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Abstract

Abstract

Task-oriented dialogue systems have gained significant attention in both
academia and industry for their practical utility in assisting users with specific
tasks within defined domains. Unlike open-domain systems, which focus on
maximizing user engagement, task-oriented systems prioritize task completion.
Existing research in this field can be broadly categorized into pipeline meth-
ods and end-to-end approaches. While pipeline methods compartmentalize
the system into modules such as Natural Language Understanding (NLU),
Natural Language Generation (NLG), and User satisfaction Modeling (USM).
End-to-end approaches utilize a single model for seamless processing. How-
ever, integrating domain knowledge, including domain schema and domain
documents, poses a significant challenge, hindering the effectiveness of these
systems. With the emergence of large language models (LLMs), various strate-
gies have been proposed to integrate common sense knowledge from LLMs
to enhance system performance. This thesis explores different methodologies
for integrating domain knowledge and common sense knowledge into task-
oriented dialogue systems. Specifically, (1) we explore how to use the task
schema knowledge to track dialogue state to enhance the natural language
understanding ability of the task-oriented dialogue system; (2) we explore
how to use task document knowledge to generate system responses to clar-
ify users’ needs and user profile; (3) we explore how to effectively estimate
the user satisfaction using domain knowledge to better simulate the user and
evaluate the performance of the task-oriented dialogue system; (4) we explore
how to use common scene knowledge in the LLMs to empower the end-to-
end task-oriented dialogue system. Each methodology is discussed in detail,
highlighting its contributions and experimental results.
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Impact Statement

Impact Statement

This thesis contributes to the advancement of task-oriented dialogue systems by
addressing critical challenges in integrating knowledge and enhancing system
performance. Through the exploration of various methodologies, including
schema-guided natural language understanding (NLU), document-guided natu-
ral language generation (NLG), schema-guided user satisfaction modeling, and
large language model (LLM)-empowered end-to-end methods, this research
significantly impacts both academia and industry in the following ways:

1. Enhanced System Performance: By leveraging different types of knowl-
edge, such as domain knowledge and common sense knowledge, the proposed
methodologies improve the effectiveness and efficiency of task-oriented dia-
logue systems. This leads to more accurate understanding of user intents, more
informative and personalized responses, and higher levels of user satisfaction.

2. Practical Applications: The developed methodologies have practical
applications in various domains, including customer service, healthcare, e-
commerce, and education. Task-oriented dialogue systems equipped with
these advancements can assist users in completing tasks more efficiently and
effectively, leading to improved user experiences and increased productivity.

3. Research Advancements: This thesis contributes to the body of knowl-
edge in the field of natural language processing (NLP) and human-computer
interaction (HCI) by introducing novel approaches for integrating knowledge
into dialogue systems. The insights gained from this research can inspire
further studies in related areas and drive innovation in dialogue system design
and development.

4. Industry Adoption: The methodologies proposed in this thesis have the
potential to be adopted by industry practitioners to enhance the capabilities of
existing task-oriented dialogue systems. By incorporating these advancements
into real-world applications, companies can deliver more intelligent and user-
friendly conversational interfaces to their customers, leading to improved
customer satisfaction and loyalty.

5. Ethical Considerations: This research emphasizes the importance of
ethical and responsible Al development in the design and deployment of task-
oriented dialogue systems. By addressing ethical considerations and societal
impacts, this work promotes the development of Al technologies that prioritize
user privacy, fairness, and transparency.

In summary, this thesis has a significant impact on the advancement of
task-oriented dialogue systems, offering novel methodologies that improve
system performance, facilitate practical applications, contribute to research
advancements, drive industry adoption, and promote ethical Al development.
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1. Introduction

Chapter 1

Introduction

1.1 Task-oriented Dialogue Systems

Task-oriented dialogue systems have gained significant attention in recent years
due to their potential to revolutionize human-computer interaction across vari-
ous domains. These systems aim to facilitate natural language conversations
between users and machines to accomplish specific tasks, such as booking a
flight, ordering food, or scheduling appointments. The significance of this area
lies in its ability to streamline user interactions with technology, making them
more intuitive, efficient, and user-friendly.

The task-oriented dialogue systems can effectively improve user experi-
ence. Traditional interfaces like forms, menus, and buttons can be cumbersome
and unintuitive for many users. Task-oriented dialogue systems offer a more
natural and conversational interaction paradigm, which can significantly en-
hance user experience and satisfaction. By automating routine tasks through
conversational interfaces, task-oriented dialogue systems can save time and
effort for both users and service providers. This efficiency can lead to increased
productivity and cost savings in various domains, such as customer service,
e-commerce, and healthcare.

Besides, dialogue systems can also leverage user interactions to person-
alize responses and recommendations, leading to more tailored and relevant
experiences. By understanding user preferences and context, these systems
can deliver more accurate and satisfying outcomes.

As the demand for digital services continues to grow, scalable solutions are
essential for meeting user needs effectively. Task-oriented dialogue systems
can scale relatively easily compared to traditional human-driven processes,
making them suitable for handling large volumes of interactions without com-
promising quality.

Finally, dialogue systems can be integrated across multiple platforms and
devices, including smartphones, smart speakers, websites, and messaging apps.
This cross-platform compatibility ensures seamless user experiences regardless
of the interface or device used.

1.2 Research Questions

In contrast to open-domain dialog systems, which prioritize maximizing user
engagement [1], task-oriented dialog systems focus on achieving particular
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1.3. Significance 1. Introduction

tasks within one or multiple domains [2]. Typically, these systems are con-
structed upon structured schema or unstructured documents, which delineate
the domain knowledge required for the tasks.

Existing studies on task-oriented dialog systems can be broadly classified
into two categories: pipeline and end-to-end methods. In pipeline methods,
the entire system is compartmentalized into several modules, including natural
language understanding (NLU) [3, 4], natural language generation (NLG) [5,
6], and user satisfaction modeling (USM) [7, 8]. Conversely, end-to-end
methods construct the system using a single model [9, 10], which directly
processes a natural language context as input and generates a natural language
response.

One major type of issues in task-oriented dialog systems is how to integrate
knowledge, which includes domain knowledge and common sense knowledge,
into the system to improve performance. For domain knowledge, it includes
domain schema and domain document. In most previous methods [11, 12, 13,
14], the domain knowledge is pre-defined and highly dependent on the corpus
they use. For example, the slots of the restaurant domain contain address area,
cuisine type, and price range; the documents of the restaurant domain contain
reviews, menus, recipes, and restaurant introductions. These approaches are
coupled with domain knowledge and cannot be easily transferred to a new task.
With the emergence of large language models, several approaches [15] have
been proposed to leverage the common sense knowledge of large language
models within task-oriented dialogue systems to mitigate the transfer problem.

Therefore, the research questions we discuss in this thesis include:

1. How to use the domain schema knowledge to track dialogue state to
enhance the natural language understanding ability of the task-oriented
dialogue system.

2. How to use domain document knowledge to generate system responses
to clarify users’ needs and user profile.

3. How to model user satisfaction using domain knowledge to better simu-
late the user and evaluate the task-oriented dialogue system.

4. How to use common scene knowledge in the large language models to
empower the end-to-end task-oriented dialogue systems.

1.3 Significance

Integrating knowledge into task-oriented dialogue systems is crucial for en-
hancing their effectiveness, accuracy, and overall user experience. Knowledge
integration enables dialogue systems to leverage external information sources
such as databases, ontologies, and APIs to provide more informative and con-
textually relevant responses to user queries. This integration can be achieved
through both pipeline methods, where knowledge is incorporated into specific
modules of the dialogue system, and end-to-end methods, where knowledge is
integrated into the entire system’s learning process.

Here is a breakdown of the significance of integrating knowledge into task-
oriented dialogue systems for each module in pipeline methods and end-to-end
methods:
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1. Natural Language Understanding:

Incorporating knowledge sources into NLU modules can help improve
entity recognition, intent detection, semantic parsing, and user needs
prediction. For example, using domain-specific schema or knowledge
graphs can provide NLU models with structured information about
entities, relationships, and domain-specific terminology, leading to a
more accurate understanding of user inputs.

2. Natural Language Generation:

Knowledge can be integrated into response generation by enriching
the response templates or candidate generation strategies with domain-
specific information. For example, using domain-specific documents or
structured databases to retrieve relevant information for response gener-
ation can ensure that generated responses are accurate and contextually
relevant.

3. User Satisfaction Modeling:

Integrating knowledge into user satisfaction modeling of task-oriented
dialogue systems is essential for enhancing user satisfaction, engage-
ment, and overall system effectiveness. By leveraging knowledge about
the domain, user preferences, and interaction context, dialogue systems
can provide more personalized, relevant, and accurate responses, leading
to higher levels of user satisfaction and improved user experiences.

4. End-to-End Task-Oriented Dialogue Systems:

Integrating knowledge into end-to-end task-oriented dialogue systems
enhances their capabilities in understanding user inputs, generating
contextually relevant responses, and adapting to diverse domains and
tasks. This leads to more natural, effective, and satisfying interactions
between users and dialogue systems, ultimately improving the overall
user experience and usability of the system.

1.4 Contributions

In this thesis, we elaborate on how to integrate knowledge into task-oriented
dialog systems which include each module in pipeline methods and end-to-end
methods. Our contributions are as follow:

1. Schema-guided natural language understanding.

Natural language understanding in task-oriented dialogue systems aims
to keep track of users’ intentions during the course of a conversation.
We propose a new approach to dialogue state tracking, referred to as
Seq2Seq-DU, which formalizes natural language understanding in task-
oriented dialogue as a sequence-to-sequence problem. Seq2Seq-DU
employs two BERT-based encoders to respectively encode the utter-
ances in the dialogue and the descriptions of schemas, an attender to
calculate attentions between the utterance embeddings and the schema
embeddings, and a decoder to generate pointers to represent the current
state of dialogue. Seq2Seq-DU has the following advantages. It can
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jointly model intents, slots, and slot values; it can leverage the rich repre-
sentations of utterances and schemas based on BERT; it can effectively
deal with categorical and non-categorical slots, and unseen schemas.

2. Relation-guided natural language understanding.

Natural language understanding in task-oriented dialogue is challenging,
although significant progresses have been made recently. In natural lan-
guage understanding, modeling the relations among domains and slots is
still an under-studied problem. Existing approaches that have considered
such relations generally fall short in: (1) fusing prior slot-domain mem-
bership relations and dialogue-aware dynamic slot relations explicitly,
and (2) generalizing to unseen domains. To address these issues, we
propose a novel Dynamic Schema Graph Fusion Network (DSGFNet),
which generates a dynamic schema graph to explicitly fuse the prior
slot-domain membership relations and dialogue-aware dynamic slot re-
lations. It also uses the schemata to facilitate knowledge transfer to new
domains. DSGFNet consists of a dialogue utterance encoder, a schema
graph encoder, a dialogue-aware schema graph evolving network, and a
schema graph enhanced dialogue state decoder.

3. Document-guided natural language generation.

Natural language generation in task-oriented dialogue systems aims to
generate system responses to reply to users’ requests. To provide accu-
rate and personalized system responses, task-oriented dialogue systems
need to address two potential issues: 1) users’ inability to describe their
complex information needs in their requests; and 2) ambiguous/missing
information the system has about the users. To address these issues,
task-oriented dialogue systems must have the ability to proactively ask
questions so as to clarify necessary information based on task knowl-
edge. We propose a Multi-Attention Seq2Seq Network, named MAS2S,
which can generate questions to clarify the user’s information needs
and the user’s profile considering unstructured task knowledge. MAS2S
consists of a text encoder, an answer confidence embedding network,
and a natural language decoder. In particular, the answer confidence
embedding network takes into account the unstructured task knowl-
edge to derive confidence of the predicted answer to the user’s request.
We further build a dataset, called ClariT, which contains about 100k
task-oriented dialogues. Our experimental results on ClariT show that
MAS?2S outperforms baselines on both clarification question generation
and answer prediction.

4. Schema-guided user satisfaction modeling.

User satisfaction modeling is one of the popular choices for task-oriented
dialogue systems evaluation, where user satisfaction typically depends
on whether the user’s task goals were fulfilled by the system. Task-
oriented dialogue systems use task schema, which is a set of task at-
tributes, to encode the user’s task goals. Existing studies on user sat-
isfaction modeling neglect explicitly modeling the user’s task goals
fulfillment using the task schema. We propose SG-USM, a novel
Schema-Guided User Satisfaction Modeling framework. It explicitly
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models the degree to which the user’s preferences regarding the task
attributes are fulfilled by the system for predicting the user’s satisfaction
level. SG-USM employs a pre-trained language model for encoding
dialogue context and task attributes. Further, it employs a fulfillment
representation layer for learning how many task attributes have been ful-
filled in the dialogue, an importance predictor component for calculating
the importance of task attributes. Finally, it predicts the user satisfaction
based on task attribute fulfillment and task attribute importance.

5. Large language model empowered end-to-end method.

A task-oriented dialog system is designed to assist users in completing
specific tasks. The task usually contains multiple sub-tasks. For example,
in the conversational recommendation domain, the sub-tasks usually con-
tain user preference elicitation, recommendation, explanation, and item
information search. To develop effective task-oriented dialog system,
there are some challenges: 1) how to properly manage sub-tasks; 2) how
to effectively solve different sub-tasks; and 3) how to correctly generate
responses that interact with users. Recently, Large Language Models
(LLMs) have exhibited an unprecedented ability to reason and generate
with common sense knowledge, presenting a new opportunity to develop
more powerful task-oriented dialog systems. To address the challenges
listed above, we propose a new LLLM-based agent for task-oriented dia-
log systems, referred to as CRSAgent. For sub-task management, we
leverage the reasoning ability of LLMs to effectively manage sub-tasks.
For sub-task solving, we merge LLMs with expert models of different
sub-tasks to achieve an enhanced performance. For response generation,
we utilize the generation ability of LLMs as a language interface to better
interact with users. Specifically, CRSAgent divides the workflow into
four stages: sub-task detection, model matching, sub-task execution, and
response generation. CRSAgent also designs schema-based instruction,
demonstration-based instruction, dynamic sub-task and model matching,
and summary-based generation to instruct LLMs to generate desired
results in the workflow. Finally, to adapt LLMs to a specific domain,
we also propose to fine-tune LLLMs with reinforcement learning from
task performance feedback, referred to as RLPF. Experimental results
on benchmark datasets show that CRSAgent with RLPF outperforms
the existing methods.

1.5 Publication List

The subsequent chapters of the thesis are heavily based on the following pub-
lished papers.

Chapter 3. Schema-Guided Natural Language Understanding:

Yue Feng, Yang Wang, and Hang Li, A Sequence-to-Sequence Approach to
Dialogue State Tracking. Annual Meeting of the Association for Computational
Linguistics (ACL), 2021

Chapter 4. Relation-Guided Natural Language Understanding:

Yue Feng, Aldo Lipani, Fanghua Ye, Qiang Zhang, and Emine Yilmaz.
Dynamic Schema Graph Fusion Network for Multi-Domain Dialogue State
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Tracking. Annual Meeting of the Association for Computational Linguistics
(ACL), 2022

Chapter 5. Document-Guided Natural Language Generation:

Yue Feng, Hossein A Rahmani, Aldo Lipani, Emine Yilmaz. Towards Asking
Clarification Questions for Information Seeking on Task-Oriented Dialogues.
Arxiv, 2023. Under review of COLING 2025.

Chapter 6. Schema-Guided User Satisfaction Modeling:

Yue Feng, Yunlong Jiao, Animesh Prasad, Nikolaos Aletras, Emine Yilmaz,
and Gabriella Kazai. Schema-Guided User Satisfaction Modeling for Task-
Oriented Dialogues. Annual Meeting of the Association for Computational
Linguistics (ACL), 2023

Chapter 7. Large Language Model Empowered End-to-End Task-Oriented
Dialogue Systems:

Yue Feng, Shuchang Liu, Zhenghai Xue, Qingpeng Cai, Lantao Hu, Peng
Jiang, Kun Gai, Fei Sun, Emine Yilmaz. A Large Language Model based Agent
for Conversational Recommender System. Arxiv, 2023. Under review of TOIS.

1.6 A Readers Guide

This thesis is structured as follows. In Chapter. 2, we introduce the recent re-
lated work of each component in pipeline methods and end-to-end approaches.
In Chapter. 3, we discuss the schema-guided natural language understanding
method. In Chapter. 4, we discuss the relation-guided natural language un-
derstanding method. In Chapter. 5, we discuss the document-guided natural
language generation method. In Chapter. 6, we discuss the schema-guided user
satisfaction modeling method. In Chapter. 7, we discuss the large language
model empowered end-to-end method. Finally in Chapter. 8, we conclude the
thesis and discuss future research trends.
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Chapter 2
Related Work

The architecture of task-oriented dialog systems can be broadly categorized into
two main classes: pipeline and end-to-end approaches. In pipeline approaches,
the system typically comprises multiple components, including Natural Lan-
guage Understanding (NLU), Natural Language Generation (NLG), and User
Satisfaction Modeling (USM), arranged sequentially as depicted in Figure 2.1.
The NLU, NLG, and USM components are often trained independently before
being integrated. Notably, while the NLU-NLG-USM framework represents
a common configuration of the pipeline system, alternative configurations
also exist. Recent research has explored merging certain components, such as
word-level dialogue state tracking and word-level policy, leading to diverse
pipeline configurations [3, 4, 5, 6].

In end-to-end approaches, dialog systems are trained in an end-to-end man-
ner, without specifying each individual component. Commonly, the training
process is formulated as generating a responding utterance given the dialog
context and the backend knowledge base.

",l want to find a ) Natural language Dialog state
Chunesw understanding tracking

Inform (cuisine="Chinese”)

) Dialog T
User IEleg s manager < > | Knowledge
Query base
\ Request (location)
“Where do you Natural language Dialog policy
want to eat?” generation

Figure 2.1: General framework of a pipeline task-oriented dialog system.

2.1 Task-oriented Dialogue Systems

Developing task-oriented (also known as goal-oriented) dialogue systems
has garnered significant attention within both the research community and
the industry. Task-oriented dialogue systems are designed to aid users in
completing specific tasks within defined domains, such as restaurant booking,
weather inquiries, and flight reservations, rendering them invaluable for real-
world applications. Unlike open-domain dialogue systems, which primarily
focus on maximizing user engagement [1], task-oriented dialogue systems
concentrate on achieving particular tasks within one or multiple domains [2].
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Generally, these systems rely on structured ontologies to encapsulate domain
knowledge pertinent to the tasks.

Existing research on task-oriented dialogue systems can be broadly catego-
rized into two main approaches: pipeline and end-to-end methods. In pipeline
methods, the system is segmented into multiple modules, encompassing natural
language understanding (NLU), dialogue state tracking (DST), dialogue policy
(Policy), natural language generation (NLG), and user satisfaction modeling
(USM). Additionally, there are hybrid approaches like word-level DST [3, 4]
(integrating NLU and DST) and word-level policy [5, 6] (integrating Policy
and NLG). On the other hand, end-to-end methods construct the system using
a single model, which directly processes natural language input and produces
natural language responses.

Constructing a pipeline system typically necessitates extensive labeled
dialogue data to train each component. The modular architecture renders the
system more interpretable and robust compared to end-to-end counterparts.
Consequently, many real-world commercial systems adopt this approach. End-
to-end systems demand fewer annotations, facilitating easier construction.
Nevertheless, their holistic structure renders them akin to black boxes, which
can be more challenging to control [7].

In pipeline methods, recent research has placed greater emphasis on the
dialogue state tracking and dialogue policy components, collectively referred
to as Dialog Management. This is because both the natural language under-
standing (NLU) and natural language generation (NLG) components represent
standalone language processing tasks that are less tightly integrated with other
aspects of dialogue systems. Dialogue state tracking (DST) tasks, based on
domain ontology, can be viewed as a classification task involving the predic-
tion of each slot’s value. However, such classification-based methods may
encounter challenges, such as the out-of-vocabulary (OOV) problem and dif-
ficulty in generalizing to new domains when training data are insufficient.
Dialogue policy learning is often framed as a reinforcement learning (RL) task.
However, unlike other well-established RL tasks like video game playing [8]
and Go [9], training a dialogue policy requires human interaction, making it
resource-intensive. Additionally, many existing methods rely on manually de-
fined rewards, such as task-completion rates and session turn numbers, which
may not reliably evaluate system performance.

In end-to-end methods, the inherent demand for abundant data by the stan-
dard sequence-to-sequence model poses challenges in mastering the intricate
slot filling mechanism within task-oriented dialogue systems, especially when
confronted with a restricted corpus of domain-specific data. Additionally,
addressing the knowledge base query issue entails the model generating an
intermediate query alongside the encoder and decoder, a task that is not in-
herently straightforward. Another limitation lies in the word-level strategy
employed by the encoder-decoder framework, which could potentially result
in suboptimal performance due to the entanglement of strategy and language
functions.
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2.2 Natural Language Understanding for Task-
oriented Dialogue Systems

When presented with a user utterance, the natural language understanding
(NLU) component interprets it and maps it onto a structured semantic rep-
resentation. One prevalent schema for such representation is the dialog act,
which comprises intent and slot-values, as outlined in Table 2.1. Intent type
serves as a high-level categorization of the utterance, distinguishing between
functions like Query and Inform, thereby indicating the purpose of the utter-
ance. Slot-value pairs represent task-specific semantic elements mentioned
in the utterance. It is important to note that both intent type and slot-value
pairs are task-specific, aligning with the ontology and facilitating queries to
the knowledge base.

Table 2.1: An example of dialog act for an utterance in the restaurant reserva-
tion domain.

Utterance | Intent | Slot value

How about a British restaurant in north part of town ‘ Query ‘ Cuisine= British, Location= North

Utilizing the dialog act structure, the NLU task can be broken down into
two distinct tasks: intent detection and slot-value extraction. Intent detection
typically involves classifying the utterance to determine its intent, while slot-
value extraction is commonly approached as a sequence labeling problem,
aiming to recognize and extract relevant slot-values from the utterance.

pintent<d’x17 Loy ey xn); (2.21)
ps—v(y17y27”'7yn|x17x27"'7xn>7 (2.22)

where the d indicates the intent class and ¥ to y,, are the labels of each token
in the utterance [z1, x9, ..., ] in which z; is a token and n means the number
of tokens.

Thanks to the robust capabilities of sequence modeling, RNN and its
variants have become prevalent choices in intent detection and slot-value
extraction [16, 17, 18]. These models leverage the hidden state of each token
to predict the corresponding label y;, and utilize the final hidden state to
discern the sentence intent d. Other neural network architectures, such as
recursive neural networks [19] and convolutional neural networks (CNNs) [20],
have also been investigated for these tasks. Additionally, conditional random
fields, commonly employed in traditional sequence tagging models, have been
integrated with RNNs [21] and CNNs [20] to enhance performance. More
recently, pre-trained models like BERT [22] have emerged as another popular
option [23, 24].

Additionally, some models have focused on strengthening the connection
between intent classification and slot tagging. Goo et al. [25] proposed an
intent gate to guide the slot tagging process, while Liu et al. [26] proposed an
attention mechanism to facilitate the interaction between word and sentence
representations.

The dialog state tracker gauges the user’s objective at each time step by
considering the entire dialog context as input. The dialog state at time ¢ can
be seen as a condensed representation of the preceding turns up to ¢. Early
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studies presumed the fixed sets of dialog states and depicted state transitions
during interaction as a Markov Decision Process (MDP). POMDP, on the other
hand, assumes partial observability of the observation, enhancing robustness in
intricate scenarios [27, 28, 29]. More recent approaches have embraced belief
states for dialog state representation, where the state comprises slot-value pairs
delineating the user’s objective. Consequently, this issue can be framed as a
multi-task classification task [30, 31, 32]:

pi(di,t|ul7u2a "'7ut)7 (223)

where for each specific slot i, there is a tracker p;. u; represents the utterance
in turn ¢. The class of slot 7 in the ¢-th turn is d; ;. However, this approach
encounters limitations when confronted with previously unseen values during
runtime. Additionally, some works have approached the natural language
processing task of a task-oriented dialogue system by formulating it as a
reading comprehension task [33, 34].

In more recent methods, slots are often categorized into two types: free-
form and fixed vocabulary [35]. The former type lacks a predetermined
vocabulary for the slot, making it unsuitable for value prediction through
classification. In the case of free-form slots, one approach involves direct value
generation [36], or alternatively, predicting the span of the value within the
utterance [37]. Generative methods typically employ a decoder to generate slot
values word by word from an extensive vocabulary. However, this method may
encounter challenges with rare words due to vocabulary limitations. On the
other hand, span-based methods assume that the value is presented within the
context, enabling the model to predict the start and end positions of that span.

Recent NLU approaches of task-oriented dialogue systems mainly focus on
encoding the dialogue contexts with deep neural networks (e.g., convolutional
and recurrent networks) and inferring the values of slots independently [38,
39, 4, 36, 40, 41, 42]. With the prevalence of pre-trained language models,
such as BERT [43] and GPT-2 [44], a great variety of NLU approaches have
been developed on top of these pre-trained models [40, 45, 46]. The relations
among domains and slots are not considered in the above approaches. However,
the prior slot-domain membership relations can facilitate the sharing of domain
knowledge and the dialogue-aware dynamic slot relations can conduce dia-
logue history understanding. Ignoring these relations may lead to sub-optimal
performance.

To fill in this gap, several new NLU approaches, which involve the rela-
tions among domains and slots, have been proposed. Some of them leverage
a graph structure to capture the slot-domain membership relations [47, 48,
49, 50, 51]. Specifically, a predefined schema graph is employed to represent
the slot-domain membership relations. However, they fail to incorporate the
dialogue-aware dynamic slot relations into the schema graph. The other ap-
proaches utilize the attention mechanism to learn dialogue-aware dynamic slot
relation features in order to facilitate information flow among slots [37, 52,
53, 41, 54]. However, these approaches ignore the slot-domain membership
relations defined by prior knowledge. Since both the prior slot-domain mem-
bership relations and dialogue-aware dynamic slot relations can enhance DST
performance, our approach is developed to combine them in an effective way.

Given that a deployed dialogue system may encounter an ever-increasing
number of new domains that have limited training data available, the NLU
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module should be capable of generalizing to unseen domains. Recent NLU
approaches have focused on using zero-shot learning to achieve this goal [55,
56]. These approaches exploit the natural language descriptions of schemata
to transfer knowledge across domains. However, they ignore the relations
among domains and slots. In this work, we propose a unified framework to
fuse the prior slot-domain membership relations and dialogue-aware dynamic
slot relations, no matter whether the domains are seen or not.

2.3 Natural Language Generation for Task-Oriented
Dialogue Systems

Once the dialog act is generated by the dialog policy, the natural language
generation component translates the act into a natural language utterance, often
framed as a conditioned language generation task [57]. This task entails taking
the dialog act as input and producing the corresponding natural language
response. To enhance the user experience, the generated utterance should
(1) effectively convey the semantics of the dialog act for task completion,
and (2) exhibit naturalness, specificity, and informativeness akin to human
language. Another challenge is constructing a robust NLG system with limited
training data. Peng et al. [58] proposed SC-GPT, which involves pre-training
GPT with a large-scale NLG corpus collected from publicly available dialog
datasets, followed by fine-tuning the model on target NLG tasks using only a
few training instances.

Traditional NLG approaches for task-oriented dialogues have historically
relied on template-based and rule-based methods [59, 60], where experts man-
ually design templates and rules tailored to specific domains. Subsequently, a
shift towards data-driven methodologies employing machine learning emerged
[61, 62, 63]. Kondadadi et al. [64] introduced a statistical approach for
generating utterances using techniques like k-means clustering and support
vector machines. More recently, a multitude of generation models based on
end-to-end learning have surfaced, leveraging deep learning techniques [65,
66, 67]. Wen et al. [57] proposed SC-LSTM, which regulates utterance gen-
eration by incorporating dialogue act (DA) feature vectors and reading gates.
SC-GPT [58] stands out as a state-of-the-art model for MultiWOZ, achieving
remarkable performance through fine-tuning the language model GPT-2 [44]
on extensive task-oriented dialog datasets.

Certain end-to-end models [68, 6] produce system utterances directly from
dialogue history, bypassing traditional NLG methods, a strategy known as
word-level policy. Notably, Zhao et al. [S] and Mehri et al. [69] refine word-
level policy through reinforcement learning (RL) to enhance task completion.
However, while these approaches leverage RL for system utterance genera-
tion, they do not address the adaptation of the NLG module itself to varying
environments and user preferences.

Various methods have emerged for tailoring utterances to suit the user.
Walker et al. [70] employed quantitative user modeling in multimodal dia-
logues, crafting speech output that considers user preferences. Janarthanam
and Lemon [71] utilized reinforcement learning (RL) to generate utterances
aligned with the user’s domain knowledge. Duek and Jurci cek [72] introduced
an NLG approach capable of producing utterances reflecting entrainment.
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Additionally, Mairesse and Walker [73] proposed PERSONAGE, an NLG
framework adept at generating utterances reflecting the Big Five personality
traits. Our study distinguishes itself from these prior works by optimizing an
existing NLG to accurately convey dialogue acts (DAs) tailored to specific
environments and users.

Over the past few years, numerous methods leveraging reinforcement learn-
ing (RL) for language generation tasks have emerged [74]. These approaches
span various domains, including machine translation methods [75, 76] that
employ BLEU as the reward function, summary generation techniques [77,
78] utilizing ROUGE, and narrative generation [79]. Furthermore, several
methodologies have incorporated human feedback rather than relying solely
on automatic evaluation metrics, evident in machine translation [80], summary
generation [81, 82], and open-domain dialogue [83, 84]. Our study investigates
the potential application of these recent advancements in NLG for task-oriented
dialogues.

Despite the extensive attention that task-oriented dialogue systems have
received, our understanding of the nature of information-seeking in task-
oriented dialogues is still limited, and there lacks a task-oriented information-
seeking paradigm that can ask clarification questions to users which is one of
the goals of this work.

Research on clarification question generation has attracted considerable
attention in the fields of NLP and IR in recent years. Zhang et al. [85] proposed
to ask aspect-based clarification questions in the right order so as to understand
the user’s needs. Aliannejadi et al [86] and Xu et al. [87] proposed a ranking
model to select clarification questions in open-domain information-seeking
conversations. Cao et al. [88] proposed to feed expected question specificity
along with the context to generate specific and generic clarifying questions.
Rao et al. [89] proposed a sequence-to-sequence generation network using
the attention mechanism to generate clarification questions. Kumar et al. [90]
generated clarification questions by sampling comments from StackExchange
posts.

To the best of our knowledge, no previous work exists on clarification
question generation for information seeking on task-oriented dialogues, which
is the focus of this chapter.

2.4 User Satisfaction Modeling for Task-Oriented
Dialogue Systems

Unlike chitchat dialogue systems that aim at conversing with users without
specific goals, task-oriented dialogue systems assist users to accomplish certain
tasks [11, 91]. Task-oriented dialogue systems can be divided into module-
based methods [12, 92, 93, 53, 48, 4, 94, 26] and end-to-end methods [95, 96,
97, 98, 21]. To measure the effectiveness of task-oriented dialogue systems,
evaluation is a crucial part of the development process. Several approaches
have been proposed including automatic evaluation metrics [99, 3], human
evaluation [95, 25], and user satisfaction modeling [7, 8]. Automatic evaluation
metrics, such as BLEU [100], make a strong assumption for dialogue systems,
which is that valid responses have significant word overlap with the ground
truth responses. However, there is significant diversity in the space of valid
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responses to a given context [101]. Human evaluation is considered to reflect
the overall performance of the system in a real-world scenario, but it is intrusive,
time-intensive, and does not scale [102].

Offline evaluation relying on test sets is commonly employed but has limi-
tations, as it typically assesses a single turn and fails to provide insights into the
overall system effectiveness or user satisfaction with the dialogue flow [103].
Introducing simulation-based evaluation can address these shortcomings and
serve as a valuable option for large-scale automatic assessment [102]. User
simulators, designed to mimic user behavior, serve various purposes, includ-
ing training dialogue managers in offline environments [102] and evaluating
dialogue policies [29]. Eckert et al. [104] introduce the initial statistical user
simulator, while Scheffler and Young [105] propose a graph-based model.
Georgila et al. [106] utilize a Markov Model, and Cuayahuitl et al. [107] intro-
duce a hidden Markov model. Schatzmann et al. [29] present an agenda-based
user simulator, elegantly representing user states as a stack of essential actions,
termed the agenda. Zhang and Balog [103] employ an agenda-based user sim-
ulator to assess conversational recommender systems. Recent advancements
include neural approaches, particularly sequence-to-sequence models [108,
109]. To our knowledge, no prior study explicitly incorporates user satisfaction
into user simulations. Diverging from past efforts, our work pioneers the inte-
gration of user satisfaction into user simulations to enhance their human-like
quality.

Recently, user satisfaction modeling has been proposed as the main evalua-
tion metric for task-oriented dialogue systems, which can address the issues
listed above. In task-oriented dialogue (TOD) systems, users aim to accom-
plish specific tasks such as booking a hotel or reserving a ticket. Throughout
the interaction between the user and the TOD system, user satisfaction levels
can fluctuate [110]. The prediction of user satisfaction within the dialogue is
termed user satisfaction estimation. Sun et al. [7] delve into the study of user
satisfaction estimation in TOD systems and propose a benchmark compris-
ing multiple datasets for this purpose. They identify that the primary cause
of user dissatisfaction often stems from the system’s inability to accurately
comprehend the user’s requests or effectively manage their requirements. Kim
and Lipani [111] introduce a multi-task framework demonstrating the mutual
benefits among user satisfaction estimation, action prediction, and utterance
generation tasks through positive transfer learning. Ye et al. [112] conceptual-
ize user satisfaction across dialogue turns as an event sequence and leverage
its dynamics to predict user satisfaction at any given turn. Hu et al. [113]
utilize ChatGPT as a user satisfaction estimator, employing satisfaction scores
as feedback to train a dialogue utterance generation model.

User satisfaction in task-oriented dialogue systems is related to whether or
not, or to what degree, the user’s task goals are fulfilled by the system. Some
researchers study user satisfaction from temporal user behaviors, such as click,
pause, etc. [114, 115, 8, 116, 117, 118]. Other related studies view dialogue
action recognition as an important preceding step to USM, such as request,
inform, etc. [114, 111]. However, sometimes the user behavior or system
actions are hidden in the users natural language feedback and the system’s
natural language response [119]. To cope with this problem, a number of
methods are developed from the perspective of sentiment analysis [7, 120, 121]
and response quality assessment [122, 123]. However, all existing methods
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Figure 2.2: Framework of end-to-end dialog systems: Initially, the system
encodes the natural language context to derive latent variables, which subse-
quently aid in the knowledge base (KB) querying. Subsequently, leveraging
these latent variables and query results, the decoder generates a natural lan-
guage response.

cannot explicitly predict user satisfaction with fine-grained explanations, deal
with unseen tasks, and alleviate low-resource learning problem. Our work is
proposed to solve these issues.

2.5 End-to-End Methods for Task-Oriented Dia-
logue Systems

In general, the components within a pipeline system are optimized indepen-
dently. While this modularized structure allows for flexibility, it often results
in complex model designs, and the performance of each individual compo-
nent does not necessarily translate to advancements in the overall system [9].
End-to-end approaches for task-oriented dialog systems draw inspiration from
research on open-domain dialog systems, employing neural models to con-
struct the system in a unified, end-to-end manner without modular design, as
depicted in Figure 2.2. Many of these methods leverage sequence-to-sequence
models as the foundational framework, which is end-to-end differentiable and
amenable to optimization using gradient-based methods [124].

In most existing end-to-end approaches, models are typically trained to
maximize the prediction probability of responses in collected data. Wen et
al. [10] introduced a modularized end-to-end model where each component
is represented using neural networks, rendering the model end-to-end differ-
entiable. Bordes et al. [125] formulated task-oriented dialog as a reading
comprehension task, treating the dialog history as context, the user utterance
as question, and the system response as answer. They employed the end-to-end
memory networks for multi-turn inference. Similarly, Madotto et al. [98]
adopted a comparable strategy and additionally incorporated knowledge base
information into the memory networks. Eric et al. [126] proposed a novel
memory network structure called key-value memory networks to extract rel-
evant information from the knowledge base through key-value retrieval. Lei
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et al. [94] presented a two-step seq2seq generation model that circumvented
structured dialog act representation, retaining only the dialog state represen-
tation. In their approach, the model first encodes the dialog history and then
generates a dialog state using LSTM and CopyNet. Subsequently, given the
state, the model generates the final natural language response.

One major drawback of the aforementioned methods is their reliance on
large amounts of training data, which can be costly to acquire. Additionally,
they often struggle to fully explore the state-action space since the model’s ob-
servations are limited to the examples in the data. To address these challenges,
reinforcement learning methods have been introduced [127, 128, 129]. Zhao et
al. [130] proposed an end-to-end model, where the natural language utterance
serves as input, and the system dialog act is generated as a response. In this
approach, there is no explicit state representation; instead, the dialog history is
encoded into a state vector using LSTM, and DQN is employed to select an
action. Williams et al. [131] introduced LSTM-based hybrid code networks
(HCN), which support self-defined software.

Two main types of end-to-end TOD have been studied: attribute-based
TOD and generation-based TOD.

Attribute-based TOD interact with users through pre-defined actions [132,
133]. They capture user preferences by asking queries about task attributes and
generate responses using pre-defined templates. Lei et al. [134] introduced
a unified framework aimed at addressing both the determination of relevant
questions regarding task attributes and the timing of resluts, leveraging fac-
torization machine estimation. Ren et al. [135] proposed to ask questions by
intricately modeling a user’s preferences, achieved through the identification
of the most pertinent relations from a structured knowledge graph. Xu et
al. [136] proposed individual adaptations for the original user embedding and
item-level feedback, aligning both with the online attribute-level feedback.
Zhang et al. [85] proposed to ask aspect-based questions in a strategic order
to comprehend user needs. Simultaneously, personalized search takes place
during the conversation, and results are presented when the system attains
a sufficient level of confidence. Most of these approaches systematically
reduce the hypothesis space to efficiently locate suitable items with fewer
iterations. However, this type of TOD often overlooks the importance of gen-
erating human-like responses in natural language, potentially impacting user
experiences negatively.

Compared to attribute-based TOD, generation-based TOD interact with
users through more free-form natural language conversations [137, 138]. They
capture the preferences from the conversation context and then generate re-
sponses in free-form [139, 140, 141]. Chen et al. [139] proposed to integrate
the task model and the dialog generation system by incorporating knowledge-
grounded information into users’ preferences. Zhou et al. [140] incorporated
both word-oriented and entity-oriented knowledge graphs to enrich data rep-
resentations to align the word-level and entity-level semantic spaces. Tu et
al. [142] proposed to model the hierarchical relationships connected by sim-
ilar users, aiming to provide more comprehensive information to generate
responses. Zhou et al. [143] proposed to extract and represent multi-grained
semantic units from various data signals, aligning the associated multi-type
semantic units in a coarse-to-fine manner. This type of TOD focuses mainly
on giving accurate task results through a natural language interface. However,
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due to the intricate nature of TOD, their effectiveness is limited. In this study,
we focus on the type of generation-based TOD. Our objective is to decompose
intricate generation-based TOD into discrete sub-tasks, thereby enhancing
performance for each individual sub-task.

With the emergence of LLMs in natural language processing, there has
been a growing interest in harnessing the power of LLMs to enhance dialogue
systems [144, 145]. For the TOD, there are only some preliminary approaches.
Wang et al. [146] proposed to utilize in-context learning to rerank the results
of the task model and utilize prompting strategies to generate the responses.
However, they ignore the decomposition problem in the TOD. In this work,
we target using LLM-based agent to decompose TOD into sub-tasks.

2.6 Clarifying Question Generation and Selection

The problem of query ambiguity is a key motivation for advancing task-oriented
dialogue systems over traditional single-turn search. An ambiguous query typi-
cally refers to a query where the system cannot confidently discern the users in-
formation need, resulting in less relevant responses [147]. Ambiguity can arise
from various factors, such as multiple distinct interpretations, under-specified
subtopics [148], anaphoric references, or syntactic complexities [149].

Efforts to address query ambiguity generally fall into two categories: 1)
Query Suggestion: Offering related queries to guide the user, as explored
in [150, 151, 152]. 2) Asking Clarifying Questions: Engaging users proactively
to provide additional context, as discussed in [153, 154, 89, 155].

While these approaches share structural and functional similarities, they
are not interchangeable. Each has strengths suited to specific scenarios. For
instance, clarifying questions are particularly useful for resolving ambiguous
queries lacking context, whereas query reformulation is more effective in
context-rich situations. Query suggestion, on the other hand, excels in guiding
task completion and uncovering user needs.

Among the approaches to resolving query ambiguity, asking clarifying
questions (CQs) is the most extensively studied [147] and is often regarded as
more convenient due to its proactive nature [156, 157]. Existing research on
CQs can be broadly categorized into two main approaches: (1) ranking/select-
ing CQs, as explored in [158, 153], and (2) generating CQs, as demonstrated
in works like [159, 89].

Rao and Daumé III [89] employed generative adversarial learning to train
a sequence-to-sequence model for question generation. Zamani et al. [155]
introduced a rule-based template completion model alongside two neural ques-
tion generation models that generate CQs based on the query and its aspects.
Subsequent studies [160] highlighted the effectiveness of using templates to
guide CQ generation, effectively framing the CQ generation problem as a
selection task. Similarly, Sekuli et al. [161] proposed a query facet-driven
approach to CQ generation. More recently, Zhao et al. [162] demonstrated that
query facets can be extracted from web search results to guide the question
generation process, further enhancing the relevance and specificity of CQs.
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Chapter 3

Schema-Guided Natural Language
Understanding for Task-Oriented
Dialogues

This work is concerned with natural language understanding in a task-oriented
dialogue system. Building a natural language understanding module that is
highly effective is still a challenging issue, although significant progresses
have been made recently. This work proposes a new approach to dialogue
state tracking, referred to as Seq2Seq-DU, which formalizes natural language
understanding in a task-oriented dialogue system as a sequence-to-sequence
problem. Seq2Seq-DU employs two BERT-based encoders to respectively
encode the utterances in the dialogue and the descriptions of schemas, an atten-
der to calculate attentions between the utterance embeddings and the schema
embeddings, and a decoder to generate pointers to represent the current state
of dialogue. Seq2Seq-DU has the following advantages. It can jointly model
intents, slots, and slot values; it can leverage the rich representations of utter-
ances and schemas based on BERT; it can effectively deal with categorical and
non-categorical slots, and unseen schemas. Experimental results on benchmark
datasets in different settings (SGD, MultiWw0Z2.2, Multiw0Z2.1, WOZ2.0,
DSTC2, M2M, SNIPS, and ATIS) show that Seq2Seq-DU outperforms the
existing methods.

3.1 Introduction

In natural language understanding, a semantic frame representing the content
of user utterance is created at each turn of dialogue. Several semantic frames
representing the ‘states’ of dialogue are created and updated in multiple turns
of dialogue, which is called dialogue state tracking (DST). Domain knowledge
in dialogues is represented by a representation referred to as schema, which
consists of possible intents, slots, and slot values. Slot values can be in a
pre-defined set, with the corresponding slot being referred to as categorical
slot, and they can also be from an open set, with the corresponding slot being
referred to as non-categorical slot. Figure 3.1 shows an example of DST.

We think that a DST module should have the following abilities. (1) Global,
the model can jointly represent intents, slots, and slot values. (2) Representable,
it has strong capability to represent knowledge for the task, on top of a pre-
trained language model like BERT. (3) Scalable, the model can deal with
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Search for one-way flights to a
destination.

Reserve a one-way flight.

Figure 3.1: An example of dialogue state tracking. Given a dialogue history
that contains user utterances and system utterances, and descriptions of schema
that contain all possible intents and slot-value pairs, a dialogue state for the
current turn is created which is represented by intents and slot-value pairs.
There are slot values obtained from the schema (categorical) as well as slot
values extracted from the utterances (non-categorical). #4, #6, etc denote
pointers.

categorical and non-categorical slots and unseen schemas.

Many methods have been proposed for DST [4, 38, 163, 25]. There are
two lines of relevant research. (1) To enhance the scalability of DST, a problem
formulation, referred to as schema-guided dialogue, is proposed. In the setting,
it is assumed that descriptions on schemas in natural language across multiple
domains are given and utilized. Consequently, a number of methods are
developed to make use of schema descriptions to increase the scalability of
DST [55, 164, 56]. The methods regard DST as a classification and/or an
extraction problem and independently infer the intent and slot value pairs for
the current turn. Therefore, the proposed models are generally representable
and scalable, but not global. (2) There are also a few methods which view
DST as a sequence to sequence problem. Some methods sequentially infer
the intent and slot value pairs for the current turn on the basis of dialogue
history and usually employ a hierarchical structure (not based on BERT) for
the inference [94, 36, 165]. Recently, a new approach is proposed which
formalizes the tasks in dialogue as sequence prediction problems using a
unified language model (based on GPT-2) [166]. The method cannot deal with
unseen schemas and intents, however, and thus is not scalable.

We propose a novel approach to DST, referred to as Seq2Seq-DU (sequence-
to-sequence for dialogue understanding), which combines the advantages of
the existing approaches. To the best of our knowledge, there was no previous
work which studied the approach. We think that DST should be formalized as
a sequence to sequence or ‘translation’ problem in which the utterances in the
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dialogue are transformed into semantic frames. In this way, the intents, slots,
and slot values can be jointly modeled. Moreover, NLU can also be viewed as
a special case of DST and thus Seq2Seq-DU can also be applied to NLU. We
note that very recently the effectiveness of the sequence to sequence approach
has also been verified in other language understanding tasks [167].

Seq2Seq-DU comprises a BERT-based encoder to encode the utterances
in the dialogue, a BERT based encoder to encode the schema descriptions, an
attender to calculate attentions between the utterance embeddings and schema
embeddings, and a decoder to generate pointers of items representing the
intents and slots-value pairs of state.

Seq2Seq-DU has the following advantages. (1) Global: it relies on the
sequence to sequence framework to simultaneously model the intents, slots,
and slot-values. (2) Representable: It employs BERT [43] to learn and utilize
better representations of not only the current utterance but also the previous
utterances in the dialogue. If schema descriptions are available, it also employs
BERT for the learning and utilization of their representations. (3) Scalable: It
uses the pointer generation mechanism, as in the Pointer Network [168], to
create representations of intents, slots, and slot-values, no matter whether the
slots are categorical or non-categorical, and whether the schemas are unseen
or not.

Experimental results on benchmark datasets show that Seq2Seq-DU! per-
forms much better than the baselines on SGD, MultiwW0OZ2.2, and Multi-
WOZ2.1 in multi-turn dialogue with schema descriptions, is superior to BERT-
DST on WOZ2.0, DSTC2, and M2M, in multi-turn dialogue without schema
descriptions, and works equally well as Joint BERT on ATIS and SNIPS in
single turn dialogue (in fact, it degenerates to Joint BERT).

3.2 Seq-to-Seq Dialogue State Tracking

Our approach Seq2Seq-DU formalizes dialogue state tracking as a sequence to
sequence problem using BERT and pointer generation. As shown in Figure 3.2,
Seq2Seq-DU consists of an utterance encoder, a schema encoder, an utterance
schema attender, and a state decoder. In each turn of dialogue, the utterance
encoder transforms the current user utterance and the previous utterances in
the dialogue into a sequence of utterance embeddings using BERT; the schema
encoder transforms the schema descriptions into a set of schema embeddings
also using BERT; the utterance schema attender calculates attentions between
the utterance embeddings and the schema embeddings to create attended
utterance and schema representations; finally, the state decoder sequentially
generates a state representation on the basis of the attended representations
using LSTM and pointer generation.

3.2.1 Utterance Encoder

The utterance encoder takes the current user utterance as well as the previous
utterances (user and system utterances) in the dialogue (a sequence of tokens)
as input and employs BERT to construct a sequence of utterance embeddings.

'The code is available at https://github.com/sweetalyssum/
Seqg2Seqg-DU.
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Figure 3.2: The architecture of Seq2Seq-DU, containing utterance encoder,
schema encoder, utterance-schema attender, and state decoder.

The relations between the current utterance and the previous utterances are
captured by the encoder.

The input of the encoder is a sequence of tokens with length N, denoted as
X = (x1,...,xy). The first token x; is [CLS], followed by the tokens of the
current user utterance and the tokens of the previous utterances, separated by
[SEP]. The output is a sequence of embeddings also with length N, denoted as
D = (dy, ..., dy) and referred to as utterance embeddings, with one embedding
for each token.

3.2.2 Schema Encoder

The schema encoder takes the descriptions of intents, slots, and categorical slot
values (a set of combined sequences of tokens) as input and employs BERT to
construct a set of schema embeddings.

Schema | Sequencel | Sequence 2
Intent | service description | intent description
Slot service description | slot description
Value slot description value

Table 3.1: Descriptions for a dialogue schema. Two combined descriptions are
used for describing an intent, a slot, or a value in the schema.

Suppose that there are [ intents, S slots, and V' categorical slot values in
the schemas. Each schema element is described by two descriptions as outlined
in Table 3.1. The input is a set of combined sequences of tokens, denoted as
Y = {v1,...,ym}. Note that M = I + .S + V. Each combined sequence starts
with [CLS], followed by the tokens of the two descriptions with [SEP] as a
separator. The final representation of [CLS] is used as the embedding of the
input intent, slot, or slot value. The output is a set of embeddings, and all the
embeddings are called schema embeddings ' = {ey, ...,ep }.

The schema encoder in fact adopts the same approach of schema encoding
as in [55]. There are two advantages with the approach. First, the encoder can
be trained across different domains. Schema descriptions in different domains
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can be utilized together. Second, once the encoder is fine-tuned, it can be used
to process unseen schemas with new intents, slots, and slot values.

3.2.3 Utterance-Schema Attender

The utterance-schema attender takes the sequence of utterance embeddings
and the set of schema embeddings as input and calculates schema-attended
utterance representations and utterance-attended schema representations. In
this way, information from the utterances and information from the schemas
are fused.

First, the attender constructs an attention matrix, indicating the similari-
ties between utterance embeddings and schema embeddings. Given the ¢-th
utterance token embedding d; and j-th schema embedding e;, it calculates the
similarity as follows,

A(i, j) = rTtanh(Wid; + Wae;), (3.2.1)

where r, W, W, are trainable parameters.

The attender then normalizes each row of matrix A as a probability dis-
tribution, to obtain matrix A. Each row represents the attention weights of
schema elements with respect to an utterance token. Then the schema-attended
utterance representations are calculated as D, = FA". The attender also nor-
malizes each column of matrix A as a probability distribution, to obtain matrix
A. Each column represents the attention weights of utterance tokens with re-
spect to a schema element. Then the utterance-attended schema representations
are calculated as F, = DA.

3.2.4 State Decoder

The state decoder sequentially generates a state representation (semantic frame)
for the current turn, which is represented as a sequence of pointers to elements
of the schemas and tokens of the utterances (cf., Figure 7.1). The sequence can
then be either re-formalized as a semantic frame in dialogue state tracking?,

[intent; (sloty, valuey); (sloty, values); ...,

or a sequence of labels in NLU (intent-labeling and slot-filling). The pointers
point to the elements of intents, slots, and slot values in the schema descriptions
(categorical slot values), as well as the tokens in the utterances (non-categorical
slot values). The elements in the schemas can be either words or phrases, and
the tokens in the utterances form spans for extraction of slot values.

The state decoder is an LSTM using pointer [168] and attention [169].
It takes the two representations D, and F, as input. At each decode step ¢,
the decoder receives the embedding of the previous item w;_1, the utterance
context vector u;, the schema context vector s;, and the previous hidden state
hi_1, and produces the current hidden state h;:

ht = LSTM(wt,l, htfl, Ut, St). (322)

2For simplicity, we assume here that there is only one semantic frame in each turn. In
principle, there can be multiple frames.
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We adopt the attention function in [169] to calculate the context vectors as
follows,

w, = attend(hy_1, D, D), (3.2.3)
s, = attend(hy_1, E,, E,). (3.2.4)

The decoder then generates a pointer from the set of pointers in the schema
elements and the tokens of the utterances on the basis of the hidden state
h. Specifically, it generates a pointer of item w according to the following
distribution,

2w = q"tanh(Uyhy + Usky,), (3.2.5)
P(#w) = softmax(z,), (3.2.6)

where #w is the pointer of item w, k., is the representation of item w either in
the utterance representations D, or in the schema representations £, ¢, Uy,
and U; are trainable parameters, and softmax is calculated over all possible
pointers.

During decoding, the decoder employs beam search to find the best se-
quences of pointers in terms of probability of sequence.

3.2.5 Training

The training of Seq2Seq-DU follows the standard procedure of sequence-to-
sequence. The only difference is that it is always conditioned on the schema
descriptions. Each instance in training consists of the current utterance and
the previous utterances, and the state representation (sequence of pointers) for
the current turn. Two pre-trained BERT models are used for representations of
utterances and schema descriptions respectively. The BERT models are then
fine-tuned in the training process. Cross-entropy loss is utilized to measure the
loss of generating a sequence.

3.3 Experiments

3.3.1 Datasets

We conduct experiments using the benchmark datasets on task-oriented dia-
logue. SGD [55] and MultiWOZ2.2 [164] are datasets for DST; they include
schemas with categorical slots and non-categorical slots in multiple domains
and natural language descriptions on the schemas, as shown in Table 3.1. In
particular, SGD includes unseen schemas in the test set. MultiwOZ2.1 [91]
is the previous version of MultiWOZ2.2, which only has categorical slots in
multiple domains. WOZ2.0 [170] and DSTC2 [171] are datasets for DST; they
contain schemas with only categorical slots in a single domain. M2M [172]
is a dataset for DST and it has span annotations for slot values in multiple
domains. ATIS [173] and SNIPS [174] are datasets for NLU in single-turn
dialogues in a single domain. Table 6.1 gives the statics of datasets in the
experiments.
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Characteristics ‘ SGD  Multiw0Z2.2 Multiw0Z2.1 WO0Z2.0 DSTC2 M2M ATIS SNIPS
No. of domains 16 8 7 1 1 2 - -
No. of dialogues 16,142 8,438 8438 1,612 600 1,500 4,478 13,084
Total no. of turns 329,964 113,556 113,556 23,354 4472 14796 4,478 13,084
Avg. turns per dialogue 20.44 13.46 13.46 14.49 7.45 9.86 1 1
Avg. tokens per turn 9.75 13.13 13.38 8.54 11.24 824 1128 9.09
No. of categorical slots 53 21 37 3 3 0 0 0
No. of non-categorical slots 162 40 0 0 0 14 120 72
Have schema description Yes Yes Yes No No No No No
Have unseen schemas in test set Yes No No No No No No No

Table 3.2: Statistics of datasets in experiments. Numbers are those of training
datasets.

3.3.2 Baselines and Variants

We make comparison between our approach and the state-of-the-art methods
on the datasets.

SGD, MultiW0Z2.2 and MultiWO0Z2.1: We compare Seq2SeqDU with six
state-of-the-art methods on SGD, MultiW0Z2.2 and MultiwOZ2.1, which
utilize schema descriptions, span-based and candidate-based methods, unified
seq2seq model and BERT: FastSGT [56], SGDbaseline [55], TripPy [53],
SimpleTOD [166], TRADE [4], and DS-DST [40]. We implemented the
baselines using their available open-source code.

WOZ2.0 and DSTC2: Our approach is compared against the state-of-the-
art methods on WOZ2.0 and DSTC2, including those using a hierarchical
seq2seq model and BERT: COMER [36], BERT-DST [175], StateNet [176],
GLAD [38], Belief Tracking [39], and Neural Belief Tracker [163]. Except for
Belief Tracking and Neural Belief Tracker, which does not provide open-source
code for reproduction, we implemented the baselines using their available open-
source code. For elief Tracking and Neural Belief Tracke, we directly use the
results reported by the authors.

M2M: We evaluate our approach and the state-of-the-art methods on M2M,
which respectively employ a BERT-based architecture and a jointly-trained
language understanding model, BERT-DST [175] and DST+LU [177]. We
implemented the baselines using their available open-source code.

ATIS and SNIPS: We make comparison between our approach and the state-
of-the-art methods on ATIS and SNIPS for NLU within the sequence labeling
framework, including Joint BERT [23], Slot-Gated [25], Atten.-BiRNN [26],
and RNN-LSTM [18]. We implemented the baselines using their available
open-source code.

We also include two variants of Seq2Seq-DU. The differences are whether
to use the schema descriptions, and the formation of dialogue state.
Seq2Seq-DU-w/oSchema: It is used for datasets that do not have schema
descriptions. It only contains utterance encoder and state decoder.
Seq2Seq-DU-SeqLabel: It is used for NLU in a single-turn dialogue. It views
the problem as sequence labeling, and only contains the utterance encoder and
state decoder.

3.3.3 Evaluation Measures

We make use of the following metrics in evaluation.
Intent Accuracy: percentage of turns in dialogue for which the intent is
correctly identified.
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Joint Goal Accuracy: percentage of turns for which all the slots are correctly
identified. For non-categorical slots, a fuzzy matching score is used on SGD
and exact match are used on the other datasets to keep the numbers comparable
with other works.

Slot F1: F1 score to evaluate accuracy of slot sequence labeling.

Statistical Significance Test: A paired t-test is conducted to determine whether
there is a significant difference between our method and the best baseline. On
the SGD dataset, we compare our method with FastSGD. For MultiwOZ2.1
and 2.2, we compare our method with TripPy. On WOZ2.0, we compare it with
COMER. For DSTC2 and M2M, our method is compared with BERT-DST.
On the ATIS and SNIP datasets, our method is compared with Joint BERT.
The significance level (p-value) is set at 0.05.

3.3.4 Training

We use the pre-trained BERT model ([BERT-Base, Uncased]), which has 12
hidden layers of 768 units and 12 self-attention heads to encode utterances
and schema descriptions. The hidden size of LSTM decoder is also 768. The
dropout probability is 0.1. We also use beam search for decoding, with a beam
size of 5. The batch size is set to 8. Adam [178] is used for optimization
with an initial learning rate of le-4. Hyper parameters are chosen using the
validation dataset in all cases. The training curves of all models are shown in
Figure 3.3 and Figure 3.4.
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—— Multiw0Z2.2
3.0 —— WO0Z2.0
DSTC2
2.5 —¥— M2M
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Training Step

Figure 3.3: Training losses of Seq2Seq-DU on all training datasets.

3.4 Results and Discussion

3.4.1 Experimental Results

Tables 3.3, 3.4, 3.5, and 3.6 show the results. One can see that Seq2Seq-DU
performs significantly better than the baselines in DST and performs equally
well as the baselines in NLU.
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Figure 3.4: Accuracies of Seq2Seq-DU in terms of Join GA / Slot F1 on all
test sets.

DST is carried out in different settings in SGD, Multiw0Z2.2, Multi-
WO0Z2.1, WOZ2.0, DSTC2, and M2M. In all cases, Seq2Seq-DU works
significantly better than the baselines. The results indicate that Seq2Seq-DU is
really a general and effective model for DST, which can be applied to multiple
settings. Specifically, Seq2Seq-DU can leverage the schema descriptions for
DST when they are available (SGD and Multiw0Z2.2, MultiW0Z2.1)3. It
can work well in zero-shot learning to deal with unseen schemas (SGD). It can
also effectively handle categorical slots (MultiWwOZ2.1, WOZ2.0 and DSTC2)
and non-categorical slots (M2M). It appears that the success of Seq2Seq-DU is
due to its suitable architecture design with a sequence-to-sequence framework,
BERT-based encoders, utterance-schema attender, and pointer generation de-
coder.

NLU is formalized as sequence labeling in ATIS and SNIPS. Seq2Seq-DU
is degenerated to Seq2Seq-DU-SeqLabel, which is equivalent to the baseline
of Joint Bert. The results suggest that it is the case. Specially, the performances
of Seq2Seq-DU are comparable with Joint BERT, indicating that Seq2Seq-DU
can also be employed in NLU.

3.4.2 Ablation Study

We also conduct ablation study on Seq2Seq-DU. We validate the effects of
three factors: BERT-based encoder, utterance-schema attention, and pointer
generation decoder. The results indicate that all the components of Seq2Seq-
DU are indispensable.

Effect of BERT

To investigate the effectiveness of using BERT in the utterance encoder and
schema encoder, we replace BERT with Bi-directional LSTM and run the

3There are better performing systems in the SGD competition. The systems are not based
on single methods and thus are not directly comparable with our method.
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Model . SGD MultiWOZZ.Z MultiWOZZ.l
Joint GA Int Acc | Joint GA Int Acc | Joint GA Int Acc
SGD-baseline 0.254 0.906 0.420 - 0.434 -
TRADE - - 0.454 - 0.460 -
DS-DST - - 0.517 - 0.512 -
FastSGT 0.292 0.903 - - - -
SimpleTOD - - - - 0.514 -
TripPy - - 0.535 - 0.553 -
Seq2Seq-DU 0.301 0.910 0.544 0.909 0.561 0.911

Table 3.3: Accuracies of Seq2Seq-DU and baselines on SGD, MultiWw0Z2.2
and MultiWOZ2.1 datasets. Seq2Seq-DU outperforms baselines in terms of

all metrics.

Model WO0Z2.0 | DSTC2
Joint GA | Joint GA
Neural Belief Tracker 0.842 0.734
Belief Tracking 0.855 -
GLAD 0.881 0.745
StateNet 0.889 0.755
BERT-DST 0.877 0.693
COMER 0.886 -
Seq2Seq-DU-w/oSchema | 0.912 0.850

Table 3.4: Accuracies of Seq2Seq-DU and baselines on WOZ2.0 and DSTC2
datasets. Seq2Seq-DU-w/oSchema performs significantly better than the base-

lines.

M2M
Model Joint GA Int Acc
DST+LU 0.767 -
BERT-DST 0.869 -
Seq2Seq-DU-w/oSchema | 0.909 0.997

Table 3.5: Accuracies of Seq2Seq-DU and baselines on M2M dataset.
Seq2Seq-DU-w/oSchema significantly outperforms the baselines.

Model ATIS SNIPS
Slot F1 Int Acc | Slot F1 Int Acc
RNN-LSTM 0.943 0926 | 0.873  0.969
Atten.-BiRNN 0.942 00911 0.878  0.967
Slot-Gated 0.952 0941 | 0.888  0.970
Joint BERT 0961 0975 | 0970 0.986
Seq2Seq-DU-SeqLabel | 0.955  0.968 | 0965  0.990

Table 3.6: Accuracies of Seq2Seq-DU and baselines on ATIS and SNIPS
datasets. Seq2Seq-DU-SeqLabel performs comparably with Joint BERT.
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Figure 3.5: Ablation study results of Seq2Seq-DU with respect to BERT,
attention, and pointer generation on SGD and MultiW0Z2.2.

model on SGD and MultiWOZ2.2. As shown in Figure 3.5, the performance
of the BiLSTM-based model Seq2Seq-DU-w/oBert in terms of Joint GA and
Int. Acc decreases significantly compared with Seq2Seq-DU. It indicates that
the BERT-based encoders can create and utilize more accurate representations
for dialogue understanding.

Effect of Attention

To investigate the effectiveness of using attention, we compare Seq2Seq-DU
with Seq2Seq-DU-w/oAttention which eliminates the attention mechanism,
Seq2Seq-DU-w/SchemaAtt which only contains the utterance-attended schema
representations, and Seq2Seq-DU-w/UtteranceAtt which only contains the
schema-attended utterance representations. Figure 3.5 shows the results on
SGD and MultiWwOZ2.2 in terms of Joint GA and Int. Acc. One can observe
that without attention the performances deteriorate considerably. In addition,
the performances of unidirectional attentions are inferior to the performance
of bidirectional attention. Thus, utilization of bidirectional attention between
utterances and schema descriptions is desriable.
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Effect of Pointer Generation

To investigate the effectiveness of the pointer generation mechanism, we
directly generate words from the vocabulary instead of generating pointers
in the decoding process. Figure 3.5 also shows the results of Seq2Seq-DU-
w/oPointer on SGD and MultiWwOZ2.2 in terms of Joint GA and Int. Acc.
From the results we can see that pointer generation is crucial for coping with
unseen schemas. In SGD which contains a large number of unseen schemas
in the test set, there is significant performance degradation without pointer
generation. The results on MultiWwOZ2.2, which does not have unseen schemas
in the test set, show pointer generation can also make significant improvement
on already seen schemas by making full use of schema descriptions.

ID | Dialogue Utterance Dialogue State State Predictions of | State Predictions of
SGD-baseline Seq2Seq-DU

1 | User: I wanna rent a place in | “area": Campbell; | “area": Campbell; “in- | “area": Campbell;
Campbell. Sys: How many | “in-unit-laundry": unit-laundry": — ; “in- | “in-unit-laundry":
baths? User: One bath is fine. | True; “intent": rent; | tent": rent; “number- | True; “intent": rent;
Sys: How many bedrooms? | “number-of-baths": 1; | of-baths": 1; “number- | “number-of-baths": 1;
User: One bedroom is fine. It | “number-of-beds": 1; | of-beds": 1; “active- | “number-of-beds": 1;
also needs in-unit laundry. “active-intent":  Find- | intent": FindHomeB- | “active-intent":  Find-

HomeByArea; yArea; HomeByArea;

2 | User: The location isn’t really | “hotel-area": dontcare | “hotel-area": dontcare | “hotel-area": dontcare;
important. It does need tobe | ;  “hotel-pricerange": | ;  “hotel-pricerange": | “hotel-pricerange":
cheap though, and preferably | cheap; “ hotel-type": | cheap;  “hotel-type": | cheap;  “hotel-type":
a guesthouse. guesthouse; “active | hotel; “active intent": | guesthouse; “active

intent": find-hotel; find-hotel; intent": find-hotel;

Table 3.7: Case study on Seq2Seq-DU and SGD-baseline on SGD and Multi-
WOZ2.2. The first example is from SGD and the second is from MultiWO0Z2.2.
The underlined slot-value pairs represent the ground truth states. The slot-value
pairs in blue are correctly predicted ones, while the slot-value pairs in red are
incorrectly predicted ones.

3.4.3 Discussions
Case Study

We make qualitative analysis on the results of Seq2Seq-DU and SGD-baseline
on SGD and MultiWOZ2.2. We find that Seq2Seq-DU can make more accurate
inference of dialogue states by leveraging the relations existing in the utterances
and schema descriptions. For example, in the first case in Table 4.6, the user
wants to find a cheap guesthouse. Seq2Seq-DU can correctly infer that the hotel
type is “guesthouse by referring to the relation between “hotel-pricerange" and
“hotel-type". In the second case, the user wants to rent a room with in-unit
laundry. In the dataset, a user who intends to rent a room will care more
about the laundry property. Seq2Seq-DU can effectively extract the relation
between “intent" and “in-unit-laundry", yielding a correct result. In contrast,
SGD-baseline does not model the relations in the schemas, and thus it cannot
properly infer the values of “hotel-type" and “in-unit-laundry".

Dealing with Unseen Schemas

We analyze the zero-shot learning ability of Seq2Seq-DU. Table 4.9 presents
the accuracies of Seq2Seq-DU in different domains on SGD. (Note that only
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SGD has unseen schemas in test set.) We observe that the best performances
can be obtained in the domains with all seen schemas. The domains that
have more partially seen schemas achieve higher accuracies, such as "Hotels",
"Movies", "Services". The accuracies decline in the domains with more unseen
schemas, such as "Messaging" and "RentalCars". We conclude that Seq2Seq-
DU can perform zero-shot learning across domains. However, the ability still
needs enhancement.

Domain Joint GA | Int Acc Domain Joint GA | Int Acc
Messaging* 0.0489 0.3510 Media* 0.2307 0.9065
RentalCars* 0.0625 0.7901 Events* 0.3186 0.9327
Payment* 0.0719 0.5835 Hotels** 0.3396 0.9891
Music* 0.1234 0.9438 Movies** 0.4386 0.7836
Restaurants* | 0.1295 0.9627 Travel 0.4490 0.9966
Flights* 0.1589 0.9649 Services** 0.4774 0.9842
Trains* 0.1683 0.9257 Alarm* 0.5567 0.5768
Buses* 0.1684 0.8805 Weather 0.5792 0.9965
Homes 0.2275 0.9081 || RideSharing | 0.6702 0.9991

Table 3.8: Accuracy of Seq2Seq-DU in each domain on SGD test set. Domains
marked with * are those for which the schemas in the test set are not present
in the training set. Domains marked with ** have both the unseen and seen
schemas. For other domains, the schemas in the test set are also seen in the
training set.

Categorical Slots and Non-categorical Slots

Table 3.9 shows the accuracies of Seq2Seq-DU and the baselines with respect
to categorical and non-categorical slots on SGD and MultiW0Z2.2. (We did
not compare with FastSGT on SGD dataset due to unavailability of the codes.)
One can see that Seq2Seq-DU can effectively deal with both categorical
and non-categorical slots. Furthermore, Seq2Seq-DU demonstrates higher
accuracies on categorical slots than non-categorical slots. We conjecture that
it is due to the co-occurrences of categorical slot values in both the dialogue
history and the schema descriptions. The utterance-schema attention can more
easily capture the relations between the values.

Model ' SGD . MultiWOZZ.Z .
Categorical- Noncategorical- Categorical- Noncategorical-
Joint-GA Joint-GA Joint-GA Joint-GA

TRADE - - 0.628 0.666

SGD-baseline | 0.513 0.361 0.570 0.661

DS-DST - - 0.706 0.701

FastSGT not available not available | - -

TripPy - - 0.684 0.733

Seq2Seq-DU | 0.578 0.393 0.758 0.711

Table 3.9: Accuracies of Seq2Seq-DU and baselines with respect to categorical
and non-categorical slots on SGD and Multiw0Z2.2.
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3.5 Summary

We have proposed a new approach to dialogue state tracking. The approach,
referred to as Seq2Seq-DU, takes dialogue state tracking (DST) as a prob-
lem of transforming all the utterances in a dialogue into semantic frames
(state representations) on the basis of schema descriptions. Seq2Seq-DU is
unique in that within the sequence to sequence framework it employs BERT
in encoding of utterances and schema descriptions respectively and generates
pointers in decoding of dialogue state. Seq2Seq-DU is a global, reprentable,
and scalable model for DST as well as NLU (natural language understanding).
Experimental results show that Seq2Seq-DU significantly outperforms the
state-of-the-arts methods in DST on the benchmark datasets of SGD, Multi-
WOZ2.2, Multiw0Z2.1, WOZ2.0, DSTC2, M2M, and performs as well as
the state-of-the-arts in NLU on the benchmark datasets of ATIS and SNIPS.
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Chapter 4

Relation-Guided Natural Language
Understanding for Task-Oriented
Dialogues

One main problem for natural language understanding in task-oriented di-
alogues is Dialogue State Tracking (DST). It aims to keep track of users’
intentions during the course of a conversation. In DST, modelling the rela-
tions among domains and slots is still an under-studied problem. Existing
approaches that have considered such relations generally fall short in: (1)
fusing prior slot-domain membership relations and dialogue-aware dynamic
slot relations explicitly, and (2) generalizing to unseen domains. To address
these issues, we propose a novel Dynamic Schema Graph Fusion Network
(DSGFNet), which generates a dynamic schema graph to explicitly fuse the
prior slot-domain membership relations and dialogue-aware dynamic slot rela-
tions. It also uses the schemata to facilitate knowledge transfer to new domains.
DSGFNet consists of a dialogue utterance encoder, a schema graph encoder, a
dialogue-aware schema graph evolving network, and a schema graph enhanced
dialogue state decoder. Empirical results on benchmark datasets (i.e., SGD,
MultiwO0Z2.1, and MultiWOZ2.2), show that DSGFNet outperforms existing
methods.

4.1 Introduction

Task-oriented dialogue systems can help users accomplish different tasks [1],
such as flight reservation, food ordering, and appointment scheduling. Con-
ventionally, task-oriented dialogue systems consist of four modules [179]:
natural language understanding (NLU), dialogue state tracking (DST), dia-
logue manager (DM), and natural language generation (NLQG). In this thesis,
we will focus on the DST module. The goal of DST is to extract users’ goals
or intentions as dialogue states and keep these states updated over the whole
dialogue. In order to track users’ goals, we need to have a predefined domain
knowledge referred to as a schema, which consists of slot names and their
descriptions. Figure 4.1 gives an example of DST in a sample dialogue.
Many models have been developed for DST due to its importance in task-
oriented dialogue systems. Traditional approaches use deep neural networks or
pre-trained language models to encode the dialogue context and infer slot val-
ues from it [38, 39, 4, 36, 40, 41, 42, 40, 45]. These models predict slot values
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User System State
Could you look for films showing in Vacaville? Movies:

Location: Vacaville

| discovered 3 films. What do you think
of Dumbo, Hellboy, or Shazam!?

QUFBS is lovely. Movies: ;
Location: Vacaville >
Could | assist you with something else? Name: @D co-occurrence
I'd also like to look for a diner Movies:
@8®. | am searching for one Ly Location: Vacaville; Name: Dumbo

co-reference i
that is (SHRSEIE® priced. <\ Restaurants:

A A PCity: (SR Frice Range: (EHNGHED
(apaEneselREsENEm is a lovely diner —L,\—_;Fq—
co-update

around there.

Movies:
That's prefect! Thanks! Location: Vacaville; Name: Dumbo
Restaurants:
It's my pleasure. ¥ City: Vacaville; Price_Range: intermediate;
co-occurrencepName: (EICSCIRESIGNIE
Schemata
Service: Slots:

City where the theatre is located. E
Search for movies by location, Name of the movie. E
genre or other attributes. ]

E Service: Slots: E
1 City in which the restaurant is located. ]
E A leading provider for restaurant Name of the restaurant. i
I search and reservations. Price range for the restaurant. E

Figure 4.1: An example of DST. Given the schemata for all domains, the slot
values are extracted from the user and system utterances (e.g., spans highlighted
with the same color in the figure). The dialogue state of each turn is represented
as a set of slot-value pairs. Among the domains and slots, there are prior slot-
domain membership relations which are expressed in the predefined schemata,
and also dialogue-aware dynamic slot relations which depend on the dialogue
context (e.g., co-reference, co-update, and co-occurrence).

without considering the relations among domains and slots. However, domains
and slots in a dialogue are unlikely to be entirely independent, and ignoring
the relations among domains and slots may lead to sub-optimal performance.
To address this issue, several recent works have been proposed to model the
relations among domains and slots in DST. Some of them introduce predefined
schema graphs to incorporate prior slot-domain membership relations, which
are defined based on human experience in advance [48, 49]. The others use an
attention mechanism to capture dialogue-aware dynamic slot relations [52, 53].
The dialogue-aware dynamic relations are the logical relations of slots across
domains, which are highly related to specific dialogue contexts.

However, existing DST models that involve the relations among domains
and slots suffer from two major issues: (1) They fail to fuse the prior slot-
domain membership relations and dialogue-aware dynamic slot relations ex-
plicitly; and (2) They fail to consider their generalizability to new domains. In
practical scenarios, task-oriented dialogue systems need to support a large and
constantly increasing number of new domains.

To tackle these issues, we propose a novel approach named DSGFNet
(Dynamic Schema Graph Fusion Network). For the first issue, DSGFNet
dynamically updates the schema graph consisting of the predefined slot-domain
membership relations with the dialogue-aware dynamic slot relations. To
incorporate the dialogue-aware dynamic slot relations explicitly, DSGFNet
adds three new edge types to the schema graph: co-reference relations, co-
update relations, and co-occurrence relations. For the second issue, to improve
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its generalizability, DSGFNet employs a unified model containing schema-
agnostic parameters to make predictions.

Specifically, our proposed DSGFNet comprises of four components: a
BERT-based dialogue utterance encoder to contextualize the current turn dia-
logue context and history, a BERT-based schema graph encoder to generalize
to unseen domains and model the prior slot-domain membership relations
on the schema graph, a dialogue-aware schema graph evolving network to
augment the dialogue-aware dynamic slot relations on the schema graph, and
a schema graph enhanced dialogue state decoder to extract value spans from
the candidate elements considering the evolved schema graph.

The contributions of this chapter can be summarized as follows:

* We improve DST by proposing a dynamic, explainable, and general
schema graph which explicitly models the relations among domains and
slots based on both prior knowledge and the dialogue context, no matter
whether the domains and slots are seen or not.

* We develop a fusion network, DSGFNet, which effectively enhances
DST generating a schema graph out of the combination of prior slot-
domain membership relations and dialogue-aware dynamic slot rela-
tions.

* We conduct extensive experiments on three benchmark datasets (i.e.,
SGD, MultiW0Z2.1, and MultiWOZ2.2) to demonstrate the superiority
of DSGFNet! and the importance of the relations among domains and
slots in DST.

4.2 Relations among Domains and Slots

The aim of DST is to discern users objectives or intentions as dialogue states
and maintain these states updated throughout the conversation. To effectively
monitor users goals, a predefined domain knowledge, known as a schema,
is essential, comprising slot names and their descriptions. In Figure 3.1, an
illustration of DST in a hypothetical dialogue is provided.

There exist two primary types of relations within the predefined domain
knowledge. Firstly, there are the prior slot-domain membership relations. For
instance, "location" and "name" are examples of prior slot-domain membership
for "movie". Secondly, there are the dialogue-aware dynamic slot relations,
which can be classified into three types:

1. Co-reference relations: denoting slot pairs with identical values.

2. Co-update relations: indicating slot pairs whose values are updated
simultaneously.

3. Co-occurrence relations: representing slot pairs frequently occurring
together in the user’s requirements.

The rationale behind modeling these relations in dialogue state tracking
(DST) lies in enhancing the system’s understanding of the ongoing conversa-
tion and the user’s goals. Here is a breakdown of the intuitions behind each
type of relation:

!The code is available at ht tps://github.com/sweetalyssum/DSGFNet.
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Prior slot-domain membership relations: Modeling prior slot-domain mem-
bership relations enhances the system’s ability to understand the semantic
context of the dialogue, improve domain specificity, facilitate slot filling, and
support domain adaptation, leading to more accurate and robust dialogue state
tracking.

Co-reference relations: By identifying slot pairs with the same value, the
system can infer connections between different parts of the dialogue. This helps
in maintaining consistency and coherence in the dialogue state representation,
as it ensures that relevant information is appropriately linked and considered
together.

Co-update relations: When certain slot pairs are consistently updated to-
gether, it suggests a strong correlation between them. Modeling these relations
allows the system to predict updates more accurately and efficiently, reducing
ambiguity and improving the overall robustness of the dialogue state.

Co-occurrence relations: Slot pairs that frequently appear together in
user needs often indicate dependencies or associations between them. By
recognizing these co-occurring slots, the system can anticipate user preferences
or requirements more effectively, enabling more personalized and contextually
relevant responses.

Overall, modeling these relations in DST enables the system to capture the
nuanced dynamics of the conversation, leading to more accurate understanding
and effective response generation.

The labels of these relations in dialogue state tracking (DST) are typically
obtained through various methods, including manual annotation and rule-based
approaches. Here is how each relation type can be labeled:

(1) Prior slot-domain membership relations: These relations are predefined
by the domain expertise. (2) Co-reference relations: These relations involve
identifying slot pairs with the same value. The labeling process often involves
comparing slot values across turns in the dialogue. If two slot values match or
are sufficiently similar, they are labeled as co-referent. (3) Co-update relations:
Labeling co-update relations involves observing how slot values change over
the course of the dialogue. If certain slot pairs are consistently updated together
in response to user input or system actions, they are labeled as co-updating.
This can be identified through manual annotation or by analyzing patterns
in the dialogue data. (4) Co-occurrence relations: Identifying co-occurrence
relations entails recognizing slot pairs that frequently appear together in the
user’s needs or preferences. This can be determined through statistical analysis
of dialogue corpora, looking for patterns where certain slot pairs tend to occur
together in user utterances related to a specific domain.

In this chapter, we proposed a Dynamic Schema Graph Fusion Network to
learn and model these relations. More details are in the following sections.

4.3 Dynamic Schema Graph Fusion Network

The proposed DSGFNet consists of four components: (1) a BERT-based
dialogue utterance encoder that aims to contextualize the tokens of the current
turn and the dialogue history; (2) a schema graph encoder that is able to
generalize to unseen domains and shares information among predefined slot-
domain membership relations; (3) a dialogue-aware schema graph evolving
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network that adds the dialogue-aware dynamic slot relations into the schema
graph; and (4) a schema graph enhanced dialogue state decoder that extracts
the value span from the candidate elements based on the evolved schema graph.
Figure 4.2 illustrates the architecture.
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Figure 4.2: The architecture of DSGFNet, which contains a dialogue utterance
encoder, a schema graph encoder, a schema graph evolving network, and a
dialogue state decoder.

4.3.1 Dialogue Utterance Encoder

This encoder takes as input the current and previous dialogue utterances.
Specifically, the input is a sequence of tokens with length K, i.e., [t1, ..., tk].
Here, we set the first token ¢; to [CLS]; subsequent are the tokens in the
current dialogue utterance and the ones in the previous dialogue utterances,
which are separated by [ SEP]. We employ BERT [43] to obtain contextual
token embeddings. The output is a tensor of all the token embeddings B =
[by, ..., bi|, with one embedding for each token.

4.3.2 Schema Graph Encoder

To make use of the slot-domain membership relations defined by prior domain
knowledge, we construct a schema graph based on the predefined ontology. In
task-oriented dialogue systems, the predefined ontology is used to represent
the user’s needs for the specific task. An example is shown in Figure 4.2. In
this schema graph, each node represents either a domain or a slot, and all
the slot nodes are connected to their corresponding domain nodes. In order
to allow information propagation across domains, all the domain nodes are
connected with each other.

Schema-Agnostic Embedding Initializer. To generalize to unseen do-
mains, DSGFNet initializes the schema graph node embeddings via a schema-
agnostic projection. Inspired by zero-shot learning [180], we propose a schema-
agnostic embedding initializer to project schemata across domains into a uni-
fied semantic distribution. Even though the domain is unseen, the model can
still understand the domain using the unified semantic distribution. Specifically,
we feed a natural language description of one slot/domain into BERT, using
the output of [CLS] as the semantic embeddings for this slot/domain. The se-
mantic embeddings for the set of slot and domain is I = [¢4, ..., Ty ], Where
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N and M are the number of slots and domains, respectively. We constrain the
schema embedding initializer not to have any domain-specific parameters so
that it can generalize to unseen domains.

Slot-Domain Membership Relation Reasoning Network. To involve the
prior slot-domain membership relations into the schema graph node embed-
dings, DSGFNet propagates information among slots and domains over the
schema graph. We add a self-loop to each node because the nodes need to
propagate information to themselves. Inspired by the GAT model [181], we
propose a slot-domain membership relation reasoning network to propagate
information over the schema graph. For each node, we first compute atten-
tion scores « for its neighbours. These attention scores are used to weigh
the importance of each neighboring node. Formally, the attention scores are
calculated as follows:

exp(hi ;)

hij =ReLU(W ' - [i;,4;]), a5 = Sken, exp(hix)’
eN; %

4.3.1)

where W is a matrix of parameters and N; is the neighborhood of the -
th node. The normalized attention coefficients and the activation function
are used to compute a non-linear weighted combination of the neighbours.
This is used to compute the tensor of the schema graph node embeddings

G = (g1, gNtm):

g, = RelLU (Z (7R ’l,j) , (432)
JEN;

where i € {1,..., N 4+ M}. To explore the higher-order connectivity informa-

tion of slots across domains, we stack [ layers of the reasoning network. Each

layer takes the node embeddings from the previous layer as input, and outputs

the updated node embeddings to the next layer.

4.3.3 Schema Graph Evolving Network

We propose a schema graph evolving network to incorporate the dialogue-
aware dynamic slot relations into the schema graph, which is composed of two
layers, a schema-dialogue fusion layer and a dynamic slot relation completion
layer.

Schema-Dialogue Fusion Layer. Since the dynamic slot relations are re-
lated to the dialogue context, we need to fuse the dialogue context information
into the schema graph. We adopt the multi-head attention [182] to achieve this
goal. The mathematical formulation is:

H = MultiHead(Q = g;,K = B,V = B), (4.3.3)
g=H W, 4.3.4)

where W, is learnable parameters of a linear projection after the multi-head
attention, and g; is the dialogue-aware schema graph node embeddings.
Dynamic Slot Relation Completion Layer. This layer aims to augment
the dynamic slot relations on the schema graph based on the dialogue-aware
node embeddings. To involve the dialogue-aware dynamic slot relations into
DST explicitly, DSGFNet defines three types of dynamic slot relations: (1)
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Co-reference relations occur when a slot value has been mentioned earlier in
the dialogue and has been assigned to another slot; (2) Co-update relations
occur when slot values are updated together at the same dialogue turn, and; (3)
Co-occurrence relations occur when slots with a high co-occurrence probability
in a large dialogue corpus appear together in the current dialogue. Specifi-
cally, we feed the dialogue-aware slot node representations into a multi-layer
perceptron followed by a 4-way softmax function to identify the relations
between slot pairs, which include the none relation and the three dynamic
relations mentioned above. Formally, given the ¢-th and j-th dialogue-aware
slot node embeddings g; and g;, we obtain an adjacent matrix of the dynamic
slot relations for all slot pairs as follows:

A(i,j) = argmax (softmax(MLP(g; & g,))), (4.3.5)

where @ is the concatenation. With A, we add dynamic slot relation edges to
the schema graph.

4.3.4 Dialogue State Decoder

To decode the slot values by means of incorporating the slot-domain member-
ship relations and dialogue-aware dynamic slot relations which are captured
by the evolved schema graph, we propose a schema graph enhanced dialogue
state decoder.

To learn a more comprehensive slot node embedding, we need to fuse
multiple relations on the evolved schema graph. DSGFNet divides different
relations on the schema graph into sub-graphs R, R,., R,, R,, which represent
slot-domain membership relation, co-reference relation, co-update relation,
and co-occurrence relation, respectively. For each sub-graph R;, its node
embeddings s; are obtained by attending over the neighbors, which is the
same as the method used in Section 4.3.2. Considering that different relation
types have different contributions to the node interactions for different dia-
logue contexts [183], we aggregate these different sub-graphs via an attention
mechanism as follows:

S = [8s; 81} Su; Sols (4.3.6)
B = softmax(S " - tanh(W - bicrs) + bs)), (4.3.7)
s=S-p, (4.3.8)

where Wy, b, are learnable weights, bicrg) is the output of BERT-based
dialogue utterance encoder.

Each slot value is extracted by a value predictor based on the corresponding
fused slot node embeddings s. The value predictor is a trainable nonlinear
classifier followed by two parallel softmax layers to predict start and end
positions in candidate elements C, which are composed by the dialogue
context B and slots’ candidate value vocabulary V:

C = [B;V] (4.3.9)

[l,,1.) = rq-tanh(s" - W, - C + by), (4.3.10)
ps = softmax(l;), (4.3.11)

pe = softmax(l,), (4.3.12)
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where r;, W, and b, are trainable parameters. Note that if the end position is
before the start position, the resulting span will simply be "None". If the start
position is in the slots candidate value vocabulary, the resulting span will only
pick the candidate value in this position.

4.3.5 Training and Inference

Cross-entropy between predicted value span [ps, p.| and ground truth value
span is utilized to measure the loss of the value span prediction £,. The
dynamic slot relation identifier is optimized by the cross-entropy loss £,
between predicted dynamic relation A and the ground truth dynamic slot
relation. We train dialogue state decoder and dynamic slot relation identifier
together, the joint loss £ is computed as follows:

L=XL,+(1=)\)-L,, (4.3.13)

where A € [0, 1] is a balance coefficient. During inference, the predicted
dynamic slot relation A is used to predict value span as dialogue state.

4.4 Experiments

4.4.1 Datasets

We conduct experiments on three task-oriented dialogue benchmark datasets:
SGD [55], Multiw0Z2.2 [164], and MultiWOZ2.1 [184]. Among them,
SGD is by far the most challenging dataset which contains over 16,000 con-
versations between a human-user and a virtual assistant across 16 domains.
Unlike the other two datasets, it also includes unseen domains in the test set.
MultiwW0Z2.2 and MultiwOZ2.1 are smaller human-human conversations
benchmark datasets, which contain over 8,000 multi-turn dialogues across
8 and 7 domains, respectively. MultiWwOZ2.2 is a revised version of Multi-
WOZ2.1, which is re-annotated with a different set of annotators and also
canonicalized entity names. Details of datasets are provided in Table 4.1.

Table 4.1: Characteristics of the datasets in experiments. The numbers provided
are for the training sets of the corresponding datasets.

Characteristics | SGD  MultiWw0Z2.2 MultiwWOZ2.1
No. of domains 16 8 7

No. of dialogues 16,142 8,438 8,438
Total no. of turns 329,964 113,556 113,556
Avg. turns per dialogue 20.44 13.46 13.46
Avg. tokens per turn 9.75 13.13 13.38

No. of slots 215 61 37
Unseen domains in test set Yes No No

4.4.2 Baselines

We compare with the following existing models, which are divided into two
categories.
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(1) Models that can predict dialogue state on unseen domains: SGD-
baseline [55], a schema-guided paradigm that predicts states for unseen do-
mains; FastSGT [56], a BERT-based model that uses multi-head attention
projections to analyze dialogue; Seq2Seq-DU [52], a sequence-to-sequence
framework which decodes dialogue states in a flatten format. The SGD-
baseline is implemented using its open-source code. For FastSGT, we use the
results reported by the authors. The Seq2seq-DU method is implemented by
us.

(2) Models that cannot predict dialogue state on unseen domains: TRADE [4],
a generation model which generates dialogue states from utterances using a
copy mechanism; DS-DST [40], a dual strategy that classifies over a picklist
or finding values from a slot span; TripPy [53], an open-vocabulary model
which copies values from dialogue context, or slot values in previous dia-
logue state; SOM-DST [185], a selectively overwriting mechanism which
first predicts state operation on each of the slots and then overwrites with new
values; MinTL-BART [46], a plug-and-play pre-trained model which jointly
learns dialogue state tracking and dialogue response generation; SS7T [48], a
graph model which fuses information from utterances and static schema graph;
PPTOD [186], a multi-task pre-training strategy that allows the model to learn
the primary TOD task completion skills from heterogeneous dialog corpora.
We reproduce the baselines using their open-source code.

4.4.3 Evaluation Measures

Our evaluation metrics are consistent with prior works on these datasets [55,
56, 4, 40]. We compute the Joint Goal Accuracy (Joint GA) on all test sets
for straightforward comparison with the state-of-the-art methods. Joint GA is
defined as the ratio of dialogue turns for which all slots have been filled with
the correct values according to the ground truth.

A paired t-test is conducted to determine whether there is a significant
difference between our method and the best baseline. On the SGD and Mul-
tiWOZ2.2 dataset, we compare our method with Seq2Seq-DU. For Multi-
WO0Z2.1, we compare our method with PPTOD. The significance level (p-
value) is set at 0.05.

4.4.4 Training

We use BERT (i.e., BERT-base and uncased) to encode utterances and schema
descriptions. The BERT models are fine-tuned in the training process. The
maximum length of an input sequence is set to 512. The hidden size of the
schema graph encoder and the schema graph evolving network is set to 256.
The dropout probability is 0.3. The balance coefficient A is 0.5. Adam [178] is
used for optimization with an initial learning rate (LR) of 2e-5. We conduct
training with a warm-up proportion of 10% and let the LR decay linearly after
the warm-up phase.

4.5 Results and Discussion

Tables 4.2, 4.3, 4.4 show the performance of DSGFNet as well as the baselines
on the three datasets respectively. It is shown that DSGFNet achieves state-
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of-the-art performance in unseen domains on SGD, all domains on SGD, and
Multiw0OZ2.2. All improvements observed compared to the baselines are
statistically significant according to two sided paired t-test (p < 0.05). And
the performance on MultiWwOZ2.1 are comparable with the state-of-the-art?.
Most notably, DSGFNet improves the performance on SGD most significantly,
which has unseen domains and more complex schemata domains, compared
to the runner-up. It indicates that DSGFNet can facilitate knowledge transfer
to new domains and improve relation construction among complex schemata
domains. We conjecture that it is due to DSGFNet containing the schema-
agnostic encoder and dynamic schema graph. The following analysis provides
a better understanding of our models strengths.

Table 4.2: Joint GA of DSGFNet and baselines in unseen domains and all
domains on SGD dataset. DSGFNet significantly improves over the best
baseline Seq2Seq-DU (two-sided paired t-test, p < 0.05).

Models SGD SGD
Unseen Domains | All Domains
SGD-baseline [55] 20.0% 25.4%
FastSGT [56] 20.8% 29.2%
Seq2Seq-DU [52] 23.5% 30.1%
DSGFNet 24.4% 321%

Table 4.3: Joint GA of DSGFNet and baselines on MultiwOZ2.2. DSGFNet
significantly improves over the best baseline (two-sided paired t-test, p <
0.05).

Model | Multiw0Z2.2
SGD-baseline [55] 42.0%
TRADE [4] 45.4%
DS-DST [40] 51.7%
TripPy [53] 53.5%
Seq2Seq-DU [52] 54.4%
DSGFNet 55.8%

4.5.1 Ablation Study

We conduct an ablation study on DSGFNet to quantify the contributions of
various factors: the usage of slot-domain membership relations, dynamic
slot relations, and multiple relation aggregation. The results indicate that the
dynamic schema graph of DSGFNet is indispensable for DST.

Effect of Slot-Domain Membership Relations

To check the effectiveness of the slot-domain membership relations, we re-
move the schema graph by replacing the prior slot-domain relation adjacency
matrix with an identity matrix I. Results in Table 4.5 show that the joint goal

2TRADE, SST use the original MultiWOZ datasets. The other models use the data
preprocessed by TripPy.
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Table 4.4: Joint GA of DSGFNet and baselines on MultiwOZ2.1. DSGFNet
achieves comparable performance of the best baseline.

Model | MultiwOZ2.1
SGD-baseline [55] 43.4%
TRADE [4] 46.0%
DS-DST [40] 51.2%
SOM-DST [185] 53.0%
MinTL-BART [46] 53.6%
SST [48] 55.2%
TripPy [53] 55.3%
PPTOD [186] 57.1%
DSGFNet 56.7%

accuracy of DSGFNet without the slot-domain membership relations decreases
markedly on unseen domains of SGD, all domains of SGD, Multiw0Z2.2,
and MultiwOZ2.1. It indicates the schema graph, which contains slot-domain
membership relations, can facilitate knowledge sharing among domain and
slot no matter whether the domain is seen or not.

Effect of Dynamic Slot Relations

To investigate the effectiveness of the dialogue-aware dynamic slot relations
in the schema graph, we eliminate the evolving network of DSGFNet. Ta-
ble 4.5 shows the results on unseen domains of SGD, all domains of SGD,
MultiW0Z2.2, and MultiWwOZ2.1 in terms of joint goal accuracy. One can
observe that without the dynamic slot relations the performance deteriorates
considerably. In addition, there is a more markedly performance degradation
compared with the results of the slot-domain membership relations. It indicates
that the dynamic slot relations are more essential for DST, which can facilitate
the understanding of the dialogue context.

Effect of Multiple Relation Aggregation

To validate the effectiveness of the schema graph relation aggregation mech-
anism in the dialogue state decoder, we directly concatenate all sub-graph
representations instead of calculating a weighted sum via the sub-graph at-
tention. As shown in Table 4.5, the performance of the models without the
relation aggregation layer in terms of joint goal accuracy decreases markedly
compared to DSGFNet. It indicates that the attentions to different types of
relations affect the dialogue understanding ability.

Table 4.5: Ablation study on unseen domains of SGD, all domains of SGD,
MultiwW0Z2.2 and MultiwOZ2.1.

Joint GA | Joint GA 1 yoint GA | Joint GA
Model . . MultiWOZ | MultiwOZ
Domains | Domains 22 21
SGD SGD
DSGFNet 24.4% 32.1% 55.8% 56.7%
-w/o Slot-Domain Membership Relations 21.9% 29.8% 53.4% 54.1%
-w/o Dynamic Slot Relations 20.6% 28.6% 52.2% 53.2%
-w/o Relation Aggregation 23.8% 31.5% 55.2% 55.9%
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Figure 4.3: F1 and Accuracy of DSGFNet and BERT for dynamic relation
prediction on unseen domains SGD, all domains of SGD, MultiWwOZ2.2 and
MultiwOZ2.1.

4.5.2 Further Analysis
Prediction of Dynamic Slot Relations

In order to test the discriminative capability of DSGFNet for dynamic slot
relations, we evaluate the performance of the schema graph evolving network.
Since baselines cannot predict the dynamic slot relations explicitly, we com-
pare DSGFNet with the BERT-based classification approach. Following the
classification task in BERT, the input sequence starts with [CLS], followed by
the tokens of the dialogue context and slot pairs, separated by [SEP], and the
[CLS] representation is fed into an output layer for classification. Figure 4.3
shows the results on unseen domains of SGD, all domains of SGD, Multi-
WOZ2.2, and MultiWOZ2.1 in terms of F1 and Accuracy for slot relations.
From the results, we observe that DSGFNet outperforms BERT significantly.
We conjecture that it is due to the exploitation of schema graph with slot-
domain membership relations in DSGFNet. In addition, since BERT without
schema encoder cannot solve unseen domains, there is a significant perfor-
mance degradation on SGD which contains a large number of unseen domains
in the test set.

Effects of Each Type of Dynamic Slot Relation

To better illustrate the effectiveness of augmenting slot relations on the schema
graph, we study how different dynamic slot relations affect the DST perfor-
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Table 4.6: Case study of DSGFNet and Seq2Seq-DU on SGD. Slot values
are extracted from the dialogue context with the same color. The relation of
yellow high light slot pair is predicted as co-reference. The relation of red
underline slot pair is predicted as co-update. The relation of bold font slot
pair is predicted as co-occurrence. Slot values in red high light are incorrectly
predicted ones.

[User]: What's the weather going to be like in vancouver on ?
[Sys]: The forecast average is 68 degrees with a 25 per cent chance of rain.
[User]: Any good attractions in town?

. [Sys]: T have 10 good options including , a city park.
Dialogue Utterance [User]: Lovely! Can you book me a ride there?

[Sys]: Do you want a luxury or pool ride? How many people?
[User]: Just a regular ride please, book for 1.

[Sys]: Confirming you want to book a regular cab to Bloedel Conservatory for 1 person.
[ .

[
[

Weather]: city = “vancouver"; date =

Travel]: location = “vancouver";

Ground Truth Dialogue State
RideSharing]: destination = "; number of seats = “1"; ride type = “regular";

[Weather|: city = “vancouver"; date = “March 10th";
State Predictions of DSGFNet [Travel]: location = “vancouver";
[RideSharing]: destination = “Bloedel Conservatory"; number of seats = “1"; ride type = “regular";
[Weather]: city = “vancouver"; date = “March 10th";
[Travel): location= | GHEM;
[RideSharing]: destination = “Bloedel Conservatory"; number of seats = “1"; ride type = |iSilgl;

State Predictions of Seq2seq-DU

Table 4.7: Performance comparison with different dynamic slot relations and
fully-connected relations on unseen domains of SGD, all domains of SGD,
MultiwOZ2.2 and MultiwWOZ2.1.

J;)JlllllsteeGl? J "“:llGA Joint GA | Joint GA
Model . . MultiwWOZ | MultiwWOZ
Domains | Domains 22 21
SGD SGD

-w All Dynamic Relations 24.4% 32.1% 55.8% 56.7%
-w Co-reference Relation 21.5% 29.8% 53.9% 54.7%
-w Co-occurrence Relation 23.8% 31.7% 55.3% 55.9%
-w Co-update Relation 22.3% 30.1% 53.5% 54.5%
-w/o Dynamic Relations 20.6% 28.6% 52.2% 53.2%
-w Fully-connected Relations | 21.3% 29.9% 54.2% 54.9%

mance. Table 4.7 presents the joint goal accuracy of DSGFNet with different
dynamic relations on unseen domains of SGD, all domains of SGD, Multi-
WOZ2.2, and MultiWOZ2.1. One can see that the performance of DSGFNet
with each type of dynamic slot relation surpasses that without any dynamic slot
relations considerably. Thus, all types of dynamic slot relations in the schema
graph are helpful for dialogue understanding. Furthermore, the performance of
DSGFNet with co-occurrence relation is superior to the performance with the
other two dynamic slot relations. We conjecture that it is due to the fact that a
large percentage of dynamic relations is the co-occurrence relation, which has
an incredible effect on DST.

Effect of Automatic Relation Completion

To demonstrate the effectiveness of automatically completing each type of slot
relations on the schema graphs, we replace four automatically-completed sub-
graphs in DSGFNet with four fully-connected graphs. As shown in Table 4.7,
the performance of the model with the fully-connected graphs in terms of
joint goal accuracy decreases significantly compared to DSGFNet (two-sided
paired t-test, p < 0.05). We believe that this is caused by the noise introduced
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by the redundancy captured by the relations between all pairs of slots. In
addition, sampling the relations using our strategy can also reduce the memory
requirements when the number of slots and domains are large.

Case Study

We make qualitative analysis on the results of DSGFNet and Seq2seq-DU
on SGD. We find that DSGFNet can make a more accurate inference of
dialogue states by using the dynamic schema graph. For example, as shown in
Table 4.6, "city-location" is predicted as co-reference relation, "city-date" and
"number of seats" and "ride-type" are predicted as co-update relation, "city-
date" is predicted as co-occurrence relation. Based on the dynamic schema
graph, DSGFNet propagates information involving slot-domain membership
relations and dynamic slot relations. Thus, it infers slot values more correctly.
In contrast, since Seq2seq-DU ignores the dynamic slot relations, it cannot
properly infer the values of "location" and "ride-type", which have dynamic
slot relations with other slots.

Dynamic Slot Relations Label Collection

Dynamic schema graph in DSGFNet has three types of dynamic slot relations,
which includes co-reference relations, co-update relations and co-occurrence
relations. The labels of these relations are used to train the schema graph
evolving network. We first collected all possible slot pairs from ground truth
dialogue state for each dialogue turn. And then we labeled these slot pairs
by the rules as follows: (1) If one slot value has been assigned to another
slot in earlier turn of the dialogue, we label the relation between these two
slots as co-reference. (2) If values of two slot in the same dialogue turn are
updated together, we label the relation between these two slots as co-update.
(3) If the co-occurrence probability of two slots in the training set of SGD,
MultiWwOZ2.1, and MultiWOZ2.2 is higher than 5%, we label the relation
between these two slots as co-occurrence. Table 4.8 shows the the proportion
of different types of dynamic slot relations on these datasets.

Table 4.8: The proportion of different types of dynamic slot relations on SGD,
Multi0Z2.2, and MultiWOZ2.1 in training sets.

Relation | SGD  Multiw0Z2.2 Multiw0Z2.1
Co-reference 5.11% 4.21% 4.29%
Co-update 9.31% 4.01% 4.13%
Co-occurrence | 31.13% 37.53% 36.53%

Performance on Different Domains

We further investigate the performance of DSGFNet on different domains.
Table 4.9 shows the joint goal accuracy of DSGFNet in different domains on
SGD. We observe that the presence of schemata in the training data is the
major factor affecting the performance. We see that the best performance can
be obtained in the domains with all seen schemata. The domains which have
partially unseen schemata achieve higher accuracy, such as "Hotels", "Movies",
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Table 4.9: Accuracy of DSGFNet in each domain on SGD test set. Domains
marked with * are those for which the schemata in the test set are not present
in the training set. Domains marked with ** have both the unseen and seen
schemata. For other domains, the schemata in the test set are also seen in the
training set.

Domain | Joint GA || Domain | Joint GA
RentalCars* 5.11% Homes 22.46%
Messaging* 5.48% Events* 32.02%
Payment* 7.31% Hotels** 33.13%
Music* 11.87% || Movies** 42.13%
Buses* 12.72% Services** 45.39%
Trains* 16.39% Travel 48.30%
Flights* 16.64% || Alarm* 53.27%
Restaurants* | 17.01% || RideSharing | 56.42%
Media* 20.83% Weather 68.49%

and "Services" domains. The accuracy declines in the domains with only
unseen schemata, such as "RentalCars" and "Messaging". However, among the
domains with only unseen schemata, those have similar schemata to training
data resulting in superior performance, such as "Alarm" and "Events" domains.
We conclude that DSGFNet is able to perform zero-shot learning and share
knowledge across domains. However, more sharing of information should be
utilized to enhance the generalization ability.

Analysis of Parameters in DSGFNet

We further investigate the impacts of parameter settings on the performance of
DSGFNet on SGD, Multiw0Z2.2, and MultiwWOZ2.1. We validate the effects
of four factors: the layer of propagation on the schema graph, the number of
selected dialogue turns used in the schema-dialogue fusion layer, the layer of
MLP in the dynamic slot relation completion layer, and the balance coefficient
A in the loss function. Figures 4.4, 4.5, 4.6, 4.7 show the results of DSGFNet
with varying parameters on SGD, MultiW0Z2.2, and MultiWOZ2.1 in terms
of joint goal accuracy. We observe that the optimal layer of propagation is
not consistent across datasets. It seems that 3 is desired in more datasets. In
addition, DSGFNet demonstrates the best performance when leveraging full
dialogue history. We conjecture that it is due to that the incomplete dialogue
history leads to confusing information. Moreover, 8 layers MLP for relation
completion obtains the optimal performance over three datasets. Furthermore,
the optimal performance is consistently achieved when the balance coefficient
A is around 0.5.

4.6 Summary

We have proposed a new approach to DST, referred to as DSGFNet, which
effectively fuses prior slot-domain membership relations and dialogue-aware
dynamic slot relations on the schema graph. To incorporate the dialogue-aware
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Figure 4.4: Performance comparison w.r.t. the layer of propagation on the
schema graph.
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Figure 4.5: Performance comparison w.r.t. the number of dialogue turns used
in the schema-dialogue fusion layer.

dynamic slot relations into DST explicitly, DSGFNet identifies co-reference,
co-update, and co-occurrence relations. To improve the generalization ability,
DSGFNet employs a schema-agnostic graph attention network to share infor-
mation. Experimental results show that DSGFNet outperforms the existing
methods in DST on three benchmark datasets, including unseen domains of
SGD, all domains of SGD, Multiw0Z2.1, and MultiWw0Z2.2. For future work,
we intend to further enhance our approach by utilizing more complex schemata
and data augmentation techniques.
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Figure 4.6: Performance comparison w.r.t. the layer of MLP in the dynamic
slot relation completion layer.
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function.
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Chapter 5

Document-Guided Natural
Language Generation for
Task-Oriented Dialogues

Task-oriented dialogue systems aim at providing users with task-specific ser-
vices. Users of such systems often do not know all the information about the
task they are trying to accomplish, requiring them to seek information about the
task. To provide accurate and personalized task-oriented information-seeking
results, task-oriented dialogue systems need to address two potential issues: 1)
users’ inability to describe their complex information needs in their requests;
and 2) ambiguous/missing information the system has about the users. To
address these issues, task-oriented dialogue systems must have the ability to
proactively ask questions so as to clarify necessary information. In this chap-
ter, we propose a Multi-Attention Large Language Model framework, named
MALLM, which can ask questions to clarify the user’s information needs and
the user’s profile for information-seeking on task-oriented dialogues. MALLM
consists of a text encoder, an answer confidence embedding network, and a
natural language decoder. In particular, the answer confidence embedding
network takes into account the task knowledge to derive confidence of the
predicted answer to the user’s information-seeking request. Our experimental
results show that MALLM outperforms baselines on both clarification question
generation and answer prediction. To foster research in this area, we have
made the code publicly available'.

5.1 Introduction

The primary goal of a task-oriented dialogue system is to help the user com-
plete a task. Since most tasks can be highly complex, and users often lack
background knowledge about the tasks, users have to search for task-related
information to accomplish tasks. This type of information seeking behaviour
is referred to as task-oriented information seeking and is an important problem
that needs to be solved by task-oriented dialogue systems [187, 93, 188].
During the information-seeking process in task-oriented dialogues, users
often fail to formulate their complex task-related information needs in a single
request. Furthermore, the system may not have enough information about

!Code is available at https:/github.com/sweetalyssum/CQG_code.
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Figure 5.1: An example of task-oriented information-seeking dialogue. A user
needs to search for information related to a specific task. Due to the unclear
user request and user profile, the task-oriented dialogue system should ask
clarification questions to clarify the user request and the user profile based on
the task knowledge to provide the answer.

the profile of the user to accurately respond to the user’s request. In order to
provide accurate and personalized task-related information-seeking results,
systems have to ask questions to clarify user request and user profile. Figure 7.1
shows an example of task-oriented information-seeking dialogue.

Many methods have been proposed for asking clarification questions for
general information seeking tasks, which include ranking-based models [189,
87, 86] and generation-based models [90, 88, 89]. Ranking based models
assume the existence of a candidate set of clarification questions and cast
clarification question generation as a ranking problem. Generation based
methods tend to be more challenging as they do not assume the existence of
candidate questions.

Compared to asking clarification questions for general information seeking,
two issues need to be addressed for task-oriented information seeking: 1)
user’s information needs are related to a specific task. Existing task-oriented
systems assume that the system has access to some prior knowledge about the
task [190, 98]. Therefore, a task-oriented information-seeking model needs to
ask clarification questions considering the task knowledge the system has, and;

2) for different user information, the answers may be different [191].
Task-oriented dialogue systems should provide personalized answers by in-
corporating user profiles. Therefore, task-oriented information-seeking model
needs to ask clarification questions considering the user profile.
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In this chapter, we focus on the problem of clarification question gener-
ation for task-oriented information seeking. We propose a Multi-Attention
Large Language Model framework (MAS2S), which considers task knowl-
edge to clarify the user request and user profile for information seeking on
task-oriented dialogues. Specifically, MAS2S consists of a text encoder, a final
response confidence embedding network, and a natural language decoder. At
each turn of the dialogue, the text encoder transforms the user request, user
profile, task knowledge, and dialogue history into semantic embeddings. The
answer confidence embeddings network creates knowledge-aware dialogue
representations and knowledge-aware user representations using the attention
mechanism to calculate answer confidence embeddings. The natural language
decoder sequentially generates a clarification question or an answer for the
user request on the basis of the answer confidence embeddings.

We conduct experiments on dataset ClariT for asking clarifying questions
for information seeking in task-oriented dialogues. We compare MAS2S with
competitive clarification question generation models for general purpose in-
formation seeking and natural language generation models in task-oriented
dialogue systems. Experiment results show that MAS2S significantly out-
performs all the baselines. Extensive analyses also reveal the significance of
clarifying user requests and user profiles based on task knowledge in task-
oriented information seeking.

Our contributions can be summarized as follows:

* We formulate a new problem of asking clarifying questions for informa-
tion seeking in task-oriented dialogues. Given a task knowledge, a user
profile, and a user request, the system should clarify the user request and
the user profile to provide a more accurate and personalized response to
the user request based on the task knowledge.

* We propose a Multi-Attention Large Language Model (MAS2S) architec-
ture which considers task knowledge to generate clarification questions
for user request and user profile on task-oriented information seeking.

* The experiment results of MAS2S achieve the best performances against
baselines on general information seeking and task-oriented dialogue
systems. Extensive experimental analysis also helps to better understand
the advantages of our method.

5.2 Problem Formalization

5.2.1 The Ask Paradigm in Task-Oriented Dialogue Systems

Task-oriented information-seeking is an important problem that needs to be
solved by task-oriented dialogue systems. A key advantage of dialogue systems
is that the system can ask questions from users actively, so as to understand
users’ information needs accurately, and to increase its confidence in the
information-seeking results. Based on this philosophy, we propose a clarifica-
tion question generation paradigm for information seeking on task-oriented
dialogues, as shown in Figure 5.2, named The Ask Paradigm in Task-Oriented
Dialogue Systems.
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Figure 5.2: The Ask Paradigm in Task-Oriented Dialogue Systems.

After a user provides an initial user request related to a task, the system
calculates the answer confidence with the clarification question turn detection
module based on the user request, the user profile, and the task knowledge.
If system is not sufficiently confident with the answer, it will generate a
clarification question to ask using the clarification question generation module,
which considers user request, user profile, and task knowledge.

After the user gives feedback to the clarification question, the system
enters the loop again, but this time it considers not only the users initial request,
but also the newly collected clarification question and user feedback which
contains new information about the user’s needs and user profiles. This process
will continue until the system is confident enough to provide an answer, in
which case the system will display the answer to the user and the conversation
will stop.

5.2.2 Notations and Problem Statement

When a user wants to seek information about a task, the user will first give
an initial user request R that describes the user’s information needs. This
user also has a user profile U that describes the personalized background
information. If the user request 12 and user profile U are underspecified, the
system cannot provide an accurate and personalized answer Y to the user
request R. Therefore, the system needs to use the task knowledge 7' to infer a
clarification question () to clarify the user request 2 and user profile U. We
build the following conversation for this task-oriented information-seeking,

Ra UaT‘QlaA17Q2>A2>"'7QK7AKD/7 (521)

where () is a clarification question asked by the system, Ay is the user answer
to the question ()i, and K is the number of clarification questions in the
dialogue.

Based on the above notation, the task-oriented dialogue system aims at
learning models for the following two tasks:

Clarification Question Generation. Given a user request, a user profile, a
task knowledge, and a dialogue history, generate the next clarification question
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Figure 5.3: The architecture of MAS2S for information seeking on task-
oriented dialogues.

to ask. Specifically, a generative model is trained by maximizing the probability
of each clarification question in each of the dialogues:

P(Qk‘Ra U7T7 Q17A17"'7Qk717*’4k71)>
ke{l,...,K} (522)

Answer Prediction. Given a user request, a user profile, a task knowledge,
and a dialogue history, generate the answer for the user request. Specifically, a
generation model is trained by maximizing the probability of the ground truth
result for each of the dialogues:

P(Y|R7 UaT7Q17A17-"7QKaAK) (523)

5.3 Multi-Attention Large Language Model

In this section, we propose a Multi-Attention Large language Model framework,
named MALLM, that is able to ask clarification questions based on the Task-
oriented System Ask paradigm. MAS2S formalizes clarification question
generation and answer prediction as a sequence-to-sequence problem using
LLMs [192] and Attention Networks [182]. As shown in Figure 7.2, MAS2S
consists of a text encoder, an answer confidence embedding network, and
a natural language decoder. At each turn of the dialogue, the text encoder
transforms the user request and the clarification question history into dialogue
embeddings using the LLMs; the text encoder transforms the user profile
into the user embeddings using the LLMs; the text encoder transforms the
task knowledge into the knowledge embeddings also using the LLMs; the
answer confidence embeddings network creates knowledge-aware dialogue
representations and knowledge-aware user representations using the attention
mechanism to calculate answer confidence embeddings; finally, the natural
language decoder sequentially generates a clarification question or an answer
for the user request on the basis of the answer confidence embeddings. Below
we describe MAS2S in detail.
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5.3.1 Text Encoder

The text encoder takes the text of a dialogue, a user profile, and of a task knowl-
edge as input respectively and employs LLMs to construct the corresponding
semantic embeddings.

More specifically, to generate the semantic embeddings of dialogue context,
the LLMs is given the token sequence:

X = ([cLs], z1, ..., xN, [SEP], Y1, ..., Yar, [CLS]),

which are the sub-word tokens of user request with length N and the
clarification question history with length M. The [CLS] and [SEP] are the
start-of-text/end-of-text and separator pseudo-tokens. The output embeddings
of each token are used as the dialogue semantic embeddings, referred to as
Sa = (dy,...,dNsr13)-

To generate the semantic embeddings of a user profile, the LLMs takes
a sequence of user profile tokens with length N, as inputs, denoted as X =
([cLs], x1, ..., xN,, [CLS]). The output is a sequence of embeddings with
length N, + 2, denoted as S,, = (uq, ..., uy, +2) and referred to as user profile
embeddings, with one embedding for each token.

We also use LLMs to generate representations for task knowledge. The
input is a sequence of task knowledge tokens with length ,, denoted as
X = ([cLS], z1, ..., xn,, [CLS]). The state of the final [CLS] is used as the
task knowledge semantic embeddings s;.

5.3.2 Answer Confidence Embeddings Network

The answer confidence embeddings network takes the sequence of dialogue
embeddings, the sequence of user profile embeddings, and the task knowledge
embeddings as input and first calculates knowledge-attended dialogue represen-
tations, and the knowledge-attended user profile representations. In this way,
the semantic information from dialogue context and user profile is represented
based on the task knowledge. Then the answer confidence embeddings can be
obtained by the reconstructed knowledge-attended semantic embeddings.
Specifically, we first use the attention mechanism to calculate the knowledge-

attended representations between task knowledge s; and the dialogue .S, / user
profile S, by bilinear interaction:

Ay = softmax(exp(S} Wys;)) (5.3.1)

A, = softmax(exp(STW,s,)), (5.3.2)

where W, and W, are the bilinear interaction matrices to be learned. Then the
knowledge-attended dialogue representations d and the knowledge-attended
user profile representations u are calculated as d = ST A, and u = ST A,.

To obtain the answer confidence embedding c for current dialogues and
users, we concatenate the knowledge-attended dialogue representations and
the knowledge-attended user profile representations. A multi-layer perceptron
derives the answer confidence embedding c by the following equation:

¢ = MLP([d; u)). (5.3.3)
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Figure 5.4: The process of user profile construction. We follow a three-step
strategy as follows: (1) Sample dialogue turns; (2) Generate user profile; and
(3) Correct grammatical errors through crowdsourcing.

5.3.3 Natural Language Decoder

The natural language decoder generates clarification questions or answers to the
user’s request by attending to the answer confidence embeddings. We employ
LLMs for the natural language decoder, which takes the answer confidence
embedding c as its initial input embedding.

5.3.4 Training

The training follows the standard procedure of a sequence-to-sequence model.
The Answer Confidence Embeddings Network is fine-tuned in the training
process. Cross-entropy loss is utilized to measure the loss of generating
clarification questions and answers.

5.4 Data Collection

In task-oriented information seeking, to provide accurate and personalized
answers, the system needs to clarify user requests and user profiles based on
task knowledge. To the best of our knowledge, no datasets have been developed
for this purpose. The closest dataset that can be used is the ShARC[193]
dataset, which asks clarification questions based on task knowledge to clarify
user information-seeking requests. The left example in Figure 5.4 is from the
ShARC dataset. However, the ShARC dataset does not contain user profiles,
which can not be directly used in our settings. To build a suitable dataset for
our setting, we need to extend each dialogue in ShARC dataset with a user
profile. The new extended dataset is called ClariT. This is the first public
dataset that focuses on asking clarification questions for information seeking
on task-oriented dialogues. In this section, we explain how we extend the
ShARC dataset for task-oriented information seeking.
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Table 5.1: Number of dialogues, task knowledge, user profiles, and turns in
ClariT.

Set \ #Dialogue #Task Knowledge #User Profile #Turns
All 108,599 1,742 85,749 260,924
Training 76,019 687 55,048 184,027
Validation 10,860 495 10,545 25,473
Testing 21,720 560 20,156 51,424

5.4.1 User Profile Construction

Because the original ShARC dataset lacks personalized information, we need to
construct a user profile for each dialogue. Many researchers have demonstrated
that dialogue context usually contains strong suggestions for personalized
information [194, 195]. Therefore, following previous work [196, 197], we
also utilize dialogue context to construct user profiles. As shown in Figure 5.4,
we use a three-step strategy to construct user profiles. In the first step, we
sample some dialogue context. In the second step, we rewrite the sampled
dialogue context into declarative sentences as the user profile using rules. In
the third step, we use human annotators to correct any grammatical errors
incurred during the rewriting process.

Specifically, we first randomly sample 1-5 dialogue turns from the dia-
logue context. Each dialogue turn in the original dialogue context consists
of a clarification question and a corresponding answer. We use the sampled
clarification question and answer pairs to construct the user profile. Given
the generated user profile will contain the answer to these clarification ques-
tions, these clarification questions are unnecessary to be asked in the dialogue.
Therefore, we remove these clarification questions from the original dialogue
context to improve the efficiency of the dialogue.

After we sample dialogue turns, we need to rewrite them into declarative
sentences to generate user profiles. For each dialogue turn, we identify the
auxiliary verb in the clarification questions (such as “Are”, “Do”, etc.) and
the polarity of the answers (such as “Yes” and “No”). Based on the auxiliary
verb and polarity, we use rules to map each clarification question and answer
pair into a declarative sentence. For example, in Figure 5.4, the clarification
question and answer pair is “Are you a family farmer? Yes”. The rewritten
sentence is “l am a family farmer.” Finally, the user profile is constructed by
concatenating all these rewritten declarative sentences.

However, this rewriting process is not always as straightforward; in these
cases, to improve the quality of the generated user profiles, we collect human
annotations to correct grammatical errors incurred during the rewriting process.
It is important to note that our annotators not only check grammatical errors
in the rewriting declarative sentences but also are required to provide suitable
corrections for the errors as well. All the grammatical errors in the rewriting
of declarative sentences are replaced with the corrections provided by the
annotators.

After that, we have a new dataset ClariT that is suitable for task-oriented
information-seeking problems. We split ClariT into train, development, and test
sets such that the train set includes 70% of the conversations, the development
set contains 10% of them, and the rest 20% is the test set. Details about the
ClariT dataset are shown in Table 5.1.
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5.4.2 Dataset Quality Check

We conduct a further human evaluation to assess the quality of ClariT. Follow-
ing previous work [184], three annotators were asked to evaluate the quality of
ClariT. The criterion for dataset quality evaluation contains five dimensions: 1)
Fluency: Is the user profile grammatically well-formed? 2) Usefulness: Does
the user profile have useful personalized information? 3) Relevancy: Is the
dialogue context relevant to user request and user profile? 4) Clarification:
Does the dialogue context clarify unclear information in the user request and
user profile? 5) Naturalness: Since we removed the sampled dialogue turns
from the dialogue context, the naturalness of the dialogues in ClariT may be
worse than the original dialogues. Therefore, we conducted a comparative
study where we show annotators one dialogue from ClariT and one original
dialogue, by asking annotators to identify which dialogue is more natural.

We randomly sampled 100 dialogues from ClariT. Under fluency, useful-
ness, relevancy, and clarification dimensions, the ratios of dialogues that are
satisfied with the corresponding dimension are all 1.0. For the naturalness
dimension, the ratio of dialogues identified as more natural by ClariT is ap-
proximately 0.5. This indicates that ClariT is as natural as the original ShARC
dataset. The evaluation results on relevancy, usefulness, fluency, clarification,
and naturalness indicate the high quality of ClariT.

5.5 Experiments

5.5.1 Experiments Setup

Dataset. We conduct the experiments using the benchmark datasets on task-
oriented information seeking, namely ClariT, which was built using ShARC[193]
dataset. More details of the datasets are shown in Table 5.1.

Baselines. We compare our approach with the following state-of-the-art
baselines, which include clarification question generation methods and task-
oriented dialogue system response generation methods. Since the baselines
cannot utilize task knowledge and user profile information, to make the compar-
ison between MAS2S and baselines fair, we concatenate the task knowledge,
user profile, and dialogue context together as the inputs of baselines.

GAN-Utility [89]: State-of-the-art on clarification question generation,
which is a sequence-to-sequence generative network for generating clarification
questions in open-domain dialogues. We reproduce the baseline using their
open-source code.

SOLOIST [198]: State-of-the-art on task-oriented dialogue system response
generation, which uses a transformer-based auto-regressive language model
to generate system responses. Since we don’t have the dialogue states and
dialogue actions in ClariT, this model is only trained on the loss of dialogue
response generation. We reproduce the baseline using their open-source code.

UBAR [199]: State-of-the-art on task-oriented dialogue system response
generation, which utilizes the large pre-trained language model to generate
system responses on the sequence of the entire task-oriented dialogue session.
Similar to SOLOIST, this model is only trained on the loss of dialogue system
response generation. We reproduce the baseline using their open-source code.
Evaluation Measures. For the evaluation of Clarification Question Generation,
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Figure 5.5: Ablation study of MAS2S with respect to LLMs, and confidence
embeddings network on ClariT.

we follow the previous work [89, 198, 199, 200], using both automatic metrics
and human evaluation. Specifically, we estimate a generated response by
automatically measuring its gram-based accuracy against the ground truth.
The automatic metrics we used are as follow: (1) BLEU [201] estimates a
generated clarification question via measuring its n-gram precision against the
ground truth; (2) ROUGE [202] measures n-gram recall between generated
clarification question and ground truth.

For the evaluation of Answer Prediction, we follow the previous work [89,
200], using Success metric. Success is calculated by measuring how often the
dialogue system provides the right answer to the user request.

A paired t-test is conducted to determine whether there is a significant
difference between our method and the best baseline. We compare our method
with UBAR. The significance level (p-value) is set at 0.05.

Implementation. We use a pre-trained [lama — 7b model to encode dialogue
context, user profiles, and task knowledge, and decode the system response.
The answer confidence embeddings Network is trained in the training process.
The hidden size of all the attention layers is set to 768. The dropout probability
is set to 0.1. The batch size is set to 4. We optimize with Adam optimizer
[178] and an initial learning rate of 1e-4. Hyperparameters are chosen using
the validation dataset in all cases.

5.5.2 Experimental Results

For the clarification question generation task, the automatic metric evaluation
results on ClariT are shown in Table 5.2. We can see that MAS2S performs
significantly better than the baselines. The results indicate that MAS2S can ef-
fectively leverage the task knowledge to clarify user requests and user profiles
for task-oriented information seeking. MAS2S, which contains clarification
question turn detection module, is able to produce much more useful clarifica-
tion questions.

For the answer prediction task, the experiment results on ClariT are shown
in Table 5.2. We can observe that MAS2S performs significantly better than
the baselines in terms of Success. The results indicate that MAS2S, which
contains the task knowledge attended answer confidence embedding network,
is able to provide much more accurate answers for task-oriented information
seeking.
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Table 5.2: Performance of MAS2S and baselines on automatic metrics. Num-
bers in bold denote best results in that metric. MAS2S significantly improves
over the best baseline (two-sided paired t-test, p < 0.05).

Model | Success BLEU ROUGE

GAN-Utility | 0.334  0.224 0.216
SOLOIST 0.352  0.229 0.219
UBAR 0.397  0.282 0.273

MAS2S \ 0.453  0.327 0.342

5.6 Discussions

We seek to answer the following research questions in our experiments: (Q1)
What are the effects of different components in MAS2S? (Q2) What are the
key factors that contribute to the high performance of MAS2S? (Q3) Do the
generated clarification questions have the utility to provide the right answer
to the user request? (Q4) Are the generated clarification questions necessary?
(Q5) What is the impact of the user request length on the performance? (Q6)
What is the impact of the user profile on the performance?

5.6.1 Ablation Study

To answer the question (Q1) "What are the effects of different components
in MAS2S?", we conduct an ablation study on MAS2S. We validate the
effects of two factors: confidence embeddings network and LLMs-based
encoder/decoder. The results indicate that all the components of MAS2S are
indispensable.

Effect of Confidence Embeddings Network. To investigate the effec-
tiveness of using the confidence embeddings network, we compare MAS2S
with MAS2S-w/oCEN, which eliminates the confidence embeddings network
module. We concatenate the semantic embeddings of dialogue context, user
profile, and task knowledge as the initial state of the decoder. Figure 6.2 shows
the results on ClariT in terms of BLEU-1, ROUGE-L, and Success. From
the results, we can see that the performances of both clarification question
generation and answer prediction deteriorate considerably without the confi-
dence embeddings network. This indicates that the confidence embeddings
network helps provide a more accurate indication about when and how to ask
clarification questions and predict answers.

Effect of LLMs. To investigate the effectiveness of using LLMs in the text
encoder, and natural language decoder, we replace LLMs with the standard
sequence-to-sequence Transformer [182] and run the model on ClariT. As
shown in Figure 6.2, the performances on both clarification question generation
and answer prediction of the Transformer-based model MAS2S-w/oLLLMs
decreases significantly compared with MAS2S, in terms of BLEU-1, ROUGE-
L, and Success. It indicates that the LLMs-based encoder/decoder can create
more accurate representations for dialogue, user profile, and task knowledge
on both clarification question generation and answer prediction.
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Figure 5.6: Case study based on MAS2S and the best baseline UBAR on
ClariT. The generated system response in green is correctly predicted, while
the generated system response in red is incorrectly predicted.

5.6.2 Case Study

To answer the question (Q2) "What are the key factors that contribute to the
high performance of MAS2S?", we qualitatively analyze the results of MAS2S
and the best baseline UBAR on ClariT dataset. We find that MAS2S generates
more accurate system responses by leveraging the relation existing in the
dialogue context, user profile and task knowledge. For example, in the first
case in Figure 7.5, the user profile mentions that “I follow all financial and
privacy laws”. MAS2S can correctly infer the system needs to ask another
clarification question about “registration” instead of “financial and privacy
laws” considering the task knowledge and dialogue context. In the second case,
the user profile mentions that “I can work”. MAS2S can correctly provide the
answer “No” instead of asking a clarification question about “capability for
work” also considering the task knowledge and dialogue context. From the
examples above, we can see that MAS2S can effectively extract the relation
between dialogue context, user profile, and task knowledge, yielding correct
system responses. In contrast, UBAR can not model these relations. Thus it
cannot properly generate responses.
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5.6.3 Utility of Clarification Questions

To answer the question (Q3) "Do the generated clarification questions have the
utility to provide the right answer to the user request?", we compare the perfor-
mance of Success of MAS2S with the best baseline UBAR on dialogues asking
different number of clarification questions. Figure 5.7 shows the performance
of Success of MAS2S and UBAR on dialogues with £ clarification questions
(k € {1,2,3,4,5}). The results show that MAS2S performs better in answer
prediction on all dialogues. It indicates the usefulness of the clarification ques-
tions generated by MAS2S. In addition, we can also see the performance of
MAS2S improves as the dialogue advances to multiple clarification questions.
It indicates that appropriate clarification questions can effectively clarify user
request to provide more accurate answer. We conjecture that the system can
understand users information needs and user profile more accurate with an
increase in the number of clarification questions.
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Figure 5.7: Impact of number of clarification questions on the performance of
Success of MAS2S and UBAR.

5.6.4 Necessary of Clarification Questions

To answer the question (Q4) "Are the generated clarification questions nec-
essary?", we compare MAS2S and the best baseline UBAR in terms of the
average number of clarification questions (NoQ) over the dialogues, and the
corresponding average absolute differences with the number of clarification
questions needed (AbsDiff). As shown in Table 5.3, the average number of
clarification questions (NoQ) of MAS2S is less than the best baseline UBAR.
And when comparing average absolute differences with the number of clarifi-
cation questions needed (AbsDiff), we observe that the number of clarification
questions of MAS2S is more closer to the ground truth number of clarification
questions (Oracle) than the best baseline UBAR. It indicates MAS2S can
generate more necessary questions to clarify user request and user profile than
UBAR.
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Table 5.3: Average number of clarification questions (NoQ) and absolute
difference of clarification questions (AbsDiff) over the dialogues of MAS2S
and the best baseline UBAR on ClariT. Bold denotes best results.

Model | NoQ AbsDiff

Oracle 2.36 0.00
UBAR 3.14 1.68
MAS2S | 2.97 0.94

5.6.5 Impact of User Request Length

To answer the question (Q5) "What is the impact of the user request length on
the performance of MAS2S?", we analyze the performance of MAS2S based
on the number of user request tokens. Figure 5.8 shows the improved Success
of MAS2S on different lengths of user request compared to the best baseline
UBAR. From the results, one can observe that MAS2S performs better in all
cases, no matter the length of the user request. It indicates that utilizing the
clarification question generation model in task-oriented dialogue is necessary
to clarify user request. In addition, the relative improvement of MAS2S is
negatively correlated with the length of the user request. It indicates that the
shorter user request needs clarification in more cases. We conjecture that it is
due to shorter user request usually containing more ambiguous information.
Asking clarification questions can effectively improve the natural language
understanding ability of shorter user request in task-oriented dialogues.

3.5
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User Request Length

Figure 5.8: Impact of user request length on the performance of Success of
MAS?2S.

5.6.6 Impact of User Profile

To answer the question (Q6) "What is the impact of the user profile on the per-
formance of MAS2S?", we compare MAS2S with MAS2S-w/oProfile, which
eliminates the user profile and knowledge attended user profile representations.

76 of 127



5. Document-Guided Natural Language Generation for Task-Oriented
5.7. Summary Dialogues

Table 5.4 shows the results on ClariT in terms of BLEU, ROUGE, and Success.
From the results, we can see that without user profiles, the performance of the
clarification question generation deteriorates considerably. It indicates that
the relation between the user profiles and the user requests helps the dialogue
systems understand the user information needs. In addition, the performance
of Success also deteriorates without using user profiles. We conjecture that it
is due to the dialogue system’s lack of personalization information to provide
an accurate response to users. Thus, the utilization of user profiles is desirable.

Table 5.4: Performance of MAS2S and MAS2S-w/oProfile on ClariT dataset.
Numbers in bold denote best results in that metric. MAS2S significantly
improves over the MAS2S-w/oProfile (two-sided paired t-test, p < 0.05).

Model | Success | BLEU | ROUGE
MAS2S-w/oProfile | 0.381 | 0.256 | 0.264
MAS2S 0.412 | 0.315 | 0.296

5.7 Summary

In this work, we focused on the problem of task-oriented information seeking.
We formulate a new problem of asking clarifying questions for information
seeking in task-oriented dialogues, which needs to clarify the user request
and the user profile to provide a more accurate and personalized response
based on the task knowledge. We proposed a Multi-Attention Seq2Seq Net-
works (MAS2S) to generate clarification questions and predict answers for
task-oriented information seeking, which integrates the power of both sequen-
tial modeling and attention mechanisms. Experiments on ClariT verified the
performance of MAS2S against state-of-the-art clarification question genera-
tion baselines and task-oriented dialogue system response generation baselines.
The research on asking clarification questions for information seeking on task-
oriented dialogues is still in its initial stage, and this work is just one of the
first steps. In the future, the proposed paradigm may also be extended to more
complex scenarios, such as considering task relations, etc.
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Chapter 6

Schema-Guided User Satisfaction
Modeling for Task-Oriented
Dialogues

User Satisfaction Modeling (USM) is one of the popular choices for task-
oriented dialogue systems evaluation, where user satisfaction typically depends
on whether the user’s task goals were fulfilled by the system. Task-oriented
dialogue systems use task schema, which is a set of task attributes, to encode
the user’s task goals. Existing studies on USM neglect explicitly modeling the
user’s task goals fulfillment using the task schema. In this paper, we propose
SG-USM, a novel schema-guided user satisfaction modeling framework. It
explicitly models the degree to which the user’s preferences regarding the task
attributes are fulfilled by the system for predicting the user’s satisfaction level.
SG-USM employs a pre-trained language model for encoding dialogue context
and task attributes. Further, it employs a fulfillment representation layer for
learning how many task attributes have been fulfilled in the dialogue, an im-
portance predictor component for calculating the importance of task attributes.
Finally, it predicts the user satisfaction based on task attribute fulfillment and
task attribute importance. Experimental results on benchmark datasets (i.e.
MWOZ, SGD, ReDial, and JDDC) show that SG-USM consistently outper-
forms competitive existing methods. Our extensive analysis demonstrates
that SG-USM can improve the interpretability of user satisfaction modeling,
has good scalability as it can effectively deal with unseen tasks and can also
effectively work in low-resource settings by leveraging unlabeled data.'

6.1 Introduction

Task-oriented dialogue systems have emerged for helping users to solve spe-
cific tasks efficiently [166]. Evaluation is a crucial part of the development
process of such systems. Many of the standard automatic evaluation metrics,
e.g. BLEU [100], ROUGE [203], have been shown to be ineffective in task-
oriented dialogue evaluation [102, 101]. As a consequence, User Satisfaction
Modeling (USM) [7, 204, 122, 120, 205] has gained momentum as the core
evaluation metric for task-oriented dialogue systems. USM estimates the over-

ICode is available at https://github.com/amzn/
user—satisfaction-modeling.
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Schema for Restaurant Task

i Task Attributes:
| : City in which the restaurant is located.
i : Price range for the restaurant.

User

I'd like to look for a diner in Vacaville. | am

searching for one that is intermediate priced. System

1

1

1

1

1

|

1

Japanese Restaurant is a lovely diner |
around there. !
User |
1

1

1

1

1

1

That's prefect! Thanks!

User’s Task Goal Solution
1“City”: Vacaville X ;Jap?cg}:a ?,evl;{;sﬁ: TS ]
“Price_Range”: Intermediate i: . V- i

“Price_Range”: Intermediate !

_____________________________________________________

Figure 6.1: Task-oriented dialogue system has a predefined schema for each
task, which is composed of a set of task attributes. In a dialogue, the user’s
task goal is encoded by the task attribute and value pairs. The user is satisfied
with the service when the provided solution fulfills the user’s preferences for
the task attributes.

all satisfaction of a user interaction with the system. In task-oriented dialogue
systems, whether a user is satisfied largely depends on how well the users task
goals were fulfilled. Each task would typically have an associated task schema,
which is a set of task attributes (e.g. location, date for check-in and check-out,
etc. for a hotel booking task), and for the user to be satisfied, the system is
expected to fulfill the user’s preferences about these task attributes. Figure 7.1
shows an example of USM for task-oriented dialogues.

Effective USM models should have the following abilities: (1) Interpretabil-
ity by giving insights on what aspect of the task the system performs well.
For instance, this can help the system to recover from an error and optimize it
toward an individual aspect to avoid dissatisfaction. (2) Scalability in dealing
with unseen tasks, e.g. the model does not need to retrain when integrating
new tasks. (3) Cost-efficiency for performing well in low-resource settings
where it is often hard to collect and expensive to annotate task-specific data.

Previous work in USM follows two main lines of research. First, several
methods use user behavior or system actions to model user satisfaction. In this
setting, it is assumed that user satisfaction can be reflected by user behaviors or
system actions in task-oriented dialogue systems, such as click, pause, request,
inform [114, 115]. A second approach is to analyze semantic information in
user natural language feedback to estimate user satisfaction, such as sentiment
analysis [7, 120] or response quality assessment [122, 123]. However, both of
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these two lines of work do not take into account the abilities of interpretability,
scalability, and cost-efficiency.

In this paper, we propose a novel approach to USM, referred to as Schema-
Guided User Satisfaction Modeling (SG-USM). We hypothesize that user
satisfaction should be predicted by the fulfillment degree of the users task
goals that are typically represented by a set of task attribute and value pairs.
Therefore, we explicitly formalize this by predicting how many task attributes
fulfill the user’s preferences and how important these attributes are. When
more important attributes are fulfilled, task-oriented dialogue systems should
achieve better user satisfaction.

Specifically, SG-USM comprises a pre-trained text encoder to represent
dialogue context and task attributes, a task attribute fulfillment representation
layer to represent the fulfillment based on the relation between the dialogue
context and task attributions, a task attribute importance predictor to calculate
the importance based on the task attributes popularity in labeled and unlabeled
dialogue corpus, and a user satisfaction predictor which uses task attributes
fulfillment and task attributes importance to predict user satisfaction. SG-USM
uses task attributes fulfillment and task attributes importance to explicitly
model the fulfillment degree of the user’s task goals (interpetability). It uses
an task-agnostic text encoder to create representations of task attributes by
description, no matter whether the task are seen or not (scalability). Finally, it
uses unlabeled dialogues in low-resource settings (cost-efficiency).

Experimental results on popular task-oriented benchmark datasets show
that SG-SUM substantially and consistently outperforms existing methods on
user satisfaction modeling. Extensive analysis also reveals the significance of
explicitly modeling the fulfillment degree of the user’s task goals, the ability to
deal with unseen tasks, and the effectiveness of utilizing unlabeled dialogues.

6.2 Schema-guided User Satisfaction Modeling

Our SG-USM approach formalizes user satisfaction modeling by representing
the user’s task goals as a set of task attributes, as shown in Figure 7.1. The
goal is to explicitly model the degree to which task attributes are fulfilled,
taking into account the importance of the attributes. As shown in Figure 7.2,
SG-USM consists of a text encoder, a task attribute fulfillment representation
layer, a task attribute importance predictor, and a user satisfaction predictor.
Specifically, the text encoder transforms dialogue context and task attributes
into dialogue embeddings and task attribute embeddings using BERT [22]. The
task attribute fulfillment representation layer models relations between the dia-
logue embeddings and the task attribute embeddings by attention mechanism
to create task attribute fulfillment representations. Further, the task attribute
importance predictor models the task attribute popularity in labeled and un-
labeled dialogues by the ranking model to obtain task attribute importance
weights. Finally, the user satisfaction predictor predicts user satisfaction score
on the basis of the task attribute fulfillment representations and task attribute
importance weights using a multilayer perceptron.
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6.2.1 Text Encoder

The text encoder takes the dialogue context (user and system utterances) and
the descriptions of task attributes as input and uses BERT to obtain dialogue
and task attribute embeddings, respectively.

Considering the limitation of the maximum input sequence length of BERT,
we encode dialogue context by each dialogue turn. Specifically, the BERT
encoder takes as input a sequence of tokens with length L, denoted as X =
(x1,...,x1). The first token x; is [CLS], followed by the tokens of the user
utterance and the tokens of the system utterance in one dialogue turn, separated
by [SEP]. The representation of [CLS] is used as the embedding of the dialogue
turn. Given a dialogue with N dialogue turns, the output dialogue embeddings
is the concatenation of all dialogue turn embeddings D = [d;; dy; ...; dy].

To obtain task attribute embeddings, the input is a sequence of tokens
with length K, denoted as Y = {y, ..., yx }. The sequence starts with [CLS],
followed by the tokens of the task attribute description. The representation of
[CLS] is used as the embedding of the task attribute. The set of task attribute
embeddings are denoted as 7" = {ty,to, ..., tps }, where M is the number of
task attributes.

6.2.2 Task Attribute Fulfillment Representation Layer

The task attribute fulfillment representation layer takes the dialogue and task
attribute embeddings as input and calculates dialogue-attended task attribute
fulfillment representations. This way, whether each task attribute can be
fulfilled in the dialogue context is represented.

Specifically, the task attribute fulfillment representation layer constructs
an attention vector by a bilinear interaction, indicating the relevance between
dialogue and task attribute embeddings. Given the dialogue embeddings D
and ¢-th task attribute embedding ¢, , it calculates the relevance as follows,

A; = softmax (exp(D* W,t;)), (6.2.1)

where W, is the bilinear interaction matrix to be learned. A; represents the
attention weights of dialogue turns with respect to the i-th task attribute.
Then the dialogue-attended :-th task attribute fulfillment representations are
calculated as follows,

t9 = DA, (6.2.2)

The dialogue-attended task attribute fulfillment representations for all task
attributes are denoted as:

T = [t 1%, ..., t%,). (6.2.3)

where M is the number of the task attributes.

6.2.3 Task Attribute Importance Predictor

The task attribute importance predictor also takes the dialogue and task at-
tribute embeddings as input and calculates attribute importance scores. The
importance scores are obtained by considering both the task attribute presence
frequency and task attribute presence position in the dialogue.
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First, we use the Maximal Marginal Relevance (MMR) [206] to select
the top relevant task attributes for the dialogue context. The selected task
attributes are then used to calculate the task attribute presence frequency in
the dialogue. The MMR takes the j-th dialogue turn embeddings d; and task
attribute embeddings 7" as input, and picks the top K relevant task attributes
for the j-th dialogue turn:

R; = argmax[Acos(t;, d;) — (1 — A) max cos(t;, tx,)] (6.2.4)
tiGT\U trelU

where U is the subset of attributes already selected as top relevant task at-
tributes, cos() is the cosine similarity between the embeddings. \ trades off
between the similarity of the selected task attributes to the dialogue turn and
also controls the diversity among the selected task attributes. The task attribute
presence frequency vector for the j-th dialogue turn is computed as follows,

Fj = [ Jo j27 ]377fJJVI] (6.2.5)
. 1 7€ Rj
j = 6.2.6

where M is the number of the task attributes.

However, the task attribute presence frequency vector does not reward
task attributes that appear in the beginning of the dialogue. The premise of
task attribute importance score is that task attributes appearing near the end of
the dialogue should be penalized as the graded importance value is reduced
logarithmically proportional to the position of the dialogue turn. A common
effective discounting method is to divide by the natural log of the position:

Fo_ 1

I
= ToaG ) (6.2.7)

The task attribute importance predictor then computes the importance score
on the basis of the sum of the discounted task attribute presence frequency
of all dialogues. Given the dialogue corpus (including both labeled and un-
labeled dialogues) with Z dialogues C' = { Dy, Ds, ..., Dz}, the task attribute
importance scores are calculated as follow:

Z Num(D;)

)
S =softmax(d Y F}) (6.2.8)
=1 j=1

where Num() is the number of the dialogue turn in dialogue D;, and f}z is the
discounted task attribute presence frequency of j-th dialogue turn in dialogue
D;.

6.2.4 User Satisfaction Predictor

Given the dialogue-attended task attribute fulfillment representations 7 and
the task attribute importance scores .S, the user satisfaction labels are obtained
by aggregating task attribute fulfillment representations based on task attribute
importance scores. This way, the user satisfaction is explicitly modeled by the
fulfillment of the task attributes and their individual importance.
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Specifically, an aggregation layer integrates the dialogue-attended task
attribute fulfillment representations by the task attribute importance scores as
follows:

h=1T"S (6.2.9)

Then the Multilayer Perceptron (MLP) [207] with softmax normalization is
employed to calculate the probability distribution of user satisfaction classes:

p = softmax(MLP(h)) (6.2.10)

6.2.5 Training

We train SG-USM in an end-to-end fashion by minimizing the cross-entropy
loss between the predicted user satisfaction probabilities and the ground-truth
satisfaction:

L = —ylog(p) (6.2.11)

where y is the ground-truth user satisfaction. Pre-trained BERT encoders
are used for encoding representations of utterances and schema descriptions
respectively. The encoders are fine-tuned during the training process.

6.3 Experimental Setup

6.3.1 Datasets

We conduct experiments using four benchmark datasets containing task-oriented
dialogue on different domains and languages (English and Chinese), including
MultivOZ2.1 (MWOZ) [91], Schema Guided Dialogue (SGD) [99], Re-
Dial [137], and JDDC [208].

MWOZ and SGD are English multi-domain task-oriented dialogue datasets,
which include hotel, restaurant, flight, etc. These datasets contain domain-slot
pairs, where the slot information could correspond to the task attributes.
ReDial is an English conversational recommendation dataset for movie rec-
ommendation. The task attributes are obtained from the Movie? type on
Schema.org.

JDDC is a Chinese customer service dialogue dataset in E-Commerce. The
task attributes are obtained from the Product® type on Schema.org.cn, which
provides schemas in Chinese.

Specifically, we use the subsets of these datasets with the user satisfaction
annotation for evaluation, which is provided by Sun et al [7]. We also use the
subsets of these datasets without the user satisfaction annotation to investigate
the semi-supervised learning abilities of SG-USM. Table 6.1 displays the
statistics of the datasets in the experiments.

Zhttps://schema.org/Movie
3https://schema.org.cn/Product
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Characteristics | MWOZ  SGD  ReDial  JDDC
Language English  English  English  Chinese
#Dialogues 1,000 1,000 1,000 3,300
#Utterances 12,553 13,833 11,806 54,517
#Avg Turn 23.1 26.7 22.5 323
#Attributes 37 215 128 13
%Sat. Class 27:39:34  22:30:48 23:26:51 23:53:24
#TrainSplit 7,648 8,674 7,372 38,146
#ValidSplit 952 1,074 700 5,006
#TestSplit 953 1,085 547 4,765
#Unlabeled Dialogues | 4,000 4,000 4,000 4,000

Table 6.1: Statistics of the task-oriented dialogue datasets.

Model MWOZ SGD ReDial JDDC
Acc P R F1 Acc P R F1 Acc P R F1 Acc P R F1

HiGRU 446 437 443 437 | 500 473 484 475 | 46.1 444 440 435|597 573 504 520
HAN 39.0 371 371 368 | 477 471 448 449 | 463 400 403 400 | 584 542 501 512
Transformer 428 415 419 417 | 531 483 499 49.1 | 475 449 447 448 | 609 592 534 562
BERT 46.1 455 474 459 | 562 550 537 537 | 536 505 513 500 | 604 598 588 595
USDA 499 492 490 489 | 614 60.1 557 57.0 | 57.3 543 529 534 | 61.8 628 63.7 617
SG-USM-L 50.8* 493 50.2* 49.4* | 62.6* 585 57.2* 57.8*|57.9* 547 530 538 | 625" 62.6 639 62.8*
SG-USM-L&U | 52.3* 50.4* 51.4* 50.9* | 64.7* 61.6* 58.8° 60.2* | 58.4* 55.8* 53.2* 54.5* | 63.3* 63.1" 64.1" 63.5"

Table 6.2: Performance of SG-USM and baselines on various evaluation
benchmarks. Numbers in bold denote the best model performance for a given
metric. Numbers with * indicate that SG-USM model is better than the best-
performing baseline method (underlined scores) with statistical significance
(t-test, p < 0.05).

6.3.2 Baselines and SG-USM Variants

We compare our SG-USM approach with competitive baselines as well as
state-of-the-art methods in user satisfaction modeling.

HiGRU [209] proposes a hierarchical structure to encode each turn in the
dialogue using a word-level gated recurrent unit (GRU) [210] and a sentence-
level GRU. It uses the last hidden states of the sentence-level GRU as inputs
of a multilayer perceptron (MLP) [207] to predict the user satisfaction level.
We reproduce the baselines using their open-source code.

HAN [211] applies a two-level attention mechanism in the hierarchical struc-
ture of HIGRU to represent dialogues. An MLP takes the dialogue representa-
tion as inputs to predict the user satisfaction level. We reproduce the baselines
using their open-source code.

Transformer [182] is a simple baseline that takes the dialogue context as input
and uses the standard Transformer encoder to obtain the dialogue representa-
tions. An MLP is used on the encoder to predict the user satisfaction level. We
reproduce the baselines using their open-source code.

BERT [22] concatenates the last 512 tokens of the dialogue context into a long
sequence with a [SEP] token for separating dialogue turns. It uses the [CLS]
token of a pre-trained BERT models to represent dialogues. An MLP is used
on the BERT to predict the user satisfaction level. We reproduce the baselines
using their open-source code.

USDA [114] employs a hierarchical BERT encoder to encode the whole
dialogue context at the turn-level and the dialogue-level. It also incorporates
the sequential dynamics of dialogue acts with the dialogue context in a multi-
task framework for user satisfaction modeling. We reproduce the baselines
using their open-source code.
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We also report the performance of two simpler SG-USM variants:

SG-USM(L) only uses the dialogues with ground-truth user satisfaction labels
to train the model.
SG-USM(L&U) uses both labeled and unlabeled dialogues in the training
process. It takes the dialogues without user satisfaction annotation as the
inputs of task attribute importance predictor module to obtain more general
and accurate task attribute importance scores.

For a fair comparison with previous work and without loss of generality,
we adopt BERT as the backbone encoder for all methods that use pre-trained
language models.

6.3.3 Evaluation Metrics

Following previous work [114, 212, 213, 120], we consider a three-class
classification task for user satisfaction modeling by treating the rating “</=/>
3” as “dissatisfied/neutral/satisfied”. Accuracy (Acc), Precision (P), Recall
(R), and F1 are used as the evaluation metrics.

A paired t-test is conducted to determine whether there is a significant
difference between our method and the best baseline. We compare our method
with USDA. The significance level (p-value) is set at 0.05.

6.3.4 Training

We use BERT-Base uncased, which has 12 hidden layers of 768 units and
12 self-attention heads to encode the utterances and schema descriptions.
We apply a two-layer MLP with the hidden size as 768 on top of the text
encoders. ReL.U is used as the activation function. The dropout probability
is 0.1. Adam [178] is used for optimization with an initial learning rate of
le-4. We train up to 20 epochs with a batch size of 16, and select the best
checkpoints based on the F1 score on the validation set.

6.4 Experimental Results

6.4.1 Overall Performance

Table 6.2 shows the results of SG-USM on MWOZ, SGD, ReDial, and JDDC
datasets. Overall, we observe that SG-USM substantially and consistently
outperforms all other methods across four datasets with a noticeable margin.
Specifically, SG-USM(L) improves the performance of user satisfaction model-
ing via explicitly modeling the degree to which the task attributes are fulfilled.
SG-USM(L&U) further aids the user satisfaction modeling via predicting
task attribute importance based on both labeled dialogues and unlabeled dia-
logues. It appears that the success of SG-USM is due to its architecture design
which consists of the task attribute fulfillment representation layer and the
task attribute importance predictor. In addition, SG-USM can also effectively
leverage unlabeled dialogues to alleviate the cost of user satisfaction score
annotation.
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Figure 6.2: Performance of SG-USM by ablating the task attribute importance
and task attribute fulfillment components across datasets.

6.4.2 Ablation Study

We also conduct an ablation study on SG-USM to study the contribution of its
two main components: task attribute importance and task attribute fulfillment.

Effect of Task Attribute Importance

To investigate the effectiveness of task attribute importance in user satisfaction
modeling, we eliminate the task attribute importance predictor and run the
model on MWOZ, SGD, ReDial, and JDDC. As shown in Figure 6.2, the
performance of SG-USM-w/olmp decreases substantially compared with SG-
USM. This indicates that the task attribute importance is essential for user
satisfaction modeling. We conjecture that it is due to the user satisfaction
relates to the importance of the fulfilled task attributes.

Effect of Task Attribute Fulfillment

To investigate the effectiveness of task attribute fulfillment in user satisfac-
tion modeling, we compare SG-USM with SG-USM-w/oFul which eliminates
the task attribute fulfillment representation. Figure 6.2 shows the results on
MWOZ, SGD, ReDial, and JDDC in terms of F1. From the results, we can
observe that without task attribute fulfillment representation the performances
deteriorate considerably. Thus, utilization of task attribute fulfillment represen-
tation is necessary for user satisfaction modeling.
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Task Attributes

Doctor: Importance:
= Type: speciality of the doctor.
= (ity: city where the doctor is located.

Dialogue Context

U: I need a doctor.

S: In what city?

U: In New York.

S: Do you want a general practitioner, ophthalmologist, or something else?

U: I'm looking for a gynecologist.

S: Borodulin Tatyana MD, a general practitioner in New York, is a good option.
Ground Truth User Satisfaction Dissatisfied

User Satisfaction Predicted by SG-USM | Dissatisfied

User Satisfaction Predicted by USDA Neural

(a) Example 1

Task Attributes

Travel: Importance:
= (Category: category to which the attraction belongs.
= FreeEntry: whether entrance to attraction is free.

Dialogue Context

U: Would you show me attractions to visit in Philadelphia? I prefer a muscum, and
someplace without an entry fee.

S: Barnes Foundation is an art museum that you may like.

U: Okay. Is it free?

S: No. The ticket for an adult is $25.

U: Sorry, I want a museum without an entry fee.

Ground Truth User Satisfaction Neural
User Satisfaction Predicted by SG-USM | Neural
User Satisfaction Predicted by USDA Satistied

(b) Example 2

Figure 6.3: Case study on SG-USM and USDA on SGD dataset. The yellow
star represents the importance of task attributes. The texts in green are the
users’ preferences for the task attributes. The texts in red are the attributes of
the provided solutions.

Model MWOZ ReDial
Acc P R F1 Acc P R F1
USDA 328 345 322 331 | 254 295 264 273

SG-USM(L) 40.9* 389" 41.3* 40.2* | 30.8* 34.6* 30.7* 32.1*
SG-USM(L&U) | 43.1* 40.9° 43.5* 42.8° | 32.3* 364 32.8* 334"

Table 6.3: Performance of SG-USM and the best baseline USDA on zero-shot
learning ability. All the models are trained on SGD and tested on MWOZ
and ReDial. Numbers in bold denote best results in that metric. Numbers
with * indicate that the model is better than the performance of baseline with
statistical significance (t-test, p < 0.05).
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Figure 6.4: Performance of SG-USM trained with different numbers of unla-
beled dialogues on MWOZ, SGD, ReDial, and JDDC datasets.

6.4.3 Discussion

Case Study

We also perform a qualitative analysis on the results of SG-USM and the best
baseline USDA on the SGD dataset to delve deeper into the differences of the
two models.

We first find that SG-USM can make accurate inferences about user sat-
isfaction by explicitly modeling the fulfillment degree of task attributes. For
example, in the first case in Figure 7.5, the user wants to find a gynecologist in
New York. SG-USM can correctly predict the dissatisfied label by inferring
that the first important task attribute “Type” is not fulfilled. In the second case,
the user wants to find a museum without an entry fee. SG-USM can yield
the correct neural label by inferring that the second important task attribute
“FreeEntry” is not fulfilled. From our analysis, we think that SG-USM achieves
better accuracy due to its ability to explicitly model how many task attributes
are fulfilled and how important the fulfilled task attributes are. In contrast, the
USDA does not model the fulfillment degree of task attributes, thus it cannot
properly infer the overall user satisfaction.
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Dealing with Unseen Task Attributes

We furhter analyze the zero-shot capabilities of SG-USM and the best baseline
of USDA. The SGD, MWQOZ, and ReDial datasets are English dialogue datasets
that contain different task attributes. Therefore, we train models on SGD, and
test models on MWOZ and ReDial to evaluate the zero-shot learning ability.
Table 6.3 presents the Accuracy, Precision, Recall, and F1 of SG-USM and
USDA on MWOZ and ReDial. From the results, we can observe that SG-USM
performs significantly better than the baseline USDA on both datasets. This
indicates that the agnostic task attribute encoder of SG-USM is effective. We
argue that it can learn shared knowledge between task attributes and create
more accurate semantic representations for unseen task attributes to improve
performance in zero-shot learning settings.

Effect of the Unlabeled Dialogues

To analyze the effect of the unlabeled dialogues for SG-USM, we test different
numbers of unlabeled dialogues during the training process of SG-USM. Fig-
ure 6.4 shows the Accuracy and F1 of SG-USM when using 1 to 4 thousand
unlabeled dialogues for training on MWOZ, SGD, ReDial, and JDDC. From
the results, we can see that SG-USM can achieve higher performance with
more unlabeled dialogues. This indicates that SG-USM can effectively utilize
unlabeled dialogues to improve the performance of user satisfaction modeling.
We reason that with a larger corpus, the model can more accurately estimate
the importance of task attributes.

6.5 Summary

User satisfaction modeling is an important yet challenging problem for task-
oriented dialogue systems evaluation. For this purpose, we proposed to ex-
plicitly model the degree to which the user’s task goals are fulfilled. Our
novel method, namely SG-USM, models user satisfaction as a function of
the degree to which the attributes of the user’s task goals are fulfilled, taking
into account the importance of the attributes. Extensive experiments show
that SG-USM significantly outperforms the state-of-the-art methods in user
satisfaction modeling on various benchmark datasets, i.e. MWOZ, SGD, Re-
Dial, and JDDC. Our extensive analysis also validates the benefit of explicitly
modeling the fulfillment degree of a user’s task goal based on the fulfillment of
its constituent task attributes. In future work, it is worth exploring the reasons
of user dissatisfaction to better evaluate and improve task-oriented dialogue
systems.
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Chapter 7

Large Language Model
Empowered End-to-End
Task-Oriented Dialogue Systems

Conversational recommender systems (CRSs) aim to recommend high-quality
items to users through a dialogue interface. It usually contains multiple sub-
tasks, such as user preference elicitation, recommendation, explanation, and
item information search. To develop effective CRSs, there are some challenges:
1) how to properly manage sub-tasks; 2) how to effectively solve different
sub-tasks; and 3) how to correctly generate responses that interact with users.
Recently, Large Language Models (LLMs) have exhibited an unprecedented
ability to reason and generate, presenting a new opportunity to develop more
powerful CRSs. In this work, we propose a new LLM-based agent for CRS,
referred to as CRSAgent, to address the above challenges. For sub-task man-
agement, we leverage the reasoning ability of LLM to effectively manage
sub-tasks. For sub-task solving, we collaborate LLM with expert models of
different sub-tasks to achieve the enhanced performance. For response genera-
tion, we utilize the generation ability of LLM as a language interface to better
interact with users. Specifically, CRSAgent divides the workflow into four
stages: sub-task detection, model matching, sub-task execution, and response
generation. CRSAgent also designs schema-based instruction, demonstration-
based instruction, dynamic sub-task and model matching, and summary-based
generation to instruct LLM to generate desired results in the workflow. Finally,
to adapt LLM to conversational recommendations, we also propose to fine-tune
LLM with reinforcement learning from CRSs performance feedback, referred
to as RLPF. Experimental results on benchmark datasets show that CRSAgent
with RLPF outperforms the existing methods.

7.1 Introduction

With the advancements in conversational intelligence in recent years, conversa-
tional recommender systems (CRSs) have attracted much more attentions [2,
9]. It usually consists of several sub-tasks, including user preference elicitation,
recommendation, explanation, and item information search [214]. Figure 7.1
shows an example of CRSs where a user resorts to the agent for movie sug-
gestions. Combining the users preference elicited through conversational
interactions, the system can offer desired recommendations easily. The sys-
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tem can also answer user’s questions about recommendations such as why to
recommend this item and more information about the item.

I want to find a legal drama. CRS \

Any favorite actors or directors?
I want the male actor as the lead Sub-Task
role. User Preference
: : ~ Elicitati
How about “Suits”? It is a legal @ renation
drama about a brilliant college g'
dropout. u% Sub-Task
Why do you recommend it to g Recommendation §
me? 0e g
It is a legal movie whose lead @ E Sub-Task chb
role is a male. And the story is & Explanation =
fantasy and interesting. =
)
OK, what timeframe is it? © Sub-Task
From 2011-2019. @ Item Information
= Search

Thanks! I like this movie.
Sounds good. K /

Figure 7.1: An example of a conversational recommender system (CRS). A
conversational recommendation typically consists of multiple sub-tasks. A
CRS must have the ability for sub-task management and sub-task resolution.
It also needs to generate responses to interact with users.

To develop more effective CRSs, there are some challenges that need to be
addressed: 1) First, the CRSs need a sub-task manager. Given that multiple
sub-tasks are involved in conversational recommendation in a consistent dialog
interface, the CRSs should effectively decide when to perform which sub-
task. 2) The CRSs need to proficiently address various sub-tasks individually.
The CRSs need to design and optimize for specific sub-tasks, allowing them
to achieve enhanced performance. And 3) the CRSs need to have superior
language generation ability. The CRSs should produce fluent, consistent, and
meaningful responses to the users.

Recently, due to the remarkable understanding and generation capabilities
demonstrated by the Large Language Models (LLMs) [215, 216, 217, 218, 219,
220], new possibilities emerge for creating more powerful CRSs. There are a
few preliminary approaches use LLMs in CRSs, such as using the understand-
ing ability of LLMs to rerank the results of recommendation model [146] and
using the generation ability of LLMs to enhance the generated responses [221]
. However, they cannot conduct sub-task management and they also cannot
effectively address different sub-tasks, resulting in an inferior CRSs.

Inspired by some recent advances that use LLMs for task planning, external
tools plug-in, and generation [222, 223], we propose a novel LLM-based agent
for CRSs, referred to as CRSAgent, which 1) utilizes LLMs to effectively
manage sub-tasks, 2) collaborates LLMs with several expert models of different
sub-tasks to improve sub-task performance; and 3) uses LLM as a language
interface to generate enhanced responses to the users. The first challenge of
CRSAgent is how to define the workflow so that the LLM can simultaneously
enhance sub-task management, facilitate collaboration with expert models,
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and optimize response generation. The second challenge of CRSAgent is
how to effectively instruct LLLM to generate specific and desired outputs to
improve the controllability of the system. The third challenge of CRSAgent is
how to determine the optimal format for interaction with the LLM in the
workflow to enhance the system’s scheduling and collaboration capabilities.
The fourth challenge of CRSAgent is how to adapt LLM to conversational
recommendation data to improve the overall performance of the system.

Specifically, the workflow of CRSAgent is divided into four stages: sub-
task detection, model matching, sub-task execution, and response genera-
tion. Besides, CRSAgent designs different mechanisms to effectively instruct
LLM to generate desired results. 1) It uses schema-based instruction to in-
struct LLLM to understand the characteristics of different sub-tasks. 2) It uses
demonstration-based instruction to instruct LLM to understand the criteria for
sub-task detection. 3) It uses a dynamic sub-task and model matching mech-
anism to instruct LLM to select the suitable expert model from the dynamic
candidate model set. 4) It uses the summary-based generation to instruct LLM
to incorporate all the information of the previous stages to generate responses.
Additionally, the instruction mechanisms are augmented by designed prompts
which are subsequently utilized as the interaction format for CRSAgent to
function effectively. Finally, we propose a new method, referred to as RLPF,
which utilizes reinforcement learning from CRSs performance feedback to
fine-tune LLLMs to adapt to conversational recommendation data to achieve
better performance. RLPF uses recommendation feedback and conversation
feedback as reward signals and uses the REINFORCE [224] method to guide
the learning direction. In order to lead to more stable updates and learning, we
also employ a baseline function to reduce the variance of the estimated reward.

We conduct experiments on two benchmark datasets for conversational
recommendation, which are GoRecDial and TG-ReDial datasets. The experi-
mental results show that CRSAgent substantially outperforms existing methods
on recommendation and also provides a more satisfying natural language in-
teraction. The extensive analysis also reveals the significance of sub-task
management, the impact of cooperating with expert models of sub-tasks, the
efficacy of utilizing reinforcement learning from CRSs performance feedback,
and the effectiveness of instruction mechanisms for LLM.

To sum up, our contributions are as follows:

* We propose a new conversational recommendation agent, referred to
as CRSAgent, which effectively utilizes LLM to address challenges in
CRSs, including sub-task management, proficient sub-tasks handling,
and advanced language generation.

* CRSAgent introduces a novel workflow for conversational recommen-
dation agents, incorporating diverse mechanisms and carefully crafted
prompts to instruct and interact efficiently with LLMs in the context.

* CRSAgent is refined by reinforcement learning from CRSs performance
feedback (RLPF) to get an enhanced performance.

* The experiment results of CRSAgent achieve the best performances
against baselines on recommendation and have better natural language
interaction. Extensive experimental analysis also helps to better under-
stand the advantages of our method.
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Figure 7.2: The framework of CRSAgent. It consists of an LLM as the
controller and numerous expert models as collaborative executors. The LLM
rst detects the sub-task. Then it selects a suitable expert model for the sub-task.
After that, the sub-task is assigned to the expert model to get the results. Finally,
LLM collects the results from the expert model and generates responses to the
user. The Reinforcement Learning from CRSs Performance Feedback (RLPF)
is used to adapt the LLM to CRSs.

7.2 Framework

CRSAgent is a collaborative conversational recommender system that consists
of an LLM as the manager and numerous expert models as collaborative
executors. The workflow of CRSAgent consists of four stages: sub-task
detection, model matching, sub-task execution, and response generation, as
shown in Figure 7.2. Specifically,

1. An LLM first analyzes the dialogue context to detect which sub-task
should be executed for the current dialogue turn based on its knowledge;

2. The LLM distributes the detected sub-task to a suitable expert model
according to the model descriptions;

3. The expert model executes the assigned sub-task on the inference end-

point and returns the execution information and inference results to
LLM;

4. Finally, the LLM summarizes the execution information and inference
results, and generates the response to the user.

7.2.1 Sub-Task Detection

In the first stage of CRSAgent, the LLLM takes the dialogue context as input
and detects which sub-task should be executed for the current dialogue turn.
Complex conversational recommender systems often involve several sub-tasks
and different sub-tasks requiring different sub-task arguments. Schema can be
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Table 7.1: Sub-tasks schema in CRSAgent.

Sub-Task Name | Sub-Task Arguments | Output type
User Preference Elicitation | {category, dialogue context} Text
Recommendation {category, dialogue context} Item
Explanation {item name, dialogue context} Text
Item Detail Search {item name, item attribute} Text

used to provide a uniform template for different sub-tasks. And demonstrations
can also instruct LLM to get better performance. Therefore, to unify differ-
ent tasks and improve the LLM’s understanding of the criteria for sub-task
detection, CRSAgent employs schema-based instruction and demonstration-
based instruction in its prompt design. The prompt is shown in Table 7.2. We
introduce the details in the following paragraphs.

Schema-based Instruction:

Schema can be used to provide a uniform template for different sub-tasks
in the conversational recommender system. CRSAgent designs three slots
in the schema for sub-task detection, which are the sub-task name, sub-task
arguments, and output type:

* Sub-task name: It provides a unique identifier for sub-task detection,
which is used for references to related expert models and their predicted
results. The list of currently supported subtasks of CRSAgent is shown
in Table 7.1.

* Sub-task arguments: It contains the list of required arguments for sub-
task execution. They are resolved from either the dialogue context or
the predicted results of the sub-tasks executed in the previous dialogue
turns. The corresponding arguments for different sub-tasks are shown in
Table 7.1.

* Qutput type: It indicates the type of the outputs of the sub-task. The
corresponding types of outputs for different sub-tasks are shown in
Table 7.1.

Demonstration-based Instruction:

By injecting several demonstrations into the prompts, CRSAgent can allow
the large language model to better understand the criteria for sub-task detection.
Each demonstration is a set of inputs and outputs on sub-task detection, which
are the dialogue context and the expected sub-tasks to be executed. The sub-
task in the demonstrations is represented by schema, which is inferred by
the LLM. Demonstrations can effectively aid CRSAgent in understanding the
criteria for sub-task detection and the semantic meaning of the slots in the
schema.

Benefiting from instruction tuning [225] and reinforcement learning from
human feedback [216], the large language model has the ability to follow in-
structions. CRSAgent provides these schema-based instructions and demonstration-
based instructions to the large language model as high-level instructions for
analyzing the dialogue context and detecting sub-tasks accordingly.
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Table 7.2: The details of the prompt design in CRSAgent. There are some
injectable slots in the prompts, such as Sub-Task List, Sub-Task Schema,
Demonstrations, Dialogue Context, Sub-Task Goal, Expert Models, and Sub-
Task Output. These slots are uniformly replaced with the corresponding text
before being fed into the LLM.

Stage

Prompt

Sub-
Task
Detec-
tion

The Al assistant should analyze the dialogue context to detect which
sub-task should be selected. The sub-tasks include: {{ Sub-Task List
}}. The selected sub-task need to represent by its corresponding sub-
task schema. The sub-task schema is {{ Sub-Task Schema }}. There
are some cases for your reference: {{ Demonstrations }}. The dialogue
context is {{ Dialogue Context }}. From this dialogue context, which
sub-task should be selected? The sub-task MUST be selected from
the above list and represented by the schema.

Model
Match-
ing

The Al assistant should select the most appropriate expert model to
process the sub-task based on the sub-task goal and expert model
description. The sub-task goal is {{ Sub-Task Goal }}. The list of
expert models is {{ [ID, Description] }}. Please select one expert
model. The expert model MUST be selected from the above list and
represented by the ID.

Re-
sponse
Genera-
tion

With the dialogue context and the sub-task results, the Al assistant
needs to generate a response to the user. The dialogue context is {{
Dialogue Context }}. The sub-task results can be formed as: Sub-Task
Name: {{ Sub-Task Name }}, Expert Model: {{ ID, Description }},
and Sub-Task Output: {{ Output }}. Please generate a response to
answer the users request.

95 of 127



7. Large Language Model Empowered End-to-End Task-Oriented Dialogue
7.2. Framework Systems

7.2.2 Model Matching

After detecting the sub-task to be executed, CRSAgent next needs to match the
sub-task and the expert model, that is to say, select an appropriate model from
the candidate expert model set for the sub-task. To make CRSAgent have the
scalability to the candidate expert model set, we propose a dynamic sub-task
and model matching mechanism, which can select a model from the dynamic
candidate expert model set. This practice makes CRSAgent more open and
flexible. The prompt is shown in Table 7.2. We introduce the details in the
following paragraphs.

Dynamic Sub-Task and Model Matching:

To make CRSAgent have incremental expert model access ability, we
approach the matching of sub-tasks and models as matching problem between
sub-task goal and model description, where sub-tasks and expert models are
presented using text in the prompt. When new expert models are added to
the system, we just simply add the new expert model descriptions to the
prompt and analyze the relevance between the new model description and
the sub-task goal. Model descriptions are often provided by the developers,
which contain information on functions, architecture, supported languages,
domains, licensing, and more. This information can help LLM to understand
the functionality of the expert models. Therefore, presenting sub-task using its
goal and presenting expert models using model descriptions in the prompt can
support CRSAgent selecting the suitable model for the sub-task from a set of
candidate expert models.

7.2.3 Sub-Task Execution

Once a sub-task is assigned to a specific expert model, the next step is to
execute the sub-task, i.e., perform the expert model inference process. By
taking the sub-task arguments at the sub-task detection stage as inputs, the
expert model computes the sub-task outputs and then sends them back to the
LLM. Besides, at this stage, to address the expert model availability problem
and data security problem, the expert models should be run on hybrid inference
endpoints, which are online API calls and local inference endpoints.

Hybrid Inference Endpoints:

An ideal scenario is that we only use inference endpoints by online API
calls, which can help to reduce computing resources and save storage space.
However, in some cases, we have to deploy local inference endpoints, for
example when inference endpoints for certain expert models do not exist, the
inference process is time-consuming, or network access is limited. To solve
the above issues and keep the system stable and efficient, CRSAgent pulls and
runs common or time-consuming models locally and the other models online.
Besides, due to the security of the data and user privacy, CRSAgent requests
local inference endpoints with higher priority than online API calls. Only if the
matched expert model is not deployed locally, CRSAgent will run the expert
model by online API calls.

7.2.4 Response Generation

After sub-task execution is completed, CRSAgent enters the response gen-
eration stage. To better instruct LLM to generate the response to the user,
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CRSAgent needs to utilize dialogue context and all the information of the
previous stages, including sub-task detection, model matching, and sub-task
execution as inputs to the LLM. Therefore, we propose a summary-based
generation practice. The prompt is shown in Table 7.2. We introduce the
details in the following paragraphs.

Summary-based Generation:

To incorporate all the information of the previous stages, CRSAgent takes
a summary as inputs of LLM. To make the summary concise, we represent the
summary in a structured format, which includes three attributes as follows,

* Sub-task name: The detected sub-task for current dialogue turn.

» Expert model: The description of the selected expert model for the
detected sub-task.

* Sub-Task output: The inference results of the expert model.

CRSAgent allows the LLM to generate the final responses using the summary
and dialogue context as input. It can effectively incorporate all the information
from the previous stages and the dialogue context, helping to provide more
instructions to the LLM.

7.3 Reinforcement Learning from CRSs Perfor-
mance Feedback

While learning only from prompts is a powerful method for instructing LLM,
it is not sufficient to solve real-world recommendation problems that require a
deeper understanding of dialogue context and recommendation environment.
One potential method to improve the understanding capabilities of LLM is to
use reinforcement learning techniques to fine-tune LLM for conversational
recommendation problems. In this work, we propose Reinforcement Learn-
ing from CRSs Performance Feedback (RLPF), which uses recommendation
performance and response generation performance to guide LLM learning,
resulting in improved overall performance for CRSs.

In the setup of RLPF, the environment is the proposed CRSAgent platform
and the agent is the large language model L parameterized with ©. The
solutions S generated by the LLM can be seen as actions that are used to solve
the conversational recommendation problem. We can use the performance on
that dataset as the reward signal and use reinforcement learning to fine-tune
the LLM. More concretely, to find the optimal solution, we require the LLM
to maximize its expected reward R on the training set 7},,;,, represented by

J(O):
J(@) - ES"’L(Ttrainle) [R] (731)

The reward R is composed of the recommendation evaluation metric HIT [226]
and the response generation evaluation metric BLEU [100] with balance pa-
rameter \. Here is a preliminary attempt to demonstrate the effectiveness of
RLPF learning framework. In future work, we can also explore more other
evaluation metrics.

R = X\ -HIT + (1 — \) - BLEU. (7.3.2)
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Since the reward signal R is non-differentiable, we need to use a policy gradient
method to iteratively update O. In this work, we use the REINFORCE [224]
method to update the parameters as follows,

V@J(@) = Ep(s‘e) [V@ log P(S|@) : fR]. (7.3.3)
An empirical approximation of the above quantity as follows,
1
Vol (O) ~ > Velog P(S]0) - R. (7.3.4)

’ Ttrain ‘ teTt'm,in

The above update is an unbiased estimate for the gradient but has a very high
variance. In order to reduce the variance of this estimate, following previous
work [227], we employ a baseline function b, which is a moving average of
the previous reward signals:

Vo (@)~ —— Y VelogP(S|0)- (R—b(S)). (135

|Tt7u7:n| teTt'ruin
The RLPF approach can effectively refine the large language models to

recommendation and response generation, leading to a significant improvement
for CRSs.

7.4 Experiments

7.4.1 Dataset

We conduct the experiments using the benchmark datasets on conversational
recommendation, namely GoRecDial [228] and TG-ReDial [140]. The intro-
duction of the datasets is as follows.

* GoRecDial: It is a conversational recommendation dataset released by
Kang et al. [228]. This dataset was constructed using ParlAl [229] to
interface with Amazon Mechanical Turk (AMT)'. To reflect the movie
preferences of real users, this dataset built the pool of recommendation
movies using the MovieLens dataset?, comprising 27M ratings applied
to 58K movies by 280K real users. To obtain the movie information,
they obtained the descriptive text for each movie from Wikipedia® and
extracted entity-level features (e.g., directors, actors, year) using the
MovieWiki dataset [230]. The statistics of GoRecDial are presented in
Table 7.3.

* TG-ReDial: It is a conversational recommendation dataset released by
Zhou et al. [140]. The conversation was created in a semi-automatic way
by involving reasonable and controllable human annotation efforts [231].
The movie watching records was collected from real users on Douban*
website. The dataset contains 1,482 users and 202.7 watching records
for each user on average. The movie information was extracted from
movie tags on Douban (e.g. genre, director, and starring). The statistics
of TG-ReDial are presented in Table 7.3.

Thttps://www.mturk.com/
Zhttps://grouplens.org/datasets/movielens/
3https://dumps.wikimedia.org/
“https://www.douban.com/
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Table 7.3: Statistics of GoRecDial and TG-ReDial in the experiments.

Characteristics GoRecDial TG-ReDial
#Dialogues 9,125 10,000
#Utterances 170,904 129,392
Avg turn per dialogue 9.3 6.5
Avg token per utterance 8.4 19.0
#ltem 5,300 33,834

7.4.2 Baselines

Following [140, 141, 139], we evaluate the superiority of our method by
considering the following representative baselines:

 BERT [22]: It is a bidirectional language model pre-trained via the
masked language modeling task on a large-scale general corpus. We
utilize the representation of the [CLS] token for recommendation. We
reproduce the baseline using their open-source code.

* GPT-2 [44]: It is an autoregressive language model pre-trained via the
language modeling task on large-scale general corpora. We take the
generated text of the language model for response and use the represen-
tation of the last token for recommendation. We reproduce the baseline
using their open-source code.

* ReDial [137]: It includes a conversation module based on sequence-to-
sequence learning and a recommendation module based on a denoising
auto-encoder. We reproduce the baseline using their open-source code.

e KBRD [139]: It utilizes a knowledge graph to enhance the semantics of
contextual items or entities for recommendation. The dialog generation
module is based on the Transformer [182] architecture. We reproduce
the baseline using their open-source code.

* KGSF [141]: It incorporates both word-oriented and entity-oriented
knowledge graphs to enhance the performance of conversational recom-
mendation. We reproduce the baseline using their open-source code.

* TG-ReDial [140]: It adopts BERT to encode the historical utterances to
model the dialogue topic, and leverages graph neural networks for topic-
guided item recommendation and response generation. We reproduce
the baseline using their open-source code.

7.4.3 Evaluation Measures

Following existing work [140, 141, 139], we adopt different metrics to evaluate
the performance of recommendation and conversation.

For the recommendation, we develop ranking-based metrics for measuring
the ranking performance of the generated recommendation lists, which include
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HITQFk [226], M RRQF [232], and N DCGQF [233] (k =1, 10, and 50). We
give the precise definition of these metrics as follows.

{j € Rulr; =1}
14 ’

HITQk = (7.4.1)

where 7, is the top & ranking list, and r; is the relevance score of item j.

]_ .
MRRGk = — -
N jem, rank;

(7.4.2)

where N is the number of test users, 7; is the relevance score of item j, and
rank; is the position of an item j in the top % ranking list 2.

k 2mi 1
pDOGak =S - 743
jZ::I loga(1+ 7) ( )
DCGQk

where r; is the relevance score of item j, and I DCG is the DC'G score for the
most ideal ranking.

For the conversation, we use both relevance-based and diversity-based
evaluation metrics to measure the performance of generated responses. The
relevance-based metrics include BLEU [100] which measure the similarity
between ground truth and generated responses from the perspective of proba-
bility. The diversity-based metrics are Distinct [234], measuring the number
of distinct in the generated responses.

A paired t-test is conducted to determine whether there is a significant
difference between our method and the best baseline. We compare our method
with TG-ReDial. The significance level (p-value) is set at 0.05.

7.4.4 Implementation Details

For fair comparisons, we implement all the baselines and CRSAgent by the
open-source toolkit CRSLab’ [235]. The hyper-parameter settings of the
baselines follow the default settings on CRSLab, which reaches the best per-
formances. The data preprocessing is also consistent with that of CRSLab,
ensuring a fair and equitable comparison. The expert models we use in CR-
SAgent are the state-of-the-art methods for each task. Specifically, for the user
preference elicitation task, we use KBRD [139] and KGSF [141] methods; for
the recommendation task, we use TG-ReDial [140] method; for the explanation
task, we use KBRD [139] and KGSF [141] methods; for the item detail search
task, because the results are searched directly from the database, we do not use
any expert models.

In addition, we employ our system using two open-source large language
models, which are Flan-T5-Large [chung2022scaling] and LLaMA-7b [220].

* Flan-TS: It is a series of language models developed by Google. It is
fine-tuned using instruction-tuning, which allows them to have good
performance on a variety of tasks. In our work, we use Flan-T5-Large,
which has 770 million parameters.

>https://github.com/RUCAIBox/CRSLab
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* LLaMA: It is a lightweight, open-source language model developed by
researchers at Meta. It is designed to be efficient and performant. In our
work, we use LLaMA-7b, which has 7-billion parameters.

Moreover, we use the Adam [178] optimizer to update the parameters. The
learning rate and the weight decay rate are set to be Se-5 and 0.01, respectively.
The batch size is 1. The max source sequence length and the max target
sequence length are 512 and 100, respectively. We train the model on eight
NVIDIA GeForce RTX 2080-12GB GPUs and the training time is around 36h.

7.5 Experimental Results and Discussion

7.5.1 Overall Performance

Tables 7.4, 7.5, 7.6, and 7.7 show the performance of CRSAgent as well as the
baselines of recommendation and conversation on GoRecDial and TG-ReDial
datasets respectively. It is shown that CRSAgent achieves state-of-the-art per-
formance in the recommendation which is the most important performance for
CRSs. All improvements observed compared to the baselines are statistically
significant according to two sided paired t-test (p < 0.05). And CRSAgent
can also provide a more satisfying language interface compared to the state-
of-the-arts. The performance of CRSAgent on relevance-based conversation
evaluation metric is similar to the baselines. Most notably, CRSAgent can
significantly improve the performance of the diversity-based evaluation metric
on the conversation. It indicates that CRSAgent can keep the consistency with
the ground truth dialogue and also generate more diversity and informative
responses to the user, resulting in the improved interaction between the user
and the system. We conjecture that the overall good performance of CRSAgent
is due to it containing the LLM, which has exhibited exceptional ability in task
planning, tool interaction, language understanding, and language generation.
The following analysis provides a better understanding of our models strengths.

7.5.2 Ablation Study

We conduct an ablation study on CRSAgent to quantify the effects of three
factors: the usage of sub-task management, the cooperation with the expert
models, and the usage of the reinforcement learning from CRSs performance
feedback. The results indicate that all above factors of CRSAgent are indis-
pensable for conversational recommendation.

Effect of the usage of sub-task management

To investigate the effectiveness of sub-task management, we compare CR-
SAgent with CRSAgent-w/o M which eliminates the sub-task management
in the system. CRSAgent-w/o M only interacts with one expert model TG-
ReDial and generates responses based on the outputs of TG-ReDial, no matter
which sub-task the current dialogue should solve. Figure 7.3 and 7.4 show
the results of CRSAgent-w/o M on GoRecDial and TG-ReDial datasets in
terms of HIT@10, MRR@10, NDCG@ 10, BLEU-1, and Distinct-1. From the
results, we can observe that without sub-task management, the performances
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Table 7.4: Performance of CRSAgent and baselines for recommendation on
GoRecDial. Numbers in bold denote the best results in that metric. CRSAgent
significantly improves over the best baseline (two-sided paired t-test, p <
0.05).

Model ‘ HIT@1 HIT@10 HIT@50 | MRR@1 MRR@10 MRR@50 ‘ NDCG@1 NDCG@10 NDCG@50
BERT 0.0458  0.2212 0.4827 0.0458 0.0905 0.1024 0.0458 0.1212 0.1780
GPT-2 0.0111 0.1095 0.2927 0.0111 0.0305 0.0376 0.0111 0.0484 0.0866
ReDial 0.0483  0.2185 0.4599 0.0483 0.0948 0.1123 0.0483 0.1295 0.1805
KBRD 0.0581 0.2268 0.4626 0.0581 0.1037 0.1150 0.0581 0.1326 0.1848
KGSF 0.0592  0.2603 0.5374 0.0592 0.1074 0.1206 0.0592 0.1429 0.2042
TG-ReDial 0.0519  0.2853 0.5496 0.0519 0.1138 0.1267 0.0519 0.1539 0.2129
CRSAgent (Flan-T5) | 0.0612  0.3022 0.5714 0.0612 0.1253 0.1501 0.0612 0.1723 0.2286
CRSAgent (LLaMA) | 0.0635  0.3031 0.5718 0.0635 0.1296 0.1518 0.0635 0.1783 0.2290

Table 7.5: Performance of CRSAgent and baselines for recommendation on
TG-ReDial. Numbers in bold denote the best results in that metric. CRSAgent
significantly improves over the best baseline (two-sided paired t-test, p <
0.05).

Model ‘ HIT@1 HIT@10 HIT@50 | MRR@1 MRR@10 MRR@50 ‘ NDCG@1 NDCG@10 NDCG@50
BERT 0.0072  0.0049 0.0281 0.0072 0.0106 0.0124 0.0049 0.0147 0.0239
GPT-2 0.0021 0.0192 0.0421 0.0021 0.0051 0.0082 0.0021 0.0102 0.0187
ReDial 0.0028  0.0249 0.0533 0.0028 0.0073 0.0104 0.0028 0.0112 0.0203
KBRD 0.0040  0.0254 0.0588 0.0040 0.0089 0.0103 0.0040 0.0127 0.0198
KGSF 0.0053  0.0285 0.0771 0.0053 0.0114 0.0135 0.0053 0.0154 0.0259
TG-ReDial 0.0079  0.0251 0.0524 0.0079 0.0122 0.0134 0.0079 0.0152 0.0211
CRSAgent (Flan-T5) | 0.0084  0.0302 0.0792 0.0084 0.0128 0.0138 0.0084 0.0159 0.0261
CRSAgent (LLaMA) | 0.0086  0.0308 0.0791 0.0086 0.0130 0.0139 0.0086 0.0162 0.0263

Table 7.6: Performance of CRSAgent and baselines for conversation on GoRec-
Dial. Numbers in bold denote the best results in that metric. CRSAgent
significantly improves over the best baseline on Distinct (two-sided paired
t-test, p < 0.05).

Model \ BLEU-1 BLEU-2 Distinct-1 Distinct-2
GPT-2 0.0120 0.0020 0.0219 0.1542
ReDial 0.0421 0.0035 0.0044 0.0124
KBRD 0.0782 0.0068 0.0081 0.0235
KGSF 0.0467 0.0037 0.0078 0.0124
TG-ReDial 0.0226 0.0046 0.0120 0.0960
CRSAgent (Flan-T5) | 0.0528 0.0050 0.1659 0.2944
CRSAgent (LLaMA) | 0.0601 0.0057 0.1590 0.2903
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Table 7.7: Performance of CRSAgent and baselines for conversation on TG-
ReDial. Numbers in bold denote the best results in that metric. CRSAgent
significantly improves over the best baseline on Distinct (two-sided paired
t-test, p < 0.05).

Model \ BLEU-1 BLEU-2 Distinct-1 Distinct-2
GPT-2 0.0858 0.0119 2.3500 4.6200
ReDial 0.0570 0.0044 0.0041 0.0070
KBRD 0.2670 0.0458 0.4690 1.5000
KGSF 0.3830 0.1150 0.3400 0.9100
TG-ReDial 0.1250 0.0204 0.8810 1.7500
CRSAgent (Flan-T5) | 0.3011 0.1021 2.4231 4.8332
CRSAgent (LLaMA) | 0.3123 0.1088 2.4128 4.8023

of recommendation and conversation deteriorate considerably. It indicates that
sub-task management, which effectively detects when to do which sub-task,
can better understand the process of conversation and improve the overall
performance of CRSs.
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Figure 7.3: Ablation study of CRSAgent with respect to the sub-task manage-
ment, expert models, and RLPF on GoRecDial dataset.

Effect of Cooperation with Expert Models

To validate the effectiveness of incorporating with the expert models, we
employ each sub-task with the LLLM instead of using expert models. For user
preference elicitation, explanation, and item information search, we directly
take the dialogue context as input of LLM and then use the responses generated
by the LLLM as results. For recommendation, due to the candidate item set being
huge, it is hard to take all of it as input of LLM. Therefore, we first calculate
the concise similarity of the item and dialogue by BERT [22] and select the
top 50 relevant items based on the similarity score. Then, LLM takes the small
set of candidates, similarity scores, and dialogue context as input to predict the
recommendation. Figure 7.3 and 7.4 show the results of CRSAgent-w/o E on
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Figure 7.4: Ablation study of CRSAgent with respect to the sub-task manage-
ment, expert models, and RLPF on TG-ReDial dataset.

GoRecDial and TG-ReDial datasets. We can see that the performance of the
CRSAgent-w/o E in terms of HIT@10, MRR@ 10, NDCG@10, BLEU-1, and
Distinct-1 decreases significantly compared with CRSAgent. It indicates that
cooperation with expert models can help CRSAgent to have a bridge between
LLM and the task-specic models, allowing for effective knowledge transfer
and improved performance. In addition, the plug-in expert model mechanism
also supports dynamically adding new expert models in the system, which
enhances the scalability and flexibility of CRSs.

Effect of RLPF

To analyze the effectiveness of reinforcement learning from CRSs perfor-
mance feedback (RLPF), we compare the performance of CRSAgent with
CRSAgent-w/o RL which eliminates the reinforcement learning mechanism
in the system. Figure 7.3 and 7.4 show the results of CRSAgent-w/o RL
and CRSAgent on GoRecDial and TG-ReDial datasets in terms of HIT@ 10,
MRR @10, NDCG@ 10, BLEU-1, and Distinct-1. One can observe that with-
out RLPF, the performances deteriorate considerably. The RLPF mechanism
effectively renes the LLMs recommendation ability and response generation
strategy, resulting in an enhanced and more adaptive CRS. We think that it is
due to only relying on the input text for learning is insufcient for LLM when
solving the conversational recommendation problem. Performance feedback
can offer valuable supplementary information that steers the learning trajectory
of LLMs, enabling them to furnish more precise recommendations and gener-
ate more fitting responses. In addition, the absence of RLPF results in a more
pronounced decline in the performance of TG-ReDial compared to ReDial.
We speculate that this phenomenon arises from the fact that conversations in
TG-Redial are structured using predefined topic threads. Consequently, CRSs’
ability to adapt to specific topics becomes crucial for achieving improved
performance. This phenomenon further demonstrates the superior adaptability
of RLPF.
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Table 7.8: Effectiveness of the mechanisms to instruct LLM in CRSAgent.
Numbers in bold denote the best results.

Model ‘ HIT@10 MRR@10 NDCG@10 BLEU-1 Distinct-1

CRSAgent (Flan-T5) 0.3022 0.1253 0.1723 0.0528 0.1659
-w/o SI 0.2963 0.1228 0.1674 0.0412 0.1588
-w/o DI 0.3003 0.1236 0.1692 0.0474 0.1602
-w/o SG 0.2992 0.1235 0.1691 0.0460 0.1591

7.5.3 Mechanisms to Instruct LLM

The mechanisms to instruct LLM include schema-based instruction, demonstration-
based instruction, dynamic sub-task and model matching, and summary-based
generation. Due to the limited number of expert models we can access, we
do not analyze the dynamic sub-task and model matching mechanism. Our
analysis mainly focuses on the remaining three mechanisms. We compare
CRSAgent with CRSAgent-w/o SI which removes the task schema description
in the prompt, CRSAgent-w/o DI which eliminates the demonstrations in
the prompt, and CRSAgent-w/o SG which directly generates responses from
the execution results of the expert models instead of the structured summary
text. Table 7.8 shows the results of these methods on GoRecDial in terms of
HIT@10, MRR@10, NDCG@10, BLEU-1, and Distinct-1. From the results,
we can observe that without any mechanism in the prompts, the performances
of recommendation and conversation deteriorate considerably. We conjecture
that it is due to:

1. the schema-based instruction can unify different tasks in the same for-
mat to better guide LLM to detect different tasks and also facilitate
knowledge sharing among tasks;

2. the demonstration-based instruction can condition on the in-distribution
conversational recommendation demonstration to make the conversa-
tional recommendation task closer to an LLM, and demonstrations can
also keep the format of the input-label pairs;

3. the summary-based generation can integrate all the information from
the previous stages and provide global instruction to LLLM for improved
response generation.

7.5.4 Case Study

We make the qualitative analysis on the results of CRSAgent and the baselines
TG-ReDial on GoRecDial datasets. We find that CRSAgent can provide
accurate recommendations and generate more informative responses. For
example in Figure 7.5, CRSAgent can coordinate the results of expert models
in the previous turns on user preference elicitation task, which are "Robert
Zemeckis / Scorsese" and "Dramas" to recommend "Schindler’s list" to the
user. CRSAgent can also leverage the language understanding and generation
ability of LLM to generate more informative and interpretative responses,
such as " It is a fantastic drama", "Its story is well-crafted, and the ending
is unexpected". In contrast, TG-ReDial makes a wrong recommendation.
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U: I love a lot of different kinds of movies. Dramas
and comedy are good.

S: Do you have a particular director that you enjoy?
U: Robert Zemeckis is good as well as Scorsese.

S: Do you tend to like war dramas?

U: Dramas.

Ground Truth: Recommend Schindler’s list. It

seems similar to Scorsese in terms of director styles.
And you like dramas.

TG-ReDial: Recommend Little Miss Sunshine. The
director is similar to the Scorsese.

CRSAgent: Recommend Schindler’s list. It’s
directorial style appears to be most similar to
Scorsese’s. And it is a fantastic drama. It’s story is
well-crafted, and the ending is unexpected.

Dialogue

Response

Figure 7.5: Case study of CRSAgent

One potential explanation is that TG-ReDial lacks the ability to manage sub-
tasks and offer solutions tailored to specific sub-tasks. Therefore, it can not
accurately extract user preferences and provide accurate recommendations.
Besides, the conversation ability of TG-ReDial is inferior to the LLM, which
cannot generate more informative and natural responses.

7.6 Summary

We have proposed a new LLM-based agent for conversational recommender
systems, referred to as CRSAgent. It uses LLM to better manage sub-tasks,
effectively cooperate with expert models, and generate improved responses.
The workflow of CRSAgent includes sub-task detection, model matching, sub-
task execution, and response generation. At each stage, instruction learning
and context learning are used to instruct LLM to perform accuratly. We
also use reinforcement learning from CRSs performance feedback to refine
LLM to provide more accurate recommendation and generate more suitable
responses. CRSAgent is a controllable and adaptable system for conversational
recommendations. Experimental results show that CRSAgent significantly
outperforms the state-of-the-art methods in CRSs on the benchmark datasets
of GoRecDial and TG-ReDial. Finally, we also note that the recent rapid
development of LLMs has brought a huge impact on academia and industry.
We also expect the design of our model can inspire the whole community and
pave a new way for LLMs towards the recommendation.
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Chapter 8

Future Work

As task-oriented dialogue systems (TDS) become increasingly integrated into
various domains such as customer service, healthcare, finance, and education,
their evolution is guided by the need to address several fundamental challenges.
These challenges include trustworthiness, tool usage, reasoning, robustness,
and efficiency. Below, we expand on each of these areas with a detailed
description of potential directions for future research and development:

1. Trustworthiness

Trust is one of the most significant factors affecting the adoption and
long-term use of task-oriented dialogue systems. Users need to trust that the
system will provide reliable, accurate, and relevant information. Future re-
search can focus on the following areas to build more trustworthy systems: 1)
Fact-Checking and Verifiability: Designing systems that can verify responses
against trusted databases or sources in real-time to ensure accuracy. 2) Bias Mit-
igation: Reducing biases in responses by improving training datasets and using
techniques like adversarial debiasing and explainable Al. 3) Transparency:
Providing users with explanations for the systems actions or recommendations
to build trust and understanding. 4) Data Privacy: Ensuring that user data
is securely handled and protected, especially in applications requiring per-
sonal information, by incorporating federated learning and robust encryption
methods.

2. Tool Usage

Task-oriented dialogue systems are often required to interact with external
tools and services to complete tasks. These tools could range from simple
APIs to complex multi-modal systems (e.g., booking flights, making purchases,
querying databases, or controlling smart home devices). The following ar-
eas need attention in future work: 1) Dynamic Tool Integration: Developing
frameworks that allow systems to connect with APIs, plugins, or external
databases dynamically during interactions. 2) Multi-Modal Interactions: En-
abling systems to interact with tools that process various data types, such
as images, audio, and structured data, to provide richer responses. 3) Error
Recovery: Building mechanisms to detect and recover from errors in tool inter-
actions, ensuring seamless user experiences. 4) Personalization: Leveraging
tools to customize interactions based on user preferences, history, or real-time
contextual data.

3. Reasoning

Effective reasoning is a fundamental capability for task-oriented dialogue
systems, particularly when handling complex, multi-step tasks. Current sys-

107 of 127



8. Future Work

tems often struggle to perform deep reasoning over extended dialogues. Future
work in reasoning could address the following aspects: 1) Multi-Step Rea-
soning: Equipping systems with the ability to solve multi-step problems by
maintaining context and breaking tasks into manageable sub-tasks. 2) Hybrid
Reasoning Models: Combining neural network-based reasoning with sym-
bolic reasoning approaches to enable better handling of logic-based queries
and complex workflows. 3) Contextual Understanding: Enhancing the ability
to infer user intentions from implicit cues and long-term conversation his-
tory. 4) Knowledge Augmentation: Integrating external knowledge graphs
and dynamic reasoning modules to provide more comprehensive and accurate
responses.

4. Robustness

Task-oriented dialogue systems must be robust enough to handle a wide
variety of inputs, including noisy, ambiguous, or incomplete queries. Build-
ing robustness into these systems will ensure they can operate effectively in
real-world environments. Future research could address the following: 1) Ad-
versarial Testing: Creating robust testing frameworks to simulate challenging
and adversarial user inputs, helping to identify vulnerabilities. 2) Error Han-
dling: Improving the system’s ability to recognize its limitations and gracefully
handle ambiguous or incomplete queries by asking clarifying questions.3)
Domain Generalization: Developing systems that can generalize effectively
across different domains with minimal retraining or fine-tuning. 4) Noisy Input
Handling: Enhancing the systems ability to process and respond to noisy or
colloquial language, improving usability for diverse user demographics.

5. Efficiency

As dialogue systems become more complex, ensuring their efficiency
in terms of computational resources, memory usage, and response time is
crucial. Efficient systems can lower operational costs and provide faster
responses, enhancing the user experience. Future research could include:
1) Model Optimization: Designing lightweight architectures and leveraging
techniques like pruning, quantization, and distillation to reduce computational
demands. 2) Energy Efficiency: Implementing green Al practices to minimize
the energy consumption of training and deploying large-scale models. 3) On-
Device Processing: Developing models that can operate efficiently on edge
devices, reducing dependency on cloud-based infrastructure. 4) Few-Shot and
Continual Learning: Exploring methods to reduce the need for large-scale
retraining, enabling systems to adapt quickly to new tasks or domains with
minimal data.
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Chapter 9

Conclusion

In conclusion, this thesis has provided a comprehensive examination of var-
ious methodologies for integrating knowledge into task-oriented dialogue
systems (TDS), highlighting both the opportunities and challenges associ-
ated with pipeline and end-to-end approaches. We have critically assessed
the limitations of existing methods in integrating domain-specific knowledge,
as well as common sense knowledge, into dialogue systems, a critical as-
pect for improving the systems ability to handle complex, real-world tasks.
Through the exploration of schema-guided natural language understanding
(NLU), relation-guided NLU, document-guided natural language generation
(NLG), schema-guided user state modeling (USM), and large language model
(LLM)-empowered end-to-end methods, we have demonstrated the potential
of leveraging diverse forms of knowledge to substantially enhance system
performance across various tasks.

Each of the methodologies discussed has shown distinct advantages in dif-
ferent scenarios, with schema-guided approaches providing structured and effi-
cient ways to incorporate domain-specific knowledge, and LLM-empowered
end-to-end models enabling more flexible and adaptive responses based on a
broader understanding of language and context. The experimental evaluations
presented throughout this thesis have validated these approaches, confirming
their effectiveness in improving system accuracy, coherence, and relevance
when interacting with users. These methodologies contribute to the continued
advancement of task-oriented dialogue systems, offering valuable insights
into how knowledge integration can drive more robust, context-aware, and
user-friendly systems.

Looking ahead, the future of task-oriented dialogue systems lies in the
development of more intelligent, adaptive, and user-centric systems that can
efficiently assist users in completing tasks across a wide variety of domains
and contexts. The evolution of such systems will require advancements in
their ability to handle ambiguity, context shifts, and multi-turn dialogues with
greater flexibility and accuracy. Addressing the research challenges outlined
in this thesissuch as improving knowledge integration, enhancing reasoning
capabilities, and increasing system transparencywill be crucial to achieving
these goals. Moreover, with growing attention on the ethical implications of Al,
future systems must be designed to ensure fairness, privacy, and accountability,
aligning with broader societal values.

By focusing on these research directions, we can lay the groundwork for
the next generation of task-oriented dialogue systemssystems that are not only
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more capable and versatile but also ethically responsible and better equipped
to meet the diverse needs of users. These advancements hold the potential to
revolutionize how users interact with Al, enabling more personalized, efficient,
and seamless assistance across a wide range of applications, from customer
support to healthcare and beyond.
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