: Sad, Neutral, Angry, and Happy; 5-way:
Sad, Neutral, Angry, Happy, and everything else
as Other. In both set-ups, Excited is merged with
Happy.

Emotion recognition is performed for every speaker
utterance. We report the weighted accuracy (WA)
and unweighted accuracy (UA) for both label sets.

EmoWOZ (Feng et al., 2022) is a text-based ERC
corpus built for emotion recognition in ToDs. It
comprises 10,438 human-human dialogues from
the entire MultiWOZ dataset (Budzianowski et al.,
2018), as well as 1,000 human-machine dialogues
in the same set of domains. It encompasses seven
distinct user emotions, namely: Neutral, Fearful,
Dissatisfied, Apologetic, Abusive, Excited, and Sat-
isfied. These emotion labels are designed to encode
the task performance. Specifically, each emotion
is defined as a valence reaction to certain elicitor
under certain conduct. For example, Dissatisfied is
defined as a negative emotion elicited by the system
expressed in a neutral or polite conduct.

Emotion recognition is performed for each user
utterance. For existing benchmarks reported in
Feng et al. (2022), neutral class was excluded from
calculating the metrics because they take up more
than 70% of the labels in EmoWOZ. To have a
direct comparison, we report macro-averaged F1
and weighted average F1 excluding neutral. We
include the F1, precision, and recall of the neutral
class in Table B3 of Appendix B.

DAIC-WOZ (Gratch et al., 2014) is a speech-
based corpus for depression detection and anal-
ysis. It includes the Patient Health Questionnaire-8
(PHQ-8, Kroenke et al., 2008) scores of 193 clini-
cal interviews, with 35 (12 are labelled depressed)
interviews in the development set and 47 (14 are la-
belled depressed) in the test set. The PHQ-8 score
ranges from 0 to 24 and quantifies the severity of
the patient’s depressive symptoms.

For evaluation metrics, we follow the criteria estab-
lished by the Audio/Visual Emotion Challenge and
Workshop challenge (AVEC2016) (Valstar et al.,
2016) and perform binary classification on the di-
alogue level. Interviewees with PHQ8 ≥ 10 is
considered Depressed and PHQ8 < 10 is consid-
ered Not Depressed. Since patients with PHQ-8
score of 5 to 9 are defined to show mild depressive
symptoms (Kroenke et al., 2008) but considered

Not Depressed in the dataset, we add information
about PHQ-8 level definition and quantisation cri-
teria to the prompt to establish an aligned diagnosis
standard (Table 1) for the model.

Notably, participants in the AVEC2016 challenge
(Yang et al., 2016; Williamson et al., 2016) and
subsequent research efforts (Ravi et al., 2022; Wu
et al., 2023) primarily focused on optimising the F1
score of the Depressed class. We report this metric
in Section 5 for direct comparison and also include
the F1 score of the Not Depressed in Appendix B.

4.2 Prompt Design

The prompt design aims to exploit the language
modelling and in-context learning ability of LLMs.
Due to the different task set-ups and label sets
in each datasets, the prompt templates used are
different as illustrated in Table 1. Specifically,
EmoWOZ uses custom emotion labels, DAIC-
WOZ involves mapping from numerical values to
binary classes, and IEMOCAP uses generic emo-
tion labels. We therefore provide additional label
explanations in the task definition of EmoWOZ
and DAIC-WOZ. IEMOCAP on the other hand,
contains self-explanatory emotion labels from a
generic emotion model and does not come with
any special definitions. Therefore, we do not in-
clude label definition in the prompt for IEMO-
CAP. Since IEMOCAP and EmoWOZ involve
utterance-level classification whereas DAIC-WOZ
involves dialogue-level classification, we used dif-
ferent queries to accommodate this difference.

4.3 Models

4.3.1 LLMs
GPT-2 (Radford et al., 2019) has a transformer
architecture, pretrained on a substantial English
corpus through self-supervised learning. While its
size does not make it one of LLMs, it stands as
one of the early achievements of OpenAI’s GPT
models. For our baseline reference, we utilised the
version containing 124 million parameters.

GPT-3.5, or ChatGPT (OpenAI, 2022), is a chat-
bot application developed by OpenAI. It follows
a similar architecture as InstructGPT (Ouyang
et al., 2022) and was fine-tuned for chat application
via reinforcement learning from human feedback
(RLHF). It contains 175 billion parameters. Specif-
ically, we used the version released on the 13th of
June, 2023.
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Prompt Template

Task IEMOCAP: Consider the following list of concepts, called EMOTIONs: [EmotionA, EmotionB, ...]
Definition EmoWOZ: Consider the following list of concepts, called EMOTIONs: [EmotionA: Emotion_DefinitionA; EmotionB: Emotion_DefinitionB; ...]

DAIC-WOZ: Given that the SEVERITY of depression can be categorised into the following levels on a scale of 0 to 24: [No significant
depressive symptoms (0 to 4), ...]. A participant is considered depressed if the participant shows moderate depressive symptoms (10 to 14)
and above.

ICL IEMOCAP / EmoWOZ: Given the dialogue history between SpeakerA and SpeakerB: [SpeakerA: Utterancet-3; SpeakerB: Utterancet-2;
Samples SpeakerA: Utterancet-1], the EMOTION in the next utterance “SpeakerB: Utterancet” is EmotionA

DAIC-WOZ: Given the depression consultation dialogue between Participant and Ellie: [Participant: Utterance0; Ellie: Utterance1;
Participant: Utterance2; ...], the Participant’s is (not) depressed.

Query IEMOCAP / EmoWOZ: Given the dialogue history between SpeakerA and SpeakerB: [SpeakerA: Utterancet-3; SpeakerB: Utterancet-2;
SpeakerA: Utterancet-1], the EMOTION in the next utterance “SpeakerB: Utterancet” is
DAIC-WOZ: Given the depression consultation dialogue between Participant and Ellie: [Participant: Utterance0; Ellie: Utterance1;
Participant: Utterance2; ...], the Participant’s is

Table 1: Prompt templates, consisting of the task definition, in-context samples, and the query.

GPT-4 (OpenAI, 2023) is an improved version
of GPT-3.5. Its size is six times that of GPT-3.5.
Although it is considered a multi-modal model be-
cause it additionally accepts images as input, we
only explored its text modality. We used the version
released on the 13th of June, 2023.

LLaMA-7B (Touvron et al., 2023a) is a large and
causal language model introduced by Meta AI in
2023. It has transformer decoder architecture, 7
billion parameters and was pre-trained on 1 trillion
tokens.

Alpaca-7B (Taori et al., 2023) is fine-tuned from
LLaMA-7B with 52K instruction-following demon-
strations generated in the style of self-instruct using
text-davinci-003, a specific version of Instruct-
GPT (Ouyang et al., 2022).

LLaMA-3-8B (AI@Meta, 2024) is the most recent
model of the LLaMA family, featuring enhanced
usefulness and safety. It was pre-trained on 15
trillion tokens.

4.3.2 Supervised Models for Comparison
While comparing zero-shot and few-shot ICL re-
sults of LLMs with supervised SOTAs does not
paint the fairest picture, it does provide us with
insights into how far LLMs are from achieving the
performance levels of supervised SOTAs.

We compare LLMs’ performance with the fol-
lowing supervised models on each dataset: Wu
et al. (2020) for IEMOCAP, Feng et al. (2023) for
EmoWOZ, and Wu et al. (2023) for DAIC-WOZ.
Specifically,

For IEMOCAP: Wu et al. (2020) proposed an
emotion recognition model which takes 1) a time-
synchronous representation that fuses the audio
features with the corresponding text information at

each time step, as well as 2) a time-asynchronous
representation that captures the text information
embedded across the transcriptions of a number of
consecutive utterances. These two types of frame-
level vectors, after being pooled in their respective
branches with self-attentive layers across the input
time window, are fused using an fully connected
layer for emotion classification.

For EmoWOZ: Feng et al. (2023) proposed a
model that is dedicated for textual emotion recog-
nition in task-oriented dialogues. Based on a
transformer-based classifier that considers the di-
alogue history and speaker roles, the proposed
model adopts data augmentation with chit-chat dia-
logues, dialogue state features, multi-task classifi-
cation for emotional aspects, and a distance-based
loss that considers the similarity of the custom emo-
tion labels in EmoWOZ.

For DAIC-WOZ: Wu et al. (2023) proposed to
extract utterance-level representations from pre-
trained speech-based foundation model. The foun-
dation model was further fine-tuned for speech
recognition and emotion recognition. The average-
pooled dialogue-level features were fed into a de-
pression detection block for binary classification.
To address the issue of data sparsity in speech de-
pression detection, authors also performed data
augmentation using sub-dialogue shuffling.

4.4 Training Configurations

We implement LoRA (Section 3.2) when training
LLaMA-7B, Alpaca-7B, and LLaMA-3-8B but not
GPT-2. For all open-source LLMs, we constrain
the decoding space of the model output to ensure
it generates the desired class labels. Details can be
found in Appendix A.



264

4.5 ASR System Specifications
In order to observe how LLMs perform with the
presence of substantial ASR errors rather than
building a pipeline for speech-based ERC, we use
an “off-the-shelf” OpenAI Whisper-medium model
(Radford et al., 2022), which has been trained
solely on English data and not been fine-tuned. We
use a decoding beam size of 3. The text normali-
sation only involves removing punctuation marks.
The ASR word error rates (WER) for IEMOCAP
and DAIC-WOZ are 12.0% and 16.5% respectively.
Since EmoWOZ does not come with raw audio
data, we build an ASR simulator. We formulate
the simulation as a sequence generation task where
the source is the ground-truth text and the target is
the ASR-transcribed text (as described in Appendix
A.2). The resulted simulated WER in EmoWOZ is
17.1%.

5 Results and Discussions

In this section, we aim to answer the questions
below. Full results can be found in Appendix B.

• How do LLMs perform under zero-shot set-up
on different types of dialogues? How robust are
LLMs to ASR errors?

• To what extent can few-shot in-context learning
improve LLMs’ performance?

• For open-source LLMs, can task-specific fine-
tuning achieves SOTA performance on each re-
spective dataset?

5.1 Zero-shot Learning
Table 2 summarises LLMs’ zero-shot affect recog-
nition performances on the three datasets, and we
made the following observations:

LLMs’ performance falls short of supervised
SOTAs in affect recognition tasks. Notable
gaps are observed when compared the performance
achieved by LLMs and supervised SOTAs for all
datasets.

It’s noteworthy that although GPT-4, the largest
model, underperforms when compared with the su-
pervised SOTA on EmoWOZ, its reported macro-
averaged F1 is still comparable to some supervised
learning models benchmarked in Feng et al. (2022).
This suggests the good capability of GPT-4 in lever-
aging the label definitions in the prompt to recog-
nise emotions in EmoWOZ, irrespective of their
prevalence. Supervised models, however, may be
more susceptible to issues such as label imbalance.

Larger models do not necessarily lead to bet-
ter performance. For IEMOCAP, Alpaca-7B
demonstrates the best performance, even surpass-
ing much larger models (GPT-3.5 and GPT-4). Con-
versely, for EmoWOZ and DAIC-WOZ, the per-
formance generally improves as the model size
increased.

While chit-chat utterances in IEMOCAP are la-
belled with emotion classes from generic emo-
tion models, EmoWOZ’s labels are specifically
designed to encode the eliciting conditions of emo-
tions in ToDs. This design necessitates more ex-
plicit reasoning in ERC within EmoWOZ com-
pared to IEMOCAP. Although LLMs rely on their
language modelling capabilities when performing
zero-shot ERC, the greater reasoning ability fa-
cilitated by the substantial number of parameters
in GPT-3.5 and GPT-4 results in improved perfor-
mance in EmoWOZ.

Likewise in DAIC-WOZ, the recognition is per-
formed for the entire dialogue. Larger models
demonstrate greater ability to leverage the more
nuanced affective state of the patient in the larger
context.

Fine-tuning LLMs with instruction-following
demonstrations facilitates more effective utilisa-
tion of the prompt. In all datasets, Alpaca-7B
consistently outperforms LLaMA-7B and even the
much more recent LLaMA-3-8B. This indicates
that the additional fine-tuning of LLaMA-7B with
instruction-following demonstrations has enhanced
its capability in ERC.

LLaMA-7B appears to underperform compared to
the much smaller GPT-2 on EmoWOZ. This dis-
crepancy can be explained by LLaMA-7B’s strong
inclination towards predicting the neutral emotion
(F1 = 82.1 with Recall = 100), which has been
excluded from the metric calculation, resulting
in the poor reported metrics. Fine-tuning with
instruction-following demonstrations, as adopted
in Alpaca-7B, effectively leverages the task and
label definition in the prompt and reverts this trend.
Such an inclination in predicting neutral emotion
in LLaMA-7B does not appear in the more recent
LLaMA-3-8B.

5.2 Zero-shot Learning with Noisy ASR Input
Table 3 provides a summary of LLMs’ zero-shot
performance when replacing the original dialogue
transcripts with ASR-inferred inputs. ASR errors



265

Model IEMOCAP (4-way) IEMOCAP (5-way) EmoWOZ DAIC-WOZ
WA (↑) UA (↑) WA (↑) UA (↑) MF1 (↑) WF1 (↑) F1 (dev, ↑) F1 (test, ↑)

GPT-2 25.8 29.2 19.0 22.3 7.3 24.0 0.0 0.0
LLaMA-7B 41.1 40.5 35.6 33.6 1.1 0.3 47.5 52.2
Alpaca-7B 48.8 51.4 40.5 36.2 24.0 44.6 47.5 53.3
LLaMA-3-8B 41.8 42.5 29.4 31.7 19.7 42.4 47.1 43.2
GPT-3.5 42.2 37.6 37.9 35.1 39.0 40.0 54.5 64.3
GPT-4 42.4 37.6 37.5 34.7 52.4 62.3 63.6 59.3

Supervised SOTA 77.6 78.4 73.3 74.4 65.9 83.9 88.6 85.7

Table 2: Zero-shot performance of LLMs compared with respective supervised SOTAs. The best zero-shot
performance for each metric is made bold. For metrics: WA = weighted average; UA = unweighted average; MF1 =
macro-averaged F1 excluding neutral; WF1 = weighted average F1 excluding neutral; F1 = F1 for class Depressed.

Model IEMOCAP (4-way) IEMOCAP (5-way) EmoWOZ) DAIC-WOZ
WA (↑) UA (↑) WA (↑) UA (↑) MF1 (↑) WF1 (↑) F1 (dev, ↑) F1 (test, ↑)

LLaMA-7B -0.3 -1.2 -1.1 -5.0 -1.1 -0.3 -1.6 -1.1
Alpaca-7B -1.3 -1.8 -1.8 -2.6 +0.3 -2.0 -1.6 +0.0
LLaMA-3-8B -2.1 -3.5 -1.2 -2.2 +0.1 -0.1 -0.7 -0.3
GPT-3.5 +0.1 -0.1 +0.2 0.0 +1.2 -0.2 -17.0 -8.3
GPT-4 -0.5 -0.5 -1.1 -0.7 +0.9 -1.5 -19.2 -17.6

Supervised SOTA -3.8 -3.7 -3.9 -3.5 -0.8 -0.4 -3.6 -4.1

Table 3: Change in zero-shot performance metrics of LLMs after using noisy ASR input. For metrics: WA =
weighted average; UA = unweighted average; F1 = F1 for class Depressed. GPT-2 was omitted due to its poor
zero-shot capability.

exhibit varying degrees of influence on different
affect recognition tasks. Specifically,

LLMs are generally robust to ASR errors when
recognising emotion. This is exemplified by
small changes in metrics for IEMOCAP compared
with supervised SOTAs. The only one notable ex-
ception is the UA of LLaMA-7B in the 5-way clas-
sification task on IEMOCAP. Looking at the per-
formance of each emotion in this experiment, we
observed significant drops in the F1 scores for the
emotions {Happy, Angry, and Sad}. Specifically,
Happy and Angry experience major decreases in
their recall scores (Happy: 12.3 → 7.3, Angry:
50.0→ 11.0), while Sad sees a substantial decline
in its precision score (65.5 → 0.0). At the same
time, there is an increase in the recall score for
the Other category (47.3→ 78.2), resulting in an
overall rise in its F1 score (44.5 → 48.0). These
observations suggest that ASR errors introduced
a tendency for LLaMA-7B to mis-classify more
emotions as Other.

ASR errors have a more pronounced influence
on the accuracy of depression detection. For
DAIC-WOZ, the introduction of ASR errors had
a significant impact on F1 scores. The impact di-
verges for open-source and commercial models.

For open-source models, which are also relatively
smaller, the change in F1 was small, showing a
similar trend when they recognise emotions from
noisy dialogues. On the other hand, for larger com-
mercial models, the F1 scores decrease more sig-
nificantly. This phenomenon can be ascribed to
the lengthy prompt for conducting dialogue-level
analysis, in which ASR errors accumulated. While
OpenAI models can better leverage information
from the large context, such an ability adversely af-
fects its depression detection ability in the presence
of ASR errors.

5.3 In-context Learning

ICL samples are randomly selected for each class
and are the same within each experiment set-up
for all models. The performance of LLMs with
different numbers of ICL samples is outlined in
Table 4, from which we have derived the following
observation:

Larger models tend to derive greater bene-
fits from an increased number of ICL samples
to recognise emotions. LLaMA-7B, Alpaca-7B,
and LLaMA-3-8B do not consistently benefit from
an increased number of ICL samples in the prompt.
Optimal model performance generally occurs when
N = 0 or N = 1. This suggests that effectively
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(c) EmoWOZ
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Figure 2: Change of model performance when fine-tuning with different proportions of the training data.

Model N IEMOCAP EmoWOZ DAIC-WOZ
4-way 5-way Dev Test

0 41.1 35.6 0.3 47.5 52.2
LLaMA-7B 1 52.3 27.3 42.6 0.0 0.0

3 42.8 26.2 27.2 42.1 48.9

0 48.8 40.5 44.6 47.5 53.3
Alpaca-7B 1 54.1 26.9 51.2 0.0 15.4

3 52.4 24.4 44.6 45.9 51.1

0 41.8 29.4 42.4 47.1 43.2
LLaMA-3-8B 1 56.8 40.5 38.0 0.0 0.0

3 57.4 24.4 39.9 0.0 0.0

0 42.2 37.9 40.0 54.5 64.3
GPT-3.5 1 56.3 48.3 43.2 13.3 40.0

3 62.1 48.3 46.7 37.5 56.0

0 42.4 37.5 62.3 63.6 59.3
GPT-4 1 62.9 49.0 64.4 80.0 55.6

3 63.8 49.4 66.5 74.1 58.5

Table 4: Performance of LLMs (WA for IEMOCAP and
WF1 for EmoWOZ) under in-context learning set-ups.
N stands for the number of ICL samples per emotion
class and N = 0 means the zero-shot set-up. The best
performance of each model is made bold.

utilising the full context remains as a challenge
for LLMs. Larger models, GPT-3.5 and GPT-4,
show more consistent improvement in performance
with the increased number of ICL samples. GPT-
4 derives the most significant benefits from ICL
samples and performs the best across all models.

The effectiveness of ICL is limited for depres-
sion detection. The performance is in general the
best when N = 0, followed by N = 3. This sug-
gests that for depression detection, a task to detect
more nuanced affective state than emotion from
a longer sequence, a single ICL sample for each
class could strongly bias the model. This leads to
zero F1s where models predict all samples as Not
Depressive. Including more ICL samples could
mitigate this effect, but the performance is further
limited by models’ incapability to handle extremely
lengthy input. This motivates further research ef-

forts to handle huge context containing nuanced
task-related cues when using LLMs.

5.4 Task-specific Fine-tuning

We conduct task-specific fine-tuning experiments
with GPT-2, LLaMA-7B, Alpaca-7B, and LLaMA-
3-8B using different proportions of training data
to explore these models’ capacity for ERC after
fine-tuning. Results are summarised in Figure 2.
For DAIC-WOZ, fine-tuning would steer models to
predict Not Depressed (see Table B4) for almost all
test samples. This might be due to the small train-
ing set where more than 70% of the samples are
labelled as Not Depressed. This suggests the limita-
tion of language modelling objective, and therefore
more carefully curated task-related learning objec-
tives should be considered for depression detection
using LLM.

Task-specific fine-tuning can effectively and effi-
ciently enhance the ERC performance of LLMs.
For both IEMOCAP and EmoWOZ, we observe
an initial significant improvement in performance
when fine-tuning with 25% of the training data. Per-
formance remains relatively stable and approaches
SOTA levels as the proportion of training data in-
creased to 50% and more for IEMOCAP (4-way)
and EmoWOZ. This shows the potential of rapid
deployment of LLMs as the emotion recognition
frontend in dialogue systems, regardless of dia-
logue type, label set, or label distribution.

In the case of 5-way classification on IEMOCAP, a
performance gap persists between fine-tuned LLMs
and the supervised SOTA, even after fine-tuning
of LLMs on the complete training set. We hy-
pothesised that this disparity might be attributed
to the presence of an additional Other class within
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the 5-way classification scheme. The class name
“Other” lacked essential affective information and
consequently failed to fully leverage the language
modelling capabilities of LLMs. Therefore, we sug-
gest that employing more semantically meaningful
label names could be advantageous in harnessing
the potential of LLMs for task-specific fine-tuning.

In the case of GPT-2, fine-tuning does not yield
noticeable improvement in ERC. Its performance
even deteriorated after fine-tuning with EmoWOZ,
as depicted in Figure 2(c) because GPT-2 predomi-
nantly predicted Neutral, which are excluded from
the metric calculation.

6 Conclusion

In this study, we explore the performance of LLMs
for affect recognition in three distinct types of di-
alogues: chit-chat dialogues, information-seeking
ToDs, and medical consultation dialogues for de-
pression. We conduct benchmark experiments
on these datasets using five LLMs: LLaMA-7B,
Alpaca-7B, LLaMA-3-8B, GPT-3.5, and GPT-4.
We also explore various setups, including zero-
shot learning, few-shot in-context learning, and
task-specific fine-tuning, all facilitated by specially
designed prompts. Additionally, we examine the
impact of ASR errors on LLMs’ zero-shot perfor-
mance.

Our zero-shot experiments underscore that while
LLMs have made significant strides in various nat-
ural language understanding tasks, they still have
some distance to cover in order to match the super-
vised SOTAs in affect recognition tasks. Adding
emotion definitions explaining the eliciting condi-
tions in ToDs to the prompt and fine-tuning LLMs
for instruction-following could narrow the perfor-
mance gap from supervised SOTAs.

Performing zero-shot affect recognition from utter-
ances containing ASR errors shows that LLMs are
robust to such errors for emotion recognition but
not for depression detection. Therefore, when con-
sidering LLMs as a back-end module of a spoken
dialogue system, it is crucial to exercise extra cau-
tion when processing dialogues laden with highly
specific and nuanced affective content.

Our ICL experiments exemplify that larger models
would benefit more from an increased number of
ICL samples, highlighting the need to explore the
optimal combination of the ICL sample size in the

prompt and the model size. For smaller LLMs,
effectively utilising lengthy context remains as a
challenge.

Through task-specific fine-tuning, we achieve per-
formance levels close to SOTA on IEMOCAP and
EmoWOZ, using only 50% of the training data,
with LLaMA-7B, Alpaca-7B, and LLaMA-3-8B.
This highlights the great potential of fine-tuning
LLMs for simpler tasks and integrating them as
functional modules into dialogue systems.

Overall, LLMs have opened new avenues for affect
recognition in conversations and building affect-
aware dialogue systems. Despite the limited per-
formance under zero-shot set-up, their robustness
to ASR errors, few-shot ICL capabilities, and ERC
capabilities after fine-tuning offer exciting research
opportunities for exploring affect recognition in
conversations and building human-like conversa-
tional agents. We would also like to highlight the
challenge and also opportunities towards handling
long context and nuanced emotion cues in LLMs.

7 Limitations

In our work, although we reduce computation re-
source of training LLMs by incorporating LoRA,
the inference takes 1̃s for utterance-level emotion
recognition on a Nvidia A100 40GB graphics card
when there is no ICL sample in the prompt. The
inference time increases when the number of ICL
samples increases or dialogue-level classification
is performed. While LLMs demonstrates supe-
rior abilities and potentials, further research efforts
are still needed to ensure efficient LLM inference,
which is necessary for its application in real-time
systems.

With ICL experiments especially on DAIC-WOZ,
we observe that the efficacy of long context is lim-
ited by the effective spans of the attention mecha-
nisms. While substantial efforts have been invested
into increasing the maximum allowed context size
of LLMs and improving benchmark performance,
the effectiveness of LLMs to make use of full con-
text should not be overlooked.

We only investigate with one dataset from each of
three dialogue domains. Although these datasets
cover different dialogue settings, objectives, label
sets, and classification scopes, there are more af-
fect types and dialogue settings to explore. These
datasets also exhibit various degrees of class im-
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balance, which selected reference SOTAs utilised
data augmentation to address. While GPT-4 has
demonstrated good zero-shot learning ability (Sec-
tion 5.1), addressing data imbalance is out of the
scope of this work, and data augmentation with
LLMs may come at a cost of potential divergence
between synthetic language and real-word data (Li
et al., 2023).

8 Ethics Statement

Models and datasets were used in accordance with
their respective licenses. Data that we used and
generated does not contain any information that
uniquely identifies individual people. There is a
tiny fraction of utterances labelled as “abusive” in
EmoWOZ, but they are prompted to models in such
a way for the recognition purpose only. Due to
the fact that LLMs were pre-trained with a huge
amount of data, they may produce inaccurate in-
formation about people, places, or facts. This had
negligible impact on our evaluation for affect recog-
nition. When performing depression detection and
analysis with DAIC-WOZ using GPT-3.5 and GPT-
4, models output reminders about seeking profes-
sional advice from doctors for more accurate medi-
cal diagnosis along with their predictions.

Unlike running models locally, utilising OpenAI’s
server-based models would require us to send data
to their server. In some cases, it is important to use
the application programming interface (API) when
for which OpenAI explicitly clarifies that the query
data will not be stored or used in model training
unless specifically configured.

Although this work focuses on LLMs’ capability in
recognising affect in conversations, we do envisage
LLMs to be incorporated as an affect recognition
frontend in affect-aware dialogue systems. It is
therefore important to remember that these models
are not perfect and can make errors in their pre-
dictions. Subsequently, any actions taken based
on these predictions should be executed with an
awareness of the possibility of errors. The rela-
tively slow inference speed and the high computa-
tional resource requirement also pose a challenge
in the usage of LLMs in high-throughput and time-
sensitive scenarios.
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A Detailed Training Configurations

A.1 Task-Specific Fine-tuning
For all model fine-tuning, the learning rate was 3e-5. The batch size was 2 with a gradient accumulation
step of 4. We used a cosinusoidal learning rate scheduler without warming up. We applied a weight decay
of 0.01 on all model parameters except for the biases and layer normalisation weights. For LLaMA-7B,
Alpaca-7B, and LLaMA-3-8B, we stored model parameters in IEEE 754 half-precision float point format.
For GPT-2, we stored the model parameters in standard single-precision floating-point format and did not
apply LoRA during the fine-tuning. We followed the default LoRA configuration provided in Huggingface
PEFT library (Mangrulkar et al., 2022). We used the model perplexity on the development set as the
early-stopping criterion. For EmoWOZ, we used the official development set. For IEMOCAP, when we
performed the leave-one-session-out training, 10% of the training data were randomly sampled as the
development set. We applied stratified sampling based on the emotion labels. All open-source models
were trained on a single Nvidia A100 40GB Graphics Card.

A.2 ASR Simulation for EmoWOZ
We fine-tuned a LLaMA-7B model using LoRA following configurations specified in Section 3.2 and A.1
for one epoch on all IEMOCAP utterances. The source was each of the IEMOCAP utterance transcription
and the target was the corresponding OpenAI Whisper-medium hypothesis. We utilised a prompt template
that formatted the source and target in natural language would best exploit the language modelling
capability of the model:

After adding automatic speech recognition errors, [SOURCE] becomes [TARGET]

B Detailed Experimental Results

Model N P M Neutral Happy Angry Sad WA UA

GPT-2 0 0% T 0.7 (60.0/0.4) 32.3 (43.6/25.6) 35.3 (22.0/90.6) 0.5 (30.0/0.3) 25.8 29.2
GPT-2 1 0% T 10.9 (43.4/6.2) 9.1 (62.0/4.9) 29.0 (21.8/43.6) 33.3 (22.8/61.9) 24.2 29.2
GPT-2 0 25% T 47.2 (30.9/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 30.9 25.0
GPT-2 0 50% T 47.2 (30.9/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 30.9 25.0
GPT-2 0 75% T 47.2 (30.9/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 30.9 25.0
GPT-2 0 100% T 47.2 (30.9/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 30.9 25.0

LLaMA-7B 0 0% T 48.6 (37.5/69.3) 21.8 (82.3/12.5) 53.3 (40.8/76.8) 6.9 (78.0/3.6) 41.1 40.5
LLaMA-7B 0 0% A 50.3 (37.0/78.8) 14.8 (79.3/8.2) 54.7 (44.9/70.0) 0.6 (100.0/0.3) 40.8 39.3
LLaMA-7B 1 0% T 55.3 (42.9/77.5) 56.2 (77.3/44.2) 62.0 (55.0/71.0) 11.1 (73.0/6.0) 52.3 49.7
LLaMA-7B 3 0% T 54.2 (39.4/86.7) 1.2 (90.9/0.6) 44.1 (87.6/29.5) 44.5 (39.5/50.8) 42.8 41.9
LLaMA-7B 0 25% T 65.1 (64.6/65.6) 77.0 (80.8/73.5) 73.5 (72.6/74.4) 74.2 (71.3/77.3) 72.0 72.7
LLaMA-7B 0 50% T 69.1 (69.9/68.3) 80.7 (80.6/80.7) 77.3 (78.7/76.0) 78.1 (75.6/80.8) 76.0 76.4
LLaMA-7B 0 75% T 70.7 (67.3/74.5) 82.2 (84.6/80.0) 76.3 (80.5/72.4) 78.1 (77.5/78.6) 76.5 76.4
LLaMA-7B 0 100% T 69.7 (66.2/73.5) 82.0 (82.4/81.7) 79.0 (81.0/77.1) 75.8 (80.6/71.6) 76.3 76.0

Alpaca-7B 0 0% T 34.4 (49.6/26.3) 62.8 (79.3/52.0) 50.2 (34.2/94.6) 44.5 (70.3/32.6) 48.8 51.4
Alpaca-7B 0 0% A 37.0 (52.5/28.6) 60.7 (75.3/50.8) 48.5 (32.8/93.3) 38.8 (77.6/25.8) 47.5 49.6
Alpaca-7B 1 0% T 53.8 (49.4/59.0) 59.5 (83.1/46.3) 57.9 (43.5/86.9) 37.0 (72.3/24.8) 54.1 54.3
Alpaca-7B 3 0% T 55.4 (43.9/74.8) 28.0 (90.6/16.6) 64.5 (60.8/68.6) 54.9 (55.1/54.7) 52.4 53.7
Alpaca-7B 0 25% T 65.1 (67.3/63.0) 77.0 (77.8/76.2) 74.6 (72.1/77.2) 70.8 (68.8/73.0) 71.7 72.4
Alpaca-7B 0 50% T 69.1 (69.8/68.3) 80.5 (78.7/82.4) 78.3 (79.7/77.1) 75.7 (75.9/75.6) 75.6 75.8
Alpaca-7B 0 75% T 70.5 (66.3/75.4) 80.6 (85.2/76.4) 76.3 (78.7/74.2) 74.2 (74.2/74.2) 75.2 75.0
Alpaca-7B 0 100% T 69.3 (69.1/69.5) 81.0 (82.3/79.8) 78.8 (79.2/78.4) 76.5 (74.7/78.3) 76.0 76.5

LLaMA-3-8B 0 0% T 3.4 (55.6/1.8) 55.9 (42.7/81.0) 51.0 (38.7/75.0) 19.9 (55.7/12.1) 41.8 42.5
LLaMA-3-8B 0 0% A 2.1 (56.2/1.1) 51.2 (36.1/88.3) 52.3 (47.4/58.5) 14.3 (65.4/8.0) 39.7 39.0
LLaMA-3-8B 1 0% T 52.7 (50.1/55.6) 67.1 (75.9/60.1) 60.4 (46.7/85.4) 37.9 (82.9/24.5) 56.8 56.4
LLaMA-3-8B 3 0% T 35.8 (62.0/25.2) 67.0 (79.5/57.9) 63.4 (53.3/78.2) 60.0 (46.1/86.2) 57.4 61.9
LLaMA-3-8B 0 25% T 68.2 (66.8/69.6) 78.5 (76.6/80.5) 74.4 (76.0/72.9) 72.4 (76.4/68.7) 73.3 72.9
LLaMA-3-8B 0 50% T 69.7 (71.0/68.5) 81.4 (79.0/84.0) 77.6 (82.3/73.3) 77.4 (74.8/80.2) 76.3 76.5
LLaMA-3-8B 0 75% T 71.8 (73.8/70.0) 83.2 (81.7/84.7) 80.6 (82.2/79.1) 80.2 (77.8/82.7) 78.7 79.1
LLaMA-3-8B 0 100% T 73.2 (74.0/72.5) 84.3 (83.0/85.8) 81.6 (83.1/80.2) 81.0 (80.4/81.6) 79.8 80.0

GPT-3.5 0 0% T 51.6 (35.1/97.3) 28.5 (90.5/16.9) 31.7 (79.9/19.8) 27.1 (81.5/16.2) 42.2 37.6
GPT-3.5 0 0% A 51.3 (34.9/96.5) 31.7 (88.8/19.3) 33.0 (83.2/20.6) 23.2 (80.8/13.6) 42.3 37.5
GPT-3.5 1 0% T 57.7 (42.7/88.9) 59.4 (84.8/45.7) 56.6 (76.1/45.1) 45.9 (80.0/32.2) 56.3 53.0
GPT-3.5 3 0% T 60.1 (48.9/78.2) 66.0 (80.0/56.1) 63.8 (76.4/54.8) 59.4 (67.1/53.3) 62.1 60.6

GPT-4 0 0% T 51.7 (35.0/99.3) 28.9 (97.5/16.9) 29.4 (95.5/17.4) 28.2 (91.4/16.7) 42.4 37.6
GPT-4 0 0% A 51.5 (34.8/98.9) 27.6 (94.3/16.2) 30.4 (95.7/18.0) 25.9 (89.6/15.1) 41.9 37.1
GPT-4 1 0% T 62.3 (48.1/88.2) 59.7 (83.4/46.5) 70.4 (81.6/61.9) 60.9 (81.1/48.7) 62.9 61.3
GPT-4 3 0% T 61.6 (49.0/83.1) 60.7 (84.9/47.2) 67.6 (85.2/56.1) 68.4 (71.6/65.4) 63.8 63.0

Table B1: F1(precision/recall), UA, and WA of LLMs on IEMOCAP under the 4-Way classification set-up. In table
headers, “N” stands for the number of ICL samples in the prompt; “P” stands for the proportion of training data
used for fine-tuning; “M” stands for the modality of input, either transcription (T) or ASR hypothesis (A).
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Model N P M Neutral Happy Angry Sad Other WA UA

GPT-2 0 0% T 0.1 (7.7/0.1) 23.1 (35.2/17.2) 27.5 (16.5/81.1) 0.5 (42.9/0.3) 15.2 (19.3/12.5) 19.0 22.3
GPT-2 1 0% T 13.3 (31.6/8.4) 26.6 (35.4/21.3) 19.2 (16.3/23.5) 27.4 (17.0/70.5) 0.0 (0.0/0.0) 20.1 24.7
GPT-2 0 25% T 37.0 (22.7/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 22.7 20.0
GPT-2 0 50% T 37.0 (22.7/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 22.7 20.0
GPT-2 0 75% T 37.0 (22.7/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 22.7 20.0
GPT-2 0 100% T 37.0 (22.7/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 22.7 20.0

LLaMA-7B 0 0% T 38.7 (29.8/55.2) 21.5 (81.8/12.3) 37.8 (30.3/50.0) 6.3 (65.5/3.3) 44.5 (42.1/47.3) 35.6 33.6
LLaMA-7B 0 0% A 37.0 (30.9/46.3) 13.4 (80.5/7.3) 17.3 (40.5/11.0) 0.0 (0.0/0.0) 48.0 (34.6/78.2) 34.5 28.6
LLaMA-7B 1 0% T 2.2 (59.4/1.1) 0.1 (100.0/0.1) 15.1 (60.9/8.6) 0.0 (0.0/0.0) 41.6 (26.5/97.2) 27.3 21.4
LLaMA-7B 3 0% T 11.1 (22.4/7.4) 0.2 (16.7/0.1) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 41.2 (26.5/92.3) 26.2 20.0
LLaMA-7B 0 25% T 51.2 (48.1/54.9) 74.3 (72.4/76.3) 49.3 (54.6/44.9) 62.5 (63.3/61.6) 49.9 (51.3/48.6) 57.4 57.3
LLaMA-7B 0 50% T 57.9 (54.5/61.7) 79.0 (77.1/80.9) 54.7 (57.7/52.0) 69.3 (73.8/65.3) 55.6 (56.7/54.6) 63.1 62.9
LLaMA-7B 0 75% T 60.8 (58.2/63.7) 82.3 (82.2/82.5) 56.4 (60.9/52.5) 72.9 (68.9/77.4) 57.3 (59.6/55.2) 65.9 66.3
LLaMA-7B 0 100% T 53.9 (57.5/50.6) 80.9 (77.6/84.5) 55.8 (63.6/49.8) 72.1 (69.8/74.5) 57.4 (54.5/60.7) 64.0 64.0

Alpaca-7B 0 0% T 18.1 (42.5/11.5) 52.6 (78.3/39.6) 29.2 (34.9/25.0) 29.2 (69.4/18.5) 48.4 (33.6/86.6) 40.5 36.2
Alpaca-7B 0 0% A 15.8 (41.3/9.8) 49.5 (74.3/37.1) 23.4 (31.5/18.6) 21.8 (72.8/12.8) 48.2 (32.9/90.0) 38.7 33.6
Alpaca-7B 1 0% T 0.2 (28.6/0.1) 0.5 (100.0/0.2) 5.1 (74.4/2.6) 0.0 (0.0/0.0) 42.0 (26.6/99.5) 26.9 20.5
Alpaca-7B 3 0% T 9.4 (17.1/6.4) 3.7 (24.3/2.0) 3.1 (18.1/1.7) 5.7 (10.4/3.9) 39.6 (26.1/81.5) 24.4 19.1
Alpaca-7B 0 25% T 48.9 (53.2/45.3) 73.8 (68.0/80.8) 51.2 (56.4/46.9) 63.4 (60.5/66.5) 52.1 (51.8/52.4) 58.2 58.4
Alpaca-7B 0 50% T 56.4 (54.0/59.1) 78.7 (76.8/80.6) 55.5 (58.9/52.4) 68.8 (74.6/63.8) 57.4 (57.0/57.9) 63.2 62.8
Alpaca-7B 0 75% T 57.9 (59.5/56.4) 81.0 (77.5/84.9) 58.9 (62.5/55.7) 70.2 (64.8/76.7) 56.9 (59.2/54.9) 65.0 65.7
Alpaca-7B 0 100% T 54.7 (55.6/53.8) 81.1 (77.7/84.8) 58.0 (60.3/55.9) 69.8 (65.3/75.0) 55.1 (57.8/52.6) 63.6 64.4

LLaMA-3-8B 0 0% T 1.6 (46.7/0.8) 44.5 (30.1/85.3) 38.5 (27.3/65.1) 12.4 (40.9/7.3) 0.4 (10.3/0.2) 29.4 31.7
LLaMA-3-8B 0 0% A 0.9 (44.4/0.5) 41.0 (26.5/90.7) 39.5 (32.4/50.6) 9.2 (47.8/5.1) 1.6 (23.6/0.8) 28.2 29.5
LLaMA-3-8B 1 0% T 44.1 (43.5/44.8) 68.5 (66.7/70.4) 39.8 (25.8/87.5) 22.8 (85.1/13.2) 2.7 (21.6/1.4) 40.5 43.5
LLaMA-3-8B 3 0% T 23.1 (63.9/14.1) 64.2 (70.8/58.7) 44.7 (40.1/50.5) 37.6 (23.5/94.7) 0.7 (21.2/0.3) 37.1 43.7
LLaMA-3-8B 0 25% T 54.6 (54.9/54.4) 76.6 (74.4/78.9) 46.9 (62.4/37.6) 67.4 (65.9/69.1) 54.4 (50.8/58.5) 60.5 59.7
LLaMA-3-8B 0 50% T 58.4 (60.3/56.7) 80.4 (78.3/82.7) 54.4 (65.5/46.5) 72.8 (70.5/75.3) 60.7 (57.2/64.6) 65.6 65.1
LLaMA-3-8B 0 75% T 60.2 (61.5/59.0) 81.9 (78.6/85.4) 56.9 (68.2/48.9) 74.6 (73.8/75.4) 61.8 (58.7/65.1) 67.2 66.8
LLaMA-3-8B 0 100% T 63.9 (66.1/61.9) 83.2 (81.4/85.1) 59.5 (66.0/54.1) 75.8 (76.7/74.9) 63.4 (59.8/67.5) 69.5 68.7

GPT-3.5 0 0% T 43.6 (28.7/91.2) 29.2 (87.0/17.5) 29.4 (63.4/19.1) 26.3 (72.2/16.1) 39.2 (52.5/31.3) 37.9 35.1
GPT-3.5 0 0% A 43.7 (28.8/90.9) 32.8 (87.3/20.2) 29.2 (61.1/19.2) 24.6 (75.7/14.7) 38.4 (51.1/30.7) 38.1 35.1
GPT-3.5 1 0% T 45.9 (36.3/62.5) 63.3 (74.8/54.9) 49.8 (46.7/53.4) 48.8 (65.4/38.9) 38.0 (44.7/33.1) 48.3 48.6
GPT-3.5 3 0% T 47.4 (43.1/52.7) 67.6 (69.8/65.6) 49.5 (40.4/63.9) 54.1 (45.4/66.8) 18.3 (41.4/11.7) 48.3 52.1

GPT-4 0 0% T 43.1 (28.0/93.7) 28.1 (94.1/16.5) 27.4 (82.6/16.4) 29.4 (85.7/17.7) 37.8 (53.8/29.1) 37.5 34.7
GPT-4 0 0% A 42.9 (27.7/95.3) 27.6 (94.3/16.1) 30.7 (79.2/19.0) 27.2 (79.5/16.4) 31.8 (51.5/23.0) 36.4 34.0
GPT-4 1 0% T 51.1 (37.9/78.2) 58.9 (80.4/46.5) 55.3 (49.9/61.9) 54.5 (62.0/48.7) 27.0 (45.6/19.1) 49.0 50.9
GPT-4 3 0% T 49.6 (39.8/65.8) 59.9 (81.7/47.2) 54.7 (53.5/56.1) 58.3 (52.5/65.4) 30.9 (40.5/24.9) 49.4 51.9

Table B2: F1(precision/recall), UA, and WA of LLMs on IEMOCAP under the 5-Way classification set-up. In table
headers, “N” stands for the number of ICL samples in the prompt; “P” stands for the proportion of training data
used for fine-tuning; “M” stands for the modality of input, either transcription (T) or ASR hypothesis (A).
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Model N P M Neutral Fearful Dissatisfied Apologetic Abusive Excited Satisfied MF1 WF1

GPT-2 0 0% T 0.1 (100.0/0.0) 0.0 (0.0/0.0) 9.3 (5.6/27.8) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 2.8 (1.4/64.8) 31.4 (35.7/28.1) 7.3 24.0
GPT-2 1 0% T 81.2 (69.8/97.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 23.3 (14.8/54.8) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 3.9 0.6
GPT-2 0 25% T 82.4 (70.1/99.8) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 69.9 (71.4/68.5) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 11.7 1.9
GPT-2 0 50% T 82.3 (70.0/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 69.6 (95.2/54.8) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 11.6 1.9
GPT-2 0 75% T 82.4 (70.3/99.5) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 58.9 (47.9/76.7) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 9.8 1.6
GPT-2 0 100% T 82.3 (70.0/99.8) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 68.1 (74.2/63.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 11.4 1.9

LLaMA-7B 0 0% T 82.1 (69.7/100.0) 0.0 (0.0/0.0) 0.3 (33.3/0.2) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 6.3 (75.0/3.3) 0.0 (0.0/0.0) 1.1 0.3
LLaMA-7B 0 0% A 82.1 (69.7/100.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 0.0
LLaMA-7B 1 0% T 83.0 (78.1/88.5) 26.1 (60.0/16.7) 2.6 (47.1/1.3) 0.0 (0.0/0.0) 57.9 (52.4/64.7) 16.0 (9.2/58.2) 59.0 (74.1/49.0) 26.9 42.6
LLaMA-7B 3 0% T 27.9 (81.2/16.9) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 0.0 (0.0/0.0) 39.2 (24.4/99.2) 6.5 27.2
LLaMA-7B 0 25% T 93.9 (91.5/96.4) 26.1 (60.0/16.7) 55.2 (81.6/41.7) 72.3 (93.5/58.9) 11.1 (100.0/5.9) 43.6 (69.0/31.9) 90.9 (89.1/92.7) 49.9 79.5
LLaMA-7B 0 50% T 94.4 (93.1/95.8) 41.7 (83.3/27.8) 68.6 (80.0/60.1) 75.8 (92.2/64.4) 64.0 (100.0/47.1) 51.4 (69.8/40.7) 91.1 (89.8/92.5) 65.4 83.6
LLaMA-7B 0 75% T 93.8 (93.0/94.5) 35.3 (37.5/33.3) 61.7 (84.9/48.5) 57.4 (41.5/93.2) 69.2 (100.0/52.9) 50.6 (54.4/47.3) 90.8 (88.7/93.1) 60.8 81.3
LLaMA-7B 0 100% T 94.2 (93.3/95.2) 43.8 (50.0/38.9) 68.1 (78.3/60.3) 75.4 (93.9/63.0) 69.2 (100.0/52.9) 51.3 (63.9/42.9) 90.7 (88.8/92.6) 66.4 83.2

Alpaca-7B 0 0% T 65.4 (85.3/53.1) 1.9 (1.1/11.1) 24.8 (28.5/22.0) 46.0 (85.2/31.5) 0.0 (0.0/0.0) 18.1 (13.8/26.4) 53.3 (38.7/85.7) 24.0 44.6
Alpaca-7B 0 0% A 65.5 (83.0/54.1) 2.0 (1.1/11.1) 22.9 (26.2/20.4) 52.9 (93.1/37.0) 0.0 (0.0/0.0) 17.3 (15.4/19.8) 50.7 (37.2/80.0) 24.3 42.6
Alpaca-7B 1 0% T 75.4 (81.4/70.2) 3.4 (1.9/22.2) 13.8 (23.8/9.8) 26.2 (100.0/15.1) 30.0 (100.0/17.6) 8.9 (4.8/65.9) 67.4 (69.4/65.6) 25.0 51.2
Alpaca-7B 3 0% T 65.4 (85.3/53.1) 1.9 (1.1/11.1) 24.8 (28.5/22.0) 46.0 (85.2/31.5) 0.0 (0.0/0.0) 18.1 (13.8/26.4) 53.3 (38.7/85.7) 24.0 44.6
Alpaca-7B 0 25% T 93.3 (91.9/94.7) 17.4 (40.0/11.1) 53.5 (72.5/42.4) 74.8 (92.0/63.0) 0.0 (0.0/0.0) 45.4 (64.0/35.2) 90.2 (86.6/94.2) 46.9 78.7
Alpaca-7B 0 50% T 94.4 (93.1/95.8) 43.5 (100.0/27.8) 68.1 (79.9/59.3) 74.2 (83.1/67.1) 64.0 (100.0/47.1) 46.0 (66.7/35.2) 91.0 (89.6/92.6) 64.5 83.2
Alpaca-7B 0 75% T 93.6 (91.0/96.4) 35.7 (50.0/27.8) 45.6 (90.6/30.5) 75.7 (79.1/72.6) 38.1 (100.0/23.5) 50.7 (67.3/40.7) 91.1 (88.7/93.6) 56.1 78.0
Alpaca-7B 0 100% T 94.0 (92.0/96.1) 10.5 (100.0/5.6) 62.2 (76.4/52.5) 71.8 (73.9/69.9) 0.0 (0.0/0.0) 39.3 (77.4/26.4) 90.7 (90.2/91.1) 45.8 80.7

LLaMA-3-8B 0 0% T 44.2 (79.5/30.6) 1.3 (0.6/55.6) 1.0 (13.0/0.5) 24.0 (14.6/67.1) 26.8 (15.8/88.2) 5.7 (2.9/81.3) 59.3 (59.6/59.1) 19.7 42.4
LLaMA-3-8B 0 0% A 47.0 (80.7/33.1) 1.2 (0.6/50.0) 1.0 (12.5/0.5) 24.1 (14.7/67.1) 27.5 (16.3/88.2) 5.7 (3.0/78.0) 59.2 (59.3/59.1) 19.8 42.3
LLaMA-3-8B 1 0% T 83.5 (76.3/92.3) 4.5 (3.8/5.6) 2.4 (16.0/1.3) 39.4 (30.8/54.8) 9.0 (4.7/100.0) 35.4 (46.4/28.6) 50.5 (87.4/35.5) 23.5 38.0
LLaMA-3-8B 3 0% T 55.5 (85.1/41.1) 0.0 (0.0/0.0) 0.3 (20.0/0.2) 35.3 (62.1/24.7) 2.3 (1.2/100.0) 24.6 (60.9/15.4) 54.8 (39.2/90.9) 19.5 39.9
LLaMA-3-8B 0 25% T 93.6 (90.7/96.7) 27.3 (75.0/16.7) 52.4 (87.6/37.4) 74.6 (97.8/60.3) 74.1 (100.0/58.8) 49.0 (64.3/39.6) 90.4 (89.5/91.3) 61.3 79.2
LLaMA-3-8B 0 50% T 93.8 (91.1/96.7) 26.1 (60.0/16.7) 56.5 (86.1/42.1) 76.4 (94.0/64.4) 74.1 (100.0/58.8) 49.3 (62.7/40.7) 90.5 (90.1/91.0) 62.2 80.3
LLaMA-3-8B 0 75% T 94.3 (92.4/96.3) 38.5 (62.5/27.8) 64.0 (85.2/51.3) 75.2 (83.3/68.5) 64.0 (100.0/47.1) 48.6 (66.0/38.5) 90.8 (89.5/92.2) 63.5 82.2
LLaMA-3-8B 0 100% T 94.5 (92.4/96.7) 50.0 (100.0/33.3) 66.2 (85.2/54.1) 74.4 (85.7/65.8) 78.6 (100.0/64.7) 52.1 (69.1/41.8) 90.8 (90.5/91.0) 68.7 82.9

GPT-3.5 0 0% T 82.8 (76.9/89.8) 20.7 (27.3/16.7) 8.2 (35.0/4.6) 61.9 (87.5/47.9) 61.5 (88.9/47.1) 31.6 (27.4/37.4) 50.0 (58.9/43.5) 39.0 40.0
GPT-3.5 0 0% A 82.9 (76.8/90.0) 28.6 (100.0/16.7) 8.2 (35.4/4.6) 61.9 (87.5/47.9) 61.5 (88.9/47.1) 31.5 (27.2/37.4) 49.7 (58.8/43.1) 40.2 39.8
GPT-3.5 1 0% T 66.0 (82.3/55.1) 36.4 (100.0/22.2) 13.5 (33.1/8.4) 7.9 (100.0/4.1) 75.7 (70.0/82.4) 10.7 (5.9/61.5) 56.0 (42.6/81.6) 33.3 43.2
GPT-3.5 3 0% T 57.9 (82.1/44.7) 10.0 (50.0/5.6) 16.6 (34.4/10.9) 36.0 (100.0/21.9) 69.0 (83.3/58.8) 6.4 (3.4/71.4) 59.3 (46.5/81.8) 32.9 46.7

GPT-4 0 0% T 88.3 (86.0/90.8) 50.0 (100.0/33.3) 16.4 (47.2/9.9) 52.5 (37.4/87.7) 74.1 (100.0/58.8) 42.2 (36.2/50.5) 79.0 (78.5/79.6) 52.4 62.3
GPT-4 0 0% A 88.3 (82.7/94.6) 41.7 (83.3/27.8) 47.9 (70.1/36.4) 47.9 (33.2/86.3) 75.9 (91.7/64.7) 39.8 (31.6/53.8) 66.6 (89.4/53.1) 53.3 60.8
GPT-4 1 0% T 78.8 (93.8/68.0) 41.7 (83.3/27.8) 52.5 (46.7/60.1) 42.7 (28.2/87.7) 83.3 (78.9/88.2) 14.6 (8.0/80.2) 71.8 (63.8/82.1) 51.1 64.4
GPT-4 3 0% T 83.2 (91.9/76.0) 26.1 (60.0/16.7) 51.1 (48.0/54.6) 55.0 (42.0/79.5) 77.8 (73.7/82.4) 28.0 (20.3/45.1) 74.2 (63.0/90.4) 52.0 66.5

Table B3: F1(precision/recall), MF1 and WF1 of LLMs on EmoWOZ. In table headers, “N” stands for the number
of ICL samples in the prompt; “P” stands for the proportion of training data used for fine-tuning; “M” stands for the
modality of input, either transcription (T) or ASR hypothesis (A).

Model N P M Development Set Test Set
Depressed Not Depressed Depressed Not Depressed

GPT-2 0 0% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 0.0 (0.0/0.0) 79.3 (65.7/100.0)

LLaMA-7B 0 0% T 47.5 (31.1/100.0) 11.4 (100.0/6.1) 52.2 (35.3/100.0) 8.3 (100.0/4.3)
LLaMA-7B 0 0% A 45.9 (29.8/100.0) 0.0 (0.0/0.0) 51.1 (34.3/100.0) 0.0 (0.0/0.0)
LLaMA-7B 1 0% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 0.0 (0.0/0.0) 79.3 (65.7/100.0)
LLaMA-7B 3 0% T 42.1 (27.9/85.7) 10.8 (50.0/6.1) 48.9 (33.3/91.7) 8.0 (50.0/4.3)
LLaMA-7B 0 25% T 0.0 (0.0/0.0) 81.0 (69.6/97.0) 0.0 (0.0/0.0) 79.3 (65.7/100.0)
LLaMA-7B 0 50% T 0.0 (0.0/0.0) 81.0 (69.6/97.0) 0.0 (0.0/0.0) 79.3 (65.7/100.0
LLaMA-7B 0 75% T 0.0 (0.0/0.0) 79.5 (68.9/93.9) 0.0 (0.0/0.0) 79.3 (65.7/100.0)
LLaMA-7B 0 100% T 0.0 (0.0/0.0) 76.3 (67.4/87.9) 0.0 (0.0/0.0) 79.3 (65.7/100.0)

Alpaca-7B 0 0% T 47.5 (31.1/100.0) 11.4 (100.0/6.1) 53.3 (36.4/100.0) 16.0 (100.0/8.7)
Alpaca-7B 0 0% A 45.9 (29.8/100.0) 0.0 (0.0/0.0) 53.3 (36.4/100.0) 16.0 (100.0/8.7)
Alpaca-7B 1 0% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 15.4 (100.0/8.3) 80.7 (67.6/100.0)
Alpaca-7B 3 0% T 45.9 (29.8/100.0) 0.0 (0.0/0.0) 51.1 (34.3/100.0) 0.0 (0.0/0.0)
Alpaca-7B 0 25% T 12.5 (50.0/7.1) 82.1 (71.1/97.0) 0.0 (0.0/0.0) 77.2 (64.7/95.7)
Alpaca-7B 0 50% T 11.8 (33.3/7.1) 80.5 (70.5/93.9) 0.0 (0.0/0.0) 77.2 (64.7/95.7)
Alpaca-7B 0 75% T 10.5 (20.0/7.1) 77.3 (69.0/87.9) 13.3 (33.3/8.3) 76.4 (65.6/91.3)
Alpaca-7B 0 100% T 18.2 (25.0/14.3) 75.0 (69.2/81.8) 0.0 (0.0/0.0) 75.0 (63.6/91.3)

LLaMA-3-8B 0 0% T 47.1 (32.4/85.7) 37.2 (80.0/24.2) 43.2 (32.0/66.7) 36.4 (60.0/26.1)
LLaMA-3-8B 0 0% A 46.4 (31.0/92.9) 21.1 (80.0/12.1) 42.9 (30.0/75.0) 14.3 (40.0/8.7)
LLaMA-3-8B 1 0% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 0.0 (0.0/0.0) 79.3 (65.7/100.0)
LLaMA-3-8B 3 0% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 0.0 (0.0/0.0) 79.3 (65.7/100.0)
LLaMA-3-8B 0 25% T 27.0 (21.7/35.7) 52.6 (62.5/45.5) 29.6 (26.7/33.3) 55.8 (60.0/52.2)
LLaMA-3-8B 0 50% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 0.0 (0.0/0.0) 77.2 (64.7/95.7)
LLaMA-3-8B 0 75% T 0.0 (0.0/0.0) 82.5 (70.2/100.0) 47.1 (36.4/66.7) 50.0 (69.2/39.1)
LLaMA-3-8B 0 100% T 20.0 (33.3/14.3) 78.4 (70.7/87.9) 47.1 (36.4/66.7) 50.0 (69.2/39.1)

GPT-3.5 0 0% T 54.5 (60.0/50.0) 79.2 (76.0/82.6) 64.3 (64.3/64.3) 84.8 (84.8/84.8)
GPT-3.5 0 0% A 37.5 (75.0/25.0) 81.5 (71.0/95.7) 56.0 (63.6/50.0) 84.1 (80.6/87.9)
GPT-3.5 1 0% T 13.3 (33.3/8.3) 76.4 (65.6/91.3) 40.0 (45.5/35.7) 78.3 (75.0/81.8)
GPT-3.5 3 0% T 37.5 (75.0/25.0) 81.5 (71.0/95.7) 56.0 (63.6/50.0) 84.1 (80.6/87.9)

GPT-4 0 0% T 63.6 (70.0/58.3) 83.3 (80.0/87.0) 59.3 (61.5/57.1) 83.6 (82.4/84.8)
GPT-4 0 0% A 44.4 (66.7/33.3) 80.8 (72.4/91.3) 41.7 (50.0/35.7) 80.0 (75.7/84.8)
GPT-4 1 0% T 80.0 (76.9/83.3) 88.9 (90.9/87.0) 55.6 (45.5/71.4) 72.4 (84.0/63.6)
GPT-4 3 0% T 74.1 (66.7/83.3) 83.7 (90.0/78.3) 58.5 (44.4/85.7) 58.5 (44.4/85.7)

Table B4: F1(precision/recall) of LLMs on DAIC-WOZ. In table headers, “N” stands for the number of ICL samples
in the prompt; “P” stands for the proportion of training data used for fine-tuning; “M” stands for the modality of
input, either transcription (T) or ASR hypothesis (A).
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Chapter 8

Infusing Emotions into Task-oriented
Dialogue Systems: Understanding,
Management, and Generation

This chapter summarises our work on enhancing task-oriented dialogue systems with emotional
behaviours across understanding, decision-making, and response generation, and gives a verbatim
copy of our manuscript (Feng et al., 2024a):

Shutong Feng et al. (Sept. 2024a). “Infusing Emotions into Task-oriented Dialogue Systems:
Understanding, Management, and Generation”. In: Proceedings of the 25th Annual Meeting of the

Special Interest Group on Discourse and Dialogue. Ed. by Tatsuya Kawahara et al. Kyoto, Japan:
Association for Computational Linguistics, pp. 699–717. DOI: 10.18653/v1/2024.sigdial-1.60. URL:

https://aclanthology.org/2024.sigdial-1.60/

8.1 Summary

In previous Chapters 5, 6, and 7, we focus primarily on emotion recognition learning. In the work
presented in this chapter, we step further to integrate emotion modelling throughout the full dialogue
pipeline. Specifically, we give our emotional task-oriented dialogue systems the ability to understand
user emotions, to generate emotionally appropriate responses, and to regulate system behaviours.

We extended the EmoWOZ dataset with affective behaviour labels for system utterances, resulting
in EmoWOZ 2.0. This expanded resource enables the modelling of the system’s affective behaviour,
which gives the system the ability to respond emotionally. We then set up systems with distinct
architectures: (1) a modular dialogue system with a policy optimised jointly for task success and
emotional appropriateness via reinforcement learning, and (2) an end-to-end large language model-
based system trained to generate responses conditioned on both task information and emotional
context via supervised learning. To support evaluation, we also utilise an emotion-aware user
simulator capable of producing both user utterances and emotional reactions in natural language.

We evaluate our systems using the corpus, an emotion-aware user simulator, and real humans.
Our results show that emotion-integrated systems significantly improve task success, user satisfaction,
and hallucination compared to emotion-agnostic baselines in both modular and end-to-end systems.
Our findings highlight the effectiveness of closing the emotional loop in dialogue and affirm the
importance of emotion in task-oriented dialogues.

8.2 Personal Contributions

I contributed to the construction of the EmoWOZ 2.0 dataset, the incorporation of emotion recognition
to dialogue state tracking, the development of the emotional natural language generator, the develop-
ment, training and evaluation of end-to-end models, the hallucination evaluation, the setup of human
trials, and paper writing. Hsien-Chin Lin contributed to the development of the user simulator, the

https://doi.org/10.18653/v1/2024.sigdial-1.60
https://aclanthology.org/2024.sigdial-1.60/
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training of the modular dialogue policy, and the corpus-based and simulator-based evaluation of
modular systems. Christian Geishauser contributed to the development and training of the modular
dialogue policy. Milica Gasić supervised the project. Co-authors assisted in writing and proofreading.
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Abstract

Emotions are indispensable in human com-
munication, but are often overlooked in task-
oriented dialogue (ToD) modelling, where the
task success is the primary focus. While ex-
isting works have explored user emotions or
similar concepts in some ToD tasks, none has
so far included emotion modelling into a fully-
fledged ToD system nor conducted interac-
tion with human or simulated users. In this
work, we incorporate emotion into the com-
plete ToD processing loop, involving under-
standing, management, and generation. To this
end, we extend the EmoWOZ dataset (Feng
et al., 2022) with system affective behaviour
labels. Through interactive experimentation in-
volving both simulated and human users, we
demonstrate that our proposed framework sig-
nificantly enhances the user’s emotional experi-
ence as well as the task success.

1 Introduction

In recent years, conversational artificial intelligence
(AI) has become increasingly prevalent in various
domains, providing users with interactive and per-
sonalised experiences. Emotions play a crucial
role in human communication and can influence
the way individuals perceive, process, and react
to information (Ekman, 1992). Consequently, in-
corporating emotions into conversational AI has
emerged as a promising avenue for improving user
experience and creating more human-like interac-
tions (Picard, 2000).

Task-oriented dialogue (ToD) systems, an im-
portant genre of conversational AI, are designed
to assist users in fulfilling specific tasks or queries.
In contrast to chit-chat or open-domain dialogue
systems, which focus on creating engaging and en-
tertaining conversations, ToD systems interact with
users in a more structured way with a clear objec-
tive under specific domains (Jurafsky and Martin,

*These authors contributed equally to this work.

2009). While significant advancements have been
made in natural language processing and ToD sys-
tems, there remains a critical challenge in creating
systems that can understand and respond to not
only the informational needs of users but also their
emotional states.

In ToD, emotion is centred around the user goal,
making it more contextual and subtle (Feng et al.,
2022). A recent study has shown that the valence
of user emotion in ToD positively correlates with
dialogue success (Lin et al., 2023). This observa-
tion aligns with a number of emotional theories.
For example, the appraisal theory of emotion ar-
gues that emotion is the result of our evaluation
of a situation (Arnold, 1960; Lazarus, 1966). In
relation to a ToD user goal, it is straightforward
to see how task fulfilment would lead to positive
emotions and failures to negative ones. Similarly,
the Ortony-Clore-Collins (OCC) model of emotion
states that emotion is the result of elicitation by
events, agents, and objects (Ortony et al., 1988).
Feng et al. (2022) have drawn the connection be-
tween the OCC model and user emotions in ToD.
Therefore, besides inferring emotional states from
dialogue utterances, an agent also needs to reason
about emotion-generating situations and to utilise
this information to achieve dialogue success.

The integration of emotion into the full ToD
pipeline has been a long-standing interest (Bui
et al., 2010; Ren et al., 2015). Yet, early works
explored analytical solutions in constrained set-ups,
which hindered their applications in more compli-
cated scenarios. Recently, a number of resources
emerged for studying user affect in ToDs, e.g. emo-
tion, sentiment, or satisfaction (Mendonca et al.,
2023; Feng et al., 2022). This has motivated efforts
to model user emotion via data-driven approaches,
such as emotional user simulation (Lin et al., 2023)
and user emotion recognition (Feng et al., 2023a;
Stricker and Paroubek, 2024). However, to the
best of our knowledge, no work so far has com-
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bined these emotional aspects into a fully-fledged
dialogue system and an interactive pipeline where
emotions play a role in understanding, generation,
as well as management of the conversation.

To achieve this, we need to endow the dialogue
system with the ability to respond with an affective
behaviour, closing the emotional loop between the
user and the system in ToDs. Towards this goal, we
make the following contributions:

• We extend EmoWOZ, a large-scale ToD
dataset for user emotions (Feng et al., 2022),
with annotations for affective conduct in 71k
system utterances. To the best of our knowl-
edge, this is the first large-scale and open-
source corpus dedicated to the system’s affec-
tive behaviour in ToDs.

• We incorporate emotion in the complete ToD
interaction loop for understanding, manage-
ment, and generation by building a mod-
ular system around an emotion-aware and
emotion-expressive policy. We also build an
emotional LLM-based end-to-end ToD sys-
tem that involves emotion in understanding
and generation.

• For our modular system, we train our dialogue
policy via reinforcement learning (RL) on the
natural language level, leveraging emotions
and task success as reward signals. We train
the end-to-end system on our newly collected
dataset via supervised learning (SL). For both
systems, we show through interactive evalua-
tion that emotion in the ToD loop can enhance
user’s emotional experience as well as the task
success. This highlights the importance of
modelling emotions in ToDs.

2 Related Work

In this section, we discuss related works on incor-
porating emotion in each stage of ToD pipeline: un-
derstanding, management, and generation. These
stages are modelled explicitly with multiple models
in modular systems and implicitly with a unified
model in end-to-end systems (Hosseini-Asl et al.,
2020; Stricker and Paroubek, 2024).

2.1 Understanding User Emotion
Modular ToD systems rely on natural language
understanding (NLU) and dialogue state tracking
(DST) modules to translate and accumulate seman-
tic concepts related to user goals. Typically, these

semantic concepts are strictly limited to those de-
fined in the ontology, i.e. domains, slots, and values
the system can talk about.

Given its potential as an important piece of in-
formation for the system’s subsequent decision-
making, emotion can be considered as part of the
dialogue state. Feng et al. (2022) showed that multi-
task training a DST model for emotion recognition
simultaneously improves its joint goal accuracy,
suggesting the complementarity between DST and
emotion recognition in conversation (ERC). Re-
cently, Stricker and Paroubek (2024) modelled user
emotion as an intermediate task in end-to-end ToD
systems and improved overall system performance.
Standalone ERC models dedicated to ToDs (Li
et al., 2023; Feng et al., 2023b) can be used in
modular systems in parallel with any DST to ex-
tend the dialogue state with user emotions.

2.2 Dialogue Management with Emotion
Feedback

In ToD, one way to train the dialogue policy is via
RL to maximise task success, indicated at the end
of the dialogue based on user goal fulfilment (Levin
and Pieraccini, 1997; Kwan et al., 2023). Since
user emotion is highly associated with task success
(Lin et al., 2023), it is intuitive to leverage user
emotion during the dialogue for providing more
dense and diverse reward signals. Bui et al. (2010)
incorporate user emotion into the policy state by
modelling affective dialogue management through
a factored partially-observable Markov decision
process (POMDP) and analytically find an optimal
policy. This is however neither feasible for larger
problems, nor has this been integrated in interactive
set-ups. Zhang et al. (2021) addressed the delayed
reward problem in dialogue policy learning with a
predefined emotion-based turn-level reward. Zhu
et al. (2024) consider the difference between the
user’s positive emotion intensity and the next turn’s
emotion utility value for top-k action selection. We
take a step further by incorporating emotion in
policy state and reward function. We then leverage
emotion in RL to find optimal semantic actions and
affective expression of the system, which has not
been explored before.

2.3 Generating Affective Response
The natural language generation (NLG) module
in ToD systems realises semantic actions from the
policy into natural language. Traditionally, ToD
NLG focuses on translating task-related semantic
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Figure 1: Infusing emotions into modular and end-to-end ToD systems.

actions and overlooks other aspects of system re-
sponses such as emotion. There have been efforts
to create datasets which help enrich ToD system re-
sponses with chit-chat (Sun et al., 2021; Chen et al.,
2022; Young et al., 2021). Stricker and Paroubek
(2024) attempted to refine end-to-end system out-
put with a large language model (LLM) under a
chain-of-thought framework to enhance simulated
system empathy. Different from previous works,
we aim to enrich system response with the subtle
affective conduct jointly with dialogue actions in a
fully controllable approach.

2.4 Simulating User Emotional Behaviour

User simulators (USs) simulate user behaviour in
ToDs. Although they are not a part of the system,
they play essential roles in training dialogue pol-
icy via RL and serving as an efficient evaluation
platform for dialogue policy (Eckert et al., 1997).
Most existing USs focus on modelling user’s be-
haviour in terms of semantic actions and natural lan-
guage by taking system semantic actions (Kreyssig
et al., 2018; Lin et al., 2021, 2022). Zhang et al.
(2021) built a US that additionally incorporated
handcrafted emotion transitions in different situa-
tions. Kim and Lipani (2022) used a data-driven ap-
proach and simulated satisfaction levels along with
the intent and the utterance. Lin et al. (2023) fur-
ther proposed data-driven EmoUS to model more
nuanced user emotions with enhanced controllabil-
ity via user persona settings. This motivates us to
move one step further to capture more fine-grained
affective expressions of the system from natural
language response directly.

3 EmoWOZ 2.0: A Fully
Emotion-annotated ToD Dataset

To study emotion in real-world interactions be-
tween users and human operators in the ToD set-
ting, we extend EmoWOZ (Feng et al., 2022) by
further annotating the affective behaviour of the
system, which is acted by human-beings. We call

this dataset with extended labels EmoWOZ 2.0. *

In ToDs, the user and the system play different
roles. Users may express a wide range of emotions
during interactions based on their goals and experi-
ences with the operator. The system is responsible
for managing and facilitating the conversation and
is supposed to behave professionally and politely
to achieve the goal. Therefore, it is necessary to
consider different sets of affective behaviours in
the user and the system respectively. We refer to
the concept of the operator’s affective behaviour as
affective conduct, or conduct for short.

Annotation Scheme According to studies on
customer satisfaction in business (Grandey et al.,
2011), competent operators in ToD try to guide user
emotion towards positive valence by making use
of subtle emotion in their response while provid-
ing correct information. By considering the set of
user emotions in EmoWOZ and the OCC emotion
model (detailed justification in Appendix A.1), we
arrive at five affective conduct classes:

• Neutral: the operator does not explicitly make
use of any affective conduct.

• Compassionate: the operator is sympathetic
about user’s situation, usually in response to a
fearful/disappointed user in an unpleasant situa-
tion.

• Apologetic: the operator apologises for their mis-
take, usually in response to a dissatisfied user.

• Enthusiastic: the operator is feeling happy for
the user or showing extra eagerness to help. This
conduct takes place usually in response to a neu-
tral or excited user.

• Appreciative: the operator acknowledges the –
at least partial – task success, usually signalled
as user’s satisfaction.

Annotation Set-up We annotated the conduct for
all operator utterances in the MultiWOZ subset of

*EmoWOZ 2.0 is released under CC By 4.0 NC license,
following the original EmoWOZ release. The dataset can be
found at https://gitlab.cs.uni-duesseldorf.
de/general/dsml/emowoz-2.0-public/
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EmoWOZ. Machine-generated system responses
in the DialMAGE subset came from a template
NLG, which we considered to have neutral conduct
because those templates aimed to express actions
concisely rather than conveying emotions by de-
sign.

We followed the data collection and quality as-
surance set-up of EmoWOZ and conducted the
annotation via the Amazon Mechanical Turk plat-
form. Details and an illustration of the annotation
interface can be found in Appendix A.2.

Annotation Quality Each utterance has been an-
notated by at least three annotators. The inter-
annotator agreement as measured with Fleiss’
Kappa is 0.647, suggesting substantial inter-
annotator agreement. The annotator confusion ma-
trix and label distribution can be found in Appendix
A.3 and A.4, respectively.

4 Infusing Emotions into ToD Systems

We propose to incorporate emotion into the full
interactive ToD pipeline, which is primarily com-
prised of three stages: understanding, management,
and generation. We aim for understanding to ac-
curately recognise the user’s emotion in addition
to the task-centred dialogue state. For dialogue
management, we make use of emotion for optimal
action selection. Lastly, we additionally condition
the natural language generation on the system con-
duct to generate more diverse and emotion-aware
responses. These are realised in each modular sys-
tem component individually (Section 4.1 to 4.3)
and as intermediate tasks in the unified model in
end-to-end systems (Section 4.4). *

4.1 Expanding Dialogue State with Emotion

In our modular system, we use an ERC model in
parallel with a DST model. This allows a flexible
selection of DST and the associated ontology. The
inferred user emotion is appended to the dialogue
state.

For ERC, we use the ContextBERT-ERToD
model (Feng et al., 2023a) as our user emotion
recognition front-end because of its good ERC abil-
ity and fast inference. It is a BERT-based classifi-
cation model (Devlin et al., 2019) that considers
dialogue context and state in addition to the user

*The code of pipeline systems, end-to-end sys-
tems, and the user simulator can be found at
https://gitlab.cs.uni-duesseldorf.de/
general/dsml/emoloop-public/

utterance. It reports a weighted F1 score of 83.9%
for emotions excluding neutral.

For DST, we use the SetSUMBT model (van
Niekerk et al., 2021). This model, based on the
RoBERTa language model (Liu et al., 2019) and a
recurrent context tracker adopts a picklist approach
to DST. Specifically, we employ the Ensemble-
Distribution-Distilled variant of Set-
SUMBT, a refined version that distils knowledge
from an ensemble of models. This version reports
a joint goal accuracy of 51.22% on MultiWOZ.
The architectural design of SetSUBMT also allows
transferability to new domains, and such an abil-
ity has been exemplified with a transformer-based
dialogue policy under a continual learning set-up
(Geishauser et al., 2024).

4.2 Emotion-aware Dialogue Policy
For dialogue management in the modular system,
we build a dialogue policy that considers the user
emotion in the input and produces an emotion-
augmented system output. We utilise the dynamic
dialogue policy transformer (DDPT) architecture
(Geishauser et al., 2022) since it was built for op-
timising dialogue policies that require extendable
input and output, which facilitate the adaptation
to new domains and ontologies. The dialogue pol-
icy leverages emotions in three ways: considering
user emotion in the input, generating system af-
fective conduct in the output, and considering user
emotion in the reward for RL.

Emotion Input and Output The user emo-
tion, as a part of the dialogue state, is incor-
porated into the dialogue state through embed-
ding the perceived user emotion with RoBERTa.
For semantic action selection, DDPT pro-
duces a sequence of domain-intent-slot triplets
auto-regressively through its transformer de-
coder, e.g. restaurant-inform-phone,
restaurant-request-food, until a stop to-
ken is generated. In order to predict emotional
system conduct, after DDPT outputs the semantic
actions, we decode the sequence for one more step
to generate the system conduct action, considering
the perceived user emotion from the dialogue state.

Emotion Augmented Reward We incorporate
user emotion into the reward for RL by consider-
ing the associated sentiment. More specifically,
we define c(satisfied) = 1, c(dissatisfied) =
c(abusive) = −1, c(neutral) = 0. For the re-
maining user emotions that are not elicited by the
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system, we set c(emotion) = 0. For any emotion e,
we multiply c(e) by a hyperparameter β to weight
the influence of emotion in the reward. Note that
utilizing β · c(e) directly could encourage the dia-
logue policy to produce long dialogues with unnec-
essary turns as long as they produce positive user
sentiment. In order to prevent this, we shift β · c(e)
such that it is at most 0 by defining the emotion
reward for an emotion e as remo(e) = β · c(e)− β.

The emotional reward is combined with the stan-
dard reward rtask in dialogue policy learning that
equals−1 in every non-terminating turn for encour-
aging efficiency and either −T or 2T for dialogue
failure or success, where T denotes the maximum
permitted number of turns. The final reward is thus
given by r = rtask + remo. We refer to this policy
with expanded dialogue state input, expanded dia-
logue action output, and emotion reward as EmoD-
DPT.

4.3 Expressing Emotion in Response
Our modular system NLG was built based on the
BART model (Lewis et al., 2020). We followed
existing works to formulate the ToD NLG problem
as a sequence-to-sequence task (Peng et al., 2020;
Zhu et al., 2023) where the input is a sequence
containing semantic concepts in textual form (e.g.
tuples of [intent, domain, slot, value]), and the
output is natural language conveying the semantic
meaning. Our model input consists of the user utter-
ance, system semantic actions, and the system con-
duct. We refer to our system NLG as SEC-BART:
a both semantically and emotionally conditioned
BART. In our ablation study, we used SC-BART,
the version that is only conditioned on the semantic
actions in the non-emotional ToD pipeline.

On MultiWOZ, SEC-BART achieves a BLEU
score of 34.9 and a slot error rate of 3.6%, compara-
ble to existing SOTAs (Peng et al., 2020; Zhu et al.,
2023). Details of model training and performance
can be found in Appendix C.

4.4 Emotional End-to-end System
We follow the work of Stricker and Paroubek
(2024), where ERC is added as an intermediate
task in the end-to-end ToD modelling, i.e. emo-
tion is incorporated in the understanding stage. We
further consider emotion in the generation stage
by predicting the system conduct in the end-to-
end pipeline, as illustrated in Figure 1b. To this
end, we build a LLaMA-based end-to-end ToD sys-
tem that involves emotion in both understanding

and generation, with LLaMA-2-7B (Touvron et al.,
2023) as the backbone. As illustrated in Figure
1b, it takes dialogue history and the recognised
user emotion as input, and then auto-regressively
generates the dialogue state, user emotion, system
actions, system conduct, and delexicalised natural
language response. The response is then lexicalised
via database queries based on the intermediately
generated dialogue state and system actions. We
refer to this end-to-end model as EmoLLAMA.

We did not train EmoLLAMA via RL with task
and emotion feedback from the user simulator be-
cause it would take more than 20 days on an A100
40GB to simulate the same number of dialogues as
we did to train the EmoDDPT policy in the mod-
ular system. We therefore leave efficient training
of LLM-based ToD systems via RL as a future
research direction.

4.5 Emotional User Simulation

Traditionally, user simulators interact with the sys-
tem on the semantic level for efficiency. To capture
more fine-grained expressions of system conducts
in natural language, we build langEmoUS based
on EmoUS (Lin et al., 2023). langEmoUS interacts
with the system on the natural language level, e.g.
it takes the system utterance, user goal, turn infor-
mation and user persona as inputs and generates
user emotion and user utterance. The turn infor-
mation represents the dialogue progress, i.e. the
turn number. Following the setting in Lin et al.
(2023), the user persona is extracted from the di-
alogue history, e.g. if a user is excited to visit a
museum in the conversation, then its persona is
{attraction : excited}, when training the user
model supervisedly. During inference, the user per-
sona is sampled from the distribution of the corpus.

LangEmoUS achieves macro F1 scores of 0.742
and 0.521 for user sentiment prediction and emo-
tion prediction, respectively, significantly outper-
forming existing state-of-the-art models (Kim and
Lipani, 2022; Lin et al., 2023) (see Appendix B).

5 Experimental Set-up

5.1 Modular System Set-up

EmoLoop This is our proposed modular system
with emotion incorporated for understanding, man-
agement, and understanding, as outlined in Fig-
ure 1a and Figure 2. It includes the following
modules: SetSUMBT DST, ContextBERT-ERToD
ERC, EmoDDPT policy, and SEC-BART NLG.
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EmoDDPT is trained via RL on the natural lan-
guage level with langEmoUS.

SimpleLoop This is the non-emotion baseline to
EmoLoop. It neither predicts user emotion for the
state, uses emotion reward to train the policy, nor
generates system conduct for emotional response
generation. Specifically, it includes the following
modules: SetSUMBT DST, DDPT policy, and SC-
BART NLG. DDPT is trained via RL on the natural
language level with langEmoUS.

5.1.1 Dialogue Policy Optimisation
We implement our system in the ConvLab-3 frame-
work (Zhu et al., 2023). We pre-trained the policy
on MultiWOZ 2.1 (Eric et al., 2020), followed by
online RL through interaction with our US. During
RL, in addition to the emotion reward as outlined in
Section 4.2, we set the task reward as −1 in every
turn to encourage efficiency, and 80 or −40 for di-
alogue success or failure. A dialogue is successful
if the system provides the requested information to
the user and books the correct entities (if possible).
For emotional reward, we set β = 2. We pre-train
each policy on MultiWOZ, followed by 15k dia-
logues with langEmoUS via RL for 6 random seeds.
For every 1k dialogues of training, we evaluate the
policy for 500 dialogues. We use overall return to
select the best checkpoint. All peripheral modules
were trained, implemented, and evaluated in the
ConvLab-3 environment.

ContextBERT-
ERToD

langEmoUS

Goal

Persona

Turn count

EmoDDPTSetSUMBT
Database

SEC-BART

Figure 2: RL training set-up for EmoDDPT.

Language-level RL Training As illustrated in
Figure 2, our policy, EmoDDPT, interacts with
langEmoUS on the natural-language level where
the policy actions and conduct (asys, esys) is re-
alised into natural language, usys with SEC-BART.
The US takes natural-language input and outputs
natural-language user utterances uusr after auto-
regressively generating the simulation target user
emotion uusrsim and user actions ausr. The perceived
user emotion eusr and dialogue state s are deter-
mined by ContextBERT-ERToD and SetSUMBT
respectively.

5.2 End-to-end System Set-up
EmoLLAMA This our proposed end-to-end sys-
tem as described in Section 4.4.

SimpleLLAMA This is the non-emotional base-
line, which is also used in the work of Stricker and
Paroubek (2024). Compared with EmoLLAMA,
it does not consider user emotions as a part of the
model input, nor does it auto-regressively predict
user emotion and system conduct.

Both EmoLLAMA and SimpleLLAMA are
trained and evaluated with EmoWOZ 2.0 using the
environment provided by Stricker and Paroubek
(2024) and following default parameters. Their in-
teractive evaluations were set up in the ConvLab-3
environment.

5.3 Evaluation
Corpus Evaluation We report inform and suc-
cess rates. Inform rate evaluates if the system pro-
vides entities from the database that fulfill user’s
constraints. Success rate assesses if the system
delivers all information requested by the user. To
generate each system response, the ground-truth
dialogue history was used as system input.

Interactive Evaluation For interactive evalua-
tion, our systems interact with langEmoUS. We
report the success rate and the average user sen-
timent in simulated dialogues to account for user
emotional experience. Specifically, the turn-level
sentiment score is +1 if the user emotion is posi-
tive, 0 if neutral and−1 if negative. User sentiment
is determined by the ERC.

Human Trial We set up a human trial using the
DialCrowd toolkit (Huynh et al., 2022) on the Ama-
zon Mechanical Turk platform. We set up two
pairs of comparison: 1) SimpleLLAMA vs. EmoL-
LAMA and 2) SimpleLoop vs. EmoLoop. Volun-
teers are presented with randomly generated sin-
gle or multi-domain goals. A goal contains a set
of constraints for entities that the user should be
looking for (e.g. the price range and the location
of a restaurant) and specifies the information they
should extract from the system (e.g. the phone
number and booking reference of the restaurant).
Given a goal, volunteers would need to talk to each
system to fulfill the goal. They then give ratings
to each of them based on objective (whether the
goal has been fulfilled) and subjective metrics (how
they feel about the system). Survey questions in-
clude objective task success and subjective user
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System Type Corpus User Simulator Human
Inform Success Success Sentiment Success Sentiment Rating

SimpleLLAMA End-to-end 0.785 0.705 0.330 0.214 0.819 3.97
EmoLLAMA End-to-end 0.833 0.760 0.342 0.250 0.894 4.16

SimpleLoop Modular 0.700 0.621 0.556 0.337 0.798 3.85
EmoLoop Modular 0.753 0.635 0.531 0.405 0.917 4.15

Table 1: System evaluation, including corpus-based evaluation, interaction with user simulator and human trial.
Values in bold mean best scores with statistically significant difference p < 0.05.

sentiment. Details of the website interface and
survey questions can be found in Appendix D. To
obtain more reliable ratings, we filtered out dia-
logues with poor quality, e.g. containing very short
user utterances or non-natural language, and with
inconsistent ratings, e.g. system A had better rating
in all aspects but overall the rater found system
B better. Overall, we collected 203 valid ratings
for the SimpleLLAMA-EmoLLAMA comparison
and 253 for the SimpleLoop-EmoLoop comparison
from 40 unique raters.

6 Results and Discussion

6.1 Corpus Evaluation

Although it is not a common practice to evaluate
RL-trained modular ToD systems on a corpus, we
provide such results for a basic understanding and
comparison with end-to-end systems. Our goal is
not beating SOTA on task-related metrics, but ex-
amining interactive abilities of the system and the
role of emotion in it. As shown in Table 1, incorpo-
rating emotion significantly improves inform rate
of both types of systems and success rate of the
end-to-end system.

It is not surprising that modular systems under-
perform when compared with end-to-end systems.
Modular systems are trained via RL, which allows
the policy to explore more diverse dialogue trajec-
tories but diverges from what a policy can learn
from the corpus only. This reflects the limitation
of corpus evaluation in accounting for ToD system
performance, as pointed out by Lubis et al. (2022).

6.2 Evaluation with User Simulator

In interactive evaluation, both EmoLoop and
EmoLLAMA perform significantly better in terms
of average sentiment than their respective non-
emotional baseline while maintaining the same
level of success rate. For end-to-end models, de-
spite the fact that they are not optimised via RL
with the simulated user, the average sentiment in
the simulated user also improves significantly.

When comparing performance across system
types, modular systems perform better than end-
to-end models on task success and simulated user
sentiment since modular system policies have been
optimised for the simulated user via RL. SimpleL-
LAMA and EmoLLAMA, trained via SL only, can-
not adequately cope with the more diverse user
goals and situations of the simulated user. This
motivates our future work to leverage the simulated
user and to train end-to-end systems via RL.
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Figure 3: The average hallucination rate of modular
systems during RL training with langEmoUS. For end-
to-end systems, we report hallucination rate after SL.
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Figure 4: Average sentiment at different turn positions
during language-level interaction with langEmoUS.

Hallucination In ToD, a hallucination is defined
as a value in the system response that is not sup-
posed to be informed according to system actions.
As shown in Figure 3, the hallucination rate of each
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type of systems is improved as emotion is incor-
porated into the pipeline. The hallucination rate
is lowered from 1.8% for SimpleLLAMA to 1.4%
for EmoLLAMA. We observe that end-to-end sys-
tems are more prone to the hallucination problem
than modular systems as slot placeholders in the
delexicalised end-to-end system response do not al-
ways match the intermediately generated dialogue
actions. Hallucination rates of SimpleLoop and
EmoLoop are around 1.3% at the beginning of the
interactive RL training and continue to improve as
the RL progresses.

Progression of User Sentiment in Dialogues
Figure 4 shows the average sentiment of langE-
moUS at each turn of interactions with our systems.
The sentiment level of langEmoUS becomes more
positive as the dialogue progresses and moves to-
wards user goal completion in all systems. The
primary difference between modular systems and
end-to-end systems is that in earlier turns, modular
systems are able to satisfy the simulated user better,
as illustrated in higher and more positive sentiment
level before turn 8.

6.3 Human Trials

We carried out human trials to compare two pairs
of systems in Table 1. Within each pair of compari-
son, the emotion-incorporating model significantly
outperforms its non-emotion version in terms of
both the success rate and user sentiment. This fur-
ther confirms our findings from corpus and user
simulator evaluations. Example dialogue excerpts
are given in Appendix D.3 to exemplify how emo-
tional ToD systems made use of affective conduct
in case of neutral and unsuccessful interactions.

Although human ratings across system types
are not directly comparable, it is noteworthy that
the absolute improvement from SimpleLLAMA to
EmoLLAMA (∆Success = 0.075, ∆Sentiment =
0.19) is smaller than that from SimpleLoop to
EmoLoop (∆Success = 0.119, ∆Sentiment =
0.30). Such difference can be attributed to the lack
of RL training in LLM-based systems.

6.4 Ablation Study

We ablate our emotional modular and end-to-end
systems by incorporating emotion in different parts
of the pipeline. Table 2 summarises their interac-
tive performance with langEmoUS.

For both modular systems and end-to-end sys-
tems, incorporating emotion does not significantly

System Und Gen Man Success Sentiment

SimpleLLAMA - - - 0.330 0.214
+ - - 0.360 0.233
- + - 0.373 0.229

EmoLLAMA + + - 0.342 0.250

SimpleLoop - - S 0.556 0.337
+ - S+E 0.559 0.354
- + S 0.543 0.361

EmoLoop + + S+E 0.531 0.405

Table 2: Success and average user sentiment of sys-
tems from the interactive evaluation with langEmoUS.
+/- means whether emotion is involved in the corre-
sponding ToD stage: Understanding, Management, or
Generation. For Management, “-” means the system is
trained via SL,“S” and “E” mean training via RL with
success reward and emotion reward respectively.

change task success with the user simulator (p >
0.5). The average user sentiment does improve
slightly as emotion is introduced in understanding
(plus management) and generation. Yet, the im-
provement from the non-emotional base system
only becomes significant when emotion is added
to all ToD stages. This highlights the importance
of considering emotion in the whole ToD loop: it
is necessary not only to understand user emotion
but also to make use of it for dialogue management
and respond with the appropriate conduct. *

Figure 5 illustrates the change in the average
sentiment of the simulated user during RL. At the
beginning, average sentiments of modular systems
fall in the similar range as SL-trained end-to-end
systems, and are then further improved by RL. This
highlights the importance of task success and emo-
tion feedback signal for RL in ToD systems.
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Figure 5: The average sentiment of langEmoUS during
RL training of modular policy.

*See Appendix E.1 for ablation study on EmoLoop with
SL policy. A similar trend has been observed.
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7 Conclusion

In this work, we incorporate emotion into the com-
plete ToD processing loop, involving understand-
ing, management, and generation. To achieve this,
we first enrich the EmoWOZ dataset with system
conduct labels to construct EmoWOZ 2.0. We then
build modular and end-to-end ToD systems, as well
as emotional user simulators with the newly col-
lected dataset. We train the modular system pol-
icy via RL with the emotional user simulator and
the end-to-end system via SL on EmoWOZ 2.0.
Through interactive evaluation with both simulated
and human users, we show that incorporating emo-
tion into ToD systems can improve user’s emotional
experience as well as task success.

There is still a long way to go from our work to
the perfect emotional ToD system. Yet, we show
our method as a promising avenue to achieve this
ultimate goal. In our study, we directly translate
user emotion labels into valence scores on a linear
scale as a reward for RL. We believe that utilising
the full set of user emotion labels for diverse reward
would be a promising future direction.

We hope that with our work, we can motivate
future research efforts to look at user experience
beyond task success for ToDs and bring about in-
sights to other task-oriented conversation settings.
We would also like to highlight the opportunities
in further improving LLM-based end-to-end ToD
systems via RL, combining established approaches
for policy training in modular systems and recent
advancements in LLM research in other applica-
tions.

8 Limitations

One of the main limitations of modular ToD sys-
tems is the error accumulation in the pipeline for
both modular and end-to-end systems. In modular
systems, since each module is trained with a dataset
associated with a limited ontology, the concepts
that the system can understand and express are also
limited. Although the DDPT policy, SetSUMBT
DST, and many other models such as Trippy-R
(Heck et al., 2022) are built with the ability to han-
dle out-of-domain requests, the generalisability and
robustness of ToD systems are still challenges in
the field that is yet to be solved.

All system modules have been trained in a su-
pervised fashion on EmoWOZ 2.0. Therefore, the
dataset contains limited dialogue situations and in-
herent bias. As seen in the dialogue examples in

the appendix, the emotional responses are also lim-
ited. Yet, EmoWOZ 2.0 is the best resource we
have at the moment. Data augmentation has been
applied when training the NLG and the ERC model
to mitigate the lack of diversity in the dataset. The
RL training of the policy also allows the policy to
explore more diverse dialogue trajectories. For the
user simulator, considering data augmentation and
more attributes of users, e.g. a more fine-grained
user persona from chit-chat, would be a potential
future direction to improve the diversity in simu-
lated user behaviours.

Although LLMs can have better performance
on each ToD modelling task and therefore could
potentially serve as more powerful modules in
EmoLoop, we did not move in this direction since
their high computing resource requirement and
slow inference speed would hinder their integration
into our systems for interactive training and evalua-
tion. Training modular system policy with langE-
moUS for 15k dialogues on one Nvidia GeForce
RTX 2080 Ti takes around 40 hours. The train-
ing time and memory required will be significantly
increased if modular systems use LLM-based mod-
ules. On the other hand, while LLM-based end-
to-end systems may provide a bypass since one
LLM is sufficient, implementing RL training on
such systems to further leverage task success and
emotion signals from the user simulator is another
computationally expensive challenge that are yet
to solve.

Some of our generative system modules are
based on pre-trained language models. Although
we have not been reported any harmful generations
in the human trail, there is still the possibility for
unexpected behaviour when this system is deployed
and tested on a very large scale.

For human evaluation, we conducted experi-
ments on Amazon Mechanical Turk platform rather
than deployed our systems in the production envi-
ronment. The participants, despite coming from
different countries, are from covering all demo-
graphics.

9 Ethics Statement

Models, codes and datasets were used in accor-
dance with their respective licenses, terms of use
and intended use. The data that we used and gener-
ated does not contain any information that names
or uniquely identifies individual people or offen-
sive content. The model we used for generating
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augmented samples has implemented training ob-
jectives for enhanced safety (Appendix C). Systems
we used for interaction with real users were very
unlikely to generate offensive content as they were
fine-tuned on large-scale training data to convey a
limited scope of semantic concepts. No offensive
content was reported by human users nor observed
in post-hoc inspection.

For system conduct annotation, annotators were
required to read and agree with our statement of
consent for data use before the task. Annotators
were paid fairly according to the local regulations
of our research institute. We ensured swift commu-
nication with annotators so that their concerns were
addressed as soon as possible. For poor-quality an-
notations, we still pay the annotators for their time
but block them from our task to ensure data qual-
ity and collection efficiency. All annotations are
anonymised.

The data annotation and interactive human trial,
which involves decision making based on human
emotions, have been approved by the ethics review
board of the research institute. The proposed sys-
tem learns how to manipulate human emotional
state. Although the system is trained to elicit pos-
itive user emotion, this could still be of potential
ethical concern and would require greater delibera-
tion when deployed in real-life and more complex
scenario.
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A EmoWOZ 2.0 Construction

A.1 Annotation Scheme Justification

Under the framework of the OCC emotion model and the definition of emotional empathy that the
observer shares the emotional state of another person (Davis, 2018), we can derive the corresponding
emotional response from the system. Considering the following user emotion and situation where:

The user is labelled as Fearful, or feeling negative because of an event which has negative consequences
on the user his or herself (as defined in EmoWOZ).

An empathetic operator would share the same feeling as the user (therefore also feeling negative). Yet,
the feeling in the operator is elicited by an event which has negative consequences on the user (the other
party). This feeling is defined as pity, or compassionate in the OCC model.

A.2 Annotation Interface

We adopted the same annotation set-up, annotator selection criteria, and quality assurance approaches as
outlined by Feng et al. (2022). Each utterance is annotated by three annotators, who were provided with
the entire preceding dialogue history when annotating the current utterance. Annotators were English
speakers. The final label was obtained from majority voting. When the agreement could not be reached, a
fourth annotator was introduced. Overall, 54 crowd workers have contributed to our study.

Operator Conduct Annotation

Instructions (Click to collapse)

In this task, you will be shown dialogue turns between a User and an Operator. You will be supplied with the following information:

User's request
Operator's response

You will then be prompted to answer the following questions regarding the Operator:

Which of the following best describes the conduct of the Operator?

Compassionate
The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user. E.g.
User: I appreciate your help. Do you know how quickly the police will respond? I may need some medical help as well.
Operator: The police will arrive soon, are you injured?

Apologetic
The operator is expressing regretful acknowledgement of an offence or failure. E.g.
User: Yes, please. 6 people 3 nights starting on tuesday.
Operator: I am sorry but I wasn't able to book that for you for Tuesday. Is there another day you would like to stay or perhaps a shorter stay?

Enthusiastic
The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.
User: Are there anything fun to do in city centre?
Operator: My favorite attraction in the centre of the city is a concert hall called Man on the Moon. It is amazing! They are at 2 Norfolk Street.

Appreciative
The operator is showing pleasure for successfully fulfilling the user's goal or request.
User: You were great. Goodbye.
Operator: We are happy to help. Have a good day!

Neutral
The operator does not explicitly show any emotional conduct. E.g.
User: I am departing from birmingham new street.
Operator: Can you confirm your desired travel day?

If you have any questions, please contact 

Question #1 (PMUL4981.json)

User: Hey there, I want to get a train to Cambridge for Thursday please
Operator: Okay, from where are you departing?

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #2 (PMUL4981.json)

User: I am coming in from the Stansted Airport.
Operator: What time will you need to be traveling?

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #3 (PMUL4981.json)

User: I would like to arrive by 15:45, need the departure time and train ID.
Operator: Okay the TR2473 leaves at 14:24 and arrives by 14:52. It's 28 minutes.

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #4 (PMUL4981.json)

User: Thanks! I'm also looking for an attraction in the centre area.
Operator: what type of attractions are yopu looking for?

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #5 (PMUL4981.json)

User: multiple sports please. whatever that is.
Operator: Whatever it is, there is not a spot for in the centre, shall I search for something else?

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #6 (PMUL4981.json)

User: How about a college instead?
Operator: Christ's College meets your criteria. Would you like more information?

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #7 (PMUL4981.json)

User: Can I get their address and phone number please?
Operator: Yes, here you go saint andrew's street and 01223334900

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #8 (PMUL4981.json)

User: Thank you. Is there an entrance fee?
Operator: Nope. It's free!

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #9 (PMUL4981.json)

User: Thank you for your help.
Operator: Welcome. Is there anything else that I can help you with?

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

Question #10 (PMUL4981.json)

User: No, that will be all. Thanks so much for your time. Bye.
Operator: You're welcome, have a good day

Which of the following best describes the conduct of the Operator?

Compassionate (The operator is showing sympathy, concern, or sadness for the user (e.g. because of the user's suffering or bad luck), and is wanting to help the user.)
Apologetic (The operator is expressing regretful acknowledgement of an offence or failure.)
Enthusiastic (The operator is showing extra helpfulness (e.g. using emotionally colourful words when trying to convince the user about a recommendation), or feeling happy for the user because of something good happening to the user.)
Appreciative (The operator is showing pleasure for successfully fulfilling the user's goal or request.)
Neutral (The operator does not explicitly show any emotional conduct.)

submit  ← Click here to submit your response.

Figure A.1: Web-interface for conduct annotation.
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A.3 Annotator Confusion Matrix
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Figure A.2: Annotator confusion matrix.

A.4 System Conduct Distribution

Conduct Count Proportion

Neutral 52,236 73.0%
Appreciative 9,763 13.6%
Enthusiastic 6,364 8.9%
Apologetic 3,049 4.3%
Compassionate 112 0.2%

Table A1: Conduct distribution in MultiWOZ.

B User Simulator Implementation Details

Following the setting in Lin et al. (2023), the input and output of langEmoUS are represented as JSON-
formatted strings, which are composed of tokens in natural language. We initialised our model based on
the BART model (Lewis et al., 2020) and fine-tuned it on our EmoWOZ 2.0 dataset. We optimised our
model with Adam (Kingma and Ba, 2015), where the learning rate is 2e−5 for 5 epochs. As shown in
Table B1, langEmoUS achieves state-of-the-art performance on user sentiment and emotion prediction.

Model Sentiment Emotion

SatActUtt (Kim and Lipani, 2022) 0.379 -
EmoUS (Lin et al., 2023) 0.693 0.501
langEmoUS 0.742 0.521

Table B1: Performance for emotion and sentiment prediction of different models by measuring macro-F1 score.

C Natural Language Generator Implementation Details

C.1 NLG Training

C.1.1 Training Configuration
We trained SC-BART and SEC-BART on EmoWOZ 2.0. We trained our model with Adam optimiser for
standard cross entropy loss where the learning rate was set to 2e−5 for 5 epochs (with an early-stopping
criterion based on the loss in the validation set) and a batch size of 16. During inference, we set the
temperature to 0.9 and a beam number of 2 to promote some degree of diversity.
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C.1.2 Prompt Template
Our NLG models take the following input: previous user utterance ut, dialogue semantic actions at, and
conduct esyst (for SEC-BART only). The prompt template is shown as follows:

SEC-BART Given the previous user request “{ut}”, the natural language realisation of dialogue action
“{at}” with a/an “{esyst }” conduct is

SC-BART Given the previous user request “{ut}”, the natural language realisation of dialogue action
“{at}” is

Given the prompt, the model predicted the probability distribution for a sequence of tokens. The output
target is the corresponding ground-truth system response in EmoWOZ 2.0.

C.1.3 Model Performance

Model BLEU ↑ SER ↓
SC-GPT (Peng et al., 2020) 33.6 4.8
T5NLG (Zhu et al., 2023) 35.8 3.7
SC-BART 35.9 3.9
SEC-BART 34.9 3.6

Table C1: NLG Performance.

C.2 Data Augmentation

C.2.1 Augmented Sample Collection
Since the conduct distribution in EmoWOZ 2.0 is heavily imbalanced, we leveraged large language
models for data augmentation. We selected system utterances with neutral conduct as the source to
paraphrase for a target non-neutral conduct. We used LLaMA-2-13b-chat model (Touvron et al., 2023).
We used the following prompt:

Given the user request “{uusrt }” and the operator response action “{at}”, please paraphrase the
operator response “{usyst,groundtruth}” in a more “{esyst,target}” way? Please only give the answer, in less
than 2× len(usyst,groundtruth) tokens and enclosed with [RESP][/RESP].

We also experimented with ICL but the model tends to over-fit on the ICL samples. We therefore let it
paraphrase in an zero-shot set-up to best explore its knowledge from pre-training for better diversity in the
expression.

C.2.2 Augmented Sample Selection
Since the model does not always follow the target conduct. For example, the large language model
(LLM) would find some action-conduct combinations unreasonable. We therefore applied filtering on the
LLM-generated samples.

Conduct Expressiveness We trained an ensemble of 10 ContextBERT-ERToD models for conduct
classification on EmoWOZ 2.0. The classifier reports an average weighted F1 score of 81.8% without
neutral. We then used majority voting from the classifier ensemble to correct the original target conduct
when generating the sample.

Faithfulness to Semantic Action We used the rule-based script in ConvLab-3 to evaluate NLG slot
error rates in the paraphrased output based on the dialogue actions in the prompt. If there are slot errors in
the output, we drop the sample.

Overall, we obtained 949 samples for Compassionate, 900 for Apologetic, 2274 for Enthusiastic, and
490 for Appreciative.
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D Human Evaluation

D.1 Web Interface

Figure D.1: The web interface for human trial.

D.2 Survey Questions

D.2.1 Question 1 - Task Success

Question Did the system find what you look for? Did it provide all the information that you need? If
you ask for a booking, did it provide you with a reference number?

Multiple Choices (A) Yes to all; (B) No.

D.2.2 Question 2 - Sentiment Rating

Question How would you rate your sentiment after the conversation?

Multiple Choices (A) Very Negative; (B) Negative; (C) Neutral; (D) Positive; (E) Very Positive.
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D.3 Dialogue Excerpts

System Role Text

EmoLoop User Hello, I am looking for an attraction called byard art. I am really excited about my trip to
Cambridge!!

System I’m sorry, there is byard art in the south. The address is 14 kings parade.
User Why are you apologising?
System I apologize for the confusion. If you need to contact them, please call 01223464646

SimpleLoop User No, I just want to book a hotel for 3 people and 3 nights on friday and I need the address.
System I can do that. What is the name of the hotel?
User Can you suggest one?
System I have booked a taxi for you. It is a toyota and the contact number is 29929243243
User Sorry, you are not helping at all
System I was able to book that for you. The reference number is 63484139414. What is your destination?

Table D1: Human trial dialogue excerpts from EmoLoop and SimpleLoop in a similar situation where both systems
were not performing adequately at the beginning. EmoLoop responded with an improper conduct but realised the
mistake and continued to provide information. SimpleLoop did not show any sign of realising the mistake.

System Role Text

EmoLoop User I need the phone number of the hotel with name ashley hotel.
System Sure thing! It is located in the north and the postcode is cb41er and the phone number is

01223350059.
User Thanks a lot. I also need a spanish restaurant with moderate price.
System I would recommend la tasca. It is located at 14-16 bridge street.

SimpleLoop User Alright, I am also interested in a museum in the city centre.
System I recommend broughton house gallery. It is a museum. Their phone number is 01223314960.
User Nice, could you also give me the address and postcode?
System The postcode is cb11ln and the phone number is 01223314960.

Table D2: Human trial dialogue excerpts from EmoLoop and SimpleLoop in a similar situation where the user
expressed excitement and appreciation. Both systems performed adequately in terms of completing the user’s goal.
EmoLoop responded in an enthusiastic way whereas SimpleLoop did not respond with affective conduct.

System Role Text

EmoLoop User I need some information.
System What kind of information do you need?
User Which department there?
System I am sorry, I don’t understand. What do you mean?
User I need information about haematology.
System The Addenbrookes Hospital is located at Hills Rd, Cambridge , postcode cb20qq. The phone

number is 01223216297.

SimpleLoop User I need information about haematology day unit.
System The pizza hut cherry hilton Hospital is located at Hills Rd, Cambridge , cb20qq. The phone

number is 01223216297.
User Department details?
System There are 10 trains that go to london kings cross on sunday. The TR7423 leaves at 05:00 and

arrives at 05:51. Would you like me to book that for 6 people?

Table D3: Human trial dialogue excerpts from EmoLLAMA and SimpleLLAMA in a similar situation where the
user asked for hospital information. EmoLLAMA, although not understanding the user’s vague request, attempted
to apologise and clarify the request with the user. The task was successfully completed. SimpleLLAMA carried on
with errors and fails the task. (The wrong values, “pizza hut” and “cherry hilton”, in the SimpleLLAMA response
were due to wrong domains in the dialogue action prediction, which led to corresponding name slots in the response.
These name slots were filled during lexicalisation based on actions, resulting in an obviously irrational output.)



716

System Role Text

EmoLoop User Recommend a taxi which arrives by 4:15 pm from the fez club to tandoori place.
System I’d be happy to help with your request, first I’ll need to know where you’ll be leaving from,

where you’re going, and what time you’d like to arrive.
User I will be leaving from fez club and going to tandoori palace arriving by 4:15 pm.
System Booking was successful. The car type is bmw and the contact number is 19287599612.

SimpleLoop User I want to book a taxi for 16:15 from cherry hinton water play to ely train station.
System What is your destination?
User Ely train station.
System Booking completed. Booked car type: ford, Contact number: 46563428252.

Table D4: Human trial dialogue excerpts from EmoLLAMA and SimpleLLAMA in a similar situation where both
systems failed to capture all information provided in the user request. EmoLLAMA at first missed the information
provided by the user but replied in a compassionate way. The user repeated and then the system provides the correct
information. Likewise, SimpleLLAMA missed the destination in the first turn. After the user repeated, the system
completed the task for the user. Yet, there is no affective interaction between the user and SimpleLLAMA.

E Further Analysis

E.1 Ablation Study for EmoLoop with Supervised Training Only

System Und Gen Man Success Sentiment

SimpleLoop-SL - - - 0.512 0.244
+ - - 0.494 0.246
- + - 0.493 0.249

EmoLoop-SL + + - 0.516 0.273

Table E1: Success and average user sentiment of our system variants from the interactive evaluation with langEmoUS.
+/- means whether the emotion is involved in the corresponding ToD stage: Understanding, Management, or
Generation. All systems are trained via SL.

E.2 Impact of Training Set-ups on System Conduct
We investigate how the EmoLoop’s affective behaviour is shaped in different stages of training. Figure E.1
shows the distribution of system conduct at different dialogue turns in EmoWOZ 2.0, and policy output
during interaction with langEmoUS after supervised pre-training and language-level RL. Comparing
Figure E.1a and Figure E.1b suggests that the policy imitates the affective behaviour of operators in the
corpus.

After RL, the policy is more inclined to express enthusiastic and appreciative while expressing
compassionate and apologetic less frequently. This illustrates the affective strategy of the policy to elicit
more positive emotions in the simulated user.
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Figure E.1: Distributions of system conduct for different turn positions at different stages of policy training.
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Chapter 9

Emotionally Intelligent Task-oriented
Dialogue Systems: Architecture,
Representation, and Optimisation

This chapter summarises our work on designing and optimising emotionally intelligent task-oriented
dialogue systems using reinforcement learning with large language models, and gives a verbatim
copy of our manuscript (Feng et al., 2025):

Shutong Feng et al. (2025). Emotionally Intelligent Task-oriented Dialogue Systems: Architecture,
Representation, and Optimisation. arXiv: 2507.01594 [cs.CL]. URL:

https://arxiv.org/abs/2507.01594

9.1 Summary

In Chapter 8, we build emotion-aware task-oriented dialogue systems under modular and end-to-end
architectures. While this prior work affirms the feasibility of emotion-aware ToD systems, the optimal
choice of system architectures, representations of information, and optimisation strategies is still
unexplored.

In the work presented in this chapter, we systematically explore a wide range of design considera-
tions. We examine systems under various architectural, representational, and optimisation design
considerations for developing emotionally intelligent ToD systems in noisy, ambiguous conversa-
tional settings. In particular, we explore a previously unexplored combination of design choices and
build an end-to-end LLM-based and emotionally intelligent task-oriented dialogue system trained via
reinforcement learning. We name the model LUSTER, LLM-based Unified System for Task-oriented
dialogue with End-to-end Reinforcement learning. LUSTER employs fully lexicalised representations
and leverages both short-term rewards reflecting user sentiment and long-term rewards reflecting
task success, enabling the system to adapt dynamically to users’ emotional signals while still fulfilling
task objectives.

We evaluate systems with a natural-language user simulator and a noisy natural language under-
standing module, simulating real-world interaction challenges. Experiments show that combining
LLM capabilities with structured reward modelling leads to more resilient, emotionally responsive
dialogue agents, offering a promising direction for the next generation of task-oriented systems.

9.2 Personal Contributions

The implementation, technical results, and writing are my own work. Hsien-Chin Lin provided
the user simulation results of the agentic system. Nurul Lubis contributed to the design of the
reinforcement learning algorithm. Milica Gasić supervised the project. Co-authors assisted in writing
and proofreading.

https://arxiv.org/abs/2507.01594
https://arxiv.org/abs/2507.01594
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Abstract

Task-oriented dialogue (ToD) systems are
designed to help users achieve specific goals
through natural language interaction. While
recent advances in large language mod-
els (LLMs) have significantly improved lin-
guistic fluency and contextual understand-
ing, building effective and emotionally in-
telligent ToD systems remains a complex
challenge. Effective ToD systems must op-
timise for task success, emotional under-
standing and responsiveness, and precise
information conveyance, all within inher-
ently noisy and ambiguous conversational
environments. In this work, we investi-
gate architectural, representational, optimi-
sational as well as emotional considera-
tions of ToD systems. We set up systems
covering these design considerations with
a challenging evaluation environment com-
posed of a natural-language user simula-
tor coupled with an imperfect natural lan-
guage understanding module. We propose
LUSTER, an LLM-based Unified System
for Task-oriented dialogue with End-to-end
Reinforcement learning with both short-
term (user sentiment) and long-term (task
success) rewards. Our findings demonstrate
that combining LLM capability with struc-
tured reward modelling leads to more re-
silient and emotionally responsive ToD sys-
tems, offering a practical path forward for
next-generation conversational agents.

1 Introduction

Conversational artificial intelligence (AI) enables
machines to engage in natural, human-like interac-
tions using spoken or written language. The rapid
advancement of large language models (LLMs)
has significantly enhanced the capabilities of con-
versational AI (Touvron et al., 2023; Abdin et al.,
2024). Trained on vast amounts of text data, LLMs
can generate fluent, context-aware responses, and
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Figure 1: Goal-driven Human-machine Interaction

follow complex instructions. This significantly
improves chat applications in both linguistic flu-
ency and handling of nuanced or open-ended in-
teractions (OpenAI, 2023; DeepSeek-AI, 2025).

Among the diverse conversational AI applica-
tions, task-oriented dialogue (ToD) systems stand
out as a specialised class to help users accom-
plish a goal through several turns of natural lan-
guage interactions (Jurafsky and Martin, 2025)
(see Figure 1). Beyond task completion, effec-
tive communication also hinges on the user’s emo-
tional experience (Picard, 1997). The user ex-
presses both goal-driven and emotional cues in
inherently ambiguous, uncertain, and noisy natu-
ral language (Feng et al., 2022). The system in-
terprets this input and estimates a dialogue state,
an internal representation of the user’s goal, func-
tionally akin to a theory of mind (Premack and
Woodruff, 1978). This state, typically represented
symbolically (e.g., slot-value pairs), supports pre-
cise, unambiguous queries to a database, which
likewise stores information in a structured, sym-
bolic format. Thus, high-performing ToD sys-
tems must (1) maximise task success by correctly
fulfilling the user’s goal, (2) enhance sentiment
by maintaining a positive emotional interaction,
and (3) minimise error in conveying database in-
formation. Related errors are termed hallucina-



tions in natural language generation (NLG) (Juraf-
sky and Martin, 2025), word errors in automatic
speech recognition (Young et al., 2006), and rea-
soning errors in neural-symbolic systems (Garcez
et al., 2002). In ToDs, explicitly represented se-
mantics enable detection of both missing and hal-
lucinated values, and we collectively term them as
concept errors.

Designing a ToD system involves critical de-
sign and training choices that shape its ability to
understand and assist users. A key architectural
choice lies in whether to adopt a modular, end-
to-end, or agentic approach. Modular systems
separate the dialogue pipeline into components
such as natural language understanding (NLU),
dialogue state tracking (DST), policy, and NLG,
each trained individually (Young et al., 2013).
In contrast, end-to-end systems model the entire
pipeline as a single unit for reduced error propa-
gation and joint optimisation (Wen et al., 2017).
Recently, agentic designs have emerged, leverag-
ing LLMs’ reasoning capability for task-oriented
decision-making (Yao et al., 2023).

These architectures align with different opti-
misation strategies. The traditional divide-and-
conquer method trains each module in isolation.
While this approach offers a certain level of ex-
plainability of intermediate processing steps, there
could be information loss between components,
leading to overall suboptimal behaviour. Alterna-
tively, optimising the dialogue policy in the full
interactive loop can better adapt decision-making
to natural-language interaction outcomes (Feng
et al., 2024a). End-to-end trainable systems, if
paired with reinforcement learning (RL), can al-
low holistic user adaptation but face challenges
like data inefficiency and the need for sophisti-
cated reward design.

Emotion modeling is another essential yet of-
ten overlooked aspect of ToDs (Feng et al., 2022).
Systems may handle emotion implicitly via hidden
language representations, or explicitly through
dedicated emotion detection and response plan-
ning stages (Stricker and Paroubek, 2024). In RL,
emotion can also be integrated into training by us-
ing user sentiment as a short-term reward to guide
policy updates (Feng et al., 2024a).

The representational considerations vary across
systems. For the dialogue state, most systems
use explicit tracking to provide clear intermediate
representations for downstream tasks and database

query, though latent states are also possible (Lin
et al., 2024). Dialogue actions can likewise be ex-
plicit (Geishauser et al., 2022; Hosseini-Asl et al.,
2020), typically delexicalised (domain, intent, slot
types but no values), or implicit, encoded as latent
vectors learned by the model (Lubis et al., 2020).
While modular systems use NLG to produce lexi-
calised responses, end-to-end systems usually out-
put delexicalised responses to facilitate learning
and evaluation. However, the strong lexical capa-
bilities of modern LLMs are reducing the neces-
sity of delexicalisation in both action planning and
response generation.

Finally, training methodology critically im-
pacts system performance. Supervised learning
(SL) on annotated data offers a strong foundation
but struggles with diverse user behaviours. RL en-
ables adaptive optimisation using short-term (e.g.,
user sentiment) and long-term (e.g., task success)
rewards from simulated or real-world interactions.
A hybrid training paradigm that combines SL with
RL often best balances stability and adaptabil-
ity (Williams et al., 2017).

Together, these design axes form a rich space
of possibilities and trade-offs involving scalabil-
ity, flexibility, interpretability, and robustness. Our
contributions are threefold:
• We construct a diverse suite of ToD systems rep-

resentative of each design and training paradigm
(Figure 2), and systematically analyse them.

• We harness the advantages of different design
considerations in a principled manner and ad-
dress a previously unexplored combination of
design choices. Specifically, we build the first
end-to-end ToD system that integrates fully lex-
icalised representations, an LLM backbone, and
RL with both short-term affective and long-term
task success rewards via online user simulation.

• With our proposed method, we build LUS-
TER, an LLM-based Unified System for
Task-oriented dialogues with End-to-end
Reinforcement learning. LUSTER substantially
improves task success and reduces concept
errors compared to alternative approaches.

2 Related Work

2.1 Modular Systems
Traditional ToD systems typically follow a modu-
lar pipeline, with separate components: NLU for
user intent understanding, DST for user goal es-
timation, policy for system action selection, and



DST

NLU
Policy NLG

Database

Policy US
(Semantic)

Restaurant #1
  name : Charlie Chan
  price_range: cheap
  ...

inform name Charlie Chan

Restaurant: {
    food = Chinese,
    area = centre,
    ... }

Hello, I am looking for 
a Chinese restaurant in 
the centre of the town.

I find one called 
Charlie Chan.

inform name Charlie Chan

inform food Chinese
inform area centre

RL Reward

Corpus Corpus

SL LossSL Loss

(a) Modular system with individually optimised compo-
nents.

DST

NLU
Policy NLG

Database

US
(natural

language)

Restaurant #1
  name : Charlie Chan
  price_range: cheap
  ...

inform name Charlie Chan

Restaurant: {
    food = Chinese,
    area = centre,
    ... }

Hello, I am looking for 
a Chinese restaurant in 
the centre of the town.

I find one called
 Charlie Chan.

RL
Reward

Corpus Corpus

SL Loss SL Loss

(b) Modular system with policy optimised in the natural-
language interactive loop.

Database

Hello, I am looking for 
a Chinese restaurant in 
the centre of the town.

inform name

Restaurant: {
    food = Chinese,
    area = centre,
    ... }

Restaurant #1
  name : Charlie Chan
  price_range: cheap
  ...

LLM

N restaurants available.

I find one called [restaurant.name].

Corpus

SL Loss

I find one called Charlie Chan.

(c) (L)LM-based end-to-end system trained to imitate
corpus.

Database

Hello, I am looking for 
a Chinese restaurant in 
the centre of the town.

inform name Charlie Chan

Restaurant: {
    food = Chinese,
    area = centre,
    ... }

I find one called Charlie Chan.

LLM

Corpus

SL Loss

US
(natural

language)

RL Reward

Restaurant #1
  name : Charlie Chan
  price_range: cheap ...

N restaurants available.

(d) (L)LM-based end-to-end system trained with both
corpus imitation and RL.

Figure 2: ToD system training paradigms. Red arrows indicate learning signals for components in dotted boxes.

NLG for converting actions into natural utter-
ances. Systems also interface with a database
(DB) and rely on an ontology to structure sym-
bolic queries and information abstraction.

This divide-and-conquer architecture (Figure
2a) ensures clear separation of objectives and
allows component-level supervision. Modules
are typically trained independently on annotated
datasets such as MultiWOZ (Budzianowski et al.,
2018), with SL applied to NLU, DST, and NLG,
and RL applied to the policy. The interaction is
framed as a partially observable Markov decision
process (POMDP) (Young et al., 2013), and pol-
icy learning is carried out with simulated (Schatz-
mann et al., 2007; Kreyssig et al., 2018; Lin et al.,
2023) or real (Gašić et al., 2013) users.

However, policies trained in isolation often mis-
align with other pipeline components during full-
system interaction. To mitigate this issue, Feng
et al. (2024a) optimise the policy within the
natural-language interactive loop (Figure 2b).

To manage the complexity of the policy out-
put space, modular dialogue policies typically pro-
duce delexicalised dialogue actions, omitting ac-
tual slot values. This abstraction simplifies policy
learning by reducing action variability. The NLG
module then realises these actions, together with
slot values from database query results, into natu-

ral language utterances (Figures 2a and 2b).

2.2 End-to-end Systems

To overcome challenges in information passing
and module coordination of modular pipelines, re-
searchers have developed end-to-end systems that
unify learning and eliminate the need for infor-
mation transmission between modules. Early ap-
proaches demonstrate the feasibility of training di-
alogue systems as a single monolithic model (Wen
et al., 2017). With advances in language mod-
els (LMs), researchers (Hosseini-Asl et al., 2020;
Peng et al., 2021; Stricker and Paroubek, 2024)
use decoder-only LMs to map dialogue history to
belief states, database queries, and final responses
in an auto-regressive manner (Figure 2c).

End-to-end systems typically retain the practice
of using delexicalised dialogue actions from mod-
ular pipelines. They also generate responses con-
taining placeholders (e.g., <v.food>) rather than
actual entity values. This allows weight sharing
across values of the same slot type and facilitates
corpus-based supervised learning and evaluation.
The substitution of placeholders with retrieved slot
values is handled as a separate, post-processing
operation (Figure 2c).

While these models perform competitively on
datasets, the lexicalisation of these responses is



not robust and often leads to failures in interactive
settings (Feng et al., 2024a).

Several efforts have incorporated RL into the
training of end-to-end ToD systems. Jang et al.
(2022) combine offline behavior cloning with
a critic model that evaluates and filters self-
generated delexicalised responses from an LM-
based end-to-end ToD system. Lubis et al. (2020)
tackle the challenge of the large action space in-
herent in word-level sequential decision-making
by introducing a variational model that defines a
latent action space. This abstraction enables more
tractable RL training via simulated yet still delexi-
calised interactions for an end-to-end ToD system.

2.3 Agentic Systems

The advent of general-purpose LLMs has enabled
agentic ToD systems that perform complex dia-
logue reasoning via prompting rather than task-
specific training. These models adapt to diverse
dialogue tasks via prompt engineering using task
descriptions, demonstrations, or dialogue history
under a zero- or few-shot setting. Techniques
such as prompt chaining (Wei et al., 2022) and
self-refinement loops (Yao et al., 2023) enhance
reasoning and consistency, though at the cost of
higher computational complexity.

ToD system developers have leveraged this abil-
ity to construct both individual components, such
as slot filler (Sun et al., 2024), dialogue state
tracker (Heck et al., 2023), and emotion recogni-
tion (Feng et al., 2024b), as well as agentic sys-
tems using carefully designed prompts (Li et al.,
2024). Vukovic et al. (2024) demonstrates that
chain-of-thought prompting can also be used to
automate ontology construction, significantly re-
ducing human effort in domain specification.

Despite their flexibility, agentic systems come
with trade-offs. LLMs operating in zero- or few-
shot settings remain sensitive to prompt phrasing,
often exhibit unstable behaviour across sessions,
and lack consistent control over generated out-
puts (Errica et al., 2025). They also underper-
form compared to models with task-specific op-
timisation, particularly in high-stakes or domain-
intensive scenarios where robustness and consis-
tency are critical (Hudeček and Dusek, 2023).

In summary, modular systems offer inter-
pretability but suffer from information loss across
modules; end-to-end systems provide unified
learning but face challenges in out-of-corpus gen-

eralisation; agentic approaches offer flexibility
and low training overhead but still lag in relia-
bility and controllability. Their complementary
strengths motivate a unified approach explored in
this work to combine all potential benefits.

3 LUSTER: LLM-based Unified System
for Task-oriented dialogue with
End-to-end Reinforcement Learning

3.1 Inference with LUSTER

As illustrated in Figure 3, LUSTER performs se-
quential inference over core ToD subtasks, ap-
pending each output to the prompt to guide the
next generation step. This auto-regressive process
enables dynamic integration of contextual and af-
fective cues. Motivated by prior work in affective
modelling in ToDs (Feng et al., 2024a), LUSTER
augments traditional ToD subtasks (DST, policy
optimisation, and NLG) with two additional tasks:
user emotion recognition and system conduct (af-
fective behaviour) selection. This supports emo-
tionally intelligent and goal-aligned responses.

Unlike prior (L)LM-based end-to-end systems
that separate generation steps with special to-
kens (e.g., <|state|>), LUSTER adopts a
lightweight prefix-based format inspired by Li and
Liang (2021). Each task starts with a natural-
language cue (e.g., “state :”) and ends with a
standard end-of-sequence token. This simplifies
implementation and improves compatibility with
LLM tokenisers. We also explored rare or reserved
tokens as markers, but they are often skipped or
misgenerated due to LoRA-induced numerical im-
precision, destabilising downstream behaviour.

Step 0: Dialogue History Encoding At the t-
th turn, LUSTER receives a dialogue history Ht,
constructed as an alternating sequence of user and
system utterances, concluding with the most re-
cent user input:

Ht := {user : uusr,1, system : usys,1, . . . , user : uusr,t} (1)

Step 1: User Emotion Recognition The model
first predicts the user’s emotional state et by se-
lecting the token from a discrete set of emotions
E corresponding to the highest logit score:

et = argmaxe∈E LLM(Ht, “emotion :”).logit(e) (2)

Step 2: Active Domain Recognition Next, the
model identifies the active domain dt from the pre-
defined set of domains D:
dt = argmaxd∈D LLM(Ht, et, “domain :”).logit(d) (3)



user : I am looking for ... </s> emotion : neutral </s> state : price=xxx </s> database : 27 available, 
name: xxx, ... </s>

action : inform name xxx </s> conduct : enthusiastic </s> system : xxx is nice ... </s>domain : hotel </s>
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Figure 3: LUSTER model architecture and supervised training objectives.

Step 3: Dialogue State Tracking The dialogue
state dst is generated for the selected domain only,
in order to limit memory usage and maintain rele-
vance. All m slots of the active domain are filled
according to the ontology with either: 1) a freely
generated value for non-categorical slots, 2) a se-
lected value from a candidate list for categorical
slots, or 3) “unknown” if the slot is not mentioned
by the user.

dst := {slot1 : value1; ...; slotm : valuem} (4)

dst = LLM(Ht, et, dt, “state :”) (5)

Step 4: Database Query The generated state is
then used to retrieve the list of matching entries
ent from the database. The database description
dbt includes the number of matching entities and
all attribute-value pairs of the first matched entity:

ent = database.query(dt, dst) (6)

dbt := {len(ent) found : attr val ∀(attr, val) ∈ ent[0]} (7)

Step 5: Dialogue Action Prediction Next, the
model generates dialogue actions dat as a set of
intent-slot-value tuples:

dat := {intent1 slot1 value1; ...} (8)

dat = LLM(Ht, et, dt, dst, dbt, “action :”) (9)

Step 6: System Conduct Selection The sys-
tem’s emotional stance ct is then selected from a
set of conducts C:

ct = argmax
c∈C

LLM(Ht, et, dt, dst, dbt, dat,

“conduct :”).logit(c)
(10)

Step 7: System Response Generation Finally,
LUSTER generates the system’s natural language
response usys,t conditioned on the full context:

usys,t = LLM(Ht, et, dt, dst, dbt, dat, ct“system :”) (11)

3.2 Fully Lexicalised Representation

Different from how lexicalisation is involved in
the generation process of modular and end-to-end

systems as discussed in Section 2.1 and 2.2, LUS-
TER uses fully lexicalised representation through-
out the generation, leveraging the world knowl-
edge and generative strength of large pretrained
LLMs (Figure 2d and 3): (1) Dialogue actions
include slot values along with intents and slots.
(2) Responses are generated directly in lexicalised
form, eliminating placeholders and subsequent
substitution. (3) The database results are repre-
sented as structured, value-rich entity descriptions,
not just query summaries (e.g., “3 options found”).

LUSTER’s lexicalised approach simplifies in-
ference by eliminating the need for post-hoc lex-
icalisation. By using fully lexicalised representa-
tions and natural-language prefixes (e.g., state:”),
we avoid modifying the LLM’s vocabulary or re-
sizing its embedding and output layers. This
means these layers do not need to be fully re-
trained, even when using low-rank adaptation
(LoRA Hu et al. 2022). As a result, the number of
trainable parameters is significantly reduced, mak-
ing RL via online interaction feasible. Moreover,
the lexicalised setup enhances modularity and fu-
ture compatibility, enabling easy substitution of
the LLM backbone as newer models emerge.

3.3 Training Objectives

3.3.1 Supervised Learning

An overview of LUSTER’s training procedure is
shown in Figure 2d. We begin by training the
model to imitate successful demonstrations from
human operators recorded in the EmoWOZ corpus
(Feng et al., 2022). Each training example is for-
matted from a dialogue turn as a fully lexicalised
sequence x = {Ht, et, dt, dst, dbt, dat, ct, usys,t},
following the inference structure described in Sec-
tion 3.1. Here, x is a token sequence of length
n = |x|, denoted by (x1, x2, ..., xn).

We train LUSTER using the standard causal
language modelling objective (Radford et al.,



2019). Given a dataset X = {x1, x2, ..., x|X |},
we optimise the model parameters θ to minimise
the negative log-likelihood of the tokens in each
sequence:

p(x) =
n∏

i=1

p(xi|x<i), LSL = −
|X|∑

j=1

nj∑

i=1

log pθ(x
j
i |xj<i)

(12)
This objective provides a reliable initialisation by
training the model to generate coherent comple-
tions based on dialogue context and intermediate
representations from dataset demonstrations.

3.3.2 Reinforcement Learning with Emotion
Reward Signal

Beyond large-scale pretraining and model size,
LLMs’ effectiveness also stems from RL-based
alignment with human preferences (Ouyang et al.,
2022b). Language generation can be framed as
a sequential decision-making process, where the
model (policy π) generates tokens (actions a)
based on context (states s) following a ∼ π(·|s),
and a reward model, often trained on human pref-
erence, guides optimisation. We adopt a simi-
lar RL set-up, using user sentiment as a reward
to encourage system responses that are both task-
effective and emotionally appropriate.

Episode Formulation Here, an episode corre-
sponds to the generation of the system response
at the t-th user-system interaction in a dialogue,
resulting in the following full sequence:

{Ht, et, dt, dst, dbt, dat, ct, usys,t} (13)

To keep episodes manageable and avoid excessive
context length, we define the initial state as:

s0t = {Ht, et, dt, dst, dbt} (14)

Note that superscripts denote the time step in the
generation of a single turn, while the subscript t
refers to the dialogue-level time step, which re-
mains fixed during that turn.

Starting from the initial state, each action token
alt is generated from the policy πθ(alt|slt). We ob-
tain the reward rl+1

t , and the state is incrementally
updated:

slt = {slt, a<lt } (15)

At the end of the turn-level generation, we have a
list of L action tokens:

a0:L−1
t = {dat, ct, usys,t} (16)

The LLM-based policy πθ then generates an ac-
tion (i.e., text token) according to πθ(alt | slt).

Reward Modelling via Emotion Advantage
We expect the availability of user utterance and
emotion prediction from a user simulator (US).
Given the system response usys,t, the US produces
the next user turn and emotion prediction:

uusr,t+1, et+1 = US(usys,t) (17)

To explore diverse behaviours, we sample mul-
tiple turn-level trajectories from the same initial
state:

ã0:L−1
t = {d̃at, c̃t, ũsys,t} ∼

L∏

l=1

π(alt|slt) (18)

One of the sampled sequences is then randomly
selected to continue the conversation with the US.
Each sampled response ũsys,t is evaluated by the
US to produce an emotion label ẽt+1, which is
mapped to a valence-based numeric reward with
the mapping functionM(·): +1 for positive, 0 for
neutral, and−1 for negative. Intermediate rewards
r1:L−1 = 0, and the final reward is normalised
across samples:

r̃Lt =
M(ẽt)− E[M(ẽt)]

σ(M(ẽt))
(19)

We refer to this signal as the emotion advantage,
as it captures how much emotionally better (or
worse) a generated response is compared to alter-
natives under the same context. In practice, we
drop the set of sampled responses from the same
context that lead to the same user emotion (zero
variance inM(ẽt)).

User Emotion Optimisation We aim to max-
imise the expected return of the policy πθ across
the sampled trajectories with turn-level discount
factor γturn.

J(θ) = Eπθ

L−1∑

l=0

γlturnr
l+1
t (20)

Gradients are estimated using the policy gra-
dient theorem and the advantage function
Aπθ(s

l
t, a

l
t) (Sutton et al., 1999):

∇θJ(θ) = Eπθ

L−1∑

l=0

∇θ log πθ(alt|slt)Aπθ (s
l
t, a

l
t) (21)

In practice, we apply the Proximal Policy Opti-
mization (PPO) algorithm (Schulman et al., 2017)
to approximate the direction of the gradient above
with a gradient of the surrogate loss. PPO sta-
bilises training by clipping large policy updates
and penalising Kullback–Leibler (KL) divergence
between successive policies. For full implementa-
tion details, please refer to Appendix A.2.



3.3.3 Reinforcement Learning with
Multi-turn Reward Signal

While single-turn RL can encourage the system to
elicit positive user emotion, effective goal fulfill-
ment requires planning over longer horizons. We
therefore extend our training set-up to incorporate
multi-turn RL with dialogue-level reward.

Episode Formulation An episode corresponds
to a full dialogue, consisting of T user-system
turns. At the t-th step in the dialogue, we de-
rive the state and action with a formatter function
F(·) from Equations 14 and 16: the dialogue-level
state St = F(s0t ) and dialogue-level action At =
F(a0:L−1

t ) (see Appendix A.3 for formatter de-
tails). This forms a sequence of state-action pairs
{(S0,A0), ..., (ST−1,AT−1)} over the course of
the interaction.

Reward Modelling To guide long-term be-
haviour, we introduce dialogue-level reward sig-
nals based on task success and interaction effi-
ciency. We train two dialogue-level critic net-
works for our policy π parameterised by ϕ and ψ:
state-action value function Qπϕ(St,At) and state
value function V π

ψ (St). Both critics are based on
ALBERT (Lan et al., 2020), with a linear pro-
jection on the [CLS] token embedding to pro-
duce scalar value estimates. Following the Archer
framework (Zhou et al., 2024), they are trained to
minimise temporal difference (TD) error and en-
sure Bellman consistency using online experience
E = {St,At, rt+1,St+1}T−1

t=0 collected during in-
teractions with a user simulator:
LQ = Es,a,r,s′∼E [(Qϕ(s, a)− r − γdialVψ̄(s

′))2] (22)

LV = Es∼E
[
Ea∼πθ(·|s)[(Vψ(s)−Qϕ̄(s, a))

2]
]

(23)

The delayed target models Qϕ̄ and Vψ̄ are updated
towards their current counterparts with Polyak av-
eraging (Haarnoja et al., 2018). For full critic
training details, refer to the work of Zhou et al.
(2024) and Appendix A.3.

Task Completion Optimisation Given the
trained critics, we compute the advantage estimate
at each t-th turn using:

At = Qπϕ(St,At)− V πψ (St) (24)

This value measures how much better a particu-
lar action is compared to the expected return of
the current state. We then use this advantage sig-
nal in the same PPO optimisation framework as
described in the set-up for emotion reward (Sec-
tion 3.3.2), replacing the emotion-based advantage
with this task-oriented multi-turn advantage.

Combined Reward The single-turn (Equation
19) and multi-turn reward (Equation 24) signals
are combined for selected sequences from Equa-
tion 18 using a weighted sum with mixing param-
eter ρ (set to 0.1 in practice):

Rcombine,t = ρAt + rLt (25)

Off-policy Experience Replay Due to the high
computational cost of simulated interactions, we
maintain an experience buffer and apply impor-
tance sampling (IS) (Precup et al., 2000) to reuse
off-policy data. A constant buffer size is en-
forced using reservoir sampling (Isele and Cos-
gun, 2018). The IS weight is defined as:

αt =
πθnew(At|St)
πθold(At|St)

(26)

In practice, computing IS weights over long se-
quences can be numerically unstable due to the
sharp trajectory distribution of LLMs. This of-
ten leads to high variance in IS weight estimates,
even when the behavior and target policies only
diverge slightly. To mitigate this, we compute IS
weights only over intents and slots of dialogue ac-
tions dat,intent+slot, and clip them to [1 − η, 1 + η]
with η = 0.9:

α̂t = clip
(πθnew(dat,intent+slot|St)
πθold(dat,intent+slot|St)

, 1− η, 1 + η
)

(27)

When deploying experience replay, we multiply
the corresponding reward for past experiences
(Equation 24 or 25) with IS weight α̂t.

4 Experiments Set-up

4.1 ToD Systems

Based on design considerations discussed in Sec-
tion 1, we consider the following ToD systems.
System configurations are summarised in Table 1.

Naive Baseline
Chitchat-ToD has a 3B Phi-3.5-mini back-
bone and is trained to generate response directly,
omitting all sub-tasks and the interaction with the
database. We aim to investigate if an LLM can
memorise the database solely from the corpus.

Agentic System

FnCTOD (Li et al., 2024) is an agentic system
with a prompt-based zero-shot generation pro-
cess: DST, database query, and response genera-
tion. We follow the prompt specified in the origi-
nal paper and use GPT-4o-mini (2025-04-16).



Architecture Optimisation Dialogue State Dialogue Action Emotion RL Objectives Training Env #ParamSent Succ

Chitchat-ToD E2E E2E Implicit Implicit Implicit - - NA 3.82B

FnCTOD (2024) Agentic No Explicit Implicit Implicit - - NA 8B(est.)

Modular-base (2022) Modular Modular Explicit Delexicalised No + - EmoUS 413M
Modular-emotion (2024a) Modular Modular Explicit Delexicalised Explicit + + EmoUS 547M

SimpleLoop (2022) Modular Loop Explicit Delexicalised No + - langEmoUS 413M
EmoLoop (2024a) Modular Loop Explicit Delexicalised Explicit + + langEmoUS 547M

SimpleLLAMA (2024) E2E E2E Explicit Delexicalised Implicit - - NA 7.02B
EmoLLAMA (2024) E2E E2E Explicit Delexicalised Explicit - - NA 7.02B

LUSTER-base E2E E2E Explicit Lexicalised Implicit - - NA 3.82B
LUSTER-base-emotion E2E E2E Explicit Lexicalised Explicit - - NA 3.82B
LUSTER-RL(sent) E2E E2E Explicit Lexicalised Explicit - + langEmoUS 3.82B
LUSTER-RL(succ) E2E E2E Explicit Lexicalised Explicit + - langEmoUS 3.82B
LUSTER E2E E2E Explicit Lexicalised Explicit + + langEmoUS 3.82B

Table 1: System configurations of ToD systems as discussed in Section 1. Architecture: end-to-end (E2E),
Modular, or Agentic. Optimisation: Modular optimisation following Figure 2a, Loop optimisation following
Figure 2b, end-to-end (E2E) following Figure 2c,2d or No task-specific optimisation. Dialogue State: Explicit
representation or Implicit model hidden representations. Dialogue Action: Delexicalised where no slot values
in policy output, Lexicalised where slot values are included, or Implicit model hidden representations. Emotion:
Explicit policy input/output, Implicit consideration from natural language, or Not perceived nor expressed by the
policy. RL Objectives: RL using Sentiment or task Success reward signal. Training Environment for RL training:
NA when no RL involved, EmoUS for semantic interaction, and langEmoUS for natural-language interaction. For
number of parameters #Param, the size of GPT-4o-mini used as FnCTOD backbone is estimated.

Modular Systems with Modular Optimisation
Modular-base has SetSUMBT DST (van Niek-
erk et al., 2021), DDPT policy (Geishauser
et al., 2022), and SEC-BART NLG (Feng et al.,
2024a). The policy is trained via RL using se-
mantic interaction with an emotional user simu-
lator EmoUS (Lin et al., 2023), receiving a suc-
cess signal (Figure 2a).

Modular-emotion has all components of
Modular-base with additionally user emo-
tion (Feng et al., 2023) as policy input and
system conduct as policy output. The policy also
receives turn-level user sentiment as reward.

Modular Systems with Loop Optimisation
SimpleLoop has the same architecture as
Modular-base but its RL training involves suc-
cess reward from natural-language interaction
(Figure 2a) with an emotional user simulator
langEmoUS (Feng et al., 2024a).

EmoLoop has the same pipeline set-up as
Modular-emotion and the same training set-up as
SimpleLoop with an additional turn-level senti-
ment reward signal.

Delexicalised End-to-end Systems
SimpleLLAMA (Stricker and Paroubek,
2024) follows the best set-up of Sim-
pleTOD (Hosseini-Asl et al., 2020) to

auto-regressively generate the state, dia-
logue action, and response. It uses the 7B
LLAMA-2-chat (Touvron et al., 2023) as the
backbone. It generates delexicalised dialogue
actions and responses, and it is trained via SL on
the corpus.

EmoLLAMA has two more emotion-related
sub-tasks than SimpleLLAMA: user emotion
recognition and system conduct selection.

LUSTER and its Variants

LUSTER-base completes non-affective ToD
modelling sub-tasks as listed in Figure 3. It uses
a 3B Phi-3.5-mini and generates lexicalised
actions and responses.

LUSTER-base-emotion has two more affec-
tive sub-tasks than LUSTER-base: user emotion
recognition and system conduct selections.

LUSTER-RL(sent) is based on LUSTER-base-
emotion and incorporates RL with turn-level
sentiment reward as discussed in Section 3.3.2.

LUSTER-RL(succ) is based on LUSTER-base-
emotion and incorporates RL with dialogue-level
success reward as discussed in Section 3.3.3.

LUSTER is based on LUSTER-base-emotion
and it incorporates RL using both turn-level sen-
timent reward and dialogue-level success reward.



4.2 Training and Evaluation Environment

All systems or sub-modules are trained on
EmoWOZ (an extended version of MultiWOZ).
Interactive evaluation is carried out using
ConvLab-3 toolkit (Zhu et al., 2023). The natural-
language user model consists of T5NLU (Zhu
et al., 2023) and langEmoUS (Feng et al., 2024a).
T5NLU reports a slot F1 of 86.5%, putting
extra emphasis on the clarity of the system’s
natural-language responses. LangEmoUS is a
state-of-the-art user simulator and reports a macro
F1 of 52.1% on emotion prediction. Details about
hyperparameters and computing resource can be
found in Appendices A.1 and A.5.

We simulate 3000 dialogues per system during
evaluation. We report the success rate (judged by
the ConvLab-3 evaluator) and the average senti-
ment (predicted by the user simulator). For suc-
cess evaluation, the evaluator verifies whether the
user’s goal has been met. This includes checking
database constraints and ensuring that a booking
was made as specified. The sentiment score is as-
signed for each turn as follows: +1 if the user
is classified as “satisfied”, −1 if “dissatisfied” or
“abusive”, and 0 otherwise.

5 Results and Discussion

5.1 Model Performance

Success (↑) Sentiment (↑) Error (↓)

Chitchat-ToD 20.5% 0.368 NA

FnCTOD 32.3% 0.229 NA

Modular-base 31.8% 0.335 5.35%
Modular-emotion 33.0% †0.345 †5.14%

SimpleLoop 35.2% 0.346 4.74%
EmoLoop 37.2% †0.380 †3.36%

SimpleLLAMA 33.0% 0.214 5.11%
EmoLLAMA 34.2% †0.250 †3.68%

LUSTER-base 47.2% 0.298 1.73%
LUSTER-base-emotion 47.5% †0.310 †1.38%
LUSTER-RL(sent) †49.8% †0.345 1.79%
LUSTER-RL(succ) †50.8% †0.324 †1.51%
LUSTER †51.2% †0.316 1.77%

Table 2: Task success, user sentiment, and concept er-
ror rate of all systems. Best scores across all systems
are bolded. †denotes statistically significant improve-
ment (p<0.05) from the first system within each group.

Chitchat-style or agentic model lacks the
optimisation necessary for goal-oriented task
completion. Chitchat-ToD performs poorly on
success rate (20.5%) despite generating positive

sentiment, as it often generates ungrounded con-
tent that appears helpful but fails to meet the
user’s search constraints. This underscores that
smooth, engaging interactions alone are insuffi-
cient. FnCTOD, despite comparable success rate
to some systems (32.3%), falls short on user sen-
timent, likely due to its overly informative and
less engaging language (see Section 5.2). These
findings suggest effective task fulfillment requires
both fact-driven database access and emotionally
attuned interaction strategies.

Loop-based optimisation enables more co-
herent behaviour. SimpleLoop and EmoLoop,
which train policies within the full natural-
language interaction loop, outperform their modu-
larly trained counterparts despite having the same
architecture. This shows that loop optimisation
provides holistic feedback, leading to more coher-
ently optimised behaviours.

Emotion modelling improves user sentiment
across architectures. Across both modular (e.g.,
SimpleLoop vs. EmoLoop) and end-to-end (e.g.,
SimpleLLAMA vs. EmoLLAMA) systems, incor-
porating user emotion recognition and system con-
duct prediction consistently improves user senti-
ment. EmoLoop achieves the highest sentiment
score, highlighting the effectiveness of affect-
aware modelling for generating emotionally intel-
ligent responses.

Lexicalised systems enable better grounding
and task success. LUSTER variants significantly
outperform delexicalised ones in both success and
error rates. Providing full lexical access to slot val-
ues improves grounding and overall task effective-
ness. This suggests that while symbolic abstrac-
tions such as dialogue states and actions remain
useful, the enhanced reasoning and representation
capacity of LLMs benefits from direct access to
lexical content, enabling more accurate and con-
textually consistent responses.

RL enhances task success and user sentiment
of LUSTER variants’ performance. Incorporat-
ing turn-level sentiment rewards boosts user sen-
timent, while dialogue-level success signals in-
crease task success to 50.8%. The full model,
LUSTER, optimises both objectives, achieving the
highest task success (51.2%) while maintaining
stable sentiment and concept error. This demon-
strates the effectiveness of hierarchical RL in bal-
ancing short-term emotional response with long-
term goal achievement.



5.2 Linguistic Style

#Turns #Tokens Vocab LogTTR

Chitchat-ToD 17.4 12.9 4,114 0.853

FnCTOD 6.3 29.9 1,301 0.831

Modular-base 16.3 14.0 2,333 0.823
Modular-emotion 16.2 14.2 2,486 0.824

SimpleLoop 15.3 12.8 3,628 0.833
EmoLoop 14.5 11.6 2,256 0.845

SimpleLLAMA 14.6 13.7 2,109 0.834
EmoLLAMA 14.0 12.8 2,035 0.838

LUSTER-base 11.1 11.2 1,841 0.881
LUSTER-base-emotion 11.4 11.3 1,928 0.873
LUSTER-RL(sent) 11.3 11.0 2,043 0.877
LUSTER-RL(succ) 11.6 12.4 2,048 0.870
LUSTER 11.5 12.5 2,026 0.872

Table 3: Average number of user-system exchanges per
dialogue (#Turns), average number of tokens per sys-
tem turn (#Tokens), average number of unique tokens
(Vocab), and average log type-token ratio (LogTTR)
per dialogue of all systems.

Chitchat-ToD takes the most turns per dialogue
(17.4 on average) due to the lack of database
grounding for effective user goal fulfillment. In
contrast, FnCTOD, completes dialogue on av-
erage in 6.3 turns using overly informative re-
sponses (nearly 30 tokens per turn). Loop-
optimised systems ({Simple,Emo}Loop), com-
pared with their modularly trained counterparts
(Modular-{base,emotion}), achieve better perfor-
mance with fewer turns, highlighting the better ef-
ficiency of policies as a result of natural-language
optimisation. LUSTER variants, benefiting from
lexicalised end-to-end modeling and RL, are the
most efficient. They achieve overall best success
with an average around 11 turns.

Most systems use around 2,000 unique tokens,
reflecting lexical compactness for efficient and
goal-directed interactions. SimpleLoop uses over
3,600 tokens due to frequent but unnecessary men-
tions of phone numbers. Chitchat-ToD, being
open-ended and unconstrained, uses the largest
vocabulary (4,114). FnCTOD has the smallest
(1,301) because of long templated responses.

We also measure the within-dialogue log ra-
tio between the number of unique and total to-
kens (LogTTR) for a fairer comparison of lexi-
cal diversity. LUSTER variants generally achieve
high LogTTR (> 0.87), indicating greater within-
dialogue lexical variation. In contrast, systems
like Modular-base exhibit lower diversity despite
larger vocabularies than LUSTER.

5.3 System Comparison Using LLM Raters
LUSTER variants outperform other models in task
success and concept error (Table 2). However,
differences among LUSTER variants are small,
likely due to limitations of the rule-based eval-
uator and pretrained user simulator in capturing
fine behavioural nuances. To obtain more sensi-
tive and human-aligned assessment, we employ
proprietary LLMs as judges. Each system in-
teracts with the user simulator under the same
user goal. Their dialogues are presented in ran-
dom order to GPT-4o-mini (2025-04-16) and
Deepseek-R1 (2025-05-28), tasked with identi-
fying the better system (see Appendix A.6.1).

GPT-4o-mini

Deepseek-R1

0 % 25 % 50 % 75 % 100 %

Win Tie Lose

Table 1

Rater Win Tie Lose

GPT-4o-mini 60.6 % 3 % 36.4 %

Deepseek-R1 51.4 % 8 % 40.6 %

1

Figure 4: LUSTER vs. LUSTER-base-emotion.

Figure 4 shows the win-rate comparison be-
tween LUSTER and its non-RL counterpart,
LUSTER-base-emotion for 500 dialogues. Both
LLM raters exhibit a clear preference for LUS-
TER: GPT-4o-mini attributes a strong majority
of wins to LUSTER, while Deepseek-R1 also
favors LUSTER, albeit with a more moderate mar-
gin. These results confirm that RL contributes to
nuanced yet perceptible improvements in conver-
sational quality. Appendix A.6.2 exemplifies how
LLMs identify behavioural nuances.

6 Conclusion

In this work, we systematically investigate the de-
sign dimensions of ToD systems, spanning archi-
tectural choices, optimisation strategies, represen-
tation, and emotion modeling. Through experi-
mentation across modular, end-to-end, and agentic
systems, we find that no single design axis alone
guarantees optimal performance. Instead, efficient
task success, user satisfaction, and semantic ac-
curacy emerge from their thoughtful combination.
Our proposed LUSTER system demonstrates this
by integrating lexicalised generation, emotion-
aware modeling, and hierarchical reinforcement
learning, achieving a significantly higher task suc-
cess rate and overall balanced performance. These
findings underscore the importance of holistic,
end-to-end, yet structured design in building con-
versational agents capable of effective and emo-
tionally intelligent task completion.



References

Marah I Abdin, Sam Ade Jacobs, Ammar Ahmad
Awan, Jyoti Aneja, Ahmed Awadallah, et al.
2024. Phi-3 technical report: A highly capable
language model locally on your phone. Techni-
cal Report MSR-TR-2024-12, Microsoft.

Paweł Budzianowski, Tsung-Hsien Wen, Bo-
Hsiang Tseng, Iñigo Casanueva, Ultes Ste-
fan, Ramadan Osman, and Milica Gašić. 2018.
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A Supplementary Information

A.1 Computing Resources
All modular systems were trained and deployed using a single NVIDIA RTX 2080 (8GB) graphics
processing unit (GPU). The end-to-end systems SimpleLLAMA and EmoLLAMA were trained and
evaluated on an NVIDIA A100 (80GB) GPU. LUSTER variants were trained on a single NVIDIA A100
(40GB) GPU, with inference requiring at least an NVIDIA RTX 6000 (24GB) GPU. While training LUS-
TER demands more computational resources than modular systems, it remains more resource-efficient
than LLAMA-based end-to-end models.

A.2 Proximal Policy Optimisation for Single-turn RL
The advantage function Aπ(s, a) denotes the difference between the action-value function Qπ(s, a),
which is the expected return when taking action a in state s and from then on following the policy π and
the state value function Vπ(s), which is the expected return of state s for policy π.

Aπ(s, a) = Qπ(s, a)− Vπ(s) (A.1)

In the context of single-turn response generation with an episode length of L (Equation 14) for the t-th
interaction of a dialogue with a policy parameterised with θ,

Qπθ(s, a) = Eπθ
L−l−1∑

k=0

[γkrk+1
t |s = slt, a = alt] (A.2)

Vπθ(s) = Eπθ
L−l−1∑

k=0

[γkrk+1
t |s = slt] (A.3)

Âlt = Qπθ(s, a)− Vπθ(s) (A.4)

The surrogate loss consisting of the clipping term and the KL-penalty term is given by:

LPPO = Et
[
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l
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l
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πθold(a | slt) log
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)]
,

(A.5)

where clip(x, a, b) ensures that x is within the interval [a, b]. The gradient of the surrogate loss (Eq A.5)
approximates the direction of the policy gradient (Eqn 21).

To estimate advantage function Ât needed for the surrogate loss, generalised advantage estimation is
used:

Âlt =

L−j−1∑

j=0

(γturnλ)
j δl+jt where δlt = rlt + γturnVπ(s

l
t+1)− Vπθ(slt) (A.6)

Parameter λ ∈ [0, 1] trades off bias (lower λ) and variance (higher λ). Vπθ is initialised with the reward
model Rϕ for complete sequences, and parameters ϕ are updated in such a way so that Vπθ estimates
observed returns for partial sequences. In this way, the critic parameterised with ϕ influences the actor
parameterised with θ. We follow default hyperparameters in the PPO trainer of TRL library, which
follows Ouyang et al. (2022a).

PPO is an online learning algorithm, which means it needs to adopt exploration during the process of
optimisation. That is achieved by applying a temperature parameter to the softmax layer of policy πθ to
induce more varied responses.

In practice, the critic is modelled by a single-layer value head attached to the output of the language
model. It projects the logits of the token into a scalar. The input for calculating Vπθ(s) is the logit of
the last token in s, and that for calculating Qπθ(s, a) is the logit of a, since the action a is the next token
generated.



A.3 Dialogue-level Critics
A.3.1 Architecture
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Figure A.1: Dialogue-level Critics

Figure A.1 illustrates the modelling of dialogue critics. We format the dialogue-level state St and
action At from the generated sequence s0t and a1:L−1

t to obtain a compact input to the critic.

Textual State Representation The input to the state value function is in the form of the following:

<domain> <slot> <“inactive”|“informed”|“unknown”> ; ... [SEP]“N <domain> found”|“no entity
found”|“database not available” [SEP] “system :” usys,t−1 [SEP] “user :” uusr,t

The first segment contains the system’s belief about the user’s goal. Instead of actual informed value,
we limit the status of each slot to be one of the three: informed, unknown if not informed, or inactive if
the <domain> is not the active domain determined by the system <domain> ̸= dt.

The second segment contains a summary of the database query status. The status informs the number
of entities returnedN forN > 0 or informs “no entity found” ifN = 0. There is a special case when the
active domain is “general” for small-talk and greetings. Under such circumstances, the status informs
“database not available”.

To account briefly for the dialogue history, we also include the previous system and user turns usys,t−1

and uusr,t.

Textual Action Representation The formatted action for the state-action value function is in the form
of the following. Values are excluded.

<domain> <intent> <slot> ; ...

A.3.2 Training
Following the objective functions defined in Equation 22 and 23, for each critic update step:

ϕ← ϕ−∇Jϕ(Q) (A.7)

ψ ← ψ −∇Jψ(V ) (A.8)

Parameters of target critics are then updated via Polyak averaging (Haarnoja et al., 2018):

ϕ̄← (1− τ)ϕ̄+ τϕ (A.9)

ψ̄ ← (1− τ)ψ̄ + τψ (A.10)



A.4 Pseudo Code

Algorithm 1 LUSTER Training
1: Initialise parameters θ, ϕ, ψ, ϕ̄, ψ̄
2: ## Actor Pretraining using EmoWOZ
3: for each actor step do
4: θ ← θ −∇LSL ▷ Equation 12
5: end for
6: ## Critic Pretraining using EmoWOZ, not applicable when using emotion advantage only.
7: for each critic step do
8: ## Update utterance-level Q and V functions by target function bootstrapping.
9: ϕ← ϕ−∇LQ ▷ Equation 22

10: ψ ← ψ −∇LV ▷ Equation 23
11: ## Update target Q and V functions via Polyak averaging.
12: ϕ̄← (1− τ)ϕ̄+ τϕ ▷ Equation A.9
13: ψ̄ ← (1− τ)ψ̄ + τψ ▷ Equation A.10
14: end for
15: ## Initialise and fill experience replay buffer D
16: for each dialogue while buffer_size not reached do
17: for each turn do
18: Execute a0:L−1

t ∼ πθ(·|s0t ), obtain the next state s0t+1 and reward {rLt , At, orRcombine,t}, add to buffer D.
19: end for
20: end for
21: for each iteration using buffer D do
22: Repeat line 17-21 until D is full.
23: Repeat line 7-14 for critic update.
24: for each off-policy experience do
25: Replay experience and sale reward with importance sampling weight. ▷ Equation 27
26: end for
27: ## Update token-level actor with utterance-level critic.
28: for each actor step do
29: θ ← θ −∇LPPO ▷ Equation 21, approximated with A.5
30: end for
31: Discard oldest experiences based on specified Training Interval to make room for new experiences
32: end for

A.5 Training Configurations
The predefined set for token selection in the following equations are:

In Equation 2, E ={neutral, fearful, dissatisfied, apologetic, abusive, excited, satisfied}, defined in the
EmoWOZ (Feng et al., 2022).

In Equation 3, D ={general, restaurant, hotel, train, attraction, taxi, police, hospital}, which includes
the seven EmoWOZ domains plus an additional “general” domain to handle small-talk and greetings.

In Equation 10, C ={neutral, compassionate, apologetic, enthusiastic, appreciative} as defined in
EmoWOZ 2.0 (Feng et al., 2024a).

Parameter Value

Learning Rate 3e-5
Training Epochs 10
Batch Size 32
LoRA Rank 32
LoRA Alpha 32
LoRA Dropout 0.1
LoRA Bias None
LoRA Target Modules o_proj, qkv_proj

Table A.1: Supervised Training Hyperparameters



Parameter Value

Critic Learning Rate 5e-5
Critic Batch Size 32
Critic Epochs 5
Critic Gradient Norm Clipping 40

Actor Learning Rate 1e-7
Actor Batch Size 16
Actor Sample Size (Equation 18) 6
Actor Sample Temperature (dialogue action da) 0.5
Actor Sample Temperature (response usys) 0.9
Actor History Length 5

Training Interval 10 Dialogues
Experience Buffer Size 50 Dialogues
Reservoir Sampling True
User Utterance and Emotion Sample Size (Equation 18) 6
Dialogue-level Discount Factor γdial (Equation 22) 0.99
Reward Combination Weight ρ (Equatiuon 25) 0.1
Importance Sampling Weight Clipping Range η (Equation 27) 0.9
Turn-level Discount Factor γturn (Equation A.6) 1.0
Decay Rate λ 0.99
Dialogue-level Reward (Equation (22) rt = −1 for 0 < t < T , rT = +80 if success else -40
Polyak Averaging Weight τ (Equation A.9, A.10) 0.01

Table A.2: Reinforcement Learning Configurations

A.6 System Comparison
A.6.1 Prompt Template

There are two systems system_A and system_B. The user talks to each of them to complete the
same information retrieval goal. You are now act as a judge that determines which system has
better overall performance.

The dialogue between the user and system_A in json list form is: {system_a_dialogue}
The dialogue between the user and system_B in json list form is: {system_b_dialogue}

Now, output your judgement together with explanation in the following format:
{
“judgement”: “which system is better, system_A or system_B? If you really cannot decide, you
can output ‘tie’.”,
“explanation”: “Why one system is better. Your analysis should be based on the success of the
dialogue, the informativeness of the system responses, and the system emotional performance
to enhance user experience. You can also consider the length of the dialogue, the diversity of
language, and whether the system provided relevant information to the user.”
}

A.6.2 Case Study
The simulated user goal is described in the JSON format below where the user’s goal is to retrieve
resquestable information based on informable constraints:

{
"restaurant": {

"infomable": {
"area": "centre",
"pricerange": "moderate"

},
"requestable": {"postcode": "?"}



},
"train": {

"infomable": {
"arriveBy": "20:45",
"day": "thursday",
"departure": "broxbourne",
"destination": "cambridge"

},
"requestable": {"trainID": "?"}

}
}

The conversation between the simulated user and LUSTER-base-emotion system is:
User : I’m looking for a restaurant in the centre of town.
LUSTER-base-emotion : there are 69 restaurants in that area. what type of food would you like?
User : I would like a moderately priced one please.
LUSTER-base-emotion : there is 21 of those. what type of cuisine would you like?
User : Could I have the postcode of one of them?
LUSTER-base-emotion : sure, the postcode is cb21db.
User : Thank you. I also need a train. I need to leave for cambridge on Thursday and arrive by 20:45.
LUSTER-base-emotion : where will you be departing from?
User : I will be departing from broxbourne going to cambridge.
LUSTER-base-emotion : tr0393 leaves at 05:32 and arrives at 06:32. would you like to book that for
1 person?
User : thank you. bye
LUSTER-base-emotion : thank you for using our service.

Under the same goal, the conversation between the simulated user and LUSTER system is:
User : I am looking for information on a place to eat that is in the centre.
LUSTER : there are 69 restaurants in that area. what type of food would you like?
User : Any kind of food in the moderate price range would be fine.
LUSTER : there is 21 of those. what type of cuisine would you like?
User : I don’t have a preference on cuisine, I just need the postcode.
LUSTER : pizza express has the postcode cb21db.
User : Great! Thank you. I also need a train on Thursday that is arriving by 20:45.
LUSTER : where will you be departing from?
User : I will be departing from broxbourne going to cambridge.
LUSTER : tr0393 leaves at 05:32 and arrives at 06:32. would you like me to book that for you? how
many tickets do you need?
User : thank you. bye
LUSTER : thank you for using our service. goodbye.

Both systems fulfill the user goal by correctly providing requestable information: postcode=cb21db
and trainID=tr0393. Convlab-3 evaluator marks both conversation as successful, and the user simulator,
langEmoUS, gives the same sentiment rating in each turn. Despite this, GPT-4o-mini prefers LUSTER
over LUSTER-base based on more nuanced system behaviours as highlighted in blue colour above with
the following explanation:

LUSTER outperforms LUSTER-base in several key areas.
Firstly, LUSTER provides a specific restaurant name (Pizza Express) along with the postcode, which
adds a layer of useful information for the user that LUSTER-base lacks, as it only provides the postcode
without a specific restaurant name associated with it.
Secondly, LUSTER uses slightly more user-friendly language, such as ‘how many tickets do you
need?’ which invites the user into the conversation and indicates a more engaging approach.
In terms of emotional performance, LUSTER ends the conversation with a more polite ‘goodbye’ which
may enhance user experience by making it feel more personal. Overall, LUSTER demonstrates better
informativeness, engagement, and emotional connection with the user, leading to a more successful
interaction.
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Chapter 10

Conclusion

In this chapter, we provide a summary of the key findings and contributions of this thesis. We also
discuss the limitations of current works and point out directions for future work. The objective of
the research presented here was to develop an emotionally intelligent task-oriented dialogue (ToD)
system.

10.1 Summary of Key Findings

This thesis investigates how emotion can be effectively integrated into ToD systems to enhance
both task efficiency and user satisfaction. Across multiple studies, it has advanced the field from
foundational resource construction to methodological innovation and system-level integration.

To start with, we construct EmoWOZ, the first large-scale corpus specifically designed for emotion
recognition in ToDs (Chapter 5). EmoWOZ addressed the scarcity of suitable datasets by introducing a
dedicated taxonomy tailored to the subtle affective expressions inherent in goal-oriented interactions.
The resulting resource has provided a benchmark for evaluating emotion recognition in conversation
(ERC) models and has facilitated the development of supervised and transfer learning approaches for
emotion-aware dialogue modelling.

Following the construction of EmoWOZ, we propose novel learning frameworks for emotion
recognition in ToDs, addressing challenges in data imbalance, feature representation, and loss optimi-
sation (Chapter 6). Our framework can be applied to existing ERC models, and the resulting models
demonstrate significantly improved performance. In addition, we also carry out a comparative study
with large language models (LLMs) and reveal their complementary strengths: while specialised
supervised models excelled in accuracy and efficiency, LLMs exhibit notable flexibility, adaptability
to unseen domains, and robustness to noisy input conditions (Chapter 7).

Finally, this thesis made the first practical attempt to embed emotion understanding, manage-
ment, and expression throughout the ToD pipeline (Chapter 8). Through modular and end-to-end
implementations, it demonstrated that incorporating emotional intelligence can yield measurable
improvements in both objective task success and subjective user experience. We further carry out a
comprehensive exploration of the optimal combination of design considerations for building ToD
systems. We build an end-to-end and lexicalised system and optimise it via reinforcement learning to
balance functional and affective goals. Evaluating the system with the corpus, user simulator, and real
humans confirms that emotionally intelligent dialogue agents can be both effective and emotionally
attuned.

These contributions establish an integrated framework for emotionally aware ToD systems as
described in Chapter 9. Experimental results demonstrate that incorporating emotional intelligence
can lead to measurable improvements in both task performance and user emotional experience,
suggesting that emotionally intelligent behaviour plays an important role in building robust, user-
centred ToD interaction.
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10.2 Limitations

While this thesis has made substantial progress toward developing emotionally intelligent ToD
systems, several limitations remain that should be acknowledged.

A first limitation lies in the domain and contextual scope of the research as well as the lack
of multimodal or multilingual considerations. The emotion taxonomy and models proposed
were primarily developed and validated within the domains represented in the EmoWOZ corpus,
which focuses on English text-based, goal-oriented interactions. Although these settings capture a
diverse range of emotional dynamics, they still reflect a restricted subset of human communication.
Real-world applications often involve multimodal signals such as vocal prosody, facial expressions,
gestures, or physiological cues, which convey emotion in ways not captured by text alone. As a
result, while the proposed models perform effectively in textual environments, their transferability to
multimodality and expanded tasks remains to be fully established.

The evaluation methodology employed in this work also presents constraints. Existing quantita-
tive metrics for ToD systems, such as task success rate and dialogue length, are well-suited to assessing
functional performance but insufficient to capture affective quality. The emotional appropriateness of
system responses is approximated with the sentiment of the simulated user, which is inherently noisy.
The actual perceived empathy by the user and the user’s long-term emotional engagement remain
difficult to measure objectively. While user studies with human participants partially address this
gap, they are often limited in scale and diversity. Developing richer, multidimensional evaluation
frameworks that combine computational, behavioural, and psychological perspectives would allow
for a more holistic assessment of emotionally intelligent systems.

From a practical standpoint, computational efficiency and scalability also pose limitations.
While large language model (LLM)-based emotion recognisers demonstrated strong adaptability
and robustness in low-resource settings, their high computational cost and latency make them less
viable for real-time deployment in resource-constrained environments. Conversely, the lightweight
supervised models developed in this work, though efficient, rely on domain-specific data and may
lack generalisation beyond their training contexts. Striking a balance between model complexity,
responsiveness, and cross-domain adaptability remains an open engineering and research challenge.

Another important limitation concerns the conceptual scope of emotional intelligence as imple-
mented in this thesis. The dialogue systems developed in this work are designed to behave emotionally,
meaning that they can recognise, reason about, and express emotions during interaction. However,
they do not possess real emotions or internal affective experiences. Instead, emotions are represented
as computational signals that help guide dialogue decisions and response generation. While this
behavioural approach is suitable for current task-oriented applications, it raises the broader question
of whether future socially intelligent agents should go beyond emotional simulation and incorporate
persistent internal affective states.

Finally, this research does not fully resolve the ethical and social implications of emotionally
intelligent systems. By endowing dialogue agents with the ability to perceive and respond to human
emotions, new ethical questions emerge regarding privacy, consent, emotional manipulation, and
authenticity. A system capable of detecting a user’s emotional vulnerability, for example, could
inadvertently exploit it in persuasion or recommendation contexts. These concerns underscore the
necessity of embedding ethical principles, such as transparency, accountability, and user autonomy,
into the design and governance of future emotionally intelligent ToD systems.

10.3 Recommendations for Future Research

Building on these limitations, several promising directions emerge for future research on emotionally
intelligent ToD systems.

A natural progression involves the integration of multimodal and multilingual emotional in-
telligence. Future systems should move beyond purely textual interaction to incorporate multiple
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modalities, such as speech, facial expressions, gaze, and physiological feedback, while also extending
emotional, thereby capturing the full richness of human affective communication. Incorporating
multimodal signals can significantly improve emotion understanding and help resolve ambiguities
that arise from text-only cues. Multilingual capability, on the other hand, allows emotionally intelli-
gent dialogue systems to generalise across linguistic boundaries, accounting for cultural variations in
affect expression and interpretation. Advancing toward this goal will require the creation of unified,
cross-lingual and cross-modal datasets and architectures capable of robust multimodal fusion.

Another key direction lies in continual learning. Current models, though effective in predefined
contexts, still rely on static datasets and fixed ontologies. Future emotionally intelligent systems
should be capable of learning continuously from ongoing interactions while safeguarding against
catastrophic forgetting. Moreover, cross-domain transfer, where emotion models trained in one task or
cultural setting adapt effectively to another, remains an underexplored yet crucial challenge. Methods
such as meta-learning, parameter-efficient fine-tuning, and adaptive representation learning could
potentially play central roles in enabling such generalisation.

In terms of decision-making, while the thesis introduced multi-objective optimisation that balances
task success and emotional appropriateness, future work could develop more granular emotion-
grounded reward functions that account for long-term user satisfaction, empathy consistency, and
emotional well-being. Incorporating human-in-the-loop reinforcement learning signals could further
refine such models, allowing systems to adapt not just to functional goals but also to dynamic affective
states over time.

The advancement of evaluation methodologies is equally important. Future studies should move
toward user-centric, longitudinal assessments that measure not only immediate satisfaction but also
trust, rapport, and emotional engagement over extended interactions. This could involve combining
quantitative dialogue metrics with qualitative feedback, psychometric evaluations, and behavioural
indicators. Evaluating systems in realistic deployment settings, such as customer service, healthcare,
or education, would provide a more authentic understanding of their strengths and weaknesses.

Beyond improved evaluation, future progress in emotionally intelligent dialogue systems will
also depend on addressing questions of ethics. Because such systems operate at the intersection of
technology and psychology, their influence on users’ affective states and well-being can be significant.
Ethical design, therefore, requires explicit consideration of privacy, informed consent, and the respon-
sible handling of affective cues, particularly when systems infer or respond to sensitive affective cues.
Establishing guidelines that specify how systems express emotion, treat users equitably, and preserve
users’ sense of control will be crucial for fostering trust and accountability.

Finally, the pursuit of explainable affective reasoning is equally important. As affect-aware
dialogue models grow in complexity, users and developers must be able to understand the basis
for emotional interpretations and decisions. Future research should explore interpretable affective
models capable of articulating how emotional states are inferred from multimodal inputs and how
these states shape system behaviour. Embedding such transparency within affective reasoning not
only supports ethical accountability but also facilitates more trustworthy and emotionally aligned
interaction between humans and dialogue systems.
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