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ABSTRACT

Relation extraction is the task of extracting relationships between entities from text, where the

text can be a part of a sentence, a document, or across multiple documents. This task has been

popular for decades and is still of keen interest. Various techniques have been proposed to solve

the relation extraction problem, among which the most popular are using distant supervision,

deep learning-based models and reasoning-based models. However, these techniques rely on

the knowledge between entities in a text and do not consider the background knowledge of

the entities themselves, such as the entity type, synonyms and entity definitions. Predicting

relations based on this knowledge is challenging due to the latent and unspecific contexts that

introduce noise. To address these issues, we investigate mechanisms to incorporate background

knowledge into the relation extraction task. We consider publicly available and relevant ontolo-

gies and knowledge graphs as sources of background knowledge. We propose three approaches

named ReOnto, DocRE-CLip, and KXDocRE for relation extraction from text at three levels of

granularity (sentence, document and across documents). These approaches embed knowledge

in deep learning based models, and this has led to an improvement in their performance. We

evaluate our approaches using domain-specific and general datasets. The results validate the

utility of considering background knowledge for relation extraction.

KEYWORDS: Relation extraction, Domain knowledge, Distant supervision
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CHAPTER 1

Introduction

Relations between sets can be categorized based on the number of sets involved: unary, binary,

and n-ary relations. A unary relation involves a single set and is simply a subset of that set. An

n-ary relation involves n sets and is a subset of the cartesian product of these n sets. A binary

relation involves two sets and is defined as a subset of the cartesian product A × B, where the

cartesian product A× B consists of all ordered pairs (a, b) such that a ∈ A and b ∈ B.

In this work, we focus on binary relations instances, which are subsets of A × B. In the con-

text of relation extraction, the goal is to extract these binary relations from a given dataset or

text, determining pairs of entities that are related in a specific way. In natural language pro-

cessing, relation extraction (RE) tasks involves identifying and categorizing the relationships

between entities within a text. It is crucial for structuring unstructured data, enabling more

effective information retrieval, and enhancing the performance of various AI applications such

as question-answering systems. For example, in the sentence provided in Fig. 1.1, the enti-

ties are GE Aerospace, NASA and Aerospace technologies. The relationship be-

tween GE Aerospace and NASA is collaborates with, and the relationship between

GE Aerospace and Aerospace technologies is works on.

Figure 1.1: Simple example of relation extraction

Relation extraction enables machines to understand and interpret the complex web of relation-

ships in human language. This process enables the conversion of textual data into a structured

form, which is crucial for various applications. Its applications span across various fields.

Information Retrieval: Relation extraction can improve search algorithms by allowing them

to understand the relationships between terms, leading to more accurate and relevant search

results. This is particularly useful for legal documents, scientific research, and technical manu-

als [4].

Knowledge Graph Construction: By extracting relationships between entities, it’s possible to

build knowledge graphs that represent a network of interconnected information. These graphs



are essential for semantic search, recommendation systems, and AI applications that require a

deep understanding of the relationships between different pieces of information [5]

Question Answering Systems: Relation extraction helps question answering systems under-

stand the context and the specific relationships between entities mentioned in a question. It

enables these systems to provide precise and accurate answers by focusing on the relevant con-

nections between concepts [6].

Text Summarization: Understanding the key relationships between entities in a text can help

generate concise summaries that capture the essence of the information. This is particularly

useful for digesting large volumes of text quickly [7].

Sentiment Analysis: In sentiment analysis, relation extraction can identify the entities involved

and the nature of their relationships, providing deeper insights into the sentiments expressed in

the text. This is valuable for market analysis, brand monitoring, and social media analytics [8].

Compliance and Risk Management: In sectors like finance and healthcare, relation extraction

can help identify non-compliance and potential risks by analyzing the relationships between

various entities and actions within regulatory documents and communications [9].

Drug Discovery and Biomedical Research: In the biomedical field, relation extraction is used

to identify relationships between genes, diseases, drugs, and other entities. This can accelerate

research and discovery by uncovering hidden connections and insights from vast literature [10].

Machine Translation: Understanding the relationships between entities in a sentence can im-

prove the accuracy of machine translation by ensuring that semantic relationships are preserved

across languages [11].

1.1 Challenges

Although relation extraction has various applications, the process has several challenges and is-

sues, such as ambiguity, contextual dependence, noise, lack of domain-specific knowledge, data

sparsity, scalability, variability in language, and nested and overlapping relationships, among

others. Let’s look at some of the challenges of RE.

Ambiguity: Sometimes input text often contains ambiguous references to entities and relation-

ships. For example, consider the sentence “Alice is close to Amazon”. It is ambiguous whether

“Amazon” refers to the rainforest or the company.

Contextual dependence: The meaning of a word or phrase can depend on the context in which

it is used, which leads to difficulty in predicting the relation. For example: Depending on the
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context,“pitch” can mean either “a presentation” or “to throw a ball” .

Domain specific knowledge: Extraction tasks often require domain-specific knowledge, which

can be challenging to incorporate into extraction algorithms. For instance, a sample clinical

note might contain a sentence such as: “Patient presents with SOB, hx of COPD, and was

given 2L O2 via NC.” To accurately extract meaningful information from this sentence, an

extraction algorithm needs to understand that: SOB stands for shortness of breath, hx

stands for history, COPD stands for chronic obstructive pulmonary disease, 2L O2 via NC

means 2 liters of oxygen via nasal cannula. Without domain-specific knowledge, an algorithm

might struggle to interpret these abbreviations and terminologies correctly, leading to inaccurate

or incomplete extraction of information. Incorporating domain-specific knowledge into the

algorithm, such as a medical dictionary or ontology, can significantly improve the accuracy and

reliability of the extraction process.

Data sparsity: Annotated training data for relation extraction tasks is often limited and ex-

pensive to create. This data sparsity can hinder the performance of machine learning models,

especially for rare or complex relationships.

Scalability: Relation extraction systems must be scalable to process large volumes of text effi-

ciently, especially in applications such as information retrieval or knowledge base construction.

Variability in language: Natural language is diverse and flexible, leading to variations in how

relationships are expressed. Synonyms, abbreviations, and different ways of expressing the

same relationship can make extraction challenging. For instance, given the sentences "John

Doe is the CEO of TechCorp." and "JD serves as the Chief Executive Officer for TechCorp."

knowing that CEO and Chief Executive Officer are synonyms allows us to understand that John

Doe and JD are the same person.

Nested and overlapping relationships: Text can contain nested or overlapping relationships,

where one entity is related to multiple other entities in different ways. Extracting such relation-

ships accurately requires sophisticated algorithms. For example, consider the sentence “John,

who is married to Jane, works at the same company as his friend Mark, who is also the brother

of Jane”. Multiple relationships exist in this sentence that are both nested and overlapping such

as “John is married to Jane”, “John works at the same company as Mark”, “Mark is the brother

of Jane.”

Temporal Mismatch Between Document Content and Database: One significant challenge

in relation extraction is the potential temporal mismatch between the content of a document and

the information stored in a database. This issue arises when the document reflects outdated in-

formation, or the database has not been updated to reflect recent changes. For example, consider
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a scenario where a document contains the sentence: “Rebecca works for XYZ Corporation”. If

the knowledge base indicates that Rebecca has a “works for” relation with XYZ Corporation,

the system might label the sentence accordingly. However, if Rebecca has recently left XYZ

Corporation and this change is not reflected in the database, the extracted relation becomes

inaccurate. This temporal mismatch can lead to incorrect labelling and inaccurate relation ex-

traction, underscoring the importance of maintaining up-to-date databases and implementing

mechanisms to verify the temporal consistency of extracted relations.

1.2 Motivation

In natural language understanding, extracting relations between entities from textual data has

long been a pivotal challenge [12, 13]. As the volume and complexity of textual data continue

to surge across diverse domains, the demand for advanced techniques to uncover hidden re-

lationships between entities has intensified [14]. Furthermore, the presence of entities in the

input text also plays a crucial role in extraction. As the distance between entities increases,

the complexity and vagueness also increase, which makes the prediction harder. Dsip and Clip

[acth(18-39)] immunoreactive neurons and fibers were examined in the human hypophysis and

pituitary stalk using immunohistofluorescence and peroxidase antiperoxidase methods. Here,

the actual relation between human and peroxidase is is_organism_source_of_gene_product.

To identify the relationship between two entities in this sentence requires more than just an input

sentence. Our work delves into the dynamic and evolving field of knowledge-enabled relation

extraction (KERE), a multifaceted approach designed to harness the rich contextual cues of

entities from public knowledge bases to predict the relations between two given entities [15].

Unlike conventional RE models, KERE systems operate on diverse text formats, ranging from

individual sentences to entire documents and even across multiple documents. This adaptability

allows KERE to cater to a wide array of real-world scenarios where entities of interest may be

discussed in varying levels of detail, depth, and context.

Very few studies in the literature investigate how background knowledge affects the RE task.

Background knowledge can provide a deeper context that helps in accurately interpreting the

meaning of entities and their relationships. For example, understanding that "Mumbai" can refer

to a city in India or a person’s name depending on the context can drastically change the ex-

tracted relationship. Background knowledge can also help disambiguate terms and ensure that

the entities and relationships are correctly identified. For instance, knowing that "Jaguar" can

refer to an animal, a car brand, or a software name or a football team is essential for accurate

relation extraction in different domains. Also, different domains have unique terminologies,
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concepts, and common patterns of relationships. Background knowledge about a specific do-

main (e.g., medicine, market, finance) can guide the relation extraction process to be more

aligned with domain-specific expectations, improving the relevance and accuracy of the results.

With background knowledge, systems can infer relationships that are not explicitly stated but

are implied by the context. This ability to read between the lines and understand implied rela-

tionships is crucial for comprehensive relation extraction. Additionally, background knowledge

enriches the relation extraction process by providing a deeper, better understanding of the text.

It enables more accurate, relevant, and comprehensive extraction of relationships, which is cru-

cial for a wide range of applications in information retrieval, knowledge management, decision

support systems, and beyond.

In this dissertation , we study the significance of background knowledge within relation extrac-

tion systems [16]. Not only do we showcase the advantages of integrating background knowl-

edge to enhance system performance, but we also introduce a structured framework designed

to effectively integrate knowledge into statistical deep learning models for relation extraction

across various types of input text. We discuss a novel framework and a model that integrates

ontology as an external context to extract relations from a sentence. Following this, we discuss

another framework capable of utilizing documents rather than individual sentences to predict

relationships. Thirdly, we provide an overview for identifying relationships across multiple doc-

uments. In each scenario, we present evidence showcasing the enhancement in the performance

of deep learning methods by integrating the external knowledge of entities.

1.3 Existing Gaps

The existing approaches employ various techniques such as Multi-task learning [17], Trans-

formers [18], and Graph Neural Network (GNN) models [19, 20] to process complex rela-

tionships between entities. Deep learning models [21, 22] can incorporate semantic informa-

tion of entities. Albeit effective, these models employ standard message-passing or attention-

based approaches (Transformers, GNNs) which are inherently focused on homophilic signals

[23, 24] (i.e., only on neighbourhood interactions) and ignore long-range interactions that may

be required to infer the semantic relationship between two entities. Furthermore, sufficient

domain-specific knowledge is available in various knowledge bases such as Wikidata [25], DB-

pedia [26], and ontology repositories [27] to be used as background knowledge for relation

extraction. It is also evident in the literature that reasoning over knowledge bases [28, 29] allow

capturing long-range dependencies between two entities [30, 31], which further helps in making

predictions. For instance, in [32], ontology information was utilized as a tuple and transformed

into a 3-D vector for predicting compound relations.
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1.4 Problem Formulation and Statement

We define a Graph as a tuple G = (E ,R, T +) where E denotes the set of entities (vertices), R

is the set of relations (edges labels), and T + ⊆ E × R × E is a set of all triples. The RE Task

aims to find the target relation rc ∈ R for a given pair of entities 〈ei, ej〉 within the sentence

W , document D and across multiple documents Cni=1(n is total number of documents). If no

relation is inferred, it returns the NA label.

Our objective is to uncover the intricate connections between entities, ranging from overtly

stated facts to implied correlations from input text. The input text can be a sentence, a document,

or multiple documents. To achieve this objective, we study the impact of external knowledge on

the relation extraction task. We provide a deep learning-based framework employing external

knowledge, which enhances the performance of the relation extraction task.

1.5 Research Objectives

The primary aim of this dissertation is to identify relationships within the text, by consider-

ing the granularity of the input text. Our hypothesis is that incorporating structured domain

knowledge about entity types and their relationships will enhance the performance of relation

extraction models. We argue that relation extraction models can be improved with one or mul-

tiple sources of background knowledge and can significantly enrich the depth of model inputs

and the bias of final outputs. Our objectives are divided into three distinct parts based on the

granularity of the input text.

• Sentence-level relation extraction(RE) is the task of extracting semantic relationships
between entities in a sentence. We study the impact of external knowledge in the form of
expressive axioms present in ontology in these RE tasks, which is discussed in chapter 4.

• Document-level relation extraction (DocRE) poses the challenge of identifying rela-
tionships between entities within a document as opposed to the traditional RE setting
where a single sentence is an input. We observe the performance of DocRE tasks with
external knowledge (Knowledge Graph), which is discussed in chapter 5.

• Cross document-level relation extraction (CrossDocRE) is a relation extraction task
between entities that can extend across multiple documents. Compared to RE and DocRE,
it is more complex and challenging. We extend our study in this setting to identify the
usefulness of integrating domain knowledge. Details are discussed in chapter 6.
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1.8 Organization

The rest of the dissertation is organized as follows: In Chapter 2, we review existing literature

for relation extraction along with their challenges and applications. In chapter 3, we discuss

Symbolic AI, Subsymbolic/Connectionist AI, and NeuroSymbolic AI. In Chapter 4, we discuss

the extraction of relation between entities present in a sentence. In Chapter 5, we focus on
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identifying the relation between entities present in a document containing multiple sentences.

In Chapter 6, we discuss the problem of relation extraction between entities across documents.

We conclude our dissertation in Chapter 7.
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CHAPTER 2

Related Work

Relation extraction is a fundamental task in natural language processing (NLP) that focuses

on identifying and categorizing the semantic relationships that exist between two entities men-

tioned in the text. This task has gained significant attention due to its crucial role in various

NLP applications, such as information retrieval, knowledge graph completion, question an-

swering systems and ontology learning. Over the years, extensive research has been conducted

to develop and improve relation extraction techniques.

2.1 Introduction

Recent statistics [33] reveal that in the year 2020, global data consumption totalled 64.2 zettabytes.

Projections anticipate this figure to exceed 180 zettabytes by 2025. To fully harness this data,

it requires conversion from unstructured to structured form, enabling utilization in question

answering, knowledge graph completion, and information retrieval [34, 35, 36]. The primary

steps in this conversion process entail named entity recognition (NER) and relation extraction

(RE). NER is a sub task in information extraction that seeks to locate and aclassify named

entities mentioned in unstructured text into categories such as person name, location and quan-

tities among others. After NER identification, RE predicts the semantic relationship between

two named entities. Although entity recognition methods have been proposed and tested with

satisfactory accuracy [37], relation extraction still remains a challenge. There is a need for a

generalized method applicable across all the domains to address this hurdle. Due to its vast

amount of usage in various applications, RE task has been popular for decades and still it is

of keen interest to researchers. The task of relation extraction can be addressed in two ways:

either by directly predicting the relation between two given entities [38], or through a pipeline

approach where entities are first identified and then the relation extraction is performed between

them [39]. Both methods are widely utilized and chosen based on the specific application’s re-

quirements. We categorize the relation extraction task based on the granularity of the text,

which can be a sentence [40, 41, 42, 43, 44, 15], document [45, 46, 47, 48, 49, 50, 51] or across

documents [52]. When predicting the relationship between two entities within the text, it is

classified as follows: if the text is a sentence, it’s referred to as sentence-level RE; if it’s a docu-

ment, it’s termed document-level RE (DocRE); and if there are multiple documents, it’s known

as cross-document RE (CrossDocRE).



An example of sentence-level RE is shown in Figure 2.1. Given the sentence and two entities GE

Aerospace and NASA, the relation label between the two entities is collaborates with. Similarly,

the relation label between GE Aerospace and aerospace technologies is works on. Likewise,

there are other relation labels between entities that can be extracted from the text. For document-

level RE, Table 2.2, shows the document consisting of sentence from 1 to 11 and Figure 2.3,

shows the relation label between two entities and evidence sentence number from which the

relation is inferred in a document. Let us consider the first example where the entities are Royal

Court Orchestra and Royal Swedish Opera, and the task is to predict the relation label as part of.

The evidence shows the sentence number referred to make the prediction. Likewise, for entity

Stockholm and Sweden, the task is to predict the relation label as capital of. For cross-document

relation extraction, consider Figure 2.2. Multiple documents are provided here. We first search

for the source entity in the documents. Likewise, we search the documents for the target entity.

We then retrieve all relevant paths via the bridge entities (entities other than the source and the

target entity) connecting these entity pairs. In this example, GCompris and GNU Project are

the source and target entities connected via different reasoning paths containing bridge entities

such as GNU, Linux and Qt.

2.2 Related work

Since sentence-level relation extraction is a popular approach, there are a few survey papers

that discuss RE tasks and methods. One of the first surveys discusses RE methods based on

categories of supervised, semi supervised and unsupervised methods from the year 1995 to

2007 [53]. While it includes fundamental methods and techniques, it lacks the latest advance-

ments in this domain. Later, other surveys such as [54] cover detailed descriptions of supervised,

unsupervised and distant supervised methods for RE tasks from the year 1998 to 2014. Another

survey includes the state-of-the-art RE work done in the Portuguese language [55]. It discusses

the different aspects related to the task, considering the main computational strategies, used re-

sources, as well as the evaluation methods applied. Additionally, survey papers that discuss RE

methods focusing on deep learning methods [56, 57, 58] and distant supervision methods [59]

in detail. This is the first dissertation which discusses RE tasks based on the granularity of the

text.

Biomedical sentence-level RE: Biomedical relation extraction has been a popular task for the

past decade, with several comprehensive surveys conducted on researching this field. The first

survey paper in this domain discusses a general framework for biomedical relation extraction

from the year 1989 to 2014 and also proposes an approach for binary and complex relation

extraction [60]. In another survey paper, an overview of biomedical relation extraction using
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distant supervision is discussed in detail from the year 2003 to 2020 [61].

There are a few survey papers which discuss document-level RE in detail. In one of the methods,

a comprehensive survey of document-level relation extraction from the year 2016 to 2023 was

discussed [62]. In another survey paper, different relation extraction models on document-level

RE, along with different datasets and evaluation metrics, are discussed [63]. As of now, there

haven’t been any survey papers discussing cross-document-level relation extraction. This is

the first dissertation that discusses a survey on cross-document relation extraction. Table 2.1

provides the details of the surveys done so far. The table includes details such as the granularity

level of text, source, year in which it was published, topics covered in the survey and years

covered.

Table 2.1: Previous survey papers with description

Granularity level Year Source Years covered Topics covered

Sentence 2007 [53] 1995-2007 supervised, semi-supervised method
Sentence 2007 [54] 1998-2014 supervised, semi-supervised, unsupervised, distant-supervision
Sentence 2013 [55] 1992-2012 relation extraction on Portuguese, developed systems for Portuguese
Sentence 2017 [56] 2007-2017 deep learning methods
Sentence 2022 [57] 1992-2021 deep learning methods
Sentence 2021 [58] 1987-2019 NER and overview of relation extraction methods
Sentence 2019 [59] 2002-2018 distant supervision method

Biomedical sentence 2014 [60] 1989-2014 rule based, machine learning method
Biomedical sentence 2020 [61] 2003-2020 distant supervision method

Document 2023 [62] 2016-2023 Graph and transformer method
Document 2023 [63] 2016-2022 relation extraction techniques, datasets, evaluation

Contribution of this chapter:

1. We provide a detailed survey of the relation extraction techniques, covering their evalua-
tion methodologies and datasets.

2. We provide insights of relation extraction with respect to the text granularity level, i.e.,
sentence-level, document-level and cross-document-level.

3. For each dataset with respect to the granularity level, we analyse the most promising
model proposed in the existing literature.

This chapter is organized as follows. In section 1, we detail the examples of sentence-level,

document-level and cross-document-level RE. In the section 2 and 3, we review the existing

survey on relation extraction tasks. In the section 4, we briefly understand the RE based on

rule based, supervised, unsupervised, distant supervision, unsupervised and knowledge based

methods. So far, this is the first work that discusses knowledge based methods in detail. In

sections 5 and 6 , we discuss datasets available on RE task based on sentence-level, document-

level and cross-document-level, along with the evaluation metrics. The evaluation results are

discussed in the seventh section. We also discuss the best model available for each dataset. In
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Section 8, we discuss the use of large language models for RE. In Section 9 and 10, we discuss

the applications and challenges of the RE task.

Figure 2.1: An example of sentence-level relation extraction.

No. Sentence

1 Kungliga Hovkapellet (The Royal Court Orchestra) is a Swedish orchestra originally part of the Royal Court
in Sweden’s capital Stockholm

2 Its existence was first recorded in 1526
3 Since 1773 it is part of the Royal Swedish Opera’s company.
4 Kungliga Hovkapellet is one of the oldest active orchestras in the world
5 It was first recorded in the royal account books from 1526
6 The orchestra originally consisted of both musicians and singers
7 It had only male members until 1727 when Sophia Schröder and Judith Fischer were employed as vocalists;

in the 1850s the harpist Marie Pauline became the first female instrumentalist
8 It had a golden age under the leadership of several members of the Düben family during the 17th century
9 In the 18th century its directors included Johan Helmich Roman and Francesco Uttini
10 From 1731 public concerts were performed at Riddarhuset in Stockholm
11 Since 1773 when the Royal Swedish Opera was founded by Gustav III of Sweden the Kungliga Hovkapellet

has been part of the opera’s company.

Table 2.2: Sentence Information

Entity 1 Entity 2 Relation Evidence

Royal Court Orchestra Royal Court part of 1,2,10
Royal Swedish Opera Royal Court Orchestra subsidiary of 1,10,2
Marie Pauline Royal Court Orchestra employer 1,6
Sweden Stockholm capital 1
Stockholm Sweden capital of 1

Table 2.3: Entity1 and Entity2 represents the source and target entity and Relation represents the relation
between two entities. The evidence shows the sentence number referred to make the prediction

2.3 History of Relation extraction

Relation extraction originated in 1980s from the Message Understanding Conferences (MUC).

MUC conference is initiated by the Defence Advances Research Projects Agency (DARPA) to

encourage the development of novel information extraction methods. Details of the conferences

are given in Table 2.4. In each MUC, new techniques developed for different IR problems are
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Figure 2.2: An example of cross-document-level relation extraction. Blue colour represents named enti-
ties, and yellow colour represents mentioned entities

discussed. In 1998, the relation extraction task is discussed, which involves the identification

of relations named: location_of, employee_of, and product_of. Additionally, MUC-7 also pro-

posed evaluation techniques such as Precision, Recall and F1-score. MUC conferences have

significantly contributed to the advancement of relationship extraction research. The National

Institute of Standards and Technology (NIST) launched the automatic content extraction (ACE),

succeeding MUC. This program was held from year 1999 to 2000. ACE program also addressed

the same issues as MUC, however it defined the research objectives in terms of target objects

such as the entities, the relations and events. With the MUC and ACE events becoming popular,

relational extraction technology has seen remarkable progress. Research trends have evolved

from applying simple language models to utilizing NLP technology with shallow parsers or

full parsers, and further to employing complex machine learning methods. As a result, the

performance of relation extraction has greatly improved.

2.4 Methods

We discuss the RE methods based on the text granularity as shown in Figure 2.3.
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Table 2.4: Details of previous conferences depicting the history of relation extraction. Here IE, CR, NER
represents information extraction, co reference resolution, named entity entity recognition

Conference Year Task Source text

MUC-1 1987 military operations military reports

MUC-2 1989 military operations military reports

MUC-3 1991 IE from template news reports

MUC-4 1992 IE from template news reports

MUC-5 1993 IE from template news reports

MUC-6 1998 NER, CR and scenarios news reports

MUC-7 1998 CR, NER, event extraction, scenarios news reports

ACE-Pilot 2000 NER news reports

ACE-1 2001 NER news reports

ACE-2 2002 NER, RE news reports

ACE 2003 2003 NER, RE news reports

ACE 2004 2004 NER, RE, events news reports

2.4.1 Sentence-level RE

Sentence-level relation extraction aims at identifying the relationship between two entities in

a sentence [64]. Several methods have been proposed for sentence-level relation extraction,

including rule based, supervised, unsupervised, distant supervision, and knowledge-based ap-

proaches.

Problem Definition: We define a Graph as a tuple G = (E ,R, T +) where E denotes the set of

entities (vertices), R is the set of relations (edges labels), and T + ⊆ E × R × E is a set of all

triples [19, 38]. The RE Task aims to find the target relation rc ∈ R for a given pair of entities

〈ei, ej〉 within the sentenceW . If no relation is inferred, it returns NA label.

In this section, we will explore each method related to sentence-level RE in detail.

Rule Based Methods

Rule-based methods are a type of algorithm that utilize pre-defined rules to classify data or

make predictions, instead of learning rules from data.

In a prior study, a rule-based relation extraction system was developed using DBpedia and syn-

tactic parsing [65]. To define binary relationships, the researchers employed two distinct types
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Figure 2.3: Illustration of categories of relation extraction methods

of relation extraction patterns: lexical patterns, constructed from words and word class informa-

tion (e.g., “X was born in Y”), and dependency patterns that incorporate syntactic information

(e.g., “subject-verb-object” structures). Let’s consider an example where we want to predict

the presence of the "works for" relation using a rule based approach. We can use the keyword

matching method to identify someone who is working for an organization. For this specific

example, keywords can be “works for”, “employed by”, “job at”, etc. Sentence pattern can be

PERSON [verb] for ORGANIZATION where PERSON is a proper noun tagged as a person’s

name, and ORGANIZATION is tagged as an organization name. Dependency parsing can be

used to analyse the dependency relationship between words in the sentence. For example, iden-

tify the pattern like “PERSON [verb] for ORGANIZATION” where PERSON is the subject of

the verb and ORGANIZATION is the object.

For the sentence: “Rebecaa works for xyz Corporation”. Rule 1: Using keyword matching

“works for” keyword is identified in the sentence. Rule 2: POS tagging identifies “Rebecaa” as

PERSON and “xyz Corporation” as ORGANIZATION. Rule 3: Dependency parsing identifies

“Rebecaa” as the subject, “works” as the verb, and “xyz Corporation” as the object. Using these

rules, the relation extraction system can confidently extract the relation “works for” from this

sentence.

Supervised Learning Methods

Supervised methods need a large amount of labelled data to train a classifier to predict the re-

lation. There are two types of supervised learning approaches, feature based methods

and kernel based methods. In feature based approaches, feature data is generated for

each relation, and a classifier is used for training a relation instance [54, 66, 67, 68]. One of

the feature based methods employed a maximum entropy model to combine diverse lexical,
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syntactic and semantic features derived from the text to obtain the content from text [67]. In

addition, an extension of this work incorporates WordNet [69] and name list, to further improve

the performance [68]. It is important to select features carefully as they directly impact the

performance. While good features can improve the performance, bad features can degrade the

performance. To solve this problem, kernel based methods are introduced to exploit the rich

representation of the input data [70].

In kernel based methods, kernel functions are designed to compute similarities between rep-

resentations of two relation instances and SVM (Support Vector Machines) is employed for

classification [71, 72, 70, 39, 73]. For the supervised approach, labelled dataset was used where

each sentence was annotated with a relation between entities. String kernels have been intro-

duced and discussed in the context of text classification [74]. Given two strings x and y, the

string-kernel computes their similarity based on the number of sub sequences that are common

to both of them. The more the number of sub sequences common, the greater the similarity

between the two strings. Each string can be mapped to a higher dimensional space where each

dimension corresponds to the presence (weighted) or absence of a particular sub sequence.

Let us understand the supervised method (feature based) using the previous example, “Rebecaa

works for xyz Corporation” and the annotated sentence is “Rebecaa, works for, xyz Corpo-

ration”. For each sentence, relevant features are extracted that can help the model learn the

relation. These features include: a) lexical features, which include words in the sentence, their

part-of-speech tags, dependency parse tree features etc. b) contextual features, which include

surrounding words or phrases, sentence structure etc. c) entity features, which include types of

entities involved, their positions in the sentence etc. A supervised machine learning model is

trained using these features. The features of the example sentence can be,

1. Lexical features: [“Rebecca”, “works”, “for”, “xyz”, “Corporation”]

2. POS tags: [“NNP”, “VBZ”, “IN”, “NNP”, “NNP”]

3. Dependency parse tree features: [subject: “Rebecca”, verb: “works”, object: “xyz Cor-
poration”]

4. Contextual features: [“Rebecca” and “xyz Corporation” appearing in close proximity,
indicating a potential relation]

5. Kernel features: A kernel function which computes similarity between pairs of feature
vectors.

Based on these features, the trained model predicts the relation “works for” between “Rebecca”

and “xyz Corporation”
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Unsupervised Methods

Unsupervised methods do not use any labelled data. Clustering algorithms is an example of

unsupervised learning [75, 76]. To identify potential relationships between entities in the text

using an unsupervised approach, basic techniques such as entity recognition, context analysis,

co-occurrence statistics, association measures, thresholding, and clustering are generally used,

without relying on manually annotated data. Consider the same example “Rebecca works for

XYZ Corporation. XYZ Corporation is headquartered in China. Rebecaa frequently visits the

China office”.
1. (Rebecca, XYZ Corporation): Identified due to their frequent appearance together in the

text.

2. (XYZ Corporation, China): Identified due to their frequent appearance together in the
text.

3. (Rebecca, China): Identified based on the frequent co-occurrence of "Rebecca" and "China"
in discussions related to XYZ Corporation’s headquarters.

In this example, the unsupervised approach identifies potential relations between entities based

on their co-occurrence patterns in the text without relying on manually labelled training data.

This means that the method looks for instances where different entities (such as people, places,

or things) appear together frequently within the same context. By examining these patterns, the

approach can infer that there might be a relationship between these entities. However, assigning

specific names to these relations requires additional information or a separate process.

Distant Supervision Methods

The distant supervision method is a popular approach that generates training data automatically

using a knowledge base, addressing the challenge of labeling training data [77]. The knowledge

base employed in distant supervision helps in identifying the relationship between two entities.

If both a sentence and a knowledge base contain the same pair of entities, this implies that the

relation between them is heuristically linked with the sentence.

Consider an example. We start with a large knowledge base such as Freebase, DBpedia, or

Wikidata, which contains structured information about entities and their relations. For example,

Freebase might contain information that “Rebecca” works for “XYZ Corporation”. If two enti-

ties appear in the same sentence and are related in the knowledge base, we label that sentence

with the corresponding relation. For example, if “Rebecca” and “XYZ Corporation” appear in

a sentence together, and they have a “works for” relation in the knowledge base, we label that

sentence as “Rebecca works for XYZ Corporation”.

Following this initial labeling, features (lexical, syntactic, semantic) are extracted from the
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labeled data. These features are then used to train a supervised model. The model learns to

generalize from the heuristically labeled data, improving its ability to predict relations in new,

unseen sentences. This process iteratively refines the model’s performance, making distant

supervision a powerful technique for relation extraction tasks.

Knowledge Based Methods

Knowledge based methods integrate background knowledge with the text and feed it to the

model [78, 79]. Let us take the same example as earlier, “Rebecca works for xyz Corporation”.

Let us consider the entity type as an external knowledge. The entity type of “Rebecca” is PER-

SON, and the entity type of “xyz Corporation” is ORGANIZATION. When this information is

fed into the model, considering both entity types, the relation “works for” is more viable than

other relations. Other than entity type, there are various types of background knowledge, such

as ranking relations, which can be fed into the model to improve its performance.

Existing knowledge based approaches use entity types and entity aliases to predict the rela-

tion [78, 79]. RECON [80] encoded attribute and relation triples in the Knowledge Graph and

combined the embedding with their corresponding sentence embedding. In contrast to these

methods, we proposed the ReOnto model that considers external knowledge as a context path

between entities retrieved using ontology to predict the relation [15].

2.4.2 Document-level RE

Previous efforts [81, 44] in relation extraction have focused on predicting relationships within a

single sentence. Recent years have seen growing interest in relation extraction beyond a single

sentence, called document-level relation extraction (DocRE) [82, 83, 84, 81, 12]. In contrast

to sentence-level relation extraction, document-level relation extraction (DocRE) poses greater

complexity and challenges. Significant efforts have been dedicated to the task of extracting

relations at the document-level as well.

Problem definition:

An unstructured document D consisting of K sentences is represented by {S}ki=1, where each

sentence is a sequence of words and entities E={ei}Pi=1 (P is the total number of entities). Entity

ei has multiple mentions, msk
i , scattered across the document D. A mention msk

i refers to a

specific occurrence or reference to the entity ei within the sentence sk. These mentions are

the instances where the entity is explicitly mentioned in the text, and they help in identifying

and linking the entity throughout the document. An entity alias is represented as {msk
i }

Q
k=1

where Q represents the total number of mentions for a specific entity ei within the document
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D. Our objective is to extract the relation between two entities in E namely P(r|ei,ej) where

ei, ej ∈ E , r ∈ R, here R is a total labelled relation set. The context (background knowledge)

of an entity ei is represented by Cei and a context path, i.e., a sequence of connected entities and

edges from the head entity (ei) to the tail entity (ej) is represented by CPei,ej . In this section we

will explore each method in detail.

Rule Based Methods

A probabilistic model (LogiRE) for DocRE was introduced, which learns by logic rules [85].

LogiRE treats logic rules as latent variables consisting of two modules: a rule generator and a

relation extractor. The rule generator creates logic rules that may influence the final predictions.

The relation extractor then uses these generated logic rules to produce the final predictions.

In another study, heuristic rules are designed to select informative path sets from documents,

which can be further combined with a simple BiLSTM to achieve performance on a benchmark

dataset [86]. Similarly, previous studies have utilized heuristic rules [47, 49], or syntactic depen-

dency paths [87, 88] to construct a pseudo graph structure for their GNN models, establishing

binary associations between pairs of entities based on task-independent auxiliary information.

Supervised Learning Methods

The majority of literature on document-level relation extraction (DocRE) relies on a super-

vised approach for extraction. This approach encompasses sequence-based, graph-based, and

transformer-based methodologies. Here are the details of these approaches.

Sequence Based Approach:

Sequence-based approaches view the document as an augmented sequence and apply a sequen-

tial model derived from sentence-level relation extraction to identify relations between specific

entities. For extracting Chemical-Induced Disease (CID) relations on the CDR dataset, a max-

imum entropy system is used for inter-sentence relations, while a CNN model is applied for

intra-sentence relations [89]. Recurrent piecewise convolutional neural networks (RPCNN) are

used for CID extraction, combining domain knowledge, piecewise strategy, attention mecha-

nism, and multi-instance learning [26]. In another study, combining RNN and CNN was pro-

posed. This exploits word embeddings and positional embeddings for cross-sentence n-ary

relation extraction [90]. In another method, RENET was introduced, which combines a CNN

and an RNN with gated recurrent unit (GRU) gates for gene-disease association extraction [91].

Graph Based Approach: The graph approach is based on a graph constructed with mentions,

entities, sentences, or documents. The relations between these nodes are then deduced through
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reasoning on this constructed graph. Earlier work uses multi-hop reasoning on a mention level

graph for inter-sentential entity pair [49]. In another work, a proposed model named Grail rea-

sons over local sub-graph structures and has a strong inductive bias to learn entity-independent

relational semantics [92]. A discriminative reasoning framework (DRN) was introduced in a

different study. This framework involves modeling the pathways of reasoning skills connecting

various pairs of entities [93]. DRN was designed to estimate the relation probability distribution

of different reasoning paths based on the constructed graph and vectorized document contexts

for each entity pair, thereby recognizing their relation.

Transformer Based Approach: It is another interesting approach to tackle the document-level

relation extraction problem [49]. The primary focus revolves around maximizing the effective

utilization of long-distance token dependencies using a transformer. One of the approaches

considers DocRE as a semantic segmentation task, employing the entity matrix, and they utilize

a U-Net to capture and model [94]. In a separate study, localized contextual pooling was intro-

duced to focus on tokens relevant to individual entity pairs [95]. Another approach incorporates

explicit supervision for token dependencies, achieved by leveraging evidential information [96].

Distant Supervision Methods

Distant supervision was a popular method in traditional RE tasks. An approach [97] uses a

novel pre-trained model to denoise the document-level distant supervision data via multiple

pre-training tasks. In another study, to augment document-level relation datasets, a method

integrating an LLM and a natural language inference (NLI) module has been proposed [98].

Knowledge Based Methods

Recently, there has been a growing trend towards integrating external knowledge into Document-

Level Relation Extraction (DocRE) tasks, which has shown promising results. KB-Both [99]

uses entity details from hyperlinked text documents from Wikipedia and Knowledge Graph

(KG) from Wikidata to enhance performance. Another approach [100] integrates knowledge,

including co-references, attributes, and relations with different injection methods, for improving

the state-of-the-art.

2.4.3 Cross-document-level RE

The relation between entities can extend across multiple documents, and researchers have in-

vestigated the extraction of entities, events, and relationships in a cross-document context with

unlabelled data [101]. Cross-document relation extraction (CrossDocRE) has been gaining at-

tention. The first human annotated dataset has been developed, and it is called CodRED [52].
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To date, the majority of CrossDocRE related research has employed a supervised approach.

Notably, there is a lack of exploration in this area using alternative methods such as rule based

and unsupervised approaches.

Supervised Approach

CrossDocRE problem has been approached using two methods. The first method involves a

pipeline approach in which a relational graph is constructed for each document and subse-

quently reason over these graphs to extract the desired relation. The second method, referred to

as the joint approach, directly combines various path representations through a selective atten-

tion mechanism to predict relations. An effective cross-document relation extraction (DocRE)

system should incorporate bridge entities to establish connections between entities. However,

in their work [52], the authors only superficially consider text paths and do not take into account

bridge entities or multi-hop reasoning for relation prediction. Considering these challenges, an

entity-centered cross-document relation extraction (ECRIM) technique was proposed. It uses

an entity-based document context filter to retain useful information in the given documents by

using the bridge entities in the text paths. Secondly, they solve CrossDocRE using cross-path

entity relation attention, which allows the entity relations across text paths to interact with each

other [102]. Nevertheless, this work focuses on the closed setting where evidential context

has been given instead of all documents. Following this work, multi-hop evidence retrieval for

cross-document relation extraction (MRCOD) was proposed, which implements a multi-hop

evidence retrieval method based on evidence path mining and ranking. A multi-document pas-

sage graph, where passages are linked by edges corresponding to shared entities, is constructed.

Then, a graph traversal algorithm is used to mine passage paths from head to tail entities. Paths

are ranked based on relevance, and top-K evidence paths are selected as input for downstream

relation extraction models. A causality guided algorithm is used to filter confusing information

and achieve global reasoning to solve cross-document relation extraction [103].

Distant supervision method

Distant supervision is used to train a factor graph model for relation extraction based on an

existing knowledge base (Freebase, derived in parts from Wikipedia) [104]. This is the first

work that extracts the relation in cross-document setting using a distant supervision method.

For inference, an efficient Gibbs sampler with linear time joint inference is used. This approach

is evaluated on an in-domain (Wikipedia) and a more realistic out-of-domain (New York Times

Corpus) setting.
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2.5 Datasets

Table 2.5 shows the commonly used datasets for sentence-level RE. In RE tasks, the dataset

plays a crucial role in developing and testing the model. A large scale annotated corpus is

required to train and evaluate the RE systems. The datasets are generated either manually, or

by crowd sourcing or derived from other datasets. Most of the machine learning and deep

learning based models rely on size and quality of datasets. Due to this reason, other than

manual annotation, NLP based techniques are also used for creating or extending the datasets.

Following are the details of popular datasets used in this field.

CoNLL04: This dataset was released in the year 2004. There are four entity types in this

dataset (Organisation, Location, Person and Other) and five relation types (Live in, Kill, Work

for, Located in, OrgBased in). This dataset consists of 910 samples in the training set, 243 in the

validation set and 288 for the testing set [105]. This dataset is constructed using news articles.

ACE2004: The Automatic Content Extraction 2004 (ACE 2004) is a multilingual training cor-

pus containing the complete set of English, Arabic and Chinese training data [106]. There are

seven entity types, namely Person, Organization, geographical entities, Location, Weapon, Fa-

cility, and Vehicle. This dataset contains 7 relation labels, namely Physical, Person-Social,

Agent-Artifact, GPE affiliation, Employment-Membership-Subsidiary, Other affiliation, and

Discourse.

ACE2005: The Automatic Content Extraction 2005 (ACE2005) dataset contains annotated

events and relations in English, Arabic, and Chinese languages [107]. It contains 599 English

documents from various sources, such as news, forums, and telephone conversations. It contains

7 major relation types, with an average of approximately 700 examples per relation.

NYT: The New York Times (NYT) dataset [108] is a large collection of articles published

between 1996 and 2007. This dataset contains 24 types of relation labels that may occur in a

sentence. Each sentence can have more than one relation.

SemEval-2010 Task-8: The SemEval-2010 Task 8 focuses on the multi-way classification of

semantic relations between pairs of nominals. This dataset was released in the year 2010. The

task was designed to compare different approaches to semantic relation classification and to

provide a standard test bed for future research.

ADE: The adverse drug events (ADE) corpus (released in the year 2012) is a benchmark corpus

to support the automatic extraction of drug related adverse effects from medical case reports.

There are 6821 sentences in this dataset. It is a gold standard corpus created from MEDLINE

case reports.
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Table 2.5: Overview of the datasets used for sentence-level RE

Datasets Paper Year Evaluation
metrics

Relation
types

Sentences/
Examples

Source

CoNLL04 [105] 2004 F1 5 1441 News articles
ACE2004 [106] 2004 F1 7 - news articles
ACE2005 [107] 2005 F1 6 5349 News and con-

versations
NYT [108] 2008 P, R, F1 24 61195 New York

Times Articles
SemEval-
2010
Task-
8

[109] 2010 Macro
F1 score

9 10717 General

ADE [110] 2012 F1 2 6821 Biomedical
text

Document-level RE datasets are created to identify the relations of various entity pairs expressed

across multiple sentences. Compared to sentence-level RE, document-level RE datasets are

more complex and challenging. Table 2.6 presents a summary of key statistics for each dataset,

including the year of publication, evaluation metrics used, number of relation types, total num-

ber of documents and source of the dataset. We provide details of some popular DocRE datasets.

ChemProt: ChemProt consists of 1,820 PubMed abstracts with chemical-protein interactions

annotated by domain experts and was used in the BioCreative VI text mining chemical-protein

interactions shared task [111]. Chemprot is released in the year 2011 and contains 14 relation

types.

CDR: The BioCreative V CDR task corpus (released in the year 2016) is manually annotated

for chemicals, diseases and chemical-induced disease (CID) relations. It contains the titles

and abstracts of 1500 PubMed articles and is split into equally sized train, validation and test

sets [112].

DocRED: DocRED (Document-level relation extraction dataset) is constructed from Wikipedia

and Wikidata [83]. Each document in the dataset is human-annotated with named entity men-

tions, co-reference information, intra and inter-sentence relations, and supporting evidence.

DocRED contains 132,375 entities and 56,354 relational facts annotated on 5,053 Wikipedia

documents. DocRED is one of the most popular datasets to date for DocRE task. It is released

in the year 2019.

GDA: GDA is a gene disease associations corpus containing 30,192 titles and abstracts from
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PubMed articles that have been automatically labelled for genes, diseases and gene-disease

associations via distant supervision. The test set consists of 1,000 examples, and the validation

set contains 20% of the training set data [113].

DWIE: Deutsche Welle corpus for Information Extraction (DWIE) is a multi-task dataset that

combines four main Information Extraction (IE) annotation sub-tasks: (i) Named Entity Recog-

nition (NER), (ii) Coreference Resolution, (iii) Relation Extraction (RE), and (iv) Entity Link-

ing. DWIE is constructed from Deutsche Welle articles and released in the year 2019 [114].

HacRED: HacRED is a large scale Chinese relation extraction dataset for practical applica-

tions [115]. HacRED released to include practical hard cases to make DocRE tasks more chal-

lenging. HacRED consists of 65,225 relational facts annotated from 9231 wiki documents with

sufficient and diverse hard cases.

ReDocRED: ReDocRED is the revised version of the dataset released to solve the problems

of DocRED [116]. It addresses the incompleteness, inconsistencies and coreferential errors of

DocRED. The ReDocRED dataset is released in the year 2022.

CodRED: CodRED is the first and the only dataset available for cross-document-level relation

extraction [52]. After its release, CrossDocRE started to be a new emerging subtask of RE. The

statistics of CodRED are given in Table 2.7. CodRED is constructed using Wikipedia and its

official evaluation metric is F1 score. It contains 276 relation types. It was released in the year

2021. It contains an average of 3646 reasoning paths for each entity pair.

2.6 Evaluation metrics

Precision, recall and F1 score [118] are the metrics generally used to measure the performance

of the RE systems. Precision measures the proportion of correctly classified positive samples

among all positive predictions made by the model. Recall is a metric which measures how often

a machine learning model correctly identifies positive instances from all the actual positive

samples in the dataset. The F1 score represents the harmonic mean of the precision and recall

of a classification model. Micro average F1 score involves calculating the total true positives,

false positives, and false negatives across all classes and then computing precision, recall and

F1 score. Macro average calculates the average of F1 scores for each class without considering

class imbalance. Ign F1 is an F1 score excluding relational facts that exist in both training and

development/testing sets. Ign F1 metric is used in DocRE. The mathematical formula for these

evaluation metrics can be found in Equation 2.1, 2.2, 2.3, 2.4, 2.5.
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Table 2.6: Overview of the datasets used for document-level RE

Datasets Paper Year Evaluation
metrics

Relation
types

Documents Source

ChemProt [111] 2011 Micro
F1

14 1820 Biochemical

CDR [112] 2016 F1 3116 1500 PubMed ar-
ticles

TACRED [40] 2017 F1 41 106,264 Newswire,
Webtext

DocRED [83] 2019 F1, Ign
F1

96 5,053 Encyclopedic

GDA [91] 2019 F1 2 30,192 Biomedical
abstracts

DWIE [117] 2019 F1 65 802 Deutsche
Welle arti-
cles

HacRED [115] 2021 F1 26 9231 Chinese
text

ReDocRED [116] 2022 F1, Ign
F1

96 4053 Encyclopedic

Table 2.7: Overview of the datasets used for cross-document-level RE

Datasets Paper Year Evaluation metrics Relation types Documents Source

CodRED [52] 2021 F1 276 5,882,234 General

Precision =
TruePostive

TruePositive + FalsePositive
(2.1)

Recall =
TruePositive

TruePositive + FalseNegative
(2.2)

F1 = 2×
Precision× Recall
Precision + Recall

(2.3)

F1Macro =
1

N

N
∑

i=1

F1i (2.4)

where N represents the total number of distinct classes or categories in the classification task.
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F1Micro = 2×
Total TruePositive

Total TruePositive + Total FalsePositive + Total FalseNegative
(2.5)

2.7 Results

We discuss the results of sentence-level, document-level and cross-document-level RE with re-

spect to rule based, supervised, unsupervised, distant-supervision and knowledge based meth-

ods. We compare various models over technique, the year in which the model was released, the

dataset used for evaluation and results across different evaluation metrics. The detailed results

are shown in Tables 2.8, 2.9, 2.10.

Table 2.8: The performance of different approaches for sentence-level relation extraction.

Technique Year Model Dataset Source F1

score

Precision

Rule based method 1993 Autoslog Terrorist event
description

[119] 41.79 45

Rule based method 1993 Fastus Newswire articles [120] - 44
Rule based method 2000 Snowball Terrorist inci-

dents
[121] - 76

Rule based method 2013 - DBpedia [65] 68.1 75.5
Supervised learning
(Feature based)

2010 UTD SemEval-2010 [66] 82.19 82.25

Supervised learning
(Feature based)

2004 MEMM ACE [67] - -

Supervised learning
(Feature based)

2005 SVM
based

ACE [68] 74.7 84.8

Supervised learning
(Kernel based)

2005 SVM
based

ACE [71] 52.50 65.50

Supervised learning
(Kernel based)

2019 R-BERT SemEval-2010
task 8

[39] 89.25 -

Supervised learning
(Kernel based)

2010 SVM ACE [73] - -

Unsupervised method 2004 Clustering
based

NYT [75] 75
(avg)

76 (avg)

Distant supervision
and knowledge based
method

2018 RESIDE Riedel [78] 84.0

Knowledge based
method

2020 BERT
based

TACRED [79] 68.8 70.3

Knowledge based
method

2020 BERT
based

Aggregated
NewsRE

[79] 89.9 90.2

Knowledge based
method

2021 RECON Wikidata [80] 87.23
(mi-
cro)

87.24

Knowledge based
method

2021 RECON NYT [80] - 87.5(P@10)

2.7.1 Comparative analysis of existing techniques and proposed approaches

Sentence-level relation extraction:
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Table 2.9: The performance of different approaches for document-level relation extraction

Technique Year Model Dataset/Domain Reference F1 score Ign F1

Rule based method 2021 BiLSTM based model DocRED [86] 56.23 -
Rule based method 2019 Biomedical text CDR [47] 63.6 -
Rule based method 2019 Biomedical text GDA [47] 81.5 -
Rule based method 2020 GAIN-BERT DocRED [49] 62.76 60.31
Rule based method 2019 C-AGGCN TACRED [87] 69.0 -
Rule based method 2019 C-AGGCN SemEval [87] 85.7 -
Rule based method 2019 RGCN CDR [88] 58.6 -
Rule based method 2019 RGCN CHR [88] 87.5 -
Supervised method 2018 CAN CDR [89] 69.08 -

Graph based 2020 GAIN-BERT DocRED [49] 62.76 60.31
Graph based 2021 DRN-BERT DocRED [93] 61.37 59.15

Transformer based 2021 DocuNet-RoBERTa DocRED [94] 64.55 62.39
Transformer based 2020 RoBERTa-ATLOP DocRED [95] 63.40 61.39
Transformer based 2023 DREEAM DocRED [96] 67.53 65.47
Distant supervision 2020 BERT+D+P DocRED [97] 58.43 56.68
Knowledge based 2021 KB-Graph +kb-text DWIE [99] 52.1 -
Knowledge based 2022 ATLOP+KIRE DocRED [100] 61.39 59.35
Knowledge based 2021 KB-Graph +kb-text DocRED [99] 52.1 -
Knowledge based 2022 ATLOP+KIRE DWIE [100] 80.73 74.43
Knowledge based 2024 DocRE-CLip DocRED [51] 68.51 66.31
Knowledge based 2024 DocRE-CLip DWIE [51] 67.10 58.87
Knowledge based 2024 DocRE-CLip ReDocRED [51] 81.55 80.57

Table 2.10: The performance of different approaches for cross-document-level relation extraction

Technique Year Model Dataset/Domain Reference F1 score

Distant supervision method 2006 RelEx Wikipedia [122] -
Transformer & Graph-based model 2021 CodRED, closed (pipeline) CodRED [52] 32.29
Transformer & Graph-based model 2021 CodRED, closed (end-to-end) CodRED [52] 51.02
Transformer & Graph-based model 2021 CodRED, open (pipeline) CodRED [52] 28.70
Transformer & Graph-based model 2021 CodRED, open (end-to-end) CodRED [52] 45.06
Transformer & Graph-based model 2021 ECRIM, closed CodRED [102] 62.48

In this section, we compare various traditional models with our proposed approach, ReOnto

(Refer Table 2.11). Traditional models such as Autoslog [119], Fastus [120], and Snowball

[121] employ rule-based methods, which are effective for tasks with predefined, rigid target

representations but often struggle with capturing complex textual nuances. Models like UTD

[66], MEMM [67], and SVM-based approaches [68, 71] utilize supervised learning techniques,

incorporating diverse lexical, syntactic, and semantic features. These models are robust in

feature-rich environments but may suffer from overfitting or require extensive labeled training

data. R-BERT [39] leverages the pre-trained BERT language model, achieving significant im-

provements in relation classification tasks but requiring substantial computational resources.

Clustering-based methods [75] offer unsupervised relation discovery from large corpora, while

RESIDE [78] and RECON [80] use neural networks and knowledge bases to enhance relation

extraction performance. ReOnto, our proposed approach, addresses the task of Relation Extrac-
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tion (RE) by combining neuro-symbolic knowledge with graph neural networks. It leverages

publicly accessible ontologies as prior knowledge to identify sentential relations between enti-

ties. This hybrid approach balances precision and recall, making it adaptable and efficient for

various applications, particularly in the biomedical domain where traditional techniques often

yield unsatisfactory results. By integrating the strengths of both rule-based and statistical meth-

ods, ReOnto offers a robust solution for relation extraction tasks, ensuring high accuracy and

adaptability across different domains.

Table 2.11: Comparison of various models for sentence-level relation extraction with proposed approach

Model Technique Insights/Details

Autoslog Rule-based method Automatically builds a domain-specific
dictionary of concepts for information ex-
traction

Fastus Rule-based method Uses finite-state automata for pattern
matching

Snowball Rule-based method Generates patterns and extracts tuples
from plain text

UTD Supervised learning Classification is performed using SVM
classifiers

MEMM Supervised learning Employs maximum entropy models to
combine diverse lexical, syntactic, and se-
mantic features derived from the text

SVM-based Supervised learning Incorporates diverse lexical, syntactic,
and semantic knowledge in feature-based
relation extraction

SVM-based Supervised learning Employs the shortest path between the
two entities using a dependency graph

R-BERT Supervised learning Leverages the pre-trained BERT language
model and incorporates information from
the target entities

Clustering-based Unsupervised method Groups multiple mentions together via
clustering

RESIDE Distant supervision and knowledge-based method Improves distantly-supervised neural re-
lation extraction using side information

RECON Knowledge-based method Uses GNN to learn representations of
both the sentence and facts stored in a
knowledge graph

ReOnto Knowledge-based method Ontology-based approach for relation ex-
traction

Document-level relation extraction models:

Document-level relation extraction (DocRE) models have evolved significantly, leveraging di-

verse methodologies to address the inherent complexity of reasoning across multiple sentences.

Traditional approaches, such as BiLSTM-based models, focus on heuristically selecting evi-

dence sentences, achieving competitive performance despite their simplicity. Graph-based mod-

els, such as GAIN-BERT [49], C-AGGCN [87], and RGCN [88], construct intricate graphs

to capture inter- and intra-sentence dependencies, enabling reasoning through multi-instance
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learning or attention-guided mechanisms. Models like CAN [89] and DRN-BERT [93] em-

phasize dependency paths and discriminative reasoning frameworks, respectively, to enhance

semantic understanding.

Meanwhile, DocuNet-RoBERTa [94] and Roberta-ATLOP [95] introduce novel techniques

like adaptive thresholding and U-shaped segmentation to address multi-label and multi-entity

challenges. DREEAM [96] and BERT+D+P [97] tackle evidence retrieval and distant super-

vision noise, improving memory efficiency and pre-training strategies. KB-Graph+kb-text

[99] and ATLOP+KIRE [100] integrate external knowledge bases and coreference reasoning

to enrich document-level representations.

In contrast, DocRE-Clip reframes DocRE as link prediction over a knowledge graph, com-

bining entity context with document-derived logical reasoning. This approach enhances inter-

pretability and reasoning quality, offering a unique perspective compared to graph-based and

evidence-focused models. By evaluating on benchmark datasets, DocRE-Clip demonstrates

its ability to balance contextual understanding and logical inference, setting itself apart in the

DocRE landscape.

Models Technique Insights/Details

BiLSTM, Biomedical text, GAIN-BERT,
C-AGGCN, RGCN

Rule-based Uses predefined rules for decision making

CAN Supervised Requires labeled data for training
GAIN-BERT, DRN-BERT Graph-based Utilizes graph structures for data repre-

sentation
DocuNet-RoBERTa, RoBERTa-ATLOP,
DREEAM

Transformer-based Uses attention mechanisms to process se-
quences

BERT+D+P Distant supervision Uses noisy labeled data for training
KB-Graph +kb-text, ATLOP+KIRE,
DocRE-CLip

Knowledge-based Incorporates external knowledge bases

Table 2.12: Comparison of Models for Document Level Relation Extraction with our proposed approach

Cross-Document-level Relation Extraction with our proposed approach: CrossDocRE sig-

nifies a substantial advancement in the domain of cross-document relation extraction, effectively

addressing several limitations inherent in existing models such as RelEx [122], CodRED [52],

and ECRIM [102]. Unlike RelEx [122], which primarily relies on distant supervision to re-

duce the necessity for manual annotation, CrossDocRE enhances its efficacy in cross-document

contexts by integrating domain knowledge and providing interpretability. This integration al-

lows CrossDocRE to offer a more nuanced understanding of relational contexts across multiple

documents.

CodRED [52], which employs both pipeline and end-to-end methodologies utilizing trans-

former and graph-based models, introduces the concept of cross-document relation extraction.

However, it lacks the integration of domain knowledge and interpretability features that are piv-

otal for comprehensive relation extraction. These are areas where CrossDocRE demonstrates
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significant improvement. Similarly, ECRIM [102], which also combines transformer and graph-

based techniques, does not account for domain knowledge, a critical gap that CrossDocRE ef-

fectively bridges.

By embedding domain knowledge, CrossDocRE not only enhances the interpretability of its

predictions but also improves overall performance. This makes CrossDocRE a comprehensive

and advanced approach for knowledge acquisition in diverse document settings, setting a new

benchmark in the field of cross-document relation extraction. The model’s ability to provide ex-

planatory text for predicted relations further underscores its utility and effectiveness in practical

applications.

Table 2.13: Comparison of models for Cross-Document-level Relation Extraction with our proposed ap-
proach

Technique Model Insights/Details

Distant supervision method RelEx Uses distant supervision for train-
ing, reducing the need for manual
annotation

Transformer & Graph based model CodRED, closed
(pipeline)

Combines transformer and graph-
based methods in a pipeline ap-
proach

Transformer & Graph based model CodRED, closed (end-
to-end)

Integrates transformer and graph-
based methods in an end-to-end
framework

Transformer & Graph based model CodRED, open
(pipeline)

Utilizes a pipeline approach with
transformer and graph-based tech-
niques

Transformer & Graph based model CodRED, closed (end-
to-end)

End-to-end integration of trans-
former and graph-based methods

Transformer & Graph based model ECRIM, closed Closed system combining trans-
former and graph-based techniques

Transformer & Graph based model CrossDocRE, open and
closed

Closed system combining trans-
former and graph-based techniques

2.7.2 Optimal RE Models

Several models have been proposed for each relation extraction dataset. We examine the most

effective models put forward for each dataset (refer Tables 2.14, 2.15).

REBEL: For the CoNLL04 dataset, REBEL [123] is the most promising model so far in

terms of the F1 score. This model uses autoregressive seq2seq models that perform end-to-end

relation extraction for more than 200 different types. The flexibility of the model is fine-tuned by

an array of relation extraction and relation classification benchmarks. The model was released

in the year 2021, and the macro F1 score is 76.6.

PL-Marker: For the ACE 2004 and ACE 2005 datasets, the most optimal model is [124]. It

considers the interrelation between spans. In this work, the authors propose a novel span repre-
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sentation approach, named Packed Levitated Markers (PL-Marker), to consider the interrelation

between the spans (pairs) by strategically packing the markers in the encoder. In particular, it

uses a neighbourhood-oriented packing strategy, which considers the neighbour spans to model

the entity boundary information.

UniRel and SPN: For the NYT dataset, two models stand out as the most effective. The first

is UniRel, which excels at the relation extraction task, and the second is SPM, which performs

well in joint entity and relation extraction tasks. UniRel model is a unified representation and

interaction for joint relational triple extraction [125]. UniRel unifies the representations of

entities and relations by jointly encoding them in a concatenated natural language sequence,

and unify the modeling of interactions with a proposed interaction map, which is built upon the

off-the-shelf self-attention mechanism in any transformer block.

For the pipeline task of joint entity and relation extraction, a set prediction networks (SPN)

model was proposed [126]. Unlike traditional methods that generate triples sequentially, the

proposed SPN model outputs the final set of triples all at once.

SP: The most optimal model for the SemEval-2010 task-8 dataset was proposed in the

year 2020 and it is called SP. They present a span-prediction based system for relation classifi-

cation and evaluate its performance by comparing it with the embedding based systems [127].

They demonstrate that the supervised SP objective works significantly better than the standard

classification based objective.

ReOnto: ADE is the adverse drug effect dataset containing biomedical text and labels, and the

most optimal model for this dataset proposed thus far is ReOnto [15]. ReOnto employs a graph

neural network to acquire the sentence representation and leverages public ontologies as prior

knowledge to identify the sentential relation between two entities. ReOnto was released in the

year 2023 and has an F1 score of 90.6. More details of this model are given in Chapter 4.

SciBERT: The most suitable model for the Chemprot dataset is SciBERT [128], a pretrained

language model based on BERT designed to address the shortage of high-quality, large-scale

labelled scientific data. SciBERT leverages unsupervised pretraining on a large multi domain

corpus of scientific publications to improve the performance on downstream scientific NLP

tasks.

SAIS: SAIS: The SAIS model has achieved the highest F1 score to date on the CDR dataset [129].

It explicitly teaches the model to capture relevant contexts and entity types by supervising and

augmenting intermediate steps for relation extraction (RE). Based on a broad spectrum of care-

fully designed tasks, the SAIS method extracts relations of better quality due to more effective

supervision and retrieves the corresponding supporting evidence more accurately, thereby en-
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hancing interpretability.

RAG4RE: RAG4RE model has achieved the highest F1 score on the TACRED dataset [130].

RAG4RE was proposed to incorporate Large Language Models (LLM) for the relation extrac-

tion task by addressing the hallucination issue of LLM. RAG4RE method used LLMs such as

Flan T5, Llama2 and Mistral for testing the validity of the method.

DocRE-CLip: DocRED is the most popular dataset for document-level relation extraction.

A knowledge based method, DocRE-CLip, is the best model so far on this dataset, which is

released in year 2024. DocRE-CLip reformulates the document-level relation extraction task as

a link prediction task and incorporates domain knowledge of entities (entity context and entity

connecting path) in the form of triples. DocRE-CLip also aggregates the reasoning module,

which implements intra sentence reasoning, logical reasoning and co-reference reasoning with

link prediction task. DocRE-CLip works best for the DWIE and ReDocRED datasets.

SAISORE+CR+ET-SciBERT and seq2rel: The GDA dataset includes labelled genes, dis-

eases, and gene-disease associations obtained through distant supervision. Similar to the CDA

dataset, SAISORE+CR+ET-SciBERT is the optimal model for the GDA dataset in the rela-

tion extraction task. For the joint entity and relation extraction, the seq2rel model reported the

highest F1 score [131]. The model is implemented using a sequence-to-sequence approach,

seq2rel, that can learn the subtasks of DocRE such as entity extraction, co-reference resolution

and relation extraction.

KD-Rb-l:The HacRED dataset is designed to be more challenging by including hard cases. Few

methods evaluate their models on this dataset.The KD-Rb-l method is the optimal model among

the few, with an F1 score of 67.28. KD-Rb-l is a semi-supervised framework for DocRE with

three components. Firstly, they use an axial attention module for learning the interdependency

among entity pairs, which improves the performance on two hop relations. Secondly, they

propose an adaptive focal loss to tackle the class imbalance problem of DocRE. Lastly, they use

knowledge distillation to overcome the differences between human annotated data and distantly

supervised data. This model was released in the year 2022.

KXDocRE: CodRED is the first and only dataset available for cross-document relation extrac-

tion work. It is constructed using Wikipedia. Knowledge based method, named KXDocRE,

has the highest F1 score reported so far on this dataset. It considers the entity context and

connecting path context from Wikidata to feed into the transformer based model.
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Table 2.14: Description of the best model for different sentence-level datasets

Datasets Task Model Model released year Source F1 score

CoNLL04 RE REBEL 2021 [123] 76.65 (macro)
ACE2004 RE PL-Marker 2021 [124] 66.5 (micro)
ACE2005 RE PL-Marker 2021 [124] 73.0 (micro)

NYT RE UniRel 2022 [125] 93.7
NYT Joint entity and RE SPN 2020 [126] 92.5

SemEval-2010 Task-8 RE SP 2020 [127] 91.9
ADE RE ReOnto 2023 [15] 90.6

Table 2.15: Description of the best model for different document-level and cross-document-level datasets

Datasets Task Model Model released year Source F1 score

ChemProt Joint entity and DocRE aimped 2023 - 85 (macro)
ChemProt DocRE SciBert 2019 [128] 83.64

CDR DocRE SAISORE+CR+ET-SciBERT 2022 [129] 79
TACRED DocRE RAG4RE 2024 [130] 86.6
DocRED DocRE DocRE-CLiP 2024 [116] 68.51

GDA DocRE SAISORE+CR+ET-SciBERT 2021 [129] 87.1
GDA Joint entity and DocRE seq2Rel 2022 [131] 55.2
DWIE DocRE REXEL 2024 [132] 65.8(hard)

HacRED DocRE KD-Rb-l 2022 [133] 67.28
ReDocRED DocRE DocRE-CLiP 2024 [51] 81.55

CodRED CrossDocRE (closed setting) KXDocRE 2024 [134] 66.3
CodRED CrossDocRE (open setting) KXDocRE 2024 [134] 57.12

2.8 Large Language Models For Relation extraction

Large language models (LLMs) use deep learning techniques and massive datasets to under-

stand, summarize, generate and predict new content. LLMs are trained on huge data to learn

patterns and entity relationships in the language. LLMs can be used in various tasks such as

translating languages, analyzing sentiments, question answering, grammar correction and oth-

ers. However, LLMs pose several challenges such as hallucination, and incorrect results. Large

language models can also be used for relation extraction tasks. The underlying architecture

is a set of neural networks that consist of an encoder and a decoder with self-attention. The

transformer extract meanings from a sequence of text and understand the relationships between

words and phrases in it. Unlike earlier recurrent neural networks (RNN) that sequentially pro-

cess inputs, transformers process entire sequences in parallel. This allows the data scientists to

use GPUs for training transformer-based LLMs, significantly reducing the training time. Trans-

former neural network architecture allows the use of very large models, often with hundreds of

billions of parameters.

33



2.8.1 Key components of LLMs:

We briefly discuss the key components of the LLMs that are required to explain the LLM

architecture. The key components of LLMs are tokenizers, embedding layer, feed-forward

layer, recurrent layer, and attention module to process the text and generate output context

(refer Figure 2.4).

Tokenization: Tokenization is the basic step in large language models. It is the process of

splitting the text into smaller units or tokens.

Embedding: The process of creating embeddings from text takes place in embedding layer,

which captures the semantic and syntactic meaning of the input, so that the model can under-

stand context.

Feed forward layer: The feed-forward layer (FFN) of a large language model is made up of

multiple fully connected layers that transform the input embeddings. These layers enable the

model to glean higher-level abstractions i.e., to understand the user’s intent with the text input.

Recurrent layer: The recurrent layer interprets the words in the text in sequence. It captures

the relationship between words in a sentence.

Attention module: The attention mechanism enables a language model to focus on single parts

of the text that are relevant to the task. This layer allows the model to generate the most accurate

outputs.

Figure 2.4: Key components of LLMs

2.8.2 LLM Architecture

The text is tokenized into smaller units called tokens, and each token is embedded into a con-

tinuous vector representation. Following this, positional encoding is added to the input embed-

dings to provide details about the positions of the token. Transformers do not naturally encode
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the order of the tokens. So, position encoding ensures that the position of the token is saved.

Depending on the neural network, the encoder analyses the text and creates a number of hid-

den states that protect the context and meaning of text data. There are two key components in

encoder layer a) self-attention layer which enables the model to weigh the importance of differ-

ent tokens in the input sequence by computing attentions scores and b) after the self attention

layer, a feed forward layer is applied to each token independently. This network includes fully

connected layers with non-linear activation functions, allowing the model to capture complex

interactions between tokens.

The decoder receives as input its own predicted output word at each time-step. The input to the

decoder is also augmented by positional encoding. The augmented decoder input is fed into the

three sub layers comprising the decoder block. Masking is applied in the first sub layer to stop

the decoder from attending to the succeeding words. At the second sub layer, the decoder also

receives the output of the encoder, which now allows the decoder to attend to all the words in

the input sequence. The output of the decoder finally passes through a fully connected layer,

followed by a softmax layer, to generate a prediction for the next word of the output sequence.

Figure 2.5: Underlying architecture diagram of transformer
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2.8.3 Examples of Large Language Models

GPT-4: GPT stands for Generative Pre-trained Transformer. GPT-4 is the latest release from

OpenAI. It was launched on March 14, 2023. GPT-4 offers multi-modal capabilities. Official

documentation for GPT-4 is not yet available, but it is estimated to have parameters in the

trillions and an unknown maximum sequence length. As the most advanced model in the GPT

series to date, GPT-4 can handle complex tasks like translating the sentence “The lawyer argued

that the defendant’s actions were not a proximate cause of the plaintiff’s injuries, but rather an

intervening cause.” to French as “L’avocat a soutenu que les actions du défendeur n’étaient pas

une cause proche des blessures du plaignant, mais plutôt une cause intervenante”. However,

generating such accurate translations may take longer than with previous models [135]

GPT-3 GPT-3, released in June 2020, boasts 20 billion parameters and a maximum sequence

length of 4096 (Brown et al., 2020). It represents a significant advancement in the field of large

language models. This model has demonstrated remarkable capabilities in few-shot learning,

allowing it to perform a wide range of tasks with minimal task-specific training. Its ability to

generate coherent and contextually relevant text has made it a benchmark for evaluating the

performance of other large language models.

Gemini: Google launched the Gemini series and released various versions such as Ultra, Pro

and Nano with a focus on multi-modality (text, audio, image, video support). Gemini improved

on the state-of-the-art LLMs and performed better than ChatGPT and GPT4-vision models

in many of the tests, including language comprehension, contextual understanding, problem-

solving, creative writing, and technical analysis. It was released in December, 2023.

LlaMA: LlaMa is a family of large language models released by Meta AI. It was released

in April, 2024. It is a collection of foundation language models ranging from 7B to 65B pa-

rameters. The LlaMa model is trained on trillions of tokens and shows that it is possible to

train state-of-the-art models using publicly available datasets exclusively, without the need for

proprietary and inaccessible datasets.

PaLM: PaLM (Pathways Language Model) is a 540 billion parameter transformer-based large

language model developed by Google AI. Researchers also trained smaller versions of PaLM,

8 and 62 billion parameter models, to test the effects of model scale.

Details of some popular large language models are given in Table 2.16.
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Table 2.16: Descriptions of some popular large language models

Series Source Model Size Open Source Instruction Tuning

BART [136] BART 140M (base) yes -

T5 [137] T5 60M, 220M (base), yes -

770M (large), 3B, 11B

T5 [138] mT5 300M, 580M (base), yes -

1.2B (large), 3.7B, 13B - -

T5 [33] Flan-T5 80M, 250M (base), yes yes

780M (large), 3B, 11B

GPT [139] GPT-2 117M, 345M, 762M yes -

1.5B

GPT [140] GPT-3 6B - -

GPT [141] GPT-J 6B yes -

GPT [142] Code-davinci-002 - - yes

GPT [142] Text-davinci-002 - - yes

GPT [142] Text-davinci-003 - - yes

GPT [143] GPT-3.5-turbo series - - yes

GPT [135] GPT-4 series - - yes

LLaMA [144] LLaMA 7B, 13B, 33B, 65B yes -

LLaMA [145] Alpaca 7B, 13B yes yes

LLaMA [146] Vicuna 7B, 13B yes yes

LLaMA [144] LLaMA2 7B, 13B, 70B yes -

LLaMA [144] LLaMA2-chat 7B, 13B, 70B yes yes

LLaMA [147] Code-LLaMA 7B, 13B, 34B yes -

2.8.4 Relation extraction using LLM

LLMs often perform poorly on RE tasks due to the low incidence of RE in instruction-tuning

datasets [148]. To address these concerns, QA4RE [149] introduced a framework that enhances

LLMs’ performance by aligning RE tasks with QA tasks. In a similar case, SUMASK (sum-

marize and ask) was proposed, which attempts to solve RE as zero-shot relation extractors

using prompt techniques such as chain-of-thought to improve zero-shot RE. To address the low

relevance between entity and relation, the inability to explain input-label mappings, and the lim-

itations of the pipeline approach, such as error propagation and the dependence on intermediate

task performance, GPT-RE [150] integrates task-aware representations and enriches demon-

strations with reasoning logic. Additionally, to mitigate these issues associated with pipeline

approaches, the end-to-end language generation model, REBEL [123], was proposed, which

employs autoregressive seq2seq models for an end-to-end language generation task.
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To strengthen the discriminating power of contrastive learning and increase the diversity of

positive pairs, AugURE was proposed which uses both within-sentence pairs augmentation and

augmentation through cross sentence pairs [151]. RELA studies the effect of relation names and

their synonyms, textual semantics and the correlation among them [152]. RELA is a Seq2Seq

model with automatic label augmentation for RE. In another study, CoT-ER (chain-of-thought

with explicit evidence reasoning) was proposed, which is used for few-shot relation extraction

tasks using large language models [153]. In particular, CoT-ER first induces large language

models to generate evidence using task-specific and concept-level knowledge. Then the evi-

dence is explicitly incorporated into chain-of-thought prompting for relation extraction. With

the strong synthetic data generation power of LLMs, REPaL was introduced to utilize LLMs for

generating initial seed instances based on relation definitions. It fine-tunes a bi-directional small

language model using these initial seeds to learn the relations from the target domain [154].

They enhance pattern coverage and mitigate bias resulting from the limited number of ini-

tial seeds by incorporating feedback acquired from SLM’s predictions on unlabelled corpora.

Recent studies have introduced MICRE (Meta In-Context Learning of LLMs for Relation Ex-

traction), a novel framework for zero and few-shot relation extraction. This framework involves

tuning an LLM to perform in-context learning on a diverse collection of RE datasets [155].

To tackle the challenges of poor performance in a supervised setting, a method called recall-

retrieve-reason RE was proposed, which synergizes LLMs with retrieval corpora (training ex-

amples) to enable relevant retrieving and reliable in-context reasoning. Furthermore, they used

consistent ontological knowledge from training datasets to let LLMs generate relevant entity

pairs grounded by retrieval corpora as valid queries. These entity pairs are then used to re-

trieve relevant training examples from the retrieval corpora as demonstrations for LLMs to con-

duct better in-context learning via instruction tuning [156]. To handle hallucinations, RAG4RE

(Retrieved-Augmented Generation-based Relation Extraction) work was proposed, which of-

fers a pathway to enhance the performance of relation extraction tasks [130]. Details of these

models are given in Table 2.17.

Table 2.17: Description of best performing LLMs on sentence-level RE datasets

Model Year Technique Backbone Datasets used

REBEL 2021 Supervised fine tuning BART-large NYT, ADE

QA4RE 2023 Zero shot Text-davinci-003 TACRED, Re-TACRED, TEACREV, SemEval

SUMASK 2023 Zero shot GPT-3.5-turbo-0301 TACRED, Re-TACRED, TECREV

GPT-RE 2023 In context learning Text-davinci-003 TACRED, SemEval

AugURE 2023 contrastive learning ChatGPT NYT-FB, TACRED

RELA 2023 Seq2Seq BART TACRED, SemEval, Google RE, sciERC

REPaL 2024 In context learning GPT-4 DefOn-FewRel, DefOn-ReTACRED

38



2.9 Summary

Our study focuses on the overview of RE, categorized by the granularity of text. RE is a promis-

ing field and has been growing since many decades. Due to the wide range of applications and

challenges associated with RE, numerous methods have been proposed to tackle these tasks

from different perspectives. We have briefly discussed rule based, supervised, unsupervised,

distant supervision and knowledge based methods with respect to the granularity of the text.
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CHAPTER 3

Background

3.1 Symbolic AI

Symbolic AI is a branch of artificial intelligence that relies on the use of explicit symbols and

rules to represent knowledge and perform reasoning. This approach is based on the idea that

human thought can be represented through the manipulation of symbols and logical operations.

Symbolic AI systems use predefined rules and symbols to represent knowledge. These rules

are often written in formal languages and are used to perform logical reasoning. Knowledge in

symbolic AI is typically represented using structures such as semantic networks, frames, and

ontologies. In this thesis, we use ontologies and knowledge graphs. So they are discussed in

more detail in the following sections.

Figure 3.1: Subgraph of Gene ontology

3.1.1 Ontologies

An ontology is a knowledge representation that defines a set of concepts and relationships be-

tween those concepts [157]. Ontologies enhance the capability of computer systems to process,

understand, and generate human-like understanding of data and language across multiple do-

mains. To understand the major components of ontology, consider an example of one of the



most popular ontologies in the field of knowledge representation, i.e., Gene ontology [158] (re-

fer Fig 3.1). Gene ontology is a structured, controlled vocabulary that describes gene and gene

product attributes in any organism. A few key concepts of ontologies are as follows.

Classes: Classes describe the concepts in the domain. For Gene ontology, some of the classes

are as follows. 1) Biological Process: represents a biological objective to which the gene or gene

product contributes. 2) Molecular Function: describes the elemental activities of a gene product

at the molecular level. 3) Cellular Component: refers to the parts of a cell or its extracellular

environment.

Relationships: Relationship (also known as a property or relation) is a connection or asso-

ciation between concepts or entities. There are two types of relationships (properties) in the

ontology - object property and data property. Object properties connect two individuals, while

data properties connect individuals with numeric or string constants. Here are some examples

of object and data properties from Gene ontology.

• is_a: Represents a subclass relationship. Example: Cell Division is_a
Biological Process

• has_function: It is an object property which relates a gene product to its molecular func-
tion. Example: Gene A has_function Catalytic Activity

• located_in: It is an object property which relates a gene product to its cellular component.
Example: Protein B located_in Mitochondrion

• has_sequence_length: It is a data property which represents sequence length. Example:
Protein B has_sequence_length 350

• has_molecular_weight: It is a data property which represents the property molecular
weight. Example: Protein C has_molecular_weight 55.5.

Individuals: These are the instances of the classes. For example, Gene A, Protein B, and

Organelle C are individuals of Biological process, Molecular Function and Cellular component

class, respectively.

Axioms: Axioms refer to statements that capture the relationship between the classes. Axioms

can describe various aspects, including class hierarchies, relationships between classes or in-

dividuals, property characteristics, domain and range restrictions, cardinality constraints, and

logical implications [159]. Some examples of these axioms from gene ontology are as follows.

• Subsumption Axioms: Biological Process is a subclass of Process. Molec-
ular Function is a subclass of Function. Cellular Component is a subclass of
Component.
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•
Disjointness Axioms: Biological Process is disjoint from Molecular

Function. Biological Process is disjoint from Cellular Component.
Molecular Function is disjoint from Cellular Component.

• Range Restriction Axiom: This construct is used to define the range of the property. For
example, has_molecular_weight rdfs:range xsd:float expresses that the
property has_molecular_weight will always have a float value. This axiom indicates that
any value assigned to the has_molecular_weight property must be of the type xsd:float.

Applications: Ontologies play a crucial role in structuring and organizing knowledge across

various domains. In knowledge representation, ontology serves as the backbone for modelling

domain-specific knowledge in a structured and formal manner [160]. They provide a shared

vocabulary for entities within a domain and define the relationships between these entities.

This structured representation facilitates reasoning about the entities and their relationships, en-

abling systems to make inferences, support decision-making processes, and enhance knowledge

discovery. For example, in healthcare, an ontology can represent the complex relationships be-

tween symptoms, diseases, and treatments, aiding in diagnosis and research [161]. In natural

language processing (NLP), an ontology can contribute to the understanding and generation of

natural language by providing structured knowledge about the world that can be used to infer

context and meaning [162]. They help in tasks such as semantic search, text classification,

information extraction, and question answering. By mapping parts of speech or phrases to en-

tities and concepts in an ontology, NLP systems can better grasp the semantics of text, leading

to more accurate interpretation of user queries, sentiment analysis, and content summarizing.

Beyond these areas, ontologies are also applied in fields such as bioinformatics for gene classifi-

cation, e-commerce for product categorization, and artificial intelligence for enabling machines

to understand complex human concepts [163, 164, 160].

Related Standards and Tools: We discuss some of the World Wide Web Consortium (W3C)

standards and tools related to ontologies here.

Web Ontology Language (OWL): OWL [165] is a computational logic-based language devel-

oped by the World Wide Web Consortium (W3C) for defining and instantiating ontologies. It is

designed to represent rich and complex knowledge about things, groups of things, and relations

between things. It is primarily serialized in RDF/XML format.

OWL is a key technology for the Semantic Web, which is an extension of the World Wide Web

that enables people to share content beyond the boundaries of applications and websites. OWL

allows for the creation, sharing, and processing of extensive and sophisticated ontologies on the

World Wide Web. There are different variants of OWL, with OWL 2 being the latest, offering

more expressive power for defining and classifying information.
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Resource Description Framework (RDF): RDF is a standard model for data interchange on the

Web [166]. It enhances the Web’s linking structure by using URIs to name the relationships

between entities as well as the entities themselves. RDF is often used alongside OWL to create

a comprehensive framework for ontology modeling.

SPARQL (SPARQL Protocol and RDF Query Language): SPARQL is a semantic query lan-

guage designed for databases that store data in the RDF format [167]. It allows users to retrieve

and manipulate data by querying ontologies and extracting information based on specific pat-

terns.

Protégé: Protégé [168] is a free, open-source ontology editor and a knowledge management

system. It was developed by the Stanford Center for Biomedical Informatics Research at the

Stanford University School of Medicine. Protégé provides a graphical user interface for design-

ing and editing ontologies. It has tools for structuring, managing, and visualizing complex on-

tologies. It also supports the development of custom plugins to extend its functionality, making

it highly adaptable to different project needs. Protégé is widely used in the academic, corporate,

and government sectors, making it one of the most popular ontology editing tools.

3.1.2 Knowledge Graphs

Knowledge graphs are data structures that represent knowledge in a graph format, comprising

entities (nodes) that denote objects, concepts, events, or people, and relationships (edges) that

connect these entities to illustrate how they are related [169]. These graphs are designed to

facilitate the understanding, sharing, and analysis of knowledge in a way that is both machine-

readable and meaningful to humans, enabling advanced applications in search, data integration,

artificial intelligence, and beyond. Figure 3.2 shows a simple example of the knowledge graph.

It shows relationships between entities such as Bonn and Fischer.

Applications: Knowledge graphs have a wide range of applications across various domains.
• Search Engines is one of the applications of KG. KGs enhance search results by under-

standing the context and relationships between different entities and concepts [170].

• Recommendation Systems utilize Knowledge Graphs (KGs) to provide personalized rec-
ommendations by analyzing the relationships between users, products, and preferences.
Additionally, KGs facilitate the integration of diverse data sources by mapping them onto
a unified graph structure, making it easier to identify relationships and insights across
datasets [171].

• Knowledge graphs can enhance chatbots by providing them with a structured under-
standing of various entities and their relationships. This allows chatbots to deliver more
accurate and contextually relevant responses, improving user interaction and satisfac-
tion [172].
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Figure 3.2: Example of knowledge graph [1]

• Knowledge graphs provide personalized recommendations by analyzing the relationships
between users, products, and preferences. By understanding the connections and context,
recommendation systems can suggest items that are more likely to be of interest to the
user [173].

• Knowledge graphs power question answering systems by enabling them to understand the
context and relationships between different entities. This allows the systems to provide
more accurate and detailed answers to user queries, leveraging the rich, structured data
within the knowledge graph [174].

Knowledge Graph Representation

Knowledge Graphs can be represented using different formats, with RDF (Resource Description

Framework) and property graphs being the most common.

3.1.3 RDF (Resource Description Framework)

RDF is a standard model for data interchange on the web. It uses triples (subject-predicate-

object) to represent data, making it easy to merge data from different sources. RDF is particu-

larly useful for representing metadata and linking data across different domains. For example,

RDF is used in the Semantic Web to enable data interoperability and integration [175].

3.1.4 Property Graphs

Property graphs are another popular representation format for Knowledge Graphs (KGs). They

consist of nodes, edges, and properties, where nodes represent entities, edges represent relation-

ships, and properties provide additional information about nodes and edges. For example, in a
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property graph representing a social network, a node might represent a person, an edge could

represent a “friendship” relationship, and properties might include attributes like age or loca-

tion. Property graphs are widely used in graph databases like Neo4j, which support complex

queries and analytics on graph data [175]. By understanding these representation formats, we

can better appreciate how Knowledge Graphs are structured and utilized in various applications.

This ties back to our earlier discussion on RDF, highlighting its role in the broader context of

Knowledge Graphs. For instance, an RDF graph might represent the same social network using

triples, such as <PersonA> <isFriendsWith> <PersonB>, where each triple consists of a subject,

predicate, and object.

3.2 Sub-symbolic/Connectionist AI

Sub-symbolic or Connectionist AI refers to a branch of Artificial Intelligence that focuses on

developing systems that learn and process information in ways inspired by the human brain.

Unlike symbolic AI, which relies on explicit rules and symbols to represent knowledge, sub-

symbolic AI uses neural networks and other connectionist models to process data in a more

distributed and parallel manner. The primary structure used in sub-symbolic AI is the artificial

neural network, which consists of interconnected nodes (neurons) that work together to process

information. Sub-symbolic AI systems learn from data and are typically trained using large

datasets. They learn patterns and features directly from the data rather than being programmed

with explicit rules. An overview of some of the artificial neural networks relevant to our work

is below.

GNN (Graph Neural Network):

Graph Neural Networks (GNNs) are a class of neural networks designed to work directly with

graph-structured data [176]. Unlike traditional neural networks that operate on fixed-size input

data (like images or sequences), GNNs can handle data represented as graphs, which consist

of nodes (vertices) and edges (connections between nodes). This makes GNNs particularly

useful for tasks where relationships and interactions between entities are crucial, such as social

network analysis, molecular chemistry, and recommendation systems.

Architecture: The architecture of a GNN consists of multiple layers, each responsible for ag-

gregating and updating information from neighbouring nodes. The core idea behind GNNs is

the “message-passing” paradigm, where information is exchanged between nodes during the

training process (Figure 3.3). At each layer, the GNN performs two fundamental steps.

Message passing: In this step, every node aggregates information from its neighbouring nodes,

which is then transformed into an informative message. The message typically consists of
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Figure 3.3: Basic architecture of GNN [2]

information from the node’s features and the features of its neighbours.

Node update: The node utilizes the received messages to update its internal representation or

embedding. This step enables nodes to incorporate information from their local neighbourhood

and refine their representation. By iteratively repeating the message passing and node update

steps, the GNN enables information to propagate across the entire graph, allowing nodes to

learn and refine their embeddings collectively.

Challenges: There are several challenges in building and using GNNs, such as a) Scalability:

GNNs can be computationally intensive, especially for large graphs. Efficient algorithms and

hardware acceleration are needed to handle large-scale data. b) Over-smoothing: As the num-

ber of message-passing layers increases, node representations can become too similar, leading

to a loss of discriminative power. c) Expressive power: Some GNN architectures may not be

able to distinguish between certain graph structures, limiting their expressive power. d) Dy-

namic graphs: Handling graphs that change over time (dynamic graphs) presents additional

challenges, as the model needs to adapt to evolving structures. e) Interpretability: Understand-

ing how GNNs make predictions is difficult due to their complex nature. Interpretability is

crucial for applications where transparency is important, such as healthcare and finance. f) Data

Sparsity: Real-world graphs often have sparse connections, making learning meaningful rep-

resentations challenging. g) Robustness: GNNs can be sensitive to adversarial attacks, where

small perturbations in the graph structure can significantly affect the model’s performance.

GNNs come in various forms, each tailored to handle specific types of graph-structured data.

Some common types of GNNs are as follows.

Graph Convolutional Networks (GCNs): GCNs are one of the earliest and most widely used
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GNN variants. They leverage graph convolutions to aggregate and update node representations

based on their local neighbourhood [177].

GraphSAGE: GraphSAGE (Graph Sample and Aggregate) is another popular GNN architec-

ture. It utilizes a sampling strategy to aggregate and update node embeddings, allowing for

scalability in large graphs [178].

Graph Attention Networks (GATs): GATs introduce attention mechanisms into GNNs, en-

abling nodes to selectively attend to relevant neighbours while performing message passing and

aggregation [179].

Graph Isomorphism Networks (GINs): GINs focus on capturing the structural information

of graphs by applying permutation-invariant functions during the message passing and node

update steps [180].

Applications of Graph neural networks (GNNs)

Graph Neural Networks (GNNs) have become increasingly popular due to their ability to model

and analyse graph-structured data. Here are some key applications of GNNs:
• GNNs are used to analyse social networks by modeling relationships and interactions

between users. They can be used for tasks such as community detection, link prediction,
and node classification [181].

• GNNs are applied in molecular chemistry to predict molecular properties, understand
molecular structures, and assist in drug discovery by modeling molecules as graphs where
atoms are nodes and bonds are edges [182].

• GNNs can enhance recommendation systems by modeling user-item interactions as a
bipartite graph, allowing for more accurate and personalized recommendations [183].

• GNNs are used to model and predict traffic flow and transportation networks by repre-
senting road networks as graphs, which helps in optimizing routes and managing traffic
congestion [184].

• GNNs are employed to enhance knowledge graphs by performing tasks such as entity
classification, link prediction, and reasoning over the graph to infer new knowledge [185].

In one of our proposed method (ReOnto, Chapter 4), we have employed Graph Neural Networks

(GNNs) for text classification due to their capability to effectively capture complex relationships

and dependencies within structured data.

Embeddings

Embeddings are a type of word representation that allows words with similar meanings to have a

similar representation [186]. They are a distributed representation for text that is perhaps one of

the key breakthroughs for the impressive performance of deep learning methods on challenging
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natural language processing problems. The main idea behind embeddings is to map words

or phrases from a vocabulary to vectors of real numbers in a low-dimensional space. This

transformation helps in capturing semantic or syntactic similarity, relation with other words,

etc.

How Embeddings Work

1. Initialization: Words are initially represented as one-hot encoded vectors. For example,
in a vocabulary of 10,000 words, each word is represented by a vector of size 10,000 with
a 1 in the position corresponding to that word and 0s elsewhere.

2. Training: During the training process, these one-hot vectors are transformed into dense
vectors of much lower dimension (e.g., 100, 200, or 300 dimensions). This is typically
done using neural network models that learn to predict the context of words. The weights
of the neural network, which are updated during training, eventually become the word
embeddings.

3. Contextual Information: Modern embedding techniques, such as those used in BERT,
consider the context in which a word appears. This means that the same word can have
different embeddings depending on its context, capturing nuances in meaning.

4. Usage: Once trained, these embeddings can be used in various NLP tasks such as senti-
ment analysis, machine translation, named entity recognition, and more. They provide a
rich and dense representation of words that can significantly improve the performance of
these tasks.

BERT (Bidirectional Encoder Representations from Transformers:)

BERT, developed by Google, is a transformer-based model that has revolutionized the field of

NLP [187]. Unlike previous models that read text sequentially (either left-to-right or right-to-

left), BERT reads the entire sequence of words at once. This allows the model to learn the

context of a word based on all of its surroundings (left and right of the word).

Key Features of BERT

• Bidirectional Training: BERT is trained bidirectionally, meaning it considers the context
from both directions (left and right) for each word. This helps in understanding the full
context in which a word is used.

• Transformer Architecture: BERT is based on the transformer architecture, which uses
self-attention mechanisms to weigh the importance of input elements with respect to each
other.

• Pre-training and Fine-tuning: BERT is pre-trained on a large corpus of text data and
then fine-tuned for specific tasks. This two-step process allows BERT to leverage vast
amounts of data and adapt to various NLP tasks with minimal task-specific data.
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• Masked Language Model (MLM): During pre-training, some of the words in the input
are randomly masked, and the model is trained to predict these masked words. This helps
the model learn deep bidirectional representations.

In each of our proposed methods (ReOnto in Chapter 4, DocREClip in Chapter 5, and KX-

DocRE in Chapter 6), we utilized BERT to convert text into vector space representations.

BioBERT

BioBERT is a variant of BERT that is specifically designed for biomedical text mining [188]. It

is pre-trained on large-scale biomedical corpora, such as PubMed abstracts and full-text articles,

making it particularly effective for tasks in the biomedical domain.

Key Features of BioBERT

• Biomedical Corpus: BioBERT is pre-trained on a large corpus of biomedical texts,
which allows it to capture domain-specific knowledge and terminology.

• Fine-tuning for Biomedical Tasks: BioBERT can be fine-tuned for various biomedical
NLP tasks, such as named entity recognition, relation extraction, and question answering
in the biomedical domain.

• Improved Performance: Due to its specialized training, BioBERT often outperforms
general-purpose models like BERT on biomedical tasks. It can better understand the
context and nuances of biomedical text.

• Applications: BioBERT has been used in a variety of applications, including drug discov-
ery, clinical decision support, and biomedical literature mining. Its ability to understand
complex biomedical text makes it a valuable tool in these areas.

In one of our proposed methods (ReOnto in Chapter 4, we utilized BioBERT to obtain the

similarity score between path and relation names

3.3 Neuro-Symbolic Artificial Intelligence

Neuro-Symbolic Artificial Intelligence (NeSy AI) is a branch of AI that merges neural and

symbolic approaches to maximize their benefits [189]. Here, “neural” involves artificial neural

networks or connectionist systems. In contrast, “symbolic” refers to methods using explicit

symbol manipulation. NeSy AI’s potential lies in combining the strengths of both approaches.

Neural methods offer training from raw data and fault tolerance. Symbolic methods provide

high explainability, provable correctness, and easy integration of human expert knowledge.

By using symbolic techniques alongside machine learning, especially deep learning, NeSy AI

aims to enhance the handling of unknown terms, training with small datasets, error recovery,
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and system explainability, outperforming deep learning-only systems.

Figure 3.4: Neuro symbolic integration [3]

3.3.1 Classification of Neuro-Symbolic Artificial Intelligence

Henry Kautz, in his AAAI 2020 Robert S. Engelmore Memorial Award Lecture, discussed five

categories of Neuro-Symbolic AI systems, depicted in Figure 3.4.

[symbolic Neuro symbolic] refers to an approach where input and output are presented in

symbolic form, however all the actual processing is neural. This, in his words, is the “standard

operating procedure” whenever inputs and outputs are symbolic.

[Symbolic[Neuro]] refers to a neural pattern recognition subroutine within a symbolic problem

solver, with examples such as AlphaGo, AlphaZero, and current approaches to self-driving cars.

[Neuro∪ compile(Symbolic)] refers to an approach where symbolic rules are “compiled” away

during training, similar to the work on deep learning for symbolic mathematics [190].

[Neuro→ Symbolic] refers to a cascading from a neural system into a symbolic reasoner, such

as in the NeuroSymbolic Concept-Learner [191].

[Neuro[Symbolic]] refers to the embedding of symbolic reasoning inside a neural engine,

where symbolic reasoning is understood as “deliberative, type 2 reasoning” as common, for

example, in business AI, and including an internal model of the system’s state of attention.

Concepts are decoded into symbolic entities in an attention schema where attention to these

concepts is high. A goal in the attention schema then signals that deliberative reasoning be

executed.
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CHAPTER 4

Knowledge enabled sentence-level relation extraction

Using existing RE techniques on biomedical text often produces unsatisfactory results because

inferring relations directly from sentences is challenging due to the nature of biomedical rela-

tions. To address these issues, we present a novel technique called ReOnto, that makes use of

neuro-symbolic knowledge for the RE task. ReOnto employs a graph neural network to acquire

the sentence representation and leverages publicly accessible ontologies as prior knowledge to

identify the sentential relation between two entities. The approach involves extracting the rela-

tion path between the two entities from the ontology. We evaluate the effect of using symbolic

knowledge from ontologies with graph neural networks. Experimental results on two public

biomedical datasets, BioRel and ADE, show that our method performs better than the base-

lines.

4.1 Introduction

In recent times, due to the exponential increase in data, knowledge bases have gained popularity

as a means to efficiently store and organize information [192]. Although considerable efforts

are invested in updating and maintaining knowledge bases, their incompleteness persists due to

the dynamic nature of facts, which constantly evolve over the Web and other sources. Hence,

there is a need to automate the process of extracting knowledge from text. In domains such

as biomedicine, relation extraction task poses a few critical domain-specific challenges. Con-

sider a sentence, atrio ventricular (C0018827) conduction defects and arrhythmias by selective

perfusion of a-v conduction system in the canine heart (C0018787), with entities C0018827

(ventricular) and C0018787 (heart) linked to UMLS [193]. Here target relation from BioRel

dataset is hasPhysicalPartOfAnatomicStructure. The RE task aims to infer the semantic rela-

tionships. As demonstrated in the example, working with biomedical corpora poses several

challenges. These include:
• Complex input sentences that may require extensive parsing and interpretation to extract

relevant information.

• Indirectly inferred relations between entities in the text, which may require sophisticated
natural language processing techniques.

• Difficulty obtaining domain knowledge of the specific entities mentioned in the text,
which may require specialized expertise and additional research.



Moreover, in the biomedical domain, entities are intricately interlinked, resulting in numerous

densely linked entities with high degrees and multiple paths connecting them [194]. Hence,

inferring the correct relation from a given sentence may require reasoning about the potential

path.

Limitations of Existing Works and Hypothesis. The existing approaches employ various

techniques for relation extraction, such as multi-task learning [17] and transformers [18]. Graph

Neural Network (GNN) models have been used to process complex relationships between enti-

ties [19, 20]. However, these deep learning models, which can incorporate semantic information

about entities, often need large amounts of labeled data and computational resources to perform

well [21, 22].

Albeit effective, these models employ standard message-passing or attention-based approaches

(transformers, GNNs) which are inherently focused on homophilic signals [23, 24] (i.e., only on

neighbourhood interactions) and ignore long-range interactions that may be required to infer the

semantic relationship between two biomedical entities. Furthermore, sufficient domain-specific

knowledge is available in various biomedical ontologies to be used as background knowledge

for relation extraction.

It is also evident in the literature that reasoning over ontologies [28, 29] allows for the capture

of relationships between entities that are distant from each other within the data [30, 31], which

further helps in making predictions. For instance, in [32], ontology information was utilized as

a tuple and transformed into a 3-D vector for predicting compound relations.

Hence, it remains an open research question: for biomedical relation extraction, can we com-

bine reasoning ability over publicly available biomedical ontologies?

Contributions: To tackle this research question, our approach represents the first neuro-symbolic

method for extracting relations in the biomedical domain. According to the classification

of neuro-symbolic integration by Henry Kautz and Hamilton, our approach falls under the

[Neuro[Symbolic]] category because our approach contains both neural networks and symbolic

reasoning. Our method is two-fold. Firstly, we aim to aggregate the symbolic knowledge in

the form of axioms (facts) consisting of logical constructs and quantifiers such as there exist,

for all, union and intersection between entities present in various public ontologies and build

background knowledge. In the second step, we incorporate background knowledge into a Graph

Neural Network (GNN) to enhance its capabilities to capture long-range dependencies. The ra-

tionale behind using a GNN is to exploit the correlations between entities and predicates due to

its message-passing ability between the nodes. Inducing external symbolic knowledge makes

our approach transparent as we can backtrack the paths used for inducing long-range dependen-

The work discussed in this chapter is part of the following publication. Monika Jain, Kuldeep Singh, and Raghava Mutharaju.
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cies between entities. Hence, we empower the GNN by externally induced symbolic knowledge

to capture long-range interactions needed to infer biomedical relations between two given enti-

ties and a sentence. We name our approach as “ReOnto” with the following key contributions.

• Our novel relation extraction method, ReOnto, utilizes an ontology model to learn sub-
graphs containing expressive axioms connecting the given entities. It consists of a sym-
bolic module incorporating domain-specific knowledge into a GNN, enabling the predic-
tion of required relations between two entities within a biomedical knowledge graph.

• We study the effect of symbolic knowledge on the performance of the underlying deep
learning model by considering several key characteristics such as 1) entity coverage from
ontology, 2) the number of hops, etc. We provide conclusive evidence that aggregating
knowledge from various sources to build the symbolic component (instead of using just
one ontology for background knowledge) has a positive impact on the overall perfor-
mance.

• We provide an exhaustive evaluation on two standard datasets, and our proposed method
performs better than the baselines for biomedical relation extraction.

4.2 Problem Formulation and Approach

We define a Graph as a tuple G = (E ,R, T +) where E denotes the set of entities (vertices),

R is the set of edge labels, and T + ⊆ E × R × E is a set of all labelled edges. The RE Task

aims to find the target relation rc ∈ R for a given pair of entities 〈ei, ej〉 within the sentence

W . If no relation is inferred, it returns NA label. In this section, we first discuss the ReOnto

framework, which integrates graph neural network (GNN) [19] with symbolic knowledge. A

GNN primarily employs three modules, which are encoding, propagation, and classification.

Symbolic knowledge is integrated with the GNN score in the aggregation module (Figure 4.1).

4.2.1 Symbolic Module

As a first step, we aggregate symbolic knowledge (SK), available in public ontologies for ex-

tracting long-range dependencies between entity pairs. We build a connected graph G of the

symbolic knowledge derived from ontologies. We define a graph G = (V,E, T+) where:
• V is the set of entities (vertices).

• E is the set of edges, where each edge (vs, r, vo) ∈ E corresponds to a sequence s =
s
s,o
0 s

s,o
1 s

s,o
2 . . . s

s,o
l−1 extracted from the text. Here, vs and vo are the source and destination

entities, respectively, and r is the edge label representing the relation between vs and vo.

• Si represents a specific sequence or subsequence extracted from the text, associated with a
pair of entities (vs, vo). The notation s = s

s,o
0 s

s,o
1 s

s,o
2 . . . s

s,o
l−1 suggests that s is a sequence

of elements (possibly tokens or words) related to the source entity s and the destination

The work discussed in this chapter is part of the following publication. Monika Jain, Kuldeep Singh, and Raghava Mutharaju.
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Figure 4.1: ReOnto Approach. The role of the symbolic module is to aggregate symbolic knowledge. It
takes the entity pair and gives path information. 1) Encoding module accepts input vectors
of sentence and path information to provide transition matrix. 2) Propagation module shares
the hidden states of generated transition matrix with its neighbours 3) Classification module
provides scores of prediction 4) Aggregator module integrates the score of the biased relation
(from ontology reasoning) with that of the one from GNN to calculate loss.

entity o.

We also consider related SK of entity pair SKs,o which consist of path information (
∑

pathi
0;
∑

axiom_pathi
0) ∈ SKs,o where i is the number of hops traversed to get the path. Path consists

of multi hop details, each containing detailed information, while the axiom path contains path

information enriched with expressive axioms. We identify, directly and indirectly, connecting

paths between the entities vs and vo (Algorithm 2).

Single hop. For retrieving the direct path, we query on the ontology using SPARQL to check

if a path exists between entity pair (es, eo). The study examined the potential interactions in a

sentence Sandimmun, a medication formulated as cyclosporin (cya) in cremophor and ethanol,

and the muscle relaxants atracurium and vecuronium in anesthetized cats. The correct rela-

tion label between sandimmun and cyclosporin is hasTradename. Upon querying this entity

pair from the ontology, it was found that the direct path between given entity pairs is synony-

mOf relation which is similar to the correct relation label hasTradename present in the dataset.

The details on how we calculate the similarity is given is sec This highlights the similarity

between hasTradename and synonymOf, as both relations indicate a form of equivalence or

alternative naming. Details on how we calculate similarity is given in section 4.2.3. As de-

picted in Figure 4.2, the direct path between two given entities (if they exist) is extricated using

The work discussed in this chapter is part of the following publication. Monika Jain, Kuldeep Singh, and Raghava Mutharaju.
2023. ReOnto: A Neuro-Symbolic Approach for Biomedical Relation Extraction. In Machine Learning and Knowledge Discov-
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path(y; e) −→ cui(x; y) ⊓ edge(x; z) ⊓ cui(z; e), where cui is concept unique identifier which

uniquely identifies entity (assuming x is entity1, y is cui of entity1, z is entity2 and e is cui

of entity2). It retrieves the connecting edge between two given entities. Once assimilating the

path synonymOf between entity pairs, the aggregator module in ReOnto computes the similar-

ity between the extracted path and all relations, assigning the correct label hasTradename as

the similarity score reaches its maximum. The details of how to compute the similarity can be

found in subsection 4.2.3

Figure 4.2: Subgraph of ontology illustrating direct connection between two entities

Multi hop. Multi-hop path reasoning over the knowledge base aims at finding a relation path for

an entity pair by traversing along a path of triples from graph structure data [195]. For retrieving

indirect path relation, we query on the ontology if a n-hop distance path exists between entity

pair (es, eo) starting from 1-hop distance path. Consider the sentence Intravenous azithromycin-

induced ototoxicity with its relation label as hasAdverseEffect. From ontologies, we get the

path as a concatenation of causative agent of, has adverse reaction using path(y;e)−→ cui(x;y) ⊓

edge(x;z) ⊓ edge(z;a) ⊓ cui(a;e). The aggregator module receives this path as input and using a

similarity score, assigns the target relation label adverseEffect. Refer to Figure 4.3 for details.

Details about aggregate module is given in section 4.2.3

Figure 4.3: Subgraph of ontology depicting two hop distance between two entities

Using axioms. So far, we have considered only shallow and transitive relationships among the

concepts. However, the biomedical domain consists of several complex relations. We argue

that those relations can be captured using expressive axioms from ontology. Expressive axioms

consist of logical quantifiers such as there exist(∃), for all(∀), union(⊔), intersection(⊓) which

The work discussed in this chapter is part of the following publication. Monika Jain, Kuldeep Singh, and Raghava Mutharaju.
2023. ReOnto: A Neuro-Symbolic Approach for Biomedical Relation Extraction. In Machine Learning and Knowledge Discov-
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are part of popular biomedical ontologies. These expressive axioms enrich an ontology and

play an essential role in the performance of downstream applications [30]. Our objective is to

determine the relation label between two entities by tracing the corresponding multi-hop triplet

path that contains these axioms, starting from the first entity in the graph and continuing up to a

specified distance until we reach the second entity. Note that when multiple paths are available

between two entities, we have taken into account all the paths that are available which consist of

unique keywords Consider the sentence, A 73-year-old woman presented with fever and cough

2 weeks after completing the third cycle of fludarabine for chronic lymphocytic leukemia. Here,

correct relation label is adverse effect. From one of the ontology described in Table 4.2, we get

following sub-graph enriched with axioms.

Fludaraline
causativeAgentOf
−−−−−−−−→ Fludaraline Adverse Reaction

Fludaraline Adverse Reaction⊑∃hasFinding.Finding

Cough⊑Finding

From the above relations, one can see that Fludaraline and Fludaraline Adverse Reaction (FADR)

has a relation causativeAgentOf. Moreover, there exists a hasFinding relation between FADR

and Finding. Therefore, with ontology reasoning, we can interpret that Fludaraline has an ax-

iom path consisting of causativeAgentOf, hasSomeFinding, which is closest to the relation label

adverseEffect. Similarly, consider another sentence, concentrations were significantly related

to the degree of apocrine differentiation of the tumour and, in a subset of the cancers, capac-

ity to release gcdfp-15 was positively correlated with incidence of progestogen and androgen

receptors. The labelled relation for this sentence is has nichdParentOf

Tumor
qualifierBy
−−−−−→Diagnostic Imaging

Diagnostic Imaging
allowedQualifier
−−−−−−−−→Neoplasms Neoplasms ⊑ ∃parent.Post-Traumatic Cancer

Post-Traumatic Cancer ⊑ Cancer

For the above case, the derived path is qualifierBy, allowedQualifier, subClass and there exist

some parent and subClass.

4.2.2 Encoding module

Entity pairs are encoded by concatenating the position embedding with the word embedding in

the sentence (Equation 4.1), represented as En(ss,ot ) where st is the word embedding and p
s,o
t

is the position embedding at word position t relative to the entity pair position (s, o). Similarly,

symbolic path information from the Symbolic Module (SK) is encoded by concatenating path

(pathi
0) and axiom path details (axiom_pathi

0) where i represents the number of hops reaching

destination.

En(ss,ot ) = [st; p
s,o
t ] (4.1)
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En(SKs,o) = [
∑

pathi
0;
∑

axiom_pathi
0]

s,o (4.2)

The entity pairs representation and path information, after encoding with BioBERT are for-

warded to a multi layer perceptron with non linear activation σ (Equation 4.3 and 4.4). We

concatenate them as a shown in Equation 4.5. Since our dataset are from biomedical domain,

we have used BioBERT [196] for encoding.

An
s,o = MLPn(BioBERT (En(ss,o0 ), En(ss,o1 ), .., En(sl − 1s,o)) (4.3)

SP n
s,o = MLPn(BioBERT (En(SKs,o))) (4.4)

Mn
s,o = SP (n)

s,o + A(n)
s,o (4.5)

4.2.3 Graph Neural Network

Propagation module

In this module, we propagate information among graph nodes where each node in the graph

represents an entity using Equation 4.6, where given the representation of layer n , representa-

tion of layer n + 1 is calculated. Here n represents the index, B represents neighbours of vo,

and σ is the nonlinear activation function.

hn+1
s =

∑

vo∈B(vo)

σ(M (n)
s,o h

(n)
o ) (4.6)

Classification module

In the classification module, embeddings of entity pair are the input. Now, ReOnto performs

element wise multiplication on input and then passed into multi layer perceptron using Equation

4.7. Here · represent element wise multiplication.

MLP (vs, vo) = [h(1)
vs
· h(1)

vo
]T ; [h(2)

vs
· h(2)

vo
]T ; ...; [h(K)

vs
· h(K)

vo
]T (4.7)

Aggregator module

Path information (pathi
0; axiom_pathi

0)∈SK
s,o from Symbolic Module is separately encoded

using BioBERT [196] model, which is pre-trained on biomedical text corpora. At first, we per-

form the encoding of path information and total relation label Ri
1 where i is the total number of

potential relations (refer Equation 4.8 and 4.9). Then, we evaluate the semantic similarity score
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using BioBERT model between path information and complete labelled relation list. We get the

relation label with the maximum similarity score and add it as a weighted bias as given in Equa-

tion 4.10. An important observation to make is that the weights generated by the GNN undergo

modification by incorporating the knowledge of the Symbolic Module. This step is crucial as

it involves combining the symbolic and sub-symbolic components. We employ the softmax

function to obtain probabilities and compute the cross entropy loss (refer Equations 4.11 and

4.12), where S denotes whole corpus and n are total entity pairs such that s 6= o. It is worth

noting that if no path exists between two entities, the bias score is set to 0, and loss is computed

accordingly.

Renc = enc(Ri
1) (4.8)

Penc = enc(SKs,o) (4.9)
biasedscorer = max(cosSim(Renc, Penc)) (4.10)

P (vs, vo) = softmax((MLP (vs, vo) + biasedscorer) (4.11)

L =
S
∑

t=0

n
∑

s,o=0

(logP (vs, vo))t (4.12)

4.3 Experimental Setup

We conduct our evaluation in response to following research questions.

RQ1: What is the effectiveness of ReOnto that combines symbolic knowledge with a neural

model in solving biomedical relation extraction task?

RQ2: How does knowledge encoded in different ontologies impact performance of ReOnto?

Datasets. Our initial biomedical dataset is BioRel [197], which includes a total of 533,560

sentences, 69,513 entities, and 125 relations types. The second dataset we use is the Adverse

Drug Effect (ADE) dataset [198]. We approach the RE problem in this dataset as a binary

classification task, where sentences are labeled as either positive (adverse-related) or negative

(not adverse-related). Positive adverse relations are established when drug and reaction entities

are associated in the given context, while negative relations involve drugs that are not account-

able for a specific reaction. The ADE dataset comprises 6,821 labelled adverse sentences and

16,695 labelled negative adverse sentences, with a total of 5,063 entities. We consider two types

of relations in this dataset: adverse-related and not adverse-related.

Table 4.1 provides details of the public ontologies utilized for constructing symbolic knowledge.

DINTO (Drug to drug interaction ontology) designed to enhance the representation of drug-drug
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interactions and their outcomes. OAE (ontology of adverse effects) focuses on representing

and standardizing adverse events in medicine. NDF-RT (The National Drug File - Reference

Terminology) provides a terminology for drugs and their characteristics. MEDLINE ontology

is used for indexing and categorizing biomedical literature in the MEDLINE database. NCIt

(National Cancer Institute Thesaurus) covers a wide range of cancer-related terminology and

concepts.

Table 4.1: Ontologies used for Symbolic Knowledge

Ontology Classes Properties Maximum depth

DINTO [28] 28,178 12 2

OAE [199] 10,589 123 17

NDF-RT [29] 36,202 90 9

MEDLINE [200] 2,254 12 2

NCIT [201] 177,762 97 21

Table 4.2: Hyper parameters setting

Hyper-parameters Value

learning rate 0.001

batch size 50

dropout ratio 0.5

hidden state size 256

non linear activation relu

4.4 Baseline Models for Comparison

We utilized several competitive baselines to evaluate the performance of our approach across

different paradigms of relation extraction. These baselines are categorized as follows:
• Multi-instance Models: Multi-instance models are designed to handle scenarios where

multiple sentences or instances are associated with a single relation label. These models
aggregate information across instances to make predictions. We included widely-used
multi-instance models such as CNN [202, 42, 203]. CNN-based models leverage convo-
lutional layers to extract features from sentence-level representations, while PCNN intro-
duces piecewise pooling to better capture localized information around entities. These
models were adapted to the biomedical domain by re-training them on domain-specific
datasets and incorporating biomedical context, such as entity descriptions and types, to
ensure relevance to the task.
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• Sentential Relation Extraction (RE) Models: Sentential RE models focus on extracting
relations from individual sentences, often leveraging contextual information and graph-
based representations. We included models such as Recon [24], GPGNN [20], and Con-
textAware [204]. For Recon [24], we used its entity attribute context (EAC) variant which
encodes context from entity attributes ii) for fair comparison. GPGNN employs graph
propagation mechanisms to model dependencies between entities, while ContextAware
integrates surrounding context to improve relation prediction. These models were adapted
to the biomedical domain by re-training them and inducing biomedical-specific features,
such as entity descriptions and semantic types.

• Biomedical Relation Extraction Works: Biomedical RE models are explicitly designed
for extracting relations in the biomedical domain, often leveraging domain-specific knowl-
edge and embeddings. We included CRNN [205], CNN-Embedding [206], SparkNLP [207],
RGCN [208], and BioRel [197]. CRNN combines convolutional and recurrent layers
to capture both local and sequential dependencies, while CNN-Embedding integrates
pre-trained embeddings tailored to biomedical text. SparkNLP utilizes advanced NLP
pipelines for biomedical text mining, and RGCN employs relational graph convolutional
networks to model complex entity relationships. BioRel incorporates domain-specific
features and embeddings for enhanced performance. For these models, we used the re-
ported values from their original papers, ensuring consistency with their published results.

• T5 Model: T5 [209] is a transformer-based model that has demonstrated state-of-the-art
performance across various NLP tasks, including relation extraction. We fine-tuned T5 on
biomedical datasets to adapt it to the domain, leveraging its ability to generate text-based
outputs that capture relations effectively.

For models where code was publicly available, we executed them on both datasets to ensure

a consistent evaluation framework. For biomedical-specific models, we relied on the reported

values from their original papers to maintain fidelity to their published results. By adapting non-

biomedical models to the domain and re-training them with biomedical context, we ensured a

fair comparison across all baselines.

Hyper-parameters and Metrics. Table 4.2 outlines the best parameter setting. We employ

GloVe embedding of dimension 50 for initialization. Since the datasets are from the biomedical

domain for evaluating semantic similarity, we have used BioBERT model1. The size of position

embedding is also kept at 50. We have used the open-source ontology (.owl) from BioPortal

to extract the paths using the SPARQL query. We followed [20] for experiment settings. We

evaluated our approach on both datasets using F1 score.

1https://www.sbert.net/
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Table 4.3: Biomedical Relation Extraction Results. ReOnto outperforms baselines on both datasets.
We’ve left the precision column blank for baselines that do not report it.

Dataset Model Accuracy (in%) F1 scores

ADE

CNN [202] 68 0.71

PCNN [203] 76.9 0.73

ContextAware [204] 93 0.93

RGCN [208] 86 0.83

GPGNN [20] 92.1 0.90

CRNN [205] - 0.87

CNN-Embedding [206] - 0.89

SparkNLP [207] - 0.85

T5 [209] 92 0.86

RECON [19] 93.5 0.92

ReOnto (Ours) 97 0.96

Dataset Model Accuracy (in%) F1 scores

BioRel

CNN [202] 48 0.47

PCNN [203] 64.6 0.57

RGCN [208] 72 0.78

GPGNN [20] 85 0.84

CNN+ATT [197] - 0.72

PCNN+AVG [197] - 0.76

RNN+AVG [197] - 0.74

ContextAware [204] 89 0.87

T5 [209] 88 0.86

RECON [19] 89.6 0.86

ReOnto (Ours) 92 0.90

4.5 Results

ReOnto performs better than the baseline models on both datasets (From Table 4.3). These re-

sults indicate that our model could successfully conduct reasoning with a neuro-symbolic graph

on the fully connected graph and combine it with the underlying deep learning model (GNN in

our case). Observed results successfully answer RQ1. Methods such as [19, 204] use contexts

such as entity types and descriptions. Similarly, RECON and T5 include additional explicit

information of long entity descriptions, its type that allows offline learning of entity context.

However, in a real-world setting of the biomedical domain, it is viable that such context may
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not be present for each entity. In contrast, our model discards the necessity of available entity

context and learns purely using reasoning over connected entity graphs. Furthermore, multi-

instance baselines try to learn relations using previous occurrences of entities in the document.

In both cases, missing reasoning to capture long-range dependencies of entities hampers their

performance. One possible reason why CNN and PCNN do not perform well is that biomedical

sentences are complex, making it challenging to directly identify and adhere to the relationships

within the text. We can also notice that the context-aware model is performing better than multi-

instance on these datasets because entity contexts are helping up to an extent. Presently, we have

added context information(symbolic knowledge) via ontology into the model. If enough context

details are given our model can work on generalised datasets as well. Figure 4.4 presents plots

a, b, c, d, which depict the training and validation F1 scores on both datasets, while plots e, f

show the loss graph. Our observations indicate that ReOnto delivers consistent performance on

these graphs within the considered timeframe (Table 4.5).

4.6 Ablation study

4.6.1 Effectiveness of number of ontologies

To better understand the contribution of each ontology on ReOnto’s performance, we conducted

an ablation study. Table 4.4 presents a summary of our findings, which indicate a decrease in

performance when considering individual ontologies. This validates our approach of merging

knowledge from multiple ontologies to create symbolic knowledge.

For the ADE dataset, we have a lesser entity coverage of 22% using DRON ontology. However,

we found that the performance improves when we increase the entity coverage by incorporat-

ing the OAE and DINTO ontologies. This increase in entity coverage results in corresponding

improvements in F1 scores. Similarly, for the BioRel dataset, we tested with MEDLINE on-

tology with entity coverage of 42% and then NCIt ontology with coverage of 34%, leading to

corresponding improvements in F1 scores. Results also provide conclusive evidence that Re-

Onto’s performance depends on the coverage of entities aligned with the dataset and combining

encoded knowledge has positive impact on overall performance (answering RQ2).
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Table 4.4: Effect of ontology on F1 scores

Dataset Ontology Entity coverage(approx.) F1 scores

ADE

DRON [28] 22% 0.92

OAE [199] 34% 0.93

DINTO [210] 41% 0.95

BioRel

MEDLINE [200] 42% 0.88

NCIt [201] 34% 0.84

Figure 4.4: For the ADE dataset, Figures a) and b) show the training and validation F1 scores with
baseline, respectively. Figure e) illustrates the cross-entropy loss for the iteration. For the
BioRel dataset, Figures c) and d) show the training and validation F1 scores with baseline,
respectively. Figure f) illustrates the cross-entropy loss concerning the iteration. ReOnto
exhibits consistent and stable performance on both datasets, as indicated by the plotted F1
scores and loss.

4.6.2 Effectiveness of number of hops

We separately study the effect of the number of hops on the performance of ReOnto. Figure 4.5

shows the impact of the number of hops on the model. Increasing hops initially improve F1

scores until reaching a plateau. This is because additional hops don’t provide new relevant

information. Table 4.6 summarizes the extracted hops from the MEDLINE ontology, support-

ing our observation. Interestingly, increasing hops leads to redundant information that doesn’t

contribute to performance. To maintain context and meaningful connections, we preserved

multi-hop information up to five hops in our experiment. Furthermore, Table 4.5 illustrates the
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relationship between ontology size, parsing time, and the number of hops, indicating an increase

in time as hops increase.

Table 4.5: Time taken to parse ontology and evaluate respective path. Parsing time increase w.r.t size of
ontology

Ontology Size (in KB) Time taken (in seconds)

Parsing Direct hop One hop Two hop Axiom path1 Axiom path2

OAE 9286 6.75 0.11 2.73 7.47 2.19 5.92

NDFRT 69387 123.11 1.21 0.003 7.629 44.79 103.36

DINTO 1,10,865 137.4 1.6 3.8 8.54 5.67 11.32

MEDLINE 6975 2.19 0.002 0.0023 0.003 3.118 6.09

NCI 5,71,434 758.9 1034.5 1294.5 3454.1 2485 5569

Figure 4.5: Effectiveness of hops on performance

Table 4.6: Derived path obtained by connecting “protein" and “dietary protein" entity

Hops Path

path1 classifies

path2 mapped from dietary proteins, classifies

path3 classifies proteins, classifies dietary proteins, classifies

path4 classifies proteins, classifies dietary proteins, mapped from dietary proteins,

classifies

path5 classifies proteins, classifies dietary proteins, related to carbs, related to di-

etary proteins, classifies

path6 classifies Proteins, classifies dietary proteins, mapped from dietary proteins,

related to carbs, related to dietary proteins, classifies

path7 classifies Proteins, classifies dietary proteins, mapped from dietary proteins,

related to carbs, related to dietary proteins classifies dietary proteins
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Table 4.7: Sample sentences and predictions of various models. ReOnto using reasoning is able to predict
the relations which are not explicitly observable from the sentence itself and requires long-
range entity interactions.

Sentence Relation GPGNN Context

Aware

ReOnto

Both compounds are equally potent in the

stimulation of intestinal calcium transport ,

bone(C0262950) calcium mobilization , in the

elevation of serum phosphorus , and in the heal-

ing of rickets(C0035579) in the rat

is pri-

mary

anatomic

site of

disease

may be

asso-

ciated

disease

of dis-

ease

may be

finding

of dis-

ease

is pri-

mary

anatomic

site of

disease

The ventricular effective refractory period,

as well as the vt cycle length(C0042514), in-

creased after propranolol(C0033497) and was

further prolonged after the addition of a type i

agent

may be

treated

by

may di-

agnose

may

treat

may be

treated

by

dsip and clip [acth(18-39)] immunoreactive(ir)

neurons and fibers were examined in the

human(C0086418) hypophysis and pituitary

stalk using immunmohistofluorescence and

peroxidase(C4522012) antiperoxidase methods

is or-

ganism

source

of gene

product

nichd

parent of

organism

has gene

is or-

ganism

source

of gene

product

4.7 Case study

Table 4.7 shows qualitative results that compare the ReOnto model with the baseline models.

We report a few results showing ReOnto can predict the relationship with reasoning. ReOnto

retrieved the relevant derived path from the ontology in the first case. ReOnto implicitly learns

from the facts and captures the derived path to provide the correct relation label, even if it is not

explicitly mentioned as isPrimaryAnatomicSiteOfDisease.

CUI:C0262950
preferredLabel
−−−−−−−→Bone

Bone⊑ ∃anatomicSiteOfDisease.Rickets

Rickets
CUI
−−→CUI:C0035579

Bone
semanticType
−−−−−−→Anatomic Structure

In the second case, ReOnto produces the following path by utilizing the expressive axiom of

the ontology. ReOnto captures the long-range dependencies between entities and provides the

correct relation label.
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CUI:C0042514
preferredLabel
−−−−−−−→Ventricular Tachycardia

Ventricular Tachycardia≡Techycardia

Techycardia⊑ ∃mayBeTreatedBy.Propranolol

Propranolol
CUI
−−→ CUI:C0033497

In the last case study, several paths are derived from the ontology for the Human entity. It can

be observed that ReOnto derives and asserts the dependency path between Human and Per-

oxidase, and concludes that the target relation label isOrganismSourceOfGeneProduct applies,

as compared to other baseline models. Such complex ontology reasoning provides long-range

interactions between entities, which is inherently not possible in baseline models.

CUI:C0086418
preferredLabel
−−−−−−−→Human

∃Human⊑geneProductHasOrganismSource.Myeloperoxidase

Myeloperoxidase
hasDisposition
−−−−−−−→Peroxidase(disposition)

Peroxidase(disposition)
preferredName
−−−−−−−→Peroxidase

Peroxidase
CUI
−−→ CUI:C4522012

4.8 Summary

In this chapter, we proposed a novel neuro-symbolic approach, ReOnto, that leverages path-

based reasoning, including expressive axiom path with GNN. We apply our model to complex

biomedical text and compare the approach with baselines. Based on the empirical results, there

are three key takeaways. Firstly, existing baseline models with any form of context only capture

short-range dependencies of entities. In contrast, our model uses long-range entity dependen-

cies derived from ontology reasoning to outperform all baselines on both biomedical datasets.

ReOnto provides effective reasoning on given text and entity pair, which can tackle the chal-

lenges of biomedical text. It also considers expressive axioms of ontology to reason on RE.

The aggregation of these axioms outperformed the baselines. As a next step, we can consider

using background knowledge on unsupervised data. An ontology reasoner can be used to infer

more paths, and perhaps these additional axioms can improve the performance further. The

code used in this research is available under the Apache License, Version 2.0, at https://

github.com/kracr/reonto-relation-extraction.
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4.9 Limitation

While ReOnto demonstrates promising results in sentence-level relation extraction by leverag-

ing neuro-symbolic knowledge, it is not without limitations. One key limitation of the approach

is its dependency on the availability of entities within the ontology. The method relies on ex-

tracting relation paths between entities from publicly accessible ontologies, which means that

the effectiveness of ReOnto is constrained by the comprehensiveness and coverage of the on-

tologies used.

If an entity or its corresponding relation is not present in the ontology, the model may fail to

infer the relation or provide suboptimal results. This limitation restricts the applicability of Re-

Onto to scenarios where entities and relations are well-represented in the ontology, potentially

excluding novel entities or relations that are not yet documented. Additionally, the reliance

on predefined symbolic knowledge may limit the model’s ability to generalize to unseen or

emerging biomedical concepts that are not captured in existing ontologies.

To address this limitation, future work could explore incorporating knowledge from diverse

sources such as DBpedia, Wikidata, or other domain-specific Knowledge Graphs. By integrat-

ing multiple knowledge bases, the model could potentially expand its coverage and improve its

ability to handle entities and relations that are not present in a single ontology. Furthermore,

dynamically updating ontologies or employing techniques to infer relations for novel entities

could enhance the robustness and generalizability of the approach.
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Algorithm 1: Path generation via ontology
Input : entity pair (vs,vo), Number of hops (N)
Output: finalpath

1 Initialization:

2 i = 1, source= vs, pathi−1, axiom_pathi−1, finalpath, adjacent node, hop_pathi,
axiom_pathi = {}

3 finalpath = PathGeneration(vs, vo, N)
4 Function PathGeneration(vs, vo, N):

5 path, axiom_path, finalpath = {}
6 foreach entity pair vs, vo ∈ ontology do

7 path.append(ExplorePath(vs, vo, N))
8 axiom_path.append(ExploreSymbolicPath(vs, vo, N))

9 finalpath = path ∪ axiom_path
10 return {finalpath}

11 Function ExplorePath(vs, vo, N):

12 hop_pathi, adjacent node= GetNHopFromSource(vs, 1) // calculates 1 hop distance
from source

13 pathi = hop_pathi ∪ pathi−1

14 if vo 6= adjacent node and i 6= N then

15 pathi= ExplorePath(adjacent node, vo, N)
16 i = i+ 1

17 return {pathi}

18 Function ExploreSymbolicPath(vs, vo, N):

19 axiom_pathi, adjacent node = GetNHopFromSource(vs, 2) // calculates 2 hop distance
from source containing there exist and for all quantifier

20 axiom_pathi = hop_pathi ∪ axiom_pathi−1

21 if vo 6= adjacent node and i 6= N then

22 axiom_pathi= ExploreSymbolicPath(adjacent node, vo, N)
23 i = i+ 1

24 return {axiom_pathi}
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CHAPTER 5

Knowledge enabled document-level relation extraction

Document-level relation extraction (DocRE) poses the challenge of identifying relationships

between entities within a document as opposed to the traditional RE setting where a single

sentence is the input. Existing approaches rely on logical reasoning or contextual cues from

entities. We reframe document-level RE as link prediction over a knowledge graph with dis-

tinct benefits: 1) Our approach combines entity context with document-derived logical reason-

ing, enhancing link prediction quality. 2) Predicted links between entities offer interpretability,

elucidating employed reasoning. We evaluate our approach on three benchmark datasets: Do-

cRED, ReDocRED, and DWIE. The results indicate that our proposed method outperforms the

state-of-the-art models and suggests that incorporating context-based link prediction techniques

can enhance the performance of document-level relation extraction models.

5.1 Introduction

In recent years, document-level relation extraction problem (DocRE) evolved as a new subtopic

due to the widespread use of relational knowledge in knowledge graphs [211] and the inherent

manifestation of cross-sentence relations involving multi-hop reasoning. Consider the sentence

in Figure 5.1 and its labelled relation applies_to_jurisdiction (Congress, US) from the DocRED

dataset [83]. Even with the inclusion of multi-hop and co-reference reasoning, inferring the

correct relation becomes challenging because the relation depends on multiple sentences and

cannot be identified based on the language used in the sentence.

For these kinds of sentences, external context (knowledge) can play a vital role in helping the

model capture more about the involved entities. For the above example, using the Wikidata

knowledge base [212] and WordNet [213], we can get details, such as the entity types, syn-

onyms, and other direct and indirect relations between entities (if they exist) on the Web As

compared to traditional RE, DocRE has two major challenges: subject and object entities in a

given triple might be dispersed across distinct sentences, and certain entities may have aliases

in the form of distinct entity mentions. Consequently, the signal (hints) needed for DocRE is

not confined to a single sentence. A common approach to solve this problem is by taking the

input sentences and constructing a structured graph based on syntactic trees, co-references, or

heuristics to represent relation information between all entity pairs [48, 42]. A graph neural

network model is applied to the constructed graph, which performs multi-hop graph convolu-



Figure 5.1: A partial document and labelled relation from DocRED. Blue colour represents concerned
entities, pink colour represents other mentioned entities, and yellow colour denotes the sen-
tence number.

tions to derive features of the involved entities. A classifier uses these features to make predic-

tions [214]. Another approach [93, 215] explicitly models the reasoning process of different

reasoning skills (e.g., multi-hop, coreference-mediated). However, even after considering fea-

tures between the entity pairs and executing the reasoning process, DocRE is still hard due to

the latent and unspecific contexts.

.

Previous research in this domain has underscored the potential of external context to enhance

performance in relation extraction, co-reference resolution, and named entity recognition [216].

The distinctive innovation of our work lies in the fusion of context extracted from Wikidata

and WordNet with a reasoning framework, enabling the prediction of entity relationships based

on input document observations. Given the wide availability of external context, Knowledge

Graph (KG) triples can augment training data, thereby casting the DocRE task as a knowledge

Graph based link prediction challenge. In other words, given head and tail entities, we address

the question of determining the appropriate relation.

We demonstrate that framing DocRE as a link prediction problem, combined with contextual

knowledge and reasoning, yields enhanced accuracy in predicting the relation between entities.

We furnish traversal paths as compelling justifications for relation predictions, thereby shedding
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light on why a particular relation is favored over others. Notably, this marks the first instance

of presenting a traversal path between entities for each prediction in the context of DocRE. Ac-

cording to the classification of neuro-symbolic integration by Henry Kautz and Hamilton, our

approach falls under the [Neuro[Symbolic]] category since it involves both neural networks and

symbolic reasoning. Our contributions in this work are as follows.

• We introduce an innovative approach named DocRE-CLiP (Document-level

Relation Extraction with Context-guided Link Prediction), which amalgamates external
entity context with reasoning via a link prediction algorithm.

• Our empirical analyses encompass three widely-used public document-level relation ex-
traction datasets, showcasing our model’s improvement over the recent state-of-the-art
methods.

• For every prediction, our approach is first in DocRE literature to supply a traversal path
as corroborative evidence, bolstering the model’s interpretability.

5.2 Methodology

5.2.1 Problem Formulation

An unstructured document D consisting of K sentences is represented by {S}Ki=1, where each

sentence is a sequence of words. The entities within the document are denoted by E = {ei}
P
i=1

(where P is the total number of entities). Entities ei has multiple mentions, msk
i , scattered

across the document D. Entity alias are represented as {msk
i }

Q
k=1. Our objective is to extract the

relation between two entities in E namely P(r|ei,ej) where ei, ej ∈ E , r ∈ R, here R is a total

labelled relation set. The context (background knowledge) of an entity ei is represented by Cei

and a context path, i.e., a sequence of connected entities and edges from the head entity (ei) to

the tail entity (ej) is represented by CPei,ej .

5.2.2 Approach

Our proposed framework, DocRE-CLiP, integrates document-derived reasoning with context

knowledge using link prediction. In the first step, we extract triples from the sentences of the

given document. In the second step, we extract two types of context: 1) entity context, such as

its aliases, and 2) context paths from an external KB (Wikidata, in this case). Using the triples

and extracted contexts, we create a context graph to calculate a link prediction score. Then in

the third step, we use several reasoning mechanisms such as logical reasoning, intra-sentence

reasoning, and co-reference reasoning to calculate relation scores for pairs of entities. In the
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final step, the aggregation module combines the relation scores from the second and third steps.

We have also implemented a path-based beam search in the framework to explain the predicted

relation by providing traversal paths based on scores (refer to Figure 5.3). We now detail the

architecture of our proposed framework.

Triplet extraction module. Document Relation Extraction (DocRE) datasets often contain

labelled triplets; however, popular datasets [83] have about 64.6% missing triples, yielding an

incomplete graph [217]. To extract all the triples from the document, we utilize an open-source

state-of-the-art method [123] for triplet generation. This module takes a document D as input

and produces triples (s, p, o), where s is the head entity, p is the relation, and o is the tail entity.

These extracted triples (T ) follow the Equation below, where n is the total count of triples

extracted from document D.

T (D) = {si, pi, oi}
n
i=1 (5.1)

Context module. Our goal involves extracting two types of contexts – entity context and the

contextual path between entity pairs. For entity ei, we generate entity context using entity type

and synonyms. This information is derived using WordNet [213]. We incorporate the entity

context Cei into the triples. Here, S denotes the total number of extracted synonyms. Refer to

Equations 5.2 and 5.3 for additional details.

Cei = {ei, hasSynonym, Synonymk}
S
k=1, (5.2)

Cei = {ei, hasEntityType, EntityType} (5.3)

Let us consider an entity “Four” as an example. When we utilize WordNet, we discover that

synonyms for “Four” include “4”, “IV”, and “quatern”. Additionally, the entity is categorized as

the type “number”. Consequently, the following set of triples is generated through this process:

{Four, hasSynonym, 4}

{Four, hasSynonym, IV}

{Four, hasSynonym, quatern}

{Four, hasEntityType, number}

The second source of contextual information pertains to entity paths. Predicting relations be-

tween entity pairs poses challenges stemming from inherent document deficiencies [217, 115].

To address these issues, we introduced external context by harnessing insights from Wikidata.

The procedure involves extracting paths (direct and indirect) between entity-entity, mention-

The work discussed in this chapter is part of the following publication. Monika Jain, Raghava Mutharaju, Ramakanth Kavuluru
and Kuldeep Singh. 2024: Revisiting Document-Level Relation Extraction with Context-Guided Link Prediction. Main Techni-
cal Track. AAAI 2024. February 22-25, 2024.

72



entity, and entity-mention pairs from Wikidata, provided they exist. The contextual path per-

tains to an entity pair ei, ej . We considered context paths spanning an N-hop distance (N being

chosen based on experimental findings) between the entity pair. Subsequently, the extracted

path is transformed into triples and forwarded to the link prediction model.

Illustrated in Figure 5.2 is the triple generation process employing a contextual path. The entity

Canadian is two hops away from the entity Ontario. Canada is an intermediary entity, while

country and ethnic group are intermediary properties. The Contextual Path (CPei,ej ) are a set

of triples formed using the intermediary entities and properties, as shown in Figure 5.2.

Figure 5.2: Triples constructed using N-hop path extracted from Wikidata. The head and tail entities are
blue in colour. Intermediate entities are in peach colour.

Link prediction module. Link prediction is the task of predicting absent or potential con-

nections among nodes within a network [218, 219, 220]. Given that the document relation

extraction (DocRE) task involves constructing a graph that interlinks entities and considering

our context, formulated as triples, which can be conceptualized as a Knowledge Graph (KG),

we approach the DocRE challenge as a link prediction problem. This approach encompasses

both an encoder and a decoder. The encoder maps each entity ei ∈ E to a real-valued vector

vi ∈ R
d, where R denotes the set of real numbers and d is the dimension of the vector. The

decoder reconstructs graph edges by leveraging vertex representations, essentially scoring (sub-

ject, relation, object) triples using a function: Rd × R × R
d → R. While prior methods often

employ a solitary real-valued vector ei ∈ E , our approach computes representations using an

R-GCN [221] encoder, where h(l)
i is the hidden state of node ei in the l-th layer of the neural net-

work. To compute the forward pass for an entity ei in a relational multi-graph, the propagation
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model at layer l + 1 is computed as follows.

h
(l+1)
i = σ





∑

r∈R

∑

j∈Nr
i

(
1

ci,r
W (l)

r h
(l)
j +W

(l)
0 h

(l)
i )



 (5.4)

Here, h(l)
i ∈ R

d(l) with d(l) being the dimensionality of layer l. W l
0 and W

(l)
r represent the

block diagonal weight matrices of the neural network, and σ represents the activation function.

N r
i signifies the set of Neighbouring indices of node i under relation r ∈ R, and ci,r is a

normalization constant.

For training the link prediction model, our dataset comprises a) core training triples from the

dataset, b) triplets obtained through the triplet extraction module using Equation 5.1, c) triplets

formulated using the context module guided by Equations 5.2 and 5.3, and d) triplets con-

structed using context paths connecting entity pairs. We use DistMult [222] as the decoder. It

performs well on the standard link prediction benchmarks. Every relation r in a triple is scored

using Equation 5.5.

P (r | i, j) = P (eTi ×Rr × ej) (5.5)

Reasoning module. We consider three types of reasoning in our approach.

1) Intra-sentence reasoning, which is a combination of pattern recognition and common sense

reasoning. Intra-sentence reasoning path is defined as PIij = ms1
i ◦ s1 ◦ m

s1
j for entity pair

{ei, ej} inside the sentence s1 in document D. ms1
i and ms1

j are mentions and “o” denotes

reasoning step on reasoning path from ei to ej .

2) Logical reasoning is where a bridge entity indirectly establishes the relations between two

entities. Logical reasoning path is formally denoted as PLij = ms1
i ◦ s1 ◦m

s1
l ◦m

s2
l ◦ s2 ◦ ms2

j

for entity pair {ei, ej} from sentence s1 and s2 is directly established by bridge entity el.

3) Co-reference reasoning which is nothing but co-reference resolution. Co-reference reasoning

path is defined as PCij = ms1
i ◦ s1 ◦ s2 ◦ m

s2
j between two entities ei and ej which occur in

same sentence as other entity. Our implementation of these reasoning skills is inspired by [93].

Consider an entity pair {ei, ej} and its intra sentence reasoning path (PIij), logical reasoning

path (PLij) and co-reference reasoning path (PCij) in the sentence. The various reasoning is

modeled to recognize the entity pair as intra-sentence reasoning RPI(r) = P (r | ei, ej, P Iij , D),

logical reasoning RPL(r) = P (r | ei, ej, PLij , D) and co-reference reasoning

RPC(r) = P (r | ei, ej , PCij, D). Reasoning type is selected with max probability to recognize
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the relation between each entity pair using the Equation:

P (r | ei, ej, D) = max [RPI(r),RPL(r),RPC(r)] (5.6)

Figure 5.3: Illustration of proposed framework DocRE-CLiP and its various modules.

For discerning relations between two entities, we employ two categories of context represen-

tation – heterogeneous graph context representation (HGC) and document-level context repre-

sentation (DLC) to model diverse reasoning paths [203, 95]. In heterogeneous graph context

representation (HGC), a word is portrayed as a concatenation embedding of its word (We),

entity type (Wt), and co-reference embedding (Wc). This composite embedding is then in-

put into a BiLSTM to convert the document D into a vectorized form using the Equation:

BiLSTM([We:Wt:Wc]). Following the methodology of [203], a heterogeneous graph is con-

structed based on sentence and mention nodes. For document-level context representation, fol-

lowing [223], a self-attention mechanism is employed to learn document-level context (DLC)

for a specific mention based on the vectorized input document D.

To model intra-sentence reasoning path (αij), logical reasoning path (βij) and co-reference

reasoning path (γij), HGC and DLC representation are combined [224]. These reasoning rep-

resentations are the input to the classifier to compute the probabilities of the relation between ei

and ej entities by a multi-layer perceptron (MLP) for each path, respectively (Equation 5.7).

P (r | ei, ej) = max









sigmoid (MLPr (αij)) ,

sigmoid (MLPr (βij)) ,

sigmoid (MLPr (γij))









(5.7)
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By the end of this step, we will get the score of each relation (r) for a given {ei, ej}.

Aggregation module. In this module, we aggregate the probability score from the reasoning

module Equation 5.7 and link prediction probability score using Equation 5.5. Further, the

binary cross-entropy is used as a training objective function [83] for predicting the final relation.

5.2.3 Path-based beam search

An essential component of our approach is that it can explain the predicted relation by provid-

ing the most relevant path in the graph between the given entity pairs. This represents a notable

advancement, as contemporary state-of-the-art models cannot often furnish explanations along-

side their predictions. Unlike Greedy search, where each position is assessed in isolation, and

the best choice is selected without considering preceding positions, we use beam search. This

strategy selects the top “N” sequences thus far and factors in probabilities involving the con-

catenation of all previous paths and the path in the current position.

Inspired by [225, 226], we used beam search to derive plausible paths leading to the target entity

within a graph. This graph (G) is constructed using the triples to train the link prediction mod-

ule, augmented by test result triplets from the model’s predictions. Our objective is to create

a comprehensive graph encompassing the maximum available details, to generate substantial

explanations for the predictions. Formally, we conceptualize the path-based beam search chal-

lenge as follows. Given a structured relational query (ei, r, ?), where ei serves as the head

entity, r signifies the query relation, and (ei, r, ej) ∈ G, our objective is to identify a collection

of plausible answer entities ej by navigating paths through the existing entities and relations

within G, leading to tail entities. We compile a list of distinct entities reached during the final

search step and assign the highest score attained among all paths leading to each entity. Subse-

quently, we present the top-ranked unique entities. This approach surpasses the direct output of

entities ranked at the beam’s apex, which often includes duplicates. Upon completing this step,

we obtain actual paths (sequences of nodes and edges) for enhanced interpretability.

5.3 Experimental setup

We conduct our evaluation in response to the following research questions.
• RQ1: What is the effectiveness of DocRE-CLiP that combines context knowledge with

reasoning in solving document-level relation extraction tasks?

• RQ2: How does knowledge encoded from external sources impact the performance of
DocRE-CLiP?
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• RQ3: Does the explanation generated by our approach provide sufficient grounds to sup-
port the inferred relation?

5.3.1 Datasets

The proposed model is evaluated on three widely-used public datasets 1) DocRED [83] 2) Re-

DocRED [96] and 3) DWIE [114]. ReDocRED is a revised version of handling DocRED issues

such as false negatives and incompleteness [217]. Dataset details are in Table 5.1. For more

information about these datasets refer chapter 2.

Dataset #Triples #Rel #Entities #Entity Types #Doc

DocRED 50,503 96 30554 7 5053
ReDocRED 120,664 96 38239 10 5053

DWIE 19465 66 6644 10 777

Table 5.1: Dataset statistics

5.3.2 Baseline models for comparison

We used several competitive baselines and a recent state-of-the-art dataset for comparison. For

the DocRED dataset, we compared our approach with various models, including both BERT-

based and RoBERTa-based architectures.

BERT-based Models:
• SIRE [227]: This model focuses on improving the performance of document-level rela-

tion extraction by leveraging structured information and relational reasoning.

• HeterGSAN-Rec [224]: This approach utilizes a heterogeneous graph structure attention
network to capture complex relationships within documents.

• ATLOP [95]: ATLOP employs an adaptive thresholding and localized context pooling
mechanism to enhance the accuracy of relation extraction.

• DRN [93]: This model introduces discriminative reasoning techniques to better distin-
guish between different types of relations within documents.

RoBERTa-based Model:
• DREEAM [96]: DREEAM leverages the RoBERTa architecture to improve the robust-

ness and generalization of relation extraction tasks.

Additional Comparisons:
• KD-DocRE [228]: This model incorporates knowledge distillation techniques to enhance

the performance of document-level relation extraction.

• DocuNet [94]: DocuNet focuses on capturing long-range dependencies within documents
to improve relation extraction.
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• EIDER [229]: EIDER uses an entity-aware inter-dependency reasoning approach to bet-
ter understand the relationships between entities.

• SAIS [230]: SAIS employs a structure-aware information selection mechanism to im-
prove the accuracy of relation extraction.

Similarly, for the ReDocRED dataset, we used the following models:
• ATLOP [95]: ATLOP employs an adaptive thresholding and localized context pooling

mechanism to enhance the accuracy of relation extraction.

• DRN [93]: This model introduces discriminative reasoning techniques to better distin-
guish between different types of relations within documents

• DocuNet [94]: DocuNet focuses on capturing long-range dependencies within documents
to improve relation extraction.

• KD-DocRE [228]: This model incorporates knowledge distillation techniques to enhance
the performance of document-level relation extraction.

• DREEAMinference [96]: DREEAM leverages the RoBERTa architecture to improve the
robustness and generalization of relation extraction tasks.

For the DWIE dataset, we considered the state-of-the-art models such as:
• GAIN [49]: This method leverages graph-based aggregation and inference mechanisms

to extract document-level relations by reasoning over heterogeneous mention-level and
entity-level graphs.

• Joint embedding-BERT [231]: This approach addresses the long-tail and multi-label
challenges in document-level relation extraction by leveraging relation co-occurrence
correlations through coarse- and fine-grained prediction tasks to enhance relation em-
beddings and improve relational fact extraction.

• DRN [93]: This model introduces discriminative reasoning techniques to better distin-
guish between different types of relations within documents

Additionally, we evaluated our model with context-based models such as:
• KIRE [100]: This framework enhances document-level relation extraction by injecting

co-reference and factual knowledge from large-scale knowledge graphs, enabling im-
proved reasoning and representation reconciliation for relational fact extraction.

• RESIDE [78]: A distantly-supervised relation extraction method that incorporates side
information from knowledge bases, such as entity types and relation aliases, using Graph
Convolution Networks to improve performance even with limited data.

• RECON [80]:A graph neural network-based method that aligns sentential relation extrac-
tion with knowledge graphs, leveraging entity attributes and factual triples to significantly
improve extraction quality on benchmark datasets.

• KB-graph [99]: A joint information extraction model that integrates knowledge base
entity representations via unsupervised entity linking, using attention-based and prior-
based approaches to boost performance across named entity recognition, co-reference
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resolution, and relation extraction tasks.

These models were compared with our proposed DocRE-CLiP approach to evaluate its effec-

tiveness and competitiveness in document-level relation extraction tasks.

5.3.3 Hyper-parameters and Metrics

For the reasoning module, we follow the settings of [93]. We use the word embedding from

GloVe (100d) and apply a Bidirectional LSTM (128d) to a word representation for encoding.

We employ uncased BERT-Based model (768d) as an encoder with a learning rate 1e-3. We

used AdamW as an optimizer, and the learning rate is 1e − 3. R-GCN is used as an encoder

with a single encoding layer (200d) embeddings for the link prediction model. We regularize

the encoder through edge dropout applied before normalization, with a dropout rate of 0.2 for

self-loops and 0.4 for other edges. We apply l2 regularization to the decoder with a penalty of

0.01. Adam [232] is used as an optimizer, and the model is trained with 100 epochs using a

learning rate of 0.01. For extracting the context paths, we use SPARQL queries to retrieve paths

between entities. If multiple paths exist between entities, we consider the path with the highest

page rank. The N-hop path length of the context varies from 1 to 4. The rationale behind this

range is that we found no pertinent information for the context beyond four hops.

We use the evaluation metrics of DocRED [83], i.e., F1 and Ign F1 for DocRE-CLiP. Ign F1

is measured by removing relations in the annotated training set from the development and test

sets.

5.4 Results

Table 5.2 compares DocRE-CLiP with various baseline models on DocRED, ReDocRED, and

DWIE datasets. The results effectively address our primary research question (RQ1). To delve

into the specifics of (RQ1), we observe that incorporating context information from Wikidata

and WordNet improves the performance compared to the baseline models. Notably, DocRE-

CLiP surpasses all graph-based, reasoning-oriented, and transformer-based models by incorpo-

rating contextual information.

Examining the results for the DocRED dataset, our DocRE-CLiP model showcases an improve-

ment of approximately 1% compared to top-performing models like KD-DocRE and DREEAM.

For the ReDocRED dataset, DocRE-CLiP outperforms baseline models, including DREEAM,

KD-DocRE, and DocuNet. Furthermore, in the case of DWIE dataset, our model outperforms

all the baseline models, such as DRN, GAIN, and ATLOP, KIRE. Notably, the ReDocRED
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dataset exhibits only slight improvement over the recent state-of-the-art DREEAM. This could

be attributed to ReDocRED being an enhanced version of DocRED, which already tackled the

issue of dataset incompleteness. On the other hand, both DocRED and DWIE demonstrate im-

provements by incorporating REBEL triplets (triples extracted using the REBEL model in the

triplet extraction module), setting them apart from ReDocRED in this regard. The unique aspect

of DocRE-CLiP lies in its incorporation of contextual paths between entities, which go beyond

the entity context used in traditional context-aware approaches. Unlike methods such as KIRE,

KB-both, and RESIDE, which primarily leverage knowledge bases to provide context, DocRE-

CLiP utilizes a reasoning framework that explicitly models the relationships and interactions

between entities through these contextual paths. This deeper integration of entity relationships

contributes to its superior performance and sets it apart from other context-aware approaches.
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Table 5.2: Results on DocRED, ReDocRED, and DWIE datasets, including the baseline models. The
precision column is blank (-) for baselines that do not report it. * denotes results obtained
after modifying their code as the dataset necessitates. The mean and standard deviation of F1
and IgnF1 on the dev set are reported for three training runs. We report the official test score
for DocRED on the best checkpoint on the dev set.

Dataset Baseline PLM/GNN Dev Test

F1 Ign F1 F1 Ign F1

DocRED

SIRE BERT 59.82 61.6 60.18 62.05

HeterGSAN-Rec BERT 58.13 60.18 57.12 59.45

ATLOP BERT 59.22 61.09 59.31 61.30

DRN BERT 59.33 61.39 59.15 61.37

DocuNet RoBERTalarge 64.12 62.23 64.55 62.39

ATLOP RoBERTalarge 63.18 61.32 63.40 61.39

KD-DocRE RoBERTalarge 67.12 65.27 67.28 65.24

SAIS RoBERTalarge 65.17 62.23 65.11 63.44

DREEAM RoBERTalarge 67.41 65.52 67.53 65.47

EIDER RoBERTalarge 64.27 62.34 64.79 62.85

KIRE - 52.65 50.46 51.98 49.69

RESIDE GNN 51.59 49.64 50.71 48.62

RECON GNN 52.89 50.78 52.27 49.97

KB-Graph - 52.81 50.69 52.19 49.88

DocRE-CLiP BERT 68.13±0.15 66.43±0.17 68.51 66.31

DWIE

GAIN BERT 62.55 58.63 67.57 62.37

JE BERT 63.38 58.40 69.12 62.92

ATLOP BERT 64.82 59.03 69.94 62.09

DRN*GloV e BERT - - 56.04 54.22

KIRE - 65.62 56.58 67.37 58.41

RESIDE GNN 65.11 55.74 66.78 57.64

RECON GNN 65.48 56.12 66.94 58.02

KB-Graph - 65.39 56.03 66.89 57.94

DocRE-CLiP BERT 66.12±0.12 57.11±0.16 67.10±0.11 58.87±0.17

ReDocRED

ATLOP BERT - - 77.56 76.82

DRN* BERT - - 75.6 74.3

KD-DocRE BERT - - 81.04 80.32

DocuNet RoBERTalarge - - 78.52 79.46

DREEAM RoBERTalarge - - 81.44 80.39

DocRE-CLiP BERT - - 81.55±0.14 80.57±0.22

5.5 Ablation study

Effectiveness of different contexts on DocRE-CLiP. Figure 5.4 offers an overview of our

findings into DocRE-CLiP’s performance under varying context conditions. Initially, we gauged
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its performance without context and documented the outcomes. Subsequently, we introduced

document triplets along with the dataset labels and determined the corresponding F1 scores. Ad-

ditionally, we measured the impact of entity context and documented the ensuing performance.

Furthermore, we scrutinized the effect of context path details on DocRE-CLiP by considering

only those paths that notably enhanced performance. Our analysis establishes that the incor-

poration of context enhances performance across all datasets. Thus, we effectively address our

second research question, (RQ2). This study’s findings lead us to conclude that DocRE-CLiP

benefits the most from the context path compared to the other contexts.

Figure 5.4: Performance of DocRE-CLiP across various contexts using the DocRED, ReDocRED, and
DWIE datasets

Effectiveness of link prediction model with context. Our focus has been on investigating

link prediction models utilizing individual triples from the dataset. Throughout our analysis,
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we evaluate the performance of different link prediction models, specifically DistMult [222]

, Complex [233], R-GCN [208], and KGE-HAKE [81]. Subsequently, we explored the influ-

ence of context on their performance. Notably, in each instance, upon the incorporation of

context, the performance of the link prediction models improves. Table 5.3 summarizes the

results. Considering these findings, RGCN has exhibited superior performance across metrics

such as hits@1, hits@2, hits@10, and MRR. As a result, we have opted to select RGCN for

link prediction.

Table 5.3: Performance of link prediction models.

Model Metric DocRED ReDocRED DWIE

DistMult
Hits@1 0.092 0.061 0.293
Hits@3 0.104 0.088 0.307
Hits@10 0.127 0.111 0.334

MRR 0.105 0.080 0.307

DistMult+context

Hits@1 0.10 0.071 0.297
Hits@3 0.113 0.093 0.324
Hits@10 0.112 0.12 0.337

MRR 0.11 0.12 0.43

Complex
Hits@1 0.092 0.076 0.286
Hits@3 0.097 0.096 0.296
Hits@10 0.110 0.104 0.317

MRR 0.099 0.087 0.297

Complexcontext

Hits@1 0.101 0.09 0.31
Hits@3 0.12 0.10 0.33
Hits@10 0.15 0.13 0.36

MRR 0.1 0.98 0.30

R-GCN
Hits@1 0.06 0.033 0.38
Hits@3 0.09 0.06 0.43
Hits@10 0.11 0.091 0.45

MRR 0.0827 0.0532 0.40

R-GCNcontext

Hits@1 0.11 0.51 0.67
Hits@3 0.14 0.61 0.91
Hits@10 0.23 0.13 0.98

MRR 1.34 1.13 1.32

KGE-HAKE
Hits@1 0.07 0.05 0.44
Hits@3 0.103 0.11 0.45
Hits@10 0.123 0.112 0.47

MRR 0.09 0.13 0.45

KGE-
HAKEcontext

Hits@1 0.10 0.08 0.48
Hits@3 0.156 0.14 0.50
Hits@10 0.18 0.144 0.51

MRR 0.136 0.153 0.52

Study of the path for an explanation on DocRE-CLiP. Since generating explanations is a

critical component of our model, we evaluate the effectiveness of the traversal paths used to

support document-level relation extraction. Table 5.4 illustrates examples of explanations gen-

erated by our approach, showcasing how multi-hop reasoning enables the inference of relations.

For instance, in the query (IBM research Brazil, parent_organization, ?x), the explanation path
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Query: (IBM research Brazil, parent_organization, ?x)
Answer: IBM research
Explanation:
IBM research Brazil, part_of, IBM research

Query: (Piraeus, country, ?x)
Answer: Greece
Explanation:
{Piraeus, located_in_the_administrative_territorial_entity, Kiato}

{Kiato, country, Greece}

Query: (Quincy, country, ?x)
Answer: United States
Explanation:
{Quincy, country, American}

{American, country_of_citizenship, America}

{America, synonym, United States}

Table 5.4: Example queries and results on DocRED dataset

identifies the intermediate relationship (IBM research Brazil, part_of, IBM research) to infer

the correct answer, IBM research. Similarly, for the query (Piraeus, country, ?x), the explana-

tion path traverses through (Piraeus, located_in_the_administrative_territorial_entity, Kiato)

and (Kiato, country, Greece) to infer the answer Greece. These examples demonstrate how

the model leverages multi-hop reasoning to provide sufficient grounds for inferred relations,

effectively addressing RQ3.

5.6 Case Study

We discuss two successful and one failed case of DocRE-CLiP and compare them with the

baseline model, DRN (Table 5.5).

Case1: To identify the relation between Manche and France in sentence 0, we use external

knowledge about France and Manche. We get connecting context path using DocRE-CLiP:

{France, contains_the_administrative_territorial_entity, Normandy}

{Normandy, contains_the_administrative_territorial_entity, Mance}. Following the context path

directly leads to the relation contains_the_administrative_territorial between France and Mance.

Case2: With the aid of context path between entities, {United Kingdom, legislative_body, Par-

liament of the United Kingdom} {Parliament of the United Kingdom, instance_of, Parliament}.

DocRE-CLiP successfully identifies correct relation legislative body. Case3: Using pattern

recognition, DocRE-CLiP identifies the publication date as a relation. However, the inclusion

of the entity context, such as “Troublemaker”, “description”, and “song”, does not contribute

significantly to the accuracy of the prediction. Consequently, DocRE-CLiP encounters difficul-

The work discussed in this chapter is part of the following publication. Monika Jain, Raghava Mutharaju, Ramakanth Kavuluru
and Kuldeep Singh. 2024: Revisiting Document-Level Relation Extraction with Context-Guided Link Prediction. Main Techni-
cal Track. AAAI 2024. February 22-25, 2024.

84



ties in correctly predicting the relation.

Case1:
Sentence:
Sentence 0 : The Château. de Pirou is a castle in the commune of Pirou in the département of Manche ( Normandy
) France]
Correct answer: contains_administrative_territorial entity
Baseline: country
DocRE-CLiP: contains_administrative_territorial_entity
Case2:
Sentence:
Sentence 0 : The Wigram Baronetcy of Walthamstow House in the County of Essex is a title in the Baronetage
of the UNITED KINGDOM. Sentence 3 :The second Baronet also represented Wexford Borough in Parliament
Sentence 5 : The fourth Baronet was a Lieutenant - General in the army and sat as a Conservative Member of
Parliament for South Hampshire and Fareham
Correct answer: legislative_body
Baseline: has_part
DocRE-CLiP:legislative_body
Case3:
Sentence:
Sentence 1 :[ Taking a more electronic music sound than his previous releases TY.O was released in December

2011 by Universal Island Records but for reasons unknown to Cruz its British and American release were held
off] Sentence 3 :[ TY.O features a range of top - twenty and top - thirty singles including “Hangover” (featuring
Florida) “Troublemaker”“There She Goes” (sometimes featuring Pitbull) the limited release “World in Our Hands”
and “Fast Car” which features on the Special Edition and Fast Hits versions of the album]
Correct answer: Inception
Baseline: publication_date
DocRE-CLiP: publication_date

Table 5.5: Case study with DocRE-CLiP prediction. Blue colour represents entities in the sentence, and
purple colour represents the DocRE-CLiP prediction.

5.7 Additional experiments

Other than the evaluations discussed earlier in the chapter, we also evaluated our approach

using the top hits from Wikidata. These top hits are calculated using Networkx1 library, which

follows the Google page rank. Using these triplets, we tested with link prediction models and

evaluated the triple probability score. These triplets are scrutinized by setting a threshold of

0.9, and the F1 score is computed. Observing the hits of Wikidata, we found that most hits

belong to the property called “alt-label”, which does not improve the F1 score. Therefore we

omitted this property and re-evaluated the F1 score. Table 5.6 are the results obtained by using

this entity context. After getting promising results, we considered the context path discussed in

the chapter to improve the results further. We tried one-hop and two-hop distances individually

and recorded the results.

1https://networkx.org/
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Model Top Hits (Wikidata) Top Hits (Wikidata) without altLabel One Hop Two Hop
DistMult 0.31 0.330 0.341 0.371
complex 0.5 0.52 0.531 0.54
RGCN 0.328 0.34 0.410 0.421

KGE-HAKE 0.310 0.329 0.331 0.345

Table 5.6: Link prediction results using DocRED dataset

Furthermore, by varying the threshold from 0.5 to 1, we have observed that the F1 score corre-

sponds to the threshold from the Complex model. The F1 score will be high when the threshold

is 0.5, but as the threshold progresses to 1, the F1 score decreases. This suggests that lower

thresholds capture a larger number of triples, which contributes to higher F1 scores, while

higher thresholds filter out more triples, leading to a decline in the performance metrics. Fig-

ure 5.5 illustrates these results.

Figure 5.5: F1 score observed w.r.t threshold for complex model

5.8 Summary

This chapter introduces DocRE-CLiP, a context-driven approach for document-level relation ex-

traction (DocRE). In this approach, the link prediction score is calculated using a context graph

created from entity context and context paths derived from external knowledge. We assess our

framework using the DocRED, ReDocRED, and DWIE datasets. DocRE-CLiP demonstrates

superior performance across all datasets. Notably, DocRE-CLiP outperforms graph-based,

reasoning-oriented, and transformer-based models. Our results suggest that integrating diverse

context types into the link prediction module enriches relation prediction within the DocRE

framework, providing interpretability. As future work, researchers can extend our efforts by

crafting a versatile model capable of traversing diverse document types, thereby significantly
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amplifying its aptitude for assimilating knowledge. Furthermore, with supporting evidence pro-

vided in our work as the first step, the document RE and KG link prediction research findings

will mutually benefit.

The code used in this work is available under the Apache License, Version 2.0, at https://

github.com/kracr/document-level-relation-extraction.

5.9 Limitation

Although the proposed method for document-level relation extraction (DocRE) shows strong

performance and surpasses existing models, it does have certain limitations. One major draw-

back is that the model depends on both entities being present in the knowledge base (KB),

specifically Wikidata, to extract their context and predict relationships. If one or both entities

are missing from Wikidata, the model struggles to infer the relationship, which can lead to less

accurate results. This reliance limits the model’s effectiveness in cases where entities are either

new, highly specialized, or not well-represented in Wikidata. Additionally, the approach may

not work well in situations where only partial information about the entities is available. To

overcome this limitation, future research could explore ways to use the context of one entity

even if the other entity is missing from the KB. This could involve integrating information from

other knowledge sources like DBpedia or domain-specific databases. Another potential direc-

tion could be developing techniques to predict relationships using incomplete or partial entity

information, which would make the model more flexible and applicable to a wider range of

scenarios.
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CHAPTER 6

Knowledge enabled cross document-level relation extraction

Beyond a single sentence or a document, entity pairs can also be present in different docu-

ments [52]. The relationships between of entity pairs present in different documents is called

cross document-level relation extraction. Current cross document-level relation extraction (Cross-

DocRE) efforts do not consider domain knowledge, which is often assumed to be known to the

reader when documents are authored and read. Here, we propose a novel approach, KXDocRE,

that embed domain knowledge of entities with input text for cross-document RE. Our proposed

framework has three main benefits over baselines: 1) It incorporates domain knowledge of en-

tities along with documents’ text; 2) It offers interpretability by producing explanatory text for

predicted relations between entities 3) It improves F1 score over the prior methods. We propose

three variations of KXDocRE, i.e., entity type context (EC), connecting path context (CC) and

entity type with connecting path context (ECC). In all three variations, it was able to perform

better than baseline models.

6.1 Introduction

An analysis of Wikipedia reveals that over 57.6% of relational facts are not co-located within a

single document [212]. This suggests that a significant portion of these facts is distributed across

multiple documents. In essence, more than 57.6% of relationships between entities are not con-

fined to a single document but are instead dispersed across various sources. This distribution

highlights the fragmented nature of relational facts across different documents. Considering

that, little work has been performed in cross-document relation extraction (CrossDocRE). Co-

dRED (cross-document relation extraction dataset) is the first dataset published in this line of

work [52], which serves as a starting point to solve CrossDocRE. Documents containing the

source entity are identified and retrieved from multiple documents; the same is done for the tar-

get entity. Various text paths between entity pairs (source and target entity) across documents

are recognized using the mentioned entities (other than the source and target entity). Text paths

refer to the connections that link source and target entities through mentioned entities. These

paths are retrieved from both the source and target documents. Knowledge graphs play a cru-

cial role in providing the missing links, enabling the connection of these dots across different

documents

Figure 6.1 shows an example of CrossDocRE. Between entity pairs GCompris and GNU



Figure 6.1: Three textual paths indicate the relationship path between the source entity (GCompris) and
the target entity (GNU Project). These connections are established through pairs of doc-
uments, where one document features the source entity, and the other contains the target
entity. In each path, the connection between the source and target entities is led by a men-
tioned entity in both documents (e.g., Linux).

Project, multiple text paths via the mentioned entities, such as Linux, Qt and GNU, can be

used to get the correct relation label as developer. CrossDocRE identifies relationships be-

tween entities across multiple documents. It establishes textual paths using mentioned entities

that appear in both documents. By leveraging information from multiple documents, Cross-

DocRE can capture complex relationships that might not be evident from a single document,

thereby enriching the knowledge graph with more connections. CodRED uses these text paths

in a bag and performs reasoning [52]. Although this approach seems reasonable, along with rel-

evant text, these text paths also contain noisy data. To overcome these issues, ECRIM (entity-

centered cross-document relation extraction) proposed filtering text paths using a mentioned

entity [102]. However, ECRIM only works in one of the settings of CrossDocRE where text

paths are provided for reasoning. To address this issues, MR.COD has been proposed, which is

a multi-hop reasoning framework based on path mining and ranking [234]. These models rely

on the knowledge between entities in a text and do not consider the domain knowledge asso-

ciated with entities. Past work along these lines uses entity types and entity aliases to predict
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the relation [79]. RECON [19] encoded attribute and relation triples in the Knowledge Graph.

KB-Both [39] uses entity details from hyperlinked text documents of Wikipedia and Knowl-

edge Graph (KG) from Wikidata to enhance performance. Given input text as a sentence or a

document, these models use basic details of entities to improve the performance. In this chapter,

we explore whether incorporating domain knowledge can enhance the performance of Cross-

DocRE tasks. According to the classification of neuro-symbolic integration by Henry Kautz

and Hamilton, our approach falls under the [Neuro[Symbolic]] category since our approach

contains both neural network and symbolic reasoning. The main contributions of this work are

as follows.

• We propose a novel model that integrates domain knowledge with a cross-document re-
lation extraction model.

• Our validation demonstrates the effectiveness of our model, with nontrivial performance
gains in cross-document RE.

• We enhance the predicted relationships through textual explanations, offering insights
into how the relations were predicted.

As mentioned in related work chapter 2, CodRED [52] is the first open source human-annotated

cross-document dataset. In this work, the authors [52] address the problem using two ap-

proaches. The first method involves a pipeline approach in which they construct a relational

graph for each document and reason over these graphs to extract the desired relation. The sec-

ond method, referred as the joint approach, combines various text path representations through

a selective attention mechanism to predict relations. Although this method is effective, it does

not consider the mentioned entity-based sentences. ECRIM uses an entity-based document con-

text filter to retain useful information in the given documents by using the mentioned entities

in the text paths. Secondly, they solve CrossDocRE using cross-path entity relation attention,

allowing entity relations across text paths to interact with each other [102]. Nevertheless, this

work focuses on a closed setting where evidential context has been given instead of all docu-

ments. A multi-hop evidence retrieval method based on evidence path mining and ranking has

been proposed in MR.COD [234]. In evidence path mining, a multi-document passage graph

is constructed, where passages are linked by edges corresponding to shared entities. A graph

traversal algorithm mines the passage paths from source-to-target entities. In evidence path

ranking, paths are ranked based on relevance and top-K evidence paths are selected as input

for downstream relation extraction models. Alternatively, a causality-guided global reasoning

algorithm is also used to filter confusing information and achieve global reasoning to solve

cross-document relation extraction [103]. Proposed models for CrossDocRE until now does not

consider background knowledge.
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6.2 Methodology

Figure 6.2: The architecture diagram of KXDocRE is designed for cross-document relation extraction.
Initially, input documents containing source and target entities are processed. Sentences
within these documents are filtered based on the presence of these entities. Additional content
is incorporated using various settings such as EC (Entity Context), CC (Connecting Context),
and ECC (Entity and Connecting Path Context). Following this, the filtered sentences are
passed to the relevance filter module. This module assesses the semantic relevance of the
sentences. The relevant sentences are then processed by a transformer, which ultimately
outputs the relation label

.

6.2.1 Problem statement

For a given entity pair, 〈es, eo〉 our task is to predict the target relation rc ∈ R that holds be-

tween es and eo within a given corpus of documents Cni=1, where R is the relation set and n

is total number of documents. If no relation is inferred, it returns the NA label. Besides es

and eo, we introduce the notion of potential bridge entities, which are other mentioned entities

in a document that could act as intermediate concepts that help link es and eo via multi-hop

connections. The documents provided in CrossDocRE are also annotated with these mentioned

entities. We denote Ei = {e
1
i , . . . , e

m
i } to be the set of m mentioned entities in the i-th docu-
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ment, i = 1, . . . ,M . CrossDocRE works in two settings, closed and open. In the closed setting,

only the related documents are provided to the models, and the relations are inferred from the

provided documents. In the more challenging and realistic open setting, the whole corpus of

documents is provided, and the model needs to efficiently and precisely retrieve related evidence

from the corpus. We now discuss the architecture of KXDocRE (Figure 6.2) in the subsequent

sections.

6.2.2 Domain Knowledge

We consider three forms of domain knowledge for cross-document relation extraction [235]: 1)

The type information of the source and target entity; 2) The connecting path between the source

and target entities, extracted using Wikidata; and 3) A combination of 1) and 2). We use the

term context in the rest of the chapter to capture these three forms of knowledge.

Entity type context (EC): Predicting the relationship between two entities relies heavily on

their respective entity types. For instance, if both entities belong to the Person category, certain

relationships such as has organization and has location are not viable. However, relationships

such as child and spouse become possible. Therefore, incorporating entity type information

can assist the model in excluding obvious relationships, thereby improving its performance.

Consider the example given in Figure 6.3. The type of the source entity Jim Lynagh is Person

and the type of the target entity Irish Republic, is Geo Political Entity, which is used to identify

locations, countries, cities, or geopolitical regions. The entity type context for this example is,

EC{Q6196505, Q1140152}={Person, GeoPoliticalEntity}

Connecting path context (CC): The contextual path pertains to an entity pair 〈es, eo〉. We

consider context paths of length up to Nh, the hop distance (a tunable parameter) between the

entity pair. In Figure 6.3, the entity Jim Lynagh is five hops away from the entity Irish Republic.

The four nodes between the entity pair on the path are intermediary entities, and the five edges

are the intermediary properties. The contextual path (CPei,ej ) is formed using the intermediary

entities and properties. So, the connecting path context, CC{Q6196505,Q1140152}={instance of, Hu-

man, model item, Douglas Adams, country of citizenship, United Kingdom, replaces, United

Kingdom of Great Britain and Ireland, followed by}.

Entity type with connecting path context (ECC): ECC combines the entity type and the con-

necting path context. For Figure 6.3, ECC{Q6196505,Q1140152} = EC{Q6196505,Q1140152} ∪CC{Q6196505,Q1140152}.

The steps to generate EC, CC, and ECC for a given entity pair are outlined in Algorithm 2.

The ContextGeneration function (lines 3-12) computes the EC, CC, and ECC for the given

entity pair. CC is constructed in steps of one hop. In lines 14-17, the adjacent edge and node
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Figure 6.3: Context path constructed from Wikidata between Jim Lynagh (source) and Irish Republic
(target).

information is retrieved and added to the path. This continues for Nh hops (lines 18-20). The

EC of the source and the target entity is obtained using the named entity recognition technique

(lines 27-35).

6.2.3 Entity-based filter

In this step, we select sentences that contain meaningful connecting information about the

source and target entity and remove irrelevant sentences. The sentences are filtered using the

mentioned entity, em. Similar to the baseline [102], our underlying premise is that a sentence

holds significance if it contains either a source or a target entity. Additionally a sentence is

considered more significant if, in addition to mentioning the pair of entities present in both doc-

uments, it also refers to another related entity. We calculate each entity’s score based on three

conditions. 1) The source and target entities co-occur in some sentence with em (Θ1), 2) An en-

tity, eo, co-occurring with em, also co-occurs with the source entity in a sentence and the target

entity in a different sentence (Θ2), 3) em is part of a text path connecting source and target enti-

ties (Θ3). Figure 6.4 depicts these conditions using the example from Figure 6.1. The red colour

represents direct occurrence with the source or target entity in the same sentence, the black line

represents indirect co-occurrence, and the green line represents potential co-occurrence.

Figure 6.4: An example of a co-occurring graph for path 3 in Figure 6.1.
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For a mentioned entity em in each text path pi, the score of each mentioned entity em is calcu-

lated by the following Equation,

score(em) = λS1(e
m) + ηS2(e

m) + κS3(e
m)

S1(e
m) =







1, if Θ1(e
m)

0, otherwise

S2(e
m) =







|{eo | (Θ1(e
o) ∧ I(eo)) = 1}| , if Θ2(e

m)

0, otherwise

S3(e
m) =







|{pi | e
m ∈ Em

i }| , if Θ3(e
m)

0, otherwise

where λ, η, κ are hyper parameters and I(eo) = 1 when eo and em are co-occuring in the same

sentence, where eo ∈ Em
i \{e

m}. S2 sums the number of occurrences of eo and S3 sums the

occurrence of mentioned entity in path pi. Next, we calculate the importance score Imps of each

sentence by aggregating the scores of each mentioned entity, Imps=
∑

em∈Em
s

score(em), where

Em
s is mentioned entity (bridge) in sentence s. The sentences are then ranked based on their

importance score, and the top K sentences form the candidate set, S = {s1, s2, ..., sK}, where

K is set to 16 based on the experiment results. We reused the entity based filter from ECRIM

model [102].

6.2.4 Relevance-based Filter

In this step, we aim to refine the candidate set of sentences obtained from the previous stages by

incorporating additional context derived from entity type information and connecting context.

This process ensures that the most semantically relevant and informative sentences are selected

for further analysis.

We begin by aggregating the candidate set sentences with the context selected using entity

type information. This aggregated set is denoted as Stotal, which is the union of the original

candidate set S and the domain knowledge obtained from the Entity Connecting Context (ECC),

represented as SECC . Mathematically, this can be expressed as:

Stotal = S ∪ {SECC}

The next step involves applying a relevance-based filter to Stotal. This filter evaluates the seman-

tic relevance of each sentence within the set. The underlying assumption here is that sentences

which are semantically similar to each other, particularly those that include the target entity, are
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likely to be more informative. This similarity indicates a higher potential for containing relevant

information about the relationships between entities.

To achieve this, we employ semantic similarity measures, to quantify the relevance of each

sentence. These measures help in identifying sentences that are closely related in meaning and

context.

Our ultimate objective is to extract the most informative context I∗ from the candidate set Stotal.

This context I∗ will be used for reasoning about the relations between entities, thereby enhanc-

ing the accuracy and depth of our analysis. By focusing on the most relevant and informative

sentences, we can improve the overall quality of the information used for subsequent reasoning

tasks.

6.2.5 Encoder

We mark the start and end of every entity and context using special tokens in sentences. Fol-

lowing the baseline [52], we have used the BERT model [187] to encode the tokens selected

from the previous step. Here, start and end are the start and end positions of the j-th mention,

ej is the j-th mentioned entity, and n is the total number of sentences.

ej = BERT ({(Stotal
n
i=1})

end
start

6.2.6 Relation matrix

Besides the mentioned entity, common relations also exist across various text paths. To capture

these details from the text path, we used the cross-path entity relation attention module based

on Transformer [236]. We collect all entity mentioned representation in a bag and then generate

relation representations for entity pairs (eu, ev). Here, Er, Eu, Ev are learnable parameters and

eu, ev are combinations of all entities present, including the mentioned entity.

ru,v = ReLU (Er (ReLU (Eueu +Evev)))

To model the relation interaction across paths, we build a relation matrix M ∈ R|E|×|E|×d,

where E =
⋃N

i=1 Ei denotes all the entities in the entity set Ei of text path pi and Ei = {es, eo}∪

Em
i and N is total number of entities.

6.2.7 Transformer

For capturing the intra and inter path dependencies, we apply a multi-layer Transformer to

perform self-attention on the flattened relation matrix M̂ ∈ R
|E|2×d:
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M̂
(t+1|1)

= Transformer(M̂
(t)
)

We obtain the target relation representation rhi,ti for each path pi from the last layer of the

Transformer.

6.2.8 Classifier

After getting the relation representation rhi,ti for each text path pi for each pair of entities, rhi,ti

is used as a classification feature. We feed these features to the MLP classifier to get the score

for each relation. The relation that gets the maximum score is the predicted relation.

ŷi = MLP (rhi,ti)

A max pooling operation is applied to each relation label to obtain the final score for each

relation type r.

ŷ(r) = Max
{

ŷ
(r)
i

}N

i=1

After obtaining the scores for all relations, a global threshold θ is applied to filter out the cat-

egories lower than the threshold. A additional threshold is introduced by baseline paper [102]

to control which class should be output. The scores of target classes should be greater than

threshold and scores of non target class are less than threshold. Formally, for each Bag B, loss

is defined as:

L = log



eθ +
∑

r∈ΩB
neg

eŷ
(r)



 + log



e−θ +
∑

r∈ΩB
pos

eŷ
(r)





Here, ŷr is score for relation r , θ represent threshold and is set to zero, ΩB
pos and ΩB

neg are positive

and negative classes between target entity pair.

6.2.9 Explanation

To improve the interpretability of our model, we incorporated an explainable module that can

explain the predicted relationship by providing the filtered sentences given to the model. This

represents a notable advancement, as contemporary state-of-the-art models cannot often furnish

explanations alongside their predictions. In CrossDocRE, the most challenging issue lies in

the length of the documents because it affects the amount of noise the model has to handle.

So having an explanation module also helps in getting to know how well the model is able to

handle noise. Along with that, it also helps in facilitating error analysis. We retrieve the tokens

that are fed to the model (I∗), converting them into strings. This way, we get the exact token

data that was used to make the relation prediction. This process enables us to obtain the precise
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token data, which drives predictions.

6.3 Experimental setup

Metrics. We used F1 and area under curve (AUC) scores following the baseline [52] for a fair

comparison. For the open setting, we retrieve the top k document paths from the Wikipedia

corpus1 and use the models trained in the closed setting to predict a relation. These paths are

scored using three conditions. 1) Entity count: Entity count refers to the number of times the

source entity appears in the document containing the source, and similarly, the number of times

the target entity appears in the document containing the target 2) Shared entity: the number of

shared entities that appear in source and target documents 3) TF-IDF: The TF-IDF similarity

between the two documents. Similar to baseline, we selected the top 16 paths with the highest

scores. Hyper-parameters used in our model are shown in Table 6.1.

Hyper parameters Value

Learning rate 3e-5

Embedding dimesion 768

Encoder layers 3

γ, η, κ 0.1,0.01, 0.001

Optimizer AdamW

Table 6.1: Hyper-parameters setting

Baseline model for comparison. We used all the baseline models available in CrossDocRE for

comparison. 1) CodRED [52] is used, which extracts text snippets surrounding the two entities

in the document as input and feeds it into a BERT-based model 2) ECRIM [102]; an entity-

based document filter is constructed and then fed into a BERT-based model. 3) MR.COD [237]

is a multi-hop evidence retrieval method based on evidence path mining and ranking. 4)

LGCR [103] discusses local to global reasoning method which enables efficient distinguish-

ing, filtering and global reasoning on complex information from a causal perspective.

We conducted our evaluation in response to the following research questions.
• RQ1: What is the effectiveness of KXDocRE in combining context knowledge with rea-

soning in solving CrossDocRE?

1We follow the baseline paper and set k to 16 [52]
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• RQ2: Does the explanation generated by our approach provide sufficient grounds to sup-
port the inferred relation?

Dataset. We used the CodRED dataset for evaluation. CodRED contains 11,971 entities and

276 relation types in this dataset. The details of CoDRED dataset are given in Table 6.2. Bags

represent relational facts of dataset, 2733 are positive labelled facts and 16,668 are labelled as

NA in training set. For more information about CodRED datasets refer to chapter 2.

Train Dev Test

Bags
Pos 2733 1010 1012

NA 16,668 4558 4523

Text paths - 129,548 40,740 40,524

Table 6.2: Statistics of CoDRED dataset

6.4 Results

Our model works in the open and closed settings of CrossDocRE. We evaluated our model with

three variations: using entity context (EC), connecting context (CC), and both (ECC). We used

an NVIDIA A100-SXM4 tensor core GPU with 40GB of memory on Linux 5.4.0-125 with

Python version 3.8.5. The results for closed and open settings are available in Table 6.3 and

Table 6.4. The results on the test set were obtained from CodaLab2. In contrast to a closed

setting, performance declines in an open setting due to the retrieval of paths, not all of which

significantly contribute to reasoning. Compared to the baseline model, KXDocRE improves by

≈ 3% in the F1 score (closed setting) and ≈ 4% in the F1 score (open setting). In all settings of

KXDocRE, it was able to reason over text better than baseline. Our findings demonstrated the

significant role domain knowledge can play in the process of reasoning. Hence, our to answer

RQ1 is affirmative. Apart from BERT, we used GPT23 in our evaluations. However, there was

no improvement in the F1 score.

2https://codalab.lisn.upsaclay.fr/competitions/3770
3https://huggingface.co/docs/transformers/en/model_doc/gpt2
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Closed setting

Base model PLM/GNN Dev Test

F1 AUC F1 AUC

CoDRED BERT 51.26 47.94 51.02 47.46

ECRIM BERT 61.12 60.91 62.48 60.67

MR.COD BERT 61.20 59.22 62.53 61.68

LGCR BERT 61.67 63.17 61.08 60.75

LGCR RoBERTa 63.18 64.76 63.79 63.03

KXDocREECC GPT-2 60.20 59.50 61.80 60.90

KXDocREEC BERT 63.57 62.80 65.30 64.45

KXDocRECC BERT 64.00 63.70 65.80 64.90

KXDocREECC BERT 64.97 64.30 66.30 65.55

Table 6.3: Results on CodRED dataset for closed setting

Open setting

Base model PLM/GNN Dev Test

F1 AUC F1 AUC

CoDRED BERT 47.23 40.86 45.06 39.05

MR.COD BERT 53.06 51.00 57.88 53.30

LGCR BERT 52.96 51.48 53.45 50.15

LGCR RoBERTa 55.15 52.36 55.37 49.05

KXDocREECC GPT-2 54.20 53.50 55.80 54.90

KXDocREEC BERT 55.50 54.30 56.15 50.11

KXDocRECC BERT 55.90 54.80 57.12 50.60

KXDocREECC BERT 56.70 55.20 57.93 57.12

Table 6.4: Results on CodRED dataset for open setting

6.4.1 Ablation Study

Effectiveness of relevance and entity-based filter: We studied the impact of relevance and

entity-based filters on the performance of KXDocRE. Figure 6.5 shows the F1 score obtained

using the Dev dataset. After removing the relevance filter, the performance dropped by 7.7%

and if the entity-based filter is removed, the performance dropped by 4.9%. After removing

both filters, the F1 score drops by 12%. This indicates that the two filters play an important role

in KXDocRE.

Effectiveness of explanations: In cross-document setting, predicting the relationship between

entity pairs involves considering multiple text paths (averaging 3646) found across various doc-
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Figure 6.5: Study of relevance and entity based filter on KXDocRE

uments. The explanation module aids in surfacing the most relevant paths that influence the

prediction. This module is expected to help us to understand the prediction using a single para-

graph containing the relevant paths, rather than scrutinizing each document individually. We

discuss the explanation module using a case study (Figure 6.6). The labelled relation between

Oichi (Q635214) and Ohatsu (Q1050395) is Child (P40). The explanation text provides text

paths between Oichu and Ohatsu via Azai, Toyotomi and Yodo-dono (Oichi is the spouse of

Azai Nagamasa, who is the child of Yodo-dono, who is the sibling of Ohatsu); hence, Oichi

is the child of Ohatshu. Therefore, the explanation text provides enough evidence along with

the context to reason over the data to understand the predicted relationship. Hence, we answer

RQ2.

Effectiveness of number of hops on KXDocRE: We also studied the impact of the number of

hops considered for extracting context in a CC setting on the F1 score (Figure 6.8). The F1 score

increases with the number of hops until a point, and after that, the F1 score starts decreasing and

saturates. Increasing the hops does not add much new and relevant information after a certain

point. Due to this reason, we considered the number of hops (Nh) up to 5.
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Figure 6.6: Explanation generated using KXDocRE. The source and target entities are blue in colour and
intermediate entities are in red color.

Figure 6.8: Effectiveness of hops in KXDocRE

Error analysis: We studied the successful and failed cases of KXDocRE based on the domain

knowledge of the entity pair. From Table 6.5, we can say that the likelihood of a correct predic-

tion is higher if context is available for the given entity pair.
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Figure 6.7: Explanation generated from KXDocRE for example discussed in Figure 6.1

# Dev # Correct # Incorrect Correct

entity pair prediction prediction prediction%

KXDocREEC 952 894 58 93.9

KXDocRECC 921 890 31 96.6

Table 6.5: Impact of context in successful cases on Dev dataset

Complexity analysis: In the CodRED dataset, the text path consists of 129,548 instances in the

training set, 40,740 instances in the development set, and 40,524 instances in the test set. The

average time of a single epoch’s execution in the baseline and our model is given in Table 6.6.

The execution time for KXDocRE is longer (linear increment) due to the addition of context in

the module. The time taken to create domain knowledge is available in Table 6.7.
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Model Total Time Total Average time (in seconds)

(in hours) (#epochs) per epoch

ECRIM (baseline) 76 10 7.6

KXDocRE(ours) 96.8 10 9.6

Table 6.6: Complexity analysis of KXDocRE as compared to baseline.

Module Average time (in sec)

Entity context 0.001

Context path (1-hop) 0.11

Context path (2-hop) 0.21

Context path (3-hop) 0.38

Table 6.7: Average time taken to create the context in KXDocRE.

Case study: We discuss two successful cases and one failed case of KXDocRE and compared

them with the baseline model (Table 6.8). Case1: To identify the relation between Dreamlover

(Q909801) and If it’s Over (Q1095958) from Documents 1 and 2, we use domain knowledge

of both entities. EC does not exist for the given entity pair, hence we use CC. CC for both

entities is {part of, Emotions, tracklist, If It’s Over, followed by}. Adding CC helps KXDocRE

to predict the correct relation compared to our baseline model, ECRIM. Case2: In second

case study, for entity pairs Airbus A320neo family (Q6488) and Airbus (Q67), we add the ECC

context as {owned by, ORG, ORG}, which helps KXDocRE help in predicting the relation.

Case3: We studied a failed case of KXDocRE for entity pairs Adium (Q58058) and x86_64

(Q272629). CC for this entity pair is {instance of, free software, subclass of, software, model

item, Mozilla Firefox model item}. This context does not contribute significantly in predicting

the relationship.
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Case1:

Document 1 : Dreamlover is a song by American singer Mariah Carey ....Dreamlover marked a more pronounced attempt

on Carey’s part to incorporate .... arey began to alter her songwriting style and genre choices, most notably in Dreamlover.

Dreamlover an Vision of Love Carey’s best, calling them the original hits............................

Document 2 : If It’s Over If It’s Over is a song written by American singers and songwriters Mariah Carey and .....if it’s

over, let me go Several months after the release of Emotions Carey performed the song...If It’s Over is a downtempo ballad,

which incorporates several genres...........

Correct answer: followed by

CodRED: N/A

ECRIM: N/A

KXDocREECC : followed by

Case2:

Document 1 : It is the core development area of of Bandai Namco group. ......main video game branch of Bandai Namco

Holdings. In Feb 2005, primariliy set in fictional Japanese city of ......, in association with the Japanese government,

suppressed information can be......................

Document 2 : Bandai Visual, Bandai Entertainment, Dentsu, Nippon...........and original Japanese (one late-night screen-

ing).......It was released on 4 March 2004 in Japan and 8 November 2004 in North America.....The second volume Ghost in

the shell.............in Japan and on 26 September 2006......

Correct answer: parent organization

CodRED: N/A

ECRIM: N/A

KXDocREECC :parent organization

Case3:

Document 1 : Adium is a free and open source instant messaging client for macOS that supports... including Windows Live

Messenger...It is written using macOS...under the GNU....Adium makes use of a plugin architecture...

Document 2 : In computer architecture, 64-bit integers, memory.....ALU architectures are those that are based on.........AMD

released its first x86-64...Java program can run on a 32- or ...

Correct answer: N/A

CodRED: N/A

ECRIM: N/A

KXDocREECC :N/A

Table 6.8: Case study

6.5 Summary

In this chapter, we introduce a novel model, KXDocRE, with three settings (EC, CC, ECC)

that incorporate domain knowledge in CrossDocRE. These settings represent different types of

context, corresponding to entity type, connecting path, and a combination of entity type with

connecting path, which are utilized in our framework. Our results suggest that model perfor-

mance is enhanced by integrating diverse domain knowledge across these variations. Specifi-

cally, our model improves the F1 score by approximately 3% in the closed setting and 4% in

the open setting. Additionally, we provide explanatory text for each prediction, making our

model more interpretable. For future work, researchers can develop a versatile model capable
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of handling diverse document sets and accumulating domain knowledge. The source code of

KXDocRE is available under the Apache License, Version 2.0, at https://github.com/

kracr/cross-doc-relation-extraction.

6.6 Limitations

Our work has certain limitations when it comes to generating connecting context. This context

is only established if a path exists between two entities in Wikidata. To address this limitation,

we aim to integrate additional external knowledge bases to enhance context creation. However,

as the number of text paths and referenced entities grows, it leads to higher GPU memory usage

and slower processing speeds.
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Algorithm 2: ContextGeneration
Input : Entity pair (vs,vo), Number of hops (Nh)
Output: Context

1 Initialization: i← 1, source← vs, pathi−1, finalcontext, finalentitytype, adjacent_node,
hop_pathi← None

2 Context← ContextGeneration(vs, vo, Nh)
3 Function ContextGeneration(vs, vo, Nh):

4 contextpath, entitytype← {}
5 foreach entity pair vs, vo ∈ KnowledgeBase do

6 contextpath.append(ExplorePath(vs, vo, Nh))

7 foreach entity pair vs, vo do

8 entitytype.append(ExploreEntityType(vs, vo)

9 finalcontext← contextpath ∪ entitytype
10 return {finalcontext}

11 Function ExplorePath(vs, vo, Nh):

12 edgei, adjacent nodei = GetOneHopFromSource(vs)
13 pathi = {edgei, adjacent nodei}
14 i← 1
15 while vo 6= adjacent node and i ≤ Nh do

16 pathi = pathi ∪ GetOneHopFromSource(adjacent node)
17 i← i + 1

18 if adjacent node == vo then

19 return {pathi}

20 else

21 return {}

22 Function ExploreEntityType(vs, vo):

23 entity_types, entity_typeo← {}
24 if EntityTypeExist(vs) then

25 entity_types← GetEntityType(vs)

26 if EntityTypeExist(vo) then

27 entity_typeo← GetEntityType(vo)

28 finalentitytype← entity_types ∪ entity_typeo return {finalentitytype}
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CHAPTER 7

Conclusion and Future work

Relation extraction is a crucial task in natural language processing (NLP) as it involves identify-

ing and classifying semantic relationships between entities mentioned in the text. This process

is essential for various applications, including information retrieval, knowledge graph construc-

tion, question answering, and text summarization. By accurately extracting relationships, we

can transform unstructured text into structured data, enabling more efficient and effective data

analysis and decision-making. The existing approaches employ various techniques such as

transformer models [18], graph neural network models [19, 20] and reasoning models [93].

These models are effective but do not consider the background knowledge of entities or exist-

ing relations between the entities. In this thesis, we explore the importance of incorporating

domain knowledge into relation extraction systems. We highlight the benefits of integrating

this knowledge to improve system performance. Our motivation arises from the observation

that existing relation extraction systems predominantly rely on explicit evidence from input text

to identify and describe semantic relationships between specific concepts. While we recognize

the importance of extracting explicit assertions to build knowledge bases where they do not

exist, we argue that enhancing relational extraction systems with one or multiple sources of

background knowledge can significantly enrich both the depth of system inputs and the context

of final outputs. By carefully balancing the use of existing knowledge bases with the extraction

of new information, our approach aims to mitigate potential limitations in generalizability while

still leveraging the valuable insights provided by established knowledge sources. Our approach

comprises of three levels of granularity. In the first level of granularity, we leverage expressive

axioms from ontology for reasoning in relation extraction and augment F1 score by integrat-

ing them with a Graph Neural Network (GNN) model tailored for biomedical datasets. This

model, referred to as ReOnto. Evaluation results on two public biomedical datasets, BioRel and

ADE, show that ReOnto method performs better than the baselines. ReOnto model is avail-

able under the Apache License, Version 2.0, at https://github.com/kracr/reonto-

relation-extraction.

In the second level of granularity, we subsequently expand our RE problem to encompass

document-level relation extraction (DocRE) using a broader dataset of DocRED, ReDocRE

and DWIE. We re-frame the DocRE problem as a link prediction task, incorporating entity con-

text from Wikidata and enhancing model interpretability. This model is referred to as DocRE-

Clip. Our framework has superior F1 score over baselines on all three datasets. DocREClip

https://github.com/kracr/reonto-relation-extraction
https://github.com/kracr/reonto-relation-extraction


is available under the Apache License, Version 2.0, at https://github.com/kracr/

document-level-relation-extraction.

The third level of granularity that we consider is extracting relations from across the documents.

We name this approach KXDocRE. It involves incorporating entity context from various paths

within Wikidata and feeding them into a model. We introduce three variations of KXDocRE

called entity type, connecting path and entity type with connecting path context. In all three vari-

ations, KXDocRE performs better than the baseline models. The code of KXDocRE is available

under the Apache License, Version 2.0, at https://github.com/kracr/cross-doc-

relation-extraction.

While these three models share the common goal of extracting relationships between entities,

their architectures and methodologies are tailored to the specific challenges of each task. Re-

Onto focuses on sentence-level relation extraction, where the relationship between entities is

inferred within the boundaries of a single sentence. Its architecture is optimized for handling

sentence-level dependencies and symbolic knowledge from ontologies. DocREClip is specifi-

cally designed for document-level relation extraction, which involves identifying relationships

between entities across multiple sentences within a single document. To address the complexity

of capturing long-range dependencies and performing logical reasoning throughout the docu-

ment, we reformulated the DocRE task as a link prediction problem. This approach allows us to

leverage graph-based methods to model entity relationships effectively. Additionally, we incor-

porated a reasoning module to enhance the model’s ability to infer relationships by combining

contextual information and logical reasoning.

KXDocRE addresses the challenge of cross-document relation extraction, where entities and

their relationships are spread across multiple documents. Since entities can appear in vari-

ous documents, numerous text paths are generated through these mentioned entities. The key

challenge lies in identifying and filtering out irrelevant text paths to focus on the ones that are

meaningful and accurate. To tackle this, we incorporated filtering mechanisms to extract only

the important text paths, ensuring the model processes relevant information effectively.

While these models are built on different architectures, they all share a common approach of

incorporating domain knowledge to enhance performance. For ReOnto, this is achieved through

the use of ontologies, while for DocREClip and KXDocRE, domain knowledge is integrated

using the Wikidata knowledge base. Across all models, we utilize entity details and contextual

paths between entities to enrich the relation extraction process.

While we experimented with applying ReOnto to DocRE tasks, the results were not satisfactory,

highlighting the limitations of using a sentence-level model for broader contexts. As part of fu-
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ture research, we suggest exploring the use of DocREClip for sentence-level relation extraction

to assess its adaptability to more localized contexts. Similarly, DocREClip could be extended to

CrossDocRE by incorporating a filtering module to handle the complexity of text paths across

multiple documents. These directions offer promising opportunities for researchers to further

refine and expand the scope of relation extraction models. While we talked about all advantages

of these models our work has limitations in terms of creating a context. Such a context will only

be created if there is some entity information or path between two entities in Wikidata or on-

tology. We plan to overcome this limitation by incorporating other external knowledge bases

for creating context. As a future work, researchers can create a versatile model that can work

on diverse document sets, accumulating domain knowledge. The required domain knowledge

can be gathered from ontology or publicly available knowledge bases. This versatile model can

consider the various types of input text, such as sentences, documents and cross-document and

gather domain knowledge to predict the relation.
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