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Walking to where the water ends, I sit and watch the clouds rise. By chance, I meet an
old man in the woods; we chat and laugh, with no thought of returning.

— Wei Wang (701-761)
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Introduction

Information extraction (IE) is a crucial field in natural language processing that aims
to recognize structured information (e.g., named entities and relations) in plain text.
IE spans various tasks with diverse output structures such as named entity recogni-
tion, relation extraction, and event extraction [104, 172, 183, 199]. IE serves as a
foundational ingredient for a wide range of downstream tasks, such as question an-
swering [1, 139], knowledge graph construction [196], knowledge reasoning [41], and
information retrieval [37, 46].

Traditional IE frameworks follow the standard machine learning paradigm and are
trained under the so-called i.i.d. assumption that the training and test data are identically
and independently distributed [114, 138, 147, 166]. However, this assumption does not
always hold in real-world scenarios [5, 86, 125, 179]. When the probability distributions
of the training data and test data differ, the performance of IE models often deteriorates
due to domain distribution gaps, such as variations in text genres, entity names, or
relation types [5, 33, 191]. For example, on the social media dataset WNUT-17, which
includes unseen entities in the test set, even state-of-the-art IE methods achieve only
a 54.86% F1 score [33]. Furthermore, collecting data from all possible domains to
train IE models is both costly and practically infeasible, exacerbating data scarcity
issues and undermining the effectiveness of IE frameworks. For instance, compared to
full-data training, performance drops by around 20% when applying the widely used IE
framework UIE to a 5-shot named entity recognition task [90]. Therefore, enhancing
the generalization ability of IE models is important in both academia and industry.

In this thesis, we explore generalizable IE frameworks through three scenarios
illustrated in Figure 1.1: (i) cross-domain transfer, which involves transferring IE
frameworks from one domain to another (e.g., from newswire to biomedical documents);
(ii) few-shot cross-domain transfer, which is aimed at adapting IE frameworks to
unseen target domains; and (iii) zero-shot generalization, which aims to generalize IE
frameworks for unlabeled corpora.

To start with, we explore adaptable IE techniques for cross-domain transfer scenarios.
Existing IE methods primarily focus on recognizing several types of labels from a single
sentence. For example, a typical named entity recognizer identifies entities in the
Persons, Organizations, Locations, or Miscellaneous categories [24, 181]. However,
real-world IE applications often necessitate the recognition of a broader range of
fine-grained labels, significantly impeding the transfer of IE models across different
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Cross-domain transfer

Domain-invariant knowledge ” Data sparsity and label discrepancies l
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Gap between training and OOD data Demonstration evaluation

Figure 1.1: Three generalization scenarios studied in this thesis.

domains [14, 16]. To illustrate, the Individual dataset we compile for legal contract
element extraction encompasses more than 70 types of elements [159]. Additionally,
the extraction scope of practical IE tasks usually extends beyond a single sentence. For
instance, an extractor designed for identifying legal elements in contracts (e.g., payment
periods and deposit rates) needs to find elements across multiple sentences within a legal
clause. Given this, we formulate a new cross-domain IE task: cross-domain contract
element extraction, which is aimed at transferring a legal contract element extractor from
one domain to another. Furthermore, to facilitate the cross-domain transfer process, we
recognize and incorporate domain-agnostic knowledge about fine-grained label types
and large extraction zones.

In the cross-domain transfer scenario, two other significant challenges beyond the
ones mentioned above are data sparsity and label discrepancies across domains. As
mentioned earlier, real-world IE applications often involve transferring an extensive
range of fine-grained labels. Manual labeling for IE tasks is expensive, labor-intensive,
and prone to errors [140]. Consequently, current cross-domain IE methods continue to
suffer from severe data sparsity issues. Moreover, inconsistencies in labels across the
source and target domains seriously impede effective knowledge transfer. For example,
in the 12C dataset (a cross-domain contract element extraction dataset that we collect),
17.2% of contract element types from the source domain do not appear in the target
domain. Taking this into account, we seek to develop a graph-enhanced prompt learning
framework that incorporates auxiliary supervision and relationships among element
labels across domains.

Next, we investigate more general and challenging scenarios. The cross-domain
transfer problem mentioned above requires labeled data in both the source and target
domains. However, the availability of labeled data for named entity recognition is often
limited to specific domains, which poses challenges in generalizing IE models to new
domains [28, 72, 94]. Therefore, we explore the few-shot cross-domain named entity
recognition task. This task aims to generalize an entity recognizer to unseen target
domains using a small number of labeled in-domain examples.

Current work [179, 185] employs data augmentation techniques to address this
task, but two key challenges remain: First, augmentation is limited to the training
data, resulting in minimal overlap between the generated data and out-of-distribution

2
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examples. For instance, only 11.11% of entity words appear simultaneously in both
the augmented data for the source domain and the unseen target domain [86, 156, 179].
Second, knowledge transfer is implicit and insufficient at the representation level,
severely hindering model generalizability and the integration of knowledge from the
source domain. Specifically, current work [179] fails to explicitly capture type-related
features, i.e., tokens that are strongly associated with entity types, which play a crucial
role in generalization. For example, the words “established” and “along with” are
closely related to Organization and Person entities, respectively [156], in both domains.
To address these challenges, we design a prompt learning framework to identify type-
related features from the source domain and guide the model during both the training
and inference processes.

Finally, we turn to another interesting question: Is it possible for IE models to
learn from unannotated corpora and generalize in strict zero-shot settings? Recent stud-
ies [170, 171] answer this question by using the zero-shot generalization capabilities
of large language models, such as GPT-3.5 [107], GPT-4 [108], and Llama3 [100].
Despite these advancements, two significant challenges persist: First, previous methods
overlook the correlations between contexts within target sentences, leading to incorrect
type predictions or information omissions; Second, current frameworks use task demon-
strations indiscriminately, retrieved through shallow similarity-based strategies without
evaluating their relevance or usefulness, which can severely mislead the inference
processes of large language models. In light of this, we seek to develop a multi-agent
system to identify contextual correlations and automatically evaluate the quality of
retrieved demonstrations.

In this thesis, we explore various generalization scenarios for IE frameworks, includ-
ing cross-domain, few-shot cross-domain, and zero-shot settings. We aim to highlight
the critical role of identifying and using knowledge from diverse data sources and of
establishing connections across different domains to develop adaptable IE frameworks.

1.1 Research Outline and Questions

This thesis centers on advancing research in the field of generalizable IE techniques.
We mainly focus on the following three themes:

(1) Transferring IE frameworks from data-rich source domains to sparsely labeled
target domains,

(ii) Adapting IE frameworks to unseen target domains, and
(iii) Generalizing IE frameworks for unlabeled corpora in strict zero-shot settings.

We scope our research by answering four main research questions across four research
chapters. We begin by developing adaptable IE frameworks for cross-domain transfer
scenarios. Traditional IE methods primarily focus on identifying a limited number of
label types within a single sentence. In contrast, real-world IE applications demand
the recognition of a wider array of fine-grained labels and require a much broader
extraction scope, substantially hindering the transfer of IE models across different
domains. Therefore, to facilitate cross-domain transfer, it is essential to integrate

3



1. Introduction

domain-independent knowledge concerning fine-grained label types and large extraction
zones. Our first research question is formulated in Chapter 2 as follows:

RQ1 How to model domain-invariant knowledge to facilitate real-world cross-domain
transfer for IE methods?

To address this question, we first formulate a practical cross-domain IE task, namely
cross-domain contract element extraction, which aims to transfer a legal element ex-
tractor from one domain to another. Building on this, we establish two cross-domain
contract element extraction datasets, I2C and C2I, which contain over 70 types of
contract elements by collecting and annotating 340 individual Chinese contracts and
1,422 commercial Chinese contracts.

Furthermore, we introduce Bi-FLEET, a bi-directional feedback clause-element
relation network for cross-domain contract element extraction and named entity recog-
nition tasks. To incorporate invariant knowledge about element and clause types, a
clause-element graph is constructed across domains, and a hierarchical graph neural
network is employed in the clause-element relation encoder. To mitigate the influ-
ence of context variations in large extraction zones, a multi-task framework with a
bidirectional feedback scheme is implemented in the inference layer, performing both
clause classification and element extraction. Experimental results demonstrate that the
proposed Bi-FLEET model achieves significant improvements over baselines in both
cross-domain named entity recognition and contract element extraction tasks.

However, despite the success of Bi-FLEET, two challenges remain unresolved: (i)
data sparsity due to expensive annotation costs and a large number of element types, and
(i1) label discrepancies among element types across domains, both of which severely
impede effective knowledge transfer from the source to the target domain. Therefore,
we formulate our second research question as follows:

RQ2 How to mitigate data sparsity and label discrepancies across different domains?

We address this question by introducing GEPL, a graph-enhanced prompt learning
framework for the cross-domain named entity recognition and contract element extrac-
tion task. GEPL incorporates two types of prompts: (i) instance-oriented prompts and
(ii) label-oriented prompts. Given the input instances, instance-oriented prompts are au-
tomatically generated by retrieving relevant examples from the training data, providing
auxiliary supervision to enhance the transfer process in low-resource scenarios.

To mitigate label discrepancies across different domains, we identify relationships
among element types using mutual information criteria and transform these into label-
oriented prompt templates. Building on this, a multi-task training strategy is designed to
simultaneously optimize the representations of the original input sentences and prompts,
enabling GEPL to better understand the tasks and capture label relations in both source
and target domains. Empirical results on cross-domain contract element extraction
datasets indicate that GEPL significantly outperforms state-of-the-art baselines. More-
over, extensive experiments reveal that GEPL achieves state-of-the-art performance
on cross-domain named entity recognition datasets and demonstrates a high level of
generalizability.
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In Chapter 4, considering the limited availability of labeled data, we tackle the
few-shot cross-domain named entity recognition task. Recent few-shot cross-domain
named entity recognition approaches use data augmentation techniques but still face
two significant challenges: (i) augmentation is limited to the training data, and (ii)
knowledge transfer is implicit and insufficient. These challenges prompt the following
research question:

RQ3 How to bridge the gap between training and unseen data, and how to use knowl-
edge from the source domain when inferring on unseen target domains?

We design PLTR, a prompt learning framework that leverages type-related features for
few-shot cross-domain named entity recognition. To identify useful knowledge in the
source domain and enhance knowledge transfer, PLTR automatically extracts entity
type-related features using mutual information criteria. To bridge the gap between
training and out-of-domain data, PLTR generates a unique prompt for each unseen
example by selecting relevant type-related features. We demonstrate that PLTR achieves
significant performance improvements on both in-domain and cross-domain datasets.
The use of PLTR facilitates model adaptation and increases representation similarities
between the source and unseen domains.

Next, we explore whether IE models are able to learn from unannotated corpora
and generalize in strict zero-shot settings. Recent studies leveraging the zero-shot capa-
bilities of large language models address this. However, two major challenges remain:
(i) state-of-the-art methods neglect contextual correlations within target sentences, and
(ii) they make indiscriminate use of task demonstrations. These challenges severely
hamper the inference capabilities of large language models. Therefore, in Chapter 5, we
formulate the following research question:

RQ4 For large language model-based IE frameworks, how can we capture contextual
correlations in unannotated corpora, and how can we enable discriminative
usage of task demonstrations?

To address this question, we propose CMAS, a cooperative multi-agent system for
zero-shot IE tasks that leverages the collective intelligence and specialized abilities
of large language model-based agents. CMAS comprises four main agents: (i) a self-
annotator, (ii) a type-related feature extractor, (iii) a demonstration discriminator, and
(iv) an overall predictor. To explicitly capture correlations between contexts, CMAS
reformulates named entity recognition into two subtasks: recognizing named entities
and identifying entity type-related features relevant to the target sentence.

Moreover, pseudo-labels for TRFs are generated using mutual information crite-
ria without requiring human intervention, thereby facilitating the type-related feature
extractor’s predictions. To assess the quality of demonstrations, a discriminator is intro-
duced, incorporating a self-reflection mechanism to automatically evaluate helpfulness
scores for the target sentence and enable the controllable utilization of demonstrations.
Experimental results show that CMAS significantly improves zero-shot named entity
recognition and relation extraction performance across five benchmarks, covering both
domain-specific and general-domain scenarios.




1. Introduction

1.2 Main Contributions

In this section, we provide a concise summary of the main algorithmic, theoretical,
empirical, and resource contributions of this thesis:

1.2.1 Algorithmic Contributions

¢ A bi-directional feedback clause-element relation network (Bi-FLEET) for the
cross-domain contract element extraction task, which captures shared depen-
dencies between elements and clauses across domains and interactions between
contract element extraction and clause classification (Chapter 2).

* A joint training strategy for cross-domain contract element extraction, named
entity recognition, and clause classification tasks, which facilitates parameter
sharing across different domains and tasks (Chapter 2).

* A graph-based prompt generation methodology, which incorporates relations
between element or entity labels across domains (Chapter 3).

* A graph-enhanced prompt learning methodology (GEPL) for the cross-domain
contract element extraction task, which employs two types of prompts, instance-
oriented and label-oriented prompts, to mitigate data sparsity and label discrepan-
cies across domains (Chapter 3).

* A mutual information-based criterion, which aims at efficiently extracting entity
type-related features from the contexts surrounding entities (Chapter 4).

* A prompt learning framework with type-related features (PLTR) for few-shot
cross-domain named entity recognition, which identifies useful knowledge in
the source domain and bridges the gap between training and out-of-domain data
(Chapter 4).

* A self-reflection method for evaluating task demonstrations, which automatically
assesses the helpfulness of each selected demonstration in making predictions on
the target test sentences (Chapter 5).

* A large language model-based cooperative multi-agent system (CMAS) for zero-
shot named entity recognition and relation extraction tasks, which recognizes
contextual correlations within unannotated corpora and discriminatively learns
from retrieved demonstrations (Chapter 5).

1.2.2 Empirical Contributions

* An empirical comparison of Bi-FLEET and GEPL against various kinds of state-
of-the-art cross-domain contract element extraction and named entity recognition
methods, including target-domain only, cross-domain, and language model-based
approaches (Chapter 2 and 3).




1.3. Thesis Overview

* An empirical analysis of learning curves for cross-domain contract element
extraction and clause classification to examine conflicts between tasks (Chapter 2).

* An empirical analysis of model robustness against data sparsity in cross-domain
contract element extraction and named entity recognition (Chapter 2 and 3).

* A fine-grained empirical comparison of Bi-FLEET and GEPL against state-of-
the-art baselines at the entity or element type level (Chapter 2 and 3).

* An empirical comparison of PLTR against state-of-the-art few-shot cross-doamin
named entity recognition methods (Chapter 4).

* An empirical analysis of the influence of test sentence length on prompt generation
(Chapter 3 and 4).

* An empirical comparison of CMAS against state-of-the-art zero-shot named entity
recognition and relation extraction methods on both English and Chinese datasets
(Chapter 5).

* A fine-grained empirical analysis of different recognition error types (Chapter 5).

1.2.3 Theoretical Contributions

¢ A new task, cross-domain contract element extraction, which focuses on transfer-
ring a legal contract element extractor from one domain to another (Chapter 2).

* A new task, clause classification, which focuses on the detection and classification
of legal clauses from given texts (Chapter 2).

1.2.4 Resource Contributions

* Two new datasets, I2C and C2I, collected and annotated for the cross-domain
contract element extraction task (Chapter 2).

* Reproduction analysis on the previous zero-shot IE methods, including ChatIE [162],
ToolLLM [170], and SILLM [171] (Chapter 5).

1.3 Thesis Overview

In this section, we provide a concise overview of each chapter in this thesis. The thesis
begins with an introductory chapter, which you are currently reading, followed by four
research chapters, and concludes with a chapter summarizing the findings.

We begin by studying the cross-domain transfer scenario. In Chapter 2, we for-
mulate the cross-domain contract element extraction task and propose Bi-FLEET, a
method applicable to both cross-domain contract element extraction and named en-
tity recognition tasks, aimed at modeling domain-invariant knowledge to facilitate the
transfer of fine-grained contract elements or entities and support large extraction zones.

7



1. Introduction

Furthermore, Chapter 3 addresses the challenges of data sparsity and label discrepan-
cies prevalent in current cross-domain contract element extraction and named entity
recognition methods. This chapter introduces GEPL, a graph-enhanced prompt learning
framework that incorporates auxiliary supervision and establishes relationships among
labels across different domains.

Next, we transition to generalizing IE techniques for unseen target domains. Specif-
ically, Chapter 4 focuses on the few-shot cross-domain named entity recognition task,
aiming to generalize an entity recognizer to unseen target domains. This chapter identi-
fies entity type-related features, which play a crucial role in IE model generalization,
and introduces PLTR, a prompt learning approach to effectively leverage knowledge
from the source domain and bridge the gap between training and unseen data.

Furthermore, Chapter 5 concentrates on the strict zero-shot setting for named entity
recognition and relation extraction tasks, where no annotated data are available. This
chapter establishes CMAS, a large language model-based multi-agent system that cap-
tures contextual correlations and enables controllable utilization of task demonstrations.

Finally, we conclude the thesis in Chapter 6, which summarizes the findings in this
thesis and discusses the limitations and prospective future research directions.

1.4 Origins

The research chapters in this thesis are built upon the following publications.

Chapter 2 is based on the following paper:

e Z. Wang, H. Song, Z. Ren, P. Ren, Z. Chen, X. Liu, H. Li, and M. de Rijke.
Cross-domain contract element extraction with a bi-directional feedback
clause-element relation network. In The 44th International ACM SIGIR

Conference on Research and Development in Information Retrieval, pages
1003-1012. ACM, July 2021.
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Writing — original draft, Writing — review & editing; ZR and MdR: Conceptual-
ization, Methodology, Supervision, Funding acquisition, Writing — original draft,
Writing — review & editing; HS, PR, ZC, XL, and HL.: Resources, Data curation,
Writing — review & editing.

Chapter 3 is based on the following paper:

e Z. Wang, H. Wang, P. Ren, Z. Chen, M. de Rijke, and Z. Ren. Graph-
enhanced prompt learning for cross-domain contract element extraction.
ACM Transactions on Information Systems, February 2024. Under review.

ZW: Conceptualization, Formal analysis, Methodology, Software, Writing —
original draft, Writing — review & editing; ZR and MdR: Conceptualization,
Methodology, Supervision, Funding acquisition, Writing — original draft, Writing
—review & editing; HW: Formal analysis, Methodology, Software; PR and ZC:
Conceptualization, Writing — review & editing.
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Chapter 4 is based on the following paper:

e 7. Wang, Z. Zhao, Z. Chen, P. Ren, M. de Rijke, and Z. Ren. Generalizing
few-shot named entity recognizers to unseen domains with type-related
features. In Findings of the Association for Computational Linguistics:
EMNLP 2023, pages 2228-2240. ACL, December 2023.

ZW: Conceptualization, Formal analysis, Methodology, Software, Writing —
original draft, Writing — review & editing; ZR and MdR: Conceptualization,
Methodology, Supervision, Funding acquisition, Writing — original draft, Writing
—review & editing; ZZ: Formal analysis, Methodology, Software; PR and ZC:
Conceptualization, Writing — review & editing.

Chapter 5 is based on the following paper:

* 7. Wang, Z. Zhao, Y. Lyv, Z. Chen, P. Ren, M. de Rijke, and Z. Ren. A
cooperative multi-agent framework for zero-shot named entity recognition.
August 2024. Under review.

ZW: Conceptualization, Formal analysis, Methodology, Software, Writing —
original draft, Writing — review & editing; ZR and MdR: Conceptualization,
Methodology, Supervision, Funding acquisition, Writing — review & editing; ZZ:
Conceptualization, Formal analysis, Methodology, Software, Writing — original
draft; YL, PR and ZC: Conceptualization, Writing — review & editing.

The writing of the thesis also benefited from work on the following publications:

* Y. Lyu, J. Hao, Z. Wang, K. Zhao, S. Gao, P. Ren, Z. Chen, F. Wang, and Z. Ren.
Multi-defendant legal judgment prediction via hierarchical reasoning. In Findings
of the Association for Computational Linguistics: EMNLP 2023, pages 2198—
2209. ACL, December 2023.

e Z. Wang, K. Zhao, Y. He, Z. Chen, P. Ren, M. de Rijke, and Z. Ren. Itera-
tively learning representations for unseen entities with inter-rule correlations.
In Proceedings of the 32nd ACM International Conference on Information and
Knowledge Management, pages 2534-2543. ACM, October 2023.

* Y. Lyu, Z. Wang, Z. Ren, P. Ren, Z. Chen, X. Liu, Y. Li, H. Li, and H. Song. Im-
proving legal judgment prediction through reinforced criminal element extraction.
Information Processing & Management, 59(1):102780, 2022.

* Y. He, Z. Wang, P. Zhang, Z. Tu, and Z. Ren. VN network: Embedding newly
emerging entities with virtual neighbors. In The 29th ACM International Con-
ference on Information and Knowledge Management, pages 505-514. ACM,
October 2020.

e 7Z. Wang, Z. Ren, C. He, P. Zhang, and Y. Hu. Robust embedding with multi-level
structures for link prediction. In Proceedings of the 28th International Joint
Conference on Artificial Intelligence, pages 5240-5246. ijcai.org, August 2019.
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* Z. Wang, Z. Jiang, Z. Ren, J. Tang, and D. Yin. A path-constrained framework
for discriminating substitutable and complementary products in e-commerce. In
Proceedings of the 11th ACM International Conference on Web Search and Data
Mining, pages 619-627. ACM, February 2018.
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Domain-Invariant Knowledge Modeling

In this chapter, we explore cross-domain transfer scenarios for Information Extraction
(IE) methods, which are aimed at transferring IE models from one domain to another.
Existing cross-domain IE frameworks concentrate on recognizing a limited set of labels
within individual sentences. However, real-world IE applications typically require the
identification of a broader range of fine-grained labels in more extensive contexts, which
considerably hinders the transfer of IE models across domains. Therefore, to enhance
the cross-domain transfer process for IE methods, this chapter addresses the following
thesis-level research question:

RQ1 How to model domain-invariant knowledge to facilitate real-world cross-domain
transfer for IE methods?

In this chapter, we formulate a real-world, fundamental cross-domain IE task: cross-
domain contract element extraction, which focuses on adapting a legal contract element
extractor across various contract domains. In addition, we establish two cross-domain
contract element extraction datasets, I2C and C2I, encompassing over 70 types of
contract elements from 1,762 Chinese contracts. We introduce the Bi-FLEET model,
a bi-directional feedback clause-element relation network that incorporates domain-
invariant dependencies between clauses and elements, as well as interactions between
contract element extraction and clause classification tasks. Experimental results demon-
strate that Bi-FLEET significantly outperforms baseline models in both cross-domain
contract element extraction and named entity recognition tasks. To the best of our
knowledge, this is the first study on the cross-domain contract element extraction task.

2.1 Introduction

Extracting information from contracts or other legal agreements is a fundamental task
for businesses around the world [14, 15, 101]. Many thousands of contracts, relevant
to a large variety of transactions (such as loans, investments, or leases), are drawn up
every day. These contracts usually contain legally relevant elements such as termination

This chapter was published as Z. Wang, H. Song, Z. Ren, P. Ren, Z. Chen, X. Liu, H. Li, and M. de Rijke.
Cross-domain contract element extraction with a bi-directional feedback clause-element relation network.
In The 44th International ACM SIGIR Conference on Research and Development in Information Retrieval,
pages 1003-1012. ACM, July 2021.
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[ Clause from Individual Contract. } ~

If the above qualification changes during the execution of the contract, resulting in Party

B no longer having the relevant qualification to carry out the business under this contract,
Party B shall notify Party A within 5 days from the date of the occurrence of the fact .
\Element: notification date Y,

[ Clause from Commercial Contract. }

Party B agrees that under any following circumstances, Party A has the right to require
Party B to take back the following products and bear the relevant expenses, including but
not limited to refund of payment for goodss, labor costs, logistics and other expenses :
1. Any product that violates laws and regulations,

2. Any product that infringes upon the intellectual property rights or other civil rights of
others or any product causing infringement disputes.

\%}ment: refund /

Figure 2.1: Examples of contract element extractions. (Top): A clause from an individ-
ual contract. (Bottom): A clause from a commercial contract.

Table 2.1: Examples of the most frequent elements in clauses from different contract
domains. Percentages in brackets indicate ratios of elements appearing in clauses from
the individual/commercial contracts.

Clause The most frequent elements (individual/commercial)
Payment Payment period (23.8%/25.6%) and rate (12.3%/10.9%)
Deposit Deposit rate (26.4%/40.6%) and amount (12.4%/14.5%)

Effectiveness  Effective mode (45.5%/31.3%) and time (17.7%/26.7%)

dates or contract parties. Manually monitoring the legally relevant information in a
large number of contracts is time-consuming, labor-intensive, and error-prone, putting
a heavy burden on law firms, companies, and government agencies [140]. Automatic
contract element extraction (CEE) is increasingly attracting interest [99]). As Figure 2.1
(top) illustrates, given a clause from a contract, the goal of the CEE task is to find the
legally relevant elements (such as “within 5 days ... fact”) in the contract. CEE can
bring useful insights into contracts and it can facilitate downstream applications, such
as relevant clause retrieval or risk assessment [10].

Modern information extraction methods consider the CEE task as a sequence label-
ing problem, classifying each word as a (part of a) type of contract element [14, 15, 140].
The CEE task is challenging due to large variations in element mentions. Another impor-
tant challenge for this sequence labeling problem is how to transfer knowledge from one
domain to another [181]. For example, as Figure 2.1 shows, compared with individual
contracts (top), commercial contracts (bottom) are more formal, giving more precise
and complex explanations in the contract clauses. Because of the differences in context
genres and element types, transferring an element extractor from the individual domain
to the commercial domain (or vice versa) is a challenging problem.

In this chapter, we focus on cross-domain contract element extraction (CEE). Cross-
domain CEE is similar to the cross-domain named entity recognition (NER) task in
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many ways [14, 16]. Both tasks aim to identify key information (elements or entities)
from texts in different domains and have similar problem formulations (discussed in
detail in Section 2.3.1). However, existing cross-domain NER methods are not directly
applicable to the cross-domain CEE task and fail to address two important challenges:

Challenge 2.1: Transfer of fine-grained element types. A generic named entity rec-
ognizer typically extracts only several types of entities, such as persons, organiza-
tions, locations, dates or amounts. However, in the CEE task, there are far more
types of fine-grained contract elements (e.g., more than 70 in our dataset). For
example, a typical entity recognizer may identify dates, but cannot distinguish be-
tween start, termination or other dates. In the cross-domain setting, the presence
of a larger number of fine-grained contract elements makes it more difficult to
transfer the extractor.

To facilitate the transfer process, invariant knowledge about element types should
be incorporated. As Table 2.1 shows, dependencies between clause and element
types are usually shared across domains. E.g., the payment period usually exists
in the payment clauses, but not the deposit clauses, which is independent of
contract domains.

Challenge 2.2: Transfer of larger extraction zones. The NER task mainly focuses
on locating entities in a single sentence. In contrast, an extractor for the CEE
task needs to find contract elements from multiple sentences in a clause. That is,
extraction zones (clauses) for contract elements are much larger than the contexts
of entities. Sentences in clauses can be organized in various ways for different
domains, which brings a new challenge for the cross-domain CEE task. To reduce
the influence of sentence organizations, clause types should be decided first.

Besides, classifying clauses is of great importance for extracting contract elements.
E.g., if we know a clause is a loan clause, it is easier to figure out that the dates in
the clause are loan or repayment dates. Hence, conducting clause classification
and element extraction at the same time can enhance the inference process.

To address the challenges identified above, we propose a framework, named the Bi-
directional Feedback cLause-Element relaTion network (Bi-FLEET), that captures
shared knowledge about element types in two domains and interactions between con-
tract element extraction and clause classification. As Figure 2.2 shows, Bi-FLEET is
composed of three main components: (i) a context encoder, (ii) a clause-element relation
encoder, and (iii) an inference layer. First, the context encoder embeds all sentences
in clauses. Then, to capture invariant relations between element and clause types, in
the clause-element relation encoder, a clause-element (C-E) graph is constructed across
domains and a hierarchical graph neural network (GNN) is implemented to encode the
shared clause-element dependencies.

Finally, to identify the clause types and facilitate the element extraction process, a
multi-task framework with a bi-directional feedback scheme is proposed in the inference
layer. Similar to the human annotation process, both clause classification and contract
element extraction tasks are conducted. To model interactions between tasks and
improve the overall performance, forward and backward information is calculated using
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2. Domain-Invariant Knowledge Modeling

representations of contexts and types from the context and clause-element relation
encoders, respectively.

To evaluate our proposed framework to extract contract elements in cross-domain
CEE, we collect both individual and commercial contracts to establish a cross-domain
CEE dataset. Experimental results using both cross-domain NER and CEE datasets
demonstrate the effectiveness of Bi-FLEET.

The contributions of this chapter can be summarized as follows:

* To the best of our knowledge, ours is the first work on the cross-domain CEE
task. Compared with cross-domain NER, more fine-grained element types and
larger extraction zones bring critical challenges for the transfer process.

* We propose a framework, named the Bi-directional Feedback cLause-Element
relaTion network (Bi-FLEET), to capture invariant clause-element dependencies
and interactions between contract element extraction and clause classification.

* We establish a cross-domain CEE dataset by collecting individual contracts and
commercial contracts. To the best of our knowledge, this is the first dataset for
cross-domain CEE.

» Experimental results show that the proposed Bi-FLEET model achieves signifi-
cant improvements over baselines in both cross-domain NER and CEE tasks.

2.2 Related Work

We survey related work along three dimensions: (i) legal information retrieval and
extraction, (ii) contract element extraction, and (iii) cross-domain named entity recogni-
tion.

2.2.1 Legal Information Retrieval and Extraction

The digitization of legal documents has given rise to the development of legal informa-
tion retrieval systems [67, 99]. Numerous challenges for legal information retrieval and
extraction have been presented [26, 66]. Traditional legal search systems are keyword-
based, relying heavily on the professional knowledge of end-users. Recently, to alleviate
the dependence on user’s expertise and improve retrieval effectiveness, a significant
amount of effort [35, 67, 113, 143] has been devoted to the automatic classification of
legal documents and queries. The extraction of key legal concepts can also facilitate the
retrieval process [10, 144].

To the best of our knowledge, there is no previous work on legal information retrieval
and extraction that focuses on cross-domain contract element extraction (CEE).

2.2.2 Contract Element Extraction

The goal of CEE is to recognize essential legal elements, such as execution date,
jurisdiction, and amount, in legal documents [29, 59]. Early CEE methods are mainly
rule-based or traditional statistical methods. Chalkidis et al. [16] introduce 11 contract
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element types and extract contract elements based on Logistic Regression and SVM with
hand-crafted features. Garcia-Constantino et al. [43] design a system named CLIEL
for extracting core information from commercial law documents. Specifically, CLIEL
identifies five types of contract elements using rule-based layout detection. Azzopardi
et al. [3] propose a hybrid approach based on regular expressions and provide a contract
editing tool for lawyers. Recent CEE methods are developed with deep learning
and formulate the CEE task as sequence labeling. Chalkidis and Androutsopoulos
[14] explore deep learning methods for the CEE task and employ a BiLSTM without
manually written rules. Sun et al. [140] define seven semantic-specific clause categories
and introduce a TOI pooling layer for the nested elements. Chalkidis et al. [15] revisit
the CEE task and explore how sequence encoders, CRF layers, and input representations
affect the extractors.

Existing CEE approaches cannot be applied to the cross-domain scenario because
of differences in context genres and element types.

2.2.3 Cross-Domain Named Entity Recognition

The cross-domain NER task aims to identify named entities in a target domain using
the shared knowledge from a source domain. Recently, methods based on deep neural
networks have been proposed for cross-domain NER. Pan et al. [109] design transfer
joint embeddings for this task. Qu et al. [121] model the correlation between source and
target entity types with a two-layer neural network. To investigate the transferability of
model components, Yang et al. [181] present three sharing architectures for different
transfer learning scenarios. Moreover, Jia et al. [62] propose a parameter generation
network and incorporate the language modeling (LM) task to deal with zero-shot
learning settings.

Unlike the above parameter-sharing frameworks, parameter transfer approaches
first initialize the target model on the source domain NER or LM [74, 129], and then
fine-tune the original model on the labeled NER data from the target domain. Lin and
Lu [81] add three neural adaptation layers (word adaptation, sentence adaptation, and
output adaptation) to an existing NER method. Jia and Zhang [61] transfer entity type
level knowledge using a multi-cell compositional LSTM structure and model each entity
type using a separate cell state. For a thorough review of other techniques, please refer
to [78].

We mainly focus on cross-domain contract element extraction (CEE). To the best of
our knowledge, ours is the first study to concentrate on this task. The most closely related
task is the cross-domain NER task. However, cross-domain contract element extractors
need to address adaptations of larger extraction zones and more fine-grained element
types. In our proposed model Bi-FLEET, to handle the transfer of fine-grained element
types, invariant relations between clauses and elements are captured by constructing
a C-E graph across domains (see below). In addition, a multi-task framework with
a bi-directional feedback scheme is designed to reduce the impact of more diverse
contexts in larger extraction zones.
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Figure 2.2: An overview of Bi-FLEET. Bi-FLEET has three components: a context
encoder, a clause-element relation encoder, and an inference layer.

2.3 Bi-FLEET: Bi-Directional Feedback Clause-Element
Relation Network

In this section, we describe the Bi-FLEET framework, our proposed method for CEE.
As illustrated in Figure 2.2, the framework has three main components: a context
encoder, a clause-element relation encoder, and an inference layer. The context encoder,
which includes an input embedding layer and sequence encoder, embeds every word in
a sentence from a given clause. The clause-element relation encoder is shared by the
source and target domain and calculates representations of clause and element types.
The word embeddings and type representations are input to the inference layer for clause
classification and contract element extraction across domains.

Next, we formulate the cross-domain CEE task and compare it to the cross-domain
NER task (Section 2.3.1). Then, we explain Bi-FLEET’s context encoder (Section 2.3.2),
the clause-element relation encoder (Section 2.3.3), and the inference layer (Sec-
tion 2.3.4). Finally, the loss functions and training process (Section 2.3.5) are presented.

2.3.1 Problem Formulation

We write C = (s1,82,...,8,) for a clause from a contract, where s; is the i-th
sentence in the clause C; s; = (2;,1,%4,2,. .., %,m), Where z; ; is the j-th word in
sentence s;. A contract element e in the clause C is a sequence of words in one
sentence: € = {(Z; starts Ti start+1» - - -» Tiend), 1}, Where (€ is the type label of the
element e (such as payment period or deposit rate). The aim of the contract element
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extraction (CEE) task is to find the element e in the clause C.

For the cross-domain CEE task, there are N, labeled clauses in the source domain
S, as well as IV, labeled clauses and V,, unlabeled clauses in the target domain 7. Our
goal is to transfer the contract element extractor to the target domain from the source
domain. Specifically, the extractor is trained on the [V, labeled clauses in the source
domain and N; labeled clauses in the target domain to detect all the elements for the
N, unlabeled clauses in the target domain.

A similar task is cross-domain named entity recognition (NER), which focuses on
identifying several types of named entities in only one sentence. In contrast, cross-
domain CEE aims at extracting much more fine-grained elements in multiple sentences.
As mentioned before, the transfer of larger extraction zones and more element categories
brings new challenges to cross-domain CEE.

2.3.2 Context Encoder

Similar to previous CEE and NER methods [14, 15, 61, 181], our context encoder
vectorizes words in a sentence from a clause by using two components, an input
embedding layer and a sequence encoder.

Input embedding layer. Given an input sentence s = {x1, z2, 3,...,Z;,} from a
clause C, to capture the word-level and character-level features, each word z; in the
sentence s is embedded as the concatenation of the word embedding and the output of a
char-level CNN:

where E* denotes a shared word-level embedding lookup table, and E¢ denotes a
shared char-level embedding lookup table. CNN(-) is a standard convolutional neural
network operating on the character-level embedding sequence E¢(x;) for word z; in
sentence s. And & denotes the vector concatenation operator.

Sequence encoder. To encode sentence-level features, a standard bi-directional LSTM
layer [45] is adopted here. Given an input embedding sequence v = [v1,Va, ..., Vy],
at each time step, the Bi-LSTM layer calculates the current hidden vectors based on
memory cells. The hidden outputs of the task and domain-specific Bi-LSTM unit can
be written as follows:

W = LSTM(R %Y, vi), hot =1sTM(h %, v)), 2.2)

—17 V1

where hj”t denotes the output hidden vector for domain d € {S,7} and task t €
{CC,CEE} (clause classification and contract element extraction) with the input word
x;; — and < represent the directions of the LSTM unit. Note that a variety of methods
can be adopted as the context encoder. In our experiments, BERT [34] is adopted as
the input embedding layer to generate the contextualized word embeddings. Besides,
the sequence encoders based on the parameter generation network [62] and multi-cell
compositional LSTM [61] are evaluated as well.
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(a) C-E graph construction (b) Inference layer with the bi-feedback scheme

Figure 2.3: (a) C-E graph construction. Blue nodes are the shared element and clause
types, while red and yellow ones are the “not shared” types between the source and
target domains. (b) Inference layer with the bi-feedback scheme.

2.3.3 Clause-Element Relation Encoder

To model relations between element and clause classes, we establish the clause-element
(C-E) graph and learn representations of the clause and element types with a GNN-based
C-E relation encoder.

C-E graph constructions. Before encoding clause and element types with a hierarchical
graph neural network, we construct the C-E graph. As mentioned above, contract
elements are strongly connected with categories of clauses. For a clause type ct and
element type et in a given domain d, to identify the relation between them, we first
define the probability pc; ., that the elements of type et exist in clauses of type ct, and
Det,et» that clauses of type ct contain elements of type et, as follows:

Det,ct = fet,ct/feta Pctet = fet,ct/fct, (2.3)

where, in a given domain d, f.; . is the frequency that elements of type et and clauses
of type ct co-occur. Here, f.; and f.; are the frequencies that the elements of type et
and clauses of type ct appear in the given domain, respectively. Note that we only count
once when multiple elements of the same types exist in one clause. When both p.; .
and p.; .; are larger than the preset threshold 6, the element type et and clause type ct
are connected in the C-E graph of the given domain d. As Figure 2.3(a) illustrates, we
first select the edges between clause and element types (red and blue nodes) to establish
the C-E graph of the source domain. And then, for the target domain, we only maintain
the shared types (blue nodes) and add the domain-specific types (yellow nodes) into the
original graph.

GNN-based relation encoder. Given a C-E graph G in the domain d, we apply a
hierarchical graph neural network to encode the element and clause types. Recent
GNN-based frameworks follow the neighbor aggregation strategy [38, 39, 154, 174],
updating the embeddings of the central node by iteratively aggregating the information
of its neighbors. The [-th layer of a GNN, composed of an aggregation function
AGGREGATE(-) and a combination function COMBINE(-), can be presented as
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follows:

o) = AGGREGATE" (h{ ™) :u € AV, )
24
r — COMBINE® (h” b, ﬁ)), ey

where h! is the feature vector of node v at the I-th GNN layer and /V, is the set of nodes
adjacent to the central node v. We set two transformation matrices W._,, and W._, .
for the clause-to-element and element-to-clause relations respectively, and the [-th layer
of our proposed C-E relation encoder can be formulated:

eled (O Z aﬁ’cwcﬁe ‘clai‘ufl) + W, eled (-1

ueNde
g (2.5)

cla d Oy Z a?*W._. - eleg’(l_l) + W, - claz’(l_l) ,

'UEN;:’C

where, given a domain d, ele, and clay, are the representations of the element type et,,
and clause type ct; separately, while af, and o, are the trainable weights for the v-th
element type and u-th clause, type respectively. Given a C-E graph of domain d, N; is
the set of neighborhood clause types for et,,, and N is the set of neighborhood element
types for ctp. W, and W, denote the matrices for the self-connection. o(-) is the
activation function. W._,., W._,., W, and W, are shared in both source and target
domains. If a clause or element types exists in both domains , their representations are
also shared across domains.

2.3.4 Inference Layer

Given the sentence-level feature and type representations of elements and clauses, the
multi-task inference layer aims to predict the clause category labels (clause classification
(CO)) and extract contract elements from clauses (contract element extraction (CEE)).
To capture the interactions between the two tasks above, we design a novel bi-feedback
scheme in the inference layer. In this section, we demonstrate the bi-feedback scheme
first and then explain how to extract elements with forward information and verify the
clause classification results using backward information.

Bi-feedback scheme. Given a clause from the contract, a human annotator usually
first decides the clause type and then identifies the elements in the clause. In that case,
the classification of clauses often facilitates the element extraction process, while the
identification of elements can also verify the clause type predictions. Based on this
observation, as shown in Figure 2.3(b), we design a multi-task framework with the
bi-feedback scheme. Given a training instance for task ¢t € {C'C, CEE}, assuming that
the result distribution vector res! is predicted, we combine the result distribution vector
with the clause or element representations , and obtain the latent type vector 1tv* for
res’ as follows:

€= Z reskoc - clag, vOEE Z resp elep, (2.6)
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where, given a task t, res;, denotes the k-th type of the results. clay and ele,, are the
representations of the k-th clause type or p-th element type. Then, we calculate the
forward information fw and backward information bw based on the latent type vector
tv':

fw=o(W;-1tv9Y), bw = o(W, - 1tvFF), @7
where W ; and W), are the transformation matrices. Note that we set different transfor-
mation matrices and biases for source and target domains. In the rest of this section, we
explain how to predict the result distribution res? and obtain the final predictions, §¢¢
and yCE 2 , using forward and backward information. In our multi-task framework, fw
and bw serve as gates to filter out the noise and reduce prediction mistakes.

Clause classification (CC). To classify the clause that the given sentence s belongs
to, given a domain d, we use the sentence-level feature h = [h1 ® hq, h2 &)
<H2, ceey ﬁm ® %m] from the Bi-LSTM. The k-th element of the result distribution
vector res®“ is predicted by

resgc =o(wcce - [ﬁ @ clag] + bee), 2.8)
where h = Zi a; - h; and Zi a; = 1. h represents the overall feature of the given
sentence and «; denotes the trainable attention weight for word x;. Considering the
different label sets across domains, the parameters, woc and boc, are not shared.
Based on the result distribution vector res€“, forward information fw, for sentence s
can be calculated by Eq. 2.6 and 2.7. The final prediction §¢“ can be verified by the
backward information as follows:

yCC = softmax(bwi; @ bws ® - - - @ bw,, ® rescc), 2.9)

where bw; denotes the backward information for word z; in sentence s (from the
contract element extraction task). softmax(-) is the softmax function. ® is the element-
wise product operator.

Contract element extraction (CEE). Similar to the NER task, standard CRFs [95]
are adopted in the inference layer for CEE. Given a sentence s f from the contract
clause the sentence-level feature h = h 1D ih hs® ig, ooy h,, ® E , Where
h; = h @ %l, can be obtained from the context encoder. We merge fw (from the
clause classification task for sentence s) with each hidden vector in h:

' =

2.10
[norm(h; ® fw,),norm(hs ® fw,), ..., norm(h,, ® fw,)], ( )

where normy(+) is the normalization function. ® is the element-wise product operator.

Then, the output probability p(¥¢F¥|s) of the final prediction sequence yFF =
[l1,12, ..., 1] over the input sentence s can be calculated by:
w i—1sls
p(yCEE‘S) _ exp{>_, (WCRF hf + bCRlF )} 7 @.11)

E exp{_,( WC’RF hfw + bé’RIIT 1)}

where y’ denotes an arbitary label sequence; wé R 1s the model parameter for /;, and

blé R}; is the bias for [;_; and [;. As Figure 2.2 shows, we use CRF(s) and CRF(¢) for
the different label sets in the source and target domains respectively.
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To effectively search the highest scored label sequence, the first-order Viterbi
algorithm is used. We consider the result distribution vector resCE E for the word x;
in the given sentence s as a one-hot vector. resCEE = 1 only when the word z; is
classified as the p th element type. Then, the backward information bw; for word z; is
obtained by Eq. 2.6 and 2.7.

2.3.5 Joint Training

Given the labeled dataset D = {(s,,,y{¢,ySFF)IN_,  loss functions for the clause
classification task (Lo ¢) and the contract element extraction task (Lc g ) are defined
over the training dataset. Specifically, for the clause classification task, the cross-entropy
loss function is used as follows:

Loo=—% Z ¥ log(p(97.))- (2.12)

For the contract element extraction task, the sentence-level negative log-likelihood loss
is adopted for the training process:

N
1
Lopr == D log(p(ys " [sn)). (2.13)
n=1

And the overall loss is defined as follows:

A
L= Z M (LEpe + N L) + 3 KCAR (2.14)
de{S, T}

where \? is the domain weight and \* is the task weight. \ is the regularization weight
for the parameter set ©.

As Algorithm 2.1 shows, we design a cross-domain and multi-task training process.
Before training, the C-E graphs are constructed (line 1). In each training time step,
we encode the sentence-level feature H®* (line 4) and type representations, ele? and
cla? (line 5). Then, the result distribution res®““ for clause classification is predicted
(line 6) and forward information fw is computed based on the result distribution (line
7). For the contract element extraction, the element labels ¥ are calculated with
forward information (line 8). Next, the backward information bw? is computed (line
9) and the final predictions $¢ for clause classification are verified (line 10). Finally,
the overall loss function L is obtained (line 11) and the model parameters are jointly
updated (line 13).

2.4 Experiments

2.4.1 Research Questions

Our experimental analysis on real-world datasets aims to answer two chapter-level
research questions that refine the thesis-level research question RQ1:
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2. Domain-Invariant Knowledge Modeling

Algorithm 2.1 Joint Training.

Require: Training data D, and D;; parameter sets for the context encoder 6.,,:, C-E
relation encoder f¢c_p (including W._,., W._,., W., W, ¢, and ac), and
inference layer ;e (including Wy, Wy, wee, bec, Worr, and bogr).

Ensure: Target-domain model;

1: Contruct the C-E graphs G° and G7 for both domains (Eq. 2.3);

2: while Training process not terminated do

3 fordin{S,T}do

4: Compute sentence-level feature h%! + BiLSTM(v) (Eq. 2.2);

5: Calculate class representations eled, cla? (Eq. 2.5);

6: Predict clause labels res¢C with h“¢C and cla® (Eq. 2.8);

7 Compute the forward information fw? with res®“ (Eq. 2.7);

8 Predict element labels §¢FE with h%CEE and fw? (Eq. 2.10-2.11);
9 Compute the backward information bw? with res®»CEE (Eq. 2.7);

10: Verify the final prediction ¢ using bw? (Eq. 2.9);
11: Compute the overall loss function £ (Eq. 2.12-2.14);
12: end for

13: Update Ocont, 0c—, and Oy f.- based on L.
14: end while

RQ1.1 Does Bi-FLEET outperform state-of-the-art methods on the cross-domain CEE
taks? (Section 2.5.1)

RQ1.2 Can Bi-FLEET be generalized to the cross-domain NER task? (Section 2.5.2)

2.4.2 Datasets

For cross-domain CEE, we collect 340 open individual Chinese contracts from the
web and 1,422 business Chinese contracts from partners. For every contract, at least
two annotators with a legal background were asked to label the clauses and contract
elements. The whole annotation process took about 3 months.

To establish the datasets, we first split the contracts sentence by sentence, and
filtered out elements that appear no more than 20 times and sentences with more than
100 characters. Then, these sentences were divided into training/validation/test sets
with a 8/1/1 ratio, ensuring that all the elements and clauses in the validation and test
splits occur at least once in the training set. Detailed statistics are provided in Table 2.2.
Different from NER, some sentences in clauses may not contain any elements. Such
sentences are named “Neg” sentences in our experiments, while sentences in which
elements do exist are called “Pos” sentences.

For cross-domain NER, we use five public datasets, BioNLP13PC and BioNL-
P13CG [105], CoNLLO3 English dataset [131], Broad Twitter dataset [32], and Twitter
dataset [89]. Detailed statistics of these datasets are shown in Table 2.3.

Following Jia and Zhang [61], we reconstruct two cross-domain CEE datasets (12C
and C2I) and three cross-domain NER datasets (BioNLP, Broad Twitter, and Twitter)
based on the seven datasets mentioned above. For the I2C (or C2I) dataset, Commercial
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(or Individual) is used as the target-domain dataset, and the other contract dataset
is the source-domain dataset. For the BioNLP dataset, the target-domain dataset is
BioNLP13CG, while the source-domain dataset is BioNLP13PC. For the Broad Twitter
dataset, Broad Twitter is the target-domain and CoNLLO03 as the source-domain dataset.
For the Twitter dataset, Twitter is used as the target-domain dataset, while CoNLLO3 is
the source-domain dataset.

2.4.3 Baselines

For cross-domain CEE and NER, we compare Bi-FLEET with recent baselines. These
methods can be categorized into three groups:

* Target-domain only methods, BILSTM and MULTI-CELL LSTM [61], are
trained without source-domain information.

¢ For cross-domain settings, we conduct comparisons with the LSTM-based MULTI-
TASK (LSTM) [181] and two variants, MULTI-TASK+PGN and the method
of Jia et al. [62], both using parameter generation networks (PGN) to generate
parameters for source and target domain LSTMs. The multi-cell compositional
LSTM based method of Jia and Zhang [61] is considered too.

* In addition, we evaluate language model (LM) pretraining based methods, includ-
ing BERT [34], BIOBERT [73], and the method of Jia and Zhang (BERT) [61]
that leverages the outputs of LM pretraining methods as contextualized word
embeddings.

As mentioned in Section 2.3.2, we adopt multiple types of context encoders. Specifically,
Bi-FLEET (LSTM) uses the standard LSTM layer as the sequence encoder. Bi-FLEET
(PGN) adds an PGN to generate parameters for domain-specific LSTMs. Similar to
the MULTI-TASK (LSTM) and MULTI-TASK+PGN, both Bi-FLEET (LSTM) and
Bi-FLEET (PGN) employ the max-margin principle [44] for loss functions. Bi-FLEET
(MULTI-CELL) and Bi-FLEET (BERT) utilize the multi-cell compositional LSTM and
BERT as context encoders.

2.4.4 Evaluation Metrics

Following [61, 62, 131, 140], we employ entity (or element) level Precision (P), Recall
(R), Fl-score (F1), and Accuracy for evaluation. Precision indicates the percentage of
named entities (or elements) extracted by the method that are correct. Recall represents
the percentage of entities (or elements) in the datasets that are predicted by the method.
To this end, an entity (or element) is correct only when the corresponding entity (or
element) in the dataset is exactly matched. The Fl-score is the harmonic mean of
Precision and Recall. We report P, R, and F1 for the cross-domain CEE task and F1 for
the cross-domain NER task. We apply Accuracy to assess the proportion of clause type
predictions that is correct.

23



2. Domain-Invariant Knowledge Modeling

Table 2.2: Statistics of the CEE datasets.
Type

Dataset Size Train./Valid./Test
Element Clause
#Pos Sentence  13.6K/1.7K/1.7K
Individual 70 18 #Neg Sentence  60.0K/7.5K/7.5K
#Element 25.7K/3.3K/3.3K
#Pos Sentence  4.8K/0.6K/0.6K
Commercial 79 17 #Neg Sentence  19.7K/2.5K/2.5K
#Element 8.7K/1.2K/1.1K

2.4.5 Implementation Details

Our parameter settings mainly follow Jia and Zhang [61]. We use the NCRF++
toolkit [178] to develop our models. All word embeddings are fine-tuned in the training
process, while character embeddings are randomly initialized. The batch size is set to
30, and the initial learning rates for target-domain only, cross-domain, and BERT-based
methods are 0.001, 0.0015, and 3e-5 respectively. The number of the layers of the C-E
relation encoder is set to 3.

For cross-domain CEE, word embeddings of 100 dimensions are pretrained on the
Baidu Encyclopedia and Weibo corpus [12]. For BERT fine-tuning methods, we use the
base-sized BERT [34] pretrained on the Chinese Wikipedia corpus.

For cross-domain NER, word embeddings are initialized with PubMed 200 dimen-
sion vectors [23] for BioNLP experiments and GloVe 100 dimension vectors [112] for
others. In cross-domain NER, “clause” labels do not exist. In that case, we employ the
base-sized BERT [34] and BIOBERT [73] models to embed each sentence and then
cluster [CLS] vectors by the K-Means algorithm to generate the labels of sentences in
an unsupervised manner. Specifically, we cluster sentences into 20 groups and represent
these groups with the clause-element relation encoder.

2.5 Experimental Results

Prior to addressing our research questions RQ1.1 and RQ1.2, we examine the training
process of Bi-FLEET. In particular, we examine whether cross-domain contract element
extraction (CEE) and clause classification (CC) conflict with each other during the train-
ing process. We use the I2C dataset for this purpose. In Figure 2.4, the learning curves
of cross-domain CEE and CC against the training epochs are shown. MULTI-TASK
(LSTM) and MULTI-TASK+PGN are the cross-domain baselines. For comparison, we
also show the learning curves of Bi-FLEET (LSTM) and Bi-FLEET (PGN). We see
that:

* Fl-scores of all models increase continuously before 60 training epochs, and
reach a stable level when the number of training epoch rises to 100.
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Table 2.3: Statistics of the NER datasets.

Dataset Entity Type Size Train./Valid./Test
. CHEM,CC, #Sentence 2.5K/0.9K/1.7K

BIoNLPISPC  55p #Entity  7.9K/2.7K/5.3K

BioNLP13CG CHEM,CC, #Sentence 3.0K/1.0K/1.9K

GGP, etc. #Entity 10.8K/3.6K/6.9K

PER, LOC, #Sentence 15.0K/3.5K/3.7K
ORG, MISC  #Entity 23.5K/5.9K/5.6K

PER, LOC, #Sentence  6.3K/1.0K/2.0K
ORG #Entity 8.8K/1.7K/4.4K

PER,LOC, #Sentence 4.3K/1.4K/1.5K

CoNLLO03

Broad Twitter

Twitter .
ORG, MISC  #Entity 7.5K/2.5K/2.5K
0.8 0.9
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Figure 2.4: Learning curves on the 12C dataset.

* Cross-domain CEE and CC share the same improvement trend, and there is no
conflict between the two tasks during the training process, indicating that both
tasks can adopt the same form of feature space.

2.5.1 Results on Cross-Domain CEE

We turn to RQ1.1. Table 2.4 shows the experimental outcomes for the cross-domain CEE
on the I2C and C2I datasets. To investigate the influence of pretrained word embeddings,
we set up two more baseline models, BILSTM (Random) and MULTI-TASK (Random).
In our experiments, the multi-cell compositional LSTM based models [61] overfit very
easily, since their parameter counts increase drastically with element types; for this
reason we do not report the results of multi-cell compositional LSTM based methods.
Based on Table 2.4, we can draw the following conclusions:
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Table 2.4: Results on two cross-domain CEE datasets. Significant improvements against
the best baseline with the same context encoder are marked with * (t-test, p < 0.05).

Model 12C C21

P R F1 P R F1
BILSTM (Random) 60.35 64.02 62.13 63.65 68.32 65.90
BILSTM 61.29 65.18 63.18 6492 69.87 67.30

MULTI-TASK (Random) 62.14 65.89 63.96 6530 7036 67.73
MULTI-TASK (LSTM) 63.21 67.50 6528 65.86 71.61 68.62

MULTI-TASK+PGN 63.67 67.77 65.66 6599 7191 68.83
Jia et al. [62] 62.57 6696 64.69 6545 70.84 68.04
BERT-BASE 67.57 7125 6936 68.72 75.70 72.04
Bi-FLEET (LSTM) 66.07 70.20* 68.07* 67.98* 75.26% 71.44*
Bi-FLEET (PGN) 66.53* 70.45* 68.43* 68.31* 75.37* 71.69*
Bi-FLEET (BERT) 70.17* 73.75* 71.92* 70.71* 78.69* 74.49*

* Cross-domain CEE is challenging, and for most baselines the F1-score is sub-
stantially less than 0.7. In contrast, our proposed framework, Bi-FLEET, can
effectively transfer contract element extractors from one domain to another.

* The proposed model Bi-FLEET significantly outperforms the baselines. Com-
pared to the baseline models with the same context encoder, Bi-FLEET (LSTM),
Bi-FLEET (PGN) and Bi-FLEET (BERT) can obtain a consistent increase in P,
R, and F1-scores, respectively. That is, integrated with the C-E relation encoder
and bi-feedback scheme improves the performance across the board.

* In comparison with target-domain only methods, all of the cross-domain methods
achieve significant improvements, indicating the importance of source-domain in-
formation. Compared to methods with randomly initialized word embeddings, in-
cluding BILSTM (Random) and MULTI-TASK (Random), BILSTM and MULTI-
TASK (LSTM) that use pretrained word embeddings are able to obtain large
performance enhancements. Combining with a pretrained LM is also helpful
for the cross-domain task, since BERT-based methods perform best among all
methods.

In summary, the C-E relation encoder and bi-feedback scheme enhance the performance.
Encoding relations between elements and clauses, as well as capturing interactions
between clause classification and contract element extraction, are both beneficial for the
cross-domain CEE problem.

2.5.2 Results on Cross-Domain NER

To investigate the generality of Bi-FLEET, we turn to RQ1.2 and report on experiments
on the cross-domain NER datasets. F1-scores are adopted here to evaluate the overall
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Table 2.5: Results on three cross-domain NER datasets. Significant improvements
against the best baseline with the same context encoder are marked with * (t-test,
p < 0.05).

Model Datasets (F1)

BioNLP Broad Twitter Twitter
BILSTM 79.24 72.98 77.18
MULTI-CELL LSTM 78.76 72.54 77.05
MULTI-TASK (LSTM) 81.06 73.84 79.55
MULTI-TASK+PGN 81.17 73.70 80.07
Jia et al. [62] 79.86 - -
Jia and Zhang [61] 83.12 74.82 81.37
BERT-BASE - 77.28 83.77
BIOBERT-BASE 85.72 - -
Jia and Zhang [61] (BERT) 86.96 78.43 85.80
Bi-FLEET (LSTM) 82.32* 74.91* 80.78*
Bi-FLEET (PGN) 82.46* 75.11* 81.35*
Bi-FLEET (MULTI-CELL) 84.76* 76.02* 82.24*
Bi-FLEET (BERT) 89.02* 80.71* 87.73*

performance. As baselines, we use the results reported in [61]. Based on the results in
Table 2.5, we arrive at the following conclusions:

* Even if labels are generated in an unsupervised manner, Bi-FLEET can still
effectively transfer named entity recognizers.

* Bi-FLEET outperforms state-of-the-art cross-domain NER methods. Lacking
source-domain information, target-domain only methods can hardly handle the
cross-domain NER task. Compared to cross-domain and BERT-based NER
methods, methods based on the Bi-FLEET framework attain the highest F1-
scores on all three datasets.

In summary, the Bi-FLEET framework cannot only effectively address the cross-domain
CEE problem, but also achieves state-of-the-art results on the cross-domain NER task.

2.6 Analysis

Now that we have answered our research questions, we take a closer the look at Bi-
FLEET to analyze its performance. We examine how the C-E relation encoder and
bi-feedback scheme contribute to its performance, how the amount of target-domain
data influences the performance, and how performance varies across element types.
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Table 2.6: Ablation studies on the BioNLP, I2C and C2I datasets.

Model Datasets (F1)
BioNLP 12C C21
Bi-FLEET (LSTM) 82.32 68.07 71.44
- C-E graph 81.78 66.95 70.03
- Bi-feedback 81.03 65.29 68.59
Bi-FLEET (PGN) 82.46 68.43 71.69
- C-E graph 81.85 67.37 70.15
- Bi-feedback 81.07 65.58 68.72
Bi-FLEET (BERT) 89.02 71.92 74.49
- C-E graph 88.38 70.58 73.31
- Bi-feedback 86.89 69.32 72.06

2.6.1 Ablation Studies

We conduct ablation studies on both cross-domain CEE and NER datasets. The results
are shown in Table 2.6. When we only ablate the C-E relation encoder (‘- C-E graph™),
type representations cla and ele are randomly initialized. In that case, F1-scores over
all of the three datasets and model variants suffer a severe drop. Since the C-E relation
encoder cannot be directly incorporated, we cannot remove the bi-feedback scheme
alone. When we ablate both the C-E relation encoder and bi-feedback scheme (““-
Bi-feedback™), our models obtain a similar performance as baselines (MULTI-TASK
(LSTM), MULTI-TASK+PGN and BERT). In short, both the C-E relation encoder
and the bi-feedback scheme contribute to the improvements in performance on the
cross-domain CEE and NER tasks.

2.6.2 Influence of Target-Domain Data

Next, we study the influence of target-domain data on the 12C dataset. We compare the
F1-scores of the baselines and Bi-FLEET with different amounts of target-domain data
in 100 training epochs. We keep “Neg” sentences unchanged and adjust the number
of “Pos” sentences, since “Neg” sentences do not contain any type of elements. See
Figure 2.5 for the results. Initially, Bi-FLEET obtains a large improvement of more
than 10% over baselines. The gap between Bi-FLEET and baselines becomes smaller
with the increase in target-domain data. Both Bi-FLEET (LSTM) and Bi-FLEET
(PGN) outperform the baselines with varying numbers of target-domain data, which
demonstrates the effectiveness of our methods.

2.6.3 Fine-Grained Comparisons

To understand the performance of Bi-FLEET at the element type level, we make fine-
grained comparisons on the I2C dataset. As shown in Table 2.7, we analyze five element
types: invoice type (IT), arbitration commission (AC), currency of payment (CP),
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Figure 2.5: Influence of target-domain data.

Table 2.7: Fine-grained comparisons on the I2C dataset.

Model Element types (F1)
IT AC CP NSM PP
BILSTM 5346 6031 6275 64.14 67.20

MULTI-TASK (LSTM) 57.92 63.61 63.80 6543 67.39
MULTI-TASK+PGN 58.05 6338 6426 65.65 6792

Bi-FLEET (LSTM) 62.86 6394 67.68 68.82 68.15
Bi-FLEET (PGN) 63.74 64.03 67.94 69.42 69.10

name of subject matter (NSM), and payment period (PP). Models based on Bi-FLEET
accomplish significant F1-score improvements over the baselines, demonstrating that
modeling C-E relations and uncovering the bi-feedback scheme are helpful for reducing
confusion between element types.

2.6.4 Case Studies

Table 2.8 provides examples from the I2C dataset. “10%” is a compensation ratio, and
“According to the construction area” is a calculation standard. Misled by the keywords
“pay” and “total remuneration”, MULTI-TASK (LSTM) misjudges “10%” as a payment
rate. Due to the data sparsity for the calculation standard, MULTI-TASK (LSTM) is
not able to recognize “According to the construction area”. By uncovering interactions
between the clause classification (CC) and contract element extraction (CEE) tasks, Bi-
FLEET can correctly extract the compensation rate in the indemnity clause. Identifying
invariant knowledge about element types makes it much easier to transfer long-tail
element types.
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2.7 Conclusions

In this chapter, we have investigated the new problem of cross-domain contract ele-
ment extraction; solutions to this problem can support clause retrieval and other legal
search tasks. Compared to cross-domain named entity recognition, there are two main
challenges: more fine-grained element types and larger extraction zones. To address
these challenges, we have proposed a framework named Bi-FLEET that captures in-
variant relations between clauses and elements, and we have designed a bidirectional
feedback scheme between the CEE and clause classification tasks. Experimental results
on cross-domain CEE and NER datasets show that Bi-FLEET significantly outperforms
state-of-the-art baselines, with a high degree of generalizability.

These findings allow us to affirmatively answer the thesis-level research question
RQ1: By establishing and encoding domain-invariant relationships between clauses (or
sentence labels) and elements (or entities), we can effectively adapt the extractor for fine-
grained element (or entity) types across various domains. Furthermore, our proposed
multi-task framework, along with the bidirectional feedback mechanism between clause
classification and contract element extraction, significantly enhances the transfer of
extensive extraction zones across different domains.

A limitation of Bi-FLEET is its focus solely on domain-invariant knowledge, such
as dependencies between elements and clauses or interactions among tasks. However,
Bi-FLEET does not account for relations among element (or entity) labels that are not
shared across domains. Additionally, Bi-FLEET still grapples with the data sparsity
issue due to the large number of element types and the high costs of annotation.

In the next chapter, we explore and mitigate the problems of data sparsity and label
discrepancies faced by current cross-domain IE frameworks.
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Table 2.8: Examples from the I12C dataset. Red and green represent incorrect and correct

contract elements, respectively.

Models

Sentences

MULTI-TASK (LSTM)

“Party B shall return the remuneration received and pay I (Payment Rate) of
the total remuneration as liquidated damages.” (Indemnity Clause)

:| (0), the unit price of the commercial housing is

XXX yuan per square meter”

Bi-FLEET (LSTM)

“Party B shall return the remuneration received and pay 10% (Compensation Ratio) of
the total remuneration as liquidated damages.” (Indemnity Clause)

“ According to the construction area (Calculation Standard), the unit price of

the commercial housing is XXX yuan per square meter”
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Data Sparsity and Label Discrepancies
Mitigation

Beyond the issues of fine-grained labels and extensive extraction zones discussed in
Chapter 2, current cross-domain IE methods still face two additional major challenges:
(i) data sparsity, stemming from the high costs of manual labeling, and (ii) label
discrepancies across domains. Thus, in this chapter, we address data sparsity and label
discrepancies by posing the following thesis-level research question:

RQ2 How to mitigate data sparsity and label discrepancies across different domains?

In this chapter, we propose GEPL, a graph-enhanced prompt learning framework for
both cross-domain named entity recognition and contract element extraction. GEPL
includes two types of prompts: instance-oriented and label-oriented, to provide auxiliary
supervision and model relationships among element labels across domains. Experi-
mental results demonstrate that GEPL achieves significant improvements over state-of-
the-art baselines in both cross-domain contract element extraction and named entity
recognition tasks. Additionally, GEPL shows effectiveness in retrieving appropriate
prompts and modeling relationships between element (or entity) labels. To the best
of our knowledge, GEPL is the first prompt learning framework designed for the
cross-domain contract element extraction task.

3.1 Introduction

Every day, a multitude of contracts are drafted for various transactions, such as services,
leases, or sales. These contracts contain many crucial elements, such as termination dates
and information of parties involved [14, 15, 101]. The manual monitoring of legally
relevant elements within a large volume of contracts imposes a heavy burden for law
firms, companies, and government agencies [140]. Consequently, automatic contract
element extraction (CEE) has become an essential task for organizations globally, aimed
at identifying legally relevant elements within contract clauses. For example, as shown

This chapter was published as Z. Wang, H. Wang, P. Ren, Z. Chen, M. de Rijke, and Z. Ren. Graph-
enhanced prompt learning for cross-domain contract element extraction. ACM Transactions on Information
Systems, February 2024. Under review.
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in Figure 3.2, given the input clause “After Party A accepts the delivered goods from
Party B as satisfactory, ... within 15 working days.” from a contract, our goal is to
identify the contract elements, such as Payment Condition “After Party A accepts the
delivered goods from Party B as satisfactory” and Payment Period “within 15 working
days.” The automatic CEE task enables a wide range of downstream applications like
clause relation extraction and risk assessment [10, 99, 175]. Nonetheless, due to the
high costs associated with manual labeling, there has been increasing research interest
in cross-domain CEE, focusing on transferring knowledge from a source domain to a
low-resource target domain.

As mentioned in [14, 16], from multiple perspectives, cross-domain CEE is similar
to cross-domain named entity recognition (NER) [61, 62, 188]. Despite these sim-
ilarities, compared to cross-domain NER, the cross-domain CEE task presents two
additional difficulties: (i) cross-domain CEE involves transferring more fine-grained
contract element types, and (ii) extraction zones for contract elements, i.e., contract
clauses, are considerably larger and can span multiple sentences with varying organiza-
tional structures across different domains. To address these difficulties, a bidirectional
feedback scheme between the CEE task and the clause classification task has recently
been designed by Wang et al. [159]. The key idea is to identify domain-agnostic rela-
tions between elements and legal clauses. However, current cross-domain CEE methods
[159] still face two challenging problems:

Challenge 3.1: Data sparsity. As mentioned earlier, cross-domain CEE involves trans-
ferring a more extensive range of fine-grained contract element types compared to
tasks like cross-domain NER. For example, the Commercial dataset [159] (a CEE
dataset introduced in Chapter 2) contains over 70 types of elements, while the
widely-used CoNLLO3 dataset [131] for NER includes only four types of named
entities. Additionally, manual labeling of contract elements is expensive, labor-
intensive, and prone to errors [140]. Consequently, existing cross-domain CEE
methods suffer from severe data sparsity problems. Specifically, Figure 3.1(a)
demonstrates the notably lower number of instances for element types in the
Commercial dataset compared to entity types in CoNLLO3.

Challenge 3.2: Label discrepancies. Another key challenge that has not yet been fully
addressed is the inconsistency of labels between the source and target domains.
Existing cross-domain CEE methods incorporate domain-invariant knowledge
about legal clauses and elements, employing a multi-task framework with bidi-
rectional feedback between clause classification and CEE [159] (introduced in
Chapter 2). Nevertheless, the discrepancies in element labels across different
domains have often been overlooked. For example, as Figure 3.1(b) shows,
17.2% of element types in the Individual dataset do not appear in the Commercial
dataset, significantly impeding the transfer of contract element extractors from
one domain to another.

Additionally, there is a notable variance in the distribution of instances for element
types across different domains, and the dependencies between element labels are
not always consistent between the source and target domains.
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(a) Data sparsity problem. (b) Label discrepancies across domains.

Figure 3.1: (a) Data sparsity problem. Blue bars represent the number of instances for
entity types (i.e., Person (PER), Organization (ORG), Location (LOC), and Miscella-
neous (MISC)) in the CoONLLO3 dataset, and red bars represent the number of instances
for element types (i.e., Name of Party A (NPA), Penalty Payment Ratio (PPR), Payment
Date (PD), Price of Subject Matter (PSM), and Effective Date (ED)) in the Commercial
dataset [159]. (b) Label discrepancies across domains. Blue bars represent the number
of instances in the Commercial dataset, and red bars represent the number of instances
in the Individual dataset [159].

To alleviate data sparsity (Challenge 3.1), we automatically generate auxiliary supervi-
sions for a given input instance by retrieving closely relevant examples in the training
data. In order to mitigate label discrepancies across domains (Challenge 3.2), we take
steps to identify relationships among different types of elements across domains. These
relationships are then transformed into textual templates, which serve as model input to
capture dependencies among element labels.

In this chapter, we use prompt-based learning, which has been pioneered by the GPT
series of large language models [11, 123, 124] and achieves promising performance
in low-resource scenarios [42, 72, 83, 94]. Prompt-based learning methods formulate
the downstream task as a (masked) language modeling problem by finding appropri-
ate natural language prompts, reducing or eliminating the need for large supervised
datasets [83]. Inspired by this, we propose a framework, named graph-enhanced prompt
learning (GEPL), that incorporates auxiliary supervision and relationships among ele-
ment labels across domains.

As Figure 3.2 shows, GEPL includes two types of prompts: (i) instance-oriented
prompts, and (ii) label-oriented prompts. Given the input instances, instance-oriented
prompts are automatically generated by selecting semantically relevant examples from
the training data, providing auxiliary supervision to mitigate the data sparsity problem.
To further reduce the impact of label discrepancies across different domains, we begin
by constructing a label graph based on mutual information criteria. The identified rela-
tionships between element labels are then transformed into natural language templates
for label-oriented prompts. Moreover, we develop a joint training strategy that refines
the representations of both the original input sentence and the prompts, empowering
GEPL to better understand the tasks and effectively encode label relations in both source
and target domains.

Note that GEPL functions as a fully automated approach, free from the reliance on
supplementary hand-labeled data or human interventions. GEPL is capable of seam-
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lessly integrating with various cross-domain CEE and NER frameworks. Experimental
results using both cross-domain NER and CEE datasets demonstrate the effectiveness
of GEPL.

The contributions of this chapter can be summarized as follows:

* To the best of our knowledge, our work is the first to investigate prompt learning
for the cross-domain CEE task.

* Given input sentences, we design instance-oriented prompts by retrieving seman-
tically similar examples in train data to alleviate the data sparsity problem.

* To address label discrepancies, we initially employ mutual information criteria to
construct a label graph. Subsequently, we transform the extracted relationships
between element types into label-oriented prompts, capturing the dependencies
among labels across various domains.

» Experimental results reveal that the proposed GEPL model significantly outper-
forms the baselines in both cross-domain NER and CEE tasks. Furthermore,
GEPL exhibits a robust ability to align prompts with input sentences and to
effectively model the relationships between various element labels.

The rest of this chapter is organized as follows. Related work is reviewed in Section 3.2.
The preliminaries and the proposed GEPL framework are detailed in Section 3.3 and
Section 3.4. Evaluations of both cross-domain CEE and NER tasks are presented in
Section 3.5 and Section 3.6. Analyses are offered in Section 3.7. Finally, our conclusions
and future work are formulated in Section 3.8.

3.2 Related Work

We survey related work along four dimensions: (i) legal information retrieval and
extraction, (ii) cross-domain contract element extraction, (iii) cross-domain named
entity recognition, and (iv) prompt learning.

3.2.1 Legal Information Retrieval and Extraction

The identification of pertinent materials and elements is fundamental in legal practice.
However, due to the heavy burden on the worldwide legal system and high dependence
on professional knowledge, automatic legal information retrieval (IR) and information
extraction (IE) systems are urgently needed. In recent years, with the digitization of legal
documents, numerous datasets focusing on legal IR and IE tasks, such as COLIEE [122],
CAILIE [13], AILA [9], and CUAD [55], have been released. These benchmarks have
spurred extensive research in this field [8, 36, 67, 99] and various challenges have been
presented [26, 66]. Traditional legal search systems, primarily keyword-based, depend
heavily on the user’s expertise.

Recent advancements aim to reduce this dependency and enhance retrieval effec-
tiveness by automatically classifying legal documents and queries [35, 67, 113, 143].
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Additionally, semantic matching methods and user-system interactions have been in-
corporated to enhance legal case retrieval [96, 134, 135]. Furthermore, current studies
indicate that extracting key legal concepts can streamline the retrieval process [10, 144].
In light of this, Chen et al. [22] introduce a triplet extraction system to jointly recognize
entities and relations from unstructured crime judgment documents. Martin-Chozas
and Revenko [98] use legal thesauri to automatically perform entity annotation and
minimize manual efforts by expanding the initial training set of relations. Kwak et al.
[69] present an IE dataset focusing on complex legal wills and evaluate an in-context
learning-based framework in both in-domain and out-of-domain settings.

In this chapter, we conduct a detailed investigation into the challenges of data
sparsity and label discrepancies in cross-domain contract element extraction (CEE).

3.2.2 Cross-Domain Contract Element Extraction

The contract element extraction (CEE) task focuses on extracting key legal elements
from documents, such as execution dates, jurisdictions, and amounts, as highlighted in
prior studies [29, 59]. Initial methods in CEE are predominantly rule-based or employ
traditional statistical techniques. Chalkidis et al. [16], for instance, define 11 types
of contract elements and implement their extraction using Logistic Regression and
SVMs, augmented with hand-crafted features. Similarly, Garcia-Constantino et al. [43]
develop the CLIEL system to extract core information from commercial law documents,
utilizing rule-based techniques for recognizing five distinct types of contract elements.
Additionally, Azzopardi et al. [3] propose a hybrid approach that combines regular
expressions with a dedicated contract editing tool for legal practitioners.

The evolution of CEE methods has recently shifted towards deep learning, ap-
proaching the task as a sequence labeling problem. In this context, Chalkidis and
Androutsopoulos [14] delve into deep learning, specifically using a BILSTM model
that omits the need for manually crafted rules. Sun et al. [140] classify clauses into
seven distinct semantic categories and introduce a TOI pooling layer to manage nested
elements. Moreover, Chalkidis et al. [15] reassess the CEE task, focusing on how se-
quence encoders, CRF layers, and input representations influence extraction outcomes.
Nevertheless, a major challenge faced by these CEE methods is how to transfer knowl-
edge from one domain to another [159, 181]. To address this, Wang et al. [159] employ
a multi-task framework that conducts both clause classification and element extraction,
integrating invariant knowledge about clauses and element types.

However, as discussed in Section 3.1, the current cross-domain CEE methods still
suffer from challenges of data sparsity and label discrepancies, which seriously impede
knowledge transfer from the source domain to the target domain.

3.2.3 Cross-Domain Named Entity Recognition

Similar to cross-domain CEE, cross-domain NER aims to recognize crucial information
(i.e., named entities) in a target domain by leveraging knowledge transferred from a
source domain [159]. Recent cross-domain NER methods are designed using either
parameter transfer or label representation techniques. Parameter transfer methods
focus on modeling domain-invariant features with shared components or auxiliary
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tasks [20, 61, 62, 70, 74, 81, 87, 121, 129, 181]. For example, Qu et al. [121] model
the correlation between source and target entity types with a two-layer neural network.
Jia et al. [62] propose a parameter generation network and incorporate the language
modeling (LM) task to deal with zero-shot learning settings. Jia and Zhang [61] transfer
entity type level knowledge using a multi-cell compositional LSTM structure and model
each entity type using a separate cell state. Chen et al. [20] study the augmentation for
the cross-domain NER task, modeling patterns (e.g., style, noise, abbreviation, etc.) and
transforming the data representation from a high-resource to a low-resource domain.
Liu et al. [86] collect a new dataset, named CrossNER, containing five diverse domains,
and propose BERT-based competitive baselines for domain adaptation. Moreover, Hu
et al. [57] utilize subsequence-level features that help the model distinguish different
meanings of the same word in different domains.

In a line of work on label representation methods, Pan et al. [109] project both
labels and features into the same low-dimensional space, fully exploiting relations
between labels and reducing distance in data distribution across domains. Liu et al. [87]
propose a template regularization framework to enhance the adaptation robustness by
regularizing the representation of utterances. To reduce the complexity of the labeling
scheme, Zhang et al. [188] and Xu and Cai [173] decompose the monolithic NER task
into two sub-tasks: entity span detection and type classification. Tang et al. [142] aim
to mitigate entity type conflicts and design a machine reading comprehension based
framework to identify domain-specific semantic differences.

Notably, several recent studies have conducted analyses of the performance of
current large language models (LLMs), such as the GPT series [11, 108], in the context
of the NER tasks [50, 51, 141]. Nevertheless, these investigations have revealed
a substantial performance gap between recent LLMs and state-of-the-art methods.
Consequently, due to their high running costs and underwhelming performance, we do
not consider recent LLMs as the basic model of our proposed framework.

Despite their success, cross-domain NER methods cannot be directly applied to the
cross-domain CEE task [159] due to two main challenges, namely the need for more
granular element type identification and the requirement to handle broader extraction
scopes within cross-domain CEE.

3.2.4 Prompt-Based Learning

Prompting is the practice of adding natural language texts or continuous vectors to the
original inputs or outputs to empower LLMs to perform specific tasks. By reformulating
downstream natural language processing (NLP) tasks, prompting enables a better
alignment of the new task formulation with the pretraining objectives (e.g., masked text
prediction). In this way, prompt-based methods are able to better use the knowledge
captured in the pretraining phases and have shown remarkable performance in low-
resource scenarios [11, 42, 72, 83, 94, 132]. For example, given appropriate prompts
and only a few input-output pairs, GPT-3 produces the desired outputs for unseen
inputs [11]. Scao and Rush [132] also show that a good prompt can be worth hundreds
of labeled data points, effectively reducing the number of task-specific training examples
required to achieve similar performance to previous approaches or even eliminating the
reliance on supervised datasets.
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Prompt-based learning has been implemented for a growing list of NLP tasks.
For instance, for the NER task in low-resource settings, Lee et al. [72] propose a
demonstration-based learning approach that leverages automatically constructed aux-
iliary supervision. Furthermore, Das et al. [30] incorporate contrastive learning tech-
niques with prompts to enhance the capture of label dependencies. For the event
extraction task in cross-lingual settings, Fincke et al. [40] present a language-agnostic
approach, augmenting the transformer stack’s language model differently depending
on the question(s) being asked of the model at runtime. Besides, prompts also enable
knowledge probing to quantify knowledge presented in the LLMs for the specific tasks
of interest [53, 63, 84, 115, 119, 197]. For instance, Jiang et al. [63] investigate model
knowledge with discrete prompt templates, while Qin and Eisner [119] apply continuous
prompts to factual knowledge probing. Please refer to [83, 102] for a thorough review
of prompt-based learning and its applications.

In this chapter, we mainly focus on the cross-domain CEE task. The work most
closely related to ours is [159]. However, previous cross-domain CEE methods still
face two challenging problems: (i) data sparsity, and (ii) label discrepancies across
domains. To alleviate data sparsity, our proposed graph-enhanced prompt learning
(GEPL) generates instance-oriented prompts by retrieving the most relevant example
to the input sentence. To mitigate label mismatches in different domains, we design
label-oriented prompts to capture relations among element types across domains. To
the best of our knowledge, ours is the first study to explore prompt learning for the
cross-domain CEE task.

3.3 Preliminaries

Prior to delving into the details of the proposed GEPL method, we introduce the
problem formulation of cross-domain CEE and three types of basic model used in the
experiments.

3.3.1 Problem Formulation

Following Wang et al. [159] (included as Chapter 2), we write C = (s1,82,...,S,)
for a clause from a contract, where s; is the i-th sentence in the clause C; s; =
(Ti1,%i2,- ., Tim), Where z; ; is the j-th word in sentence s;. A contract element e
in the clause C is a sequence of words in one sentence: € = {(%; start, Ti start+1s - - - »
Ziend),1°}, where 1° € £ is the type label of the element e (such as Payment Period or
Payment Condition). The aim of the contract element extraction (CEE) task is to find
the element e in the clause C. For the cross-domain CEE task, our goal is to transfer
the contract element extractor to the target domain from the source domain. Specifically,
the extractor is trained on the labeled clauses in the source domain Dy and the target
domain Dy to detect all the elements for the test set from the target domain.

A similar task is cross-domain named entity recognition (NER), which focuses
on identifying several types of named entities in a single sentence. In contrast, cross-
domain CEE aims at extracting much more fine-grained elements in multiple sentences.
As mentioned before, the transfer of larger extraction zones and more element categories
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brings new challenges to cross-domain CEE over and above cross-domain NER.

3.3.2 Basic Models

Given that the proposed GEPL method is designed to be model-agnostic, we select
three recent cross-domain CEE (or NER) methods as our basic models: BERT [86], Bi-
FLEET [159] (proposed in Chapter 2), and MTD [188]. In the following sections, these
three types of basic model are outlined briefly. Note that, as mentioned in Section 3.2,
due to their high costs and inferior performance on the NER task, we do not include
recent large language models, such as the GPT series [11, 108], as our basic models.

BERT. Following previous work [86, 159], we employ pre-trained language models
BERT [34] to conduct the CEE (or NER) task. Specifically, BERT first generates con-
textualized word embeddings. These embeddings are then input into a linear classifier
with a softmax function to predict the probability distribution of element (or entity)
types. The process involves feeding each token « € s into the feature encoder BERT to
obtain the corresponding contextualized word embeddings h:

h = BERT(s), 3.1)

where h represents the sequence of contextualized embeddings derived from the pre-
trained language models. To recognize contract elements (or entities), we optimize the
following cross-entropy loss Ly, as:

Lpasic = — Z Yx,e log (pac,e) s (3.2)
leecé

where NV denotes the number of classes, y is a binary indicator (0 or 1) indicating
whether the gold label /¢ is the correct prediction for observation z, and p is the
predicted probability of [¢ for x. Following Liu et al. [86], we consider two training
settings, namely BERT-PF and BERT-JF, for the cross-domain CEE (or NER) task in
our experiments:

* BERT-PF: we initially pre-train BERT using data from the source domain and
then fine-tune it with samples from the target domain.

* BERT-JF: we perform joint fine-tuning of BERT using data samples from both
the source and target domains. Given that the data sample size in the target
domains is smaller than in the source domain, we apply upsampling to the target
domain data. This approach helps to balance the data samples between the source
and target domains.

Bi-FLEET. Bi-FLEET [159] (included as Chapter 2), as the first work to formulate the
cross-domain CEE task, captures domain-invariant knowledge about element types and
introduces a bidirectional feedback scheme between the CEE and clause classification
(CC) tasks. BI-FLEET contains three main components: a context encoder, a clause-
element relation encoder, and an inference layer. The context encoder embeds every
word z in a sentence s from a given clause. The clause-element relation encoder is
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shared by the source and target domain and calculates representations of clause and
element types using a hierarchical graph neural network. The word embeddings and
type representations are input to the inference layer for clause classification and contract
element extraction across domains. To simultaneously conduct the CEE and CC tasks,
the overall loss function Lp,s;. of Bi-FLEET is defined as follows:

N
1
Lepn =~ Z log(p(yS T sn)),

ﬁCC - T X7 Z yCCIOg Ync))v (33)
Lbasic = Z /\ (£CEE + /\tﬁdCC)’
de{D;,D:}

where LEFF and £YC are loss functions for the CEE and CC tasks, respectively.
N is the size of the training dataset. For the input sentence s,, y©“n and y“FFn
represent the ground truth labels for the CC and CEE tasks, respectively. Furthermore,
9 n represents the predicted label for s,, in the CC task. The output probabilities
p(y©FFn | s,,) and p(§©“n) are calculated by the standard CRF [95] and softmax
layers, respectively. A? is the domain weight, and A is the task weight. Given that
the BERT-based Bi-FLEET demonstrates superior performance in the cross-domain
CEE task compared to other variants [159], we choose BERT as the context encoder for

Bi-FLEET in our experiments.

MTD. In MTD [188], the NER task is segmented into two subtasks, entity span detec-
tion and entity type classification, aimed at reducing the label space and enhancing the
transfer process. Specifically, MTD initially employs two distinct BERT-based encoders
to extract unique representations for each subtask, and then combines these represen-
tations to derive the final outcomes. Additionally, to facilitate mutual enhancement
between the subtasks, MTD incorporates a modular interaction mechanism for dual-loss
reweighting and linguistic consistency learning, along with target-domain adversarial
regularization for robust training. To effectively fulfill the cross-domain CEE (or NER)
task, given an input sentence X = (wq, ..., wy,), MTD undergoes joint training in a
supervised manner by minimizing the following total 1oss, L£pqs;c:

Espan = 27 Zyltlog (sp(mt | wl))
k=1

=1

n C2
Liype = — Z%—Sp Z vt log(p(type, | wi)) (3.4)
Lbaszc ‘Cgmn + £sttan + Etype + Ktype

+ A (LT + Lgpa + LAT! 4 £AT2) |

where Lpan and Ly are the loss functions for entity span detection and entity type
classification, respectively. % and v;? denote the weights for these loss functions. The
terms c; and ¢y represent the number of span types and entity categories, respectively.
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Original input:
275 AR SR RIS N TR, BA—RIEERMNK.
Translation: After Party A accepts the delivered goods from Party B as satisfactory, Party A shall pay the total contract amount in full within 15 working days.

+

Retrieval by similarity: Instance-oriented prompt:
Lo

(I5R54) AISATIERM (MR  —RMZIZ 7582,

Translation: Party A shall make a one-time payment for the electricity to Party B within 15 working days (Payment

- 1 Period) after receiving Party B's VAT special invoice (Payment Condition).
_________________________________________ .

i
i
J

Label graph construct

| | Ilabel-oriented prompt:
0/\/\. [ AR IMASKI SRR

Translation: Payment Condition[MASK]Payment Period

Basic model

Masked text prediction:
AITRERAF KBRS TRHAR

Translation: Payment Condition’s connected to Payment Period

Output

HZ RIS AIEE ((FFFE) 1SATERR (IRER) , B —REERSMMNHK.
Translatlon After Party A accepts the delivered goods from Party B as satisfactory (Payment Condition), Party A shall pay the total contract amount in full within
15 working days (Payment Period).

Figure 3.2: An overview of the proposed GEPL. GEPL incorporates basic cross-domain
CEE models with two types of prompt: instance-oriented prompts, and label-oriented
prompts. We also develop a multi-task training strategy that enhances the model’s
understanding of the task and captures relationships between different labels across
domains.

p(span, | w;) and p(type, | w;) indicate the predicted distributions for entity span and
entity type, respectively, while ) is the weight coefficient. Moreover, £ and Lgj,, are
the loss functions for soft labeling and linguistic consistency, respectively. £477 and
LAT? pertain to target domain regularizations. For more details, please refer to [188].

3.4 GEPL: Graph-Enhanced Prompt Learning

In this section, we provide a detailed description of the GEPL framework. As Figure 3.2
illustrates, GEPL incorporates basic models with two types of prompts: (i) instance-
oriented prompts, and (ii) label-oriented prompts. Specifically, to construct instance-
oriented prompts, we retrieve instances in training data that are semantically similar to
the given input sentences. Next, a label graph is established based on mutual information
criteria, and identified relationships between element labels are then modified into
natural language prompt templates. On this basis, both instance-oriented and label-
oriented prompts, along with the original sentences, serve as the input to the basic
model. Finally, a multi-task joint training algorithm is designed to further fine-tune the
representations of both the original input sentence and the prompts.

Below, we first present the process for retrieving and incorporating instance-oriented
prompts (Section 3.4.1). Then, the construction of the label graph and the generation
of prompts for the identified relationships between element labels are explained (Sec-
tion 3.4.2). Finally, we demonstrate the overall loss function and joint training algorithm
(Section 3.4.3).
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3.4.1 Instance-Oriented Prompts

Given an input sentence s, our aim is to retrieve an instance example s;, that is relevant
to the input from both the source and target domains. To this end, we employ the widely-
used sentence embedding method, SBERT [126], utilizing a BERT-based siamese
network to retrieve semantically similar sentences. By deriving the embeddings of the
“[CLS]” token independently for the input s and s;,, we compute the cosine similarity
between these two sentence embeddings to rank s;, within Dy U D;. Following Reimers
and Gurevych [126], we use mean squared loss as the objective function for SBERT
pretraining. To reduce computational complexity in our experiments, we consider only
the relevant instances s;, that contain at least one type of element found in the original
input sentence s and select the training instance s;, with the highest similarity score.

Then, to provide auxiliary supervision to the basic model, we modify the original
input s, along with the retrieved relevant instance s;, and its containing elements
and labels, denoted as {(e1, 1), ..., (eg,g)}, using the following prompt template
function f;,(-):

fio(s) =“[CLS]S[SEP]s;, [SEP]eyisl; [SEP],..., [SEP]egislg”. (3.5)
For example, as Figure 3.2 shows, given the input sentence s; = “After Party A accepts
the delivered goods from Party B as satisfactory, ... within 15 working days,” the

instance-oriented prompt f;,(s1) is represented as follows:

fio(s1) = “[CLS] After Party A ... within 15 working days.
[SEP ] Party A shall ... VAT special invoice. [ SEP ]
After receiving Party B’s VAT special invoice 3.6)
is Payment Condiction [ SEP ] within 15 working

days is Payment Period”.

3.4.2 Label-Oriented Prompts

In this section, we detail the construction of the label graph and the generation of
label-oriented prompts.

Label graph construction. Given the training dataset D U D, and the set of element
types &, our goal is to construct a label graph that spans across domains and captures
the relationships between various element types. To accomplish this, we develop the
mutual information criteria to identify dependencies between different element types.
Specifically, for a given domain D, we define D; to be the set that contains all sentences
from the domain D where elements of type 1; € £, and D\D; to be the set that contains
sentences without elements of type 1;.

To investigate the relationships between element types 1; and 1; within £, we
calculate the mutual information between D; and all elements of type 1;, as well as
between D; and all elements of type 1;. Then, we introduce a filtering condition as
follows:

Cpyvp, (1) Cp\o, (1)
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Source domain Shared element types

Figure 3.3: Label graph construction across domains. nodes are color-coded to indicate
their domain associations: blue nodes represent element types specific to the source
domain, yellow nodes denote shared element types across domains, and green nodes
correspond to element types specific to the target domain. Edges denote the identified
relationships between element types.

where Cp, (1) denotes the count of elements of type 1; within D;. The term Cp\ p, (1)
represents the count of type 1; elements in all sentences excluding those in D;. The
hyperparameter p is defined as the element frequency ratio. Element types 1; and 1;
are connected in the label graph when they satisfy the mutual information criteria in
Eq. 3.7. By applying this condition, we ensure that element types 1; and 1; are strongly
associated with each other while also being related to other element types in D\D;.
Given that the number of sentences in D; may be much smaller than the number of
examples in D\D;, we set p > 1 but avoid setting it to a large value. In our experiments,
we opt for p = 3 according to the performance in the validation set. As depicted in
Figure 3.3, we initially identify edges between element types from the source domain
(blue and yellow nodes) by setting D = D; in Eq. 3.7. Subsequently, we retain these
established edges and incorporate new ones between element types from the target
domain (yellow and green nodes) by setting D = D, in Eq. 3.7.

Prompt generation. To integrate dependencies between element types into the basic
model, we generate the label-oriented prompt for each input sentence. Specifically,
given an input sentence s with its containing element types {11, 1s,...,1g}, our aim is
to train the basic model to distinguish the presence or absence of a relationship between
any pair of element types found within the sentence s. To this end, we formulate the
incorporation of relations between element types as a cloze-style task for the basic
model (see Section 3.3.2), and the prompt template function f,(-) with K [MASK]

tokens is defined as follows:

Ji0(s) = fio(s) + “[SEP11; [MASK] 15 [SEP] ... [SEP]1lg_1 [MASK]1lE”, (3.3)

where f;,(s) is the instance-oriented prompt template function for sentence s (see
Section 3.4.2). Note that we remove all pairs of element types 1; and 1; with j > 4 to
avoid redundancy. During inference, since element type labels of the input sentence are
not available, we construct label-oriented prompts with element types appearing in the

retrieved relevant instance (see Section 3.4.1).
For example, as depicted in Figure 3.2, the label-oriented prompt f;,(s;1) correspond-
ing to s; = “After Party A accepts the delivered goods from Party B as satisfactory,
. within 15 working days.” with the Payment Condition and Payment Period element
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types can be represented as follows:
f10(s1) = fio(s1) + “ [ SEP ] Payment Condition [MASK ] Payment Period”.  (3.9)

By inputting fj,(s) into the basic model, we obtain the hidden vector hyask; of
“[MASK]”. Following this, we compute the probability that token r can fill the masked
position:

))) _ eXp(r : h[MASK])
Zf» exp(T - h(uask; )’

where r and 7 are two distinct tokens within the label 112X for the “ [MASK]” tokens,
where 112581 € £’ connected to”, “’s not connected to”}. The embeddings r and T,
corresponding to tokens 7 and 7 respectively, are generated by the basic model. The
token with the highest probability is then selected as the prediction for each input
“[MASK]” token.

To train the basic model for selection, we define the loss function £, as follows:

p([MASK] = 7| fio(x (3.10)

Lyen = — B0 th > Zlogp [MASK]; = 75 | fio(S)), (3.11)
SGD UD; i=1
where r; € 1;"**! represents the ground truth token for the i-th “[MASK]” token in

the prompt fi,(s). Here, 15} specifies the ground truth label for this 4-th “ [MASK]”
token.

3.4.3 Joint Training

To simultaneously refine the representations of the original input and its corresponding
prompts, we train our model using a multi-task framework. The overall loss function is
defined as follows:

L=a L.+ (1—a) Lyen, (3.12)

where L) ;. denotes the normalized loss function for the basic model loss L. (see
Section 3.3.2). « is the weight assigned to £}, ;. with prompts as inputs. The weight
1 — avis assigned to the loss function L., for label-oriented prompt generation (see

Eq. 3.11). In our experiments, we optimize the overall loss function using AdamW [88].

3.5 Experiments

3.5.1 Research Questions

To investigate the effectiveness and generalizability of our proposed GEPL, we decom-
pose the thesis-level research question RQ2 into the following questions:

RQ2.1 Does GEPL outperform state-of-the-art methods on the cross-domain CEE
taks? (Section 3.6.1)

RQ2.2 Can GEPL be generalized to the cross-domain NER task? (Section 3.6.2)
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Table 3.1: Statistics of the datasets used.

Task Domain #Elements or entities #Train #Valid #Test

CEE Individual 70 13.6K 1.7K 1.7K
Commercial 79 4.8K 0.6K 0.6K
CoNLLO03 4 14,041 - R
Politics 9 200 541 651
Science 17 200 450 543

NER Music 13 100 380 465
Literature 12 100 400 416
Al 14 100 350 431

RQ2.3 How do the instance-oriented and label-oriented prompts contribute to the
improvements? (Section 3.7.1)

RQ2.4 How does the amount of target-domain data influence the performance of
cross-domain CEE? (Section 3.7.2)

RQ2.5 Is GEPL able to outperform baselines at element type level and generate appro-
priate prompts? (Section 3.7.3 and 3.7.4)

3.5.2 Datasets

In our experiments, our proposed GEPL is evaluated on both cross-domain CEE and
NER datasets. Detailed statistics of the datasets that we use are provided in Table 4.1.

Cross-domain CEE datasets. To conduct cross-domain CEE, we utilized datasets
curated by Wang et al. [159]. Specifically, 340 individual Chinese contracts are gathered
from online sources to form the Individual dataset, and 1,422 business Chinese contracts
are acquired from various partners to compose the Commercial dataset. Each contract
is annotated by at least two legal experts. Initial preprocessing involves segmenting
contracts into sentences, excluding elements occurring fewer than 20 times, and remov-
ing sentences exceeding 100 characters. Subsequently, the sentences were partitioned
into training, validation, and test sets in an 8:1:1 ratio. Following Wang et al. [159], we
construct two cross-domain CEE datasets, namely [2C and C2I. For the 12C (or C2I)
dataset, the Individual (or Commercial) dataset serves as the source domain, while the
other dataset functions as the target domain.

Cross-domain NER datasets. For cross-domain NER, we leverage the CrossNER
datasets curated by Liu et al. [86]. We conduct experiments on five domain pairs, aiming
to transfer NER models from the source domain, CoONLLO3 (English) [131], to five
distinct target domains: Politics, Natural Science, Music, Literature, and Artificial Intel-
ligence [86]. The source domain dataset, CoNLLO3, is derived from the Reuters News
domain and encompasses four general entity categories: person, location, organization,
and miscellaneous. In contrast, each target domain introduces domain-specific entity
types, such as “Politician” and “Scientist,” posing a challenge for model adaptation
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from a high-resource source domain to a low-resource target domain. In addition, the
vocabulary overlaps between domains are generally small, indicating the diversity of
the constructed cross-domain NER datasets [86].

3.5.3 Baselines

In our experiments, we compare our proposed GEPL with the following competitive
cross-domain baselines:

* BiLSTM-CREF [70] models output dependencies via a simple conditional random
field and a transition-based algorithm to explicitly construct and label chunks of
the input.

* Coach [87] employs a coarse-to-fine detection framework to address the unseen
type issue.

* LM-NER [62] bridges NER domains by leveraging cross-domain language
modeling (LM) and designs a novel parameter generation network for cross-task
knowledge transfer.

* MultiCell-LM [61] investigates a multi-cell compositional LSTM structure on
top of BERT, modeling each entity type utilizing a separate cell state.

e Liu et al. [86] explore two domain adaptation settings for the BERT model.
BERT-JF jointly fine-tunes BERT on both source and target domain data with
upsampling in the target domain, while BERT-PF first pretrains BERT on the
source domain data and then fine-tunes it on the target domain.

» Style-NER [20] projects data representations from a high-resource to a low-
resource domain by learning the patterns, such as style, noise, and abbreviation.

* DoSEA [142] applies a machine reading comprehension framework, identifying
domain-specific information and mitigating entity-type conflicts.

* BMRU ([57] transfers more fine-grained local information within dense subse-
quences, distinguishing different meanings of the same word in different domains.

e Bi-FLEET [159] pioneers the formulation of the cross-domain CEE task, captur-
ing domain-invariant relations between clauses and elements and implementing a
bidirectional feedback scheme between the CEE and clause classification tasks.

* MTD [188] incorporates the modular task decomposition by segregating the
monolithic NER into two sub-tasks: entity span detection and entity type classifi-
cation. This strategy aims to mitigate label space disparity across domains.

In our experiments, we evaluate all the aforementioned baselines for the cross-domain
NER task. Following Wang et al. [159], we carefully select representative baselines
for cross-domain CEE, including BiLSTM-CREF [70], LM-NER [62], BERT-JF [86],
BERT-PF [86], Bi-FLEET [159], and MTD [188], since not all cross-domain NER
methods are applicable to the cross-domain CEE task. As mentioned in Section 3.2,

47



3. Data Sparsity and Label Discrepancies Mitigation

our proposed GEPL is able to seamlessly integrate with various cross-domain NER
or CEE frameworks. Consequently, we consider three basic models for our proposed
GEPL. Specifically, GEPL (BERT) utilizes BERT-PF or BERT-JF [86] as the basic
model, and we report the best results obtained from our experiments for this model
variant. Additionally, GEPL (Bi-FLEET) and GEPL (MTD) employ the state-of-the-art
baselines Bi-FLEET [159] and MTD [188] as their basic models, respectively. As
discussed in Section 3.2, due to their high costs and suboptimal performance in NER
tasks, recent large language models (such as the GPT series) are not considered as basic
models.

3.5.4 Evaluation Metrics

Following previous work [61, 86, 140, 159, 188], we assess Precision (P), Recall (R),
and F1-score (F1) at the entity (or element) level. Precision signifies the percentage of
named entities (or elements) correctly identified by the method. Recall indicates the
percentage of entities (or elements) within the datasets that the method successfully
predicts. In this context, an entity (or element) is deemed correct only when it exactly
matches the corresponding entity (or element) in the dataset. The F1-score represents
the harmonic mean of Precision and Recall. In our experiments, we present P, R, and F1
for the cross-domain CEE task and F1 for the cross-domain NER task.

3.5.5 Implementation Details

Our parameter settings mainly follow prior studies [159, 188]. In line with Wang
et al. [159], we utilize the base-sized BERT [34], pretrained on the Chinese Wikipedia
corpus, and employ the NCRF++ toolkit [178] for the cross-domain CEE. The AdamW
optimizer [88] is used to optimize the overall loss function £, as defined in Equation 4.9,
with a warmup ratio of 0.1. We experiment with different learning rates, exploring
values from the set {1e-5, 3e-5, 5e-5}, to find the optimal rate for various model variants
and tasks. The batch size is set to 30 for cross-domain CEE and 4 for cross-domain
NER. To determine the optimal loss weight «,, we conduct a search over the range
0.1, 0.25, 0.5, 0.75, 0.9, based on validation set performance, and find that the optimal
value for o is 0.5. The maximum input and output lengths for all model variants are
standardized at 256, and the frequency ratio hyperparameter p is consistently set to 3
across all tasks.

3.6 Experimental Results

To answer RQ2.1 and RQ2.2, we assess the performance of GEPL on both cross-domain
CEE and NER tasks.

3.6.1 Results on Cross-Domain CEE

We turn to RQ2.1. Following Wang et al. [159] (included as Chapter 2), we compare
GEPL with the state-of-the-art baselines on the cross-domain CEE task. Table 3.2 shows
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the experimental results on the [2C and C2I datasets, where Precision (P), Recall (R)
and F1-score (F1) are reported. Based on Table 3.2, we have the following observations:

* The cross-domain CEE task is challenging, and most baseline models struggle
to achieve an F1-score above 70%. This observation aligns with the conclusion
mentioned by Wang et al. [159]. In sharp contrast, our proposed framework,
GEPL, can effectively transfer contract element extractors from one domain to
another. By leveraging our proposed GEPL, models consistently surpass an
Fl1-score of 70% on both 12C and C2I datasets, demonstrating their ability to
effectively transfer knowledge across different contract domains.

» GEPL delivers substantial performance improvements over the baselines. Notably,
GEPL (BERT), GEPL (Bi-FLEET), and GEPL (MTD) consistently outperform
corresponding basic models (i.e., BERT, Bi-FLEET, and MTD) in terms of
Precision (P), Recall (R), and F1-score (F1). For instance, GEPL (MTD) exhibits
a 5.79% improvement over MTD on average. This remarkable improvement
demonstrates the superiority of GEPL in contract element extraction.

* To assess the influence of different base models on performance, we examine
three base models, including BERT [86], Bi-FLEET [159], and MTD [188]. The
results, presented in Table 3.2, suggest a correlation between the chosen base
model and the overall performance of GEPL. For instance, on both I2C and
C2I datasets, GEPL based on BERT demonstrates the lowest F1-scores, whereas
GEPL based on MTD achieves the highest performance. This performance
difference may be attributed to MTD surpassing both BERT-JF and BERT-PF by
a significant margin. This observation sheds light on the crucial role played by
the selection of the basic model.

In summary, GEPL shows its effectiveness in recognizing contract elements across
various domains. The incorporation of instance-oriented and label-oriented prompts is
beneficial for cross-domain contract element extraction.

3.6.2 Results on Cross-Domain NER

To investigate the generalizability of GEPL, we move on to RQ2.2 and conduct experi-
ments on the cross-domain NER task. Table 3.3 presents experimental results on the
CrossNER dataset [86]. In line with previous studies [61, 188], F1-scores are employed
to assess overall performance. For the MTD baseline, we employ our reproduced results,
derived from the source code provided by Zhang et al. [188], which are highlighted
with “xx”. Based on these results in Table 3.3, we arrive at the following conclusions:

* GEPL demonstrates strong generalizability, enabling effective transfer of named
entity recognizers across diverse domains. Notably, GEPL-based models achieve
state-of-the-art performance on five distinctive target NER domains, considerably
exceeding an F1-score of 70%. For example, GEPL (MTD) attains F1-scores of
77.56% and 77.40% on the Politics and Music domains, respectively.
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Table 3.2: Precision, Recall, and F1-scores on two cross-domain CEE datasets [159].
Significant improvements against the corresponding basic models are marked with
(t-test, p < 0.05).

Model 12C C21
P R F1 P R F1

BiILSTM-CRF [70] 63.21 67.50 6528 6530 70.36 67.73
LM-NER [62] 62.57 6696 64.69 6545 70.84 68.04
BERT-JF [86] 67.57 71.25 69.36 68.72  75.70  72.04
BERT-PF [86] 6742 7133 6932 68.72 75770 72.41
Bi-FLEET [159] 7017 7375 7192 70.71 78.69  74.49
MTD [188] 72778 7496 7385 71.13  78.66 74.71
GEPL (BERT) 71.70*  74.15% 72.90* 7220 78.84* 75.37*
GEPL (Bi-FLEET) 73.50* 75.73* 74.60* 73.35% 80.84* 76.91*
GEPL (MTD) 74.19* 77.21* 75.67* 74.48* 80.12* T77.20"

* GEPL significantly outperforms state-of-the-art cross-domain NER methods.
Specifically, GEPL (MTD) achieves the highest F1-score across five target do-
mains. Additionally, GEPL gains substantial improvements compared to the
corresponding basic NER methods. For instance, GEPL(BERT), GEPL (Bi-
FLEET), and GEPL (MTD) achieve substantial F1-score boosts over BERT,
Bi-FLEET, and MTD of 7.58%, 6.66%, and 2.40% on average, respectively.

In conclusion, our proposed GEPL exhibits strong generalizability. The GEPL frame-

work not only effectively addresses the cross-domain CEE problem but also consistently
delivers state-of-the-art experimental results on the cross-domain NER task.

3.7 Analysis

Now that we have answered our research questions, we take a closer the look at GEPL to
analyze its performance. We examine how instance-oriented and label-oriented prompts
contribute to its performance, how the amount of target-domain data influences the
performance, and how performance varies across element types.

3.7.1 Ablation Studies

To investigate the individual contributions of each component to GEPL’s performance
(RQ2.3), we conduct ablation studies on a range of cross-domain CEE and NER datasets.
Similar to the experimental setting employed in Section 3.6.1 and 3.6.2, our evaluation
includes three basic models: BERT, Bi-FLEET, and MTD. The outcomes for the I12C,
C21, Science, and Music datasets are detailed in Table 3.4. In tests where label-oriented
prompts are purposefully excluded (indicated as “- lo prompts”), these prompts are
omitted from the input of the basic models, and the loss associated with masked text
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Table 3.3: Fl-scores on the CrossNER dataset [86]. Significant improvements against
the corresponding basic models are marked with * (t-test, p < 0.05). Reproduced
results for MTD are highlighted with *x.

Politics Science Music Literature Al
BiLSTM-CREF [70] 56.60 49.97 44.79 43.03 43.56

Coach [87] 61.50 52.09 51.66 48.35 45.15
LM-NER [62] 68.44 64.31 63.56 59.59 53.70
BERT-JF [86] 68.85 65.03 67.59 62.57 58.57
BERT-PF [86] 68.71 64.94 68.30 63.63 58.88
MultiCell-LM [61] 70.56 66.42 70.52 66.96 58.28
Style-NER [20] 68.78 63.95 65.43 60.94 58.73
DoSEA [142] 75.52 71.69 73.10 68.59 66.03
BMRU [57] 71.31 68.65 72.42 67.05 60.89
Bi-FLEET [159] 70.57 66.63 71.53 67.22 58.74
MTD [188] 75.53** 71.51** 76.10"*  69.22**  68.07"*
GEPL (BERT) 73.56*  70.09*  75.33* 69.45" 61.36*
GEPL (Bi-FLEET)  74.67*  71.91* 77.21* 69.86™ 63.35"
GEPL (MTD) 77.56* 73.48" T77.40" 72.05*  68.72*

prediction in Eq. 3.12 is also discarded. This exclusion leads to a significant decrease
in GEPL’s performance across all evaluated metrics. For instance, on the I12C dataset,
GEPL (MTD) surpasses its model variant without label-oriented prompts by 2.47% in
Recall and 1.57% in Fl-score. In scenarios where we ablate both the label-oriented
and instance-oriented prompts (indicated as “- io prompts”), our models revert to their
basic forms (i.e., BERT, Bi-FLEET, and MTD). Based on the results, we find that the
integration of instance-oriented prompts into GEPL significantly enhances performance
compared to the basic models in all settings. For example, GEPL (MTD) with only
instance-oriented prompts achieves F1-score improvements of 2.89%, 1.93%, and 1.00%
over the basic MTD model on the C2I, Science, and Music datasets.

In summary, the inclusion of both label-oriented and instance-oriented prompts
plays a crucial role in elevating GEPL’s effectiveness in cross-domain CEE and NER
tasks.

3.7.2 Influence of Target-Domain Data

Next, we investigate the impact of target-domain data size on the cross-domain CEE
and NER tasks (RQ2.4). We compare the F1-scores of the baselines and GEPL, using
different amounts of target-domain data ranging from 10% to 100% of the original
training set. Based on the results in Figure 3.4, we find that GEPL outperforms baselines
with different target domain data sizes. Initially, GEPL demonstrates a substantial
improvement of over 10% compared to the baselines. For example, GEPL (MTD)
achieves 19.13% F1-score improvements over the baseline MTD with only 10% target
domain data on the I2C dataset. As the amount of target-domain data increases, the
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Table 3.4: Ablation studies (F1) on the I2C, C2I, Science, and Music datasets.
12C C21 Science  Music
P R F1 P R F1 F1 F1

GEPL (BERT) 71.70 7415 7290 7220 7884 7537 @ 70.09 75.33
-loprompts 69.29 7275 7098 7123 77.68 7431 69.27 74.72
-ioprompts 67.57 71.25 6936 68.72 7570 72.04 65.03 67.59

GEPL (Bi-FLEET) 73.50 75.73 74.60 73.35 80.84 76.91 7191 77.21
-loprompts 71.56 74.71 73.10 71.67 79.77 75.50 68.86 72.68
-ioprompts 70.17 73.75 7192 70.71 78.69 74.49 66.63 71.53

GEPL (MTD) 7419 7721 75.67 7448 80.12 7720 73.48 77.40
-loprompts 73.67 7535 7450 7390 80.08 76.87 72.89 76.86
-ioprompts 7278 7496 7385 71.13 78.66 74.71 71.51 76.10

Model

80 Bi-FLEET M GEPL (Bi-FLEET) M MTD M GEPL (MTD) 80 Bi-FLEET M GEPL (Bi-FLEET) @ MTD M GEPL (MTD)
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Figure 3.4: Influence of target domain data size on the I2C and Science datasets.

performance gap between GEPL and the baselines becomes smaller. For example,
GEPL (MTD) improves the F1-score on the I2C dataset by 3.89% over MTD, training
on 85% of the target domain training data. Notably, both GEPL (Bi-FLEET) and GEPL
(MTD) consistently outperform the baselines across different amounts of target-domain
data, showcasing the effectiveness of our proposed methods.

3.7.3 Fine-Grained Comparisons

To thoroughly assess the performance of GEPL at the element or entity type level
(RQ2.5), we conduct fine-grained comparisons on the 12C, Science, and Music datasets.
The results for the cross-domain CEE and NER tasks are presented in Table 3.5, where
we examined five contract element types: Invoice Type (IT), Arbitration Commission
(AC), Currency of Payment (CP), Name of Subject Matter (NSM), and Payment Period
(PP), and four entity types: Location (LOC), Country (COU), Band (BAN), and Album
(ALB). Among these, Invoice Type (IT), Currency of Payment (CP), Payment Period
(PP), and Location (LOC) are shared across both the source and target domains, while
Arbitration Commission (AC), Country (COU), Band (BAN), and Album (ALB) are
specific types exclusive to the target domains.

Based on the findings in Table 3.5, GEPL demonstrates strong effectiveness in
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Table 3.5: Fine-grained comparisons of F1-scores on I2C, Science and Music.
12C Science Music
IT AC CpP NSM PP LOC COU BAN ALB

Bi-FLEET [159] 6841 70.63 71.53 7273 7280 6821 70.17 78.62 69.10
MTD [188] 69.18  70.13 7224 73774 7425 7550 7690 8045 69.48

GEPL (Bi-FLEET) 69.46  73.52 7380 75.07 76.32 72.67 74.56 8037 7453
GEPL (MTD) 71.35 7418 7493 7590 7710 80.72 80.00 8205 7541

Model

identifying both shared and domain-specific types. For instance, GEPL (MTD) achieves
F1-scores of 77.10% on the Payment Period (PP) type and 74.18% on the Arbitration
Commission (AC) type, respectively. Furthermore, models based on GEPL consistently
outperformed baselines. Specifically, GEPL (MTD) achieved significant F1-score
improvements of 3.85% and 8.54% on the Payment Period (PP) and Album (ALB)
types, respectively, compared to the state-of-the-art baseline MTD. These observations
underscore the efficacy of leveraging instance-oriented and label-oriented prompts,
effectively mitigating data sparsity and minimizing label discrepancies across domains.

3.7.4 Case Studies

To study whether GEPL can generate appropriate prompts from original input sentences
(RQ2.5), we conducted case studies on the I12C and Science datasets, as shown in
Table 3.6. The first two examples in the table are from the 12C dataset, while the last
is from the Science dataset. The results demonstrate that GEPL is able to identify
instance-oriented prompts with similar semantics and relevant elements, effectively
providing auxiliary supervision and mitigating the issue of data sparsity. For instance,
the original input sentence in the first example involves a penalty clause with legal
elements of Penalty Payment Ratio and Penalty Payment Reference. Given the input
sentence, GEPL successfully retrieves an instance-oriented prompt that also includes
the Penalty Payment Ratio (i.e., “5%”) and Penalty Payment Reference (i.e., “total
contract value”). This illustrates GEPL’s capability to closely align the prompts with
the original input contexts.

Moreover, GEPL shows proficiency in identifying and modeling the relationships
between different element labels, thereby considerably reducing label discrepancies
across various domains. A notable example is its construction of a label-oriented prompt,
namely ‘“Penalty Payment Ratio [MASK]Payment Period,” in the second case. By
filling in the “ [MASK]” token, the basic model is capable of better comprehending the
interdependencies between the Penalty Condition and Payment Period legal elements.

3.7.5 Error Analysis

Although GEPL outperforms state-of-the-art baselines, it is important to understand
where it fails. Specifically, we compare the performance of GEPL on sentences of
different lengths in the test sets of the I12C and C2I datasets. The results based on BERT,
Bi-FLEET, and MTD are presented in Table 3.7. We observe that GEPL’s F1-scores
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Table 3.6: Examples from the I2C and Science datasets.

Original input sentence Instance-oriented prompt  Label-oriented prompt
“(ii) If Party B’s delivered

“(iii) If Party B’s appointed personnel goods fail to meet the

fail to participate in the contract’s contract’s terms, hindering

technical services or are unilaterally Party A’s intended purpose, ~ “Penalty Payment Ratio

changed by Party B, Party B must pay Party B must pay Party A a [MASK] Penalty Payment

a penalty of 5% (Penalty Payment Ratio) ~ penalty of 5% (Penalty Reference”

of the total technical service fee Payment Ratio) of the total

(Penalty Payment Reference) to Party A”  contract value (Penalty

Payment Reference).”

“Party A shall make a

one-time payment for

the electricity to Party B

within 15 working days “Payment Condition
(Payment Period) after [MASK ] Payment Period”
receiving Party B’s

VAT special invoice

(Payment Condition).”

“From 1916 to 1921, he

was a lecturer in the “Award [MASK ] Scientist [ SEP ]
physics department of the Award [MASK] University [ SEP ]
Rajabazar Science College  Scientist [MASK ] University”
(University).”

“After Party A accepts the delivered
goods from Party B as satisfactory
(Payment Condition), Party A shall pay
the total contract amount in full within
15 working days (Payment Period).”

“In 1917, he was appointed as the first
Palit Professor of Physics (Award) by
Ashutosh Mukherjee (Scientist) at the
Rajabazar Science College (University).”

Table 3.7: Error analysis on sentence lengths in test sets. The scores are F1-scores.

Sentence length Sentence length
Method Dataset < 25 25-50 > 50 Avg. Dataset <25 25-50 > 50 Avg.
GEPL (BERT) 68.88 70.04 74.86 72.90 7222 7338 77.49 75.37
GEPL (Bi-FLEET) I2C 7096 7251 77.14 74.60 C21 73.10 74.20 79.03 7691
GEPL (MTD) 7278 73.47 71.87 75.67 7582 76.28 79.56 77.20

on sentences with more than 50 characters (> 50) are substantially higher than the
average Fl-scores. For instance, on the I2C dataset, GEPL (MTD) achieves an F1-score
of 77.87%, which is 4.25% higher than the overall Fl-score (77.10%). In contrast,
the F1-scores on sentences with 25 to 50 characters (25-50) or less than 25 characters
(< 25) consistently fall below the average F1-scores. For example, on the I2C dataset,
GEPL (MTD) achieves F1-scores of 72.78% on sentences with 25 to 50 characters and
73.47% on sentences with less than 25 characters, which are considerably lower than
the overall Fl-score (77.10%). This suggests that GEPL faces greater challenges in
generating appropriate instance-oriented and label-oriented prompts for input instances
when presented with less context.

3.8 Conclusions

In this chapter, we have investigated the problem of cross-domain CEE, aiming to
leverage knowledge from a source domain to enhance the extraction of legally relevant
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elements in a target domain. Prior work on cross-domain CEE still faces two major
challenges: data scarcity due to the high cost of annotations and label discrepancies
across various contract domains. To overcome these problems, we have proposed a
novel framework named graph-enhanced prompt learning (GEPL). GEPL effectively
mitigates data sparsity by generating auxiliary supervisions for each input instance and
bridges the gap between contract domains by automatically identifying label relations
across distinct domains. In our experiments, we conduct a comprehensive evaluation
of GEPL on both cross-domain CEE and NER tasks. Experimental results underscore
that GEPL significantly outperforms state-of-the-art baselines and demonstrates a high
degree of generalizability across two cross-domain CEE datasets and five cross-domain
NER datasets. Additionally, by incorporating instance-oriented and label-oriented
prompts, GEPL effectively recognizes both shared and domain-specific element or
entity types, highlighting its robustness to data sparsity and ability to capture relations
for various labels across domains.

With these contributions, we can now answer the thesis-level research question RQ2
positively: The proposed instance-oriented prompts, generated based on relevant train-
ing examples, provide auxiliary supervision and effectively mitigate the data sparsity
problem. Moreover, by transforming relationships among elements (or entity) labels
into label-oriented prompts, we can remarkably reduce the impact of label discrepancies
across different domains.

Building upon the current study, we envisage four lines of future work: (i) It is
worth exploring the prompt generation method elaborated for sentences with short
context. Our error analysis revealed that GEPL struggles to generate effective prompts
for input instances with limited context (see Section 3.7.5 for details). To address
this limitation, we plan to develop a retrieval-based algorithm that searches for longer
relevant sentences in the training set and extracts prompts from those sentences. This
approach would provide more context-rich prompts for short input instances, potentially
improving performance in these cases. (ii) In addition to prompting relationships
between contract element labels, we intend to incorporate prompts that capture clause-
element relations [159]. This would allow GEPL to leverage both domain-specific
and domain-invariant features, further enhancing its cross-domain transfer capabilities.
(iii) Our experiments focused on datasets from contract domains. To broaden the
applicability of GEPL, we plan to study its connection with other legally relevant tasks
(e.g., legal judgment prediction [91, 92, 194, 195]) and investigate how to leverage other
legal contexts to further mitigate data sparsity and improve generalizability. (iv) Lastly,
apart from the basic models mentioned in the experiments, we also plan to incorporate
GEPL with different kinds of large language models to further enhance its performance.

In the upcoming chapter, we will explore the task of few-shot cross-domain named
entity recognition, aiming to adapt an entity recognizer to unseen target domains using
only a limited set of labeled examples from the in-domain.
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In this chapter, we study the few-shot cross-domain named entity recognition task,
which seeks to generalize an entity recognizer to unseen target domains using a small
number of labeled examples from the source domain. Previous work has adopted data
augmentation techniques to enrich the source domain data. However, two key challenges
persist: (i) data augmentation is limited to the training data, and (ii) knowledge transfer
is implicit and insufficient. In this chapter, we aim to address these challenges by posing
the following research question:

RQ3 How to bridge the gap between training and unseen data, and how to use knowl-
edge from the source domain when inferring on unseen target domains?

In this chapter, we propose PLTR, a prompt learning framework incorporating type-
related features for few-shot cross-domain named entity recognition. PLTR employs
mutual information criteria to extract valuable knowledge, such as type-related features,
from the source domain. Moreover, PLTR implements a two-stage framework for
automatic prompt generation to guide the model during both training and inference
processes. mitigating the gap between the source and target domains. Experimental
results show that PLTR achieves state-of-the-art performance on both in-domain and
cross-domain datasets.

4.1 Introduction

Named entity recognition (NER) is a subtask of natural language processing that aims
to detect named entities, such as locations, organizations, and persons, in input text
[131, 181, 188]. This task has gained significant attention from both academia and
industry due to its wide range of applications in customer services and document parsing,
serving as a crucial component in natural language understanding [27, 95, 103, 177].
The availability of labeled data for NER is limited to specific domains, leading to
challenges for models to generalize to new domains [28, 72, 94].

To overcome this issue, recent research focuses on enabling models to effectively
learn from a few labeled examples in new target domains [18, 30, 72, 94, 152, 153] or

This chapter was published as Z. Wang, Z. Zhao, Z. Chen, P. Ren, M. de Rijke, and Z. Ren. Generalizing
few-shot named entity recognizers to unseen domains with type-related features. In Findings of the Association
for Computational Linguistics: EMNLP 2023, pages 2228-2240. ACL, December 2023.
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B Cross-domain
FactMix Science In 1972, LaHaye helped establish the Institute for Creation
0.15 M |n-domain (unseen) Research (ORG) at San Diego Christian College in El Cajon ,
California, along with Henry M. Morris (PER).
¥

Similarity

ORG: The fledgling company , established in a ground-floor
office here over the last two weeks , has received venture

CoNLL2003 financing from Bessemer Venture Partners of Menlo Park.
source,
Al Music Science { ) PER: Along with Mayfiar at 277 for the tournament were

Steve Stricker , who had a 68 , and Duffy Waldorf , with a 66.

Datasets

(a) Average similarities between pairs of sentences.  (b) Type-related features in the source domain.

Figure 4.1: (a) Average SBERT similarities [126] between pairs of sentences that
contain the same type of entities. The source domain dataset is CoNLLO3 [131]; the
target domain datasets include Al, Music, and Science [86]. In the “Cross-domain”
setting, one sentence is from the source domain and the other is from the target domain.
In the “FactMix” setting, one sentence is from augmented data by FactMix [179], and
the other is from the target domain. In the “In-domain” setting, both sentences are from
the target domain. (b) Examples of type-related features in the source domain.

on exploring data augmentation techniques, leveraging automatically generated labeled
examples to enrich the training data [185]. However, these methods still require manual
labeling for target domains, limiting their applicability in zero-shot scenarios with
diverse domains.

Recently, Yang et al. [179] have explored a new task, few-shot cross-domain named
entity recognition (NER), aiming to generalize an entity recognizer to unseen target
domains using a small number of labeled in-domain examples. To accomplish this task,
a data augmentation technique, named FactMix, is devised. FactMix generates semi-fact
examples by replacing the original entity or non-entity words in training instances,
capturing the dependencies between entities and their surrounding context. Despite its
success, FactMix faces two challenges:

Challenge 4.1: Augmentation is limited to the training data. Since the target dom-
ain is not accessible during training, FactMix exclusively augments the training
data from the source domain. As a result, there is minimal overlap between the
generated examples and the test instances at both the entity and context levels.
For instance, only 11.11% of the entity words appear simultaneously in both the
generated data (by FactMix) and the Al dataset (target domain). At the context
level, as demonstrated in Figure 4.1(a), the average sentence similarity between
the augmented instances and the test examples is remarkably low. These gaps
pose severe challenges in extrapolating the model to out-of-domain (OOD) data.
To address this problem, we incorporate natural language prompts to guide the
model during both training and inference processes, mitigating the gap between
the source and unseen domains.

Challenge 4.2: Knowledge transfer is implicit and insufficient. Intuitively, better
generalization to unseen domains can be accomplished by incorporating knowl-
edge from the source domain [7]. However, in FactMix, the transfer of knowledge
from the source domain occurs implicitly at the representation level of pre-trained
language models. FactMix is unable to explicitly identify the type-related fea-
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tures (TRFs), i.e., tokens strongly associated with entity types, which play a
crucial role in generalization. E.g., as illustrated in Figure 4.1(b), the words
“established” and “along with” exhibit a close relationship with organization and
person entities, respectively, in both domains. This knowledge can greatly assist
in recognizing organizations and persons in the target domain. To tackle this
limitation, we introduce mutual information criteria to extract informative TRFs
from the source domain. Furthermore, we construct a unique prompt for each
unseen instance by selecting relevant TRFs. Intuitively, these generated prompts
serve as distinctive signatures, linking unfamiliar examples to the knowledge
within the source domain.

In this chapter, we present a framework, named prompt learning with type-related
features (PLTR) for few-shot cross-domain named entity recognition, to effectively
leverage knowledge from the source domain and bridge the gap between training
and unseen data. As Figure 4.2 shows, PLTR is composed of two main phases: (i)
type-related feature extraction, and (ii) prompt generation and incorporation.

To identify valuable knowledge in the source domain, PLTR uses mutual information
criteria to extract entity type-related features (TRFs). PLTR implements a two-stage
framework to further facilitate knowledge transfer. Firstly, given a new example, PLTR
constructs a unique sequence by selecting relevant TRFs from the source domain. Then,
the constructed sequences serve as prompts for performing entity recognition on the
unseen data. Finally, a multi-task training strategy is employed to enable parameter
sharing between the prompt generation and entity recognition. Similar to FactMix, PLTR
is a fully automatic method that does not rely on external data or human interventions.
PLTR is able to seamlessly integrate with different few-shot NER methods, including
standard fine-tuning and prompt-tuning approaches.

In summary, our contributions are:

* To the best of our knowledge, ours is the first work to study prompt learning for
few-shot cross-domain NER;

* We develop a mutual information-based approach to identify important entity
type-related features from the source domain;

* We design a two-stage scheme that generates and incorporates a prompt that is
highly relevant to the source domain for each new example, effectively mitigating
the gap between source and unseen domains; and

* Experimental results show that our proposed PLTR achieves state-of-the-art
performance on both in-domain and cross-domain datasets.

4.2 Related Work

4.2.1 Cross-Domain Named Entity Recognition

The task of cross-domain NER aims to transfer NER models across diverse text styles
[20, 61, 62, 74, 86, 109, 181, 188, 193]. Yang et al. [181] train NER models jointly
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Type-related Feature Extraction Prompt generation and incorporation
Generated prompt with TRFs
[SEP] PER : Spokesmen [SEP] ORG: News, Corp[SEP]

Person
Netanyahu and Levy's spokesmen said
they could not confirm it .

PLM-based recognizer

[CLS] Bolton ‘s spokesperson told CBS News. [SEP] type related features: [MASK] [MASK]...

Organization
Seat posted 3,420 registrations compared

with 5522 registrations in July a year R —— Named entities
{ earlier . 8! Bolton=—»PER  CBS News=> ORG

l Mutual information
N

Input sentence Prompt template

[CLS] Bolton ‘s spokesperson told CBS News. [SEP] PER : Spokesmen [SEP] ORG: News, Corp[SEP]...

TRE set I t t G ted t with TRF:
PER: {spokesmen, ... } nput sentence enerated prompt wif s

ORG:{ posted, registrations, ... } —» Prompt generation — Prompt Incorporation

Figure 4.2: An overview of PLTR. PLTR has two main phases: (i) type-related feature
extraction, and (i) prompt generation and incorporation. Besides, we utilize a multi-
task training strategy to enable parameter sharing between prompt generation and
incorporation.

in the source and target domains, while Jia et al. [62] and Jia and Zhang [61] use
language models for cross-domain knowledge transfer. Zhang et al. [188] introduce a
modular learning approach that decomposes NER into entity span detection and type
classification subtasks. However, these methods still rely on NER annotations or raw
data in the target domain.

4.2.2 Few-Shot Named Entity Recognition and Prompt-Based
Learning

Few-shot named entity recognition (NER) is the task of identifying predefined named
entities using only a small number of labeled examples [30, 164, 180, 185]. Several
approaches have been proposed to address this task. For instance, Huang et al. [58]
investigate the effectiveness of self-training methods on external data using distance-
based approaches, where the label of the nearest neighbors is copied. Another approach
by Zeng et al. [185] involves generating counterfactual examples through interventions
to augment the original dataset.

Prompt-based methods, which have gained prominence in natural language process-
ing, have also been applied to few-shot NER [21, 28, 30, 72, 94]. In particular, Lee et al.
[72] present a demonstration-based learning approach that incorporates automatically
constructed auxiliary supervision. Furthermore, Das et al. [30] incorporate contrastive
learning techniques with prompts to better capture label dependencies. As mentioned in
Section 4.1, current few-shot NER methods primarily focus on in-domain settings and
still struggle with OOD examples.

The field of few-shot cross-domain learning is inspired by the rapid learning
capability of humans to recognize object categories with limited examples, known as
rationale-based learning [6, 11, 18, 136, 189]. In the context of NER, Yang et al. [179]
introduce the few-shot cross-domain setting and propose a two-step rationale-centric
data augmentation method, named FactMix, to enhance the model’s generalization
ability.

In this chapter, we focus on few-shot cross-domain NER. The most closely related
work is FactMix [179]. FactMix faces two challenging problems: (i) augmentation is
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limited to the training data, and (ii) the transfer of knowledge from the source domain
is implicit and insufficient. In our proposed PLTR, to identify useful knowledge in
the source domain, mutual information criteria are designed for automatic type-related
feature (TRF) extraction. In addition, PLTR generates a unique prompt for each unseen
example based on relevant TRFs, aiming to reduce the gap between the source and
unseen domains.

4.3 Preliminaries

4.3.1 Task Settings

A NER system takes a sentence x = z1, ..., x, as input, where x is a sequence of n
words. It produces a sequence of NER labels y = y1, ..., y,, where each y; belongs
to the label set ) selected from predefined tags { By, Iy, St, Et, O}. The labels B, I,
FE, and S indicate the beginning, middle, ending, and single-word entities, respectively.
The entity type is denoted by t € T = {PER, LOC, ORG, MISC, . ..}, while O denotes
non-entity tokens. The source dataset and out-of-domain dataset are represented by D;,,
and D,,q, respectively. Following Yang et al. [179], we consider two settings in our
task, the in-domain setting and the out-of-domain (OOD) setting. Specifically, we first
train a model M;,, using a small set of labeled instances from D,,,. Then, for in-domain
and OOD settings, we evaluate the performance of M;,, on D;,, and D,,,4, respectively.

4 3.2 Basic Models

Since our proposed PLTR approach is designed to be model-agnostic, we choose two
popular NER methods, namely standard fine-tuning and prompt-tuning methods, as our
basic models.

Standard fine-tuning method. We employ pre-trained language models (PLMs) such
as BERT [34] and RoBERTa [85] to generate contextualized word embeddings. These
embeddings are then input into a linear classifier with a softmax function to predict
the probability distribution of entity types. The process involves feeding the input
token z into the feature encoder PLM to obtain the corresponding contextualized word
embeddings h:

h = PLM(z),

where h represents the sequence of contextualized word embeddings derived from the
pre-trained language models. To recognize entities, we optimize the cross-entropy loss

L ngr defined as:
N

LNgr ==Y Yo.c10g (Do), 4.1
c=1
where N denotes the number of classes, y is a binary indicator (0 or 1) indicating
whether the gold label c is the correct prediction for observation o, and p is the predicted
probability of ¢ for observation o.

Prompt-tuning method. The prompt-tuning approach for NER tasks involves the use
of mask-and-infill techniques based on human-defined templates to generate label words.
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We adopt the recent EntLM model proposed by Ma et al. [94] as our benchmark for this
method. First, a label word set V) is constructed through label word engineering, which
is connected to the label set using a mapping function M : ) — V. Next, entity tokens
at entity positions are replaced with the corresponding label word M (y;). The resulting
modified input is denoted as x®* = {x1,..., M (y;),...,x,}. The language model
is trained by maximizing the probability P (XE“t | x). The loss function for generating
the prompt and performing NER is formulated as:

N

LNER = — ZlogP (:cl = gt X) , 4.2)
i=1

where N represents the number of classes. The initial parameters of the predictive
model are obtained from pre-trained language models.

4.4 PLTR: Prompt Learning with Type-Related Fea-
tures

In this section, we present the two primary phases of the proposed PLTR method, as
depicted in Figure 4.2: (i) type-related feature extraction (see Section 4.4.1), and (ii)
prompt generation and incorporation (see Section 4.4.2).

441 Type-Related Feature Extraction

As mentioned in Section 4.1, type-related features (TRFs), which are tokens strongly
associated with entity types, play a crucial role in the few-shot cross-domain NER
task. To achieve this, we propose a mutual information-based method for identifying
TRFs from the source domain. Here, we define 7; as a set that contains all sentences
from the source domain where entities of the i-th type appear, and 7\ 7; as a set that
contains sentences without entities of the ¢-th type. In our method, we consider a binary
variable that indicates examples (texts) from 7; as 1, and examples from 7 \7; as 0.
To find tokens closely related to 7;, we first calculate the mutual information between
all tokens and this binary variable, and then select the top [ tokens with the highest
mutual information scores. However, the mutual information criteria may favor tokens
that are highly associated with 7"\ 7; rather than with 7;. Thus, we introduce a filtering
condition as follows:

C\7: (Wim)
o <p Or(wm) >0, (4.3)
CO7. (W)
where C'r; (w,,,) represents the count of the m-gram w,,, = Zp,...,Zpym—1 in 7.

C7\ 7, (Wn,) represents the count of this m-gram w,, in all source domains except for
T;, and p is an m-gram frequency ratio hyperparameter.

By applying this criterion, we ensure that w,,, is considered part of the TRF set of
T; only if its frequency in 7; is significantly higher than its frequency in other entity
types (T\7;). Since the number of examples in 7; is much smaller than the number of

62



4.4. PLTR: Prompt Learning with Type-Related Features

examples in 7\ 7;, we choose p > 1 but avoid setting it to a large value. This allows
for the inclusion of features that are associated with 7; while also being related to other
entity types in the TRF set of 7;. In our experiments, we set p = 3 and only consider
1-gram texts for simplicity.

Note that the type-related feature extraction module we designed is highly efficient
with a computational complexity of O(|D;y| - laug - |T1), where |Dyy|, lavg, and T
represent the number of sentences in the training dataset, the average sentence length,
and the entity type set, respectively. This module is able to compute the mutual
information criteria in Eq. 4.3 for all entity types in 7 and each token by traversing the
tokens in every training sentence just once.

4.4.2 Prompt Generation and Incorporation

To connect unseen examples with the knowledge within the source domain, we generate
and incorporate a unique prompt for each input instance. This process involves a two-
stage mechanism: first, relevant TRFs are selected to form prompts, and then these
prompts are input into the PLM-based basic model for entity label inference.

Automatic type-related feature selection. Given an input sentence x and the extracted
TRF set R, we formulate the selection of relevant TRFs as a cloze-style task for
our PLM-based basic model M, (refer to Section 4.3.2). Specifically, we define the
following prompt template function f(-) with K [MASK] tokens:

f(x) = “x[SEP ] type-related features: [MASK] ... [MASK]". 4.4)

By inputting f(x) into My, we compute the hidden vector h yask; of [MASK]. Given
atoken r € R, we compute the probability that token r can fill the masked position:
exp(r - hpuask) )

P(MASK] = 11f(x))) = 5= T 4.5)
Fe MASK

where r is the embedding of the token 7 in the PLM M. For each [MASK], we select
the token with the highest probability as the relevant TRF for x, while discarding any
repeating TRFs. For example, as illustrated in Figure 4.2, for the sentence “Bolton’s
spokesperson told CBS News.”, the most relevant TRFs include “Spokesmen”, “News”
and “Corp”.

To train M, for TRF selection, we define the loss function L., as follows:

K

37 N logp(1Maskl; = ¢, )| f(x)), (4.6)

€D,y =1

1
where ¢(z,4) denotes the label for the i-th [MASK] token in x. To obtain ¢(z), we
compute the Euclidean distance between the PLM-based embeddings of each r € R
and each token in x, selecting the top-K features. Note that our designed automatic
selection process effectively filters out irrelevant TRFs for the given input sentence,
substantially reducing human interventions in TRF extraction (refer to Section 4.7).

Prompt incorporation. To incorporate the entity type information into prompts, we
generate a unique prompt given the selected relevant TRFs R'(x) C R for input x.
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This is achieved using the following prompt template function f/(x):

~1
~

f'(x) = “x[SEP1t1:R/(x,11) [SEP] . .. [SEP 1 t)7:R/ (%, t)7)”, “.
)

where t; € T is the entity type name (e.g., PER or ORG). Given sentence x, R'(x, t;
R'(x) represents selected TRFs related to entity type ¢;. Note that, if R'(x,t;
(), the entity type name, and relevant TRFs R'(x,¢;) are excluded from f’(x). For
example, as depicted in Figure 4.2, the unique prompt f’(x) corresponding to x =
“Bolton’s spokesperson told CBS News.” can be represented as follows:

1N

f'(x) = “Bolton’s spokesperson told CBS News.

4.8
[ SEP ] PER:Spokesmen [ SEP ] ORG:News, Corp”. “.8)

Then, we input f/(x) into My, to recognize entities in the given sentence x.

4.4.3 Joint Training

To enable parameter sharing between prompt generation and incorporation, we train our
model using a multi-task framework. The overall loss function is defined as follows:

L=a Lygp+(1—0a) Lyen, (4.9)

where L'y, denotes the normalized loss function for the NER task loss £ ygg (refer
to Section 4.3.2). « is the weight assigned to L'y, With prompts as inputs. The weight
1 — «vis assigned to the loss function £, for type-related feature selection. In our
experiments, we optimize the overall loss function using AdamW [88].

Algorithm 4.1 gives the detailed training algorithm of PLTR. To start, we establish
a basic model M, based on Pre-trained Language Models (PLM) and initialize its
parameters © (lines 1-2). To capture knowledge from the source domain, PLTR
identifies type-related features using mutual information criteria (line 3). Next, given
an input sentence x € D;,,, PLTR automatically selects relevant TRFs R’ (x) C R by
formulating the selection process as a cloze-style task for M, (line 7). Furthermore,
to incorporate entity type information into prompts, PLTR constructs a unique prompt
f'(x) for each input x, and these prompts are then fed into M, for entity recognition
(lines 8-9). Finally, we iteratively refine the parameters ® by jointly optimizing two
loss functions: the NER task loss function L'y and the TRF selection loss function
Lgen (line 11). Note that, during inference, PLTR generates a unique prompt for
each sentence within the unseen target domain using extracted TRFs R. In this way,
knowledge from the source domain is explicitly integrated into both the training and
inference phases.

4.5 Experiments

In experiments, we decompose the thesis-level research question RQ3 into the following
questions:

RQ3.1 Does PLTR outperform state-of-the-art fine-tuning methods on the few-shot
cross-domain NER task? (Section 4.6.1)

RQ3.2 Can PLTR be applied to prompt-tuning NER methods? (Section 4.6.2)
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Algorithm 4.1 Training Algorithm for PLTR.

Require: The source dataset D;,,; the basic model M;, with parameters ®; the fre-
quency ratio p; the number of selected type-related features K; the loss weight «;
the number of epochs epoch.

Ensure: The extracted type-related features R and the trained basic model M};

1: Establish the basic model My;

2: Initialize model parameters ©;

3: Extract type-related features R for all entity types from the source dataset D;,
(Eq. 3.7);

4: while ¢ < epoch do

5 for Sample a batch X C D;,, do

6: for all sentences x € X do

7

8

9

Select relevant TRFs R/ (x) for input x (Eq. 4.4 and 4.5);
Transform x into the prompt template f/(x) (Eq. 4.7);
: Input f’(x) into M, for prediction;
10: end for

11: Update ® by optimizing £ (Eq. 4.9);
12: end for

13: end while

4 5.1 Datasets

Detailed statistics of both in-domain and out-of-domain datasets are shown in Table 4.1.

In-domain dataset. We conduct in-domain experiments on the CoONLLO03 dataset [131].
It consists of text in a style similar to Reuters News and encompasses entity types
such as person, location, and organization. Additionally, to examine whether PLTR
is extensible to different source domains and entity types, we evaluate PLTR using
training data from OntoNotes' (refer to Section 4.7.5). OntoNotes is an English dataset
consisting of text from a wide range of domains and 18 types of named entities, such as
Person, Event, and Date.

Out-of-domain datasets. We utilize the OOD dataset collected by Liu et al. [86],
which includes new domains such as Al, Literature, Music, Politics, and Science. The
vocabulary overlaps between these domains are generally small, indicating the diversity
of the out-of-domain datasets [86]. Since the model trained on the source domain
dataset (CoNLLO03) can only predict person, location, organization, and miscellaneous
entities, we assign the label O to all unseen labels in the OOD datasets.

4.5.2 Experimental Settings and Baselines

We compare PLTR with recent baselines in the following two experimental settings:

Fine-tuning. Following Yang et al. [179], we employ the standard fine-tuning method
(Ori) based on two pre-trained models with different parameter sizes: BERT-base,
BERT-large, RoBERT-base, and RoBERT-large. All backbone models are implemented

https://catalog.ldc.upenn.edu/LDC2013T19
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Table 4.1: Statistics of the datasets used.

# Instances

Dataset Train Dev  Test Entity types

CoNLLO03 14987 3,466 3,684 4
OntoNotes 59,924 8,528 8,262 18
TechNews - - 2,000 4
Al - - 431 14
Literature - - 416 12
Music - - 456 13
Politics - - 651 9
Science - - 543 17

using the transformer package provided by Hugging Face.? For fine-tuning the NER
models in a few-shot setting, we randomly select 100 instances per label from the
original dataset (CoNLLO3) to ensure model convergence. The reported performance of
the models is an average across five training runs.

Prompt-tuning. Similar to Yang et al. [179], we adopt the EntLM model proposed
by Ma et al. [94] as the benchmark for prompt-tuning. The EntLLM model is built on
the BERT-base or BERT-large architectures. We conduct prompt-based experiments
using a 5-shot training strategy [94]. Additionally, we select two representative datasets,
TechNews and Science, for the OOD test based on the highest and lowest word overlap
with the original training domain, respectively.

Additionally, we include a recent data augmentation method CF [185] and the state-of-
the-art cross-domain few-shot NER framework FactMix [179] as baselines in both of
the above settings. Note that, we report the results of FactMix’s highest-performing
variant for all settings and datasets. Micro F1 is adopted as the evaluation metric for all
settings.

4.5.3 Implementation Details

Following Yang et al. [179], we train all models for 10 epochs and employ an early
stopping criterion based on the performance on the development dataset. The AdamW
optimizer [88] is used to optimize the loss functions. We use a batch size of 4, a warmup
ratio of 0.1, and a learning rate of 2e-5. The maximum input and output lengths of all
models are set to 256. For PLTR, we search for the optimal loss weight « from {0.1,
0.25,0.5,0.75, 0.9}. The frequency ratio hyperparameter p is set to 3 for all domains.

2https://huggingface.co/models
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4.6 Experimental Results

To answer RQ3.1 and RQ3.2, we assess the performance of PLTR on both in-domain
and cross-domain few-shot NER tasks. This evaluation is conducted in two settings: a
fine-tuning setting with 100 training instances per type, and a prompt-tuning setting
with 5 training instances per type.

4.6.1 Results on Few-Shot Fine-Tuning

Table 4.2 and 4.9 show the in-domain and cross-domain performance in the fine-tuning
setting, respectively (RQ3.1). Based on the results, we have the following observations:

* PLTR achieves the highest Micro F1 scores for all datasets and settings, indicat-
ing its superior performance. For instance, when using RoBERTa-large as the
backbone, PLTR achieves an 88.03% and 75.14% F1 score on the CoNLLO03 and
TechNews datasets, respectively.

* PLTR significantly outperforms the previous state-of-the-art baselines in both
in-domain and cross-domain NER. For example, PLTR exhibits a 1.46% and
10.64% improvement over FactMix, on average, on in-domain and cross-domain
datasets, respectively.

* Few-shot cross-domain NER is notably more challenging than the in-domain
setting, as all methods obtain considerably lower F1 scores. The performance
decay in TechNews is smaller than in other domains, due to its higher overlap
with the training set.

In summary, PLTR demonstrates its effectiveness in recognizing named entities from
both in-domain and OOD examples. The use of type-related features (TRFs), along
with the incorporation of prompts based on TRFs, are beneficial for in-domain and
cross-domain few-shot NER.

4.6.2 Results on Few-Shot Prompt-Tuning

To explore the generalizability of PLTR, we report in-domain and OOD results for
the prompt-tuning setting in Table 4.3 and 4.4, respectively (RQ3.2). We obtain the
following insights:

* Due to data sparsity, the overall performance for the prompt-tuning setting is
considerably lower than the results of 100-shot fine-tuning.

» Even with only 5-shot training instances per entity type, PLTR achieves the high-
est performance and outperforms the state-of-the-art baselines by a significant
margin, demonstrating the effectiveness and generalizability of PLTR. For ex-
ample, in the in-domain and cross-domain datasets, PLTR achieves an average
improvement of 11.58% and 18.24% over FactMix, respectively.

In summary, the PLTR framework not only effectively generalizes fine-tuning-based
NER methods to unseen domains, but also attains the highest F1 scores in the prompt-
tuning setting.
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Table 4.2: In-domain fine-tuning results (Micro F1) on CoNLLO3. = indicates a
statistically significant difference (t-test, p < 0.05) when compared to FactMix

In-domain Fine-tuning Results
Backbone Ori CF FactMix PLTR

BERT-base-cased 54.03 77.71 80.10 82.05*
BERT-large-cased 65.38 81.11 83.04 83.75%
RoBERTa-base 4853 82.74 85.33 86.40*
RoBERTa-large 65.70 85.20 86.91 88.03*

Table 4.3: OOD fine-tuning results (Micro F1) over six datasets. * indicates a statisti-
cally significant difference (t-test, p < 0.05) when compared to FactMix.

In-domain Prompt-tuning Results
Backbone EntLM CF FactMix PLTR

BERT-base-cased 54.00 55.61 59.19 63.50*
BERT-large-cased 60.37 56.49 60.80  70.46*

4.7 Analysis

Now that we have answered our research questions, we take a closer look at PLTR to
analyze its performance. We examine whether the prompts are designed appropriately.
Besides, we study how the number of training samples and selected type-related features
influence the performance, how PLTR affects representation similarities between the
source and target domains, and whether PLTR is extensible to different source domains
and entity types. Furthermore, we provide insights into the possible factors that limit
further improvements.

4.7.1 Ablation Studies

To investigate the appropriateness of our prompt design, we conduct ablation studies
on few-shot cross-domain NER in both fine-tuning and prompt-tuning settings. The
results are presented in Table 4.5. In the “NP” variant, prompts are removed during
test-time inference. In this case, the F1 scores across all datasets and settings suffer a
significant drop compared to our proposed PLTR. This demonstrates the crucial role of
incorporating prompts during both the training and inference processes. In the “RDW”
and “REW?” variants, prompts are constructed using randomly selected words from
the source domain and the given example, respectively. The performance of both the
“RDW” and “REW” model variants consistently falls short of PLTR, indicating that
PLTR effectively identifies important knowledge from the source domain and establishes
connections between unseen examples and the knowledge within the source domain.
Additionally, to explore the efficacy of type-related feature selection (refer to Sec-
tion 4.4.2), we conducted an evaluation of PLTR (BERT-base) using various frequency
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Table 4.4: OOD prompt-tuning results (Micro F1) on TechNews and Science. * indicates
a statistically significant difference (t-test, p < 0.05) when compared to FactMix.

OOD Prompt-tuning Results OOD Prompt-tuning Results
Backbone Dataset EntLM CF FactMix PLTR Dataset EntLM CF FactMix PLTR
BERT-base-cased TechNews 47.16 52.36 52.44 60.99’"Science 15.70 18.32 18.62 20.90*
BERT-large-cased 7 52,53 48.32 48.64 61.64* 15.32 1534 16.80 19.77*

Table 4.5: Ablation studies on TechNews and Science.
OOD Fine-tuning Results OOD Prompt-tuning Results
Dataset FactMix NP RDW REW PLTR FactMix NP RDW REW PLTR

TechNews 65.09 66.16 66.01 66.10 67.39 5244 54.01 5590 56.46 60.99
Science 29.72  29.84 30.02 30.06 31.50 18.62 18.78 18,72 19.19 20.90

ratios p (in Eq. 4.3). The results are presented in Table 4.6. As the value of p increases,
TRFs extracted using Eq. 4.3 become less closely associated with the specified entity
type but become more prevalent in other types. When the value of p is raised from 3 to
9, we observed only a slight decrease in the F1 scores of PLTR. When the value of p is
raised to 20, the F1 score of PLTR drops, but still surpasses the state-of-the-art baseline
FactMix. These results indicate that PLTR effectively identifies relevant TRFs for OOD
examples, considerably mitigating human interventions in the feature extraction process.

4.7.2 Influence of Training Samples

To examine the impact of the number of training samples, we compare the performance
of PLTR and FactMix on few-shot cross-domain NER using 100, 300, and 500 training
samples per entity type. Figure 4.3 displays the results based on the BERT-base-cased
model. PLTR consistently outperforms the previous state-of-the-art approach FactMix
in all settings with varying numbers of training examples, demonstrating the superiority
of our proposed method.

4.7.3 Analysis of Sentence Similarities

In our analysis of sentence similarities, we investigate the impact of PLTR on the
representation similarities between the source and target domains. We compute the
average SBERT similarities for sentence representations in PLTR (BERT-base) between
the source and target domains; the results are presented in Figure 4.4. With the prompts
generated by PLTR, the representation similarities between the source and unseen
domains noticeably increase. This is, PLTR facilitates a more aligned and connected
representation space, mitigating the gap between the source and target domains.
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Table 4.6: Influence of frequency ratio (p) on Al and Science (BERT-base, fine-tuning).

Frequency ratio p

Model Dataset 3 5 7 9 20
FactMix Al 24.67 24.67 24.67 24.67 24.67
PLTR 2841 2636 26.61 2642 25.70
FactMix Science 29.72  29.72 29.72 29.72 29.72
PLTR 31.78 30.07 30.11 30.58 29.91
0.72 0.36
B PLTR (ours) BPLTR (ours)
FactMix FactMix
0.7
0.68
i 0.66 L 0.28
0.64
0.62
0.6
100 300 500 100 300 500
Number of training instances per type Number of training instances per type
(a) TechNews. (b) Science.

Figure 4.3: Influence of training instances on TechNews and Science (BERT-base).

4.7.4 Influence of the Number of Selected Type-Related Features

We evaluate PLTR based on BERT-base in fine-tuning setting, with the number of
selected relevant type-related features K varying from 10 to 60. The results are shown
in Figure 4.5. Our observations indicate that as the number of type-related features
increases, the performance (F1 score) of PLTR initially improves because the model
incorporated with more features is able to encode more useful knowledge from the
source domain. But notice that the performance drops when the number of type-related
features is too large. In our experiments, we set the number of type-related features to
40 on all datasets.

4.7.5 Influence of Source Domains

We explore the performance of our proposed PLTR when trained on data from different
source domains, i.e., CONLLO3 and OntoNotes. Results in both the fine-tuning and
prompt-tuning settings are shown in Table 4.8. Our observations indicate that our
proposed PLTR consistently outperforms FactMix when trained on different domains.
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Figure 4.4: Analysis of sentence similarities on Al, Music, and Science (BERT-base,
fine-tuning).

Table 4.7: Error analysis on sentence lengths in test sets (BERT-base, fine-tuning).

Sentence length
Dataset <25 25-35 >35 Avg

In-domain 80.12 81.25 84.12 82.05
Al 2586 2471 29.65 28.41
Science 23.86 29.62 32.87 31.78

For instance, PLTR achieves an average improvement of 5.42% and 4.22% over FactMix
for "LOC” entities when using CoNLL03 and OntoNotes as source datasets, respectively.
This highlights PLTR’s capacity to extend to various source domains and entity types.

4.7.6 Error Analysis

Although our proposed PLTR outperforms state-of-the-art baselines, we would like
to analyze the factors restricting further improvements. Specifically, we compare the
performance of PLTR (BERT-base) on sentences of different lengths in the test sets
of the CoNLLO03 (In-domain), Al, and Science datasets. The results of the standard
fine-tuning setting are provided in Table 4.7. We observe that the F1 scores of PLTR on
sentences with more than 35 words (“> 35”) are substantially higher than the overall
F1 scores. In contrast, the F1 scores on sentences with 25 to 35 words (“25-35") or less
than 25 words (“< 25”) consistently fall below the overall F1 scores. This suggests that
it may be more challenging for PLTR to select TRFs and generate appropriate prompts
with less context.
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Figure 4.5: Influence of the number of selected relevant type-related features (KX) on Al
(BERT-base, fine-tuning).

4.8 Conclusions

In this chapter, we establish a new state-of-the-art framework, PLTR, for few-shot cross-
domain NER. To capture useful knowledge from the source domain, PLTR employs
mutual information criteria to extract type-related features. PLTR automatically selects
pertinent features and generates a unique prompt for each unseen example, bridging
the gap between domains. Experimental results show that PLTR not only effectively
generalizes standard fine-tuning methods to unseen domains, but also demonstrates
promising performance when incorporated with prompt-tuning-based approaches. Ad-
ditionally, PLTR substantially narrows the disparity between in-domain examples and
OOD instances, enhancing the similarities of their sentence representations.

With these findings, we are now in a position to affirmatively answer the thesis-
level research question RQ3: The proposed two-stage prompt learning framework
effectively guides IE models during both the training and inference processes, bridging
the gap between the source and unseen target domains. Additionally, by employing
the introduced mutual information criteria, we are able to distinguish informative type-
related features from the source domain, facilitating explicit knowledge transfer and
linking unseen examples to the knowledge within the source domain.

While PLTR achieves a new state-of-the-art performance, it has several limitations.
First, the number of type-related features for prompt construction needs to be manually
preset. Second, PLTR relies on identifying TRFs, which are tokens strongly associated
with entity types. Extracting and incorporating more complex features, such as phrases,
represents a promising direction for future research. In the future, we also plan to incor-
porate PLTR with different kinds of pre-trained language models, such as autoregressive
language models.

In the next chapter, we will examine the zero-shot generalization abilities of IE
frameworks.
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Table 4.8: Influence of source domains (BERT-base). In TechNews, there are no

annotations for “EVENT” entities.

Source: CoNLL03

Source: OntoNotes

Setting Model Dataset PER LOC ORG MISC Avg. PER LOC ORG EVENT Avg.
00D FactMix TechNews 85.65 5945 5931 2466 6520 5696 16.06 41.84 - 44.11
. . PLTR 86.00 7134 5993 2625 67.39 86.14 1833 57.71 - 65.31
Fine-tuning
Results FactMix Science 3543  31.28 2446 23,58 29.72 13.60 15.84 22.66 3.77 17.15
PLTR 36.27 39.38 36.57 2999 31.78 38,51 16.79 23.20 7.61 27.46
00D FactMix TechNews 82.88 55.05 39.82 16.12 5244 77.66 1620 38.92 - 53.19
. PLTR 8791 56.73 42.69 29.21 6099 79.27 20.26 42.67 - 54.91
Prompt-tuning
Results FactMix Science 2987 23.17 8.47 1430 18.62 33.14 3.96 7.54 2.90 19.83
PLTR 3851 2319 1046 1433 2090 3498 11.83 17.27 6.67 22.32
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Table 4.9: OOD fine-tuning results (Micro F1) over six datasets. * indicates a statisti-
cally significant difference (t-test, p < 0.05) when compared to FactMix.

OOD Fine-tuning Results

OOD Fine-tuning Results

Backbone Dataset Ori CF FactMix PLTR Dataset Ori CF FactMix PLTR
BERT-base-cased 41.46 61.20 65.20 67.39* 1046 19.33 19.49 23.86*
BERT-large-cased TechNews 52.63 67.51 69.98 70.51* Music 12.00 19.64 19.97 27.84*
RoBERTa-base 44.88 71.83 73.62 75.06* 11.78 22.24 23.75 30.52%
RoBERTa-large 51.76  73.11 74.89 75.14* 14.44 21.13 22.93 30.26*
BERT-base-cased 15.88 22.49 24.67 28.41* 21.38 41.84 43.60 44.97%
BERT-large-cased Al 18.62 26.00 26.25 30.25* Politics 29.77 43.37 43.84 45.85%
RoBERTa-base 18.63 32.03 32.09 33.87* 26.81 44.12 44.66 47.56*
RoBERTa-large 23.27 28.76 30.06 31.97* 28.56 45.87 45.05 48.35%
BERT-base-cased 12.85 22.89 25.70 27.39%* 1241 25.67 29.72 31.78*
BERT-large-cased Literature 17.53 24.96 26.25 27.83* Science 16.05 28.75 27.88 31.19*
RoBERTa-base 15.05 28.21 28.89 30.80* 14.17 33.33 34.13 34.87*
RoBERTa-large 19.20 2543 26.76 31.02% 17.25 31.36 32.39 35.08*
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Zero-Shot Information Extraction

Now, we turn to another interesting question: Is it possible for IE models to learn
from unannotated corpora and generalize in strict zero-shot settings? Existing zero-
shot IE frameworks tackle this problem by using the generalization capabilities of
large language models. Nevertheless, two major challenges remain: (i) state-of-the-art
methods neglect contextual correlations within target sentences, and (ii) they make
indiscriminate use of task demonstrations, which severely hinder the inference process
of large language models. In this chapter, we seek to tackle these challenges by asking
and addressing the following research question:

RQ4 For large language model-based IE frameworks, how can we capture contextual
correlations in unannotated corpora, and how can we enable discriminative
usage of task demonstrations?

In this chapter, we introduce CMAS, a cooperative multi-agent system that uses the
collective intelligence and specialized skills of multiple agents to address zero-shot IE
tasks. CMAS employs a type-related feature extractor and a demonstration discrimina-
tor to explicitly capture contextual correlations and automatically assess the quality of
retrieved demonstrations. Experimental results show that the proposed CMAS signifi-
cantly improves zero-shot named entity recognition and relation extraction performance
across five benchmarks, including both domain-specific and general-domain scenarios.

5.1 Introduction

In named entity recognition (NER), the task is to identify predefined named entities,
such as persons, locations, and organizations, based on their contextual semantics within
input texts. NER serves as a fundamental task in information extraction and is integral to
various downstream natural language processing (NLP) applications, including question
answering [75, 133], document understanding [60], and information retrieval [37, 46].
Current NER methods primarily use fully supervised learning paradigms and show
impressive performance across various benchmarks [114, 138, 166]. However, these

This chapter was published as Z. Wang, Z. Zhao, Y. Lyv, Z. Chen, P. Ren, M. de Rijke, and Z. Ren. A
cooperative multi-agent framework for zero-shot named entity recognition. August 2024. Under review.
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Atessis (Person) was a member of teams which set school
record 30-game winning streak that currently stands as the
twelfth-longest in NCAA history and was a three-year letterman
and three year starter at left defensive end.

Prediction: None

Proportion (%)

80
60
20 _40%
20

WikiGold ~ WNUT-17  OntoNotes ~ BioNLP11
Dataset

EZ2DJ (Miscellaneous) is a series of music video games created
by the South Korean company Amuseworld .
Prediction: {“EZ2D)”: Organization} X

o

(a) Overlooking correlated contexts surrounding enti- (b) Proportions of demonstrations without target en-
ties. tity types.

Figure 5.1: (a) Examples of incorrect type prediction and entity omission from an
existing method [170] due to overlooking correlated contexts surrounding entities. Red
texts represent wrongly recognized entities; golden labels are included in the brackets.
Blue texts highlight entity type-related features (TRFs), i.e., contexts strongly associated
with the entity types. (b) Proportions of selected demonstrations lacking target entity
types in the WikiGold [4], WNUT-17 [33], OntoNotes,! and BioNLP11 [116] datasets.
More than 40% of demonstrations do not contain any entity types within the target
sentence.

fully-supervised paradigms heavily rely on large-scale, human-annotated data. In real-
world scenarios, the availability of annotated data is typically restricted to specific
domains, severely hindering the generalizability and adaptability of NER models [156,
191].

Recently, large language models (LLMs), such as GPT-3.5, GPT-4, and Llama3,
have revolutionized natural language processing due to their zero-shot and few-shot
generalization capabilities [25, 100, 107, 108]. With their extensive search spaces and
large-scale pre-training data, LLMs have the potential to overcome the challenges of data
sparsity and generalizability faced by NER models. Motivated by these developments,
one research stream explores advanced prompting techniques to enhance few-shot
in-context learning (ICL) for NER [150]. Other efforts use specialized knowledge
to develop task-specific LLMs for NER [130, 191, 200] or employ LLMs as data
annotators or generators to augment smaller language models [65, 93]. Nevertheless,
these approaches still require deliberately selected annotated task examples or external
knowledge. The reasoning abilities of LLMs for zero-shot NER remain underexplored.

To address zero-shot NER, Wei et al. [162] transform this task, where no labeled
data is available, into a two-stage question-answering process by chatting with LLMs.
Xie et al. [170] conduct a systematic empirical study on zero-shot NER using LLMs
and tailor prevalent reasoning methods, such as tool augmentation and majority voting,
to adapt ChatGPT for zero-shot NER. Furthermore, to reduce reliance on external
tools, Xie et al. [171] enhance the self-learning capabilities of LLMs through a self-
improvement mechanism. Specifically, LLMs initially annotate unlabeled corpora with
self-consistency scores. Subsequently, for each test input, inference is conducted using
in-context learning (ICL) with demonstrations retrieved from the self-annotated dataset.
Despite these advances, current zero-shot NER methods still encounter two challenging
problems:

'https://catalog.ldc.upenn.edu/LDC2013T19
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5.1. Introduction

Challenge 5.1: Overlooking correlations between contexts surrounding entities.
Prior work [162, 170, 171] focuses exclusively on recognizing entities within
the target sentence. However, the contexts surrounding entities of the same type
are correlated, and identifying contexts that are strongly associated with entity
types plays a crucial role in facilitating the generalization of pretrained language
models for the NER task [156]. Neglecting these contextual correlations can lead
to incorrect type predictions or entity omissions, severely impeding the adaptation
of LLMs to zero-shot scenarios. For instance, as shown in Figure 5.1(a), the
existing method [170] fails to recognize “member” and “teams,” which are closely
related to Person entities, in the target sentence, resulting in the omission of the
entity “Atessis.”

To tackle this issue, we propose redefining the traditional NER task into two
subtasks: recognizing named entities and identifying entity type-related features
(TRFs [156], i.e., tokens strongly associated with entity types).

Challenge 5.2: Indiscriminate use of task demonstrations. To enhance task under-
standing and guide inference, recent zero-shot NER methods [170, 171] use both
task instructions and task-specific demonstrations as input prompts for LLMs.
However, these methods employ shallow strategies for demonstration retrieval,
such as random sampling and k-nearest neighbors, resulting in the frequent emer-
gence of low-quality demonstrations. For instance, as illustrated in Figure 5.1(b),
approximately 87.33% and 76.94% of selected demonstrations do not contain
any target entity types in the test sentences from the WNUT-17 and OntoNotes
datasets, respectively.

The indiscriminate use of unhelpful or irrelevant demonstrations substantially
misleads the inference process of LLMs and degrades models’ prediction abilities.
To address this problem, we incorporate a self-reflection mechanism [2, 137],
enabling LLMs to reflect on the helpfulness of retrieved demonstrations and
selectively learn from them.

Contributions. Note that existing LLMs suffer from severe performance degradation
with long input contexts [64, 82] and complex instruction following [120, 127]. Thus,
it is challenging to effectively capture contextual correlations and discriminative use
retrieved demonstrations through single-turn or multi-turn dialogues with LLMs. In-
spired by the collective intelligence and specialized skills of language model-based
agents [48, 168], in this chapter, we present a framework, named the cooperative
multi-agent system (CMAS), for zero-shot NER, to address the challenges listed.

As Figure 5.2 illustrates, CMAS consists of four main agents: (i) a self-annotator,
(ii) a type-related feature extractor, (iii) a demonstration discriminator, and (iv) an
overall predictor. First, adopting the self-improving strategy outlined in [171], CMAS
employs an LLM as the self-annotator to create self-annotated data through predictions
on unlabeled corpora. Then, to empower the simultaneous extraction of entities and
contextual correlations, CMAS redefines the NER task into two subtasks: recognizing
named entities and identifying entity type-related features within the target sentence.
To achieve this, an LLM-based type-related feature extractor is developed to pinpoint
words or phrases closely related to different entity types from the surrounding contexts
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Target sentence: EZ2DJ is a

Self-annotator

series of music video games
created by the South Korean
company Amuseworld.
Answer: ?

Unlabeled corpus

Basic LLMs

E Text: The album cover's
artwork was provided by
Mattias Noren.
Answer: [{'Mattias Noren':

Demonstration selection

'Person'}]

Outputs
[{'EZ2DJ": 'Organization'}] X

[{'EZ2DJ’: 'Miscellaneous'}] \/

I

S
TRF extractor
Prompt: Given the entity label set: {label
set}, please identify the TRFs for the
provided sentences. TRFs are tokens that
are strongly associated with the entity
types and relevant to these sentences.

(Selected demonstrations with pseudo

Discriminator

Prompt: Based on the TRFs for the target
sentence, please predict the helpfulness
scores of each sentence, which indicates
the degree to which providing the current
example can assist entity recognition for

- Overall predictor
e

Prompt: Given the entity label set:
{label set} and the target sentence,
consider the TRFs and helpfulness
scores for demonstrations to recognize
entities in the target sentence.
(Prompts and responses from the
discriminator)

TRF labels) the target sentence.

(Selected demonstrations)

Figure 5.2: An overview of CMAS. The red dotted lines indicate the workflow of
an existing method [171], which leads to incorrect predictions. In contrast, the black
solid lines illustrate the workflow of our proposed CMAS, which consists of four key
agents: (i) a self-annotator, (ii) a type-related feature extractor, (iii) a demonstration
discriminator, and (iv) an overall predictor.

using specialized in-context learning (ICL). Additionally, pseudo-labels for TRFs
are generated using mutual information criteria, streamlining the inference process
of the TRF extractor without requiring human interventions. Given the entity type
features relevant to the target sentence, the demonstration discriminator integrates a
self-reflection mechanism [2] to automatically assess the helpfulness of each selected
demonstration in making predictions on the target test sentences. Finally, with extracted
TRFs and predicted helpfulness scores of demonstrations, the overall predictor performs
inference on each incoming test sentence with a two-stage self-consistency strategy [151,
170], selectively learning from retrieved demonstrations while considering contextual
correlations.
Our contributions are summarized as follows:

* To the best of our knowledge, ours is the first study to design a cooperative multi-
agent system for zero-shot NER that harnesses the collaborations and unique
roles of multiple agents to integrate contextual correlations and the self-reflection
mechanism.

* We redefine NER into two subtasks: recognizing named entities and identifying
entity type-related features. In this way, CMAS effectively captures contextual
correlations between the contexts during entity recognition, thereby reducing
incorrect type predictions and entity omissions.

* We incorporate a self-reflection mechanism into the demonstration discriminator.
By evaluating the helpfulness scores for entity extractions in target sentences,
CMAS is capable of discriminately using and learning from selected demonstra-
tions.
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* Experimental results across five benchmarks demonstrate that our proposed
CMAS achieves state-of-the-art performance on zero-shot NER, including both
domain-specific and general-domain scenarios.

5.2 Related Work

We survey related work in three dimensions: (i) reasoning with LLMs, (ii) LLMs on IE,
and (iii) LLM-based multi-agent systems.

5.2.1 Reasoning with Large Language Models

LLMs demonstrate exceptional zero-shot and few-shot reasoning capabilities, particu-
larly when prompted to provide intermediate rationales for solving problems. Recent
studies in both few-shot and zero-shot frameworks explore eliciting a chain-of-thought
(CoT) process from LLMs. These studies encourage LLMs to refine their responses
incrementally, enhancing the reasoning process step-by-step [68, 146, 161, 190]. Addi-
tionally, strategies like problem decomposition such as least-to-most prompting [198],
break down complex problems into manageable sub-problems, addressing them sequen-
tially. Meanwhile, the self-consistency approach [151] involves generating a diverse
array of responses from an LLM, subsequently selecting the optimal answer by aver-
aging over these possibilities. In this chapter, we focus on investigating the zero-shot
reasoning ability of LLM on the NER task.

5.2.2 Large Language Model on Information Extraction

Evaluating the performance of powerful LLMs on IE tasks is garnering significant
attention [71, 76, 93, 150, 166, 191]. Wei et al. [162] propose a two-stage chatting
paradigm for IE. In the first stage, ChatGPT is tasked with recognizing types of elements.
In the second stage, it extracts mentions corresponding to each identified type. Han et al.
[51] present a comprehensive analysis of LLM’s capabilities in IE tasks, examining
aspects such as performance, evaluation criteria, robustness, and prevalent errors.

Meanwhile, Xie et al. [170] conduct a systematic empirical study on the reasoning
abilities of LLMs in IE, particularly examining performance in zero-shot NER tasks.
Xie et al. [171] focus on enhancing the performance of zero-shot NER using LLMs
by introducing a training-free self-improving framework that uses an unlabeled corpus
to stimulate the self-learning capabilities of LLMs. Additionally, Wan et al. [145]
employ the chain-of-thought (CoT) approach for relation extraction (RE), using LLMs
to generate intermediate rationales based on demonstrations from the training set.

5.2.3 Large Language Model-Based Multi-Agent Systems

LLMs exhibit remarkable capabilities in reasoning and planning, aligning with hu-
man expectations for autonomous agents capable of perceiving their environments,
making decisions, and taking responsive actions [47, 80, 165, 168]. Consequently,
LLM-based agents are increasingly designed to understand and generate human-like
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instructions, enhancing complex interactions and decision-making across various con-
texts [79, 137, 182]. Building on the abilities of individual LLM-based agents, the
concept of LLM-based multi-agent systems has been introduced. Such systems use the
collective intelligence and specialized skills of multiple agents, enabling collaborative
engagement in planning, decision-making, and discussions, mirroring the cooperative
nature of human teamwork in problem-solving.

Recent research demonstrates the efficacy of LLM-based agents in diverse applica-
tions, including game simulation [149, 176], software development [56, 118], society
simulation [110, 111], multi-robot systems [97, 186], and policy simulation [169]. Com-
prehensive updates on the advancements of LLM-based agents are detailed in recent
surveys [48, 148, 168]. To the best of our knowledge, ours is the first study to develop a
LLM-based cooperative multi-agent system tailored for zero-shot NER tasks.

In this chapter, we focus on the zero-shot NER task. The work most closely
related to ours is [162, 170, 171]. However, existing methods still face two challenging
problems: (i) they overlook correlations between contexts surrounding entities, and
(i1) they make indiscriminate use of task demonstrations. In our proposed CMAS, to
explicitly model contextual correlations within target sentences, both named entities
and TRFs are simultaneously extracted using specialized ICL. To enable controllable
usage of demonstrations, a self-reflection mechanism is incorporated to automatically
predict the helpfulness score of each selected demonstration for inference on the target
sentences.

5.3 Task Formulation

To explicitly capture contextual correlations during the entity extraction process, we
reinterpret the original NER task as two subtasks: recognizing named entities and
identifying entity type-related features within the target sentence.

Zero-Shot NER. In this chapter, we focus on the NER task in the strict zero-shot
setting [171]. In this setting, no annotated data is available; instead, we only have
access to an unlabeled corpus D,,. Specifically, given an input sentence X = x1,..., %y
with n words from the test set D;, our aim is to recognize structured outputs y from x,
consisting of a set of (e, t) pairs. Here, e is an entity span, a sequence of tokens from x,
and ¢ is the corresponding entity type from a predefined set T, such as persons, location,
or miscellaneous.

TRF Extraction. Type-related features (TRFs), which are tokens strongly associated
with entity types, are critical for the generalization of NER models [156]. Given an input
sentence x € D, including entity types 7, the goal of TRF extraction is to identify all
TRFs R that are related to the input sentence x for all entity types in 7,. Each TRF
w € R is an m-gram span. For instance, as illustrated in Figure 5.1(a), “member” and
“teams” are TRFs associated with the person entity type, while “music video games” is
recognized as the TRF for the Miscellaneous type.
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5.4 CMAS: Cooperative Multi-Agent System

In this section, we present the four main agents of the proposed CMAS as described in
Figure 5.2: (i) a self-annotator (see Section 5.4.1), (ii) a type-related feature extractor
(see Section 5.4.2), (iii) a demonstration discriminator (see Section 5.4.3), and (iv)
an overall predictor (see Section 5.4.4). Initially, the self-annotator uses an LLM
to produce self-annotated data by making predictions on the unlabeled corpus and
preliminarily retrieves demonstrations using a similarity-based strategy. Next, the type-
related feature extractor automatically acquires pseudo-labels for TRFs using mutual
information criteria and identifies words or phrases strongly associated with different
entity types using specialized ICL. Subsequently, the demonstration discriminator
incorporates a self-reflection mechanism to evaluate the helpfulness scores of each
retrieved demonstration for predictions on the target input sentence. Finally, given
the extracted TRFs and predicted helpfulness scores, the overall predictor performs
inference on the target sentences by employing question-answering prompts and a two
stage self-consistency strategy.

5.4.1 Self-Annotator for Unlabelled Data

As mentioned in Sections 5.1 and 5.3, we only have access to an unlabeled corpus
D, in zero-shot NER. Inspired by the self-improvement strategy [171], we have
established an LLM-based self-annotator to guide the inference of LLMs, which first
annotates the unlabeled corpus with zero-shot prompting and then preliminarily selects
demonstrations from the self-annotated data for each target sentence.

Self-annotation. For each unlabeled sample z; € D,,, we generate predictions using
LLMs with zero-shot prompting. This process is formulated as follows:

yi = arg max Ps(y|Ts, x;), 5.1
y

where T is the prompt template used for self-annotation. Table 5.1 illustrates an
instance of T,. The predictions y; = {(e,t] )}é.:1 consist of pairs of entity mentions
and types, where [ is the number of the predicted entity mentions. P; is the output
probability of the self-annotator. To enhance the reliability of the annotations, we
use self-consistency (SC) [151] and adopt a two-stage majority voting strategy [170].
Specifically, we sample multiple responses from the model. In the first stage, we
consider a candidate mention as an entity if it is present in more than half of all
responses; otherwise, we discard it. In the second stage, for each mention retained
from the first stage, we determine the entity type label based on the majority agreement
among the responses and assign this as the final predicted label.

Preliminary demonstration selection. When a target sentence x? arrives, our goal
here is to retrieve k relevant demonstrations S = {x;,y;}*_; from the reliable self-
annotated dataset. Specifically, to achieve a better trade-off between similarity, diversity,
and reliability, we employ a diverse nearest neighbors with SC ranking strategy [171],
which first retrieves K nearest neighbors based on cosine similarities between sentence
representations and then selects samples with the top-k SC scores.
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Table 5.1: Prompts used for the self-annotator.

Prompts used for the self-annotator

Given entity label set: [ ‘Organization’, ‘Person’, ‘Location’, ‘Miscellaneous’],

please recognize the named entities in the given text. Provide the answer in the
following JSON format: [{ ‘Entity Name’: ‘Entity Label’}]. If there is no entity
in the text, return the following empty list: [].

Text: The album cover’s artwork was provided by Mattias Noren.
Answer:

5.4.2 Type-Related Feature Extractor

To capture correlations between contexts surrounding entities, we design an LLM-
based type-related feature (TRF) extractor using specialized in-context learning (ICL).
Specifically, we use mutual information criteria [156] (see Section 4.4.1) to generate
pseudo TRF labels {R;}%_, for self-annotated demonstrations S = {x;, y; }*_,, which
are selected for the test input x?. Building on this, we apply the specialized ICL prompts
to identify relevant TRFs R? for x9.

Pseudo-label generation. To facilitate TRF extraction for the target sentence x9, we
generate pseudo TRF labels for its self-annotated demonstrations S = {x;, y,-}i-":1
using a mutual information-based method [156] (see Section 4.4.1). Specifically, we
define D, as a set containing all sentences from the unlabeled corpus D,, where entities
of the ¢-th type appear. The complementary set, D,,\D;, includes sentences that do not
contain entities of the ¢-th type. To identify TRFs R! associated with the ¢-th entity
type, we apply the following filtering condition:

Cp,\p,(W)

. (W) <p, Cp,(w)>0, (5.2)
where Cp, (W) represents the count of the m-gram w in Dy, and Cp\ p, (W) represents
its count in the rest of D,, excluding D,. The parameter p is an m-gram frequency
ratio hyperparameter. By applying this criterion, we ensure that w is considered a
part of the TRF set of D; only if its frequency in Dy is significantly higher than its
frequency in other sets (D,,\D;). Given the smaller size of D; relative to D, \D;, we
select p > 1 but avoid excessively high values to include features associated with D,
and potentially relevant to other entity types within the TRF set of D;. Based on this, for
every self-annotated demonstration x; € S, we compute the Euclidean distance between
BERT-based embeddings of each extracted TRF w and each token in x;, selecting the
top-5 features as pseudo TRF labels R; of x;.

TRF Extraction. Given the target sentence x? and its corresponding demonstrations
Sa = {xi,¥i, Ri}¥_, equipped with pseudo-labels, we construct specialized ICL
prompts to facilitate the identification of relevant TRFs for x9. The inference process is

82



5.4. CMAS: Cooperative Multi-Agent System

Table 5.2: Prompts used for the TRF extractor.

Prompts used for the TRF extractor

Here, we provide some example sentences with the corresponding TRFs. TRFs
mean type-related features, which are tokens that are strongly associated with the
entity types and relevant to these sentences.

Given entity label set: [‘Organization’, ‘Person’, ‘Location’, ‘Miscellaneous’],
please identify the TRFs for the target sentences. Provide the answer in the
following list format: [‘'TRF1’, ‘TRF2’,...].

Text: His parents were encouraged by a friend to develop the child’s musical
talents and he studied classical piano in the United States.
TREF set: [‘father’, ‘songs’, ‘player’, ‘United States’, ‘French’]

Target sentence: UK Edition came with the OSC-DIS video, and most of the
tracks were re-engineered.
TREF set:

formulated as follows:

R? = argmax P.(R|T., Sq,x7), (5.3)
R

where T, represents the specialized ICL prompt template. Table 5.2 provides a detailed
instance of T,. P,(+) represents the output probability of the TRF extractor.

5.4.3 Demonstration Discriminator

As mentioned in Section 5.1, demonstrations retrieved using shallow similarity-based
strategies can be highly irrelevant to target sentences, severely misleading the predictions
of LL.Ms. To address this issue, we employ an LLM-based demonstration discriminator
with a self-reflection mechanism [2, 137] to automatically evaluate the helpfulness of
each initially selected demonstration for making predictions on the target test sentences.
To achieve this, we consider the TRFs of both the demonstrations and the target sentence,
extracted by the TRF extractor (see Section 5.4.2), as well as the self-labeled entity
labels from the self-annotator (see Section 5.4.1). The prompts used for helpfulness
score prediction are shown in detail in Table 5.3. Formally, given demonstrations
Sa = {x4,yi, Ri}le selected for the target sentence x? with extracted TRFs RY, the
corresponding helpfulness scores {h; }¥_, are predicted by

h; = argmax P;(h|Ty,Sq, R?, x;,x9), (5.4)
h
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Table 5.3: Prompts used for the demonstration discriminator.

Prompts used for the demonstration discriminator

Here, we provide some example sentences and the corresponding entity labels
and TRFs. TRFs mean type-related features, which are tokens that are strongly
associated with the entity types and relevant to these sentences.

Given entity label set: [‘Organization’, ‘Person’, ‘Location’, ‘Miscellaneous’],
target sentence: ‘UK Edition came with the OSC-DIS video , and most of the
tracks were re-engineered.” and its TRF set:[‘video’, ’tracks’].

Please predict the helpfulness scores of each sentence, which indicates the
degree to which providing the current example can aid in extracting named
entities from the target sentence. The score ranges from 1 to 5, with 1 being
the least helpful and 5 being the most helpful. Provide answer in the following
JSON format: [{‘sentence id’: ‘helpfulness score’}].

Text: His parents were encouraged by a friend to develop the child’s musical
talents and he studied classical piano in the United States.

TREF set: [‘father’, ‘songs’, ‘player’, ‘United States’, ‘French’]

Entity labels: [{‘United States’: ‘Location’ }]

where T denotes the prompt template used in the demonstration discriminator. Py(+)
denotes the output probability of the demonstration discriminator.

5.4.4 Overall Predictor

Finally, given the extracted TRFs and predicted helpfulness scores, we establish an
LLM-based overall predictor to conduct inference on the target sentences. Specifically,
let S, = {xi,¥i, i, Ri}le represent the self-annotated demonstrations selected for
the test input x9, along with the corresponding helpfulness scores {h;}*_; and TRFs
{R;}¥_,. As Table 5.4 shows, CMAS conducts overall predictions on x¢ by integrating
the dialogue in the demonstration discriminator and constructing a question-answering
prompt template T,. The overall prediction is obtained by

y9 = argmax P,(y|T,, So, x%), (5.5)
y

where P,(-) denotes the output probability of the overall predictor. Similar to the
self-annotation process (see Section 5.4.1), to improve the reliability and consistency
of the final results, we sample multiple responses from LLMs and adopt a two-stage
self-consistency strategy.
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Table 5.4: Prompts used for the overall predictor.

Prompts used for the overall predictor

Given entity label set: [‘Organization’, ‘Person’, ‘Location’, ‘Miscellaneous’],
please consider the TRFs and helpfulness scores for the above sentences to
recognize the named entities in the target sentence. Provide the answer in the
following JSON format: [{‘Entity Name’: ‘Entity Label’ }]. If there is no entity
in the text, return the following empty list: [].

Target sentence: UK Edition came with the OSC-DIS video, and most of the
tracks were re-engineered.
Answer:

Now that we have described the four specialized agents that make up the core of CMAS,
we recall the coordinated workflow of CMAS, as illustrated in Figure 5.2. To start, the
self-annotator incorporates a self-improvement strategy and employs an LLM to gener-
ate self-annotated data from an unlabeled corpus D,,, and preliminarily retrieves reliable
demonstrations S = {x;, y;}¥_, for each test input x. Next, the type-related feature
extractor uses mutual information criteria to derive pseudo TRF labels {R;}¥_, for the
self-annotated demonstrations and facilitates identifying relevant contextual correlations
R4 for x4 using specialized ICL. Furthermore, the demonstration discriminator, consid-
ering the TRFs of both the target sentence and its self-annotated demonstrations, applies
a self-reflection mechanism to automatically assess the helpfulness scores {h; }¥_; of
selected demonstrations in making predictions for each target sentence x?. Finally, the
overall predictor constructs a question-answering prompt template T, synthesizing
TRFs and helpfulness scores, to obtain the final prediction y? for each target sentence x9.
Throughout their specialized abilities and communications, the designed agents work
collaboratively to enhance both the effectiveness and generalizability of our proposed
CMAS for zero-shot and few-shot IE tasks (see Sections 5.6 and 5.7).

5.5 Experiments

5.5.1 Research Questions

In our experiments, we decompose the thesis-level research question RQ4 into the
following more specific questions:

RQ4.1 Does CMAS outperform state-of-the-art methods on the zero-shot NER task?
(Section 5.6.1)

RQ4.2 Can CMAS be generalized to the few-shot setting? (Section 5.6.2)
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5.5.2 Datasets

In our experiments, we evaluate the proposed CMAS on both general-domain and
domain-specific datasets. Detailed statistics of the datasets used are shown in Table 5.5.
For our general-domain experiments, we consider three commonly used benchmarks,
namely the WikiGold [4], WNUT-17 [33], and OntoNotes? datasets. For our domain-
specific experiments, we evaluate CMAS on the GENIA [106] and BioNLP11 [116]
datasets in the biomedical domain.

For zero-shot NER, to keep API usage costs under control, we randomly sample
300 examples from the test set three times and calculate the average performance. An
exception is made for WikiGold, which has a test set of only 247 examples. Additionally,
we randomly sample 500 examples from the training set as the unlabeled corpus. In
the few-shot settings, we examine configurations including 0-shot, 3-shot, 5-shot, and
10-shot, where “shot” refers to the number of demonstrations with gold labels provided
to LLMs (see Section 5.6.2). For each setting, we randomly sample three sets of
demonstrations and compute the average results.

Table 5.5: Statistics of the datasets used. The training set is formed by combining the
original training and development sets.

Dataset WikiGold WNUT-17 OntoNotes GENIA BioNLP11

#Train 1,422 4,403 68,452 16,692 3,217
#Test 274 1,287 8,262 1,854 1,961

5.5.3 Baselines

For the zero-shot and few-shot NER tasks, we compare our proposed CMAS with the
following baselines:

* Vanilla [170, 171] employs a straightforward and common prompting strategy
that directly asks LL.Ms to extract entity labels from input texts.

ChatIE [162] transforms the zero-shot NER task into a multi-turn question-
answering problem using a two-stage framework.

* Decomposed-QA [170] breaks down the zero-shot NER task into a series of
simpler subproblems by labels and follows a decomposed-question-answering
paradigm, where the model extracts entities of only one label at a time.

* Based on Decomposed-QA, SALLM [170] further adopts syntactic augmentation
to stimulate the model’s intermediate reasoning in two ways, including syntactic
prompting and tool augmentation.

SILLM [171] applies a self-improving framework, which uses unlabeled corpora
to stimulate the self-learning abilities of LLMs in zero-shot NER.

2https://catalog.ldc.upenn.edu/LDC2013T19
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5.6. Experimental Results

In our experiments, we evaluate all the aforementioned baselines for the zero-shot
NER task. For few-shot NER, we assess SILLM [171] and Vanilla [170, 171] since
ChatlE [162], Decomposed-QA [170], and SALLM [170] do not incorporate task
demonstrations in their prompt templates. Additionally, we report the highest results
obtained from the model variants of SALLM [170] and SILLM [171] in our experi-
ments. For fair comparisons and cost savings, we employ GPT-3.5 (specifically, the
gpt-3.5-turbo-0125 model?) as the LLM backbone for all baselines and agents in
CMAS. We use the text —embedding-ada-002 model,* a text-embedding model
from OpenAl, to obtain sentence representations. We access OpenAl models using the
official APIL.

5.5.4 Evaluation Metrics

Following previous work [170, 171], we conduct our evaluation of zero-shot and few-
shot NER tasks using only complete matching and employing the micro F1-score to
assess the NER task. We consider a prediction correct only when both the boundary
and the type of the predicted entity exactly match those of the true entity.

5.5.5 Implementation Details

Following Xie et al. [171] and Wang et al. [147], we set the number of nearest neighbors
K = 50 during self-annotation and the number of task demonstrations £ = 16. For SC
scores, we set the temperature to 0.7 and sample 5 answers. We set the frequency ratio
hyperparameter p to 3 for all experiments and only consider 1-gram texts for simplicity.

5.6 Experimental Results

To answer RQ4.1 and RQ4.2, we assess the performance of CMAS on both zero-shot
and few-shot NER tasks.

5.6.1 Results on Zero-Shot NER

We turn to RQ4.1. Table 5.6 shows the experimental results on both general-domain
and domain-specific datasets. To ensure fair comparisons, we reproduce all the baseline
models using the gpt—3.5-turbo-0125 model, as they are implemented with
different versions of GPT-3.5 in the original papers. Based on the results, we have the
following observations:

e Zero-shot NER is challenging, and baseline models struggle to achieve an F1-
score above 60% on most of the datasets. For instance, ChatIE only obtains
Fl-scores of 37.46% and 29.00% on the WNUT-17 and OntoNotes datasets,
respectively.

3https://platform.openai.com/docs/models/gpt-3-5-turbo
4https://platform.openai.com/docs/models/embeddings
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Table 5.6: Zero-shot NER results (F1) on both general-domain and domain-specific
datasets. Numbers in bold are the highest results for the corresponding dataset, while
numbers underlined represent the second-best results. Significant improvements against
the best-performing baseline for each dataset are marked with * (t-test, p < 0.05).

Datasets
Model
WikiGold WNUT-17 OntoNotes GENIA BioNLP11

Vanilla [170, 171] 74.27 40.10 45.09 43.47 53.92
ChatlE [162] 56.78 37.46 29.00 47.85 45.56
Decomposed-QA [170] 64.05 42.38 35.96 34.03 57.26
SALLM [170] 72.14 38.66 44.53 42.33 55.06
SILLM [171] 72.72 41.65 45.34 41.50 44.99
CMAS (ours) 76.23* 47.98* 46.23* 50.00* 60.51*

* CMAS achieves the highest F1-scores across all datasets, indicating its superior
performance. For instance, CMAS attains F1-scores of 76.23% and 60.51% on
the WikiGold and BioNLP11 datasets, respectively.

* CMAS significantly outperforms the previous state-of-the-art baselines across all
datasets. For example, CMAS achieves improvements of 13.21% and 4.49% over
the best-performing baselines on the WNUT-17 and GENIA datasets, respectively.

In summary, CMAS demonstrates its effectiveness in recognizing named entities in a
strict zero-shot setting. The identification of contextual correlations and the evaluation
of helpfulness scores for task demonstrations are beneficial for zero-shot NER.

5.6.2 Results on Few-Shot NER

To investigate the effectiveness of CMAS on the few-shot setting, we turn to RQ4.2.
Figure 5.3. In our experiments, we evaluate CMAS and the baselines in 0-shot, 3-shot,
5-shot, and 10-shot settings, where micro F1-scores are reported. Based on Figure 5.3,
we arrive at the following conclusions:

* Increasing the number of demonstrations with gold labels does not necessarily
enhance the prediction performance of LLMs. For example, as the number of
demonstrations with gold labels increases from O to 10, the Fl-score of the
Vanilla model significantly drops from 40.10% to 27.10% on the WNUT-17
dataset. This decline may be due to the random selection of demonstrations,
which can be highly irrelevant to the target sentence and severely misguide the
inference process of LLMs.

* CMAS achieves the highest F1-scores and consistently outperforms the state-of-
the-art baselines across all few-shot settings, demonstrating its effectiveness and
robustness. For example, CMAS exhibits an average improvement of 19.51%
and 15.85% over SILLM on the WNUT-17 and GENIA datasets, respectively.
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Figure 5.3: Few-shot NER results (F1) on WikiGold, WNUT-17, and GENIA.

In summary, our proposed CMAS not only effectively extracts entities in the strict
zero-shot setting but also achieves the highest F1-scores across all few-shot settings
while maintaining robustness to irrelevant demonstrations.

5.7 Analysis

Now that we have addressed our research questions, we take a closer look at CMAS to
analyze its performance and generalizability. We explore the contributions of the type-
related feature extractor and demonstration discriminator to its effectiveness, assess
its capability in error correction, and examine its extensibility to zero-shot relation
extraction (RE) tasks.

5.7.1 Ablation Studies

To study the individual contributions of each component to CMAS’s performance, we
conducted ablation studies on the WikiGold, WNUT-17, and GENIA datasets. The
results are presented in Table 5.7. Given that the demonstration discriminator relies
on entity type-related information from the TRF extractor, it is not feasible to indepen-
dently remove the TRF extractor. When we ablate only the demonstration discriminator
(‘- Discriminator’), the overall predictor incorporates only TRF for retrieved demon-
strations and target sentences. This exclusion results in a significant drop in CMAS’s
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Table 5.7: Ablation studies (F1) on WikiGold, WNUT-17, and GENIA.

Model Datasets
WikiGold WNUT-17 GENIA

Vanilla [170, 171] 74.27 40.10 43.47
ChatlE [162] 56.78 37.46 47.85
Decomposed-QA [170] 64.05 42.38 34.03
SALLM [170] 72.14 38.66 42.33
CMAS (ours) 76.23 47.98 50.00

- Discriminator 73.76 45.44 48.41

- TRF extractor 72.72 41.65 41.50

performance across all three datasets. For instance, CMAS achieves 3.34% and 5.59%
higher F1 scores on the WikiGold and GENIA datasets, respectively, compared to its
model variant without the demonstration discriminator.

These findings highlight the crucial role of evaluating the usefulness of retrieved
demonstrations in making predictions. In scenarios where both the demonstration
discriminator and the TRF extractor are ablated (‘- TRF Extractor’), CMAS reverts to
the baseline model, SILLM. The results indicate that identifying contextual correlations
surrounding entities considerably enhances SILLM’s performance. Notably, the variant
of CMAS that includes only the TRF extractor consistently outperforms all baselines
across the datasets. In summary, both the demonstration discriminator and the TRF
extractor contribute markedly to CMAS’s performance improvements over the baselines
in the zero-shot NER task.

Table 5.8: Numbers of different error types on WNUT-17. Numbers in bold denote
the best results for the corresponding error type, i.e., the least errors, while numbers
underlined represent the second-best results.

Error Types ChatlIE SALLM SILLM CMAS
Type OOD types 18 1 3 1
Wrong types 24 15 13 8
Boundary Contain gold 10 14 16 9
Contained by gold 25 7 8 5
Overlap with gold 53 21 33 15
Completely-Os 223 50 25 77
OOD mentions 14 4 19 4
Omitted mentions 34 93 124 71
Total 401 205 241 190
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Figure 5.4: Percentages of different error types on WNUT-17 using CMAS.

5.7.2 Error Analysis

To investigate CMAS’s error correction capabilities, we conduct an analysis of the
following errors on the WNUT-17 dataset:

Type errors: (i) OOD types are predicted entity types not in the predefined label
set; (ii) Wrong types are predicted entity types incorrect but in the predefined
label set.

Boundary errors: (i) Contain gold are incorrectly predicted mentions that
contain gold mentions; (ii) Contained by gold are incorrectly predicted mentions
that are contained by gold mentions; (iii) Overlap with gold are incorrectly
predicted mentions that do not fit the above situations but still overlap with gold
mentions.

Completely-Os are incorrectly predicted mentions that do not coincide with any
of the three boundary situations associated with gold mentions.

OOD mentions are predicted mentions that do not appear in the input text.

Omitted mentions are entity mentions that models fail to identify.

Figure 5.4 visualizes the percentages of error types. The majority error types are
completely-Os and ommited mentions, which account for 77.90% of all errors. hese
errors may result from incomplete annotations or predictions influenced by the prior
knowledge of LLMs. Table 5.8 summarizes the statistics of error types. With the
implementation of the proposed type-related feature extractor and demonstration dis-
criminator, CMAS significantly reduces the total number of errors by 7.32% and 21.61%
compared to state-of-the-art baselines SALLM and SILLM, respectively, demonstrating
its remarkable effectiveness in error correction.
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Table 5.9: Zero-shot RE results (F1) on FewRel and Wiki-ZSL. The results of the base-
lines, including R-BERT, ESIM, CIM, ZS-BERT, and Vanilla, are retrieved from [77].
Numbers in bold are the highest results for the corresponding dataset, while numbers
underlined represent the second-best results. Significant improvements against the
best-performing baseline for each dataset are marked with * (t-test, p < 0.05).

Model FewRel Wiki-ZSL

5 10 15 5 10 15
R-BERT [167] 45.17 2820 18.08 41.15 27.82 18.03
ESIM [19] 57.33 4352 3032 48.16 4478 2842
CIM [128] 59.92 4823 3243 4922 4557 29.86

ZS-BERT [17] 7790 57.25 36.82 71.96 60.74 34.25

Vanilla [77] 70.08 4429 26.70 67.50 4392 2528
SILLM 68.91 4588 32.63 66.10 44.73 30.21
CMAS (ours)  76.28 62.06* 43.52* 74.83" 61.54* 42.45*

5.7.3 Results on Zero-Shot Relation Extraction

To investigate the generalizability of CMAS across different information extraction
(IE) tasks, we assess its performance in zero-shot relation extraction (RE) using two
widely used datasets, FewRel [52] and Wiki-ZSL [17]. Following Chen and Li [17],
we randomly select 5, 10, and 15 unseen relations for evaluation. Notably, as FewRel
and Wiki-ZSL do not provide entity type information, we employ the macro F1-score
as our evaluation metric. For comparison, we choose well-established zero-shot RE
baselines, including R-BERT [167], ESIM [19], CIM [128], and ZS-BERT [17]. Due to
the unavailability of open-source code for the recent methods RE-Matching [192] and
SumAsk [77], we do not include these two methods in our experiments. For LLM-based
methods, we implement Vanilla prompting as described in [77], which directly asks
LLMs to extract relation labels from text through instructions. Moreover, we adapt
SILLM and our proposed CMAS for zero-shot RE based on Vanilla prompting. To
minimize experimental variability, we repeated the unseen relation selection process
using five different random seeds to generate the test sets.

The results obtained by varying the number of unseen relations on the FewRel and
Wiki-ZSL datasets are summarized in Table 5.9. Generally, LLM-based methods deliver
competitive performance compared to other existing zero-shot RE methods across two
datasets, with different numbers of unseen relations. Notably, the proposed CMAS
method outperforms ZS-BERT in most scenarios. As the number of unseen relations
increases, predicting the correct relation becomes more challenging due to the larger
set of possible choices. The advantage of CMAS becomes more pronounced with an
increase in unseen relations, whereas Vanilla and SILLM models experience significant
performance declines. These results not only demonstrate the effectiveness of CMAS,
but also indicate that CMAS is more robust to the number of unseen relations than
baseline models.
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5.8 Conclusions

In this chapter, we have focused on named entity recognition in the strict zero-shot
setting, where no annotated data is available. Previous approaches to zero-shot named
entity recognition still encounter two significant challenges: they often overlook con-
textual correlations and use task demonstrations indiscriminately, both of which can
significantly impede the inference process. To tackle these challenges, we introduce a
new framework, cooperative multi-agent system (CMAS), which uses the collective in-
telligence and specialized capabilities of agents. CMAS explicitly captures correlations
between contexts surrounding entities by reformulating named entity recognition into
two subtasks: recognizing named entities and identifying entity type-related features
within the target sentence. Additionally, pseudo-labels for TRFs are generated using
mutual-information criteria without the need for human effort, thus enhancing the effi-
ciency of the TRF extractor. To evaluate the quality of demonstrations, a demonstration
discriminator is established to incorporate a self-reflection mechanism, automatically
evaluating helpfulness scores for the target sentence and enabling controlled use of
demonstrations.

Experimental results demonstrate that CMAS significantly enhances zero-shot
NER performance across five benchmarks, spanning both domain-specific and general-
domain datasets. and exhibits strong capabilities in correcting various types of errors.

Based on these findings, we can affirmatively answer the thesis-level research
question RQ4: By integrating a type-related feature extractor into the proposed multi-
agent system, we can identify contextual correlations from unlabeled corpora, effectively
reducing errors such as entity omissions and incorrect type predictions. Moreover, the
designed demonstration discriminator enables large language models to assess the
helpfulness of retrieved demonstrations automatically and selectively learn from them.

Although CMAS reaches new heights in state-of-the-art performance, it comes with
several limitations. Firstly, CMAS primarily addresses individual IE tasks, neglecting
the interdependencies among various tasks. Investigating how our proposed multi-agent
system could be extended to concurrently handle multiple IE tasks, including named
entity recognition, relation extraction, and event extraction, is a promising direction for
future research. Additionally, CMAS focuses on a limited predefined set of candidate
entity or relation labels. Extending CMAS to accommodate open IE tasks represents
another valuable area for exploration. In the future, we also aim to develop interactive
prompt designs, such as multi-turn question answering, for LLM-based agents within
CMAS, where agents iteratively refine or assess their responses.

This was the final research chapter of this thesis. In the next chapter, we summarize
the work presented in the thesis and offer a perspective on the next steps to take.
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Conclusions

In this thesis, we investigate generalizable information extraction frameworks, focusing
on three important themes: (i) transferring IE frameworks from data-rich source domains
to sparsely labeled target domains; (ii) adapting IE frameworks to unseen frameworks;
and (iii) generalizing IE frameworks for unlabeled corpora in strict zero-shot settings.

In this final chapter, we revisit the research questions that were introduced in Sec-
tion 1.1 and addressed in the subsequent chapters. We summarize the main findings.
Finally, we discuss potential future research directions that build upon the work pre-
sented in this thesis.

6.1 Main Findings

Chapter 2 considered cross-domain scenarios for real-world IE applications, which
require the recognition of fine-grained labels in extensive contexts, and asked:

RQ1 How to model domain-invariant knowledge to facilitate real-world cross-domain
transfer for IE methods?

We formulate a real-world, fundamental cross-domain IE task: cross-domain contract
element extraction, which involves adapting a legal contract element extractor across
various contract domains. To support this, we create two datasets, I2C and C2I, which
include more than 70 types of contract elements from 1,762 Chinese contracts. We
developed the Bi-FLEET model, a bi-directional feedback network that maps clause-
element relations and leverages domain-invariant dependencies, enhancing both contract
element extraction and clause classification tasks. Our experimental results show that
Bi-FLEET substantially surpasses baseline models in cross-domain contract element
extraction and named entity recognition tasks. To the best of our knowledge, this
represents the first exploration of cross-domain contract element extraction.

Our findings about real-world cross-domain scenarios have implications for state-of-
the-art IE methods. With the proposed Bi-FLEET framework, previous cross-domain
IE methods can now be expanded to accommodate the transfer of a wide range of
fine-grained labels and extensive extraction scopes.

Building upon this, Chapter 3 looked at the data sparsity and label discrepancies
encountered by current cross-domain IE models. To address these issues, Chapter 3
posed the following question:
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RQ2 How to mitigate data sparsity and label discrepancies across different domains?

We answer this question positively by introducing GEPL, a graph-enhanced prompt
learning framework tailored for both cross-domain named entity recognition and con-
tract element extraction. GEPL incorporates two types of prompts—instance-oriented
and label-oriented—to provide supplementary supervision and model relationships
among element labels across different domains. Experimental results reveal that GEPL
significantly outperforms state-of-the-art baselines in cross-domain contract element
extraction and named entity recognition tasks. Furthermore, GEPL proves effective in
selecting appropriate prompts and modeling relationships between element (or entity)
labels. To our knowledge, GEPL is the first prompt learning framework specifically
designed for cross-domain contract element extraction.

By incorporating instance-oriented and label-oriented prompts, our proposed GEPL
makes significant contributions to generalizable IE frameworks: its integration substan-
tially improves the performance of cross-domain IE methods, mitigating data sparsity
and label discrepancies across different domains.

Given that annotated data is typically restricted to specific domains, Chapter 4
further explores the few-shot cross-domain named entity recognition task. To enhance
data augmentation and knowledge transfer across domains, we tackle the following
question in Chapter 4:

RQ3 How to bridge the gap between training and unseen data, and how to use knowl-
edge from the source domain when inferring on unseen target domains?

To affirmatively answer this question, we introduce PLTR, a prompt learning framework
that integrates type-related features for few-shot cross-domain named entity recognition.
PLTR utilizes mutual information criteria to extract valuable knowledge, such as type-
related features, from the source domain. Additionally, PLTR implements a two-stage
framework for automatic prompt generation, guiding the model during both training and
inference processes, thereby reducing the gap between the source and target domains.
Experimental results demonstrate that PLTR achieves state-of-the-art performance on
both in-domain and cross-domain datasets.

Our findings regarding few-shot cross-domain transfer have implications for state-
of-the-art IE frameworks when generalized to unseen target domains. By employing
the introduced PLTR framework, the resulting IE methods effectively extract valuable
knowledge from limited labeled data and mitigate gaps between training and out-of-
distribution target data.

In Chapter 5, we turn to another interesting question: Can IE models learn from
unannotated corpora and effectively generalize in strict zero-shot settings? Recent efforts
take advantage of the zero-shot capabilities of large language models to address this
task. However, two major challenges remain: (i) the neglect of contextual correlations
within target sentences, and (ii) the indiscriminate use of retrieved task demonstrations.
To address these challenges, Chapter 5 asked the following question:

RQ4 For large language model-based IE frameworks, how can we capture contextual
correlations in unannotated corpora, and how can we enable discriminative
usage of task demonstrations?
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6.2. Future Directions

We propose CMAS, a cooperative multi-agent system that harnesses the collective
intelligence and specialized abilities of multiple agents to tackle zero-shot IE tasks.
CMAS utilizes a type-related feature extractor and a demonstration discriminator to
explicitly identify contextual correlations and autonomously evaluate the quality of
retrieved demonstrations. Experimental findings demonstrate that our CMAS framework
markedly enhances performance in zero-shot named entity recognition and relation
extraction across five benchmarks, encompassing both domain-specific and general-
domain scenarios.

Our findings concerning zero-shot generalization scenarios reveal implications for
the state-of-the-art large language model-based IE methods that learn from unlabeled
data. By implementing our proposed CMAS framework, existing zero-shot IE meth-
ods are significantly improved through the capture of contextual correlations within
unlabeled corpora and the automatic evaluation of retrieved task demonstrations.

6.2 Future Directions

In this thesis, we explore the topic of generalizable information extraction by addressing
four main research questions using four chapters. Building on the many insightful
findings and contributions, we conclude this thesis by suggesting promising research
directions for future work.

Prompt design optimization. This thesis demonstrates that the design of prompt
templates and task instructions significantly impacts the effectiveness of language
model-based information extraction systems. However, it is beyond the scope of this
thesis to address all aspects of prompt design optimization. Further research into
enhancing prompt design for IE methods presents a promising research direction. This
includes developing input-output pairings that align with the pre-training goals of
language models, such as code generation [49].

Another critical area is refining prompts to improve models’ comprehension and
reasoning, exemplified by Chain-of-Thought prompting, which promotes logical in-
ference and explainable outputs in IE models [77]. Additionally, the exploration of
interactive prompt designs, like multi-turn question-answering, where large language
models iteratively adjust or evaluate their responses, is a valuable research path [187].

Generalizable frameworks for universal information extraction. Existing IE tech-
niques and benchmarks tend to be designed for particular domains or tasks, which
constrains their applicability across different contexts [184]. Recent proposals have
introduced unified methods that utilize large language models, but these approaches
still face issues such as managing long inputs and aligning structured outputs [90].
Consequently, there is a significant opportunity for progress in developing universal
IE frameworks capable of adjusting to diverse domains and tasks. Such developments
could be enhanced by incorporating knowledge from task-specific models, which would
help in building more flexible and adaptable universal models.

Adaptable models for open-domain information extraction. Open IE scenarios pose
significant challenges for existing adaptable IE models because these scenarios lack
predefined candidate labels, relying solely on the models’ capacity to understand the task.
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6. Conclusions

Large language models, equipped with their broad knowledge bases and comprehension
abilities, show distinct strengths in some open IE tasks [200]. Nonetheless, these models
often underperform in more intricate settings, underscoring the need for further research
to address these limitations [117].

Faithful and fairness-aware information extraction frameworks. IE frameworks
often produce biased or unstable results in low-resource scenarios, highlighting the need
for methods that are both faithful and aware of fairness. A promising approach to address
these challenges is the development of new IE datasets, which can help models better
understand factual information, extraction targets, and rationales [163]. Furthermore,
integrating human feedback during training can improve faithfulness, promote fairness,
and mitigate the risk of biased or discriminatory information extraction [31].

Overall, my main suggestions for future work are to focus on optimizing prompt
design, developing generalizable frameworks for tackling challenging universal and
open-domain information extraction tasks, and exploring faithful and fairness-aware
information extraction frameworks.
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Summary

Information Extraction (IE) is a vital area of natural language processing that identifies
structured information, such as named entities and relations, within text. IE is fundamen-
tal for various downstream applications, including question answering, knowledge graph
construction, knowledge reasoning, and information retrieval. Traditional Information
Extraction frameworks, trained under the standard i.i.d. assumption that training and
test data are identically and independently distributed, often face performance drops
due to domain distribution gaps in real-world scenarios, such as different text genres
or entity types. Moreover, collecting comprehensive data across all domains is costly
and often infeasible, leading to data scarcity and reduced effectiveness. In response,
this thesis explores generalizable IE frameworks by covering three research themes: (i)
transferring IE frameworks from data-rich source domains to sparsely labeled target
domains, (ii) adapting IE frameworks to unseen target domains, and (iii) generalizing
IE frameworks for unlabeled corpora in strict zero-shot settings.

Specifically, we begin by developing adaptable IE frameworks for real-world cross-
domain transfer scenarios. We formulate a practical task focused on transferring a legal
element extractor between domains. We create two datasets containing over 70 types of
contract elements from 1,762 Chinese contracts. We introduce a bi-directional feedback
network for contract element extraction and named entity recognition, incorporating a
clause-element graph across domains and employing a hierarchical graph neural network
to model invariant knowledge about element and clause types. Additionally, to handle
context variations in large extraction zones, we implement a multi-task framework with
a bidirectional feedback scheme in the inference layer for clause classification and
element extraction.

Experimental results show significant improvements over baselines in both cross-
domain named entity recognition and contract element extraction tasks. Furthermore,
to mitigate data sparsity and label discrepancies across domains, we propose a graph-
enhanced prompt learning framework. This framework uses instance-oriented prompts,
generated from training data for better transfer in low-resource scenarios, and label-
oriented prompts, crafted using mutual information to manage label discrepancies across
domains. Empirical results indicate significant performance improvements over state-
of-the-art baselines, demonstrating high generalizability in both cross-domain contract
element extraction and named entity recognition tasks.

Next, considering the limited availability of labeled data, we study the few-shot
cross-domain named entity recognition task. To address this task, we design a prompt
learning framework that integrates type-related features. The proposed framework
automatically extracts entity type-related features using mutual information criteria to
enhance knowledge transfer from the source domain. It also generates unique prompts
for each unseen example to bridge the gap between training and out-of-distribution data.
This approach shows significant performance improvements in both in-domain and
cross-domain datasets, facilitating model adaptation and increasing similarity between
source and unseen domains.

Moreover, we investigate whether IE models are able to learn from unannotated
corpora and generalize in strict zero-shot settings. We propose a cooperative multi-agent
system for zero-shot IE tasks that utilizes the collective intelligence and specialized
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6. Summary

abilities of large language model-based agents. It reformulates named entity recognition
into subtasks of recognizing entities and identifying type-related features, generating
pseudo labels using mutual information without human intervention. Additionally,
a discriminator with a self-reflection mechanism assesses and controls the use of
demonstrations, significantly improving performance in zero-shot named entity and
relation extraction across five diverse benchmarks.

In summary, we explore generalizable information extraction frameworks through
three adaptation scenarios: cross-domain transfer, few-shot cross-domain transfer, and
zero-shot generalization. My research consistently seeks to enhance the robustness and
generalizability of IE systems, empowering them to perform effectively across various
domains and in dynamic, real-world data availability scenarios.
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Samenvatting

Informatie-extractie (IE) is een essentieel gebied van natuurlijke taalverwerking dat
gestructureerde informatie, zoals benoemde entiteiten en relaties, in tekst identificeert.
IE is fundamenteel voor verschillende toepassingen, waaronder vraagbeantwoording,
het opbouwen van kennisgrafieken, kennisredenering en informatieopvraging. Tradi-
tionele Informatie-extractieframeworks, getraind onder de standaard i.i.d. aanname
dat trainings- en testgegevens identiek en onathankelijk verdeeld zijn, ondervinden
vaak prestatieverminderingen door verschillen in domeinverdeling in reéle situaties,
zoals verschillende tekstgenres of entiteitstypes. Bovendien is het verzamelen van
uitgebreide gegevens over alle domeinen kostbaar en vaak onuitvoerbaar, wat leidt tot
gegevensschaarste en verminderde effectiviteit. In antwoord hierop verkent dit proef-
schrift generaliseerbare IE-frameworks door drie onderzoeksthema’s te behandelen: (i)
het overdragen van IE-frameworks van gegevensrijke brondomeinen naar spaarzaam
gelabelde doeldomeinen, (ii) het aanpassen van IE-frameworks aan ongeziene doel-
domeinen, en (iii) het generaliseren van IE-frameworks voor ongelabelde corpora in
strikte zero-shot settings.

Specifiek beginnen we met het ontwikkelen van aanpasbare IE-frameworks voor
reéle cross-domeinoverdrachtsscenario’s. We formuleren een praktische taak gericht
op het overdragen van een juridisch elementenextractor tussen domeinen. We creéren
twee datasets met meer dan 70 soorten contractelementen uit 1.762 Chinese contracten.
We introduceren een bidirectioneel feedbacknetwerk voor contractelementextractie en
benoemde entiteitenherkenning, waarbij een clausule-elementgrafiek over domeinen
wordt geintegreerd en een hiérarchisch graafneurale netwerk wordt gebruikt om onveran-
derlijke kennis over element- en clausuletypes te modelleren. Daarnaast implementeren
we een multitask-framework met een bidirectioneel feedbackschema in de inferentielaag
voor clausuleclassificatie en elementextractie om contextvariaties in grote extractiezones
aan te pakken.

Experimentele resultaten tonen aanzienlijke verbeteringen ten opzichte van baselines
in zowel cross-domein benoemde entiteitenherkenning als contractelementextractie-
taken. Bovendien stellen we, om gegevensschaarste en labelverschillen tussen domeinen
te verminderen, een grafiekversterkt promptleerframework voor. Dit framework ge-
bruikt instance-georiénteerde prompts, gegenereerd uit trainingsgegevens voor betere
overdracht in situaties met weinig middelen, en label-georiénteerde prompts, gemaakt
met behulp van wederzijdse informatie om labelverschillen tussen domeinen te beheren.
Empirische resultaten wijzen op aanzienlijke prestatieverbeteringen ten opzichte van
de nieuwste baselines, wat hoge generaliseerbaarheid aantoont in zowel cross-domein
contractelementextractie als benoemde entiteitenherkenningstaken.

Vervolgens, gezien de beperkte beschikbaarheid van gelabelde gegevens, bestuderen
we de few-shot cross-domein benoemde entiteitenherkenningstaak. Om deze taak aan
te pakken, ontwerpen we een promptleerframework dat typegerelateerde kenmerken
integreert. Het voorgestelde framework haalt automatisch entiteittypegerelateerde ken-
merken op met behulp van criteria voor wederzijdse informatie om de kennisoverdracht
van het brondomein te verbeteren. Het genereert ook unieke prompts voor elk ongezien
voorbeeld om de kloof tussen trainings- en out-of-distributiongegevens te overbruggen.
Deze aanpak toont aanzienlijke prestatieverbeteringen in zowel in-domein- als cross-
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domeindatasets, waardoor modelaanpassing wordt vergemakkelijkt en de gelijkenis
tussen bron- en ongeziene domeinen wordt vergroot.

Bovendien onderzoeken we of IE-modellen kunnen leren van niet-geannoteerde
corpora en kunnen generaliseren in strikte zero-shot settings. We stellen een cooperatief
multi-agentsysteem voor voor zero-shot [E-taken dat gebruikmaakt van de collectieve
intelligentie en gespecialiseerde vaardigheden van op grote taalmodellen gebaseerde
agenten. Het hervormt benoemde entiteitenherkenning in subtaken van het herkennen
van entiteiten en het identificeren van typegerelateerde kenmerken, waarbij pseudo-
labels worden gegenereerd met behulp van wederzijdse informatie zonder menselijke
tussenkomst. Daarnaast beoordeelt en beheert een discriminator met een zelfreflectie-
mechanisme het gebruik van demonstraties, wat de prestaties in zero-shot benoemde
entiteiten- en relatie-extractie over vijf diverse benchmarks aanzienlijk verbetert.

Samenvattend onderzoeken we generaliseerbare informatie-extractieframeworks
door drie adaptatiescenario’s: cross-domeinoverdracht, few-shot cross-domeinoverdracht
en zero-shot generalisatie. Mijn onderzoek is er voortdurend op gericht de robuust-
heid en generaliseerbaarheid van IE-systemen te verbeteren, zodat ze effectief kunnen
presteren over verschillende domeinen en in dynamische situaties met wisselende
gegevensbeschikbaarheid.
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