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Abstract

This thesis, titled presents an extensive study aimed at improving the efficacy of

language models in situations characterized by limited data resources, a prevalent

challenge in the field of natural language processing (NLP). The research empha-

sizes the development and refinement of data-efficient methods, which are essential

for enhancing the robustness and functionality of language models in environments

with scarce data resources.

At the heart of this thesis is the investigation of novel data augmentation ap-

proaches designed to enrich the training dataset. These include the creation of

synthetic data through advanced algorithms, which generate realistic and varied

linguistic examples to augment the training corpus without necessitating manual

data annotation. Additionally, the study introduces techniques for semantic data

transformation that modify existing data in semantically meaningful ways, thereby

exposing models to a diverse range of linguistic structures and contexts.

The research also addresses the utilization of these data augmentation methods to

improve language models’ resilience to overfitting, a frequent issue in low-resource

settings. By diversifying and enriching the training dataset, the models achieve

enhanced generalization capabilities, resulting in improved performance on new,

unseen data.

Further, the thesis explores the integration of these data augmentation techniques

with current NLP models, highlighting the synergistic advantages of combining

innovative data enrichment methods with cutting-edge language models. This in-

tegration not only increases model robustness but also broadens the models’ ap-

plicability to a more diverse array of languages and dialects, especially those with

sparse data.
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Moreover, in the era of Large Language Models (LLMs), this thesis explores algo-

rithms that leverage LLMs’ intrinsic abilities to comprehend and generate contex-

tually appropriate augmentations, thus enriching training data while maintaining

its quality.

The empirical results presented in this thesis demonstrate the effectiveness of the

proposed data augmentation techniques. These results reveal substantial enhance-

ments in model accuracy, resilience, and generalization across various NLP tasks,

including sentiment analysis, named entity recognition, part of speech tagging,

relation extraction, and task-oriented dialogue systems.

In summary, this thesis makes a significant contribution to NLP by introducing

innovative data-efficient methods that bolster the resilience of language models

in low-resource scenarios. The research findings and methodologies pave the way

for future studies in enhancing language model robustness, thereby expanding the

reach of NLP technologies to a broader spectrum of languages and applications.

The thesis concludes by identifying and discussing several promising avenues for

future research in this domain.
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Chapter 1

Introduction

The realm of artificial intelligence has witnessed a paradigm shift with the advent

and proliferation of deep learning [1]. At the core of this revolution are neural net-

work models [2, 3], intricate architectures composed of multiple layers of nonlinear

functions. These models, drawing inspiration from the biological neurons in animal

brains [4], have demonstrated unparalleled proficiency in modeling complex func-

tions and phenomena [5]. Their versatility and expressiveness have been pivotal

in their widespread application across various domains, including natural language

processing (NLP) [6], computer vision (CV) [7], speech recognition [8], and even

drug discovery [9]. Such expansive applications underscore the transformative im-

pact of these neural network models in the landscape of computational technology

and research.

The past decade has seen significant strides in computer hardware, particularly in

the application of graphic processing units (GPUs), enabling more efficient training

of large-scale neural models. These advancements have led neural model-based

methods to achieve state-of-the-art performance in a multitude of tasks. Unlike

traditional statistical methods, which rely heavily on manually crafted features

and rules [10, 11], neural models function as automatic feature extractors, adept

at distilling relevant information from complex datasets [12]. This shift towards

automation has redefined the approaches to information processing, making neural

models an invaluable tool in the arsenal of modern computing.

However, the high performance of neural models comes with its own set of chal-

lenges [13]. Their tendency to be over-parameterized makes them susceptible to

1
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overfitting, particularly when exposed to noise or irrelevant features [14]. This

over-parameterization necessitates a substantial volume of labeled training data

to optimize performance. The collection and annotation of such data is often a

resource-intensive process, both in terms of time and cost. This dependency on

large datasets poses significant hurdles in low-resource scenarios, where data avail-

ability is limited.

Recognizing this challenge, the research community has increasingly focused on

enhancing the robustness of neural models in low-resource settings [15]. Several

strategies have been proposed to mitigate the risk of overfitting, including the im-

plementation of various regularization techniques, the adoption of semi-supervised

learning approaches to utilize unlabeled data more effectively, and the application

of transfer learning to leverage knowledge from other datasets or tasks [16].

This thesis aims to contribute to this burgeoning field of study. We explore inno-

vative methods to enhance the robustness and efficiency of neural models, particu-

larly in the context of natural language processing under low-resource conditions.

Our objective is to develop techniques that enable these models to maintain high

performance with minimal reliance on extensive labeled datasets, thereby paving

the way for more accessible and sustainable applications in various domains. The

forthcoming chapters will delve into the specifics of these methods, their implemen-

tation, and the impact they promise in advancing the field of AI in low-resource

environments.

In the subsequent sections of this introduction, we will initially explore the driving

forces and goals behind our study (Section 1.1), followed by a brief overview of the

key achievements from our finished research projects (Section 1.2). To conclude,

the structure of this thesis will be delineated in Section 1.3.

1.1 Motivations and Objectives

As previously discussed, there is a wide array of strategies put forward in past

research aimed at decreasing dependence on extensive datasets and enhancing the

resilience of neural models in environments with limited resources [17]. These

strategies predominantly encompass techniques to minimize overfitting, as well as

semi-supervised and transfer learning approaches. Methods to mitigate overfitting
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can be further divided into categories such as data augmentation, label smoothing,

regulating model parameters, controlling hidden representations, hybrid methods,

among others.

Data augmentation has emerged as a notably effective method, particularly in the

realm of image processing[13]. Nonetheless, its application in Natural Language

Processing (NLP) poses greater challenges due to its vulnerability to noise and the

potential for even minor word replacements to alter an entire sentence’s meaning

[16]. Therefore, the development of more efficient data augmentation techniques

for NLP, especially for detailed tasks like sequence tagging, is urgently needed.

Moreover, as fine-tuning pre-trained neural models becomes increasingly standard

for various natural language and image processing tasks, new challenges arise in

enhancing the performance of these models in low-resource settings [18]. In this

thesis, we aim to tackle the following research questions (RQ) using the methods

we propose:

RQ1: What are effective ways to augment training data for sequence

tagging tasks while maintaining consistency in tokens and tags?

In the field of Natural Language Processing (NLP), particularly in specialized tasks

such as sequence tagging, the process of applying data augmentation proves to be

exceptionally challenging. This challenge largely stems from the high sensitivity

of these tasks to any form of noise or inconsistency. Traditional approaches to

data augmentation, including but not limited to back-translation [19], as well as

random processes of deletion, insertion, or substitution of words within sentences

[20], have shown better compatibility with tasks at the sentence level rather than

at the sequence tagging level. The reason for this is that these methods, when

applied to sequence tagging tasks, can lead to unpredictable and often undesirable

alterations in both the sequence and nature of the tags assigned to the data.

In the specific context of this research, detailed in Chapter 3, we delve into analyz-

ing the limitations and inadequacies inherent in these prevalent methods. More-

over, we put forth new and inventive generation-based techniques that are tailored

for sequence tagging. These novel methods primarily leverage advanced language

models. These models are adept at generating synthetic, yet realistically labeled,

sequences. This approach to data augmentation not only enriches the training

data with a greater diversity of examples but also addresses the critical issue of
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maintaining the integral consistency between tokens and their respective tags. By

integrating these innovative methods, we aim to substantially improve the qual-

ity and effectiveness of the training data used in sequence tagging tasks, thereby

enhancing the overall performance of models trained on such data.

RQ2: What are the advanced methods for creating a multilingual task-

oriented dialogue system that effectively integrates local entities and

context-specific nuances within the framework of global communication?

The advancement of task-oriented dialogue systems has predominantly concen-

trated on languages that have a wealth of resources [21]. This focus has led to

significant progress in these languages. However, an aspect that has not received

adequate attention is the localization of these systems in a multilingual context

[22]. The lack of exploration in this area has constrained the practical deployment

and effectiveness of multilingual task-oriented dialogue systems in diverse linguistic

and cultural settings.

In the realm of global communication, the incorporation of local entities and the

understanding of context-specific nuances are crucial for the successful operation

of these systems. The need for such systems to be versatile and adaptable in

handling various languages and dialects, each with their own unique characteristics

and cultural contexts, is more pressing than ever.

In Chapter 4, we delve into this under-researched area by examining the influ-

ence of local entities and cultural context on the performance and reliability of

multilingual task-oriented dialogue systems. We explore how these systems can

be optimized to recognize and respond to local specifics, such as regional language

variants, culturally relevant terms, and locally significant concepts, which are often

overlooked in the current models.

Moreover, we propose an innovative yet straightforward methodology for devel-

oping these systems. Our approach focuses on enhancing their ability to function

effectively in a multilingual and multicultural landscape, particularly in the context

of globalization. This involves creating systems that are not only linguistically di-

verse but also culturally sensitive, ensuring that they can operate efficiently across

different geographical regions and cultural backgrounds.
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By addressing these aspects, we aim to bridge the gap in the current understanding

and implementation of multilingual task-oriented dialogue systems, paving the way

for more inclusive and effective global communication. This research is expected

to contribute significantly to the field, offering new insights and practical strategies

for developing dialogue systems that are truly global in their reach and application.

RQ3: In what ways can advanced large language models (LLMs) funda-

mentally transform the methodologies and enhance the effectiveness of

data annotation processes across a wide range of sectors?

In the current landscape, the process of data annotation is heavily reliant on hu-

man input, making it both time-consuming and expensive. This reliance presents

significant challenges, not only for individuals but also for research institutions

and small-to-medium enterprises (SMEs) who may find the costs prohibitive [23].

Chapter 5 delves into an in-depth examination of how large language models can

be utilized as a tool for data annotation. This exploration includes a detailed com-

parison between the outcomes and associated costs of annotations performed by

LLMs versus those conducted by human annotators.

Moreover, this research broadens its scope to assess the versatility of LLMs in var-

ious specialized tasks where data annotation plays a pivotal role. These tasks in-

clude, but are not limited to, sentiment analysis, named entity recognition (NER),

relationship extraction, and the intricate process of aspect sentiment triplet extrac-

tion. By examining these areas, the study aims to provide comprehensive insights

into the potential of LLMs to not only streamline the data annotation process but

also to enhance its accuracy and efficiency across diverse domains. This exten-

sive exploration could pave the way for a new era in data annotation, marked by

increased automation and reduced dependency on human labor.

1.2 Main Contributions

In this section, we outline the key contributions our research makes to the ad-

vancement of robust methodologies in natural language processing, particularly in

resource-constrained environments. Our study introduces a comprehensive array

of solutions aimed at addressing the identified challenges, covering several aspects.
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Key among these are: the adoption of data augmentation strategies, the enhance-

ment of pre-existing language models for improved cross-lingual transfer learning,

the employment of advanced large language models in data distillation processes

to better utilize augmented data, and the fusion of modern neural network models

with traditional techniques to reduce reliance on extensive training datasets. These

innovative approaches not only tackle current issues but also establish a foundation

for subsequent research in this field.

1.2.1 Generation-based data augmentation methods for fine-

grained Information Extraction Tasks

In our research, we place a strong emphasis on the importance of diversifying

original training data as a vital tactic to reduce the risk of overfitting in machine

learning models. This is particularly crucial when addressing token-level Natural

Language Processing (NLP) tasks, such as sequence tagging. These tasks are

uniquely challenging due to their heightened sensitivity to any noise that might

be introduced during the data augmentation process. To address this, we have

diligently conducted comprehensive studies that delve into the nuances of data

augmentation specifically tailored for sequence tagging.

Chapter 3 unveils a cutting-edge data augmentation technique, designed specifically

for an array of sequence tagging tasks. This novel approach starts with an intricate

process of transforming both the sentence tokens and their corresponding labels

into a linearized format. This is achieved by placing each label directly before

its associated token. In doing so, the labels assume the role of modifiers in the

sequence. Following this reconfiguration, we engage language models trained on

these linearized label sequences. This training is vital as it enables the models to

grasp the underlying distribution of both tokens and labels within the data.

Once this understanding is established, our technique advances to the next phase,

which involves the generation of additional synthetic sequences. This is accom-

plished by utilizing a specially designated token at the start of each sequence. This

innovative methodology serves a dual purpose. Firstly, it significantly broadens the

variety of the training data, an essential step for enhancing the robustness of the

models. Secondly, it incorporates elements of a semi-supervised learning approach.

This is done by making use of unlabeled data as well as data that has been labeled
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through dictionaries. The inclusion of these diverse data types contributes to a

more comprehensive training process.

Our approach has demonstrated consistent and noteworthy improvements across

several key areas. These include Named Entity Recognition (NER), Part-of-Speech

(POS) tagging, and End-to-End Target-Based Sentiment Analysis (E2E-TBSA).

These improvements are a testament to the efficacy of our data augmentation

technique in enhancing the performance of models on these specific tasks.

To foster collaborative progress and transparency in the field, we have made the

source code of our innovative technique publicly accessible. Interested parties, re-

searchers, and practitioners in the field can access and utilize this code by visiting

our GitHub repository at https://github.com/ntunlp/daga.git. This open-source

initiative underscores our commitment to contributing to the collective advance-

ment of NLP research and development.

1.2.2 Developing a Task-Specific Multilingual Dialogue Sys-

tem Incorporating Local Entities and Contexts in a

Global Setting

Chapter 4 explores the intricate development of a specialized multilingual dialogue

system. This system is uniquely constructed to incorporate local entities and con-

texts while operating within a broader, global framework. Its primary objective

is to adeptly handle and react to a wide array of user queries. This capability is

especially beneficial in settings where having localized knowledge and the ability

to communicate in multiple languages is essential.

The essence of our approach is centered around devising a resilient model capable

of comprehending and generating replies in several languages. A critical aspect

of this model is its heightened sensitivity to local subtleties, specific entities, and

contextual details. The chapter places a particular emphasis on how local entities

and contexts are incorporated into the creation of this multilingual, task-oriented

dialogue system, aimed at serving global purposes.

To bring this vision to fruition, we adopt a combined approach, leveraging cutting-

edge natural language processing methodologies alongside a sophisticated deep
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learning framework. Our system undergoes rigorous training with an extensive

dataset that includes a variety of languages and regional dialects. This dataset

is further enriched with an ample amount of localized content, ensuring the sys-

tem’s proficiency in language translation and in the nuanced understanding and

integration of local cultural and contextual factors.

The preliminary outcomes of our research show a notable improvement in the

system’s proficiency to offer precise and contextually appropriate responses in a

multilingual environment. This indicates the system’s considerable potential as a

valuable asset in global applications where local relevance is paramount. Through

this chapter, we aim to provide a comprehensive understanding of the processes

and strategies involved in building such a system, highlighting its effectiveness and

the technological advancements that make it possible.

In our continued efforts to drive collective innovation and maintain openness in our

research endeavors, we are pleased to announce that the source code for our cutting-

edge methodology is now openly available to the public. Enthusiasts, scholars, and

professionals in the relevant field are encouraged to explore and employ this code,

which can be found on our GitHub repository at https://github.com/Bosheng2020

-/globalwoz. This move towards open-sourcing is a testament to our dedication

to fostering the ongoing growth and progress in the realm of NLP research and

application.

1.2.3 Utilizing Large Language Models for Enhanced Data

Labeling in Natural Language Processing Tasks

Chapter 5 of our study offers a comprehensive exploration into the innovative use

of Large Language Models (LLMs) for the purpose of automatic data annotation in

the field of Natural Language Processing (NLP). This chapter begins by outlining

the fundamental role of data annotation in NLP, highlighting its critical importance

in training effective and accurate NLP models. Traditionally, this process has been

labor-intensive and time-consuming, often requiring substantial human effort and

resources. However, with the advent of advanced language models, there is a

significant shift in how this task can be approached.
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We delve deeply into how state-of-the-art LLMs, with their sophisticated under-

standing and processing of natural language, are revolutionizing the way we handle

raw text data. These models are equipped to automatically annotate text data,

a task that traditionally required extensive human intervention. The chapter dis-

cusses the mechanisms through which these LLMs operate, elaborating on their

ability to interpret, analyze, and classify textual data with remarkable accuracy.

Further, the chapter investigates various methodologies employed in using LLMs

for data annotation. This includes the use of these models to annotate unlabeled

data sets as well as their ability to generate entirely new sets of labeled data. Such

approaches are particularly beneficial in scenarios where labeled data is scarce or

where the labeling process poses significant challenges.

An important aspect of this chapter is the discussion on the automation of the

data labeling process. By integrating LLMs into this process, we have observed

a substantial reduction in the time and resources traditionally required for data

annotation. This automation does not compromise the quality of the output; in

fact, it often enhances it, resulting in high degrees of label accuracy.

To validate these claims, we conducted a series of experiments focusing on four

fundamental NLP tasks: Sentiment Analysis, Named Entity Recognition (NER),

Relation Extraction (RE), and Aspect Sentiment Triplet Extraction (ASTE). These

experiments were designed to test the efficiency and accuracy of LLMs in anno-

tating data for these specific tasks. The results provide insightful data on the

effectiveness of using LLMs in various NLP scenarios.

The chapter concludes by discussing the broader implications of our findings. The

use of LLMs for data annotation not only streamlines the data preparation process

in NLP but also significantly improves the quality of the training data. This,

in turn, leads to the development of more robust and reliable NLP models. We

emphasize that this advancement in data annotation methods has the potential to

transform the landscape of NLP research and application, paving the way for more

advanced, efficient, and accurate NLP systems in the future.
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1.3 Thesis Outline

This thesis is meticulously designed to systematically delve into and significantly

contribute to the realm of natural language processing (NLP) and machine learning,

particularly focusing on environments where resources are scarce. The structure of

the thesis is such that it facilitates a thorough exploration of these fields. Chap-

ter 1, aptly titled ”Introduction”, sets the stage for the research by outlining the

central research problem and the specific settings within which this problem is sit-

uated. This chapter serves as the gateway to the thesis, providing the necessary

context and background for the ensuing discussions. In Chapter 2, ”Literature

Review”, the thesis builds a strong foundation by meticulously examining the ex-

isting body of research. This chapter is crucial as it not only reviews prior work

but also introduces key concepts and methodologies that are pivotal to the field of

NLP and machine learning. The comprehensive review presented in this chapter

ensures that the reader is well-equipped with the necessary background knowl-

edge to understand the innovative approaches and experimental techniques that

are discussed in the later chapters. Chapter 3, titled ”A Generation-Based Data

Augmentation Approach for Low-Resource Information Extraction,” marks a shift

towards more practical applications. In this chapter, an avant-garde technique is

introduced, which leverages the power of generative models to synthesize diverse

datasets. This approach is particularly beneficial for enhancing the performance

of information extraction systems in scenarios where data is limited, a common

challenge in low-resource settings. The focus then transitions in Chapter 4, ”De-

veloping a Task-Specific Multilingual Dialogue System Incorporating Local Entities

and Contexts in a Global Setting.” This chapter underscores the development of

a sophisticated multilingual dialogue system. The novelty of this system lies in its

ability to seamlessly integrate local specifics and nuances within a globally appli-

cable framework, addressing a critical need in the field of NLP. In the penultimate

chapter, Chapter 5, ”Utilizing Advanced Language Models for Enhanced Data

Labeling in Natural Language Processing Tasks,” there is an exploration of how

cutting-edge language models can revolutionize the data labeling process. Data

labeling is a fundamental step in machine learning and AI development, and this

chapter highlights how these advanced models can streamline and refine this pro-

cess, thereby contributing significantly to the field. Finally, the thesis culminates

with Chapter 6, ”Conclusions and Future Directions.” This chapter synthesizes the
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findings of the thesis and offers a reflective overview of the entire research. It not

only summarizes the key contributions made in each chapter but also casts a vi-

sion for future research directions in the field of Natural Language Processing. This

conclusive chapter ensures that the thesis not only provides a comprehensive un-

derstanding of the current challenges and advancements in managing low-resource

scenarios in AI and NLP but also sets the stage for future explorations in this

dynamic and evolving field.

Below are the summary for the following chapters:

Chapter 2: Literature Review

In Chapter 2, we delve into the existing literature and foundational concepts cru-

cial for understanding this thesis. We will explore various methods developed to

enhance neural model performance in scenarios with limited resources. This chap-

ter also includes an overview of pertinent tasks in natural language and image

processing, setting the stage for the methodologies and experiments discussed in

subsequent chapters.

Chapter 3: A Generation-Based Data Augmentation Approach for Low-Resource

Information Extraction

Chapter 3 presents an innovative generation-based data augmentation technique

designed to bolster information extraction in low-resource settings. This approach

leverages advanced generative models to create diverse and representative datasets,

addressing the challenges of data scarcity. We will demonstrate how this method

significantly improves the accuracy and robustness of information extraction sys-

tems, especially in languages and domains where data is sparse.

Chapter 4: Developing a Task-Specific Multilingual Dialogue System Incorporating

Local Entities and Contexts in a Global Setting

In Chapter 4, we focus on the development of a multilingual dialogue system tai-

lored to specific tasks, integrating local entities and contexts within a global frame-

work. This chapter details the challenges and solutions in designing systems that

can effectively operate across multiple languages and cultural contexts. We will

explore how incorporating local nuances enhances the system’s performance and

relevance in a globalized world.

Chapter 5: Utilizing Advanced Language Models for Enhanced Data Labeling in

Natural Language Processing Tasks
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Chapter 5 explores the use of cutting-edge language models to improve data la-

beling in various natural language processing tasks. We discuss the potential of

these models to automate and refine the data annotation process, thereby reducing

the time and resources required for manual labeling. This chapter highlights the

effectiveness of these models in generating high-quality, reliable labels, especially

in complex and nuanced linguistic scenarios.

Chapter 6: Conclusions and Future Directions

Chapter 6 integrates the various outcomes of this dissertation, presenting a con-

templative summation of the overall investigation. This chapter accomplishes more

than a mere recapitulation of the principal contributions identified in each seg-

ment; it also projects potential avenues for forthcoming inquiries within the realm

of Natural Language Processing. Serving as the final chapter, it guarantees that

the thesis delivers an exhaustive comprehension of both the existing obstacles and

progressions in handling scenarios of limited resources in Artificial Intelligence and

Natural Language Processing. Furthermore, it establishes a foundation for future

investigative pursuits in this rapidly changing and developing domain.



Chapter 2

Literature Review

In this section, we elaborate on pertinent background information and foundational

concepts that are crucial for grasping the subsequent segments of this thesis. Ini-

tially, we delve into prevalent methods designed to minimize overfitting, a common

challenge in model training. Following this, our focus shifts to the exploration of

semi-supervised learning and transfer learning. These approaches enhance model

efficacy by utilizing additional resources, including unlabeled datasets and training

materials from various domains or tasks. To conclude, this chapter provides an

in-depth examination of related tasks in natural language processing and image

processing, offering further insights into these critical areas.

2.1 Methods for Improving Generalization

2.1.1 Data Augmentation

Data Augmentation (DA) is a methodology employed in machine learning to en-

rich the diversity of training data sets without the necessity of acquiring additional

data. This is achieved through techniques that either create variations of the ex-

isting data or synthesize new data. The overarching aim of DA is to function as

a regularizing mechanism, contributing significantly to the reduction of overfit-

ting during the training of machine learning models. As elucidated by Shorten and

Khoshgoftaar in their seminal work [13], as well as by Hernández-Garćıa and König

[24], this approach is particularly widespread in the field of computer vision (CV).

13
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Within CV, common practices such as image cropping, flipping, and color adjust-

ments are fundamental to the model training process. Conversely, in the realm of

Natural Language Processing (NLP), where inputs are inherently more discrete,

the development of effective DA strategies that preserve essential invariances poses

a significantly more intricate challenge, as discussed by Feng et al. [25].

In the domain of NLP, despite numerous inherent challenges, a diverse array of DA

techniques has been conceptualized and implemented. These techniques span from

relatively straightforward rule-based manipulations, as noted by Zhang et al. [26],

to more sophisticated generative approaches, as explored by Liu et al. [27]. The

primary objective of DA in this context is to provide a viable alternative to the

costly and time-consuming process of collecting new data. The ideal DA method-

ology should not only be straightforward to deploy but also significantly enhance

the performance of the model, as indicated by Feng et al. [25]. Nevertheless, most

DA methods necessitate a trade-off between ease of implementation and effective-

ness. Rule-based approaches, while relatively simple to implement, often yield only

modest enhancements in model performance, as identified by Wei and Zou [20]. In

contrast, techniques that employ trained models, though potentially more complex

and costly to implement, can introduce a wider spectrum of data variations, poten-

tially leading to marked improvements in performance. Customizing model-based

techniques to specific downstream tasks can substantially influence performance,

yet such customization presents its own set of developmental and applicational

challenges. Furthermore, it is crucial that the distribution of augmented data nei-

ther closely mirrors nor greatly diverges from that of the original data. An overly

similar distribution can lead to overfitting, while a highly divergent one may result

in the model being trained on unrepresentative examples, ultimately yielding sub-

optimal performance. As such, devising effective DA strategies requires a careful

balance between maintaining similarity to and differing from the original data, as

underscored by Wei and Zou [20].

2.1.2 Active Learning

Active Learning (AL) is a methodology that prioritizes the optimization of model

performance while necessitating a minimal number of sample annotations [28].

This approach stands in stark contrast to Deep Learning (DL), a paradigm that
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is inherently data-hungry. DL requires a substantial volume of data to effectively

fine-tune its numerous parameters, thereby facilitating the extraction of enhanced

features. The recent proliferation of internet technology has catapulted us into a

data-rich epoch [29]. This deluge of data has significantly elevated the prominence

of DL, triggering a wave of rapid technological progressions. In comparison, AL

has not attracted as much attention as DL. This discrepancy can be traced back

to the era preceding the ascendance of DL, where traditional machine learning

methodologies did not demand a large number of labeled samples. Consequently,

the early developments in AL were somewhat overlooked.

Despite the impressive achievements of DL in various fields, largely propelled by

the availability of extensive, publicly accessible labeled datasets, the process of

gathering large volumes of high-quality annotated data remains a laborious and

often impractical task, especially in specialized domains such as speech recognition

[30], information extraction [31], and medical imaging [32, 33]. In light of these

challenges, the significance and utility of AL are increasingly being acknowledged.

The ability of AL to function effectively with fewer annotated samples makes it

particularly valuable in scenarios where acquiring annotated data is difficult or

resource-intensive [34]. This recognition marks a crucial shift in the landscape of

machine learning, highlighting the complementary roles of both AL and DL in

advancing the field.

2.1.3 Knowledge Distillation

Knowledge Distillation (KD) [35] represents a significant advancement in the field of

machine learning, particularly in the context of model efficiency and generalization.

This technique, centered around the concept of a smaller ”student” model learning

from a more extensive ”teacher” model, aims to retain the student model’s man-

ageability while enhancing its performance [36]. The following paragraphs delve

into the intricacies of KD, encompassing its methodology, implications, and the

challenges it presents.

At the core of KD lies the principle of model compression and efficiency [37, 38].

This method is instrumental in shrinking the model’s size, where a less complex

student model is trained under the guidance of a more sophisticated teacher model.

The primary goal is to preserve the student model’s compactness while minimizing
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the compromise on its effectiveness. This approach is not only resource-efficient

but also makes advanced models more accessible for applications with limited com-

putational capabilities.

KD’s knowledge transfer process is classified into three distinct levels, each con-

tributing uniquely to the student model’s learning [39]. Firstly, universal knowledge

transfer occurs, often facilitated through label smoothing, acting as a regularizer.

Secondly, domain-specific knowledge is imparted, wherein the student model gains

insights into class relationships, notably at the logit layer. Lastly, individual in-

stance knowledge is transferred, allowing the student model to tailor its learning

to the intricacies of each specific event.

The mechanisms of knowledge representation and transfer in KD are diverse, mim-

icking various facets of the teacher model, such as its representation space, decision

boundaries, or intra-data relationships [36]. Some advanced KD techniques even

involve collaborative learning strategies among multiple student models, further

enriching the learning process.

Despite its evident success, KD poses significant challenges and open questions

[40]. One primary concern is identifying the exact locus of knowledge within neural

networks and devising optimal strategies for its transfer from the teacher to the

student model. This challenge underscores a fundamental gap in our understanding

of neural network operations and learning processes.

KD has demonstrated its ability to enhance learning efficiency, especially in the

face of challenges like label noise and class imbalance [41, 42]. It consistently

outperforms standard training methods, offering generalization gains that are cru-

cial for real-world dataset applications. However, the optimization of the student

model and the nature of the dataset used for distillation significantly influence

the effectiveness of KD. There is an interesting observation that a closer alignment

with the teacher’s predictive distributions does not necessarily translate to superior

generalization in the student model.

In conclusion, Knowledge Distillation emerges as a potent tool in model compres-

sion and enhancing the generalization capabilities of smaller models [43]. It employs

a multifaceted approach to knowledge transfer, spanning various levels of complex-

ity. While KD offers considerable benefits in model efficiency and performance, it

also presents unresolved challenges in optimization and knowledge transfer. These
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challenges play a crucial role in determining the student model’s capacity for effec-

tive generalization, highlighting the need for continued research and development

in this domain.

2.1.4 Regularization and Weight Decay

Regularization and weight decay are fundamental concepts in the field of machine

learning, particularly within the context of preventing overfitting in model training

[44, 45]. Regularization refers to the process of adding information or constraints

to a model to prevent it from fitting the noise in the training data. This is achieved

by introducing a regularization term in the loss function, which penalizes complex

models and thus promotes simpler solutions that may generalize better to new,

unseen data [46].

Figure 2.1: Training curves illustrate the correlation between the quantity of
training iterations and both the training and test errors. The left side depicts
an idealized model, while the right side takes into account variations in the error
due to randomness in the stochastic gradient descent (SGD) updates.

Consider the training curves depicted in Figure 2.1, illustrating the correlation

between the number of training iterations and the training and test error. The

left side portrays an idealized version, while the right side takes into account error

fluctuations due to the stochastic nature of the Stochastic Gradient Descent (SGD)

updates.

Consequently, the overall cost can be expressed as E(θ) = 1
N

∑N
i=1 L(y(x, θ), t) +

R(θ), where the first part represents the training loss and the second part, the
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regularizer. To illustrate, let’s assume a linear regression model is being trained

with two inputs, x1 and x2, which are identical in the training set. Although the

weights in Figure 5 yield identical predictions on the training set and are equivalent

in terms of minimizing the loss, Hypothesis A is preferable due to its anticipated

stability under changing data distributions. For instance, with an input of (x1 = 1,

x2 = 0) in the test set, Hypothesis A predicts 1, whereas Hypothesis B predicts -8,

with the former being more plausible. Ideally, a regularizer should favor Hypothesis

A by assigning it a lesser penalty.

One such regularizer is the L2 regularization, which, despite the terminology, cor-

responds to the squared L2 norm. For a linear model, this is defined as RL2(w) =
λ
2

∑D
j=1w

2
j . Here, λ, sometimes referred to as the weight cost, is a hyperparameter.

L2 regularization tends to favor hypotheses with smaller weight norms. For exam-

ple, with λ = 1, it assigns a penalty of 1 to Hypothesis A and 82 to Hypothesis B,

significantly favoring Hypothesis A. This regularization approach, which includes

both the training loss and the regularizer, motivates the training algorithm to seek

a balance between fitting the training data and the weight norms. L2 regulariza-

tion is easily extendable to neural networks by penalizing the sum of the squares

of all the weights across all layers.

Weight decay, a specific form of regularization, operates by applying a penalty on

the magnitude of the model’s weights, typically in the form of an L2 norm [47]. This

approach effectively constrains the weights, encouraging the model to distribute

importance across features more evenly and to avoid relying excessively on any

single feature. Both regularization and weight decay are critical in enhancing the

robustness and generalizability of machine learning models, ensuring they perform

well not just on the training dataset but also on new, external data.

Incorporating regularizers into stochastic gradient descent (SGD) computations is

relatively straightforward. Due to the linearity of derivatives, the partial deriva-

tive of E with respect to θj can be broken down as shown in equations (4) to (8).

Particularly in the context of L2 regularization, this leads to an insightful inter-

pretation in SGD, where the weights are reduced by a factor of 1 − αλ in each

iteration, giving rise to the term ”weight decay.”

Regularization stands as a cornerstone concept in machine learning, with numerous

theoretical justifications [48]. Regularizers are often seen as penalizing a network’s
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“complexity” or favoring more “probable” explanations. These perspectives can be

formalized in certain idealized scenarios. However, they are challenging to precisely

define in the context of neural networks and fail to explain many observed practical

phenomena. Therefore, this discussion will not extend beyond the aforementioned

justification for weight decay.

2.1.5 Stochastic regularization

In recent years, a significant advancement in the field of neural networks has been

the incorporation of stochastic elements to enhance generalization capabilities. Un-

like the deterministic function computation in traditional network architectures,

the introduction of stochasticity can mitigate pathological behaviors and reduce the

tendency for overfitting [49]. This approach is commonly referred to as stochastic

regularization. Although this term does not imply the addition of a regularization

term to the cost function, it serves a similar purpose.

The most prevalent method of stochastic regularization is known as dropout [50].

The mechanism of dropout is straightforward: it involves deactivating each unit in

the network with a certain probability ρ (often set at 0.5), effectively setting its

activation to zero. This process is mathematically represented by multiplying the

activations with a binary mask variable mi, which randomly assumes values of 0

or 1, as shown in the equation hi = mi ·ϕ(z(i)). The backpropagation equations

are derived conventionally, taking into account the effect of the mask variable on

the activations.

Dropout is particularly effective because it biases the network towards certain

configurations over others, similar to the effect of L2 regularization. For instance,

when inputs have a 50% chance of being dropped out, configurations that would

otherwise exhibit high variance in their predictions (and consequently, higher error

rates on the training set) are less favored. This similarity with L2 regularization’s

objectives highlights the utility of dropout.

It is crucial, however, to manage the stochasticity during the testing phase to avoid

unpredictable outcomes. A näıve solution of excluding dropout during testing can

lead to discrepancies, as the units would be exposed to double the amount of

incoming signals compared to the training phase. To counter this, the weight
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values are adjusted by a factor of 1 − ρ during testing, ensuring consistency in the

network’s responses.

Dropout has rapidly become an essential component in neural network training,

often resulting in considerable performance improvements even when combined

with other techniques [51]. Additionally, other forms of stochastic regularization,

such as batch normalization, have been introduced. While batch normalization is

primarily associated with optimization, it also offers regularization benefits. Inter-

estingly, the inherent stochasticity in stochastic gradient descent, typically viewed

as a limitation, can act as a form of regularization. Although the intricacies of

stochastic regularization are not fully understood, its continued utility in neural

network optimization is highly anticipated.

2.1.6 Ensemble Methods

Ensemble methods in machine learning, specifically in the context of neural net-

works, offer a robust approach to improve prediction accuracy [52]. The concept

hinges on the idea that combining the predictions of multiple networks trained in-

dependently can significantly reduce the variance in predictions, leading to a lower

overall loss [53]. This strategy effectively addresses the limitations inherent in using

a single model.

However, the ideal scenario of training each network on a separate, independently

sampled training set is often impractical. The alternative is to introduce variability

into the training process of multiple networks using the same dataset. This can be

achieved through several methods:

1. Bagging: Training each network on random subsets of the full training

dataset. This approach ensures that each network learns from a slightly dif-

ferent perspective of the data, simulating the effect of independent training

sets.

2. Diverse Architectures: Utilizing networks with varying structures—different

numbers of layers, units, or activation functions. This diversity ensures that

each network captures different aspects or patterns in the data.



Chapter 2. Literature Review 21

3. Different Models or Algorithms: Beyond varying architectures within

a similar model framework, employing entirely different models or learning

algorithms can introduce a higher level of variability.

The collection of models used for prediction is known as an ”ensemble.” The ef-

fectiveness of ensembles is well-documented, as they often outperform individual

networks. This superiority is not just theoretical; it’s empirically observed in many

machine learning competitions, such as ImageNet and Netflix challenges, where en-

sembles are frequently the key to winning entries [54].

The theoretical underpinning for the superiority of ensembles, especially in cases

of convex loss functions, can be explained using a mathematical framework. If the

loss function L is convex with respect to the output predictions y, then the loss of

the ensemble’s averaged prediction is mathematically guaranteed to be lower than

the average losses of individual predictions. This is a direct consequence of the

definition of convexity:

L(λ1y1 + · · · + λNyN , t) ≤ λ1L(y1, t) + · · · + λNL(yN , t)

for λi ≥ 0 and
∑

i λi = 1.

It’s important to note, however, that this guarantee does not necessarily hold for

non-convex loss functions, such as error rates. Despite this, ensembles are still

highly effective in practice for a broad range of applications, offering a pragmatic

solution in scenarios where the loss function is not convex. The principle behind

this effectiveness is related to the Rao-Blackwell theorem from statistics, which

suggests that averaging over a set of estimators can lead to a more accurate overall

estimate.

In summary, ensembles represent a powerful strategy in machine learning, lever-

aging the strength of multiple models to achieve greater predictive accuracy and

robustness than individual models could achieve alone [55].
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2.2 Transfer Learning

In the modern era, the process of allocating resources for data acquisition has

become increasingly arduous. This difficulty arises from the scarcity of data, its

inaccessibility, the expense involved in obtaining it, and the complexity inherent

in its compilation. In response to these challenges, there has been a shift towards

exploring alternative methodologies for data collection. A particularly notable

strategy in this context is the concept of transferring knowledge between disparate

tasks. This strategy has been pivotal in fostering the growth of Transfer Learning

(TL), a paradigm specifically designed to refine the processes of data gathering and

learning in the field of machine learning (ML) [56]. Typically, ML algorithms are

engineered with the aim of predicting future occurrences, with a primary focus on

addressing specific tasks independently. Transfer Learning, however, deviates from

this conventional model by incorporating data from a ‘source task’ and applying

it to a ‘target task’. This method holds the potential for generating more effective

solutions [57].

The fundamental goal of TL is to enhance the understanding of a current task by

linking it to other tasks that may have been performed at different times, albeit

within a similar domain [58]. This linkage is critical in bolstering the learning

process, as it establishes a connection between the source task and the target task,

leading to more logical, expedient, and improved solutions. TL is designed to

provide a more effective mode of learning and interaction between the source and

target tasks, introducing a dynamic aspect of debate in the learning trajectory [59].

Additionally, TL is particularly advantageous in scenarios where the target task

suffers from a scarcity of training data. The strategic significance of TL extends

beyond its utility in the immediate task at hand, encompassing its applicability

across a variety of tasks. However, it is vital to recognize that the interaction

between the source and target tasks is not always beneficial. In instances where

the transference of test and training samples results in a deterioration of the target

task’s performance, this phenomenon is labeled as ’negative transfer’. Conversely,

when such transference leads to improved performance, it is known as a ’positive

transfer’.
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2.2.1 Cross Lingual Transfer

The aim of cross-lingual transfer lies in leveraging the extensive knowledge base

of high-resourced languages, such as English, to aid languages with limited / low

resources [60]. This endeavor is significantly facilitated by the use of both cross-

lingual contextual and static word embeddings, leading to commendable outcomes

in a variety of transfer tasks [61]. The technique of mapping static embeddings,

which is thoroughly investigated, hinges on the hypothesis that the embedding

spaces of different languages possess analogous structures. This approach includes

the alignment of these spaces via an orthogonal matrix, culminating in a unified

embedding space. Further advancements in this domain have seen the expansion of

this projection technique to encompass the alignment of contextual representations

as well [62].

However, the foundational assumption of isomorphism underlying this approach

has encountered skepticism, prompting an inquiry into alternative mapping method-

ologies, specifically those employing non-linear techniques [63]. Another significant

strand of research in this field is joint training. Initially, this research direction con-

centrated on the simultaneous acquisition of static word embeddings for multiple

languages. More recently, the focus has shifted towards the pretraining of cross-

or multi-lingual language models. Within the unsupervised domain, multilingual

language models have emerged, demonstrating noteworthy efficacy in the realm

of cross-lingual transfer. This evolution signifies a continuous exploration and

enhancement in the methodologies employed for cross-lingual linguistic resource

sharing and development.

The evolution of cross-lingual transfer techniques has been marked by a growing

emphasis on contextualized language models. These models, unlike static embed-

dings, capture the context in which words appear, leading to more nuanced and

accurate representations of language. This shift towards contextualized models re-

flects the broader trend in natural language processing towards deep learning-based

approaches. The efficacy of these models in cross-lingual transfer is evident in their

ability to handle subtleties and nuances in languages, which are often lost in static

models.

In addition to these technical advancements, there has been a growing recognition

of the importance of linguistic diversity in machine learning models. This has
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led to an increased focus on low-resource languages, which have traditionally been

underrepresented in language technology. The drive to include these languages is

not only a matter of fairness and representation but also enhances the robustness

and versatility of the models themselves. By training models on a diverse range of

languages, researchers are able to uncover and address biases and limitations that

might not be apparent when focusing solely on high-resource languages.

The intersection of cross-lingual transfer with other areas of machine learning,

such as transfer learning and domain adaptation, is also a rich area of exploration

[64]. Transfer learning techniques, which involve applying knowledge gained in

one domain to a different but related domain, have proven particularly useful in

cross-lingual settings. These techniques allow for the leveraging of large datasets

available in high-resource languages to improve performance in low-resource lan-

guages. Similarly, domain adaptation techniques help in adjusting models trained

on data from one domain (e.g., news articles) to perform well on data from a

different domain (e.g., medical texts) [65].

Moreover, there is an increasing interest in the ethical implications of cross-lingual

transfer. Questions about representation, bias, and the potential perpetuation of

inequalities through language technologies are gaining prominence. Researchers are

beginning to address these issues by developing more inclusive methodologies and

striving for transparency in their models. This includes the creation of guidelines

for ethical research practices in cross-lingual NLP and efforts to ensure that the

benefits of language technology are equitably distributed across different linguistic

communities [66].

In conclusion, the field of cross-lingual transfer is undergoing rapid and significant

transformations. The move towards more sophisticated, context-aware models,

coupled with a heightened awareness of ethical considerations and the push for

linguistic diversity, is shaping the future of language technology. As the field con-

tinues to evolve, it promises to bring forth innovations that not only enhance the

capabilities of machine learning models but also contribute to a more inclusive and

equitable technological landscape.
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2.2.2 Cross Domain Transfer

In earlier discussions, we delved into the concept of cross-domain transfer, an in-

tegral component of the transductive approach [67]. This approach is widely em-

braced in the realms of Natural Language Processing (NLP) and Computer Vision

(CV), where it plays a pivotal role in task execution. A quintessential illustration of

cross-domain transfer can be observed in the realm of sentiment analysis. Insights

derived from analyzing sentiments in movie reviews can be adeptly applied to the

evaluation of book reviews. This exemplifies the seamless application of knowledge

across different but related domains.

Another notable instance of cross-domain transfer is evident in the adaptation of

models originally crafted for the ImageNet database. These models are retooled for

specialized image classification tasks, demonstrating the versatility and adaptabil-

ity of cross-domain methodologies. In such instances, it is a common assumption

that the label sets for both the source (original) and target (new) domains re-

main consistent. This assumption forms the bedrock upon which strategies are

developed to extract and utilize domain-independent knowledge from the source

domain. Such strategies are instrumental in augmenting the effectiveness of the

model when applied to the target domain.

The concept of cross-domain transfer shares parallels with cross-lingual transfer.

In both cases, the overarching goal is to enhance performance in a new domain

by leveraging insights and methodologies from a different but related domain. To

achieve this, various techniques are employed. These include the alignment of

features, which ensures consistency and relevance of the features used in both

domains. Shared parameterization is another technique where parameters used in

models for one domain are applied to another, ensuring a certain level of uniformity

and efficiency in model performance. Finally, the weighting of instances or domains

plays a crucial role. This involves assigning different levels of importance or priority

to certain aspects or areas within the domains, thereby fine-tuning the model’s

focus and effectiveness.

However, it’s important to acknowledge the underlying assumptions and challenges

in cross-domain transfer. One such assumption is the consistency of label sets

across the source and target domains. While this assumption simplifies the transfer

process, it also imposes constraints on the applicability of transfer learning in
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scenarios where label sets differ significantly. This calls for innovative approaches

to manage such discrepancies and ensure effective transfer.

Moreover, the strategies employed in cross-domain transfer, such as feature align-

ment [68], shared parameterization [69], and instance or domain weighting [70],

are not just technical maneuvers but also represent a deeper understanding of the

nature of knowledge transfer [71]. Feature alignment, for instance, is about identi-

fying and leveraging commonalities in data representation across domains. Shared

parameterization speaks to the universality of certain model parameters, while in-

stance weighting addresses the nuanced differences between domains and how to

prioritize them.

These strategies are integral to the success of cross-domain transfer and highlight

the nuanced understanding required to implement this approach effectively. They

are not just about technical adaptation but also about conceptual adaptation -

understanding the core principles that govern data and models in different domains

and how these can be harmonically aligned for optimal performance.

The parallels between cross-domain and cross-lingual transfer further underscore

the universal applicability of these concepts [72]. Just as in cross-domain transfer,

cross-lingual transfer involves the application of knowledge from one language to

another. This is evident in tasks such as machine translation, where models trained

on one language pair are adapted for another. The underlying principles remain

the same - leveraging existing knowledge and methodologies to achieve efficiency

and effectiveness in a new domain.

In conclusion, cross-domain transfer is a cornerstone of modern AI, pivotal in driv-

ing forward the fields of NLP and CV among others [73]. Its relevance extends be-

yond mere technical application; it represents a paradigm shift in how we approach

problem-solving in AI. By embracing the principles of adaptability, scalability, and

efficiency inherent in cross-domain transfer, we can continue to push the bound-

aries of what AI can achieve, making it more versatile, effective, and accessible

across various domains and applications.
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2.3 Zero-shot and Few-shot Learning

2.3.1 Zero-shot Learning

Zero-shot learning is a method that employs a collection of labeled training in-

stances within a particular feature space [74]; these instances are identified as the

seen classes [75]. Concurrently, within the same feature space, there is a set of un-

labeled test instances [76]. These instances correspond to a distinct set of classes,

which are referred to as the unseen classes. The nature of the feature space in

zero-shot learning is typically constituted by a space of real numbers. In this con-

text, each instance, whether labeled or unlabeled, is depicted as a vector situated

within this numerical space. A fundamental assumption in zero-shot learning is

the notion that each instance is exclusively associated with a single class, negating

the possibility of multi-class affiliation for any given instance [77].

Definition 2.3.1 (Zero-Shot Learning). Let Dtr be a set of labeled training in-

stances corresponding to seen classes S. Zero-shot learning refers to the process of

devising a classifier fu( · ) : X → U , which is trained on Dtr and capable of clas-

sifying test instances X te (i.e., predicting Yte) that belong to the unseen classes

U .

Based on the provided definition, we understand that zero-shot learning primarily

focuses on utilizing the knowledge from training instances, denoted as Dr
t , for the

purpose of classifying test instances. This approach is distinct because it involves

non-overlapping label spaces in training and testing phases. Essentially, zero-shot

learning is a specialized branch of transfer learning, as referenced in [114, 115].

Transfer learning involves transferring knowledge from a source domain and task

to a target domain to develop a model for the target task, as mentioned in [114,

115].

As per sources [23, 114], transfer learning can be divided into two types: homoge-

neous and heterogeneous, depending on the similarity of feature and label spaces

in the source and target domains/tasks. Homogeneous transfer learning maintains

the same feature and label spaces, whereas heterogeneous transfer learning deals

with different feature and/or label spaces. In the context of zero-shot learning, the

feature space for both training (source) and testing (target) instances is identical
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and denoted as X. However, the label spaces differ: the source label space com-

prises the seen class set S, and the target label space includes the unseen class set

U . Therefore, zero-shot learning falls under the category of heterogeneous trans-

fer learning, specifically a type that features different label spaces, abbreviated as

HTL-DLS [78].

Numerous methods have been developed for HTL-DLS, often under scenarios where

some labeled instances are available for the target label classes, as discussed in

[79]. However, zero-shot learning is unique in that it lacks labeled instances for the

target label space classes (unseen classes), setting it apart from other problems in

HTL-DLS [80].

2.3.2 Few-shot Learning

Few-Shot Learning (FSL) draws inspiration from the remarkable logical and ana-

lytical capabilities of humans and is frequently utilized in edge computing scenarios

[81]. This concept revolves around the idea of a computer program enhancing its

effectiveness in specific tasks and measurements through a modest amount of learn-

ing experiences. Notably, these learning experiences in FSL are quite limited [82].

This approach mirrors how human cognitive skills relate to distinct memory sys-

tems as highlighted by current neuroscientific studies. These systems include the

gradual learning process in the neocortex and the rapid learning mechanism in the

hippocampus, which correlate with FSL’s slow, data-oriented learning and quick,

feature-focused learning [83].

To fully comprehend FSL, it’s essential to understand two principal concepts: the

N-way-K-shot dilemma and cross-domain FSL [84]. The N-way-K-shot issue is a

fundamental challenge in FSL, characterized by a limited training dataset, known

as the support set, that serves as a reference during a testing phase. The query set,

where predictions are made, encompasses categories not encountered in the support

set. In a standard N-way-K-shot setting, the support set includes N categories, each

with K instances, making up a total of N*K instances. Thus, N-way-1-shot refers to

one-shot learning, while N-way-0-shot indicates zero-shot learning. Cross-domain

FSL, evolving from the principles of transfer learning, entails applying insights
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gained in one domain to another, often overcoming domain disparities. This fu-

sion of cross-domain elements with FSL principles marks a recent and complex

advancement in this area.

Due to restricted access to comprehensive datasets, Few-Shot Learning (FSL) is

typically dependent on a limited selection of examples [85]. This dependence often

results in biased estimations that don’t accurately represent the full spectrum of

data. This issue becomes particularly critical as it can negatively impact the accu-

racy of various tasks. To mitigate these challenges, several strategies are essential.

These include enhancing data through data augmentation techniques, delving into

the details of features within and between classes, and creating tailored images /

text to better approximate true data distribution [86].

Below are some key challenges and research problems in FSL:

• Sensitivity to Feature Reutilization: This aspect of FSL emphasizes the

accumulation of knowledge by leveraging extensive auxiliary datasets [87].

The methodology employs transfer learning techniques, wherein knowledge

from a primary, well-established domain is repurposed for a related, yet dis-

tinct target domain. This process typically involves pre-training for extract-

ing complex, high-dimensional features, followed by fine-tuning to make mi-

nor adjustments to the initial parameters. Although this strategy is effective

in enhancing the performance of specific tasks, it may encounter difficulties

in generalizing across diverse tasks. Moreover, there is a potential risk of neg-

ative knowledge transfer, particularly when there is a significant discrepancy

between the source and target domains.

• Adaptability to Future Tasks: Contrasting with transfer learning, meta-

learning in the context of FSL focuses on rapid adaptation from familiar

to novel tasks [88]. This approach involves the summarization of meta-

knowledge across a spectrum of tasks, thereby facilitating the efficient inte-

gration of future tasks. While meta-learning provides a comprehensive frame-

work for learning, its efficacy is somewhat constrained to scenarios where the

training and testing tasks bear resemblance. Challenges arise from its inflexi-

bility and the dependency on the underlying network architecture, which can

limit its applicability in diverse learning environments.
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• Limitations of Single-Modal Information in FSL: The dependence on

single-modal information in FSL presents obstacles in effective feature learn-

ing due to the inherent limitations in the information available [89]. Enriching

FSL with additional modalities, such as semantic assistance, can significantly

augment the learning process. This approach involves the introduction or

generation of semantic information, which serves as weak supervision. It en-

ables an adaptive classification strategy that works in conjunction with the

primary model, thereby enhancing the model’s ability to learn from limited

data through a more holistic understanding of the features and their rela-

tionships.

2.4 Pre-trained Langauge Models & Large Lan-

guage Models

2.4.1 Pre-trained Langauge Models

Since their initial development, Pre-trained Language Models (PLMs) [90] have

undergone substantial evolution, marking a significant shift in the field of Natural

Language Processing (NLP). This evolution began with the inception of ELMo,

a pioneering model that deviated from conventional static word representations

by introducing context-sensitive word representations [91]. Unlike earlier models

that treated words as fixed entities, ELMo employed a bidirectional Long Short-

Term Memory (LSTM) network, adding depth to the understanding of language

context. This model was distinguished by its two-phase training process: an initial

pre-training phase, followed by a task-specific fine-tuning phase [92].

Building upon ELMo’s foundation, the introduction of the Transformer architec-

ture marked a turning point in the field. The Transformer is celebrated for its

efficient parallel processing capabilities and innovative self-attention mechanisms,

which significantly enhance the model’s ability to understand language context.

This architecture set the stage for the development of BERT (Bidirectional En-

coder Representations from Transformers) [93]. BERT represented a leap forward

in the field by employing bidirectional training, which allowed for a more nuanced

understanding of language context. It achieved this by pre-training on a diverse
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range of large, unlabeled datasets using unique tasks designed to capture the intri-

cacies of language.

These advancements in context-aware word representations have substantially bol-

stered the performance of NLP tasks, leading to unprecedented improvements.

This progress has not only redefined the capabilities of language models but has

also ignited a wave of research in this domain. The ”pre-training and fine-tuning”

methodology, introduced by these models, has become a widely accepted and stan-

dard paradigm within NLP. In this approach, a PLM is first pre-trained on a

large corpus of data to understand language at a general level and then fine-tuned

for specific tasks, allowing for tailored applications across a spectrum of linguistic

challenges.

Following this trend, a multitude of studies have emerged, exploring various ar-

chitectural innovations and refinements. Models like GPT-2 [94] and BART [95]

are notable examples of this ongoing exploration, each contributing unique ele-

ments to the evolving landscape of PLMs. These models have continued the trend

of enhancing and refining the pre-training methods, further solidifying the signif-

icance of this approach. In essence, the paradigm of adapting a PLM to a wide

range of downstream tasks involves a meticulous process of fine-tuning, which is

pivotal in customizing the model’s capabilities to specific linguistic requirements

and applications.

2.4.2 Large Language Models

Recent studies in the field of artificial intelligence have unveiled a pivotal trend:

the augmentation of the data capacity in Pre-trained Language Models (PLMs)

markedly improves their efficacy across a diverse range of tasks. This trend is

exemplified by models like GPT-3 [96], which comprises an astounding 175 bil-

lion parameters, and PaLM, which boasts an even more impressive 540 billion

parameters. These findings are in harmony with the principles of the scaling law,

a theoretical framework that suggests a direct correlation between the size of a

model and its performance capabilities [97].

In contrast to their more modestly sized predecessors, such as the 330 million-

parameter BERT and the 1.5 billion-parameter GPT-2, these expansive models
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display a range of unique behaviors and capabilities. Notably, they exhibit emer-

gent abilities in managing complex tasks that were previously unattainable by

smaller models [98]. A prime example of this is the proficiency of GPT-3 in exe-

cuting few-shot tasks through in-context learning, a feat that is notably challenging

for its predecessor, GPT-2 [96].

This leap in performance and capability has led to the coining of the term ”large

language models (LLMs)” to describe these high-capacity PLMs. This nomen-

clature underscores their distinction from smaller models and highlights their ad-

vanced abilities. The interest in these LLMs has surged within the research com-

munity, given their transformative potential in various applications.

One of the most notable implementations of LLMs is seen in ChatGPT, which

utilizes the GPT series’ LLMs specifically for dialogic interactions [99]. ChatGPT

stands as a testament to the advanced conversational abilities of these models,

demonstrating an ability to engage in human-like dialogues with a level of so-

phistication and nuance that was previously unachievable in earlier iterations of

language models. This advancement not only marks a significant milestone in the

field of natural language processing but also opens new avenues for research and

application in human-computer interaction.

2.5 Related Tasks and Techniques

2.5.1 Named Entity Recognition (NER)

Named entities are specialized phrases within a text that distinctly mark the names

of individuals, organizations, geographical locations, among others [100]. To illus-

trate, consider the sentence, ”U.N. official Ekeus is en route to Baghdad.” This

statement highlights named entities such as ’U.N.’ and ’Ekeus.’ The identification

and systematic classification of these entities into predefined groups form a crucial

aspect of extracting information from texts, a process known as Named Entity

Recognition (NER). NER plays a pivotal role in structuring unstructured data by

discerning and categorizing essential elements of information.

This task, however, presents significant challenges, primarily due to two reasons

[101]. First, there is a notable lack of sufficiently annotated datasets for NER
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purposes across numerous languages and domains. Such datasets are essential for

training and evaluating NER systems, but their scarcity hampers progress in this

field. Second, the restricted scope and variability of the available data pose a

substantial barrier to achieving extensive generalization. This limitation is partic-

ularly evident in the constraints surrounding the diversity of words that can be

recognized as named entities. These challenges necessitate innovative approaches

in NER research, focusing on enhancing data availability and expanding the range

of identifiable entities for more effective information extraction and analysis.

2.5.2 Part-of-Speech (POS) Tagging

Part-of-speech (POS) tagging is a critical process in computational linguistics

where each word within a sentence is assigned to a specific grammatical cate-

gory [102]. This task is a cornerstone for numerous operations in natural language

processing (NLP) systems. It plays a pivotal role in enhancing the efficiency and

accuracy of various NLP tasks, such as syntactic parsing, which involves analyzing

the syntax of a sentence, and sentiment analysis, which focuses on determining the

emotional tone behind a body of text.

In recent times, the field has witnessed significant advancements in POS tagging

technologies [103]. Contemporary POS taggers are known for their high levels of

accuracy. For instance, in well-established benchmarks like the PTB-WSJ, these

taggers demonstrate an accuracy exceeding 97.96%, showcasing their robustness

in understanding and categorizing linguistic elements [104]. Furthermore, when

evaluated on a diverse array of 21 languages that are rich in linguistic resources, as

part of the UD 1.2 dataset, these systems maintain an impressive average accuracy

rate of over 96.50% [105]. Such figures are indicative of the substantial progress in

the field, highlighting the sophisticated nature of current POS tagging systems.

Despite these achievements, there remain notable challenges in the realm of POS

tagging. One significant issue is the variable performance of these systems across

different languages, especially those that are less-resourced. The accuracy of POS

taggers tends to decline in dealing with languages that have fewer linguistic re-

sources available for training and analysis. Additionally, these systems often strug-

gle with infrequent or rare words, reflecting a limitation in their ability to generalize
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from training data to real-world applications. This variation in performance un-

derscores the ongoing need for research and development in the field, aiming to

enhance the adaptability and inclusiveness of POS tagging systems across diverse

linguistic contexts.

2.5.3 Sentiment Analysis

Sentiment Analysis, a subfield of Natural Language Processing (NLP), involves

the systematic identification and categorization of the sentiment polarity embed-

ded within a text [106]. This process involves analyzing textual material, such

as tweets, and classifying them into distinct sentiment categories: positive, neg-

ative, or neutral. This classification is based on the emotional tone conveyed in

the text [107]. Leveraging both the textual data and its corresponding sentiment

labels, machine learning models can be adeptly trained to accurately predict the

underlying sentiment of the text.

The methodologies applied in Sentiment Analysis are diverse, encompassing several

approaches. These include machine learning-based techniques, which rely on algo-

rithmic models to learn from data [108]; lexicon-based strategies, which utilize a

predefined list of words associated with specific sentiments [109]; and hybrid meth-

ods [110], which combine elements of both machine learning and lexicon-based

approaches. Within the realm of Sentiment Analysis research, various special-

ized subcategories have emerged. These include multimodal sentiment analysis,

which integrates multiple types of data such as text and images; aspect-based sen-

timent analysis, focusing on specific aspects or features within the text; fine-grained

opinion analysis, which seeks to discern more nuanced sentiment categories; and

language-specific sentiment analysis, tailored to specific linguistic contexts.

In recent advancements, deep learning techniques, notably models like RoBERTa

[111] and T5 [112], have been instrumental in enhancing the performance of senti-

ment classifiers. These advanced models are trained using large datasets and are

evaluated based on metrics such as F1-score, recall, and precision, which are crucial

in determining the efficacy of the classifiers. To benchmark and evaluate these sen-

timent analysis systems, a variety of datasets are utilized. Notable among these are

the Stanford Sentiment Treebank (SST) [113], the General Language Understand-

ing Evaluation (GLUE) benchmark [114], and the IMDB movie review dataset
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[115]. These datasets provide a comprehensive framework for assessing the perfor-

mance of sentiment analysis models, ensuring their applicability and accuracy in

real-world scenarios.

Aspect-based Sentiment Analysis (ABSA) Traditional studies in sentiment

analysis have predominantly focused on determining the overall sentiment within

sentences or entire documents, as evidenced by references in the literature. This

approach usually operates under the assumption that a text exhibits a consistent

sentiment towards a singular topic. However, such an assumption often proves to be

inaccurate in the complexities of real-world contexts. In response to this limitation,

the last decade has witnessed an increasing shift towards Aspect-Based Sentiment

Analysis (ABSA) [107]. ABSA diverges from traditional sentiment analysis by

focusing on the sentiments directed towards specific entities or attributes within

these entities, rather than generalizing across the whole text. Within the scope

of this discussion, an entity can encompass a specific product in the E-commerce

sector, with attributes such as price and size [116]. Here, an entity can also be

conceptualized as a broader aspect. Thus, in our discourse, we refer to both entities

and their attributes under the umbrella term ”aspects.” The aim of ABSA is to

provide intricate opinion summaries at this aspect level, offering in-depth sentiment

insights crucial for a variety of downstream applications [117].

ABSA synthesizes a range of detailed sentiment analysis tasks, with the aspect

target being the focal point [118]. For example, in a hypothetical scenario, the

aspect targets could be ”Windows 8” and ”touchscreen functions”. A fundamen-

tal component of ABSA is Aspect Sentiment Classification (ASC), which entails

identifying the sentiment polarity associated with a specific aspect target [119].

However, it is not always possible to have a pre-determined aspect target. In such

instances, Aspect Term Extraction (ATE) plays a critical role in discovering these

targets [120]. Concurrently, Opinion Term Extraction (OTE) is instrumental in

pinpointing opinion terms that significantly shape the sentiment polarity of a sen-

tence or a specific target term [121]. The most intricate component of ABSA,

Aspect Sentiment Triplet Extraction (ASTE), endeavors to offer a holistic view

of sentiment information [122]. It does this by amalgamating an aspect target

term, its related opinion term, and the sentiment expressed, into a cohesive triplet.

An illustrative example of this could be the triplets: (”Windows 8”, ”not enjoy”,

Negative) and (”touchscreen functions”, ”not enjoy”, Negative).
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2.5.4 Task-oriented Dialogue System

Task-oriented dialogue systems represent a sophisticated integration of technology

designed to streamline a multitude of tasks through interactive language-based

communication [123]. These systems shine particularly in executing functions such

as arranging ticket purchases, booking dining experiences, and offering aid in cus-

tomer service scenarios [21]. At the heart of their operation lies a critical ability to

discern and consistently monitor a user’s specific needs during an exchange [124].

This is accomplished via a mechanism termed Dialogue State Tracking (DST) [125].

DST plays a pivotal role in identifying and preserving the user’s requirements, ar-

ticulated as slot-value pairs. Each of these pairs is a marker of an individual user

need, ensuring that the system’s replies are not only pertinent but also coherent.

The seamless functioning of these dialogue systems is anchored in four main com-

ponents [21, 126]. First, there is Natural Language Understanding (NLU), which

is tasked with interpreting the user’s oral or textual inputs. Following this, the

Dialogue State Tracking comes into play, keeping a detailed log of the ongoing

conversation and the user’s articulated needs. The third component, Dialogue Pol-

icy Learning, is instrumental in deciding the system’s subsequent course of action,

taking into account the present state of the dialogue. Finally, Natural Language

Generation (NLG) comes into the picture, which is responsible for crafting the

system’s spoken or written outputs.

Together, these components form a synergistic framework, enabling task-oriented

dialogue systems to emerge as indispensable tools in the realm of simplifying and

automating interactions across various sectors. Their ability to handle complex

tasks through intuitive language-based communication makes them a significant

asset in enhancing user experience and efficiency in several domains.

Dialogue State Tracking The concept of Dialogue State refers to a compre-

hensive summary of a dialogue’s progression up to a specific point, denoted as turn

t [127]. This summary is crucial as it equips the conversational system with all

the necessary information required to determine its subsequent course of action.

Essentially, the Dialogue State is a reflection of the user’s objectives within the

conversation, represented through a series of (slot, value) pairings. These slots,
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which are typically dependent on the specific domain of the conversation and pre-

defined in the Ontology O, capture the goals or intentions of the user. Each slot

is assigned a value that the user specifies to convey their conversational goal. For

instance, in a dialogue pertaining to restaurant reservations, the Dialogue State

at a particular turn might include pairs such as (FOOD, ITALIAN) and (AREA,

CENTRE), indicating the user’s preferences in terms of cuisine and location.

These slots fall into two categories: informable and requestable [125]. Informable

slots encompass attributes that users can specify during the conversation to estab-

lish constraints, whereas requestable slots consist of attributes that users might

inquire about from the system. In the context of restaurant reservations, for exam-

ple, slots like FOOD, AREA, and PRICE would be informable, allowing users to set

their preferences, while PHONE and ADDRESS would be requestable, providing

users with information upon request.

The process of tracking these Dialogue States is crucial for understanding the

progression of the conversation. This tracking involves identifying and maintaining

the user’s goals at each turn.

Dialogue State Tracking (DST) plays a vital role in this process. Its primary

function is to estimate the current Dialogue State by predicting the relevant slot-

value pairs at each turn. This prediction process can be executed in two distinct

ways: turn-level prediction and dialogue-level prediction [124].

Turn-level prediction involves an update mechanism that can either be rule-based

or learned. In the rule-based approach, the system makes predictions for the current

turn and then integrates these with the previous Dialogue State using predefined

rules. These rules might range from simple overwriting of values to more complex

probabilistic combinations. Alternatively, in the learned approach, a function is

trained to emulate the update process, taking into account both the previous Di-

alogue State and the current turn’s predictions to forecast the current Dialogue

State. This approach can be realized either through a dual-component system or

a unified end-to-end model [128].

On the other hand, dialogue-level prediction entails the model considering the

entire dialogue history at each turn to predict the complete Dialogue State. While

this method provides a comprehensive view of the current state, it may lead to
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inconsistencies as it does not take previous Dialogue States into account, potentially

leading to discrepancies between consecutive states.

Overall, the management and prediction of Dialogue States are fundamental to

the efficacy of conversational systems, ensuring they are responsive and relevant to

user inputs throughout the dialogue [129].

2.5.5 Relation Extraction

Relation Extraction (RE) constitutes a critical process in the field of computational

linguistics, where the primary objective is to deduce and categorize the relation-

ships and characteristics associated with entities within a given sentence [130]. To

illustrate, consider the sentence ”Barack Obama was born in Honolulu, Hawaii.”

In this context, the goal of a relation classifier is to accurately determine and as-

sign the specific relation, in this case, ”bornInCity”. This extraction process is not

merely a standalone task but serves as a foundational element in the construction of

relation knowledge graphs. Its significance extends deeply into various applications

of natural language processing (NLP), encompassing a wide range of functional-

ities including, but not limited to, structured search queries, sentiment analysis,

question-answering systems, and the generation of concise summaries. These ap-

plications demonstrate the profound impact and necessity of effective Relation

Extraction in advancing the capabilities and understanding within the domain of

NLP.

The importance of relation extraction goes beyond mere categorization [131]. It

acts as a cornerstone in the development of relational knowledge graphs. These

knowledge graphs are essential for visualizing and structurally representing the

relationships between various entities. By mapping out these relationships in a

graph format, it becomes easier for machines to understand and interpret complex

data, leading to more accurate and efficient processing of large volumes of text.

In the broader scope of Natural Language Processing (NLP), relation extraction

has profound implications [132]. Its applications are diverse and encompass several

key areas. For instance, in structured search queries, relation extraction allows for

more precise and context-aware search results [133]. In sentiment analysis, un-

derstanding the relationships between entities can provide deeper insights into the
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sentiments expressed in the text. Similarly, in question-answering systems, relation

extraction helps in accurately understanding the query and fetching the relevant in-

formation by understanding the relationships between different entities mentioned

in the knowledge base. Furthermore, in the generation of concise summaries, re-

lation extraction plays a pivotal role by identifying the most critical relationships

and entities, which need to be included in the summary for it to be coherent and

informative [134].

Additionally, the advancements in relation extraction have a significant impact on

the development of intelligent systems capable of understanding and interacting

with human language in a more sophisticated manner. These systems can be used

in various applications, such as virtual assistants, automated customer support,

and intelligent tutoring systems, where understanding the relationships between

entities is crucial for effective communication and information delivery.

Moreover, the effectiveness of relation extraction is continually being enhanced

through the integration of advanced machine learning techniques, such as deep

learning. These techniques enable more accurate and nuanced recognition of rela-

tionships, even in complex sentences with multiple entities and relationships. The

ongoing research and development in this field are directed towards making rela-

tion extraction models more robust, adaptable, and capable of handling a variety

of linguistic expressions and structures.

In conclusion, Relation Extraction is not just a component of computational lin-

guistics; it is a driving force behind many innovative applications in NLP [135].

Its ability to accurately interpret and categorize relationships between entities is

fundamental to the advancement of language understanding technologies. The on-

going improvements in this area are continually expanding the boundaries of what

machines can understand and achieve in the realm of natural language, marking

it as a field of critical importance and immense potential within computational

linguistics and NLP [136].

2.5.6 Data Augmentation using LLMs

From a data perspective, we group existing studies on LLM-based DA into four

categories: 1. Data creation which leverages the few-shot learning ability of LLMs
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to create a large synthetic dataset; 2. Data labeling which uses the LLM to label

existing datasets; 3. Data reformation which transforms existing data to produce

new data; 4. Co-Annotate which enables LLM-human collaboration to gather

high-quality augmentation data. This section discusses relevant papers in each

category.

2.5.6.1 Data Creation

Data Creation focuses on leveraging the few-shot learning ability of LLMs to quickly

create a large amount of synthetic data. It is most used in tasks with a large label

space. Data Creation with LLMs is a promising solution in specialized or private

domains, where annotations are usually difficult or expensive to collect. Dialogue

tasks are one example where specialized data is hard to collect. In medical dialogue

summarization, Chintagunta et al. [137] uses a powerful few-shot learner such as

GPT-3 to create synthetic medical dialogue summaries. By training models on a

mix of synthesized and human-labeled data, the algorithm can scale a few human-

labeled examples to yield results comparable to using 30x human-labeled examples.

Similarly, for general dialogue, Dialogic [138] is seeded with a few dialogues and

can automatically select in-context examples for demonstration and prompt LLMs

to generate annotated dialogues in a controllable way. Then, automatic verifica-

tion and revision methods are proposed to mitigate annotation errors. Results

show that performance greatly improves in low-resource scenarios. Wan et al. [139]

also attempt few-shot data augmentation on dialogue modeling. Aside from few-

shot learning, for emotional support conversations, AugESC [140] finetunes an LM

and prompts it to complete dialogues from collected posts. The post-training on

AugESC improves downstream dialogue models’ generalization abilities to open-

domain topics. For low-resource classification, LLM can be used to create synthetic

examples of a given label. Møller et al. [141] gives an example and its corresponding

label and instruct the LLMs to generate similar examples exhibiting the same label.

Resulting models yield better downstream performances on few-shot classification

but still lag behind human-annotated data. For other low-resource tasks such as

recommendation and intent detection, Data Creation can also effectively boost the

training data space. To gather better recommendations, Zhang et al. [142] gener-

ates a large amount of user-personalized instruction data with varying preference

and intention types. Then, the LLM is optimized using instruction tuning. The
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resulting model can obtain more accurate recommendations and outperform com-

petitive baselines, including GPT-3.5. For intent detection, Lin et al. [143] first uses

an LLM to generate synthetic examples in the context of the training set and then

uses Pointwise V-Information (PVI) to filter unhelpful examples. Sahu et al. [144]

prompts GPT-3 to generate labeled training data, which can significantly boost

the intent classifier’s performance for distinct intents but becomes less helpful with

semantically close intents.

Data Creation also helps in more general tasks by generating new training datasets.

For information retrieval, Bonifacio et al. [145] uses few-shot prompting with LLMs

to generate synthetic training datasets consisting of query-document pairs. Re-

trieval models finetuned with the augmented data significantly outperform unsu-

pervised models. For reasoning, Logi-CoT [146] gathers a new instruction-tuning

dataset by prompting GPT-4 and is used for teaching models to elicit general rea-

soning skills. Moreover, Data Creation is helpful for model performance distillation.

To distill LLMs’ reasoning performances to smaller models, Fine-tune-CoT [147]

uses zero-shot CoT prompting to generate rationales from teacher models and use

them to fine-tune smaller student models. The resulting performance improve-

ments are stable across dataset size, teacher performance, etc. To reduce the need

for manual annotation in reasoning tasks, Automate-CoT [148] automatically gen-

erates pseudo-CoTs from a small labeled dataset and then prunes and selects an

optimal combination for CoT prompting. Similarly for instruction-following, Peng

et al. [149] uses GPT-4 to generate an instruction-following dataset and feedback

data. The resulting instruction-tuned LLaMa models can lead to comparable per-

formance with the original GPT-4. To aid multilingual commonsense reasoning

tasks, Whitehouse et al. [150] provides LLMs with instructions and examples from

the original training data, prompting them to generate new and diverse examples.

By training with augmented data, significant cross-lingual performance improve-

ments are observed on smaller models.

To systematically study the behavior of such data creation methods and improve

upon current few-shot prompting methods, Meng et al. [151] attempts to first tune

an LM on few-shot examples and then use it as a generator to synthesize a large

amount of novel training samples. The resulting approach could augment task

performances than existing few-shot learning methods.
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2.5.6.2 Data Labeling

Data Labeling seeks to utilize the general language comprehension abilities of LLMs

to annotate unlabeled datasets. It is primarily useful in tasks that have a large

enough unlabeled data corpus, such as cross-lingual and multimodal tasks. To

evaluate LLMs’ potential in data labeling, Törnberg [152] studies the zero-shot

annotation ability of GPT-4 on labeling political Twitter messages with political

tendencies. Compared to human workers, the LLM annotations display higher ac-

curacy and lower bias. Similarly, Zhu et al. [153] observes that, in social computing

tasks, ChatGPT has the potential to accurately reproduce human labels. Notably,

annotations from open-source LLMs [154] and ChatGPT [155] can surpass crowd-

worker performance on annotation tasks. For annotating low-resource tasks such

as goal-oriented dialogues [156] and speech emotional data [157], the quality of

ChatGPT annotations is on par with human-generated labels. However, Bansal

and Sharma [158] observes that simply annotating can sometimes worsen general-

ization. Thus, it proposes conditional sampling to optimize the tradeoff between

informativeness and budget.

Cross-lingual tasks mostly contain a large unlabeled corpus, which could benefit

from data labeling. Therefore, Zhang et al. [159] uses different prompting strategies

to augment machine translation (MT) data. It tries augmenting monolingual data

using back-/forward-translation via zero-shot prompting, which still suffers from

limitations such as generalization and unstable transfer performances. Similarly,

Meoni et al. [160] annotates training data for multilingual clinical entity extraction

with LLMs. After fine-tuning smaller models with augmentations, they display

promising results for information extraction (IE) tasks.

Data labeling is also promising for multimodal applications. For data-scarce Vi-

sual Question Answering (VQA) tasks, Khan et al. [161] utilizes a Self-taught Data

Augmentation (SelTDA) framework to generate pseudo labels from unlabeled im-

ages. The pseudo-labeled data could then improve VQA task performance and

robustness. Combining multi-modality with reasoning, T-SciQ [162] further dis-

tills LLMs’ reasoning abilities in multimodal tasks by asking the teacher model to

produce CoT rationales. As a result, it achieves state-of-the-art performance in

scientific QA.
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2.5.6.3 Data Reformation

Data Reformation techniques attempt to reformulate the existing data into more

variations for more fine-grained augmentation. Such reformation techniques could

naturally aid in counterfactual generation tasks, which reforms existing data to its

counterfactual version. Disco [163] uses LLMs to generate high-quality counterfac-

tual data at scale. It first uses in-context learning with GPT-3 to generate phrasal

perturbations, then uses a task-specific teacher model to filter and distill high-

quality counterfactual data. Models trained using the generated counterfactuals

display improved robustness and generalization across distributions. For retrieval-

augmented generation, CORE [164] uses GPT-3 to generate counterfactual edits

to the input conditioned on the retrieved excerpts. The perturbations then help

mitigate model bias and improve performance on out-of-distribution (OOD) data.

Data Reformation could also quickly diversify the original dataset by forming data

pairs. For conspiracy detection, Korenčić et al. [165] asks GPT-3 to rephrase tweets

with original labels to augment training. To generate useful variations of the pre-

training datasets of large vision models, ALIA [166] uses LLMs to generate image

descriptions and augment the training data via language-guided image editing. By

leveraging LLMs to the image domain, ALIA surpasses traditional data augmen-

tation methods on fine-grained classification tasks. For Named Entity Recognition

(NER), Sharma et al. [167] generates paraphrases while retaining inline annotation

for entities. Among other PLMs, GPT-3 is

able to generate high-quality paraphrases, yielding statistically significant improve-

ments in NER performance.

For more general tasks, Data Reformation could help to diversify and broaden the

original dataset. AugGPT [168] tries to overcome the challenge of few-shot and

data-scarce NLP tasks by rephrasing each sentence in the training samples into 6

semantically similar sentences. Experiments show that such an approach surpasses

state-of-the-art text data augmentation methods in augmentation distribution and

testing accuracy. For effective knowledge distillation, GPT3Mix [169] extracts

sample sentences from the task-specific training data, embeds these samples in the

prompt, and asks the LLM to generate an augmented mixed sentence influenced

by the sample sentences. Guo et al. [170] asks GPT-3.5 and GPT-4 to rewrite

or generate question-answer pairs with zero-shot prompting. Fine-tuning with
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the refined and diversified training set then successfully distils medical question-

answering abilities to smaller models.

2.5.6.4 Co-annotation

Co-annotation refers to the collaborative annotation process between humans and

LLMs. By combining both annotation approaches, Co-annotation can reduce anno-

tation costs and improve annotation performance at the same time. Firstly, Li et al.

[171] proposes CoAnnotating, which allocates a given datapoint to be annotated

by humans or by LLMs by computing the uncertainty level of LLM’s annotations.

With efficient human-AI collaboration, it provides insights into the tradeoff be-

tween annotation quality and annotation cost. To assist human annotators with

explanations, Bertaglia et al. [172] asks the LLM to identify relevant features, such

as text tokens, as assistive explanation. The approach improves inter-annotator

agreement, annotation accuracy, and annotators’ confidence, eventually leading to

more transparency. Using human feedback to direct LLM annotations could also

effectively generate high-quality data. Diagen [173] uses an LLM to iteratively

generate dialogues in protected data domains, where human feedback is used to

correct inconsistencies or redirect the flow in sub-dialogues. As a result, fine-tuning

or in-context learning with the annotated data shows significant model performance

improvements. Similarly, ToolCoder [174] uses human-written input-output pairs

as prompts to guide chatGPT to annotate a tool-augmentation dataset. Then,

the annotated data is filtered to ensure quality. After fine-tuning with the an-

notated data, ToolCoder can achieve comparable performance with ChatGPT on

code generation.



Chapter 3

Generation-Based Data

Augmentation Approach for

Low-Resource Information

Extraction

3.1 Background

A substantial volume of training data is crucial for the efficacy of neural models,

particularly in the case of larger networks. Increasing the quantity of training data

aids in mitigating overfitting and enhancing the robustness of the model. Never-

theless, the creation of a significant amount of annotated data typically involves

considerable expense, extensive labor, and a lengthy process. In the realm of syn-

thetic data generation, data augmentation [175] emerges as a valuable strategy.

This technique is extensively applied in fields like computer vision [176–178] and

speech recognition [179, 180].

While it’s relatively straightforward to implement data augmentation methods in

fields like computer vision and speech through techniques like rotation, cropping,

and masking, these methods are more difficult to apply in natural language pro-

cessing (NLP). This complexity arises because languages don’t lend themselves to

a set of general, handcrafted rules for transformation. In contrast to visual data,

where simple distortions typically don’t alter the underlying meaning, in language

45
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Figure 3.1: A demonstration of sentence linearization with labels involves
coupling each word with its corresponding tag, typically by positioning the tags
either before or after the words. In this process, the O tags are omitted.

processing, even a minor change such as deleting or replacing a single word can

drastically shift the entire meaning of a sentence.

A notable strategy for data augmentation in Natural Language Processing (NLP)

is ’back translation’ [181–184]. This involves employing a translation model to

convert sentences from the target to the source language, creating synthetic parallel

sentences, namely back translation. Additional effective techniques comprise the

systematic rearrangement of dependents in gold data to produce synthetic data for

dependency parsing [185], utilizing knowledge bases for question generation [186],

and adopting simulation-based methods to create a series of foundational toy tasks

for QA [187]. Furthermore, methods like synonym substitution, random deletion,

swapping, insertion, and generation using Variational Autoencoders (VAE) or pre-

trained language models are frequently applied in various NLP tasks [18, 188–191],

particularly in translation and classification.

In contrast to downstream tasks such as translation and classification, sequence tag-

ging demonstrates increased sensitivity to data augmentation disturbances, owing

to its detailed (token-level) nature. Employing methods like annotating unlabelled

data with a basic tagger, utilizing parallel bilingual texts to generate annotations,

and applying synonym substitution are three explored strategies for enhancing se-

quence tagging [192–194]. However, these approaches have drawbacks. The use

of weakly labeled data typically results in additional noise. Notably, tagging un-

labeled data with a rudimentary tagger demands both domain-specific data and

expertise, to avoid the risk of domain-shift issues [195]. The application of paral-

lel bilingual texts necessitates extra resources that might not be present for less

common languages. Synonym replacement generally depends on supplementary

information sources like WordNet [196], a manually curated lexicon that may lack

comprehensive coverage for less widely spoken languages.
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In this chapter, we explore the use of data augmentation via a generative approach

for sequence tagging tasks. Initially, we convert the labeled sentences into a lin-

ear format, as illustrated in Figure 3.1. Following this, a language model (LM)

is developed based on the linearized data, enabling the creation of synthetic la-

beled data. This approach differs from the use of weak taggers for labeling new

data, as it integrates the processes of sentence creation and labeling through a

LM. Specifically, we train the LM to generate a word and its associated tag si-

multaneously (for example, ”B-PER Jose”), selecting tag-word pairs with a higher

likelihood during generation. Our technique does not depend on external resources

like WordNet. However, it remains adaptable to incorporate resources like unla-

beled data or knowledge bases, employing a straightforward yet efficient conditional

generation method.

While recent studies [18, 190, 191] have applied LM in data augmentation, their

techniques are specific to sentence-level tagging, making them suitable only for clas-

sification tasks. In the domain of natural language processing (NLP), sentence-level

augmentation strategies, while beneficial in various tasks such as text classifica-

tion, are often inapplicable to sequence labeling tasks like named entity recogni-

tion (NER) and part-of-speech (POS) tagging. This inapplicability arises because

sentence-level augmentations typically alter the structure or meaning of the en-

tire sentence, potentially disrupting the sequential dependencies and contextual

integrity crucial for accurate sequence labeling. For instance, an augmentation

strategy that rephrases a sentence might change the position or context of enti-

ties, thereby confusing the labeling model. Consider the sentence ”Barack Obama

was born in Hawaii.” A synonym replacement augmentation that changes ”born”

to ”originated” can obscure the entity ”Hawaii” as a place of birth, leading to

incorrect labeling.

Contrary to these approaches, our work is pioneering in using generative language

models to create detailed synthetic data from the ground up for sequence tagging

tasks. This innovation presents a novel approach in data augmentation within

the field of NLP. Additionally, our methodology isn’t dependent on large, pre-

trained models. Instead, we use a straightforward, single-layer recurrent language

model [197], which is easier to train. The performance of our method is promising,

showing significant results with training on a limited dataset of just a few thousand

sentences.
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In order to assess the efficacy of our approach, we carried out a wide range of

experiments across various sequence tagging tasks such as named entity recogni-

tion (NER), part-of-speech (POS), and end-to-end target based sentiment analysis

(E2E-TBSA). Our approach shows superior performance compared to the baseline

methods in both supervised and semi-supervised scenarios. Unlike the baseline

methods, our approach creates new synthetic data from the ground up, thereby

adding more variety to minimize overfitting. In semi-supervised settings, our ap-

proach exhibits a robust capacity to utilize valuable insights from unlabeled data

and knowledge bases.

3.2 Task Introduction

Named Entity Recognition (NER) Named entities are phrases in text that

represent the names of people, organizations, locations, and similar entities. An

example of this is, “[ORG U.N.] official [PER Ekeus] heads for [LOC Baghdad].”

The process of identifying and categorizing named entities in text into predefined

categories is a crucial aspect of information extraction, commonly known as named

entity recognition (NER) [198–200]. This task is notably challenging for a couple

of reasons [100]: firstly, for NER, there is often a scarcity of manually annotated

training data across various languages and domains; secondly, the limited training

data makes it hard to achieve broad generalization due to restrictions on the types

of words that can serve as names.

Part-of-Speech (POS) Tagging In the field of natural language processing

(NLP), part-of-speech (POS) tagging plays a crucial role. This process involves

assigning a grammatical category to each word in a sentence. Such tagging is es-

sential for NLP systems, aiding in essential operations like syntactic parsing [201]

and fine-grained sentiment analysis [202]. The latest POS tagging models have

shown impressive accuracy, exceeding 97.80% on the PTB-WSJ dataset [104, 203]

and averaging over 96.50% in test accuracy across 21 high-resourced languages in

the UD 1.2 framework [204]. Nevertheless, these models face challenges, partic-

ularly a notable drop in accuracy when dealing with languages that have limited

resources and uncommon words [105, 205].
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Target Based Sentiment Analysis Target-based sentiment analysis is an es-

sential component of sentiment analysis, focusing on identifying sentiment targets

within sentences and determining the sentiment expressed towards these targets

[202, 206–208]. Consider the statement, ”USB3 Peripherals are noticeably less ex-

pensive than the ThunderBolt ones.” Here, the sentence highlights two sentiment

targets: ”USB3 Peripherals” and ”ThunderBolt ones,” with the former receiving

positive sentiment and the latter negative. Li et al. (2019) introduced an end-to-

end approach for target-based sentiment analysis (E2E-TBSA), transforming this

analysis into a tagging task. This method simultaneously addresses target identifi-

cation and sentiment classification by assigning unified tags. For instance, the tag

”B-POS” signals the start of a positively viewed target. Thus, the given example

is annotated as, ”[B-POS USB3] [E-POS Peripherals] are noticeably less expensive

than the [B-NEG ThunderBolt] [E-NEG ones]” [208, 209].

3.3 Proposed Method

We introduce an innovative approach for enhancing data in sequence tagging as-

signments. Initially, we transform labeled sentences into a linear format, after

which we employ a language model to comprehend the word and tag distribution

within these linear sequences. This aids in creating artificial training material. Ad-

ditionally, we suggest a method for conditional generation that leverages unlabelled

data and knowledge bases when accessible.

3.3.1 Linearized Labeled Sentence

Initially, we conduct sentence linearization, transforming labeled sentences into

sequential formats. This allows language models to effectively understand and

learn the patterns of words and tags present in the original, high-quality data. As

demonstrated in Figure 3.1, during this linearization process, tags are placed before

their respective words, serving as their modifiers. In cases involving tasks where O

tags are common, such as NER and E2E-TBSA [208], we exclude these tags from

the linear sequences. In a similar vein, it’s possible to position tags subsequent to

their related words.
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Figure 3.2: Language model architecture with LSTM.

Following the linearization of sentences, we introduce unique tokens, [BOS] at the

start and [EOS] at the end of every sentence.

3.3.2 Data Generation via Language Modelling

When sentences with labels are linearized, language models become effective in un-

derstanding the patterns of word and tag distributions. In our approach, we employ

a one-layer LSTM (Long Short-Term Memory) recurrent neural network language

model (RNNLM), similar to the model introduced by [197]. The architecture of

our RNNLM is depicted in Figure 3.2.

Language Modeling In the training of Recurrent Neural Network Language

Models (RNNLM), the objective is to optimize the model for enhanced accuracy

in predicting subsequent tokens. This process initiates with the input of a sen-

tence, represented by a sequence of tokens (w1, w2, . . . , wN). These tokens are then

processed through an embedding layer, which maps them to their respective em-

beddings (1,2 , . . . ,N ), with N denoting the length of the sequence. Subsequently,

a dropout layer is employed on each token embedding t, resulting in the generation

of t = (t). Following this, the sequence (1,2 , . . . ,N ) is inputted into a Long Short-

Term Memory (LSTM) network. This LSTM network is responsible for producing
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Figure 3.3: This illustration presents a case of conditional generation. The
initial sequence originates from a dataset with verified named entity recognition
(NER) annotations. The subsequent sequence is derived from a dataset devoid
of labels, hence the absence of annotations. In the final sequence, labels are
assigned based on matches with a knowledge base. However, the term ’Asakusa’
remains unlabeled, indicative of gaps in the knowledge base’s coverage.

a hidden state t = (t,t−1 ) at each sequential position t. To further enhance the

model, another dropout layer is applied to these hidden states, thereby computing
′
t = (t).

In the proposed framework, the final prediction of the subsequent token within the

sequence is accomplished through the application of a linear layer combined with

a softmax function. This process is contingent on the premise that the position of

a given token wt within the vocabulary is denoted as i∗. The training objective is

succinctly encapsulated in Equation 3.3:

t−1=
T ′

t−1 (3.1)

pθ(wt|w<t) =
exp(t−1,i∗)∑V
i=1 exp(t−1,i)

(3.2)

p(w1, w2, . . . , wN) =
N∏
t=1

pθ(wt|w<t) (3.3)

Within this context, V represents the vocabulary’s total size, ∈ Rr×V symbolizes

a trainable weight matrix, with r being the dimension of the LSTM hidden states.

Moreover, t−1,i signifies the i-th component of t−1.

Data Generation Upon completion of the Recurrent Neural Network Lan-

guage Model (RNNLM) training, it becomes feasible to employ this model for the

generation of synthetic training data applicable to tagging tasks. The generation

process initiates with the exclusive input of the [BOS] token into the RNNLM.

Subsequently, the sequence of tokens is determined through sampling, with each

token’s likelihood of selection deriving from the probabilities calculated as per
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Equation 3.2. Commencing with [BOS], sentence formation proceeds in an autore-

gressive manner, utilizing the token generated in the preceding step as the input

for the subsequent token generation.

Equation 3.2 elucidates that during the generation phase, the RNNLM exhibits

a propensity to select tokens that manifest higher probabilities. The inherent

randomness of the sampling process enables the RNNLM to opt for tokens that

are contextually similar. Consider a scenario where tags are inserted prior to their

corresponding words in the process of sentence linearization for the purpose of

RNNLM training. In this context, when the RNNLM is tasked with predicting

the next token following the input “I have booked a flight to”, the probability

of generating “S-LOC” is markedly higher compared to other options. This is

attributed to the RNNLM’s exposure to a multitude of analogous instances in

the training data, such as “a train to S-LOC”, “a trip to S-LOC”, and so forth.

Subsequent to this, the model engages in predicting the word that follows “I have

booked a flight to S-LOC”. In the training dataset, every instance of “S-LOC” is

succeeded by a location-specific word. Consequently, words like “London”, “Paris”,

“Tokyo”, etc., emerge as viable selections, with their respective probabilities being

comparably similar. The randomness incorporated into the model permits the

selection of any of these options. In scenarios where tags are appended post the

corresponding words, token prediction unfolds in an analogous manner, with the

distinction that words are anticipated prior to the tags.

3.3.3 Post-Processing

The sequences produced are initially in a linearized configuration and necessitate

reformatting to align with the structure of the benchmark data. Furthermore, this

study proposes a set of basic yet effective rules for purifying the generated dataset:

1) Elimination of sentences devoid of tagging; 2) Removal of sentences consisting

exclusively of the placeholder [unk]1; 3) Exclusion of sentences with erroneous

sequencing of tag prefixes (for instance, the presence of E-LOC preceding B-LOC

in Named Entity Recognition (NER) datasets); 4) Discarding sentences that exhibit

identical word sequences but bear disparate tags.

1To streamline the vocabulary for language model training, infrequent words appearing only
once in the training corpus are substituted with the [unk] token.
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3.3.4 Conditional Generation

In this chapter, we introduce a novel method for conditional generation, designed

to enhance language models through the utilization of unlabeled data or knowledge

bases, particularly in scenarios where resources are limited. For instance, annotat-

ing substantial volumes of e-commerce product titles for Named Entity Recognition

(NER) can be prohibitively costly, whereas acquiring a knowledge base (such as

a dictionary) of product attributes and unlabeled data is more feasible. Our ap-

proach involves prefixing each sequence with one of the designated condition tags

{[labeled], [unlabeled], [KB]} to identify its source. Here, KB indicates that the se-

quence has been labeled through a comparison of a knowledge base with unlabeled

data, as illustrated in Figure 3.3. This strategy enables the language model to as-

similate shared information across these sequences while recognizing their distinct

origins. In the process of generating synthetic data, each word is generated in re-

lation to the specified condition tag [labeled], symbolized as c (conditioning class).

This tag is then incorporated into the language model, resulting in all subsequent

Long Short-Term Memory (LSTM) hidden states containing information about

c. Moreover, also encapsulates details from all preceding tokens in the sequence.

Consequently, when predicting the succeeding token based on t−1, the probability

pθ(wt|w<t) in Eq. 3.2 is modified to pθ(wt|w<t, c).
2 This methodology aligns with

the approach employed in CTRL [210], which is utilized to modulate style and

task-specific behaviors in text generation.

3.4 Experiments

In this section, the experimentation conducted under supervised and semi-supervised

frameworks is delineated. Within the confines of the supervised framework, the

augmentation process exclusively utilizes gold data (ground-truth data). Con-

versely, the semi-supervised framework extends its reliance to incorporate both

unlabeled data and knowledge bases, in addition to the gold data.

2Notably, the condition tag c is also part of w<t as it is a unique token added at the start of
each sentence. However, it is explicitly mentioned here to highlight its conditional influence.
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3.4.1 Base Models

Language Model In this chapter, the synthetic data generation process em-

ploys the language model delineated in Section 3.3.2. Adaptations were made to

the decoder of the LSTM-LM model, as detailed in [211], to facilitate the imple-

mentation of this language model. The LSTM hidden state and embedding sizes

were configured to 512 and 300, respectively. For regularization, a dropout rate of

0.5 was applied to both dropout layers. The training of all language models utilized

Stochastic Gradient Descent (SGD) with an initial learning rate of 1 and a batch

size of 32. The learning rate was subject to a decay factor of 0.5 in subsequent

epochs, contingent upon the absence of improvement in perplexity on the develop-

ment set. The training process was capped at a maximum of 30 epochs, with an

early termination clause activated if there was no improvement in perplexity on the

development set across three consecutive epochs. In the synthetic data generation

phase, the average length of gold sentences from the training set was used as the

benchmark for maximum sentence length.

Sequence Tagging Model In the experiments, a BiLSTM-CRF model, as de-

scribed by [100], was deployed within the context of the Flair framework [212] to

assess the effectiveness of a novel data augmentation technique on Named Entity

Recognition (NER) and Part-of-Speech (POS) tagging tasks.3 The implemented

model consists of a single-layer BiLSTM, equipped with a hidden state size of 512.

To mitigate overfitting, dropout layers were integrated both preceding and succeed-

ing the BiLSTM layer, maintaining a dropout rate of 0.5. Training of all sequence

tagging models was conducted using the Adam optimizer [213], starting with an

initial learning rate of 1e-3 and a batch size of 32. The learning rate was subject

to a 0.5 reduction if no performance improvement was observed on the develop-

ment set over three consecutive epochs. Training was terminated either when the

learning rate fell below 1e-5 or upon reaching 100 epochs. For all languages, the

pre-trained 300-dimensional fastText word embeddings [214] were employed.

We utilize fundamentally simple basic models for several reasons. Firstly, these

models aid in mitigating the risk of overfitting, a concern that arises from the

limited data availability inherent in low-resource settings. Secondly, they facilitate

3For evaluation of the end-to-end target-based sentiment analysis task, the baseline model
from the original study was utilized.
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a more accurate comprehension of the impacts attributed to the data augmentation

method we propose.

3.4.2 Supervised Experiments

To assess the efficacy of our proposed data augmentation technique within su-

pervised learning contexts, we conducted evaluations across three distinct tagging

tasks: Named Entity Recognition (NER), Part-of-Speech (POS) tagging, and End-

to-End Task-Based Sentiment Analysis (E2E-TBSA). In contrast to many exist-

ing studies that incorporate supplementary data, our approach was benchmarked

against a baseline method of random deletion (rd), as described by Wei and Zou

[189]. This method entails the arbitrary elimination of 5% of words4 along with

their associated tags from the training dataset. For a comprehensive overview of

the methodologies employed in our supervised experiments, refer to Table 3.1.

Method Description

gold This approach exclusively utilizes the gold
data.

gen This is our proposed methodology. It in-
volves the generation of synthetic data utiliz-
ing language models, coupled with an over-
sampling of the gold data.

rd A baseline approach. It generates synthetic
data through a process of random deletion,
followed by oversampling of the gold data
in a ratio identical to that used in the gen
method.

rd* Another baseline approach, bearing resem-
blance to rd. However, it differentiates itself
by ensuring equal sampling proportions be-
tween the gold and synthetic data.

Table 3.1: Data sources for the supervised setting.

3.4.2.1 Named Entity Recognition

Dataset The efficacy of our proposed methodologies was evaluated on the

CoNLL2002/2003 NER datasets [215, 216], encompassing four distinct languages:

English, German, Dutch, and Spanish. Additionally, the evaluation extended to

4In the cases of NER and E2E-TBSA, if a selected word is part of an entity span, the entire
entity is removed.
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NER datasets in Thai and Vietnamese, specifically focusing on product titles

sourced from leading e-commerce platforms in Southeast Asian nations. These

datasets were meticulously annotated with eleven product attribute NER tags,

namely PRODUCT, BRAND, CONSUMER GROUP, MATERIAL, PATTERN,

COLOR, FABRIC, OCCASION, ORIGIN, SEASON, and STYLE. The compre-

hensive statistics pertaining to the Thai and Vietnamese NER data utilized in our

experiments are delineated in the Appendix.

Experimental Settings To assess our methodology, we not only used the com-

plete training dataset but also took random samples of 1k, 2k, 4k, 6k, and 8k

sentences from each language to check its effectiveness in situations with limited

resources. The training involved using these sampled sentences to create synthetic

training data, as outlined in Section 3.3, while retaining the original development

and test data.

We then produced 1k-sentence batches using the trained language models. In these

batches, we tracked the emergence of new 1-gram tokens. Data generation ceased

when 99% of these tokens were found in prior batches. Following this, we refined

the data as per Section 3.3.3 and integrated it into the primary training set for

the tagging model. For the rd and gen scenarios, we enhanced the gold data by

fourfold repetitions in a shuffled order within the training set. In cases of random

deletion, we also evaluated scenarios where gold and synthetic data were utilized in

equal measure, indicated as rd*. Further information about the parameters used

for determining these oversampling ratios is available in Appendix A.3. Consistent

with [100], we employed the IOBES tagging system for training both the language

and sequence tagging models.

Results and Analysis The summarized findings are presented in Table 3.2,

which reflects the mean outcomes from three trials. Across all languages, our

approach consistently enhanced performance. This improvement is notably more

pronounced in smaller sampled datasets. Specifically, in comparison to the baseline

methods, our proposed technique attained an average enhancement of 1.93 and 1.38

points in the 1k and 2k configurations, respectively.
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Lang. Method 1k 2k 4k 6k 8k all

en

gold 58.06 67.85 74.55 77.16 80.30 83.04
+rd* 59.42 67.23 74.51 77.39 80.31 83.39
+rd 58.97 67.81 74.77 77.35 80.59 83.25
+gen 61.15 70.61 76.82 79.18 81.02 83.74

de5

gold 29.71 41.07 49.55 53.30 56.17 61.10
+rd* 29.89 40.29 49.27 52.33 55.70 60.69
+rd 30.83 40.36 49.24 53.54 55.60 60.55
+gen 31.83 40.92 49.79 53.63 56.94 62.44

es

gold 58.14 67.42 74.21 77.44 78.90 79.27
+rd* 58.22 66.98 75.08 77.64 79.11 80.01
+rd 59.67 68.53 75.21 77.79 79.12 80.26
+gen 61.76 68.62 76.15 78.20 79.83 80.73

nl

gold 37.04 48.61 57.78 61.08 64.59 70.89
+rd* 35.10 46.45 56.83 60.49 63.09 69.42
+rd 39.39 48.44 59.38 61.48 64.44 70.36
+gen 38.87 50.41 59.90 63.19 65.82 72.71

vi

gold 55.98 62.42 69.01 70.75 72.12 76.14
+rd* 55.67 63.57 68.47 70.87 72.08 76.43
+rd 56.24 63.08 68.63 71.15 72.22 76.83
+gen 60.01 65.43 70.36 72.55 74.11 77.39

th

gold 49.88 55.79 61.75 63.10 64.94 67.71
+rd* 50.46 56.98 62.12 64.19 66.47 67.81
+rd 50.52 57.42 61.51 64.59 66.07 67.97
+gen 54.02 59.36 63.94 66.21 68.05 69.86

Table 3.2: Named entity recognition micro F1.

Tag-Word vs. Word-Tag Section 3.3.1 outlines two approaches for sentence

linearization: firstly, placing tags before the words they correspond to (Tag-Word),

and secondly, positioning tags after these words (Word-Tag). When other variables

remain constant, Tag-Word demonstrates superior performance over Word-Tag in

NER tasks, a finding detailed in Appendix A.2. This could be attributed to the

alignment of Tag-Word with the commonly seen Modifier-Noun structure in lan-

guage modeling training data. Hence, Tag-Word is the chosen method for all NER

experiments.

3.4.2.2 Part of Speech Tagging

Dataset Our evaluation of this task utilizes Part-of-Speech (POS) data obtained

from the Universal Dependencies treebanks6. This evaluation encompasses five lan-

guages: English, Spanish, Czech, Romanian, and Japanese. Within the Universal

Dependencies treebanks, each of these languages is represented by several corpora.

To create a consolidated dataset for three of the languages — English, Spanish,

6https://universaldependencies.org/
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Lang. Method 1k 2k 4k 6k 8k Full

en

gold 79.18 82.17 85.83 88.62 90.21 93.00
+rd* 79.28 82.42 85.82 88.55 90.07 92.89
+rd 79.38 82.50 86.08 88.80 90.15 92.96
+gen 79.76 82.90 86.31 88.99 90.56 93.29

es

gold 88.28 90.79 92.82 93.80 94.43 96.40
+rd* 88.25 90.94 92.84 93.76 94.48 96.41
+rd 88.17 90.78 92.79 93.67 94.28 96.45
+gen 88.77 91.04 93.12 93.93 94.64 96.45

cz
gold 80.10 84.46 88.88 90.67 92.03 97.52
+rd* 79.83 84.29 88.64 90.43 91.95 97.57
+rd 80.11 84.50 88.99 90.66 91.86 97.60
+gen 80.65 85.17 89.58 91.22 92.49 97.63

ro7

gold 86.69 89.57 92.73 93.84 94.54 94.54
+rd* 86.42 89.58 92.50 93.89 94.64 94.64
+rd 86.62 89.46 92.55 93.84 94.73 94.73
+gen 87.29 90.66 93.44 94.61 95.17 95.17

ja8

gold 90.19 91.44 93.59 94.41 - 95.08
+rd* 90.00 91.41 93.66 94.62 - 94.93
+rd 89.53 91.76 93.62 94.59 - 95.18
+gen 91.00 92.51 94.12 95.21 - 95.45

Table 3.3: POS tagging accuracy.

and Czech — we combine these multiple corpora. Specifically, for English, the

corpora GUM, ParTUT, PUD, and Lines are merged. In the case of Spanish, the

AnCora and GSD corpora are amalgamated. For Czech, the merger includes PDT,

FicTree, CLTT, and CAC. Additionally, our model has undergone evaluation using

Japanese (GSD) and Romanian (RRT ) datasets, which represent languages either

spoken by smaller populations or belonging to distinct language families.

Settings and Results Our approach adopts comparable experimental config-

urations as used in the NER task. We employ the identical language model and

the BiLSTM-CRF model for creating synthetic data and conducting POS tagging,

respectively. Unlike NER, the Word-Tag model exhibits a marginally superior

efficacy in POS tasks (see Appendix A.2).

The mean Word-Tag outcomes across three trials are depicted in Table 3.3. Our

strategy shows a uniform enhancement in performance across all languages. Echo-

ing the patterns observed in NER, our approach marks a more pronounced improve-

ment in performance, particularly for smaller subsets in POS tagging. Specifically,

the introduced method registers an average increase of 0.56, 0.60, and 0.46 points

over the baseline methods in the 1k, 2k, and 4k sample sizes, respectively.
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3.4.2.3 Target Based Sentiment Analysis

Dataset The evaluation of E2E-TBSA utilizes laptop and restaurant review

datasets, originally sourced from SemEval ABSA challenges as indicated by [116,

117, 217] and subsequently processed by [208]. We combine these datasets and

designate 10% of the training data, selected at random, as the development set.

For scenarios with limited resources, we create smaller subsets from the remaining

training data. The test sets from the original data are consolidated to form our

unified test set.

Settings and Results Our methodology mirrors the experimental framework

used in NER and POS tasks, with the notable exception of employing the sequence

tagging model provided by [208] for our evaluations. In this context, Tag-Word

exhibits superior performance, as detailed in Appendix A.2. This enhanced perfor-

mance is likely attributed to the uniformity of tags (such as B-POS, and B-NEG)

that resemble noun modifiers, aligning well with the Modifier-Noun structure in-

herent in Tag-Word. The mean outcomes of Tag-Word across three iterations are

displayed in Table 3.4. Our approach shows an uptick in effectiveness, particularly

for datasets larger than 4k. It’s noteworthy that, in contrast to the NER and POS

datasets, the E2E-TBSA dataset comprises significantly fewer labels, leading to

more variable results.

Method 2k 4k all(6k)

gold 56.31 60.43 63.18
+rd* 57.92 61.75 63.66
+gen 57.07 62.66 65.86

Table 3.4: E2E-TBSA micro F1.

3.4.3 Semi-supervised Experiments

In this part, we assess how well our approach works under two semi-supervised

scenarios: a) when only non-labeled data is accessible; b) when access to both non-

labeled data and a knowledge base is present. Consult Table 3.5 for the symbols

representing the techniques applied in our semi-supervised tests.
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Method Description

gold Supervised method using only the gold data.
wt Baseline method where a weak tagger (a

model trained on the gold data) labels the
unlabeled data.

genud Our method which creates synthetic data us-
ing a Language Model (LM) that is trained
on both gold and unlabeled data.

kb Baseline method where the unlabeled data is
annotated using a knowledge base.

genkb Our method where synthetic data is gener-
ated using a LM, which in this case is trained
on both gold standard data and data anno-
tated with a knowledge base.

Table 3.5: Data sources for the semi-supervised setting.

3.4.3.1 Only Using Unlabeled Data

Dataset In this part, we assess how well our approach works in two different

semi-supervised contexts. Our evaluation relies on the CoNLL2003 English NER

dataset [216]. Beyond the primary NER training data, we also incorporate unla-

beled data for semi-supervised learning. For sentence tokenization, we employ the

Stanford CoreNLP tokenizer [218], specifically applied to sentences from Wikipedia.

Experimental Settings In experiments comparable to those previously men-

tioned, we utilize varying quantities of sentences (1k, 2k, 4k, 6k, 8k, and the entire

dataset) randomly selected from NER gold data for the evaluation of our approach.

To ensure a level playing field, both our method and the control group use an iden-

tical set of 10k sentences, randomly chosen from a Wikipedia dump. Here, we refer

to the NER gold data samples as Dgold and the Wikipedia samples as Dunlabeled.

In our approach, we combine Dgold and Dunlabeled to train language models as

outlined in Section 3.3.4. These models are then employed to create synthetic

data, of which 20k sentences are selected at random and combined with Dgold for

the training of NER models. This process of generating data is signified by genud.

As a comparison, we use a baseline method that involves annotating Dunlabeled with

weak taggers, referred to as wt. In this case, the weak taggers are NER models

trained using Dgold. Both our method and the baseline utilize the same NER

model (BiLSTM-CRF) and hyperparameters for evaluation purposes. During the

language model training phase, sentences from Dgold and Dunlabeled are sampled
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Method 1k 2k 4k 6k 8k all

gold 58.06 67.85 74.55 77.16 80.30 83.04

lightyellow +wt 65.12 72.43 77.90 79.41 81.36 84.00
lightyellow +genud 66.19 73.00 78.08 79.75 81.98 84.33

lavender +kb 67.36 72.86 77.15 79.33 81.91 83.69
lavender +genkb 66.67 73.54 78.32 79.98 81.93 84.03

Table 3.6: Semi-supervised NER F1.

equally. For training the NER models, we amplify the presence of gold data by

replicating Dgold four times, resulting in a mixed training file.

Results and Analysis F1 scores of wt and genud (calculated as the average

of three trials) are presented in Table 3.6. The performance of our approach sur-

passes that of the standard wt method across various configurations. Furthermore,

it appears to be a promising avenue to enhance our model’s performance by in-

tegrating an increased volume of unlabeled data. The conventional wt method

faces challenges in incorporating a substantial volume of unlabeled data, as this

leads to a proportional increase in the augmented data, potentially leaving some

of it unused before the sequence tagging models reach convergence. In contrast,

our genud method can efficiently handle large quantities of unlabeled data, which

significantly boosts the quality of data augmentation. With an abundance of unla-

beled data available, our strategy involves initially pretraining the language models

using this data and subsequently refining them with labeled data.

3.4.3.2 Using Unlabeled Data and Knowledge Base

Dataset In this experiment, we explore the use of a knowledge base to enhance

performance, in addition to the gold training data and unlabeled sentences men-

tioned in Section 3.4.3.1. The knowledge base is constructed by identifying entities

(which are case sensitive and appear a minimum of two times) and their respective

tags from the entire gold training dataset. Furthermore, we enrich the knowledge

base with additional LOC entities by incorporating cities and countries derived

from the geonames database9.

9https://datahub.io/core/world-cities
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Experimental Settings In the approach outlined in Section 3.4.3.1, we employ

a random selection process for both the gold NER dataset and Wikipedia content,

designating these subsets as Dgold and Dunlabeled, respectively. The process for

annotating Dunlabeled involves utilizing our knowledge base to identify the longest

forward matches within each sentence, a technique we refer to as kb, resulting in

a dataset named Dkb.

In our methodology, we merge Dgold and Dkb to facilitate the training of language

models, adhering to the protocol detailed in Section 3.3.4. These language models

are then deployed to create synthetic data. From this synthetic data, a subset of

20,000 randomly chosen sentences is amalgamated with Dgold for the training of

NER models. This approach of data generation, labeled as genkb, is assessed in

comparison to the benchmark method kb. Consistent with previous experiments,

we implement an oversampling strategy for Dgold in both the language and NER

model training processes.

Results and Analysis In Table 3.6, we display the F1 scores for kb and genkb

(based on an average from three attempts). The kb baseline demonstrates excep-

tionally strong results when Dgold is limited in size. This is attributed to the exten-

sive use of a comprehensive database of countries and cities for labeling, coupled

with the fact that locations are generally less prone to ambiguity than other entity

types. Nonetheless, when the volume of Dgold exceeds 2,000, our approach sur-

passes kb. This indicates our method’s enhanced resilience to inaccuracies present

in Dkb, particularly when a marginally larger dataset of gold data is available.

3.5 A Closer Look at Synthetic Data

In this part of the discussion, we delve deeper into the reasons why our approach’s

synthetic data is beneficial for enhancing sequence tagging results. By examining

the generated data more closely, we’ve come across a number of noteworthy insights.

More Diversity The creation of synthetic data enhances diversity, which mit-

igates the risk of overfitting. Illustrated in Figure 3.4, in the original training

data, the name “Sandrine” is consistently associated with “Testud” across various
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Figure 3.4: An illustration of diversity of generated data. The name “San-
drine” in the gold training data always pairs up with “Testud” in sentences.

sentences. Conversely, the synthetic data exhibits novel pairings such as “San-

drine Nixon,” “Sandrine Okuda,” and “Sandrine Neuumann.” Additionally, the

geographical references in the sentences are substituted with countries like “Swe-

den,” “Egypt,” and “Australia.” This approach enables the model to concentrate

on discerning the contextual patterns of entity occurrence rather than merely as-

sociating “Sandrine Testud” with a personal name and “France” with a location.

To objectively assess the diversity contributed by our technique and its effect, we

performed a statistical examination of the contextualized entities (CEs) in the

synthetic data for supervised English NER. A CE represents an entity and its

immediate one-word context. For instance, in “The [B-ORG European] [E-ORG

Commission] said ...”, the entity “European Commission” and its CE is “The

European Commission said”. As depicted in Figure 3.5, we calculated the total

unique CEs in the original training data and the number of new unique CEs in the

synthetic data, along with their ratio. We also graph the improvement in F1 score

using our method (gold+gen) compared to solely the original data, as indicated in

Table 3.2. Our findings reveal that the method introduces a substantial number of

new CEs, thereby enhancing the resilience of the resulting model. A higher ratio

correlates with greater F1 improvement, demonstrating that our method effectively

addresses the issue of scarce resources by generating a wealth of new entities and

contexts. For additional details on unique entities (excluding context), refer to

Appendix A.5, which corroborates our findings.

Efficient Usage of Unlabeled Data Our approach is adaptable in incorporat-

ing unlabeled data for semi-supervised training when such data is available. We’ve

observed numerous intriguing instances in the synthetic data, demonstrating how

our method efficiently leverages unlabeled data to glean valuable insights. Take
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Figure 3.5: Statistics of unique contextualized entities.

the instance generated by our method, “... the [B-ORG Bank] [I-ORG of] [E-ORG

Alabama] ...”, where the term “Alabama” is not found in the original NER training

dataset. Yet, our language model recognized “Alabama” (sourced from unlabeled

data) as akin to other geographical names present in both the primary training

dataset and unlabeled data. Therefore, when creating synthetic data, the language

model can apply this term in comparable contexts or even invent new entities (for

instance, “Bank of Alabama” is a novel entity not previously seen in any training

data).

3.6 Chapter Summary

In the current chapter, we embark on a detailed exploration of the utility and effi-

ciency of language models in the generation of high-quality synthetic data, specif-

ically tailored for sequence tagging tasks in monolingual language contexts. The

pivotal aspect of this approach lies in the creation of an entirely new dataset,

which inherently introduces a diverse range of linguistic elements. This diversity

plays a crucial role in addressing and substantially reducing the prevalent issue of

overfitting, a challenge often encountered in machine learning models. Unlike tra-

ditional methods that primarily focus on modifying existing gold standard training

materials, our strategy emphasizes the construction of this dataset from the very

foundations.

This innovative method, which we have meticulously developed and proposed, has

demonstrated significant improvements in the realm of sequence tagging tasks.

The enhancements in performance are particularly noteworthy in situations where
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resources are scarce or limited. This aspect is of paramount importance, as it high-

lights the adaptability and resourcefulness of our proposed method in overcoming

the constraints of limited data availability.

Furthermore, our approach showcases a remarkable ability to integrate both un-

labeled data and extensive knowledge bases effectively. This is achieved within

a semi-supervised training framework, which is a testament to the flexibility and

efficiency of our method. The incorporation of these elements is instrumental in

enriching the training process, thereby leading to more robust and well-rounded

machine learning models. This strategy not only broadens the scope of applicability

of our approach but also enhances its effectiveness in diverse real-world scenarios.

In summary, this chapter provides a comprehensive examination of a novel ap-

proach to generating synthetic data for sequence tagging in monolingual languages.

Through this method, we address key challenges such as overfitting and limited re-

source availability, while also expanding the potential of incorporating varied data

sources in a semi-supervised learning environment. The encouraging results ob-

tained from various tagging exercises underscore the efficacy and potential of our

proposed methodology in advancing the field of language model applications.

3.7 Supplementary Materials

3.7.1 Statistics of Thai and Vietnamese NER Data

We present the number of sentences in Thai and Vietnamese NER data in Table 3.7.

Lang. train dev test

vi 18,922 500 500
th 11,272 499 490

Table 3.7: Number of sentences in TH and VI NER data.

3.7.2 Experiments on Tag-Word vs. Word-Tag

We conduct experiments to compare the performance of Tag-Word and Word-Tag

for the tagging tasks. All of the other settings are same as the corresponding
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experiments presented in the main paper. Results are reported in Table 3.8 to

3.10. Tag-Word yields better average performance for NER and E2E-TBSA, while

Word-Tag slightly outperforms Tag-Word for POS tagging.

Lang. Method 1k 2k 4k 6k 8k full average

en
Tag-Word 59.39 69.48 75.68 78.65 80.19 83.70 74.52
Word-Tag 58.97 67.32 75.45 78.06 80.43 83.58 73.97

Table 3.8: CoNLL NER F1: Tag-Word vs. Word-Tag.

Lang. Method 1k 2k 4k 8k 15k average

en
Tag-Word 79.06 82.43 85.93 90.38 92.75 86.11
Word-Tag 79.18 82.64 86.13 90.33 92.68 86.19

Table 3.9: Universal Dependencies POS accuracy: Tag-Word vs. Word Tag.

Lang. Method 2k 4k full(6k) average

en
Tag-Word 54.22 61.72 62.88 59.61
Word-Tag 55.58 59.42 61.65 58.88

Table 3.10: E2E-TBSA micro F1: Tag-Word vs. Word-Tag.

3.7.3 Experiments on Oversampling Ratios

We conduct experiments to compare different oversampling ratios for NER task.

Results are reported in Table 3.11. The notation gold×N means we oversample

gold by repeating it N times in the shuffled static training data.

3.7.4 Semi-supervised Experiments on Part of Speech Tag-

ging

Dataset We use the English POS data from Universal Dependencies treebanks

for evaluation on this task. We merge GUM, ParTUT, PUD and Lines corpora

to build the English dataset. Similar to the semi-supervised experiments on NER,

we also utilize unlabeled Wikipedia sentences for training.

Experimental Settings We use 1k, 2k, 4k, 6k and 8k sentences randomly

sampled from English POS gold data as well as the full dataset to evaluate our
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Lang. Method 1k 2k 4k average

en

gold×1 59.74 69.14 76.48 68.45
gold×2 60.92 69.79 76.57 69.09
gold×3 61.13 70.42 74.92 67.24
gold×4 61.15 70.61 76.82 69.53
gold×5 61.43 70.38 76.43 69.41

Table 3.11: CoNLL NER F1: comparison on different oversampling ratios.

method. We follow the same experimental setting as the semi-supervised experi-

ments on NER to generate synthetic data, train the sequence tagging models and

evaluate on the POS test data.

Results and Analysis We report accuracy of wt and genud (average of 3 runs)

in Table 3.12. Our method outperforms the baseline method wt when the number

of gold sentences are less than 8k. When the number of gold sentences are more

than 8k, the performance of our method is comparable with wt.

Method 1k 2k 4k 6k 8k all

gold 79.18 82.17 85.83 88.62 90.21 93.00

+wt 81.11 84.00 86.91 89.64 90.88 93.20
+genud 82.11 84.93 87.52 89.98 90.84 93.12

Table 3.12: Semi-supervised POS accuracy.

3.7.5 Synthetic Data Diversity: Unique Entities

To quantitatively measure the diversity introduced by our method in the supervised

English NER tasks, we count the number of unique entities (without context) in

the gold and generated data. Results are presented in Figure 3.6.

Figure 3.6: Statistics of unique entities (without context)
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3.7.6 Average Runtime

Table 3.13 is an illustration of the average runtime of our models in English NER,

POS and E2E-TBSA tasks and RNNLM.

Task 1k 2k 4k 6k 8k all

NER 26.5 70.5 124.4 167.9 216.3 393.2
POS 83.6 112.3 231.1 257.7 277.2 298.0
E2E-TBSA - 89.3 150.8 269.2 - -
RNNLM 0.7 1.1 2.0 2.7 3.3 3.9

Table 3.13: Average runtime (min).

3.7.7 Computing Infrastructure

We conduct our experiments on NVIDIA V100 GPU.



Chapter 4

Developing a Task-Specific

Multilingual Dialogue System

Incorporating Local Entities and

Contexts in a Global Setting

4.1 Background

In the preceding chapters, the discourse predominantly centered on the domain

of information extraction, underscoring its role as a cornerstone in the array of

fundamental Natural Language Processing (NLP) tasks. This exploration has laid

a critical foundation for understanding the intricate mechanisms by which data

is systematically retrieved and processed from natural language sources. Never-

theless, to fully appreciate the scope and potential of NLP, it is imperative to

broaden our perspective beyond these foundational tasks and delve into the realm

of downstream applications, most notably, dialogue systems. Such systems epit-

omize the practical implementation of NLP techniques, transforming theoretical

concepts into tangible, user-interactive platforms. They exemplify the evolution of

NLP from mere information extraction to the creation of dynamic, responsive, and

intelligent communication interfaces, thereby representing a significant leap in the

practical application of NLP methodologies.

69
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London

A. Use Case: E&E

I’m looking for an attraction to visit in London. :👧🏻

🤖: I will recommend the British Museum.

Shanghai

B. Use Case: F&F

我想在上海找个地方玩。:👧🏻
   (I’m looking for an attraction to visit in Shanghai.)   

🤖: 我推荐东方明珠。
      (I will recommend Oriental Pearl Tower.)

C. Use Case: F&E

我想在伦敦找个地方玩。:👧🏻
      (I’m looking for an attraction to visit in London.)   

🤖: 我推荐The British Museum。
     (I will recommend The British Museum.)

I’m looking for an attraction to visit in Shanghai. :👧🏻

🤖: I will recommend 东方明珠 .
     (I will recommend Oriental Pearl Tower.)

D. Use Case: E&F

Figure 4.1: Examples of four use cases for multilingual ToD systems: A. Use
Case E&E: A English speaker travels to a country of English. B. Use Case F&F:
A foreign language speaker travels to a country of the foreign language. C. Use
Case F&E: A foreign language speaker travels to a country of English. D. Use
Case E&F: A English speaker travels to a country of a foreign language.

One of the fundamental objectives in pursuit of artificial intelligence is to en-

able machines with the ability to intelligently communicate with human in natural

languages, with one of the widely-heralded applications being the task-oriented

dialogue (ToD) systems [219, 220]. Recently, ToD systems have been successfully

deployed to assist users with accomplishing certain domain-specific tasks such as

hotel booking, alarm setting or weather query [221–224], thanks to the joint ad-

vent of neural networks and availability of domain-specific data. However, most

existing ToD systems are predominately built for English, limiting their service for

all of the world’s citizens. The reason of this limitation lies in the stark lack of

high-quality multilingual ToD datasets due to the high expense and challenges of

human annotation [21].

Moreover, the challenge of localization in NLP with respect to cultural context is

exemplified by the difficulty in adapting sentiment analysis tools across different

cultural backgrounds. Sentiments expressed in one culture may carry different con-

notations in another, making it challenging to maintain accuracy without cultural

adaptation. For instance, the phrase ”break a leg,” commonly used in Western

cultures to wish someone good luck, might be misinterpreted as a literal nega-

tive expression in other cultures. Thus, without localization that respects cultural

nuances, NLP models can fail to accurately interpret and process language in a

culturally sensitive manner.
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One solution to this is annotating conversations in other languages from scratch,

e.g., CrossWoZ [225] and BiToD [226]. However, these methods involve expensive

human efforts for dialogue collection in the other languages, resulting in a limited

language/domain coverage. The other major line of work focused on translating an

existing English ToD dataset into target languages by professional human trans-

lators [227–230]. Despite the increasing language coverage, these methods simply

translated English named entities (e.g., location, restaurant name) into the target

languages, while ignored the fact that these entities barely exist in countries speak-

ing these languages. This hinders a trained ToD system from supporting the real

use cases where a user looks for local entities in a target-language country. For

example in Figure 4.1, a user may look for the British Museum when traveling to

London (A.), while look for the Oriental Pearl Tower when traveling to Shanghai

(B.).

In addition, prior studies [231, 232] have shown that code-switching phenomena

frequently occurs in a dialogue when a speaker cannot express an entity imme-

diately and has to alternate between two languages to convey information more

accurately. Such phenomena could be ubiquitous during the cross-lingual and

cross-country task-oriented conversations. One of the reasons for code-switching is

that there are no exact translations for many local entities in the other languages.

Even though we have the translations, they are rarely used by local people. For ex-

ample in Figure 4.1 (C.), after obtaining the recommendation from a ToD system,

a Chinese speaker traveling to London would rather use the English entity “British

Museum” than its Chinese translation to search online or ask local people. To verify

this code-switching phenomena, we have also conducted a case study (4.7.1) which

shows that searching the information about translated entities online yields a much

higher failure rate than searching them in their original languages. Motivated by

these observations, we define three unexplored use cases of multilingual ToD where

a foreign-language speaker uses ToD in the foreign-language country (F&F) or an

English country (F&E), and an English speaker uses ToD in a foreign-language

country (E&F). These use cases are different from the traditional E&E use case

where an English speaker uses ToD in an English-speaking country.

To bridge the aforementioned gap between existing data curation methods and the

real use cases, we propose a novel data curation method that globalizes an exist-

ing multi-domain ToD dataset beyond English for the three unexplored use cases.
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Specifically, building on top of MultiWoZ [124] — an English ToD dataset for dia-

logue state tracking (DST), we create GlobalWoZ, a new multilingual ToD dataset

in three new target-languages via machine translation and crawled ontologies in

the target-language countries.

Our method only requires minor human efforts to post-edit a few hundred machine-

translated dialogue templates in the target languages for evaluation. Besides, as

cross-lingual transfer via pre-trained multilingual models [60, 93, 233, 234] has

proven effective in many cross-lingual tasks, we further investigate another ques-

tion: How do these multilingual models trained on the English ToD dataset transfer

knowledge to our globalized dataset? To answer this question, we prepare a few

baselines by evaluating popular ToD systems on our created test datasets in a

zero-shot cross-lingual transfer setting as well as a few-shot setting.

Our contributions include the following:

• To the best of our knowledge, we provide the first step towards analyzing three

unexplored use cases for multilingual ToD systems.

• We propose a cost-effective method that creates a new multilingual ToD dataset

from an existing English dataset. Our dataset consists of high-quality test sets

which are first translated by machines and then post-edited by professional trans-

lators in three target languages (Chinese, Spanish and Indonesian). We also

leverage machine translation to extend the language coverage of test data to

another 17 target languages.

• Our experiments show that current multilingual systems and translate-train

methods fail in zero-shot cross-lingual transfer on the dialogue state tracking

task. To tackle this problem, we propose several data augmentation methods to

train strong baseline models in both zero-shot and few-shot cross-lingual transfer

settings.

4.2 Related Work

Over the last few years, the success of ToD systems is largely driven by the joint

advent of neural network models [221–223] and collections of large-scale annotation

corpora. These corpora cover a wide range of topics from a single domain (e.g.,
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ATIS [235], DSTC 2 [236], Frames [237], KVRET [221], WoZ 2.0 [238], M2M

[239]) to multiple domains (e.g., MultiWoZ [124], SGD [240]). Most notably among

these collections, MultiWoZ is a large-scale multi-domain dataset that focuses on

transitions between different domains or scenarios in real conversations [124]. Due

to the high cost of collecting task-oriented dialogues, only a few monolingual or

bilingual non-English ToD datasets are available [225, 226, 241]. While there is an

increasing interest in data curation for multilingual ToD systems, a vast majority

of existing multilingual ToD datasets do not consider the real use cases when using

a ToD system to search for local entities in a country. We fill this gap in this paper

to provide the first analysis on three previously unexplored use cases.

4.3 Data Curation Methodology

In order to globalize an existing English ToD dataset for the three aforementioned

use cases, we propose an approach consisting of four steps as shown in Figure 4.2:

(1) we first extract dialogue templates from the English ToD dataset by replac-

ing English-specific entities with a set of general-purpose placeholders (4.3.1); (2)

we then translate the templates to a target language for both training and test

data, with one key distinction that we only post-edit the test data by professional

translators to ensure the data quality for evaluation (4.3.2); (3) next, we collect

ontologies [242] containing the definitions of dialogue acts, local entities and their

attributes in the target-language countries (4.3.3); (4) finally, we tailor the trans-

lated templates by automatically substituting the placeholders with entities in the

extracted ontologies to construct data for the three use cases (4.3.4).

4.3.1 Automatic Template Creation

We start with MultiWoZ 2.2 [243] – a high-quality multi-domain English ToD

dataset with more accurate human annotations compared to its predecessors Mul-

tiWoZ 2.0 [124] and MultiWoz 2.1 [244]. For the sake of reducing human efforts for

collecting ToD context in the target languages, we re-use the ToD context written

by human in MultiWoZ as the dialogue templates. Specifically as shown in Fig-

ure 4.2, we replace the English entities in MultiWoz by a set of general-purpose

placeholders such as [attraction-name0] and [attraction-postcode1], where
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🤖：I recommend Whale of a time and
the post code is cb238el.

domain: attraction

name: Whale of a time


postcode: cb238el

🤖：I recommend [attraction-name0]
and the post code is 


[attraction-postcode1].

domain: attraction

name: [attraction-name0]


postcode: [attraction-postcode1]

🤖：我推荐Whale of a time，邮政编
码是cb238el。

domain: attraction

name: Whale of a time


postcode: cb238el

🤖：我推荐 [attraction-name0]，邮政
编码是 [attraction-postcode1]。

domain: attraction

name: [attraction-name0]


postcode: [attraction-postcode1]

Translated

Template

Use Case: F&E

1.Automatic Template Creation

2.Labeled Sequence
Translation

Machine Translation /

Human Post Editting

Localized
Ontologies

3.Localized
Ontologies Collection

🤖：I recommend 东方明珠 and the
post code is 200000.

domain: attraction

name: 东方明珠

postcode: 200000
Use Case: E&F

4.Automatic Template Filling

🤖：我推荐东方明珠，邮政编码是
200000。

domain: attraction

name: 东方明珠


postcode: 200000
Use Case: F&F

English
Ontologies

Gold Data

Template

Use Case: E&E

Figure 4.2: Illustration of our proposed pipeline: 1. Automatic Template
Creation 2. Labeled Sequence Translation 3. Localized Ontologies Collection 4.
Automatic Template Filling

each placeholder contains the entity’s domain, attribute and ID. To do so, we

first build a dictionary with entity-placeholder pairs by parsing the annotations

of all dialogues. For example, from a dialogue text —“I recommend Whale of a

time and the post code is cb238el.”, we obtain two entity-placeholder pairs from its

human annotations, i.e., (Whale of a time, [attraction-name0]) and (cb238el,

[attraction-postcode1]). Next, we identify entities in the dialogue by their

word index from the human annotations, replace them with their placeholders in

the dictionary, and finally obtain dialogue templates with placeholders. Notably,

we skip the entities with their attributes of [choice] and [ref] that represent

the number of choices and booking reference number, as these attributes could be

used globally.

4.3.2 Labeled Sequence Translation

Following [245] that translates sentences with placeholders, we use a machine trans-

lation system1 to translate dialogue templates with our designed placeholders. As

we observe, a placeholder containing an entity domain, attribute and ID (e.g.,

attraction-name0) is useful to provide contextually meaningful information to

the translation system, thus usually resulting in a high-quality translation with

1We use Google Translate (https://cloud.google.com/translate), an off-the-shelf MT sys-
tem.

https://cloud.google.com/translate
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the placeholder unchanged. This also enables us to easily locate the placeholders

in the translation output and replace them with new entities in the target language.

To build a high-quality test set for evaluation, we further hire professional trans-

lators to post-edit a few hundred machine-translated templates, which produces

natural and coherent sentences in the target languages. With the goal of selecting

representative test templates for post-editing, we first calculate the frequency of

all the 4-gram combinations in the MultiWoZ data, and then score each dialogue

in the test set by the sum of the frequency of all the 4-gram combinations in the

dialogue divided by the dialogue’s word length. We use this scoring function to es-

timate the representiveness of a dialogue in the original dataset. Finally, we select

the top 500 high-scoring dialogues in the test set for post-editing. We also use the

same procedure to create a small high-quality training set for few-shot cross-lingual

transfer setting.

4.3.3 Collection of Local Ontology

Meanwhile, we crawl the attribute information of local entities in three cities from

public websites (e.g., tripadvisor.com, booking.com) to create three ontologies for

the three corresponding target languages respectively. We select Barcelona for

Spanish (an Indo-European language), Shanghai for Mandarin (a Sino-Tibetan

language) and Jakarta for Indonesian (an Austronesian language), which cover a

set of typologically different language families.

Given a translated dialogue template, we can easily sample a random set of entities

for a domain of interest from a crawled ontology and assign the entities to the

template’s placeholders to obtain a new dialogue in the target language. Repeating

this procedure on each dialogue template, we can easily build a high-quality labeled

dataset in the target language. The number of our collected entities are either

larger than or equal to those in the English data except for the “train” domain;

we collected the information about only 100 “trains” for each languages due to the

complexity in collecting relevant information.
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4.3.4 Template Filling for Three Use Cases

After the above steps, we assign entities in a target language to the translated

templates in the same target language for the F&F case, while assigning target-

language entities to the English (source-language) templates for the F&E case. As

for the E&F case, we keep the original English context by skipping the translation

step and replace the placeholders with local entities in the target language (see

Figure 4.2 for examples).

To sum up, our proposed method has three key properties: (1) our method is

cost-effective as we only require a limited amount of post-editing efforts for a test

set when compared to the expensive crowd-sourced efforts from the other studies;

(2) we can easily sample entities from an ontology to create large-scale machine-

translated data as a way of data augmentation for training; (3) our method is

flexible to update entities in a ToD system whenever an update of ontology is

available, e.g., extension of new entities.

4.4 Task & Settings

4.4.1 Dialogue State Tracking

Our experiments focus on the dialogue state tracking (DST), one of the funda-

mental components in a ToD system that predicts the goals of a user query in

multi-turn conversations. We follow the setup in MultiWoZ [124] to evaluate ToD

systems for DST by the joint goal accuracy which measures the percentage of

correctly predicting all goals in a multi-turn conversation.

4.4.2 Experimental Settings

Zero-Shot Cross-lingual Transfer: Unlike prior studies that annotate a full

set of high-quality training data for a target language, we investigate the zero-shot

cross-lingual transfer setting where we have access to only a high-quality human-

annotated English ToD data (referred to as gold standard data hereafter). In

addition, we assume that we have access to a machine translation system that
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translates from English to the target language. We investigate this setting to

evaluate how a multilingual ToD system transfers knowledge from a high-resource

source language to a low-resource target language.

Few-Shot Cross-lingual Transfer: We also investigate few-shot cross-lingual

transfer, a more practical setting where we are given a small budget to annotate

ToD data for training. Specifically, we include a small set (100 dialogues) of high-

quality training data post-edited by professional translators (4.3.2) in a target

language, and evaluate the efficiency of a multilingual ToD on learning from a few

target-language training examples.

4.5 Proposed Baselines

We prepare a base model for GlobalWoZ in the zero-shot and few-shot cross-lingual

transfer settings. We select Transformer-DST [246] as our base model as it is one

of the state-of-the-art models on both MultiWoZ 2.0 and MultiWoZ 2.12. In our

paper, we replace its BERT encoder with an mBERT encoder [93] for our base

model and propose a series of training methods for GlobalWoZ. As detailed below,

we propose several data augmentation baselines that create different training and

validation data for training a base model. Note that all the proposed baselines are

model agnostic and the base model can be easily substituted with other popular

models [223, 247]. For each baseline, we first train a base model on its training data

for 20 epochs and use its validation set to select the best model during training.

Finally we evaluate the best model of each baseline on the same test set from

GlobalWoZ. We will release GlobalWoZ and our pre-trained models to encourage

faster adaptation to future research.

4.5.1 Pure Zero-Shot (E&E)

We train a base model on the gold standard English data (E&E) and directly

apply the learned model to the test data of the three use cases in GlobalWoZ.

With this method, we simulate the condition of having labeled data only in the

2According to the leaderboards of Multi-domain Dialogue State Tracking on MultiWoZ 2.0
and MultiWoZ 2.1 on paperwithcode.com as of 11/15/2021.
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source language for training, and evaluate how the model transfers knowledge from

English to the three use cases. We use Zero-Shot (E&E) to denote this method.

4.5.2 Translate-Train

We use our data curation method (4.3) to translate the templates by an MT system

but replace the placeholders in the translated templates with machine-translated

entities to create a set of pseudo-labeled training data. Next, we train a base model

on the translated training data without local entities, and evaluate the model on

the three use cases.

We denote this method as Translate-Train.

4.5.3 Single-Use-Case Training

By skipping the human post-editing step in our data curation method (4.3), we

leverage a machine translation system to automatically create a large set of pseudo-

labeled training data with local entities for the three use cases. In the F&F case, we

translate the English templates by the MT system and replace the placeholders in

the translated templates with foreign-language entities to create a training dataset.

In the F&E case, we replace the placeholders in the translated templates with the

original English entities to create a code-switched training dataset. In the E&F

case, we use the original English templates and replace the placeholders in the

English templates with foreign-language entities to create a code-switch training

dataset. With this data augmentation method, we can train a base model on each

pseudo-labeled training dataset created for each use case. We denote this method

as SUC (Single-Use-Case).

4.5.4 Bi-/Multi-lingual Bi-Use-Case Training

We investigate the performance of combining the existing English data and the

pseudo-labeled training data created for one of the three use cases (i.e., F&F,

F&E, E&F), one at a time, to do bi-use-case training. In the bilingual training, we

only combine the gold English data (E&E) with the pseudo-labeled training data
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in one target language in one use case for joint training. We denote this method

as BBUC (Bilingual Bi-Use-Case). In the multilingual training, we combine gold

English data (E&E) and pseudo-labeled training data in all languages in one use

case for joint training. We denote this method as MBUC (Multilingual Bi-Use-

Case).

4.5.5 Multilingual Multi-Use-Case Training

We also propose to combine the existing English data (E&E) and all the pseudo-

labeled training data in all target languages for all the use cases (F&F, F&E, E&F).

We then train a single model on this combined multilingual training dataset and

evaluate the model on test data in all target languages for all three use cases. We

denote this method as MMUC (Multilingual Multi-Use-Case).

4.6 Experiment Results

In this section, we show the results of all methods in the zero-shot (4.6.1) and

few-shot (4.6.2) settings.

4.6.1 Zero-shot Cross-lingual Transfer

4.6.1.1 Use Case F&F, F&E and E&F

Table 4.1 reports the joint goal accuracy of all proposed methods on the three

different sets of test data in the F&F, F&E, and E&F use cases. Both Zero-Shot

(E&E) and Translate-Train struggle, achieving average accuracy of less than 10 in

all use cases. Despite its poor performance, Zero-Shot (E&E) works much better

in F&E than F&F, while its results in F&F and E&F are comparable, indicating

that a zero-shot model trained in E&E can transfer knowledge about local English

entities more effectively than knowledge about English context in downstream use

cases. Besides, we also find that Zero-Shot (E&E) performs better on the Spanish

or Indonesian context than the Chinese context in F&E. One possible reason is
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Case Methods zh es id avg

F&F

Zero-Shot (E&E) 1.22 1.38 1.26 1.28
Translate-Train 2.61 2.59 5.74 3.65
SUC (F&F) 36.97 24.66 25.26 28.96
BBUC (E&E + F&F) 37.32 25.52 26.39 29.74
MBUC (E&E + F&F) 38.01 26.03 28.22 30.76

F&E

Zero-Shot (E&E) 6.92 11.34 9.09 9.12
Translate-Train 2.28 4.97 4.67 3.97
SUC (F&E) 56.28 41.94 47.93 48.71
BBUC (E&E + F&E) 59.87 48.20 54.79 54.29
MBUC (E&E + F&E) 60.37 53.56 54.93 56.28

E&F

Zero-Shot (E&E) 1.69 1.81 1.82 1.77
Translate-Train 1.39 1.76 1.86 1.67
SUC (E&F) 38.56 28.00 43.82 36.79
BBUC (E&E + E&F) 39.87 27.29 45.48 37.54
MBUC (E&E + E&F) 40.20 29.22 47.06 38.83

Table 4.1: Zero-shot cross-lingual accuracy on DST over three target languages
in three use cases.

that English is closer to the other Latin-script languages (Spanish and Indonesian)

than Chinese.

Our proposed data augmentation methods (SUC, BBUC, MBUC) perform much

better than non-adapted methods (Zero-Shot (E&E) and Translate-Train) that do

not leverage any local entities for training. In particular, it is worth noting that

even though Translate-Train and SUC both do training on foreign-language entities

in F&F and E&F, there is a huge gap between these two methods, since Translate-

Train has only access to the machine-translated entities rather than the real local

entities used by SUC. This huge performance gaps not only show that Translate-

Train is not an effective method in practical use cases but also prove that having

access to local entities is a key to building a multilingual ToD system for practical

usage.

Comparing our data augmentation methods SUC and BBUC, we find that the base

model can benefit from training on additional English data (E&E), especially yield-

ing a clear improvement of up to 5.58 average accuracy points in F&E. Moreover,

when we increase the number of languages in the bi-use-case data augmentations

(i.e., MBUC), we observe an improvement of around 1 average accuracy points in

all three use cases w.r.t. BBUC. These observations encourage a potential future

direction that explores better data augmentation methods to create high-quality

pseudo-training data.
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F&F F&E E&F E&E Avg
Use cases
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Figure 4.3: Performance of MMUC vs MBUC on the test data of the four use
cases, F&F, F&E, E&F and E&E.

4.6.1.2 One Model for All

Notice that we can train a single model by MMUC for all use cases rather than

training separate models, one for each use case. In Figure 4.3, we compare MMUC

and MBUC (rows) on the test data in the four use cases (columns). Although

MMUC may not achieve the best results in each use case, it achieves the best

average result over the four use cases, indicating the potential of using one model

to simultaneously handle all the four use cases.

4.6.2 Few-shot Cross-lingual Transfer

In few-shot experiments, we use the same scoring function based on frequency of

all 4-gram combinations (4.3.2) to select 100 additional dialogues from train set for

human-post editing, and create high-quality training data for each of the three use

cases. To avoid overfitting on this small few-shot dataset, we combine the few-shot

data with the existing English data for training a base model (Few-Shot+Zero-

Shot (E&E)). Next, we also investigate a model trained with additional synthetic

data created by our proposed SUC. In Figure 4.4, we find that our proposed SUC

without additional few-shot data has already outperformed the model trained with

few-shot data and English data (Few-shot + Zero-Shot (E&E)), indicating that

the model benefit more from a large amount of pseudo-labeled data than a small

set of human-labeled data. If we combine the data created by SUC with the few-

shot data or with both few-shot and English data to train the model, we observe
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Figure 4.4: Few-shot cross-lingual average joint accuracy on DST over three
target languages in three use cases.

improvements over SUC, especially with a clear gain of 8.06 accuracy points in

F&E.

4.7 Discussion

4.7.1 Motivation for Code-Switched Use Cases

One key research question is to validate whether code-switched use cases with

local entities (i.e., F&E, E&F) are practically more useful for information seeking.

To answer this question, we compare the failure rate of using local entities and

machine-translated entities in information search, which is a proxy to the efficiency

of using these two types of entities in conversations. We first randomly select 100

entities (33 attractions, 33 hotels and 34 restaurants) of Cambridge, Shanghai,

Barcelona and Jakarta. We translate the English entities into Mandarin, Spanish

and Indonesian and the foreign-language entities into English via Google Translate.

We then manually search the translated entities on Google to check whether we

can find the right information of the original entities. Notice that the failure of

the above verification partially come from the translation error made by Google

Translate, or the search failure due to the fact that this entity does not have a

bilingual version at all. In Table 4.2, we observe a high failure rate of around 60%

for almost all translated directions (except Zh→En) due to translation and search

failures, significantly exceeding the low failure rate of searching original entities
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Translate Search En→Zh En→Es En→Id Zh→En Es→En Id→En

" " 35 42 36 62 30 31

" % 61 34 51 18 18 15

% " 0 24 13 11 50 54

% % 4 0 0 8 2 0

Failure Case (MTed Entities) 65 58 64 37 70 69
Failure Rate (MTed Entities) 65% 58% 64% 37% 70% 69%

Failure Rate (Original Entities) 3% 3% 3% 0% 1% 0%

Table 4.2: The search and translation results of 100 translated entities on
Google. En→Zh refers to the translation of English entities to Mandarin and
Zh→En refers to the translation of Mandarin entities to English.
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Figure 4.5: Joint accuracy of Translate-Train for DST on the F&F Test vs
Translate-Test data.

online. Besides, even if we can find the right information of the translated entities,

local people may not recognize or use the translated entities for communication,

thus this results in inefficient communication with local people.

4.7.2 Overestimate of Translate-Train

In previous translation-based work, a multilingual ToD system is usually built

based on the translation of English training data (Translate-Train), and is evalu-

ated on translated test data without any local entities (Translate-Test). To verify

whether this procedure is reliable to build a multilingual ToD system, we also cre-

ate a test dataset with translated entities instead of local entities in the target

languages. As shown in Figure 4.5, we find the Translate-Train model performs

well on the test data with translated entities, but performs badly on the test data

with real local entities. To the best of our knowledge, we provide the first analysis
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to identify this performance gap between the translated test data and data with

real local entities in a more realistic use case. Our work sheds light on the develop-

ment of a globalized multilingual ToD system in practical use cases. We can tackle

the challenge of localization issues by exploring new data augmentation method.

Alternatively we can also explore new methods from the model level by building

modular network to update the entities or perform transfer learning to adapt to

new case without retraining.

4.7.3 Local Context vs. Local Entities

We compare the impact of training a model on data with either local contexts

or local entities when the model is evaluated on monolingual test data in F&F

and E&E. Specifically, when the train set has access to local context only, all the

entities in the train set are replaced by entities in non-target languages. Similarly,

when the train set has access to local entities only, the contexts in the train set

are replaced by context in the non-target languages. Table 4.3 shows that both

local contexts and local entities are essential to building ToD systems in the target

language.

Train Set E&E (en) F&F (zh) F&F (es) F&F (id) avg

Local Context Only 5.46 1.77 2.37 2.40 3.20
Local Entities Only 6.39 0.36 2.41 2.75 3.05
Local Context & Entities 52.78 36.97 24.66 25.26 38.13

Table 4.3: Comparison of training with local context or/and local entities on
the joint accuracy for DST in E&E (en) and F&F (zh, es, id).

4.7.4 Scaling up to 20 Languages

With our proposed data curation method, it is possible to extend the dataset to

cover more languages without spending extra costs if we skip the human post-

editing step. Before doing so, one key question is whether the evaluation on the

translated data without human post-editing is reliable as a proxy of the model per-

formance. Thus, we conduct the experiments by evaluating the model performance

of all baselines (4.5) on two sets of test data built with local entities: (1) MT test

data where translated template is created by machine translation only (4.3.2); (2)
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Use Case F2F F2E

Methods MT Test MTPE Test MT Test MTPE Test

Zero-Shot (E&E) 1.29 1.28 9.64 9.12
Translate-Train 3.71 3.65 4.17 3.97
SUC 35.78 28.96 56.15 48.71
BBUC 36.31 29.74 57.84 54.29
MBUC 37.89 30.76 58.76 56.28

Spearman’s correlation 1.0 1.0

Table 4.4: Comparison of average joint accuracy on DST reported on MT test
data and MTPE test data for use case F&F and F&E

MTPE test data where translated template is first translated by machines and

post-edited later by professional translators. As shown in Table 4.4, the overall

reported results on MT test data are higher than those reported on MTPE test

data, which is expected because the distribution of the MT test data is more sim-

ilar to the MT training data. Although there are some differences on individual

languages, the conclusions derived from the evaluations on the MT test data re-

main the same as those derived from the evaluation on the MTPE test data. We

also calculate the Spearman rank correlation coefficient between the average re-

sults reported on MTPE test data and MT test data in Table 4.4, which shows a

statistically high correlation between the system performance on the MT test data

and MTPE test data. Therefore, we show that the MT test data can be used as a

proxy to estimate the model performance on the real test data for more languages.

Thus we build MT test data for another 17 languages that are supported by Google

Translate, Trip Advisor and Booking.com at the same time. Table 4.5 shows the

results of Zero-Shot (E&E) and SUC on the test data of F&F, F&E and E&F in

20 languages. The results show that the model has the best performance in the

F&E use case compared with the other two use cases, which is consistent with our

findings in Table 4.1.

4.8 Chapter Summary

In this chapter, we embark on an in-depth exploration of three novel and hitherto

unexplored applications for multilingual task-oriented dialogue (ToD) systems. Our



86 4.8. Chapter Summary

Case Method Avg

F&F
Zero-Shot (E&E) 1.48

SUC 16.12

F&E
Zero-Shot (E&E) 9.03

SUC 34.20

E&F
Zero-Shot (E&E) 1.97

SUC 23.40

Table 4.5: Average results of Zero-Shot (E&E) on test data of F&F, F&E and
E&F in 20 languages.

investigation is anchored around the formulation and implementation of an inno-

vative approach to data curation. This approach distinctively integrates a machine

translation system with local entities specific to the target languages, thereby facil-

itating the creation of an unprecedented multilingual ToD dataset, herein referred

to as GlobalWoZ.

Elaborating further, we introduce a comprehensive set of robust baseline method-

ologies. These methodologies have been meticulously designed and are instrumen-

tal in laying the groundwork for subsequent research endeavors in the realm of

multilingual ToD systems. To validate the effectiveness and applicability of these

methodologies, we have conducted a series of extensive and rigorous experiments

utilizing the GlobalWoZ dataset. These experiments are pivotal in demonstrating

the practicality and potential of the proposed baseline methods.

Moreover, a significant aspect of our research is the expansion of linguistic coverage

within the domain of multilingual ToD systems. We have successfully extended this

coverage to encompass a total of 20 languages. This expansion is not just a mere

quantitative increase; it represents a substantial stride towards the realization of a

truly globalized multilingual ToD system. Such a system is envisioned to serve the

diverse linguistic needs of the world’s populace, bridging communication gaps and

fostering more inclusive and effective dialogue across a myriad of languages.

In conclusion, the contributions of this chapter are multifaceted. Firstly, it presents

a novel methodology for data curation that is poised to revolutionize the way mul-

tilingual ToD datasets are developed. Secondly, it establishes a set of strong base-

line methods that lay a solid foundation for future research in this field. Thirdly,

through exhaustive experimental analysis, it validates the effectiveness of these
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methods. Finally, it significantly broadens the linguistic scope of multilingual ToD

systems, taking a decisive step towards the creation of a globalized platform that

caters to the linguistic diversity of the global citizenry.

4.9 Ethical Review

In this section, we would like to address the ethical concerns. All the professional

translators in this project have been properly compensated. For Chinese and Span-

ish, we have followed the standard procurement requirements and engaged three

translation companies for quality and price comparison. A small sample of the

data had been given to them for MTPE and we then compared their translation

results. Following that, we selected the company that produced the best sample

translation, and submitted the full translation orders according to the agreed price

quotations. For Indonesian, three translation companies were also requested to

provide sample MTPE, but our quality check found the quality of these samples

to be unsatisfactory. So, no company was engaged, and our in-house Indonesian

linguistic resources were used instead. These Indonesian linguists were assigned to

work on this project during normal working hours and given proper compensation

complying with the local labor laws.

4.10 Supplementary Material

4.10.1 Comparison of Four Use Cases

Use Case Source ToD
Speaker Country

(ToD Context) (ToD Ontology)

F&F

English

Foreign Lang. Foreign Lang.
F&E Foregin Lang. English
E&F English Foreign Lang.
E&E English English

Table 4.6: Four use cases of multilingual ToD systems: A foreign language or
English speaker travels to a country of a foreign language or English.
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4.10.2 Examples of Labeled Sequence Translation

Figure 4.6: An instance of labeled sequence translation with google translate,
from English to three target languages, Mandarin, Spanish and Indonesian.
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4.10.3 BLEU Score of MT versus MTPE Test Template

Languages Zh Es Id Avg

BLEU Score 55.61 49.33 48.97 51.30

Table 4.7: BLEU Scores of MT Test Template using MTPE Test Template as
reference.
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4.10.4 Test Set Distribution

Figure 4.7: Gold English Test Set Distribution by Domains. We follow this
distribution to select the top 500 high-scoring dialogues in the test set for post-
editing.
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4.10.5 Selected Languages

Language ISO639-1code Language Family # Wikipedia articles (in millions) High / Middle/ Low Resource Writing Script Selected City

English en IE: Germanic 6.35 High Latin Cambridge
Swedish sv IE: Germanic 2.95 High Latin Stockholm
German de IE: Germanic 2.61 High Latin Berlin
French fr IE: Romance 2.35 High Latin Paris
Dutch nl IE: Germanic 2.06 High Latin Amsterdam
Russian ru IE: Slavic 1.74 High Cyrillic Moscow
Italian it IE: Romance 1.71 High Latin Rome
Spanish es IE: Romance 1.71 High Latin Barcelona
Japanese ja Japonic 1.28 High Ideograms Tokyo
Vietnamese vi Austro-Asiatic 1.27 High Latin Ho Chi Minh City
Mandarin zh Sino-Tibetan 1.22 High Chinese ideograms Shanghai
Arabic ar Afro-Asiatic 1.13 High Arabic Cairo
Portuguese pt IE: Romance 1.07 High Latin Lisbon
Indonesian id Austronesian 0.59 Middle Latin Jakarta
Norwegian no IE: Germanic 0.56 Middle Latin Oslo
Korean ko Koreanic 0.55 Middle Hangul Seoul

Turkish tr Turkic 0.42 Middle Latin İstanbul
Hebrew he Afro-Asiatic 0.30 Low Hebrew Tel Aviv
Danish da IE: Germanic 0.27 Low Latin Copenhagen
Greek el IE: Greek 0.20 Low Greek Athens
Thai th Kra-Dai 0.14 Low Brahmic Bangkok

Table 4.8: Statistics about languages in the cross-lingual benchmark. The
selected 21 languages (including English) belong to 8 language families and 1
isolate, with Indo-European (IE) having the most members. We categorize the
languages with more than 1 million, more than 400 thousand but less than 1
million, less than 400 thousand Wikipedia articles as high resource languages,
middle resource languages and low resource languages. For each language, we
select one city for each language to collect localized ontology.
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4.10.6 Statistics of Entities in the Collected Ontology

Languages rest. hotel attr. train taxi

en 110 33 79 2828 222
zh 3000 496 1000 100 4496
es 3000 426 1000 100 4426
id 3000 999 792 100 4791
ar 2989 680 1000 100 4669
da 2343 165 1000 100 3508
de 2988 659 1000 100 4647
el 2600 1000 1000 100 4600
fr 3000 1000 1000 100 5000
he 1558 258 1000 100 2258
it 3000 800 1000 100 2800
ja 2967 864 1000 100 4831
ko 2990 532 1000 100 4522
nl 2990 537 1000 100 4527
no 1293 95 757 100 2145
pt 2993 951 1000 100 4944
ru 2985 531 1000 100 4516
sv 3000 214 891 100 4105
th 2995 1000 1000 100 4995
tr 2986 533 1000 100 4519
vi 2991 773 1000 100 4764

Table 4.9: Statistics of entities in the collected ontology in different languages.
We count the number of entities in the database of each domain. Noticed that
in the Taxi database of MultiWoZ, it only list down the taxi colors, taxi types
and taxi phones. The taxi destination and departure refer to the entities in the
restaurant, hotel and attraction domains. Thus, we use the sum of the number
of entities in Restaurant, Hotel and Attraction domains as a proxy of the total
number of entities in taxi domain. Besides, we follow MultiWoZ to collect one
hospital and one police station for each city.
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4.10.7 Statistics of GlobalWoZ

Use Case F&F F&E E&F
Languages Train & Dev Method Test Method Train & Dev Method Test Method Train & Dev Method Test Method

zh 9438 MT 1000 MTPE 9438 MT 1000 MTPE 9438 Human 1000 Human
es 9438 MT 1000 MTPE 9438 MT 1000 MTPE 9438 Human 1000 Human
id 9438 MT 1000 MTPE 9438 MT 1000 MTPE 9438 Human 1000 Human
ar 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
da 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
de 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
el 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
fr 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
he 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
it 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
ja 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
ko 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
nl 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
no 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
pt 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
ru 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
sv 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
th 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
tr 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human
vi 9438 MT 1000 MT 9438 MT 1000 MT 9438 Human 1000 Human

Table 4.10: Statistics of created dataset, GlobalWoZ for each use case in each
target language. For E&F, as the context is the original Engish data, we consider
it is created by human. For test data of zh, es and id, we replace the entities
twice to boostrap the test data to 1000 dialogues. We are currently preparing
the post editing of the other 500 dialogues in test data. Meanwhile, we are
leveraging machine translation to prepare the train data for the 17 languages
and will release it with baselines in the next version soon.
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4.10.8 Dialogue Examples

MT Data with Local Entities

嗨，你能帮我在上海市中心附近找到一家非常好的亚洲料理餐厅吗？:👧🏻
   (Hi can you help me find a very nice Asian Cuisine restaurant near the centre of Shanghai?)  

🤖: 请指定您的价格范围。
      (Please specify your price range.)

它便宜的。:👧🏻
   (It's cheap.)  

🤖: 首尔焖鲜汇在市中心供应亚洲料理。

(Shou'er Menxianhui supplies Asian Cuisine in the centre.)


我可以要地址、电话号码和邮政编码吗？:👧🏻
   Can i have the address, phone number, and postcode?)  

🤖: 当然。地址为桂林路396号，邮政编码为200000。他们的电话号码是
+86 21 5497 6668。还有别的事吗？

(Certainly. The address is 396 Guilin Road, and the postal code is 200000.
Their phone number is +86 21 5497 6668. Is there anything else?)


MTPE Data with Local Entities
您好，你能帮我在上海市中心附近找到一家非常好吃的亚洲料理餐厅吗？:👧🏻

   (Hello, can you help me find a very delicious Asian Cuisine restaurant near the center of
Shanghai?)  

🤖: 请跟我说一下您喜欢的价格范围。

(Please tell me about your preferred price range.)


便宜的就好。:👧🏻
   (As long as it's cheap.)  

🤖: 首尔焖鲜汇在市中心提供亚洲料理。

(Shou'er Menxianhui serves Asian Cuisine in the centre.)


您方便跟我说一下它的地址、电话和邮编吗？:👧🏻
   (Would it be convenient for you to tell me its address,

phone number and postcode?)  

🤖: 当然。地址是桂林路396号，邮政编码是200000。他们的电话号码是+86 21 5497
6668。还有其他可以帮您的吗？

(Certainly. The address is 396 Guilin Road, and the postcode is 200,000. Their phone
number is +86 21 5497 6668. Is there anything else that can help you?)


Gold E&E Data

Hi can you help me find a very nice Italian restaurant near the centre of Cambridge?: 👧🏻

🤖: Please specify your price range.


It doesn't matter. :👧🏻

🤖: Zizzi Cambridge serves Italian in the centre.


Can I have the address, phone number, and postcode?:👧🏻

🤖: Certainly. the address is 47-53 regent street with the postcode of cb21ab. their
phone number is 01223365599. is there anything else?


Figure 4.8: Examples of some utterances in original E&E data, MT data and
MTPE data,
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4.10.9 Summary of Proposed Baselines

Methods En Context En Entities Local Context Local Entities Translated Entites

Zero-Shot (E&E) " "

Translate-Train " "

SUC (F&F) " "

SUC (F&E) " "

SUC (E&F) " "

Table 4.11: Accessibility of different types of context and entities for each
method.

Methods E&E F&F F&E E&F

Zero-Shot (E&E) "
Translate-Train

SUC (F&F) "

SUC (F&E) "

SUC (E&F) "

BBUC (E&E + F&F) " "

BBUC (E&E + F&E) " "

BBUC (E&E + E&F) " "

MBUC (E&E + F&F) " "

MBUC (E&E + F&E) " "

MBUC (E&E + E&F) " "

MMUC (E&E + F&F + F&E + E&F) " " " "

Table 4.12: Accessibility of data in each use case for each method. Noticed that
Translate-Train doesn’t have access to the data of the four use cases. Translate-
Train has access to a set of pseudo-labeled training data created by replacing the
placeholders in the translated template with machine-translated entities instead
of local entities.
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4.10.10 Use Case E&E

We also compare the performance of all methods on the original E&E test data.

As Zero-Shot (E&E) is trained on monolingual English training data, it gets a

high accuracy of 52.78 on the English test data. In contrast, Translate-Train and

SUC (F&F) perform poorly on the English test data, because both of them have

no access to any English data. Comparing to SUC (F&F), SUC (F&E) and SUC

(E&F) achieve higher accuracy scores as they either have access to English context

or English entities. When we perform bilingual and multilingual joint training (i.e.,

BBUC and MBUC), the base model has a performance increase except MBUC

(E&E + E&F). This shows that bilingual and multilingual joint training may be

used to improve the performance on source language. Further research can be done

in this line.

Methods En

Zero-Shot (E&E) 52.78
Translate-Train 2.27

SUC (F&F) 1.09
SUC (F&E) 6.39
SUC (E&F) 5.46

BBUC (E&E + F&F) 52.87
BBUC (E&E + F&E) 53.69
BBUC (E&E + E&F) 53.05

MBUC (E&E + F&F) 53.28
MBUC (E&E + F&E) 53.43
MBUC (E&E + E&F) 51.75

Table 4.13: Joint accuracy on DST in three target languages on the English
test data.
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4.10.11 Breakdown of Few Shot Results

Zero Shot (E&E)

Use Case Zh Es Id Avg

F2F 1.22 1.38 1.26 1.28
F2E 6.92 11.34 9.09 9.12
E2F 1.69 1.81 1.82 1.77

Few Shot + Zero Shot (E&E)

Use Case Zh Es Id Avg

F2F 15.93 7.13 12.09 11.72
F2E 39.88 39.38 43.26 40.84
E2F 20.61 14.17 18.55 17.78

SUC

Use Case Zh Es Id Avg

F2F 36.97 24.66 25.26 28.96
F2E 56.28 41.94 47.93 48.71
E2F 38.56 28.00 43.82 36.79

Few Shot + SUC

Use Case Zh Es Id Avg

F2F 37.81 25.15 39.51 34.16
F2E 58.39 53.03 54.02 55.15
E2F 38.75 27.66 44.23 36.88

Few Shot + Zero Shot (E&E) + SUC

Use Case Zh Es Id Avg

F2F 37.52 26.44 40.15 34.70
F2E 59.21 54.93 56.17 56.77
E2F 39.51 27.84 45.48 37.61

Table 4.14: A breakdown of few-shot cross-lingual average joint accuracy on
DST over three target languages in three use cases.
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4.10.12 Concrete Examples where Translate-Train Performs

Badly on the Test Data with Real Local Entities.

Through investigation, we found that the Translate-Train method usually per-

formed badly in two main scenarios. Figure 5.5 is the illustrations of the two

scenarios. Scenario 1 is when the Translate-Train can predict values that are close

to the meaning of the ground truth values but suffer from the problems of trans-

lationese. For example, model trained with Translate-Train may predict ”美食酒

吧” (gastropub), which is a direct translation of gastropub and not commonly used

in Chinese instead of ”酒吧餐” (bar). Scenario 2 is when Translate-Train needs

to predict the name of real localized entities which Translate-Train doesn’t have

access to. For example, trained with Translate-Train may predict ”冈维尔酒店”

(Gonville Hotel) which is a direct translation of Gonville Hotel, instead of ”汉庭

酒店” (Hanting Hotel) which is unseen in Translate-Train training data.

Prediction: 

restaurant-area: 中心 (center)


restaurant-food: 美食酒吧 (gastropub)

restaurant-pricerange: 缓和 (mild)

Ground Truth: 

restaurant-area: 市中心 (city center)


restaurant-food: 酒吧餐 (bar)

restaurant-pricerange: 适中的 (moderate)

Ground Truth: 

hotel-name: 汉庭酒店 

(Hanting Hotel)

Prediction: 

hotel-name: 冈维尔酒店 

(Gonville Hotel)

Scenario 1 Scenario 2

Figure 4.9: Concrete examples where Translate-Train performs badly on the
test data with real local entities.

4.10.13 Breakdown of the Results of Local Context vs Lo-

cal Entities by Languages
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E&E (en)

Context vs Entities lavender Zh Es Id Avg
En Context lavender 5.37 5.33 5.67 5.46
En Entites lavender 3.49 7.78 7.90 6.39

F&F (zh)

Context vs Entities lavender En lavender Es lavender Id Avg
Zh Context lavender 1.74 lavender 1.77 lavender 1.80 1.77
Zh Entites lavender 0.27 lavender 0.73 lavender 0.10 0.36

F&F (es)

Context vs Entities En lavender Zh Id Avg
Es Context 1.73 lavender 2.01 3.37 2.37
Es Entites 3.92 lavender 0.44 2.86 2.41

F&F (id)

Context vs Entities En lavender Zh Es Avg
Id Context 2.07 lavender 2.18 2.94 2.40
Id Entites 3.92 lavender 0.84 3.48 2.75

Table 4.15: A breakdown of comparison of the impact of local context and local
entities on joint accuracy for DST in each language. The cases where context
and entities are in different script types are highlighted in lavender color.

Train Set different script type same script type

Local Context Only 2.48 3.52
Local Entities Only 0.98 4.98

Table 4.16: Comparison of the impact of script type on Local Context Only vs
Local Entities Only. It shows that training with local entities is more important
if the entities and contexts are written in the same type of language script (e.g.
Latin script), otherwise training with local contexts is more important.

4.10.14 Breakdown of MT Test Data vs MTPE Test Data

by Languages
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Languages Zh Es Id

F2F MT MTPE MT MTPE MT MTPE

Zero-Shot (E&E) 1.19 1.22 1.40 1.38 1.28 1.26
Translate-Train 2.50 2.61 2.81 2.59 5.81 5.74
SUC 37.79 36.97 26.95 24.66 42.59 25.26
BBUC 38.62 37.32 27.34 25.52 42.96 26.39
MBUC 39.11 38.01 29.17 26.03 45.39 28.22

Spearman’s correlation 1.00 1.00 1.00

F2E MT MTPE MT MTPE MT MTPE

Zero-Shot (E&E) 7.61 6.92 11.67 11.34 9.64 9.09
Translate-Train 2.25 2.28 5.25 4.97 5.03 4.67
SUC 57.10 56.28 55.70 41.94 55.64 47.93
BBUC 59.05 59.87 57.68 48.20 56.80 54.79
MBUC 60.48 60.37 57.04 53.56 58.23 54.93

Spearman’s correlation 1.00 0.90 1.00

Table 4.17: Spearman rank correlation coefficient between the results on
MTPE test data and MT test data for each language.



Chapter 5

Utilizing Large Language Models

for Data Labeling in Natural

Language Processing Tasks

5.1 Background

In the contemporary landscape of Large Language Models (LLMs), a paradigmatic

shift in data annotation practices is observable, heralding a new era where the

benefits of artificial intelligence become increasingly ubiquitous. This transition

is marked by the move from traditional, labor-intensive annotation methods to

more dynamic, AI-driven approaches, facilitating a significant increase in efficiency

and accuracy. Large Language Models, by virtue of their extensive training on

diverse datasets, are now equipped to understand and process information with a

level of sophistication that closely mimics human cognitive abilities. Consequently,

this evolution in data annotation not only accelerates the pace of data processing

but also enhances the quality of insights derived from such data. As a result, the

democratization of AI benefits is anticipated, with a broad spectrum of sectors –

from healthcare and education to finance and transportation – poised to experience

transformative impacts. This shift is not merely a technological advancement but

a cornerstone in the journey towards a more interconnected and intelligent digital

ecosystem, where the boundaries of AI’s potential are continually expanding to

encompass and enrich every aspect of human life.

101
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The democratization of artificial intelligence (AI) [248, 249] aims to provide ac-

cess to AI technologies to all members of society, including individuals, small- and

medium-sized enterprises (SMEs), academic research labs, and nonprofit organi-

zations. Achieving this goal is crucial for the promotion of innovation, economic

growth, and fairness and equality. As typical AI models are usually data-hungry,

one significant obstacle of AI democratization is the preparation of well-annotated

data for training AI models.

Specifically, supervised learning critically depends on sufficient training data with

accurate annotation, but data annotation can be a costly endeavor, particularly

for small-scale companies and organizations [250]. The cost of data annotation

typically includes the labor costs associated with the labeling process, as well as

the time and resources required to hire, train and manage annotators. Addition-

ally, there may be costs associated with the annotation tools and infrastructure

needed to support the annotation process. Individuals or small-scale organizations

may not have resources to annotate sufficient training data, thereby are unable to

reap the benefits of contemporary AI technologies. Although the development of

pre-trained language models such as BERT [251], XLNet [252], GPT-2 [94] and

RoBERTa [111] eases the data-hungry issue to some extent, data annotation re-

mains an unavoidable challenge for supervised model training.

GPT-3 [96, 253]1 is a powerful large language model developed by OpenAI. Evalu-

ations show that GPT-3 has gained through pretraining a surprisingly wide range

of knowledge, which can be transferred to downstream tasks through knowledge

distillation [254]. Due to the model architecture and pretraining tasks designed

for auto-regressive generation, GPT-3 is capable of generating human-like text and

performing a broad array of NLP tasks, such as machine translation, summariza-

tion, and question-answering. However, the direct use of GPT-3 for inference in a

production setting remains challenging due to its size and computational require-

ments. Moreover, such large language models often lack the flexibility of local

deployment, since their parameters are usually not publicly available. In contrast,

it is often more feasible to use smaller language model models, such as BERTBASE

[251], in production environments.

In this chapter, we investigate the ability of GPT-3 to annotate training data for

training machine learning models, which can substantially lower the annotation

1For brevity, we refer to both the original GPT-3 and InstructGPT as GPT-3.
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cost and level the playing field for individuals or small organizations, so that they

can harness the power of AI in their own missions. The process can be considered as

distilling the knowledge of GPT-3 to small networks that can be straightforwardly

deployed in production environments.

We conduct extensive experiments to evaluate the performance, time, and cost-

effectiveness of 3 different GPT-3 based data annotation approaches for both

sequence- and token-level NLP tasks. Our main contributions can be summarized

as follows:

• We conduct comprehensive analysis of the feasibility of leveraging GPT-3 for

data annotation for complex NLP tasks.

• We study 3 different GPT-3 based data annotation approaches, and then conduct

extensive experiments on both sequence- and token-level NLP tasks to evaluate

their performance.

• We find that directly annotating unlabeled data is suitable for tasks with small

label space while generation-based methods are more suitable for tasks with large

label space.

• We find that generation-based approaches tend to be more cost-effective com-

pared with directly annotating unlabeled data.

5.2 Related Work

Large Language Models Large Language Models (LLMs) have made signifi-

cant progress on natural language processing tasks in recent years. These models

are trained with self-supervision on large, general corpora and demonstrate ex-

cellent performance on numerous tasks [96, 255–261]. LLMs possess the ability to

learn in context through few-shot learning [96, 262]. Their capabilities expand with

scale, and recent research has highlighted their ability to reason at larger scales

with an appropriate prompting strategy [260, 263–267].

[268] investigate methods to utilize GPT-3 to annotate unlabeled data. However,

they mainly focus on the generation and sequence classification tasks. In this

work, we conduct more comprehensive experiments and analysis on a wider range

of settings, covering both sequence- and token-level tasks. In a recent work, [269]
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demonstrate a worker-and-AI collaborative approach for dataset creation with a

few seed examples, while we also analyse approaches that support zero-shot training

data generation, which do not require any seed examples.

Prompt-Learning Prompt-Learning, also known as Prompting, offers insight

into what the future of NLP may look like [263, 265, 270]. By mimicking the pro-

cess of pre-training, prompt-learning intuitively connects pre-training and model

tuning [271]. In practice, this paradigm has proven remarkably effective in low-data

regimes [272, 273]. For instance, with an appropriate template, zero-shot prompt-

learning can even outperform 32-shot fine-tuning [274]. Another promising char-

acteristic of prompt-learning is its potential to stimulate large-scale pre-trained

language models (PLMs). When applied to a 10B model, optimizing prompts

alone (while keeping the parameters of the model fixed) can yield comparable per-

formance to full parameter fine-tuning [263]. These practical studies suggest that

prompts can be used to more effectively and efficiently extract knowledge from

PLMs, leading to a deeper understanding of the underlying principles of their

mechanisms.

Data Augmentation There has been a significant amount of research in NLP

on learning with limited labeled data for various tasks, including unsupervised pre-

training [57, 251, 252, 275, 276], multi-task learning [277, 278], semi-supervised

learning [279], and few-shot learning [280–282]. One approach to address the need

for labeled data is through data augmentation [283, 284], which involves generating

new data by modifying existing data points using transformations based on prior

knowledge about the problem’s structure [285]. The augmented data can be gen-

erated from labeled data [245, 286] and used directly in supervised learning [287]

or employed in semi-supervised learning for unlabeled data through consistency

regularization [288].
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unlabeled data GPT3 labeled data GPT3 GPT3-generated 

labeled data

GPT3 GPT3-generated 

labeled data

Wikidata
guide

generate

generate
tag

Prompt-Guided Unlabeled Data Annotation Prompt-Guided Training Data Generation

Dictionary-Assisted Training Data Generation

Figure 5.1: Illustrations of our proposed methods.

5.3 Methodology

We study 3 different approaches to utilize GPT-3 for data annotation: 1) prompt-

guided unlabeled data annotation (PGDA); 2) prompt-guided training data gener-

ation (PGDG); and 3) dictionary-assisted training data generation (DADG). Illus-

trations are shown in Figure 5.1. Overall, these 3 approaches can be regarded as

in-context learning [289], a new paradigm that is getting popular in NLP. Under

this paradigm, a language model “learns” to do a task simply by conditioning on

lIOP, a list of input-output pairs (IOP). 2 More formally,

yi = GPT-3(lIOP, xi) (5.1)

where xi is the query input sequence and yi is the text generated by GPT-3.

For comparison, the performance, cost, and time spent on the three methods are

monitored. We also report the results of Prompted Direct Inference (PGI),

which is to instruct GPT-3 to directly annotate the test data.

5.3.1 Prompt-Guided Unlabeled Data Annotation (PGDA)

The first approach involves the creation of prompts to guide GPT-3 in annotating

unlabeled data. To this end, task-specific prompts are designed to elicit labels

2Under the zero-shot settings, where lIOP is not provided, our methods become instruction-
tuning [290].
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Choose the sentiment of the
given text from Positive and
Negative.
Text: a feast for the eyes
Sentiment: Positive
...
Text: boring and obvious
Sentiment: Negative
Text: [Unlabeled Data]
Sentiment: [Label]

Figure 5.2: An example of Prompt-Guided Unlabeled Data Annotation
(PGDA) for SST2.

from GPT-3 for a given set of unlabeled data. In our experiments, the unlabeled

data is derived from human-labeled datasets by removing the existing labels. The

resulting GPT-3-labeled data is then used to train a local model to predict human-

labeled test data, with the performance of this model being evaluated. As shown

in Figure 5.2, an instruction with few-shot examples is given to GPT-3, followed

by unlabeled data. GPT-3 is then prompted to predict labels for the unlabeled

data.

5.3.2 Prompt-Guided Training Data Generation (PGDG)

The second approach is to utilize GPT-3 to autonomously generate labeled data

for the specified task. This method involves the creation of prompts that guide

GPT-3 to self-generate labeled data, which is subsequently used to train a local

model to predict on human-labeled test data for the purpose of evaluation. For

example, to generate training data with the relation ”head of government”, we

can first ”teach” GPT-3 to generate head-tail entity pairs that have the specified

relation as illustrated in Figure 5.3. After we obtain the generated triplets (head-

tail entity pairs with specified relation), as shown in Figure 5.4, we can then instruct

GPT-3 to generate a sentence with the given entities and relation. Compared with

tagging approach, a significant benefit of the generation-based approach is that

it does not require a long list of label definitions specified in the prompt. For
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Generate 20 different Head En-
tity and Tail Entity with the
given Relation.
Relation: head of government
Relation Definition: head of the ex-
ecutive power of this town, city, mu-
nicipality, state, country, or other gov-
ernmental body
Relation: head of government
Head Entity: United States; Tail
Entity: Chester Alan Arthur
...
Head Entity: Entity1; Tail Entity:
Entity2

Figure 5.3: An example of prompting GPT-3 to generate entities for the rela-
tion ”head of government” for FewRel.

Generate a sentence with the
given entities and relation.
Relation: head of government
Head Entity: United States; Tail
Entity: Chester Alan Arthur
Text: Chester Alan Arthur , 21st
President of the United States , died
of this disease , November 18 , 1886
...
Relation: head of government
Head Entity: Entity1; Tail Entity:
Entity2
Text: [Generated Sentence]

Figure 5.4: An example of prompting GPT-3 to generate a sentence with the
given entities and the relation ”head of government” for FewRel.

example, to generate NER data, it can first generate entities of each entity type

(e.g. organisation, person, etc.) and then generate a sentence with mixed entities.
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5.3.3 Dictionary-Assisted Training Data Generation (DADG)

The third method is designed to utilize dictionary as an external source of knowl-

edge to assist GPT-3 to generate labeled data for a specific domain. In our ex-

periments, we choose Wikidata3 as the dictionary. The data generated through

this Wikidata-guided process is subsequently used to train a local model to predict

human-labeled test data for the purpose of evaluating performance. For instance,

to generate training data with the relation ”head of government”, we first query the

head-tail entity pairs under the relation P6, relation ID of “head of government”,

from Wikidata. Upon obtaining the entity pairs from Wikidata, GPT-3 can then

be instructed to generate a sentence with the specified entity pairs and relation.

An advantage of this approach is that it can leverage knowledge base in specific

domains, particularly when the domains are not present in the pre-trained corpus,

thus allowing for the incorporation of external knowledge into GPT-3 without the

need for fine-tuning.

5.4 Experiments

5.4.1 Experiment Settings

In this study, we conduct extensive experiments on both sequence- and token-level

NLP tasks. The sequence-level tasks include sentiment analysis (SA) and relation

extraction (RE). The token-level tasks include named entity recognition (NER)

and aspect sentiment triplet extraction (ASTE).

More specifically, we use the SST2 dataset [113] for sentiment analysis, a well-

known dataset comprising movie reviews. For relation extraction, we use FewRel

[291], a large-scale relation extraction dataset. For NER, we use the AI domain

split from the CrossNER dataset [292], which is the most difficult domain within

the dataset and more closely mirrors real-world scenarios with its 14 entity types.

For aspect sentiment triplet extraction, we use the laptop domain split released by

[122].

3https://www.wikidata.org

https://www.wikidata.org
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To simulate the production scenario, we assume that the user has access to the

off-shelf GPT-3 API. In all our experiments, we use text-davinci-003 4, the latest

GPT-3 model. In addition, we assume that the user uses BERTBASE for production

and has access to a few data points and Wikidata for each task. For each task,

the resulting data of each approach is post-processed and reformatted into the

same format of human-labeled data before being used to fine-tune a BERTBASE

model. In order to accurately determine the cost and time required for human

labeling, we conduct interviews and consultations with linguists and professional

data annotators to obtain a precise estimation.

5.4.2 Sequence-Level Task

5.4.2.1 SST2

Annotation Approaches In PGDA, we randomly sample 10-shot data of the

train set of the SST2 dataset to construct a prompt template, as illustrated in

Figure 5.2. The prompt is used to guide GPT-3 in generating sentiment labels

for the unlabeled data. In DADG, the ability of GPT-3 to perform Wikidata-

guided few-shot generation is tested. We query entities in Wikidata from the

movie domain. We then use the entities together with the same 10-shot data to

prompt GPT-3 to generate sentences with a specified sentiment.

Results Table 5.1 presents the results of three different approaches. Overall,

PGDA demonstrates the best performance among the three approaches. By la-

beling the same 3,000 data points, PGDA achieves an accuracy of 87.75, which

is only 0.72 lower than that of human-labeled data. However, the cost and time

consumed for PGDA are significantly lower than those for human labeling. By

labeling 6,000 data, PGDA achieves a better performance than the human-labeled

3,000 data, while the cost is approximately 10% of the cost of human labeling.

PGDG performes much worse than PGDA and human-labeled data. However, it

also demonstrates a distinct advantage in terms of cost and time efficiency when

generating the same amount of data compared with alternative approaches. DADG

approach, which involves generating data with in-domain entities, does not result

4Released on 28 Nov 2022. Please refer to https://beta.openai.com/docs/models for more
details.

https://beta.openai.com/docs/models
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Approach
Num. of
Samples

Cost
(USD)

Time
(Mins)

Results

PGDA
3000 11.31 14† 87.75
6000 22.63 27† 89.29

PGDG
3000 0.91 4† 73.81
6000 1.83 8† 76.55

DADG
3000 7.18 23† 68.04
6000 14.37 46† 71.51

Human Labeled
palepink 3000 221 - 300 1000 88.47
palepink 67349 4800 - 6700 22740 93.52

PGI lavender 1821 7.33 12 95.77

Table 5.1: Costs, time spendings and results of SST2. †means multiprocessing
(5 processes) is enabled. Time for manual labeling excludes the time spent on
instruction preparation and training.

in better performance. This is because entities are not typically key factors in

the sentiment classification task, as most entities are neutral and do not provide

additional information relevant to sentiment. Furthermore, since a large portion

of the data in SST2 does not contain any entities, the sentences generated using

DADG do not follow the same distribution as the test data in SST2, leading to

poorer performance. For comparison purposes, the result of PGI is also presented.

It is suggested that, for small-scale applications, it is practical to use GPT-3 to

directly label unlabeled data.

5.4.2.2 FewRel

The FewRel dataset is used for RE experiments. The original FewRel dataset,

proposed for meta-learning, is re-formulated to a supervised learning setting. The

train data of FewRel, which comprises 64 distinct relations and 700 labeled in-

stances for each relation, is divided into a new train/dev/test split (560/70/70). It

is to simulate the real-world application of GPT-3 to annotate data for tasks with

large label spaces. For FewRel experiments, we follow [251] to fine-tune BERTBASE

on the data created by the three approaches for 3 epochs. Subsequently, the fine-

tuned model is evaluated on the human-labeled test data to assess the quality of

data produced by the proposed approaches. The number of samples annotated or

generated by each approach is determined by assuring the costs of each approach

are comparable.
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Annotation Approaches The FewRel dataset poses significant challenges for

the PGDA approach, primarily due to the complexity of instructing GPT-3 to com-

prehend the 64 relations. Due to the cost and maximum token length constraints

of the GPT-3 API, we can only include 1-shot data for each relation within the

prompt, which can make it difficult for GPT-3 to ”understand” each relation. To

address these challenges, we try 5 different prompts for PGDA, with the goal of

exploring whether different prompts could be effective for tasks with large label

space. As mentioned in Section 5.3.2, in PGDG, we conduct the annotation for

RE in two steps. The first step is to instruct GTP-3 to generate head-tail entity

pairs for a specified relation and the second step is to generate sentences with the

generated triplets. We generate 200 labeled data for each relation. As mentioned

in Section 5.3.3, DADG for RE is also conducted in two steps. The first step is

to query WikiData to obtain head-tail entity pairs for a specified relation and the

second step is to generate sentences with the generated triplets. We generate 200

labeled data for each relation.

Results Table 5.2 presents the results of three different approaches. All five

proposed prompts for PGDA perform badly on the FewRel task due to the task dif-

ficulty and large label space. In contrast, the generation-based approaches, namely

PGDG and DADG, achieve much better performance with comparable costs. Even

with access to only 1-shot data, PGDG and DADG yield F1 scores of around 44

and 40 points respectively in comparison to PGDA. With access to 5-shot data, the

performances of PGDG and DADG are further improved with the increased diver-

sity of the generated data. Under comparable costs, PGDG and DADG outperform

the human-labeled data (704 data points) with 33-point and 23-point F1 scores re-

spectively. It is worth noting that the PGDG approach consistently outperforms

the DADG approach. Through analysis, it is determined that the head-tail en-

tity pairs generated by PGDG possess greater diversity than those generated by

DADG for specific relations such as religion and the language of the work. We do

not perform PGI on FewRel data as the cost is obviously much higher.
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Approach
Num. of
Samples

Cost
(USD)

Time
(Mins)

P R F1

PGDA1 (1-shot) 384 28.55 13† 0.03 1.56 0.05
PGDA2 (1-shot) 384 25.40 10† 0.14 1.7 0.18
PGDA3 (1-shot) 384 25.19 11† 0.09 1.65 0.13
PGDA4 (1-shot) 384 25.57 10† 0.02 1.56 0.05
PGDA5 (1-shot) 384 25.56 11† 0.02 1.56 0.05
PGDG (1-shot) 12800 30.58 285† 47.82 45.58 44.11
DADG (1-shot) 12800 17.16 220† 45.41 42.41 40.02

PGDG (5-shot) 12800 99.35 340† 70.59 67.99 67.71
DADG (5-shot) 12800 88.91 265† 59.76 60.85 57.98

Human Labeled
palepink 704 101 - 200 640 41.92 41.45 34.22

palepink 12800 1828 - 3584 11636 85.19 85.07 84.95
palepink 35840 6400 - 10,000 32582 87.55 87.43 87.34

PGI lavender - - - - - -

Table 5.2: Costs, time spendings, and results of FewRel. Time for manual
labeling excludes the time spent on instruction preparation and training. The
number of samples annotated or generated by each approach is determined by
assuring comparable costs. †means multiprocessing (5 processes) is enabled.

5.4.3 Token-Level Task

5.4.3.1 CrossNER

The AI domain split in CrossNER has 14 entity classes, namely product, field,

task, researcher, university, programming language, algorithm, misc, metrics, or-

ganisation, conference, country, location, person. We fine-tune BERTBASE on the

CrossNER task with corresponding data for 100 epochs with early stopping.

Annotation Approaches In PGDA for each entity type, we initiate GPT-3

to generate its definition and provide a selection of data (no more than 10-shot)

with entities belonging to the specified entity type in the prompt to assist GPT-3

in recognizing entities belonging to the same class within the unlabeled data. It is

observed that the same entity may be labeled as different entity types with different

prompts. Therefore, we also include an additional prompt to determine the final

entity type for each identified entity. Both PGDG and DADG for CrossNER are

conducted in two steps. The first step for PGDG is to prompt GPT-3 to generate

entities for each entity type. On the other hand, the first step for DADG is to

query Wikidata to get the entities of each entity type. Notice that we use no more

than 200 generated entities for each entity type in our experiments for both PGDG

and DADG. The second step of both approaches is to use the generated entities

to generate sentences within a specific domain using GPT-3. In the process of
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Approach
Num. of
Samples

Cost
(USD)

Time
(Mins)

Results

PGDA (10-shot) 100 15.39 21 23.08

PGDG (Zero-shot)
1500 7.78 17† 42.63
3000 13.56 33† 41.35

DADG (Zero-shot)
1500 6.77 20† 46.90
3000 13.61 40† 47.22

Human Labeled palepink 100 17 - 42.85 65 42.00

PGI lavender 431 63.23 20† 46.65

Table 5.3: Cost, time spending and results of CrossNER (AI Domain Split).
Time for manual labeling excludes the time spent on instruction preparation and
training. †means multiprocessing (5 processes) is enabled.

generating sentences for both PGDG and DADG, we randomly select a few entities

from all the entities to generate each sentence.

Results Table 5.3 presents the results of the three approaches. We find the

train data labeling method using PGDA has the worst performance yet the highest

costs among the three proposed approaches. It should be noted that there are only

100 gold train data points in the AI domain split in the CrossNER dataset, and

these same 100 data points are labeled using PGDA. However, the cost of labeling

these 100 data points is higher than the cost of using the generation approaches

to generate 3000 data points. It is observed that GPT-3 is effective at identifying

entities in the text, but it may also identify entities that are not of the specified

entity type, resulting in incorrect labeling. Additionally, GPT-3 may not accurately

identify the boundaries of the entities. These two disadvantages make it impractical

to use PGDA for labeling data for named entity recognition (NER) in a production

setting, especially when the label space becomes bigger. The PGDG approach is

able to achieve a result comparable to the 100 human-labeled gold train data at

a lower cost. When utilizing Wikidata, the DADG approach is able to achieve a

higher result than PGDG, likely due to its ability to leverage more unique entities

and in-domain entities extracted from Wikidata. This shows that the ability to

access in-domain entities is crucial for creating high-quality training data for NER.

5.4.3.2 ASTE

We follow [293] to fine-tune BERTBASE on the ASTE task using data created by

each approach for 10 epochs and evaluate the fine-tuned models on human-labeled
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Approach
Num. of
Samples

Cost
(USD)

Time
(Mins)

P R F1

PGDA1 906 11.34 18 57.93 44.38 50.26
PGDA2 906 9.02 17 50.78 24.13 32.71
PGDA3 906 12.84 19 50.73 38.31 43.65

PGDG1 1000 9.41 15† 44.36 22.47 29.83
PGDG2 1000 7.68 14† 54.93 14.36 22.77
PGDG3 1000 13.77 18† 45.10 12.71 19.83

DADG 1000 13.74 18† 48.61 6.45 11.38

Human Labeled
palepink91 13 - 20 180 45.14 38.49 41.55

palepink 906 130 - 200 1800 63.07 55.99 59.32

PGI lavender328 3.92 9 50.10 48.43 49.25

Table 5.4: Costs, time spendings and results of ASTE (laptop domain split).
Time for manual labeling excludes the time spent on instruction preparation and
training. †means multiprocessing (5 processes) is enabled.

test data. We conduct our experiment under 10-shot settings.

Annotation Approaches In PGDA, we randomly sample 10-shot data from

gold train data and use them to guide GPT-3 to tag the unlabeled data. Given

the complexity of ASTE, which requires the identification of aspect, opinion, and

sentiment triplets, we try 3 different prompts to assess the impact of different

prompts on the overall performance of the tagging process. In PDGD, for compar-

ison purposes, the same 10-shot data used for PGDA is used in the experiments for

PGDG. We first instruct GPT-3 to generate aspect-opinion-sentiment triplets and

then instruct GPT-3 to generate sentences with the generated triplets. We also try

on 3 prompts under PGDG. In DADG, we query entities in laptop and computer

hardware domains from WikiData and used them as aspects. We use the prompt

that achieved the best performance for PGDG as the prompt to generate opinions

and sentiments for the aspects. Then we use the obtained triplets for sentence

generation.

Results Table 5.4 presents the results of three different approaches. PGDA

achieves the best performance compared with the other approaches. We also notice

that performance varies with different prompts, which aligns with the previous

research [294]. Similar to SST2, as entities are not the key factors for ASTE and

provide little help to this task, DADG is also outperformed by PGDA.
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5.5 Further Analysis

5.5.1 Impact of Label Space

The results of our experiments indicate that the tagging-based approach (PGDA)

is more appropriate for tasks with smaller label spaces and clearly defined labels.

Examples of such tasks include sentence-level sentiment analysis and ASTE, which

both have small label space (2-3 labels) that can be easily distinguished, e.g. pos-

itive, negative, neutral. In contrast, the generation-based approaches (PGDG and

DADG) are better suited for tasks with larger label spaces or labels that pos-

sess a certain degree of ambiguity. Examples of such tasks include CrossNER

and FewRel, which have 14 and 645 labels respectively, and some of which may

be difficult to identify or differentiate (e.g. Misc, etc.). Both the tagging-based

and generation-based approaches have their own advantages and disadvantages.

The tagging-based approach allows for direct access to in-domain unlabeled data,

while the generation-based approaches may generate data that contains informa-

tion that was ”learned” during pre-training and may not align with the distribution

of in-domain data. However, as the label space becomes larger, the tagging-based

approach requires a lengthy prompt with examples to guide GPT-3, which can

lead to catastrophic forgetting and increase annotation costs. On the other hand,

the generation-based approaches can reformulate the task by first generating spans

with labels (e.g. entities and triplets), and then generating a sentence with the la-

beled spans. These approaches reduce label errors and avoid the challenges of span

boundary detection. In addition, generation-based approaches tend to be more

cost-effective. as the prompts used can be significantly shorter when compared to

those used in the tagging-based approach and multiple data can be generated with

a single prompt at a time.

5.5.2 Comparision with Human Annotators

Through the extensive experiments we find that GPT-3 demonstrates promising

ability to generate domain-specific data (e.g., entities in AI), structured data (e.g.,

triplets), as well as unstructured sequences at a fast speed. As discussed above,

5We refer to the train split of the FewRel used in our experiments. The original FewRel data
has 100 labels in total.
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Generated Entities: Chiang Mai
International Airport; Chiang Mai,
Thailand;
Generated Sentence: Chiang Mai
International Airport is the main gate-
way for air travels to and from Chiang
Mai, Thailand.

Figure 5.5: An example to demonstrate the generation ability of GPT-3.

GPT-3 can even be used to generate data from scratch or to convert structured

knowledge into natural sentences (Figure 5.5), eliminating the requirement of unla-

beled data. While for human annotators, it usually takes longer time to train them

for domain-specific data annotation, and their annotation speed is not comparable

with machines in most cases. Moreover, it is often more challenging for human to

construct training data without unlabeled data, or when the size of label space is

very large. Therefore, in terms of speed and domain-specific data annotation, and

in the setting of labeled data generation, large language models (LLMs) exhibits

encouraging potential. Machines are good at quickly labeling or generating a large

amount of training data. However, if we limit the number of data samples for

model training, the per-instance quality of the data annotated by human is still

higher in most cases.

5.5.3 Impact of Number of Shots

We conduct experiments on the following two datasets, SST2 and FewRel to explore

the impact of the number of shots. We find that increasing the number of shots

does not necessarily lead to better annotation results for all approaches. As shown

in Figure 5.6, for SST2, tagging approach (PGDA) can benefit from more examples

in the context, which enhances GPT-3’s ability to tag unlabeled data. However,

for the PGDG and DADG approaches, GPT-3 tends to generate data similar to

the given examples. As shown in Figure 5.7, for SST2, the data is usually not a

complete sentence and tend to be short and carry less information. Thus, with more

data examples, GPT-3 will “learn” to generate similar data with less information

and lead to poorer data quality. However, for FewRel, the data is a complete

sentence and carry lots of information and the relations between the head entity

and tail entity tend to be more implicit. Thus, with 5-shot data in the context,
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Figure 5.6: Experiments on the impact of number of shots. We reported the
results of 6,000 data on SST2 and 12,800 data (200 data per class) on FewRel.

SST Example: a smile on your face
(positive)
FewRel Example: Winscombe is a
lightly populated locality in the south-
ern part of the Canterbury region of
New Zealand ’s South Island . (Rela-
tion: located on terrain feature)

Figure 5.7: Examples to show the differences between the data distributions
of SST2 and FewRel data.

GPT-3 can generate data that also contain more implicit relations than only with

1-shot or zero-shot in the context.

5.6 Chapter Summary

In this chapter, we conducted a comprehensive examination of the utility of GPT-

3, a state-of-the-art large language model, as a tool for annotating data across a

range of natural language processing (NLP) tasks. This investigation is anchored

in three primary methodologies. Our in-depth experimental analysis reveals that

GPT-3 exhibits promising capabilities in the realm of data annotation for diverse

NLP tasks. This is particularly significant for entities such as individuals or organi-

zations operating under financial constraints, as the cost associated with GPT-3’s

annotation services is relatively modest compared to other options.
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A striking observation from our experiments is the performance level of models

that are trained using data annotated by GPT-3. In many instances, these models

demonstrate performance metrics that are on par with, or in some cases surpass,

models trained on datasets annotated by human experts. This finding is notewor-

thy, especially considering the reduced financial investment required for GPT-3’s

services. However, it’s imperative to acknowledge that while GPT-3’s annotation

quality is commendable, it still lags behind the precision and nuance often found in

human-annotated datasets. There remains a discernible gap in quality that future

enhancements and iterations of the model could potentially bridge.

The implications of our findings are far-reaching and shine a spotlight on the po-

tential for automated data annotation using advanced language models such as

GPT-3. We believe that the insights gleaned from our work will stimulate further

research and the development of innovative methods aimed at improving the qual-

ity of data generated by these sophisticated models. The ultimate goal is to refine

these tools to a point where they can reliably produce high-quality annotated data,

thus democratizing the field of AI. By enabling a broader spectrum of individuals

and organizations to generate their own data for model training, we are stepping

into an era where the democratization of AI becomes a tangible reality. This shift

holds the promise of leveling the playing field, allowing a wider community to

participate in and benefit from the advancements in AI technology.



Chapter 6

Conclusions and Future

Directions

6.1 Overall Summary

This thesis presents a comprehensive study on enhancing information extraction

and dialogue system performance in low-resource scenarios. It consists of several

research projects, each focusing on a unique aspect of this challenge.

Chapter 3 introduces a generation-based data augmentation technique specifically

designed for low-resource sequence tagging tasks. This innovative approach uses

advanced generative models to create diverse and representative datasets, address-

ing data scarcity issues. The chapter demonstrates how this method significantly

improves the accuracy and robustness of information extraction systems, particu-

larly in languages and domains with sparse data. This research has inspired follow

up research on the token-level data augmentation and generation-based data aug-

mentation for NLP.

In Chapter 4, the research shifts to the development of a multilingual task-oriented

dialogue system in the context of globalization. This system integrates local entities

and contexts within a global framework. The chapter discusses the challenges and

solutions in creating systems that operate effectively across various languages and

cultural contexts. It also highlights how incorporating local nuances can enhance

the system’s performance and relevance in a globalized environment. This research
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has inspired follow up research on the multilingual and foreign langauges dialogue

systems.

Chapter 5 explores the application of large language models for improved data

labeling in natural language processing tasks. This chapter delves into how these

models can automate and refine the data annotation process, significantly reducing

the time and resources needed for manual labeling. It emphasizes the effectiveness

of these models in generating high-quality, reliable labels in complex linguistic

scenarios. This has inspired research of using LLMs generated data for model

training and human-AI collaboration of data annotations.

6.2 Future Directions

In the current section, we aim to comprehensively delineate a plethora of prospec-

tive avenues for future research endeavors. This includes, but is not limited to,

the strategic expansion of previously established methodologies, enhancing their

applicability and versatility across a more expansive array of tasks and disciplines.

In addition, we emphasize the necessity of addressing and resolving the substantial

challenges inherent in the most recent and advanced techniques that represent the

forefront of our field.

Our intent is to catalyze further scholarly inquiry by broadening the scope of exist-

ing strategies, thereby enabling them to adapt to and effectively manage a diverse

range of scenarios and problem sets. This expansion is not merely a matter of

scaling up current methods, but involves a thoughtful reconfiguration and refine-

ment to ensure they are robust, efficient, and suitable for a wider spectrum of

applications.

Moreover, we recognize the imperative to confront and overcome significant hurdles

present in state-of-the-art methodologies. These cutting-edge techniques, while

representing the zenith of current research, often harbor complexities and issues

that must be meticulously examined and resolved. This entails a deep dive into

their foundational principles, operational mechanisms, and potential limitations.

By doing so, we can enhance their reliability, efficacy, and applicability, thereby

advancing the frontier of knowledge in our field.
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In summary, this section is dedicated to charting a course for future research that is

both ambitious and pragmatic. It calls for a dual approach: extending the reach of

existing methods while simultaneously refining the latest technological innovations

to address their inherent challenges. Through this dual focus, we aim to forge

a path forward that is innovative, comprehensive, and conducive to significant

advancements in our field of study.

6.2.1 Multilingual Logical and Mathematical Reasoning

In the field of artificial intelligence research, a promising avenue for future explo-

ration lies in augmenting the capabilities of AI systems to proficiently comprehend

and perform logical and mathematical reasoning in a diverse array of languages

[295–297]. This task goes beyond simple translation; it involves a deep understand-

ing of the cultural and linguistic nuances that influence different ways of reasoning.

At the heart of this challenge is the need to create AI models that are adept at

adjusting to the varied logical structures and mathematical standards that are in-

herent in different language environments. This requires a nuanced approach that

takes into account the unique aspects of each language and culture [276, 298, 299].

In addition, there’s a significant opportunity to delve into the interplay between

established frameworks of formal logic and the field of natural language processing

[300]. By integrating these two areas, AI systems could achieve a higher level of

precision in reasoning, especially in scenarios where multiple languages are involved.

This exploration could lead to groundbreaking developments in how AI understands

and processes different forms of logic and reasoning across various languages. The

focus would be on enabling AI to not just translate words, but to truly grasp

the underlying logical constructs and mathematical principles that are expressed

differently in each language. This advancement would represent a major leap in

the AI’s ability to interact with and understand a multilingual world, breaking new

ground in the field of artificial intelligence.

6.2.2 Culture-aware Multilingual NLP

The exploration within this particular domain may shift focus towards the creation

and development of Natural Language Processing (NLP) systems that are not
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only equipped to handle multiple languages simultaneously but also possess a keen

sensitivity to the various cultural aspects embedded within these languages [301–

303]. The primary goal of these sophisticated systems would be to go beyond the

realm of simple, direct translations. They would be engineered to delve deeply

into understanding and accurately interpreting the nuances of idioms, the subtle

meanings behind cultural references, and the unique contextual implications that

are specific to each language and its associated culture [304].

This would involve an advanced level of linguistic analysis where the systems are

not just translating words but are also interpreting the cultural context in which

these words are used. The essence of this endeavor is to capture the rich, cultural

underpinnings that often get lost in translation, ensuring that the true intent and

flavor of the original message are conveyed in the target language.

In addition to this, a significant and promising direction for research could be the

formulation and implementation of algorithms that are highly skilled in identifying,

understanding, and adapting to various cultural biases and nuances. This aspect of

research is crucial because each language and culture comes with its own set of bi-

ases and intricacies, which can significantly impact the meaning and interpretation

of text. By recognizing and adjusting for these cultural biases, these advanced NLP

systems would be able to provide more accurate, contextually relevant translations

and interpretations.

This would elevate the functionality and effectiveness of NLP technologies in a

wide range of international and multicultural settings [305]. By enhancing their

ability to accurately interpret and adapt to different cultural contexts, these sys-

tems could greatly improve communication across languages and cultures, making

them invaluable tools in our increasingly globalized world. The potential applica-

tions of such technology are vast, ranging from improving international business

communications to aiding in cross-cultural understanding and collaboration.
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6.2.3 Domain Adaptation in Multilingual Large Language

Models (LLMs)

Future research endeavors in the field of artificial intelligence and natural language

processing could focus on enhancing the domain-specific flexibility of large lan-

guage models [306]. This involves ensuring that these models remain effective and

reliable when inferencing across a multitude of languages. The primary objective

in this advancement would be to design and develop models that are adept at un-

derstanding, assimilating, and utilizing industry-specific jargon and concepts in a

variety of languages. By achieving this, the need for extensive retraining of these

models for each new domain or language could be significantly reduced [307].

One of the foremost challenges in this pursuit would be addressing the scarcity

of data, particularly in specialized fields, for languages that are not widely spo-

ken. This is a crucial aspect because the effectiveness of language models often

hinges on the availability and richness of the data they are trained on. Another

significant hurdle would be the development and refinement of advanced transfer

learning techniques. These techniques are essential for enabling the models to ef-

ficiently transfer and apply the knowledge acquired from one language or domain

to another, essentially learning from one context and applying that learning to a

different context. This process requires sophisticated algorithms capable of identi-

fying and leveraging the commonalities and differences between various languages

and domains.

Moreover, this research could delve into the intricacies of cross-lingual and cross-

domain nuances, ensuring that the models are not only proficient in multiple lan-

guages but also sensitive to the cultural and contextual subtleties inherent in each

language. This would involve the models being trained to understand idiomatic

expressions, colloquialisms, and cultural references, which vary greatly from one

language to another. The aim is to create models that are not only linguistically

versatile but also culturally informed, thereby enhancing their applicability and

relevance in a global context.

The success of such research could revolutionize the way we interact with technol-

ogy, making language models more accessible, efficient, and useful across a wider

range of industries and linguistic communities. It could lead to breakthroughs

in how language models are used for tasks such as translation, content creation,
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and even in understanding and predicting human behavior and preferences across

different cultures and languages.

6.2.4 Human-AI Interaction

The remarkable achievements of ChatGPT can be seen as a testament to the

broader triumphs in the field of Human-AI Interaction (HAI) [308]. This par-

ticular line of research endeavors to delve deeper into enhancing the cooperative

capabilities of AI in numerous activities, including but not limited to co-authoring

documents, programming, data co-annotation, the art of persuasion, and even in

roles akin to counselling [309]. The central objective of this research is to cultivate

AI systems that possess a profoundly sophisticated grasp of human instructions

and inputs [310]. Such systems would be adept at not only understanding but

also anticipating human needs. They would be capable of offering creative and

out-of-the-box suggestions while responding in a manner that reflects emotional

intelligence.

An essential aspect of this research involves investigating how AI can modify its

methods of communication and interaction to better resonate with the unique pref-

erences and cultural nuances of individual users. This approach is critical because

it recognizes the diverse nature of human users and their varying requirements. By

doing so, AI can become more effective in its collaborations with humans, enhanc-

ing the overall experience and productivity in a wide array of tasks.

Further exploration in this domain could potentially lead to AI systems that are

not just reactive but proactive in their interactions with humans. For instance, in

a co-writing scenario, such an AI would not only assist in generating text based

on direct prompts but also suggest alternative angles, introduce novel concepts,

and even predict questions or concerns a human collaborator might have. In pro-

gramming, the AI could foresee potential bugs or inefficiencies in code and propose

optimizations or corrections even before the human programmer identifies them.

In persuasive tasks, AI could learn to understand and adapt to the psychological

and emotional states of the human counterpart, thereby tailoring its arguments

or suggestions in a way that is more likely to be well-received. In a counselling

role, the AI could provide support and advice that is empathetic and tailored to
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the individual’s emotional state and personal history, potentially even recognizing

subtle cues in the user’s language and behavior that might indicate their mood or

needs.

Key to all these advancements is the development of AI systems that are deeply

attuned to the nuances of human language, culture, emotions, and thought pro-

cesses. This would require extensive research into natural language processing,

cultural sensitivity algorithms, emotional intelligence modeling, and predictive an-

alytics. The ultimate goal is to create AI partners that are not only efficient but

also empathetic and responsive to the full spectrum of human diversity, thereby

enhancing the quality and effectiveness of human-AI collaborations in a multitude

of fields.
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Rojas-Barahona, Pei-Hao Su, Stefan Ultes, and Steve Young. A network-
based end-to-end trainable task-oriented dialogue system. In Proceedings of
the 15th Conference of the European Chapter of the Association for Com-
putational Linguistics (EACL): Volume 1, Long Papers, pages 438–449, Va-
lencia, Spain, April 2017. Association for Computational Linguistics. URL
https://aclanthology.org/E17-1042. 73

[239] Jost Schatzmann, Blaise Thomson, Karl Weilhammer, Hui Ye, and Steve
Young. Agenda-based user simulation for bootstrapping a pomdp dialogue

https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1467-971X.1989.tb00670.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1467-971X.1989.tb00670.x
https://aclanthology.org/2021.naacl-main.41
https://aclanthology.org/2021.naacl-main.41
https://aclanthology.org/H90-1021/
https://aclanthology.org/W14-4337/
https://aclanthology.org/W17-5526
https://aclanthology.org/W17-5526
https://aclanthology.org/E17-1042


BIBLIOGRAPHY 155

system. In Human Language Technologies 2007: The Conference of the
North American Chapter of the Association for Computational Linguistics
(NAACL); Companion Volume, Short Papers, pages 149–152, 2007. URL
https://aclanthology.org/N07-2038/. 73

[240] Abhinav Rastogi, Xiaoxue Zang, Srinivas Sunkara, Raghav Gupta, and
Pranav Khaitan. Towards scalable multi-domain conversational agents: The
schema-guided dialogue dataset. In Proceedings of the AAAI Conference
on Artificial Intelligence (AAAI), volume 34, pages 8689–8696, 2020. URL
https://arxiv.org/abs/1909.05855. 73

[241] Jun Quan, Shian Zhang, Qian Cao, Zizhong Li, and Deyi Xiong. Ri-
SAWOZ: A large-scale multi-domain Wizard-of-Oz dataset with rich se-
mantic annotations for task-oriented dialogue modeling. In Proceedings
of the 2020 Conference on Empirical Methods in Natural Language Pro-
cessing (EMNLP), pages 930–940, Online, November 2020. Association for
Computational Linguistics. doi: 10.18653/v1/2020.emnlp-main.67. URL
https://aclanthology.org/2020.emnlp-main.67. 73

[242] Bernd Kiefer, Anna Welker, and Christophe Biwer. Vonda: A framework for
ontology-based dialogue management. In Increasing Naturalness and Flex-
ibility in Spoken Dialogue Interaction, pages 93–105. Springer, 2021. URL
https://arxiv.org/abs/1910.00340. 73

[243] Xiaoxue Zang, Abhinav Rastogi, Srinivas Sunkara, Raghav Gupta, Jian-
guo Zhang, and Jindong Chen. MultiWOZ 2.2 : A dialogue dataset with
additional annotation corrections and state tracking baselines. In Proceed-
ings of the 2nd Workshop on Natural Language Processing for Conversa-
tional AI, pages 109–117, Online, July 2020. Association for Computa-
tional Linguistics. doi: 10.18653/v1/2020.nlp4convai-1.13. URL https:

//aclanthology.org/2020.nlp4convai-1.13. 73

[244] Mihail Eric, Rahul Goel, Shachi Paul, Abhishek Sethi, Sanchit Agarwal,
Shuyang Gao, Adarsh Kumar, Anuj Goyal, Peter Ku, and Dilek Hakkani-
Tur. Multiwoz 2.1: A consolidated multi-domain dialogue dataset with state
corrections and state tracking baselines. In Proceedings of The 12th Lan-
guage Resources and Evaluation Conference (LREC), pages 422–428, Mar-
seille, France, May 2020. European Language Resources Association. URL
https://www.aclweb.org/anthology/2020.lrec-1.53. 73

[245] Linlin Liu, Bosheng Ding, Lidong Bing, Shafiq R. Joty, Luo Si, and Chunyan
Miao. Mulda: A multilingual data augmentation framework for low-resource
cross-lingual ner. In Annual Meeting of the Association for Computational
Linguistics, 2021. 74, 104

[246] Yan Zeng and Jian-Yun Nie. Jointly optimizing state operation predic-
tion and value generation for dialogue state tracking. arXiv preprint
arXiv:2010.14061, 2020. URL https://arxiv.org/abs/2010.14061. 77

https://aclanthology.org/N07-2038/
https://arxiv.org/abs/1909.05855
https://aclanthology.org/2020.emnlp-main.67
https://arxiv.org/abs/1910.00340
https://aclanthology.org/2020.nlp4convai-1.13
https://aclanthology.org/2020.nlp4convai-1.13
https://www.aclweb.org/anthology/2020.lrec-1.53
https://arxiv.org/abs/2010.14061


156 BIBLIOGRAPHY

[247] Michael Heck, Carel van Niekerk, Nurul Lubis, Christian Geishauser, Hsien-
Chin Lin, Marco Moresi, and Milica Gasic. TripPy: A triple copy strategy for
value independent neural dialog state tracking. In Proceedings of the 21th An-
nual Meeting of the Special Interest Group on Discourse and Dialogue (SIG-
DIAL), pages 35–44, 1st virtual meeting, July 2020. Association for Compu-
tational Linguistics. URL https://aclanthology.org/2020.sigdial-1.4.
77

[248] Colin Shunryu Garvey. A framework for evaluating barriers to the democrati-
zation of artificial intelligence. In AAAI Conference on Artificial Intelligence,
2018. 102

[249] Giovanni Rubeis, Keerthi Dubbala, and Ingrid Metzler. “democratizing”
artificial intelligence in medicine and healthcare: Mapping the uses of an
elusive term. Frontiers in Genetics, 13, 2022. 102

[250] Andreas Bunte, Frank Richter, and Rosanna Diovisalvi. Why it is hard to
find ai in smes: A survey from the practice and how to promote it. In
ICAART, 2021. 102

[251] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert:
Pre-training of deep bidirectional transformers for language understanding.
ArXiv, abs/1810.04805, 2019. 102, 104, 110

[252] Zhilin Yang, Zihang Dai, Yiming Yang, Jaime G. Carbonell, Ruslan Salakhut-
dinov, and Quoc V. Le. Xlnet: Generalized autoregressive pretraining for
language understanding. In Neural Information Processing Systems, 2019.
102, 104

[253] Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L Wainwright,
Pamela Mishkin, Chong Zhang, Sandhini Agarwal, Katarina Slama, Alex
Ray, et al. Training language models to follow instructions with human
feedback. arXiv preprint arXiv:2203.02155, 2022. 102

[254] Su Young Kim, Hyeon ju Park, Kyuyong Shin, and KyungHyun Kim. Ask
me what you need: Product retrieval using knowledge from gpt-3. ArXiv,
abs/2207.02516, 2022. 102

[255] Jack W. Rae, Sebastian Borgeaud, Trevor Cai, Katie Millican, Jordan Hoff-
mann, Francis Song, John Aslanides, Sarah Henderson, Roman Ring, Susan-
nah Young, Eliza Rutherford, Tom Hennigan, Jacob Menick, Albin Cassirer,
Richard Powell, George van den Driessche, Lisa Anne Hendricks, Maribeth
Rauh, Po-Sen Huang, Amelia Glaese, Johannes Welbl, Sumanth Dathathri,
Saffron Huang, Jonathan Uesato, John F. J. Mellor, Irina Higgins, Antonia
Creswell, Nathan McAleese, Amy Wu, Erich Elsen, Siddhant M. Jayaku-
mar, Elena Buchatskaya, David Budden, Esme Sutherland, Karen Simonyan,
Michela Paganini, L. Sifre, Lena Martens, Xiang Lorraine Li, Adhiguna
Kuncoro, Aida Nematzadeh, Elena Gribovskaya, Domenic Donato, Ange-
liki Lazaridou, Arthur Mensch, Jean-Baptiste Lespiau, Maria Tsimpoukelli,

https://aclanthology.org/2020.sigdial-1.4


BIBLIOGRAPHY 157

N. K. Grigorev, Doug Fritz, Thibault Sottiaux, Mantas Pajarskas, Tobias
Pohlen, Zhitao Gong, Daniel Toyama, Cyprien de Masson d’Autume, Yujia
Li, Tayfun Terzi, Vladimir Mikulik, Igor Babuschkin, Aidan Clark, Diego
de Las Casas, Aurelia Guy, Chris Jones, James Bradbury, Matthew G. John-
son, Blake A. Hechtman, Laura Weidinger, Iason Gabriel, William S. Isaac,
Edward Lockhart, Simon Osindero, Laura Rimell, Chris Dyer, Oriol Vinyals,
Kareem W. Ayoub, Jeff Stanway, L. L. Bennett, Demis Hassabis, Koray
Kavukcuoglu, and Geoffrey Irving. Scaling language models: Methods, anal-
ysis & insights from training gopher. ArXiv, abs/2112.11446, 2021. 103

[256] Ross Taylor, Marcin Kardas, Guillem Cucurull, Thomas Scialom, Anthony S.
Hartshorn, Elvis Saravia, Andrew Poulton, Viktor Kerkez, and Robert Sto-
jnic. Galactica: A large language model for science. ArXiv, abs/2211.09085,
2022.

[257] Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya,
Trevor Cai, Eliza Rutherford, Diego de Las Casas, Lisa Anne Hendricks,
Johannes Welbl, Aidan Clark, Tom Hennigan, Eric Noland, Katie Millican,
George van den Driessche, Bogdan Damoc, Aurelia Guy, Simon Osindero,
Karen Simonyan, Erich Elsen, Jack W. Rae, Oriol Vinyals, and L. Sifre.
Training compute-optimal large language models. ArXiv, abs/2203.15556,
2022.

[258] Sid Black, Stella Rose Biderman, Eric Hallahan, Quentin G. Anthony, Leo
Gao, Laurence Golding, Horace He, Connor Leahy, Kyle McDonell, Ja-
son Phang, Michael Martin Pieler, Usvsn Sai Prashanth, Shivanshu Puro-
hit, Laria Reynolds, Jonathan Tow, Benqi Wang, and Samuel Weinbach.
Gpt-neox-20b: An open-source autoregressive language model. ArXiv,
abs/2204.06745, 2022.

[259] Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen,
Shuohui Chen, Christopher Dewan, Mona Diab, Xian Li, Xi Victoria Lin,
Todor Mihaylov, Myle Ott, Sam Shleifer, Kurt Shuster, Daniel Simig,
Punit Singh Koura, Anjali Sridhar, Tianlu Wang, and Luke Zettlemoyer.
Opt: Open pre-trained transformer language models. ArXiv, abs/2205.01068,
2022.

[260] Aakanksha Chowdhery, Sharan Narang, Jacob Devlin, Maarten Bosma, Gau-
rav Mishra, Adam Roberts, Paul Barham, Hyung Won Chung, Charles Sut-
ton, Sebastian Gehrmann, Parker Schuh, Kensen Shi, Sasha Tsvyashchenko,
Joshua Maynez, Abhishek B Rao, Parker Barnes, Yi Tay, Noam M. Shazeer,
Vinodkumar Prabhakaran, Emily Reif, Nan Du, Benton C. Hutchinson,
Reiner Pope, James Bradbury, Jacob Austin, Michael Isard, Guy Gur-Ari,
Pengcheng Yin, Toju Duke, Anselm Levskaya, Sanjay Ghemawat, Sunipa
Dev, Henryk Michalewski, Xavier Garćıa, Vedant Misra, Kevin Robinson,
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