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摘要

資料標記旨在對資料進行相關訊息的標記或標籤化，大量研究報告的結果顯

示利用大型語言模型作為人類標記者的正向潛在能力。然而，現有研究主要聚焦

在經典的自然語言處理任務上，尚未充分探索大型語言模型在需要專家知識領域

中作為標記者的表現。在本論文中，我們系統性的評估其在金融、生物醫學及法

律三個高度專業化領域的專家級標記者的表現，研究辦法包括單一語言模型以及

多語言模型合作在內的綜合方法，以評估其性能和可靠性。實驗結果表明，儘管

大型語言模型作為標記者表現出一定的前景，但其在不同領域和任務中的表現

有顯著的差異。從成本效益的角度來看，我們的分析表明大型語言模型在使用

vanilla或 CoT方法時，能夠有效節約成本並保持中庸的表現。然而，儘管其擁有

這些優勢，大型語言模型在高度專業化的任務中尚不能完全替代人類專家。據我

們所知，本論文為首篇系統性地評估大型語言模型作為專家級標記者表現的研

究，提供在專業領域中的實證結果和初步見解。

關鍵字：大型語言模型、大型語言模型擔任資料標記者、語言智能體
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Abstract

Data annotation refers to the labeling or tagging of textual data with relevant infor-

mation. A large body of work has reported positive results on leveraging large language

models as an alternative to human annotators. However, existing studies focus on classic

NLP tasks, and the extent to which LLMs as data annotators perform in domains requiring

expert knowledge remains underexplored. In this work, we present a systematic evalua-

tion of LLMs as expert-level data annotators across three highly specialized domains:

finance, biomedicine, and law. We investigate comprehensive approaches, including sin-

gle LLMs and multi-agent LLM frameworks, to assess their performance and reliability.

Our experimental results reveal that while LLMs show promise as cost-effective alterna-

tives to human annotators, their performance varies significantly across different domains

and tasks. From a cost-effectiveness perspective, our analysis indicates that LLMs, par-

ticularly when using the vanilla or CoT methods, offer substantial savings compared to

traditional human annotation processes. Despite these advantages, LLMs are not yet a
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direct substitute for human experts in highly specialized tasks. To the best of our knowl-

edge, we present the first systematic evaluation of LLMs as expert-level data annotators,

providing empirical results and pilot insights in specialized domains.

Keywords: Large Language Models, LLMs as Annotators, Language Agents
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Chapter 1

Introduction

Data annotation refers to the task of labeling or tagging textual data with relevant

information (Tan et al., 2024). For example, adding topic keywords to social media con-

tents. Typically, data annotation is carried out by crowd-sourced workers (e.g., MTurkers)

or specialized annotators (e.g., researchers), depending on the tasks, to ensure high-quality

annotations. However, the annotating procedures are often costly, time-consuming, and

labor-intensive, particularly for tasks that require domain expertise.

With the rise of large language models (LLMs), a series of works have explored using

them as an attractive alternative to human annotators (Choi et al., 2024; Ding et al., 2023;

He et al., 2023; Zhang et al., 2023). Empirical results show that, in certain scenarios,

LLMs such as ChatGPT and GPT-3.5 even outperform master-level MTurk workers, with

substantially lower per-annotation cost (Alizadeh et al., 2023; Bansal and Sharma, 2023;

Gilardi et al., 2023; Zhu et al., 2023). However, existing studies mainly focus on classic

NLP tasks (e.g., sentiment classification, word-sense disambiguation) on general domain

datasets. The extent to which LLMs as data annotators perform in domains requiring

expert knowledge remains unexplored.

1
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On the other hand, LLMs have exhibited striking performance in a variety of bench-

marks, both professional and academic (Achiam et al., 2023; Chen et al., 2021; Hendrycks

et al., 2020; Jin et al., 2019; Rein et al., 2023). Leveraging the abundant domain-specific

knowledge encoded in the parameters, LLMs could pass exams that require expert-level

abilities (Callanan et al., 2023; Choi et al., 2021; Katz et al., 2024; Singhal et al., 2023a,b).

These findings prompt the question – Can LLMs apply their parametric knowledge to per-

form expert-level annotation tasks?

To address this, we investigate three specialized domains: finance, biomedicine, and

law. Specifically, we adopt six datasets that (i) provide fully-detailed annotation guide-

lines and (ii) are manually labelled by domain experts. We format the annotation task,

the guideline, and unlabelled data instances as instructional inputs to the most performant,

publicly-available LLMs, and evaluate their annotation results against ground-truth la-

belled by human experts. Experimental results in our vanilla setting suggest that LLMs

show substantial rooms for improvements, with an average of around 35% behind human

expert annotators.

Towards a more comprehensive evaluation, we employ a variety of approaches tai-

lored to elicit the capabilities in LLMs, including chain-of-thought (CoT), self-consistency,

and self-refine promptings. Additionally, drawing inspiration from how human annotators

reach consensus, we introduce a multi-agent annotation framework which incorporates a

peer-discussion process for producing annotations. Furthermore, we propose an Environ-

mental, Social, and Governance (ESG) dataset, as well as different language versions to

explore the multilingual abilities of LLMs as expert annotators. Lastly, we discuss practi-

cal suggestions on leveraging LLMs for expert annotation tasks, from a cost-effectiveness

perspective. We summarize our main contributions as follows:

2
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• We present, to the best of our knowledge, the first systematic evaluation of LLMs

as expert-level data annotators.

• We explore comprehensive approaches, including prompt-basedmethods andmulti-

agent frameworks, across three highly specialized domains.

• We propose DynamicESG, a dataset comprises ESG news articles with multiple lan-

guage versions to investigate the multilingual ability of LLMs as expert annotators.

• We provide a cost-effectiveness analysis and practical suggestions on leveraging

LLMs for expert annotation tasks.

We organize the thesis as follows: Chapter 2 discusses related work. Chapter 3 in-

troduces two types of datasets, namely domain-specific datasets and our proposed dataset,

DynamicESG, for the exploration of LLMs as expert annotators. Chapter 4 investigates

the capabilities of single LLMs. Chapter 5 explores multi-agent LLMs as annotator groups

to simulate the resolution of discrepancies in the annotation process. In Chapter 6, we pro-

vide an analysis of multilinguality and cost-effectiveness. Finally, Chapter 7 presents the

conclusion, limitations and the future directions.

3
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Chapter 2

Related Work

2.1 LLMs as Annotators

Recent advancements in NLP have leveraged LLMs as effective tools for data an-

notation, significantly reducing the time and cost associated with traditional human an-

notation methods. He et al. (2023) introduce AnnoLLM, a system that utilizes LLMs,

specifically GPT-3.5, to annotate data through a two-step process of explanation and an-

notation. AnnoLLMdemonstrates the capability to match or even surpass the performance

of crowd-sourced human annotators across various NLP tasks. Zhang et al. (2023) pro-

pose LLMAAA, which integrates LLMs into an active learning loop, optimizing both the

annotation and training processes. This approach not only enhances efficiency but also

ensures the reliability of annotations, making it particularly effective for tasks like named

entity recognition and relation extraction.

Another innovative approach discussed by Gilardi et al. (2023) and Alizadeh et al.

(2023) involves using open-source LLMs for text annotation tasks such as relevance, topic

detection, and framing detection. They demonstrate that fine-tuned models can signif-

4
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icantly improve their annotation performance, presenting a cost-effective alternative to

commercial models like GPT-3.5. Furthermore, the study by Choi et al. (2024) explores

the use of GPT models as multilingual annotators, demonstrating their capability to gen-

erate high-quality annotations in multiple languages from a single input. This approach

is particularly beneficial for low-resource languages, offering a cost-efficient solution for

multilingual dataset construction. Lastly, the work by Bansal and Sharma (2023) high-

lights the generalization capabilities of LLMs in enhancing NLPmodels. They introduced

a novel sampling strategy for annotating inputs, which significantly improves the accuracy

and generalization of models across various domains.

In sum, these studies collectively underscore the potential of LLMs to revolution-

ize the field of data annotation, providing efficient, scalable, and cost-effective solutions

that could potentially replace traditional human-based methods. However, they all focus

on general domain annotation tasks, leaving a gap in the exploration of domain-specific

applications. While the general domain annotation tasks provide a broad understanding

of the capabilities of LLMs, the unique challenges and requirements of specific domains

such as legal, medical, or technical fields remain underexplored. Thus, in this thesis, we

aim to unveil the capabilities of LLMs as expert annotators.

2.2 Multi-Agent LLM Collaboration

Recently, several research has explored the planning, reflection, and tool-using abili-

ties in LLMs (Shinn et al., 2024; Yao et al., 2024, 2022), potentially paving the way for ar-

tificial general intelligence (Bubeck et al., 2023). Thus, LLM-based agent has surged as a

fast-growing research field (Wang et al., 2024; Xi et al., 2023). Moreover, theMulti-Agent

5
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framework, where multiple LLM-based agents cooperate and communicate with each

other to solve complex tasks, has also appeared as a prevalent research direction (Chen

et al., 2023c; Du et al., 2023; Hong et al., 2023; Liang et al., 2023b; Tseng et al., 2024).

As identified in prior surveys of LLM-based agents (Guo et al., 2024; Xi et al., 2023),

there are two collaboration paradigms in the multi-agent schema: Cooperative and Ad-

versarial. The cooperative paradigm facilitates information sharing among agents, with

some frameworks using message pools to store each agent’s current state and ongoing

tasks (Chen et al., 2023d; Hong et al.). On the other hand, the adversarial paradigm,

including debate, competition, and criticism, enhances the decision-making process and

seeks more advantages through adopting opposing perspectives (Chan et al., 2023; Fu

et al., 2023).

In this thesis, to enhance annotation performance and mitigate discrepancies dur-

ing the annotation process, we leverage the benefits of multi-agent LLM collaboration.

Specifically, we design multi-agent LLM frameworks within a cooperative paradigm,

where multiple LLMs share their information (i.e., annotation and reasoning) with each

others. To simulate the real annotation process, we propose two types of discussion pro-

cesses, namely majority vote and peer discussion, detailed in Section 5.

2.3 AI for Social Good – ESG

The integration of Environmental, Social, and Governance (ESG) factors into AI-

based decision-making processes has become increasingly significant, especially in the

financial sector. Recent advancements in AI andNatural Language Processing (NLP) have

been directed towards understanding and evaluating these non-monetary factors, which are

6



doi:10.6342/NTU202501476

crucial for sustainable and ethical business practices.

One of the pioneering efforts in this domain is the implications of ESG factors on cor-

porate performance and investment decisions, which have been the focus of an expanding

body of research. Foundational research, conducted by MSCI (Giese et al., 2021), identi-

fies governance (G) as the predominant pillar for short-term analysis, representing event

risks, while environmental (E) and social (S) indicators become increasingly crucial in the

long term, reflecting cumulative risks to performance, such as carbon emissions. Mehra

et al. (2022) contribute to the field by introducing ESGBERT, a tool developed by fine-

tuning the BERT model for sequence classification and performing a Masked Language

Model (MLM) task on an ESG corpus. The experimental results demonstrate ESGBERT’s

success in learning the ESG context, highlighting its value for various ESG-specific text

classification tasks. Further, Raman et al. (2020) automatically generate an ESG rele-

vance score for any corporate discourse, providing a mechanism to gauge and assess the

emphasis placed on sustainable business practices. The other interesting study by Lee et al.

(2022) points out the challenges associated with calculating ESG scores for small busi-

nesses, which often lack extensive data records compared to larger corporations. Distinct

from the aforementioned studies, our proposed DynamicESG dataset extends the ESG dis-

course by focusing on daily news articles to dynamically assess changes in a company’s

ESG rating. This approach addresses the inherent limitations of the traditional annual

update cycle, providing a more nuanced understanding of ESG impacts influenced by

real-time events and developments.

To foster advancements in this area, we organize three Multilingual ESG Shared

Tasks (ML-ESG) with oversea researchers as part of the 5th, 6th, and 7th Workshop on

Financial Technology and Natural Language Processing (FinNLP; Chen et al. 2023a,b,

7
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2024). The ML-ESG datasets includes versions in English, French, Japanese, Korean and

Chinese. The ESG issue identification shared task, designed according to the MSCI ESG

rating methodology, requires systems to classify news articles into key ESG issues, taking

into account the target company and its industry. Other shared tasks has evolved over the

years, with subsequent iterations focusing on different aspects such as ESG Impact Type

Identification and Impact Duration Inference, reflecting the complex and dynamic nature

of ESG factors.

Furthermore, the ML-ESG shared tasks are instrumental in advancing research in

multilingual ESG analysis, acknowledging the global nature of ESG issues and the im-

portance of diverse linguistic representation in ESG analysis. These tasks provide valu-

able insights into the methodologies and performances of various AI models in handling

ESG-related data across different languages.

In conclusion, the integration of ESG factors into AI models through tasks like ML-

ESG represents a significant step towards leveraging technology for social good. It aligns

with the broader goals of sustainable and responsible investing, emphasizing the impor-

tance of considering environmental and social impacts in financial decision-making pro-

cesses. This approach not only enhances the transparency and accountability of corpora-

tions but also promotes long-term value-driven investments.

8
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Chapter 3

Datasets

In this thesis, we adopt two types of datasets: various domain-specific datasets and

our proposed dataset, DynamicESG, for different purposes.

Firstly, to investigate the expert-level annotation abilities of LLMs, we conduct com-

prehensive experiments using domain-specific datasets. These datasets, as introduced in

Section 3.1, cover three popular domains: finance, biomedicine, and law. Each domain

includes two datasets that are annotated by domain experts to ensure the reliability and

accuracy of ground-truth labels, resulting in total of six specialized datasets. All datasets

are in English and involve single-choice natural language understanding tasks.

On the other hand, we utilize DynamicESG (Tseng et al., 2023), as proposed in Sec-

tion 3.2, to prevent data contamination issues (Deng et al., 2023; Sainz et al., 2023). Since

it was published after October 2023, DynamicESG is not included in the training corpus

of LLMs, thus providing a more representative performance evaluation. Furthermore, the

ESG datasets encompass five languages, which are valuable for the research community

and are also appropriate for our research to further explore the multilinguality.

9
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3.1 Existing Domain-Specific Datasets

3.1.1 Finance

We adopt the REFinD (Kaur et al., 2023) and FOMC datasets (Shah et al., 2023) for

financial domain. REFinD is the largest relation extraction dataset over financial docu-

ments, comprising 8 entity pairs and 22 relations. The labels have been reviewed by fi-

nancial experts, ensuring their reliability and accuracy. In this task, annotators are tasked

to extract relations between finance-specific entity pairs, such as “[person] is an employee

of [organization]”. FOMC is constructed for identifying sentiments about the future mon-

etary policy stances, annotated by experts with a correlated financial knowledge. The la-

bels of this annotation task are: Dovish, Hawkish, and Neutral, where a Dovish sentence

indicates easing and a Hawkish sentence indicates tightening.

3.1.2 Biomedicine

For the biomedical domain, we utilize AP-Relation dataset (Gao et al., 2022) and

COVID-19 Research Aspect Dataset (CODA-19) (Huang et al., 2020). AP-Relation is de-

signed for extracting the relationship between Assessment and Plan Subsections in daily

progress notes. The Assessment describes the patient and establishes the main symp-

toms or problems for their encounter, while the Plan Subsection addresses each differ-

ential diagnosis or problem with a daily action or treatment plan. The annotation label

schemes for different relations are categorized as Direct, Indirect, Neither, or Not Rele-

vant. CODA-19 codes each segment aspect of English abstracts in the COVID-19 Open

Research Dataset (Wang et al., 2020). In this task, annotators are tasked to label each

10
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segment as Background, Purpose, Method, Finding/Contribution, or Other sections. To

ensure the quality of the labels, we only adopt instances annotated by biomedical experts.

3.1.3 Law

We adopt Contract Understanding Atticus Dataset (CUAD) (Hendrycks et al., 2021)

and Function of Decision Section (FoDS) dataset (Guha et al., 2024) in legal domain.

CUAD consists of legal contracts with extensive annotations from legal experts, created

with a year-long effort by dozens of law student annotators, lawyers, and machine learning

researchers. Each law student annotator undergoes 70-100 hours of training before anno-

tating this dataset. The annotation task is to label 41 types out of legal clauses, classified

into 5 answer categories, that are considered important in contract review related to corpo-

rate transactions. We manually use “Yes/No” answer category to construct our annotation

task as the identification of 32 types of clauses. FoDS comprises one-paragraph excerpts

from legal decisions, annotated by legal professionals who are included as authors. In this

task, annotators are tasked to review a legal decision and identify one out of seven func-

tion categories that each section (i.e., excerpt) of the decision serves. We provide dataset

statistics in Table 3.1 and annotation guidelines in Appendix 7.2.

Domain Dataset Instance Type #Instances #Labels

Finance
REFinD (Kaur et al., 2023) Sentence 500 22
FOMC (Shah et al., 2023) Sentence 500 3

Biomedicine
AP-Rel (Gao et al., 2022) Pair 73 4
CODA-19 (Huang et al., 2020) Paper Abstract 508 5

Law
CUAD (Hendrycks et al., 2021) Clause 500 32
FoDS (Guha et al., 2024) Excerpt 367 7

Table 3.1: The statistics of existing domain-specific datasets.

11
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3.2 Our Proposed Dataset – DynamicESG

3.2.1 Motivation

Corporate Social Responsibility (CSR) has increasingly become a crucial component

of company operations. Nowadays, the impacts towards Environmental, Social, and Gov-

ernance (ESG) serve as a third dimension, beyond return and risk, considered by investors

when making corporate and personal investment decisions. Several frameworks and poli-

cies have been proposed to assess companies’ ESG-related activities, with endeavors to

quantify these considerations into scores. Yet, the scoring process necessitates substan-

tial expert involvement and numerous manual annotation procedures for relevant events.

To streamline this process and enhance experts’ efficiency, we employ the guidelines uti-

lized by experts in Morgan Stanley Capital International (MSCI), a globally recognized

authority in formulating financial indexes, to annotate news articles. We anticipate that

this dataset will stimulate the proposal of more sophisticated methods.

A shortcoming of the current ESG rating approach is the annual update frequency

of ESG ratings. The financial market is dynamic and fast-paced; an annual update cycle

is too delayed for decision-making based on the latest information. To address this, we

select news articles as the resource for capturing the most recent events and deducing the

impact of these events on a company’s ESG rating. Another challenge with ESG rating

is the recent fragmentation and lack of standardization across different frameworks, com-

plicating the effective navigation of the ESG landscape. In addition to adhering to MSCI

ESG guidelines, we incorporate another standard guideline, the Sustainability Account-

12
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ing Standards Board (SASB) Standards1, to augment our proposed label scheme. This

expanded label set enhances the applicability of our proposed dataset to most ESG rating

guidelines and allows extension to other ESG-related analyses. We believe that incorpo-

rating various perspectives and best practices into a single scheme will yield a more robust

and encompassing ESG-rating process.

3.2.2 Overview

We construct this dataset with a meticulous five-step pipeline to guarantee its utility

and value. Initially, we gather news data from the Business Todaywebsite, a well-regarded

Taiwanese magazine known for its content on finance, business, and investment. Subse-

quently, we align the SASB Standard’s ESG issues guideline with that of MSCI, culmi-

nating in forty-four ESG categories forming our definitive guideline. Annotators, guided

by these categories, are tasked to ascertain three main aspects of the news articles: the im-

pact type, impact duration, and ESG category. We ensure annotation consistency through

biweekly discussion sessions, during which disagreements are resolved and answer sets

adjusted as required. Lastly, we calculate the agreement and distribution of annotations

across the entire dataset.

Our annotations span three aspects: impact type (risk/opportunity), impact duration,

and ESG key issues. The impact type helps infer if a given news item will augment the

ESG rating. Impact duration aids in understanding the duration of an event’s influence on

the ESG rating. Differentiating key issues across industries is crucial as the MSCI guide-

lines suggest varying weights for each issue. It is crucial to ascertain the issue addressed

by the news; for example, the carbon emissions issue has a 15.6% weighting in the oil and
1https://sasb.org/standards/materiality-map/
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gas drilling industry, contrasting with a mere 4.7% weighting in the specialized finance

industry. Based on this annotation scheme, we can capture the influence of sentiment,

temporal, and topic dimensions for dynamically understanding the possible change of a

company’s ESG rating.

To sum up, we propose the DynamicESG dataset, a unique resource designed to dy-

namically glean ESG ratings from news articles. Our work underscores the importance

of timely, multi-faceted analysis in understanding the implications of news narratives on

ESG ratings and provides a foundation for future explorations in this domain.

3.2.3 Data Collection

After surveying numerous ESG news websites, we select the ESG page of Business

Today2 as our data source, owing to its reputation for comprehensive, diverse content

spanning finance, business, and investment topics. We gather a total of 2,472 news articles

covering a broad spectrum of ESG topics from this source, ranging from January 1, 2011,

to December 31, 2022. Figure 3.1 shows the number of collected news articles across the

years, demonstrating an increasing attraction to ESG topics.
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Figure 3.1: The histogram of collected news articles across years.

2https://esg.businesstoday.com.tw/catalog/180686/
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3.2.4 Task Design

Various methodologies and guidelines for ESG ratings have been introduced globally

to assess the implementation outcome of ESG practices by companies and organizations.

These frameworks provide a standardized approach for evaluating and comparing the ESG

performance of different entities. We select theMSCI and SASB Standards as our primary

guidelines among all the existing ESG frameworks.

Regarding ESG ratings, MSCI has outlined 35 key issues across three topics: En-

vironmental, Social, and Governance. Additionally, MSCI’s ESG rating methodology

categorizes the expected time frame for risk or opportunity to materialize into two dis-

tinct periods: short-term (“less than 2 years”) and long-term (“more than 5 years”). The

methodology also differentiates between the importance of ESG key issues across indus-

tries, assigning the highest weight to short-term, high-importance factors and the lowest

weight to long-term, low-importance factors. Based on this, MSCI assesses the ESG rat-

ings of companies and organizations annually, using data from corporate or social dis-

closures, open government information, and other sources. SASB aims to improve the

reporting of ESG issues. SASB has identified 26 significant issues spanning five aspects:

Environment, Social Capital, Human Capital, Business Model & Innovation, Leadership

& Governance. Furthermore, SASB has released the Materiality Map that details the rel-

ative importance of each issue across 77 industries.

Though SASB does not assess ESG ratings, Taiwan’s Financial Supervisory Com-

mission requires listed companies to report in alignment with SASB’s ESG issues. Upon

conducting a comparative analysis of two guidelines, we discover thatMSCI places greater

emphasis on environmental aspects, whereas SASB encompasses elements related to busi-
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Topic Theme # of Key Issues

Environmental (E)

Climate Change 4
Natural Capital 3
Pollution & Waste 3
Environmental Opportunity 3

Social (S)

Human Capital 5
Product Liability 9
Stakeholder Opposition 2
Social Opportunity 4

Governance (G)
Corporate Governance 8
Corporate Behavior 3

Table 3.2: Labels in ESG category identification task.

ness models and innovation that MSCI overlooks. Therefore, for the purpose of general-

ization of ESG issues, we merge SASB’s 26 important issues with MSCI’s 35 key issues

to formulate our final set of 44 ESG category guidelines for the ESG category task. Like

MSCI, our guidelines are structured into three topics and ten themes but encompass 44

key ESG issues instead of 35. The statistics of our guidance are provided in Table 3.2,

and the detailed illustration of each ESG key issue is in Appendix 7.2.

Guided by this methodology, we crafted three tasks to help classify news articles:

• Impact Type Identification: This single-choice question aims to determine the

type of impact a news article might have on the company. The possible labels are

“Opportunity”, “Risk”, and “Cannot Distinguish”.

• Impact Duration Inference: This single-choice question seeks to determine the

duration of the impact a news article might have on the company. Based on the dis-

tinction between short-term and long-term defined above, we present three labels:

“Less than 2 years”, “2 to 5 years”, and “More than 5 years”.

• ESG Category Identification: This multiple-choice question is designed to iden-

tify the ESG categories related to a news article. The labels include the 44 ESG key

16



doi:10.6342/NTU202501476

issues, and an additional “None of the Above” choice.

3.2.5 Dataset Agreement & Statistics

We employ three measures to evaluate the agreement among annotators, namely Co-

hen’s Kappa (Cohen, 1960), Fleiss Kappa (Fleiss, 1971), and Krippendorff’s α (Krippen-

dorff, 2011). Table 3.3 presents the agreement for all tasks. As per Landis and Koch

(1977), a Fleiss Kappa value exceeding 0.20 indicates fair agreement among annotators.

During our biweekly meetings, we make discussions on the instances that get different la-

bels from annotators to clarify the rationale. After excluding articles that do not align with

our objective, we obtain 2,220 instances from the 2,472 collected news articles. Table 3.4

shows the distribution of different labels in the proposed dataset.

In the released DynamicESG, we furnish the news headlines accompanied by a URL,

and the annotations corresponding to the proposed three tasks. Due to copyright concerns,

users are required to gather the news content themselves. To facilitate this, we provide

the web crawler code that enables the reconstruction of the full dataset along with the

annotations3. The annotations are released under the CC BY-SA 4.0 license. We conduct

experiments to ensure the DynamicESG usability in Appendix 7.2.

3DynamicESG: https://github.com/ymntseng/DynamicESG
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Task Cohen Fleiss Krippendorff

Impact Type 0.49 0.49 0.54
Impact Duration 0.21 0.21 0.29

ESG Category
Topic (3) 0.52 0.49 0.55
Theme (10) 0.35 0.34 0.37
Key Issues (44) 0.28 0.28 0.28

Table 3.3: The agreement among annotators of the DynamicESG. Fleiss Kappa value
exceeding 0.20 indicates fair agreement among annotators (Landis and Koch, 1977).

Impact Type Impact Duration ESG Category
Opportunity Risk X 2 years < 2 to 5 years > 5 years E S G

Train 70.25% 7.60% 3.01% 19.95% 14.22% 46.56% 25.92% 33.45% 27.12%
Dev 7.86% 0.79% 0.39% 2.29% 1.61% 5.28% 2.12% 2.36% 1.84%
Test 8.78% 0.92% 0.39% 2.52% 1.83% 5.73% 2.72% 2.24% 2.20%

Table 3.4: DynamicESG Dataset Statistics.
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Chapter 4

Single LLMs as Expert Annotators

In this section, we explore the capabilities of single state-of-the-art (SOTA)models as

expert-level annotators. We use six datasets across three domains: finance, biomedicine,

and law, as introduced in 3.1. The methodologies range from vanilla prompts to prompts

that elicit reasoning abilities. To investigate whether these SOTA models can perform

as annotators out-of-the-box, we minimize efforts in prompt engineering. Instead, we de-

velop uniform prompt templates that are easily generalizable across domains and datasets.

4.1 Methodology

4.1.1 Vanilla

The vanilla method refers to standard direct-answer prompting, where instructional

input consists of the annotation task, guideline, and the sample to be annotated are given

to the LLMs. LLMs are tasked to conduct annotation as a domain expert of relevant fields.

The vanilla prompt also serves as the base of other sophisticated approaches (described
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below). We provide the template in Figure 4.1.

4.1.2 CoT

Prompting with chain-of-thought (CoT) improves LLMs’ complex reasoning ability

significantly (Wei et al., 2022). Specifically, we employ zero-shot CoT (Kojima et al.,

2022), where a trigger phrase “Let’s think step by step” augments the prompt to elicit

reasoning chain from LLMs and leads to a more accurate answer. We provide the CoT

prompt template based on the vanilla one in Figure 4.2.

4.1.3 Self-Consistency

Self-consistency (Wang et al., 2022) further improves upon CoT via a sample-and-

marginalize decoding procedure, which selects the most consistent answer rather than the

greedily decoded one. That is to say, the self-consistency prompt is the same with CoT

prompt as illustrated in Figure 4.2. Concretely, we sample five diverse reasoning paths

with temperature 0.7, and take the majority vote to determine the final answer.

4.1.4 Self-Refine

Self-refine (Madaan et al., 2024) method includes three steps: generate, review, and

refine. An LLM first generates an initial answer with reasoning (i.e., draft). Then, the

model reviews its draft and provides feedback. Lastly, the LLM refines the draft by in-

corporating its feedback, and outputs an improved answer. Note that the same LLM is

used in all steps. We provide the three-step self-refine prompt template from Figure 4.3

to Figure 4.5.
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You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the label in the format of: 'The label is ...'. Do not include any reasoning 
or explanation.

Figure 4.1: The vanilla prompt template. The words “domain”, “guideline”, and “in-
stance”, enclosed by placeholders, can be easily replaced by different annotation tasks.

You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the reasoning and the label in the format of: '  ... 
The label is ...’.

Let’s think step by step.

Figure 4.2: The CoT prompt template. Texts in red, “Let’s think step by step”, indicate the
trigger phrase of zero-shot CoT (Kojima et al., 2022).
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You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the reasoning and the label in the format of: '  ... 
The label is ...’.

Let’s think step by step.

Figure 4.3: The self-refine prompt template (1/3).

You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the reasoning and the label in the format of: 'Let’s think step by step. ... 
The label is ...’.



{ }



Review your previous reasoning and annotation and find potential problems. For example, whether the annotation 
guideline is violated, whether the reasoning is not conclusive.

[model response from step 1.]

Figure 4.4: The self-refine prompt template (2/3). Texts in blue are the placeholder of the
model draft from step 1 (i.e., the model response of the Figure 4.3 prompt).
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You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the reasoning and the label in the format of: 'Let’s think step by step. ... 
The label is ...’.



{ }



Review your previous reasoning and annotation and find potential problems. For example, whether the annotation 
guideline is violated, whether the reasoning is not conclusive.



Review:

{ }



Based on the problems you found in the above review, improve your annotation quality and reasoning and output in 
the format of: 'Let’s think step by step ..... The label is ...'.

[model response from step 1.]

[model response from step 2.]

Figure 4.5: The self-refine prompt template (3/3). Texts in green are the placeholder of
the model feedback from step 2 (i.e., the model response of the Figure 4.4 prompt).
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4.2 Experimental Results

We report our main results in Table 4.1. We compare four SOTA LLMs, including

GPT-3.5-Turbo (OpenAI, 2023), GPT-4o (OpenAI, 2024), Gemini-1.5-Pro (Reid et al.,

2024), and Claude-3-Opus (Anthropic, 2024), and report their annotation accuracy. We

use labels annotated by human experts from the corresponding dataset as ground-truth

answers.

As observed, under the vanilla method (upper block), GPT-4o records the best overall

performance. Claude-3-Opus and Gemini-1.5-Pro achieve similar scores, while GPT-3.5-

Turbo performs notably worse. However, all LLMs show substantial rooms for improve-

ments, with an average of 32.2% ∼ 43.3% behind human expert annotations. The best

single score (GPT-4o on CUAD dataset) still lacks around 20%. The results suggest that

naive standard prompting is not feasible to obtain satisfactory annotation quality from

LLMs in tasks involving domain expertise. Considering that these specialized domains

are often relevant to high-risk sectors (e.g., medial application), it is crucial to ensure the

annotated data has a higher precision and accuracy.

To further compare the degree of expert-level performance reached by SOTA LLMs,

we present a comparison in the bar plot in Figure 4.6. For MMLU benchmark (Hendrycks

et al., 2020), we report models scores from the HELM (Liang et al., 2023a) website di-

vided by human-expert score (89.8) from Hendrycks et al. (2020). For annotation tasks,

we calculate the average annotation accuracy of GPT-4o, Claude-3-Opus, and Gemini-

1.5-Pro with vanilla method across three domains. As illustrated, although these models

perform at near human expert-level onMMLU, they still struggle to apply intrinsic domain

knowledge in annotation tasks, or even lack the domain knowledge.
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To probe the capabilities of LLMs more further, we experiment the most performant

model of the vanilla method, GPT-4o, with three methods: CoT, self-consistency (SC),

and self-refine (SR), proposed to improve LLMs factual knowledge and reasoning capa-

bilities. The results are present in Table 4.1 lower block. As observed, in general, all

methods exhibit improved results, with an average of 1% ∼ 2% accuracy gain. However,

comparing with the huge performance boosts of how these methods typically benefit gen-

eral domain datasets, their efficacy on expert-level annotation tasks is relatively low. This

might imply that the models inherently lack necessary knowledge and reasoning capability

to perform as expert annotators.

Model / Method
Finance Biomedicine Law

Avg.REFinD FOMC AP-Rel CODA-19 CUAD FoDS

GPT-3.5-Turbo 47.4 60.4 58.9 64.4 71.8 37.1 56.7
GPT-4o 67.2 67.6 65.8 79.3 82.2 44.4 67.8
Gemini-1.5-Pro 64.6 67.6 54.8 73.2 80.6 42.8 63.9
Claude-3-Opus 61.2 63.6 71.2 65.6 80.8 46.9 64.9

GPT-4o 67.2 67.6 65.8 79.3 82.2 44.4 67.8
CoT 71.0 (↑3.8) ∗68.2 (↑0.6) ∗68.5 (↑2.7) ∗81.1 (↑1.8) 79.8 (↓2.4) 43.9 (↓0.5) 68.7
Self-Consistency ∗72.4 (↑5.2) ∗70.4 (↑2.8) ∗68.5 (↑2.7) 78.9 (↓0.4) ∗†82.4 (↑0.2) ∗†45.0 (↑0.6) 69.6
Self-Refine 70.0 (↑2.8) ∗69.2 (↑1.6) ∗69.9 (↑4.1) ∗81.5 (↑2.2) 78.0 (↓4.2) ∗45.5 (↑1.1) 69.0

Table 4.1: Performance of SOTA LLMs as annotators (accuracy) and a comparison of
GPT-4o with different advanced techniques for expert-level annotation tasks. An asterisk
(∗) indicates that the method is statistically significant with p-value < 0.05 than the vanilla
method. A dagger (†) indicates that the self-consistency method is statistically significant
with p-value < 0.05 than the CoT method.
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Additionally, we provide a comparison of performance in both vanilla and CoT set-

tings across different domains and SOTA LLMs in Table 4.2. For better comparison, we

also present the difference between the two settings in the table.

In the finance domain, three LLMs show a slight improvement when applying CoT

method, except for Gemini-1.5-pro on the REFinD dataset. In the biomedicine domain, we

observe a significant difference between the two datasets for Gemini-1.5-Pro and Claude-

3-Opus, where the CoT method enhances performance on CODA-19 but decreases per-

formance on AP-Rel. As for the law domain, all three LLMs exhibit lower performance

when applying the CoT method, suggesting that LLMs might not be capable of reasoning

effectively on law datasets.

From an average perspective, while applying CoT method, only GPT-4o boosts per-

formance, whereas both Gemini-1.5-Pro and Claude-3-Opus show a decline in perfor-

mance. However, the effectiveness of the CoT method varies across different models and

datasets, indicating that its utility might be context-dependent. The table highlights the

strengths and weaknesses of each model and method across varied specialized domains,

suggesting that the choice of model and method could be crucial depending on the specific

requirements of the task at hand.

Model / Method
Finance Biomedicine Law

Avg.
REFinD FOMC AP-Rel CODA-19 CUAD FoDS

GPT-4o 67.2 67.6 65.8 79.3 82.2 44.4 67.8
CoT 71.0 (↑3.8) 68.2 (↑0.6) 68.5 (↑2.7) 81.1 (↑1.8) 79.8 (↓2.4) 43.9 (↓0.5) 68.7

Gemini-1.5-Pro 64.6 67.6 54.8 73.2 80.6 42.8 63.9
CoT 63.4 (↓1.2) 68.6 (↑1.0) 46.6 (↓8.2) 82.7 (↑9.5) 73.2 (↓7.4) 40.3 (↓2.5) 62.5

Claude-3-Opus 61.2 63.6 71.2 65.6 80.8 46.9 64.9
CoT 66.4 (↑5.2) 65.2 (↑1.6) 60.3 (↓10.9) 71.9 (↑6.3) 77.8 (↓3.0) 42.2 (↓4.7) 64.0

Table 4.2: Performance of SOTA LLMs in both vanilla and CoT settings.
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To prevent data contamination issues in the aforementioned six domain-specific datasets,

we conduct the same experiments on the proposed English version of the ESG dataset and

report the results in Table 4.3. As observed, GPT-4o performs moderately, achieving a

similar average score of approximately 64% compared to the performance in Table 4.2.

Additionally, GPT-4o only boosts performance by 0.3% with the CoT method and the

self-consistency method, which differs from the results in the financial domain shown in

Table 4.1.

It is noteworthy that the label scheme of the impact type consists of only two cate-

gories: Opportunity and Risk. For GPT-4o, this task, which lies on the two side of the

spectrum and is more similar to general tasks, might be easier to distinguish. Conse-

quently, GPT-4o achieves a high accuracy score of 87.2% with the CoT method.

On the other hand, the other two tasks are more difficult for GPT-4o due to the time

factors in the impact duration tasks and the large number of label schemes in the key issue

identification task. Obviously, the performance on the ESG datasets still lags behind hu-

man expert annotations, indicating that there is still ample room for improving the abilities

of single LLMs as expert annotators.

Impact Type Impact Duration Key Issue Avg.

GPT-4o 85.3 63.2 44.3 64.3
CoT ∗87.2 (↑1.9) 61.8 (↓1.4) ∗45.0 (↑0.7) 64.6
Self-Consistency ∗86.7 (↑1.4) 61.8 (↓1.4) ∗45.3 (↑1.0) 64.6

Table 4.3: Performance of GPT-4o on the three tasks in the English ESG datasets. An
asterisk (∗) indicates that the method is statistically significant with p-value < 0.05 than
the vanilla method.
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Chapter 5

Multi-Agent LLMs asExpertAnnotators

When it comes to data annotation, a common scenario during the annotation process

is the disagreement among multiple annotators. One typical way of resolving such dis-

crepancy is by discussing with others to reach a consensus, thereby constructing a higher-

quality annotated dataset. Motivated by this, we investigate the capabilities of multi-agent

LLMs as expert annotators, where they simulate this typical resolution process to test

whether LLMs could also construct a higher-quality andmore accurate dataset in this man-

ner. Our multi-agent annotation framework consists of three performant LLMs: GPT-4o,

Gemini-1.5-Pro, and Claude-3-Opus.

5.1 Methodology

5.1.1 Majority Vote

Majority vote (MV) represents a minimal form of discussion, reducing the process

to simply selecting the majority output as the final annotation. We apply two settings for
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MV: vanilla and CoT, as introduced in 4.1.

5.1.2 Peer-Discussion

Peer-Discussion consists of three steps: (1) Generate initial annotation, (2) Check

annotations, (3) Discuss and re-annotate, as illustrated in Figure 5.1. Initially, each agent

generates their own annotation through CoT prompting given the same annotation task,

guideline, and instance. Next, we check if consensus has been reached (i.e., all annota-

tions are the same labels). If consensus is achieved, the instance is successfully annotated

and the annotation process is complete. Otherwise, we incorporate all agents’ reason-

ing and labels to generate a “Discussion History”. Subsequently, agents are required to

re-annotate the instance, given the same input and the discussion history. Thus, we it-

eratively repeat the same check-consensus-discuss-re-annotate procedure until achieving

consensus or reach the maximum discussion round (hyperparameter). In our experimental

settings, we set the maximum discussion round to 2. We provide the prompt templates in

Figure 5.2 and Figure 5.3.

Check Annotation Consensus.

GPT-4o
LLM

The label is 1. The label is 1.

Claude-3-opus
LLM

The label is 2.

Gemini-1.5-pro
LLM

Given the same annotation task and guideline, 

annotate the same instance.

Generate 

{Discussion History}

Diff. Annotation

Instance

Annotated !

Same Annotation

Figure 5.1: An illustration of multi-agent peer-discussion method.
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You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the reasoning and the label in the format of: '  ... 
The label is ...’.

Let’s think step by step.

Figure 5.2: The multi-agent peer-discussion prompt template (1/2).

You are a [domain] expert tasked to annotate a [domain] dataset. Please follow the annotation guideline below.



Annotation Guideline:

{[guideline]}



{[instance_type]}:

{[instance]}



Please strictly follow the guideline and output the reasoning and the label in the format of: 'Let’s think step by step. ... 
The label is ...’.



Discussion History:

{ }



You need to consider the above discussion history carefully. You can maintain your point of view and annotation if 
others' reasons are not concrete or cannot convince you.

Please strictly follow the guideline and output the reasoning and the label in the format of: '  ... 
The label is ...'.

[discussion_history]

Let’s think step by step.

Figure 5.3: The multi-agent peer-discussion prompt template (2/2). Texts in purple are the
placeholder of the discuss history, which generated when agents do not reach a consensus.
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5.2 Experimental Results

We present the results of multi-agent frameworks across three domains in Table 5.1.

As observed, the performance of the three multi-agent settings is competitive, with the

majority vote in the vanilla setting showing the best performance among the three. Addi-

tionally, Figure 5.4 compares these results with the average performance of single agents

(i.e., the single-LLM setting discussed in Section 4).

As shown, multi-agent frameworks slightly outperform the average of single agent

settings. However, themost performant singe LLMs, primarily GPT-4o, whether in vanilla

or in CoT settings, still exhibit superior results in most cases. Surprisingly, multi-agent

with vanilla consistently outperforms the average of single-vanilla LLMs, but underper-

forms compared to the best single-vanilla LLM. Similarly, multi-agent with CoT also

consistently outperforms the average of single-CoT LLM, but underperforms compared

to the best single-CoT LLM.

For each domain, different multi-agent settings achieve the highest performance. In

the finance domain, peer discussion yields the best results, while in the biomedicine do-

main, the majority vote with CoT is most effective. In the law domain, the majority vote

with vanilla performs the best. These results demonstrate that the effectiveness of vari-

ous methods varies across different models and datasets, indicating that their utility might

be context-dependent. However, it is noteworthy that these results still lag significantly

behind human annotators.

On the other hand, multi-agent with vanilla-MV appears to be a better, cheaper, and

more stable methods in the multi-agent framework. Though multi-agent with vanilla-MV
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is still inferior to the best single-vanilla and single-CoT LLM, it may be a more suitable

approach when we are unable to infer which model to adopt in advance.

Model / Method
Finance Biomedicine Law

Avg.REFinD FOMC AP-Rel CODA-19 CUAD FoDS

MV-Vanilla 67.0 68.2 67.1 73.8 82.6 46.3 67.5
MV-CoT 68.4 67.6 64.4 79.9 81.4 42.8 67.4
Discussion-CoT 72.0 66.4 57.5 81.3 82.6 45.0 67.5

Table 5.1: Performance of multi-agent LLMs as annotators.
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72.2

62.1

69.2 69.4
63.8

* *
*

S-Vanilla-Avg.
S-CoT-Avg.
M-Vanilla-MV
M-CoT-MV
M-CoT-Discussion

Figure 5.4: The performance comparison of different single LLM settings (S) and multi-
agent frameworks (M) across three domains. For the two single agent settings (i.e., S-
Vanilla-Avg. and S-CoT-Avg.), the numbers on the figure represent the average perfor-
mance of three single LLMs: GPT-4o, Gemini-1.5-Pro, and Claude-3-Opus, while the red
bars indicate the range of performance. An asterisk (∗) indicates that the method is statis-
tically significant with p-value < 0.05.
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To investigate the discussion process in the multi-agent peer-discussion setting, we

present the marginal performance of each LLM over two rounds in Figure 5.5. As ob-

served, the peer-discussion process benefits most datasets, leading to improved annotation

performance (i.e., increasing Majority Vote lines in the figure). For the AP-Rel dataset,

however, peer discussion alternately hurt performance, which might be due to the smaller

number of instances.

Especially, Gemini-1.5-Pro exhibits improvement in the peer-discussion process across

different domains and datasets, except for the FOMC dataset. Initially, Gemini-1.5-Pro

achieves the best performance among the three LLMs on this dataset, however, the peer-

discussion process degrades its performance. This suggests that Gemini-1.5-Pro might

not be able to maintain its correct annotations and is easier to follow other’s annotations.
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Figure 5.5: Marginal performance of each LLM during multi-agent peer-discussion pro-
cess. The performance in Round 0 indicates the LLMs’ initial annotation performance,
while the performance in Round 1 and Round 2 indicates the LLMs’ annotation perfor-
mance after one or two rounds discussion, respectively.
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Chapter 6

Discussion

6.1 Analysis of Multilinguality

To further explore the multilinguality of LLMs as Expert Annotators, we conduct

experiments on ML-ESG datasets.

For impact type and impact duration tasks, we compare the English, French, Japanese,

Korean, and Chinese versions. Though the tasks descriptions are the same, the Chinese

and Korean label scheme is slightly different between various versions as described in

Table 6.1. We present the results of GPT-4o vanilla and CoT settings in Table 6.2.

As shown, the results indicate that GPT-4o generally offers better performance in En-

glish compared to French, given the same label schemes. Surprisingly, for the Japanese

version on the impact type task, GPT-4o outperforms all other languages. As for the Ko-

rean and Chinese versions, GPT-4o underperforms compared to the other three languages.

Note that the results cannot be directly compared to each other due to the different label

schemes.
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Task Language Label Scheme

Impact Type

EN

(2) Opportunity, RiskFR

JP

KR (3) Opportunity, Risk, Cannot Distinguish

CN
(5) Opportunity, Risk, Cannot Distinguish,
Not Related to Company but Related to ESG Topic,
Not Related to ESG Topic

Impact Duration

EN

(3) < 2 Years, 2 to 5 Years, > 5 Years
FR

JP

KR

CN
(5) < 2 Years, 2 to 5 Years, > 5 Years,
Not Related to Company but Related to ESG Topic,
Not Related to ESG Topic

Table 6.1: Label schemes of two tasks in ESG datasets across various languages.

Task Model / Method EN FR JP KR CN

Impact Type
GPT-4o 85.3 78.0 92.0 67.5* 55.1*
CoT 87.2 80.5 96.5 76.0* 51.9*

Impact Duration
GPT-4o 63.2 65.8 58.5 36.0 24.4*
CoT 61.8 58.2 60.6 35.5 22.0*

Table 6.2: Performance of GPT-4o on various language versions of ESG tasks. An asterisk
(*) indicates that the language has slightly different label schemes compared to others.
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While the annotation guidelines, label schemes, and the number of instances for the

English and French ESG key issue identification tasks are the same, we compare the per-

formance on both datasets using various model settings with the CoT prompting. Fig-

ure 6.3 demonstrates the results. As observed, the performance of the French dataset

underperforms in all settings, whether using various single LLMs or multi-agent configu-

rations. Notably, Gemini-1.5-Pro exhibits the largest gap between the English and French

datasets, with an absolute difference of 10% and a relative difference of 26.8%. The re-

sults suggest that LLMs might not be capable of performing domain annotation tasks in

languages other than English, such as French.

EN FR Absolute Diff. (%) Relative Diff. (%)

GPT-4o 45.0 38.7 ↓ 6.3 ↓ 14.1
Gemini-1.5-Pro 37.3 27.3 ↓ 10.0 ↓ 26.8
Claude-3-Opus 43.7 40.7 ↓ 3.0 ↓ 6.9
Majority Vote 44.0 38.0 ↓ 6.0 ↓ 13.6
Peer-Discussion 44.0 39.3 ↓ 4.7 ↓ 10.6

Table 6.3: CoT Performance of English and French ESG key issue identification tasks
(accuracy) with the absolute and relative differences.
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6.2 Cost-Effectiveness Analysis

We aggregate our empirical results and compile a cost-effectiveness illustration in

Figure 6.1. The cost denotes per-instance annotation cost. In sum, GPT-4o with vanilla

or CoT method presents as the best cost-effective options. GPT-4o with SC achieves the

best overall performance at the expense of tripling the cost. An intermediate option would

be multi-agent vanilla-MV, which demonstrates competitive performance and could be a

more robust option when access to different LLMs are available. Despite LLMs do not

present as a direct alternative for annotation tasks requiring domain expertise, their collec-

tive performance of over 50% and profoundly lower cost present a promising human-LLM

hybrid annotation schema in the future.
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Figure 6.1: An illustration of the cost-effectiveness relationship of various setups of LLMs
as expert annotators. The x-axis represents the cost per instance in USD, and the y-axis
represents the accuracy in percentage. Note that the x-axis is counterintuitive compared to
the usual orientation, with higher costs on the left and lower costs on the right. The upper
right corner of the figure indicates better performance, combining lower cost and higher
accuracy.
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Chapter 7

Conclusion

7.1 Conclusion

In this thesis, we present a comprehensive pilot study on the feasibility of leveraging

SOTA LLMs as expert-level annotators. Our investigation spans various methodologies

and experimental setups, including single LLMs and multi-agent frameworks, to evaluate

their performance across different domains.

Our findings indicate that while LLMs such as GPT-4o, Claude-3-Opus, and Gemini-

1.5-Pro exhibit near human expert-level performance on general benchmarks likeMMLU,

they face significant challenges when applied to domain-specific annotation tasks. The

results show that these models struggle to apply intrinsic domain knowledge effectively,

which is crucial for expert-level annotations. The study also explores advanced techniques

like Chain-of-Thought, self-consistency, and self-refine to enhance the factual knowledge

and reasoning capabilities of LLMs. Although these methods yield slight improvements in

annotation accuracy, the gains are relatively modest compared to their impact on general

domain datasets. This suggests that the inherent knowledge and reasoning capabilities
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of current LLMs may not be sufficient for expert-level annotation tasks without further

optimization.

Moreover, our exploration of multi-agent frameworks reveals that the majority vote

with vanilla setting can offer competitive performance and cost-effectiveness. However,

more complex peer-discussionmethods do not consistently outperform single LLM setups,

indicating that the added complexity does not necessarily translate to better performance

in the context of expert-level annotations.

Despite these limitations, the study underscores the potential of LLMs in contributing

to human-LLMhybrid annotation schemas. The collective performance of LLMs, coupled

with their significantly lower cost, presents a promising avenue for future research and

practical applications in data annotation tasks. In conclusion, while SOTA LLMs show

promise as cost-effective annotators, their application in expert-level tasks requires further

refinement and optimization. Future work should focus on enhancing the domain-specific

knowledge and reasoning capabilities of LLMs, as well as exploring more effective multi-

agent collaboration strategies to fully realize their potential in expert-level data annotation.

7.2 Limitations & Future Directions

Aswe aim to provide direct insight and observation onwhether top-performing LLMs

can perform as expert annotators out-of-the-box, we minimize efforts in prompt engineer-

ing. Some works have demonstrated that, for specific scenarios, one can achieve sizable

improvement through carefully-crafted prompts. Consequently, our results may further

benefit from a more exhaustive prompt optimization.

Another potential limitation is that we primarily focus on natural language under-

40



doi:10.6342/NTU202501476

standing (NLU) tasks with fixed label space. Towards a more comprehensive evaluation,

natural language generation (NLG) tasks could be further incorporated. Furthermore, all

of our experimental settings involve zero-shot configurations using general-purpose chat-

bot LLMs. To unveil more of the capabilities of LLMs in annotation tasks, future direc-

tions could explore few-shot settings, domain-specific or fine-tuned LLMs tailored to the

annotation tasks, retrieval-augmented generation methods, or a promising human-LLM

hybrid annotation schema.
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Appendix A — Ensuring DynamicESG

Availability

Given that some news articles surpass the input length limitation (512 tokens) of

conventional language models such as BERT (Devlin et al., 2019) and RoBERTa (Liu

et al., 2019), we employ Longformer (Beltagy et al., 2020) to overcome this issue. In our

experiment, the Longformer is fine-tuned with the learning rate and weight decay set to

1e-5 and 0.03, respectively.

We present the experimental results in terms of precision, recall, and weighted F1-

Score (Weighted F1) in Table A.1. In the task of impact type identification, the models

train with the proposedDynamicESG dataset attain near-perfect performance in discerning

opportunities and risks from an ESG perspective. Even though the proposed dataset is

not extensive, the experimental results suggest its effective use in industrial applications,

particularly for the impact type identification task, without significant concerns about the

model’s performance.

In the task of impact duration inference, the Longformer achieves a Weighted F1-

score of 0.728. This underscores the importance of our biweekly meetings with annota-

tors to resolve instances of disagreement. After addressing this issue, the model exhibits

good performance when trained with the proposed DynamicESG dataset. These exper-
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Impact Type Impact Duration ESG Category
Precision 0.877 0.722 0.671
Recall 0.872 0.772 0.450
Weighted F1 0.865 0.728 0.467

Table A.1: The performance of Longformer on three tasks of DynamicESG.

imental results mitigate concerns about agreement during the annotation process, which

merely meets the criteria for fair agreement. In this context, we conduct experiments un-

der three-topic settings for the ESG issue identification task. Given that a news article may

include discussions on two or even all topics, we experiment within a multi-label task set-

ting. However, the experimental results indicate that the model still finds it challenging

to identify ESG issues, even under the simplified three-topic setting.
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Appendix B — The Guideline of the

DynamicESG Key Issues
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Figure B.1: The guideline of ESG key issues in DynamicESG (1/6).
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Figure B.2: The guideline of ESG key issues in DynamicESG (2/6).
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Figure B.3: The guideline of ESG key issues in DynamicESG (3/6).
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Figure B.4: The guideline of ESG key issues in DynamicESG (4/6).
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Figure B.5: The guideline of ESG key issues in DynamicESG (5/6).
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Figure B.6: The guideline of ESG key issues in DynamicESG (6/6).
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Appendix C — Annotation Guidelines

of the Six Existing Datasets
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Relation Extraction (RE) is the task of extracting relationships between entities in a sentence.



You will be given a sentence that contains two entities: entity 1 and entity 2.

Entity 1 is enclosed in double asterisks (i.e., **entity**) and entity 2 is enclosed in double underscores (i.e., 
__entity__).

Each entity has its own entity type specified in square brackets before the entity (e.g., [PERSON]**entity 1**).

The definition of the entity types are as follows:

- PERSON: People, including fictional.

- ORG: Companies, agencies, institutions, etc.

- UNIV: Universities, colleges, etc.

- GOV_AGY: Government agencies and departments.

- DATE: Absolute or relative dates or periods.

- GPE: Countries, cities, states.

- MONEY: Monetary values, including unit.

- TITLE: Positions or titles, including military.



Please annotate the relation between entity 1 and entity 2 described in the given sentence according to the following 
label descriptions.

Note that the relation is directional, meaning that the order of entity 1 and entity 2 matters.

Note that you can only select the most appropriate label that is consist of the given type of entities.

If you think there is no relation or other relation between entity 1 and entity 2, please select the label 0.



- 0: **entity 1** has no relation or other relation to __entity 2__

- 1: [PERSON]**entity 1** has/had the job title of [TITLE]__entity 2__

- 2: [PERSON]**entity 1** is/was an employee of [ORG]__entity 2__

- 3: [PERSON]**entity 1** is/was a member of [ORG]__entity 2__

- 4: [PERSON]**entity 1** is/was a founder of [ORG]__entity 2__

- 5: [PERSON]**entity 1** is/was a employee of [UNIV]__entity 2__

- 6: [PERSON]**entity 1** is/was a member of [UNIV]__entity 2__

- 7: [PERSON]**entity 1** has/had attended [UNIV]__entity 2__

- 8: [PERSON]**entity 1** is/was a member of [GOV_AGY]__entity 2__

- 9: [ORG]**entity 1** is/was formed on [DATE]__entity 2__

- 10: [ORG]**entity 1** is/was acquired on [DATE]__entity 2__

- 11: [ORG]**entity 1** is/was headquartered in [GPE]__entity 2__

- 12: [ORG]**entity 1** has/had operations in [GPE]__entity 2__

- 13: [ORG]**entity 1** is/was formed in [GPE]__entity 2__

- 14: [ORG]**entity 1** has/had shares of [ORG]__entity 2__

- 15: [ORG]**entity 1** is/was a subsidiary of [ORG]__entity 2__

- 16: [ORG]**entity 1** is/was acquired by [ORG]__entity 2__

- 17: [ORG]**entity 1** has/had a agreement with [ORG]__entity 2__

- 18: [ORG]**entity 1** has/had a revenue of [MONEY]__entity 2__

- 19: [ORG]**entity 1** has/had a profit of [MONEY]__entity 2__

- 20: [ORG]**entity 1** has/had a loss of [MONEY]__entity 2__

- 21: [ORG]**entity 1** has/had a cost of [MONEY]__entity 2__

Figure C.7: The annotation guideline of REFinD dataset.

63



doi:10.6342/NTU202501476

Hawkish-Dovish classification is to classify the sentiment about the future monetary policy stance into Dovish, 
Hawkish, or Neutral.

In general:

- 0: Dovish sentences were any sentence that indicates future monetary policy easing.

- 1: Hawkish sentences were any sentence that would indicate a future monetary policy tightening.

- 2: Neutral sentences were those with mixed sentiment, indicating no change in the monetary policy, or those that 
were not directly related to monetary policy stance.



You will be given a sentence that falls into one of the following eight categories enclosed in square brackets. Please 
annotate the sentiment of the sentence according to the following detailed label descriptions.

Note that you can only select one label that is most appropriate.



Detailed label descriptions:

[Economic Status: A sentence pertaining to the state of the economy, relating to unemployment and inflation.]

- 0: when inflation decreases, when unemployment increases, when economic growth is projected as low.

- 1: when inflation increases, when unemployment decreases when economic growth is projected high when 
economic output is higher than potential supply/actual output when economic slack falls.

- 2: when unemployment rate or growth is unchanged, maintained, or sustained.

[Dollar Value Change: A sentence pertaining to changes such as appreciation or depreciation of value of the United 
States Dollar on the Foreign Exchange Market.]

- 0: when the dollar appreciates.

- 1: when the dollar depreciates.

- 2: N/A

[Energy/House Prices: A sentence pertaining to changes in prices of real estate, energy commodities, or energy sector 
as a whole.]

- 0: when oil/energy prices decrease, when house prices decrease.

- 1: when oil/energy prices increase, when house prices increase.

- 2: N/A

[Foreign Nations: A sentence pertaining to trade relations between the United States and a foreign country. If not 
discussing United States we label neutral.]

- 0: when the US trade deficit decreases.

- 1: when the US trade deficit increases.

- 2: when relating to a foreign nation’s economic or trade policy.

[Fed Expectations/Actions/Assets: A sentence that discusses changes in the Fed yields, bond value, reserves, or any 
other financial asset value.]

- 0: Fed expects subpar inflation, Fed expecting disinflation, narrowing spreads of treasury bonds, decreases in 
treasury security yields, and reduction of bank reserves.

- 1: Fed expects high inflation, widening spreads of treasury bonds, increase in treasury security yields, increase in 
TIPS value, increase bank reserves.

- 2: N/A

[Money Supply: A sentence that overtly discusses impact to the money supply or changes in demand.]

- 0: money supply is low, M2 increases, increased demand for loans.

- 1: money supply is high, increased demand for goods, low demand for loans.

- 2: N/A

[Key Words/Phrases: A sentence that contains key word or phrase that would classify it squarely into one of the three 
label classes, based upon its frequent usage and meaning among particular label classes.]

- 0: when the stance is "accommodative", indicating a focus on “maximum employment” and “price stability”.

- 1: indicating a focus on “price stability” and “sustained growth”.

- 2: use of phrases “mixed”, “moderate”, “reaffirmed”.

[Labor: A sentence that relates to changes in labor productivity.]

- 0: when productivity increases.

- 1: when productivity decreases.

- 2: N/A

Figure C.8: The annotation guideline of FOMC dataset.
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A/P Relation classification is to classify the relation between Assessment and Plan Subsection in daily progress notes 
into DIRECT, INDIRECT, NEITHER, or NOT RELEVANT.



You will be given a pair of passages, Assessment and Plan Subsection, from daily progress notes.

Assessment describes the patient and establishes the main symptoms or problems for their encounter.

Plan Subsection addresses each differential diagnosis/problem with an action plan or treatment plan for the day.



Please annotate the relation between Assessment and Plan Subsection in the given pair according to the following 
label descriptions.

Note that you can only select one label that is most appropriate.



Label descriptions:

- 0: DIRECT. Assessment section includes a primary diagnosis/problem and it is mentioned in the Plan subsection, or 
Progress note includes a primary diagnosis/problem for hospitalization and it is mentioned in the Plan subsection, or 
Plan subsection contains a problem/diagnosis related to the primary signs/symptoms in the Assessment section.

- 1: INDIRECT. Plan subsection contains complications/subsequent events or organ failure related to the primary 
diagnosis/problem from the Assessment section, or Plan subsection contains other listed diagnoses/problems from 
the overall Progress Note or in the Assessment section that are not part of the primary diagnosis/problem, or Plan 
subsection contains a diagnosis/problem that is not previously mentioned but closely related (i.e., same organ system) 
to the primary diagnoses/problems mentioned in the overall Progress Note or Assessment section.

- 2: NEITHER. None of the criteria for Directly Related or Indirectly Related are met but a diagnosis/problem or 
other signs/symptoms are mentioned.

- 3: NOT RELEVANT. Plan subsection does not include a diagnosis/problems OR signs/symptoms.

Figure C.9: The annotation guideline of AP-Relation dataset.

You will be given one paper abstract comprising several segments.

Each segment is a short text describing a specific aspect of the paper, including background, purpose, method, 
finding/contribution, or other.



Please annotate the aspects of each segment according to the following label descriptions.

Note that you can only select one label that is most appropriate for each segment. The total number of labels must be 
equal to the number of segments in the abstract.



Label descriptions:

- 0: Background. “Background” text segments answer one or more of these questions: Why is this problem 
important?, What relevant works have been created before?, What is still missing in the previous works?, What are 
the high-level research questions?, How might this help other research or researchers?

- 1: Purpose. “Purpose” text segments answer one or more of these questions: What specific things do the researchers 
want to do?, What specific knowledge do the researchers want to gain?, What specific hypothesis do the researchers 
want to test?

- 2: Method. “Method” text segments answer one or more of these questions: How did the researchers do the work or 
find what they sought?, What are the procedures and steps of the research?

- 3: Finding/Contribution. “Finding/Contribution” text segments answer one or more of these questions: What did 
the researchers find out?, Did the proposed methods work? Did the thing behave as the researchers expected?

- 4: Other. Text segments that do not fit into any of the four categories above. Text segments that are not part of the 
article. Text segments that are not in English. Text segments that contain only reference marks (e.g., “[1,2,3,4,5]”) or 
dates (e.g., “April 20, 2008”). Captions for figures and tables (e.g. “Figure 1: Experimental Result of ...”). Formatting 
errors. Text segments the annotator does not know or is not sure about.

Figure C.10: The annotation guideline of CODA-19 dataset.
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You will be given a clause from a legal contract. Please annotate the category of the given clause according to the 
following label descriptions.

Note that you can only select one label for each segment that is most appropriate.



Label descriptions:

- 0: Most Favored Nation. This clause provides that if a third party gets better terms on the licensing or sale of  
technology/goods/services described in the contract, the buyer of such technology/goods/services under the contract 
shall be entitled to those better terms.

- 1: Non-Compete. This clause imposes a restriction on the ability of a Party to compete with the other party or 
operate in a certain geography or business or technology sector.

- 2: Exclusivity. This clause provides for an exclusive dealing commitment between the parties of a contract. This 
clause also includes: a commitment by a party to procure all “requirements” from the other party of certain 
technology, goods, or services; or a prohibition against licensing or selling technology, goods or services to third 
parties, or a prohibition on collaborating or working with other parties.

- 3: No-Solicit of Customers. This clause restricts a party from soliciting, contacting or doing business with the other 
party’s customers, vendors or partners.

- 4: Competitive Restriction Exception. This clause states the exception(s) to one of the following three labels: 
Exclusivity, Non-Compete, or No-Solicit of Customers.

- 5: No-Solicit of Employees. A No-Solicit of Employee clause prohibits a party from soliciting or hiring the other 
party’s employees or consultants for itself or for a third party, during the contract or after the contract ends (or both).

- 6: Non-Disparagement. This clause requires a party not to disparage or defame the other party’s goodwill, reputation 
or image.

- 7: Termination for Convenience. This clause allows a party to terminate a contract without cause or penalty. It 
allows a party to unilaterally terminate a contract by giving notice and oftentimes after a waiting period expires.

- 8: Right of First Refusal, Offer or Negotiation (Rofr/Rofo/Rofn). This clause grants one party a right of first refusal, 
right of first offer or right of first negotiation to purchase, license, market, or distribute equity interest, technology, 
assets, products or services.

- 9: Change of Control. This clause requires consent or notice of the other party if a party undergoes a change of 
control, such as a merger, stock sale, transfer of all or substantially all of its assets or business (collectively, “CIC”).

- 10: Anti-Assignment. This clause requires a party to seek consent or notice if the contract is assigned, transferred or 
sublicensed to a third party, in whole or in part.

- 11: Revenue/Profit Sharing. This clause requires one party to share revenue or profit with the other party for any 
technology, goods, or services.

- 12: Price Restriction. This clause restricts the ability of a party to raise or reduce prices of technology, goods, or 
services provided.

- 13: Minimum Commitment. This clause requires a minimum order size or minimum amount or units per-time 
period that one party must buy from the counterparty under the contract.

- 14: Volume Restriction. This clause charges a fee or requires consent if one party’s use of the product/services 
exceeds a certain threshold.

- 15: IP Ownership Assignment. This clause provides that intellectual property created by one party becomes the 
property of the other party, either per the terms of  the contract or upon the occurrence of certain events.

Figure C.11: The annotation guideline of CUAD dataset (1/2).
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- 16: Joint IP Ownership. This clause provides for joint or shared ownership of intellectual property between the 
parties to the contract.

- 17: License Grant. This clause authorizes a party to use intellectual property or intangibles of the other party. It can 
be an authorization to use or to reproduce, distribute, manufacture, etc. certain content, technology, or other items 
that are protected by intellectual property rights. This clause is very common, and is considered one of the “factual” 
clauses. The purpose of this label is to help human reviewers to understand what IP is licensed under a contract and 
what restrictions are imposed on the license, including restrictions on duration, territory and purpose of use.

- 18: Non-Transferable License. This clause prohibits one party to transfer, assign or sublicense IP in the contract.

- 19: Affiliate IP License-Licensor. This clause contains a license grant by affiliates of the licensor or that includes 
intellectual property of affiliates of the licensor.

- 20: Affiliate IP License-Licensee. This clause contains a license grant to a licensee (incl. sublicensor) and the 
affiliates of such licensee/sublicensor.

- 21: Unlimited/All-You-Can-Eat License. This clause contains a provision granting one party an “enterprise,” “all you 
can eat” or unlimited usage license.

- 22: Irrevocable or Perpetual License. This clause contains an irrevocable and/or perpetual license of IP. An 
irrevocable license is a perpetual license that cannot be cut short or terminated. A perpetual license, on the other 
hand, may not be irrevocable. Namely, a perpetual license can be terminated upon specified events such as material 
breach. Many license grant clauses use “irrevocable” and “perpetual” in the same sentence. The intent of some 
contracts may be to use the two terms interchangeably. As a result, for the purpose of CUAD, you should label the 
two types of licenses under the same label.

- 23: Source Code Escrow. This clause requires one party to deposit its source code into escrow with a third party or 
into a deposit account with the other party, which can be released to the other party upon the occurrence of certain 
events (bankruptcy,  insolvency, etc.).

- 24: Post-Termination Services. This clause imposes obligations on a party after the termination or expiration of a 
contract, including any post-termination transition, payment, transfer of IP, wind-down, last-buy, or similar 
commitments.

- 25: Audit Rights. This clause grants one party the right to audit the books, records, or physical locations of the other 
party to ensure compliance with the terms of a contract.

- 26: Uncapped Liability. This clause leaves a party’s liability uncapped upon the breach of its obligation in the 
contract. This also includes uncap liability for a particular type of breach such as IP infringement or breach of 
confidentiality obligation.

- 27: Cap On Liability. This clause includes a cap on liability upon the breach of a party’s obligation. This includes 
time limitation for the counterparty to bring claims or maximum amount for recovery.

- 28: Liquidated Damages. This clause is an agreement to pay a party a pre-determined amount of damages if the other 
party breaches the contract. For the purpose of CUAD, this clause also includes an early termination fee.

- 29: Insurance. This clause requires a party to maintain insurance for the benefit of the other party.

- 30: Covenant not to Sue. This clause restricts a party from contesting the validity of the other party’s ownership of 
intellectual property or otherwise bringing a claim against the other party that goes beyond the scope of standard 
Limitation on Liability clauses.

- 31: Third Party Beneficiary. This clause provides that a non-contracting party is a beneficiary to some or all of the 
clauses in the contract and therefore can enforce its rights against a contracting party.

Figure C.12: The annotation guideline of CUAD dataset (2/2).
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You will be given a one-paragraph excerpt of a legal decision. Please annotate the category of the given excerpt 
according to the following label descriptions.

Note that you can only select one label that is most appropriate for the excerpt.



Label descriptions:

- 0: Facts. A section of the decision that recounts the historical events and interactions between the parties that gave 
rise to the dispute.

- 1: Procedural History. A section of the decision that describes the parties’ prior legal filings and prior court decisions 
that led up to the issue to be resolved by the decision.

- 2: Issue. A section of the decision that describes a legal or factual issue to be considered by the court.

- 3: Rule. A section of the decision that states a legal rule relevant to resolution of the case.

- 4: Analysis. A section of the decision that evaluates an issue before the court by applying governing legal principles 
to the facts of the case

- 5: Conclusion. A section of the decision that articulates the court’s conclusion regarding a question presented to it.

- 6: Decree. A section of the decision that announces and effectuates the court’s resolution of the parties’ dispute, for 
example, granting or denying a party’s motion or affirming, vacating, reversing, or remanding a lower court’s 
decision.

Figure C.13: The annotation guideline of FoDS dataset.
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