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Abstract

Natural language text, which exists in unstructured format, has a vast

amount of knowledge about the world we live in. With the ever-increasing

volume of natural language literature, it has become an incredibly time-

consuming effort to analyse text and extract important knowledge buried

within it. This has resulted in the emergence of information extrac-

tion (IE) and natural language processing (NLP) methodologies and tools.

IE focuses on the automatic extraction of structured semantic informa-

tion from text. Extraction and additional analysis of these clear concepts

and relationships aid in the discovery of various insights contained in

text. This dissertation focuses on open information extraction (OIE), a

new type of IE. Unlike traditional IE, OIE is not confined to a prede-

termined set of domain-specific relations and is expected to extract all

relations found in natural language text. Several neural OIE algorithms

have been proposed that approach OIE as either a sequence tagging or a

sequence generating problem. Sequence tagging approaches identify each

token in the input text as belonging to the subject, predicate, or object,

whereas sequence generation approaches produce tuples one word at a time

given the input text. The proposed methodologies have some limitations,

which inspire this research. First, due to unequal label frequencies in OIE

datasets, sequence tagging techniques tend to put too much emphasis on

labels that appear at higher frequencies. Second, sequence generation sys-

tems are prone to not only producing the same fact several times, but also



producing repeating tokens in facts. Third, while sequence generation sys-

tems use words from a vocabulary while constructing implicit facts, they

lack features that explicitly encourage them to either use terms from the

vocabulary or input text. Fourth, techniques that incorporate syntactic

information by employing part-of-speech (PoS) and dependency tags in

addition to the actual input text make insufficient use of the vast syntac-

tic information, particularly that reflected in the structure of dependency

trees. This dissertation aims to address the aforementioned drawbacks

of earlier OIE approaches. In this research, I only examine neural OIE

approaches because they have outperformed prior rule-based systems and

address the issue of error propagation in rule-based systems. I give novel

methodologies to tackle the limits of earlier approaches while leveraging

state-of-the-art (SOTA) deep learning methods. Furthermore, I study

whether incorporating factual knowledge from knowledge graphs (KGs)

into neural OIE models can improve the performance of OIE approaches.

First, I present three innovative training procedures for sequence labelling

OIE approaches to remove model biases caused by uneven tag frequencies

in OIE datasets on models. Second, I avoid creating redundant tokens

in facts and increase the models’ capacity to create implicit facts by pro-

viding methods for explicitly guiding the models to use terms from ei-

ther the vocabulary or input text. This strategy drastically reduces the

number of recurring tokens in fact. Furthermore, when this strategy is

used, the models repeat fewer tokens from the original phrase and intro-

duce more tokens from the vocabulary, which implies a better ability to

generate implicit facts. Third, I suggest a method for maximising the

syntactic information provided by dependency tree topologies. Using the

structure of dependency trees, I compute syntactically rich vector repre-
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sentations of input text tokens. Fourth, I present a knowledge-enhanced

OIE framework for both sequence tagging and sequence generation OIE

techniques, which builds on recent achievements in embedding knowledge

in pre-trained language models (PLMs). After thorough testing, I confirm

that the knowledge-enhanced OIE framework improves the performance

of OIE models. Finally, I provide a unique discriminative strategy for

neural OIE model training.
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Chapter 1

Introduction

In this chapter, I describe and motivate research gaps that this dissertation addresses.

I present the research questions guiding this research. Finally, I present the contri-

butions of this research and the structure of the dissertation.

1.1 Thesis Motivation

A tremendous wealth of knowledge about the world that we live in is encoded in

natural language text, which exists in unstructured format. With the ever-increasing

volume of natural language text, it has become an impossibly tedious task to analyze

text and gain valuable knowledge embedded in it. This has led to the rise of IE

and NLP techniques and tools. IE from text focuses on the automatic extraction of

structured semantic information from text [Jurafsky and Martin, 2009, Niklaus et al.,

2018]. The extraction and further analysis of these explicit concepts and relationships

help in discovering multiple insights contained in text.

Traditional IE techniques are concerned with discovering a predefined set of rela-

tions in a small and homogeneous corpus [Niklaus et al., 2018]. This is accomplished

by combining the target relations with handcrafted extraction patterns or patterns

learned from hand-labelled homogeneous training instances as input. This means

1



that in order to extract information in a new domain, the user must specify a new

set of relations in that domain as well as construct a new set of extraction rules or

training examples. As a result, classic IE approaches rely on extensive manual effort

and are not scalable to heterogeneous corpora, making them ineffective in domain-

independent scenarios. Banko et al. [2007] presented a new IE paradigm, OIE, in

response to the limitations of classic IE techniques. OIE is not restricted to a certain

set of domain-specific relations and is expected to extract all relations found in natu-

ral language text. OIE enables domain-independent discovery of relations from text

and scales across huge, heterogeneous corpora such as the Web.

The OIE relational tuples are presented in a structured representation that con-

sists of a set of arguments and a relational phrase. The relational phrase expresses the

semantic relationship between the arguments. The predicate is another name for the

relational phrase. In most cases, the subject and object in a given piece of text are the

arguments. For instance, given the sentence »Sam succeeded in convincing John.«,

an OIE system should return the tuple 〈Sam, succeeded in convincing, John〉. The

relation phrase »succeeded in convincing« indicates the semantic relationship between

the subject »Sam« and the object »John«. A tuple is also commonly referred to as a

fact in OIE. In this work, I use the words tuple and fact interchangeably. OIE plays a

key role in NLP and natural language understanding (NLU) , and thus fosters many

downstream NLP and NLU applications, such as knowledge base (KB) construction

from text [Soderland et al., 2010], question answering [Fader et al., 2014], information

retrieval [Etzioni, 2011], and text comprehension and entailment [Mausam, 2016].

TextRunner [Banko et al., 2007] stands out as the first OIE system. After Tex-

tRunner, a number of OIE systems have been developed, such as ClauseIE [Corro

and Gemulla, 2013], ProPS [Stanovsky et al., 2016], and OpenIE4 [Angeli et al.,

2015]. These systems are mostly rule-based and use the language syntax to extract

triples from sentences. For example, ClauseIE makes use of linguistic knowledge of

2



the grammar of a sentence to detect clauses, and to identify the type of any such.

OpenIE4 uses semantic role labeling to extract tuples from a sentence, and PropS

relies on the proposition structure of syntax and dependency trees of the input sen-

tence. However, rule-based systems suffer from severe error propagation when applied

to examples outside of expected language patterns [Cui et al., 2018].

Several neural OIE methods have been developed that approach OIE as either a

sequence tagging [Stanovsky et al., 2018, Roy et al., 2019, Jiang et al., 2019, Zhan

and Zhao, 2020] or a sequence generation problem [Cui et al., 2018, Sun et al., 2018,

Kolluru et al., 2020]. Sequence tagging approaches label each token in the input

text as belonging to the subject, predicate, or object, whereas sequence generation

approaches produce tuples one word at a time given the input text.

Sequence tagging OIE methods use BIO tags [Ratinov and Roth, 2009] to label

each token in the input text. Each element of a tuple is implicitly extracted by labeling

the according sequence of words with aBeginning-tag followed by an arbitrary number

of Inside-tags, and words that are not part of any extracted phrase are marked with

the Outside-tag. Tags are prefixed with A0 if they refer to a tuple’s subject, P for the

predicate, and A1 to refer to the object of the extracted triple. Figure 1.1 illustrates

how BIO tags are used to extract tuples from text. The O-tag, which indicates tokens

that are not part of the subject, predicate, or object, appears far more frequently than

the other tags among all BIO tags. As a result, the ability to properly predict the

O-tags has the greatest direct influence on the negative log-likelihood (NLL) and

encourages models to place too much emphasis on this label. Furthermore, sequence

tagging methods can only tag tokens that are explicitly present in the input text. As

a result, these techniques are unable to extract implicit facts from text.

OIE techniques based on a sequence generation approach produce facts one word

at a time based on the input text. As such, they can incorporate words from a vocab-

ulary or change the order of words when generating facts from an input text [Kolluru
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Ludwig van Beethoven was a world - famous composer of classical music .
A0-B A0-I A0-I P-B A1-B A1-I A1-I A1-I A1-I O O O O

⇒ 〈Ludwig van Beethoven, was, a world-famous composer〉

Beethoven , who died in 1827 , composed the Ode to Joy .
A0-B O O P-B P-I A1-B O O O O O O
A0-B O O O O O O P-B O A1-B A1-I A1-I O

⇒ 〈Beethoven, died in, 1827 〉
〈Beethoven, composed, Ode to Joy〉

Figure 1.1: Examples of tuple extraction using BIO tags in OIE.

et al., 2020]. This property enables these approaches to yield tuples that are implic-

itly present in the input text, because implicit relations require some words that are

not explicitly included in the input text. Despite being superior to sequence tagging

approaches, sequence generation approaches are prone to not just producing the same

fact numerous times, but also producing repeating tokens in facts. This has an impact

on the quality of information being extracted by these systems.

Furthermore, while generating facts, sequence generation systems lack procedures

that explicitly direct them to “select” the next word from either the vocabulary or

input text. This limits the ability of such approaches to generate implicit facts.

Moreover, several OIE approaches incorporate syntactic information by using PoS

and dependency tags in addition to the actual input text [Stanovsky et al., 2018,

Zhan and Zhao, 2020]. When these tags are utilised in a piece of work, their em-

beddings are concatenated with the embeddings of the associated text tokens. This

formulation makes insufficient use of the extensive syntactic information, particularly

that expressed in the structure of dependency trees.

The research in this dissertation is motivated by the aforementioned limitations of

prior OIE methodologies. In this study, I am only looking into neural OIE techniques

because they have outperformed previous rule-based systems and address the problem

of error propagation in rule-based systems [Cui et al., 2018]. I present novel method-

ologies to tackle the limitations of earlier neural approaches while utilising SOTA deep
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learning methods. Furthermore, I study whether incorporating factual knowledge

from KGs into neural OIE models can increase OIE models’ performance. Finally, I

provide a novel discriminative training strategy for neural OIE models.

1.2 Research Questions

In order to address the limitations of neural OIE approaches highlighted above, I for-

mulate research questions to help guide this research. As mentioned before, this work

only focuses on OIE approaches that are based on neural networks (NNs) [Stanovsky

et al., 2018, Cui et al., 2018, Jiang et al., 2019, Zhan and Zhao, 2020, Sun et al., 2018,

Kolluru et al., 2020] because they outperform previous rule-based systems and already

address some rule-based system issues like error propagation. The work presented in

this dissertation is guided by the following research questions:

• RQ1: Some tags appear at considerably higher frequency than others in OIE

sequence tagging models. As a result, the models tend to focus too much

on tags that emerge at higher frequencies, impairing their ability to correctly

predict tags that appear at lower frequencies. For instance, Stanovsky et al.

[2018] point out that O-tags make up 58 percent of the OIE2016 dataset, and

that their model, which was trained on it, predicts shorter arguments. This

means the model learns to predict additional O-tags, the majority of which are

incorrectly predicted as part of the tuple arguments. What approaches can

be put in place to ensure that the models are still able to predict tags

that appear in lower frequencies correctly?

The effectiveness of the proposed approaches to lessen the effects of tag im-

balance will also be tested in terms of how well the model predicts other la-

bels, in addition to the conventional F1 and area under the precision-recall

curve (AUC-PR) metrics for evaluating OIE models. More precisely, I’ll look
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at the percentage of O-tags that are successfully predicted against those that

are mistakenly predicted as part of either the subject, predicate, or object when

using the approaches developed in this work. If the approaches lower the frac-

tion of O-tags predicted as tuple arguments, they are effective in mitigating the

influence of tag frequency imbalance on the model’s performance.

• RQ2: Sequence generation approaches are susceptible to generating facts that

often express redundant information and are also prone to generating repetitive

text in facts. Sun et al. [2018] and Kolluru et al. [2020] investigate the problem

of repeatedly generating the same facts, but not the problem of generating

repeating text in facts, which is likewise redundant information. How can I

build on this work to make models less prone to generating repetitive

text in facts?

In addition to the usual F1and AUC-PR metrics, the success of the suggested

ways to decrease repetitive tokens in generated tuples will be assessed by com-

paring the percentage of repetitive tokens before and after the proposed ap-

proaches are applied. A decrease in the average proportion of repetitive tokens

after using the proposed techniques would indicate that the techniques are ef-

fective in addressing the problem of generating repetitive tokens in tuples.

• RQ3: Sequence generation approaches are capable of introducing words that

are not in the input sentence into a generated fact. This capability enables such

approaches to generate facts that are implicitly stated in the input sentence.

However, the approaches employed so far by Cui et al. [2018] and Sun et al.

[2018] are restrictive in how the models “pick” words when generating facts

which restrains the models’ flexibility in generating implicit facts. How can I

enhace the models’ flexibility in generating implicit facts?

Implicit facts are those that are not explicitly expressed in the input text. The
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models must incorporate new words into the facts during fact generation to

indicate what is implied in the input text in order to generate facts. The model’s

capacity to add new words into the fact would be measured intuitively by looking

at the intersection of the words in the input text and the generated fact. If the

number of words in the intersection decreases after using the proposed strategies,

it means the model is copying fewer words from the input text and introducing

more words from the vocabulary into the fact. As a result, the model is better

equipped to predict implicit facts.

• RQ4: Some OIE methods make use of PoS and dependency tags in addition to

the actual input text as a way of incorporating syntactic information [Stanovsky

et al., 2018, Zhan and Zhao, 2020]. In such work where these tags are used,

the embeddings for the tags are just concatenated to the embeddings of the

corresponding text tokens. This formulation does not fully use the rich syntactic

information, especially the one that is expressed in the structure of dependency

trees. How can I make best use of syntactic features to improve the

performance of OIE models?

• RQ5: Recently, many pieces of work have investigated how to incorporate

knowledge into PLMs [Baldini Soares et al., 2019, Zhang et al., 2019, Peters

et al., 2019, Wang et al., 2021] and have shown that this achieves significant

improvements on various knowledge-driven tasks. Can neural OIE models

benefit from factual knowledge present in KGs?

1.3 Contributions

This work makes significant contributions to the field of OIE by investigating the

research questions indicated in Section 1.2. In Chapters 3, 4, and 5, I go over the

contributions in great depth. The main contributions of this dissertation are briefly
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summarized as follows:

1. New training schemes for OIE as a sequence tagging problem (Chap-

ter 3).

I develop three unique training procedures for OIE as a sequence labelling prob-

lem to remove the model bias that is caused by unequal tag frequencies in OIE

datasets. To summarise, the first training technique attempts to limit the in-

fluence of O-tags on the loss term by completely ignoring them. The second

training approach disregards all probabilities except those of positions that ex-

ist soon before or quickly after a change. Only the initial and last places of

each extracted triple element are optimised in the third training scheme. These

unique training schemes surpass the natural NLL formulation, which takes into

account all points in the sequence when computing the loss. The developed

training schemes can be used for any work that qualifies as a sequence tagging

problem.

2. A new method of computing syntactically rich vector representations

of input tokens guided by the structure of dependency trees (Chap-

ter 4).

I look into ways to make better use of the rich syntactic information that is

available when computing embeddings, notably that which is contained in the

structure of dependency trees. To that end, I suggest a method for maximising

the use of the syntactic information that is provided by the structure of the

dependency tree. Using the structure of dependency trees, the proposed method

computes syntactically rich vector representations of input text tokens. Based

on the structure of the dependency tree, I generate a visibility matrix of the

tokens in each input sentence. Tokens in the dependency tree that are directly

related to each other are considered visible to each other. This visibility matrix
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is used to compute vector representations in such a way that only visible tokens

are taken into account. This method generates embeddings that improve the

performance of OIE models.

3. A novel strategy for training neural OIE models (Chapter 4).

I present a novel training technique for neural OIE models. I introduce a new

module, the discriminator, which takes the produced fact as input and classifies

its tokens as “real” or “fake”, with “real” tokens being those that are in both the

generated and gold facts and “fake” tokens being those that are in the gener-

ated fact but not in the gold fact. Based on experimental findings, I conclude

that using discriminative training significantly improves the performance of OIE

models.

4. Methods for eliminating redundant words in generated facts and en-

hancing the ability of OIE models to generate implicit facts (Chap-

ter 4).

I concentrate on sequence-generating algorithms in particular, since they are

prone to producing facts that frequently convey redundant information. Previ-

ous pieces of work consider redundant information to be only the generation of

the same fact multiple times. They do not look into the issue of repeating words

in the generated facts. In addition, their methodologies are restrictive in how

the models “select” words when generating facts, limiting the models’ flexibility

in generating implicit facts. I address this by providing methods for explicitly

guiding models to either “select” terms from a vocabulary or the input text in

order to control the formation of repeated text in facts. This strategy reduces

the number of recurring tokens in facts significantly. Furthermore, when apply-

ing this method, the models replicate fewer tokens from the source sentence and

introduce more tokens from the vocabulary, resulting in an improved ability to
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produce implicit facts.

5. Paraphrased versions of the CaRB, IOE2016, and LSOIE datasets

(Chapter 4).

To further analyse and improve the ability of OIE models to generate im-

plicit facts, I created paraphrased versions of the CaRB Bhardwaj et al. [2019],

IOE2016 Stanovsky and Dagan [2016], and LSOIE Solawetz and Larson [2021]

datasets. I only paraphrase the training sets of the datasets and keep the test

sets. The meaning of the paraphrased samples is the same as the meaning of

the original samples, but the lexical form is different. Models trained on this

data do better at capturing implicit relationships. Additionally, when trained

on augmented datasets, models improve in performance.

6. A framework for incorporating factual knowledge housed in KGs into

neural OIE models (Chapter 5).

I investigate how KG prior information can be used to improve the performance

of neural OIE algorithms. In order to achieve this goal, I present a knowledge-

enhanced OIE¸ framework for both sequence tagging and sequence generation

OIE approaches, which builds on recent breakthroughs in embedding informa-

tion in PLMs. After thorough testing, I observed that the knowledge-enhanced

OIE architecture improves the performance of OIE models.

1.4 Thesis Structure

In Chapter 2, I examine the current SOTA neural OIE techniques. I go over these

approaches in depth and highlight the gaps that exist in the present approaches that

this study addresses. I also discuss previous attempts to incorporate knowledge into

language models.
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In Chapter 3, OIE is viewed as a sequence tagging task. In this chapter, I propose

novel training schemes for sequence tagging approaches that reduce the impact of

skewed tag frequencies in datasets on the models’ ability to predict correct tags. I

outline the approach and provide detailed descriptions of the experiments that I ran

to demonstrate the efficacy of the recommended training schemes. Finally, I present

a thorough examination of the study results and ablations.

In Chapter 4, OIE is viewed as a sequence generation task. I offer various new

strategies for training neural OIE models in this chapter. To begin, I offer a novel

method for calculating syntactically rich text embeddings that is directed by the

structure of dependency trees. Second, I propose a new module to classify tokens in

the generated fact as “real” or “fake”, corresponding to tokens that are in both the

generated and gold fact or those that are in the generated fact but not in the gold

fact, respectively. In addition, I address the issue of repetitive tokens in generated

facts and increase the models’ capacity to generate implicit facts.

In Chapter 5, I take advantage of recent advancements that attempt to incorporate

knowledge from KGs into PLMs and create a framework for integrating real-world

knowledge into OIE models. I show that having significant background knowledge

helps OIE models to perform better.

In Chapter 6, I provide a summary of the important findings reported in this

dissertation, as well as how the contributions produced by this research address the

research questions posed in Section 1.2. In addition, I outline possible future avenues

for this work.
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1.5 Publications from this Work

Table 1.1 summarises three manuscripts that have resulted from the research that

has been conducted for this dissertation. The first manuscript, (1), was accepted for

publication at a peer-reviewed conference. The second manuscript, (2), is currently

being peer-reviewed, and the third, arising from Chapter 5, is yet to be submitted

for review. In addition, I have worked with others on projects that are not related to

this dissertation.

Publications Related
Chapter

(1) Patrick Hohenecker1, Frank Mtumbuka1 , Vid Kocijan, and Thomas
Lukasiewicz. Systematic comparison of neural architectures and
training approaches for open information extraction. In Proceedings
of the 2020 Conference on Empirical Methods in Natural Language
Processing (EMNLP), 8554–8565. Association for Computational
Linguistics.

3, 5

(2) Frank Mtumbuka, and Thomas Lukasiewicz. Syntactically rich dis-
criminative training: A powerful approach for open information
extraction. Under review.

4, 5

Other Publications
(3) Myeongjun Jang, Frank Mtumbuka, and Thomas Lukasiewicz.

Beyond distributional hypothesis: Let language models learn
meaning-text correspondence. In Findings of NAACL 2022‚ Seat-
tle‚ Washington‚ USA‚ July 2022. Association for Computational
Linguistics.

Table 1.1: Papers and manuscripts from this dissertation’s and related research.

1Equal contribution.
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Chapter 2

Literature Review

This chapter provides an overview of current SOTA neural OIE techniques. There

are two types of neural OIE approaches: sequence tagging approaches and sequence

generation approaches. I go over both of these approaches in detail and point out

the shortcomings in the present methodologies that this study aims to remedy. I also

discuss previous attempts to incorporate knowledge from KGs into PLMs. The audi-

ence for this dissertation is assumed to have a basic understanding of deep learning

and NLP.

2.1 Sequence Tagging Methods

Sequence tagging OIE approaches employ BIO tags to identify each token in the

input text as belonging either to the subject, predicate, or object. As demonstrated

in Figure 1.1, each element of a tuple is implicitly retrieved by labelling the associated

sequence of words with appropriate tags. It is important to note that systems in this

category can only label tokens that appear in the input sequence and in the order

specified in the input sequence. As a result, they are unable to reorder tokens in

extractions or introduce new tokens to accommodate what is implicitly expressed in

the input sequence. In this section, I describe and discuss numerous neural models
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that approach OIE in this manner.

Stanovsky et al. [2018] created a neural OIE model for binary extractions based

on sequence tagging. A binary extraction occurs when an input sentence contains

only one predicate span, and all other spans are either subject or object spans. They

create an appropriate sequence of PoS tags for each word sequence in the input sen-

tence. In addition, for a given sentence, they extract the index of the syntactic head

of the predicate. Each word’s feature vector is created by concatenating the word’s

embedding, the embedding of its associated PoS tag, and the embedding of the pred-

icate. They duplicate the predicate head’s features on all words so that the model

can access this information more directly when making predicate-specific word la-

bel predictions. The generated feature vectors are then passed into a bidirectional

LSTM (BiLSTM), which computes contextualised feature vectors. A Softmax func-

tion is then applied to these contextualised feature vectors to generate probability

distributions over probable BIO tags. The confidence of an extraction is calculated

by multiplying the probabilities of theB and I tags that are involved in the extraction.

During training, Stanovsky et al. [2018] create a set of tuples of a given sentence

by grouping them using the predicate syntactic head word, allowing them to run the

model once for each predicate. Though this makes learning predicate specific tuples

from a given sentence easier for the model, this order of operation is lacking in the real

world. Furthermore, they report that their model predicts shorter tuple arguments,

implying that the model predicts more tags indicating tokens that are not part of the

subject, predicate, or object. This is due to the fact that such words, those labelled

with the O-tag, appear in the dataset at a much higher frequency (58%) than the

rest of the words [Stanovsky et al., 2018].

Jiang et al. [2019] conduct confidence modelling, building on the work of Stanovsky

et al. [2018]. They are working to improve the precision and recall of extracted

facts by ranking extractions based on their estimated quality. This is significant
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for downstream applications that rely solely on the tradeoffs between the extracted

facts’ precision and recall. The confidence score of the extracted tuple is computed

in most current OIE systems by looking at the extraction likelihood rather than the

extraction quality [Stanovsky et al., 2018]. This ignores a phenomenon in which

incorrect extractions of one sentence may have higher confidence scores than correct

extractions of another sentence. This is due, in part, to a misalignment between

training and test-time objectives. The systems are only trained to maximise the

likelihood of gold extraction during training. To address this, Jiang et al. [2019]

train an additional module to classify the extracted tuples as correct or incorrect.

The binary classification loss in this step is used to increase confidence in correct

extractions while decreasing confidence in incorrect ones. The correct extractions

are then added to the training data, and the model’s performance improves. The

proposed method has the advantage of not requiring any changes to the base model,

and the binary classification loss only serves as additional supervision. After one

round of training, they note that the resulting model improves not only at confidence

modelling but also at assertion generation, implying that higher-quality extractions

can be used as training samples to iteratively continue this training process.

Zhan and Zhao [2020] present a span OIE model for n-ary tuple extraction that

uses the sequence tagging approach. A span of words in the input phrase is labelled

by the model as belonging to a predicate span or an argument span. The model is

made up of the predicate module and the argument module. The predicate module

looks for predicate spans in a given sentence, whereas the argument module looks for

argument spans given a predicate span and a sentence as its input. The feature vector

of each word in a given sentence is produced by concatenating the word embedding,

the PoS tag embedding, the dependency tag embedding, and the embedding of a

binary value indicating whether the word is part of the predicate span or not. These

feature vectors are then fed into a BiLSTM network, which computes contextualised
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feature vectors. The contextualised feature vectors are then sent into a feedforward

network, followed by a Softmax layer, to acquire the scores of various tags for each

span.

Zhan and Zhao [2020] are cautious in their approach because the number of spans

to be considered per sentence grows exponentially as the sentence length increases.

This will inevitably reduce the performance of their model and increase the compu-

tational cost. As a result, they limit the number of spans by limiting their length,

ensuring that the spans do not overlap with the predicate span, and requiring that

each span have a syntactic head. They observe improved model performance with

these span constraints. They also experimented with whether or not syntactic infor-

mation from dependency trees should be included in their model. When they include

syntactic information, they concatenate the dependency tag embedding to the corre-

sponding word, and they observe that such models produce lower results than when

dependency tag embedding is not used. They attribute this to noise in the train-

ing corpus and ineffective dependency tree generation tools. However, I believe that

their poor performance is due to the way they incorporate syntactic information.

Surprisingly, the syntax-aware models performed better in some cases.

On benchmark datasets, sequence tagging techniques for OIE have produced good

results. However, they contain gaps that require additional research in order to

increase their effectiveness. For starters, the presented approaches do not address the

issue of uneven BIO tag frequencies in datasets. The O-tag, which denotes tokens

that are not part of a subject, predicate, or object, appears far more frequently

than other BIO tags. As a result, the models give more focus to this label than

to other labels that exist at lower frequencies. This has an immediate impact on

the quality of OIE tuples produced by systems trained on datasets with such a tag

frequency imbalance. Stanovsky et al. [2018] observe that the O-tags account for 58%

of the labels in the OIE2016 [Stanovsky and Dagan, 2016] dataset, and their model,
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which was trained on this dataset, predicted shorter tuple arguments. I believe that

the models predicted a greater number of O-tags as part of the tuple arguments.

There has been no research into reducing the impact of skewed tag frequencies in

the dataset on the extraction quality. Second, Stanovsky et al. [2018] and Zhan

and Zhao [2020] incorporate syntactic information by using PoS and dependence

tags in addition to the actual input text. When these tags are utilised in a piece

of work, the embeddings for the tags are simply concatenated with the embeddings

of the associated text tokens. Despite the fact that syntactic information improves

extraction quality, Zhan and Zhao [2020] find that when dependency tag embeddings

are concatenated to the corresponding word, their model produces lower results than

when dependency tag embeddings are not used. I hypothesise that this formulation,

in which dependency tag embeddings are simply concatenated to the corresponding

words, makes insufficient use of the extensive syntactic information, particularly that

expressed in dependency tree topology. Third, sequence tagging approaches only tag

terms that appear explicitly in the input sentence. They are unable to capture what

is implied in a specific piece of writing. This feature naturally prevents these systems

from generating tuples that are implicitly conveyed in text, preventing them from

being used in practice, particularly in situations where most knowledge is expressed

implicitly.

2.2 Sequence-to-Sequence Methods

Sequence generation OIE techniques generate tuples one word at a time from an input

sentence. Approaches in this category are superior to sequence tagging approaches in

that they can introduce words from the entire vocabulary rather than just the words

in the input sentence and can also change the order of words when generating tuples.

Kolluru et al. [2020], for example, observe that sequence generation approaches are
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particularly capable of introducing auxiliary words in tuples. They can generate

a tuple 〈Trump, is president of, US 〉 given a sentence »US President Trump ...«.

Because sequence generation approaches can change word order and insert new words

into tuples, they are better suited to generating tuples that are implicitly specified in

the input sentence. This section discusses recent neural approaches that have been

proposed in this category. I also highlight their drawbacks.

Cui et al. [2018] create a neural OIE model that generates binary extractions

from a given text. Their model, CopyAttention, generates a tuple one word at a

time while being conditioned on the input sentence and the previously generated

token of the tuple. They make a strong assumption in their approach that both the

predicate and argument spans are strictly sub-spans of the input sentence. In both

the encoder and the decoder, CopyAttention employs stacked layers of LSTMs. The

encoder takes the input sequence and encodes it into a set of hidden states. Using

the attention technique proposed by Bahdanau et al. [2015], the context vector is

calculated from the encoder’s hidden states. The context vector, the decoder’s hidden

state, and the previously predicted token of the tuple are supplied into the decoder,

which outputs a feature vector that is fed into a Softmax function to compute the

probability distribution over the vocabulary. Copying methods [See et al., 2017] are

employed to ensure that CopyAttention only outputs tokens from the input sentence.

As a result, the model only picks words that are present in the input sentence.

The copying mechanism as applied by Cui et al. [2018] is especially significant in

the neural OIE task because the output vocabulary is derived directly from the input

vocabulary, with the exception of placeholder symbols. This forces the model to only

use words from the input vocabulary. On the other hand, limiting the vocabulary

to simply the input vocabulary and placeholder symbols has a direct impact on the

model’s capacity to introduce new terms in generated tuples and hence on the model’s

ability to construct implicit facts.
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Sun et al. [2018] present Logician, a sequence-to-sequence approach that maps

a given sentence to a set of facts. Logician employs three ways to accomplish this

task: restricted copy, coverage, and gated dependence attention. The restricted copy

technique restricts the model to only “select” words from the input sentence or a list

of preset keywords that represent a subset of the full vocabulary. This allows the

model to try to use the words that are in the original sentences to express tuples

as much as feasible. The coverage mechanism controls under-extraction and over-

extraction. Under-extraction occurs when the model extracts only some tuples and

ignores others, whereas over-extraction occurs when the model extracts the same

fact many times. To control under-extraction and over-extraction, Logician employs

a coverage vector, which is the sum of all attention scores over the words in the

input phrase up to timestep t. The gated dependency attention is employed during

decoding to ensure that the candidate words and the previously decoded words have

a meaningful semantic relationship. To build feature vectors of text tokens, Logician

leverages bidirectional gated recurrent units (GRUs).

Kolluru et al. [2020] investigate the problem of over-extraction and propose IMo-

JIE, a new sequence-to-sequence model. IMoJIE generates tuples using sequential

decoding while conditioned on the input text and previously decoded tuples. A de-

coded tuple is attached to the input sentence during each decoding cycle. This creates

a new input into the model for the following iteration. The model iterates until an

EndOfExtractions token is generated. IMoJIE employs a bidirectional encoder repre-

sentations from transformers (BERT) encoder and an LSTM decoder.

Despite the fact that sequence-to-sequence methods for OIE are superior to se-

quence tagging approaches, the sequence-to-sequence approaches that have been de-

veloped have several constraints that hinder their superiority from being manifested.

When creating a tuple, Logician, for example, employs a restricted copy technique

that allows the model to just copy words from the input sentence or a set of se-
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lected key terms from the lexicon. Furthermore, CopyAttetion assumes that both

the predicate and argument spans are strictly sub-spans of the input sentence. This

prevents the model from considering all of the terms in the vocabulary. As a result,

the model’s ability to construct implicit tuples is limited, as the models must employ

new terms from the full vocabulary to represent tuples that are implicitly stated in

the input sentences. Furthermore, Logician and IMoJIE make an attempt to solve

under-extraction and over-extraction difficulties in OIE. To overcome the aforemen-

tioned difficulties, Logician employs coverage mechanisms, whereas IMoJIE employs

sequential decoding mechanisms. Both pieces of work are concerned with reducing the

problem of redundant information that arises as a result of extracting the same tuple

many times. They are unconcerned about repetitive tokens in tuples that occur from

repeatedly duplicating the same word from either the vocabulary or the input text,

which affects the tuple quality. This issue is also unaddressed by CopyAttention.

2.3 Injecting Knowledge into Language Models

Many studies have recently been conducted to examine ways to incorporate world

knowledge into PLMs, and they have proven to improve the knowledge content of

PLMs, particularly factual knowledge.

Baldini Soares et al. [2019] use a simple “matching the blanks” pretraining objec-

tive to assist in the classification of relationships. To begin, they generate a training

dataset of relation statements in which entities are substituted with a special “blank”

symbol. During training, they select a pair of blank-containing relations that share

the same entities and apply a training objective that encourages the relation repre-

sentations to be similar, because the relations share the same entities. Their model

learns fixed vectors for relation representation from entity-linked relation statements

alone as part of the process. Their findings show that models created with these
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representations outperform previous work on relation classification by a significant

margin, even with a limited number of training samples.

Zhang et al. [2019] create ERNIE, which trains a language representation model

using textual corpora as well as KGs. They detect entity mentions in text and match

them to entities in the full KG. KE algorithms are utilised to generate the em-

beddings of the respective KG entities, which are subsequently fed into ERNIE. KE

algorithms are algorithms that learn a low-dimensional representation of KG’s enti-

ties and relations while preserving their semantic meaning. ERNIE integrates entity

representations in the knowledge module into the underlying layers of the semantic

module based on alignments between text and KGs. They mask off part of the named

entity alignments in the input text during training and prompt the model to choose

appropriate entities from KGs to complete the alignments. As a result, the model

learns to combine context and knowledge facts in order to predict tokens and entities.

This yields a well-informed language representation model. More specifically, they

discover that their approach improves performance on knowledge-driven tasks such

as entity typing and relation classification.

Peters et al. [2019] propose a general method for embedding multiple KBs into

large-scale models, KnowBert, and thus enriching their representations with struc-

tured, human-curated knowledge. They use an integrated entity linker to retrieve

relevant entity embeddings for each KB, then update contextual word representa-

tions using a type of word-to-entity attention. Unlike previous approaches, the entity

linkers and self-supervised language modelling objectives are jointly trained end-to-

end in a multitask setting that combines a small amount of entity linking supervision

with a large amount of raw text. The key concept is to explicitly model entity spans

in the input text and then use an entity linker to retrieve relevant entity embeddings

from a knowledge base to form knowledge-enhanced entity-span representations. The

model then re-contextualizes the entity-span representations using word-to-entity at-
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tention to enable long-distance interactions between contextual word representations

and all entity spans in the context. After incorporating WordNet and a subset of

Wikipedia into BERT, KnowBert exhibits improved perplexity, ability to recall facts

as measured in a probing task, and improved performance on relationship extraction,

entity typing, and word sense disambiguation.

Logan et al. [2019] observe that language models are only capable of remembering

facts that they have seen during training, and these facts are frequently difficult to

recollect. To solve this, they create a knowledge graph language model that includes

methods for detecting and copying facts from a knowledge graph that are relevant to

the given context. This method enables the model to render previously unseen infor-

mation as well as construct out-of-vocabulary tokens. Hayashi et al. [2020] present a

latent relation language model that parametrizes the joint distribution across words

in a document and entities that occur in them via knowledge graph relations. This

method enhances the models’ ability to learn to predict relevant relationships in a

given context. Both [Logan et al., 2019] and [Hayashi et al., 2020] train superior

generation models using relations between entities within a single sentence.

Wang et al. [2021] emphasise that while PLMs can learn useful linguistic knowl-

edge from unlabeled text, they cannot capture factual knowledge. On the other hand,

KE methods effectively represent relational facts in KGs with informative entity em-

beddings, but conventional KE models cannot fully exploit the abundant textual

information. To that end, Wang et al. [2021] propose KEPLER, a unified model for

knowledge embedding and pre-trained language representation that integrates factual

knowledge into PLMs and computes effective text-enhanced knowledge embedding

with strong PLMs. Their method encodes textual entity descriptions as entity em-

beddings using PLMs and then optimises the knowledge embedding and language

modelling objectives jointly. They use entity descriptions to bridge the KE-PLM gap

and align the semantic space of text with the symbol space of KGs. They confirm,
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through extensive experiments, that KEPLER is capable of integrating factual knowl-

edge into language representation under the supervision of KGs and the KE objective.

Moreover, by the MLM objective, KEPLER inherits the strong ability of language un-

derstanding from PLMs. Furthermore, the KE objective improves KEPLER’s ability

to extract knowledge from text by requiring the model to encode entities from their

corresponding descriptions.

Previous attempts to incorporate factual knowledge into PLMs have proven to

improve PLMs’ performance on a variety of NLP tasks, particularly knowledge-driven

tasks like entity typing and relation classification [Baldini Soares et al., 2019, Zhang

et al., 2019, Peters et al., 2019, Wang et al., 2021]. In the case of KEPLER, this

is due to the fact that incorporating knowledge into PLMs improves their ability to

extract knowledge from text by requiring the model to encode entities from their

corresponding descriptions. This property could also be very useful to OIE, as OIE

focuses on extracting knowledge from natural text in the form of triples. In this

research, I extend KEPLER, which computes entity representations based on textual

descriptions, allowing OIE models to develop more context-aware and knowledgeable

embeddings, and propose a knowledge-enhanced framework for OIE.
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Chapter 3

Systematic Comparison of Neural

Architectures and Training

Approaches for Open Information

Extraction

In this chapter, I will look at OIE as a sequence tagging problem. I propose novel

training techniques for sequence tagging systems that lessen the impact of skewed

tag frequencies in datasets on the models’ ability to predict correct tags. These

training approaches are applicable to any domain in which tasks may be expressed as

sequence tagging problems. I outline the approach and provide detailed descriptions

of the experiments that were ran to demonstrate the effectiveness of the recommended

training schemes. Finally, I give a thorough analysis of the findings and ablations.
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3.1 Introduction

The field of IE focuses on the automatic acquisition of structured information from

text, and approaches from this field are used to extract needed information from

enormous corpora of text. Unlike traditional IE, OIE predicates and entities are not

domain-specific and are not predefined. In more formal terms, an OIE algorithm seeks

to extract all facts implied by the input text. The extracted facts are in the form of

〈subject, predicate, object〉 triples. Alternative formulations allow for longer tuples,

but most pieces of work including what is presented in this chapter focus solely on

binary predicates. Given the text »Sam was successful in convincing John.«, an OIE

system should provide the following tuple: 〈Sam, was successful in convincing, John〉.

The relation phrase »was successful in convincing« denotes the semantic connection

between »Sam« and »John«.

Several sequence tagging OIE techniques [Stanovsky et al., 2018, Zhan and Zhao,

2020, Cui et al., 2018] have produced promising results on benchmark datasets. Se-

quence tagging OIE approaches employ BIO tags to identify each token in the input

text as belonging either to the subject, predicate, or object. SpanOIE, developed by

Zhan and Zhao [2020], formalises OIE as a span selection task. A span (i, j) is a

continuous section of a sentence that begins with the word i and ends with the word j.

The model is trained to assign the correct OIE label to each selected span, indicating

whether the span belongs to a subject, predicate, or object. However, the developed

sequence tagging OIE models have gaps that require further research to improve their

effectiveness. More specifically, the developed models fail to address the issue of un-

even BIO tag frequencies in datasets. The O-tag, which denotes tokens that are not

part of a subject, predicate, or object, appears far more frequently than other BIO

tags. For example, Stanovsky et al. [2018] observe that 58 percent of the tokens in

the OIE2016 dataset are O-tags. As a result, the ability of the models to correctly

anticipate O-tags has the most direct influence on the NLL. This encourages models
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to place too much emphasis on O-tags rather than alternative labels found at lower

frequencies. Furthermore, because the model predicts more O-tags, this could lead

to shorter triple arguments.

This chapter focuses on binary relation extraction and provides many unique

neural techniques to OIE. I build OIE models from three blocks: an embedding block,

an encoding block, and a prediction block. I show various ways to implement each

of these. Furthermore, I rigorously examine all potential combinations of their use,

demonstrating that output encoding and loss function formulation have a significant

impact on the results. For that purpose, I introduce and test three novel training

strategies that reduce the impact of uneven tag frequencies in datasets on the models’

ability to predict appropriate tags. I also investigate the impact of these novel training

schemes on individual model performance.

All experiments have been conducted on the OIE16 benchmark dataset [Stanovsky

and Dagan, 2016]. As part of the systematic architecture search, several existing

neural architectures for OIE have been tested and compared under equal conditions.

The main contributions of this chapter are briefly summarised as follows:

• I introduce and compare different possible training schemes for OIE as a se-

quence tagging problem.

• I provide a large-scale study of existing and new OIE models, and compare

them under the various introduced training schemes.

• I obtain the best results with a novel model based on transformers [Vaswani

et al., 2017] and long short-term memories (LSTMs), and improve the current

state of the art on the OIE16 benchmark dataset [Stanovsky et al., 2018] by

0.421 F1 score and 0.420 AUC-PR, respectively.
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3.2 Task Formulation

As defined earlier, I aim to extract binary relations from single sentences. Each

tuple is represented as a triple 〈subject, predicate, object〉 and elements have to be

non-overlapping contiguous phrases in the sentence.

Following Stanovsky et al. [2018], I treat OIE as a sequence-tagging task, where

each word is labelled with a BIO tag, which indicates whether it belongs to the

subject, predicate, or object. To that end, each element of a triple is implicitly

extracted by labeling the according sequence of words with a Beginning-tag followed

by an arbitrary number of Inside-tags, and words that are not part of any extracted

phrase are marked with the Outside-tag. Tags are prefixed with A0 if they refer to

a triple’s subject, P for the predicate, and A1 to refer to the object of the extracted

triple. I use a total of seven different labels, denoted as:

L = {A0-B ,A0-I ,P-B ,P-I ,A1-B ,A1-I ,O} .

More recently, Zhan and Zhao [2020] introduced an alternative formulation,

SpanOIE, that is based on spans rather than sequence tags. A span is a sub-sequence

of the sentence and an extracted triple is a set of three disjunct spans, corresponding

to subject, predicate, and object. They generate all possible candidate triples and

use a model to score them. To restrict the exponentially growing number of possible

triples, additional restrictions are put into place, such as maximum length or syntactic

requirements (cf. Zhan and Zhao [2020]).

Unlike its formal counterpart, semantic parsing, the task of OIE is defined more

vaguely, and hence leaves some space for interpretation. For instance, given the

input sentence »Ludwig van Beethoven was a world-famous composer of classical mu-

sic.«, one could generally consider both 〈Ludwig van Beethoven, was, a world-famous

composer〉 and 〈Ludwig van Beethoven, was, a world-famous composer of classical
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music〉 as valid extractions from the sentence. This is illustrated in the example pro-

vided in Figure 1.1. Furthermore, there is no fixed schema of relations to be extracted.

This introduces another level of complexity, as memorization of encountered patterns

for a given set of relations is insufficient for a good performance and generalization.

I highlight that single sentences frequently induce more than one triple. As an

example of this, consider the lower part of Figure 1.1, which illustrates a sentence

that consolidates two different pieces of information.

Based on the preceding deliberations, I view any problem instance as a tuple

〈X, Y 〉, where X=〈w1, w2, . . . , wm〉 describes a sentence as a sequence of words, and

Y ={y1, y2, . . . , yn} defines a set of n valid extractions, where yi is a sequence of BIO

tags representing a single triple. Depending on the problem definition being used,

the elements in Y are either sequences of BIO tags, i.e., yi ∈ Lm for 1 ≤ i ≤ n, or

triples specified in terms of spans. Independently of the employed input and output

formulation, the aim in this work is to model the conditional distribution P {y | X}.

3.3 Methodology

I consider several variations and extensions of existing architectures for neural OIE

viewed both as sequence-tagging and span-prediction task. To that end, I subdivide

models conceptually into three blocks, which I call embedding, encoding, and predic-

tion (listed from the bottom to the top), and investigate the impact of different NN

modules for each of them. The blocks serve the obvious purposes indicated by the

according designations, and are described in detail in the rest of this section.

Embedding. The embedding block represents the bottom part of the models that

are considered in this chapter, and serves the purpose of mapping text to embedding

vectors. The embedding block accepts text, given as sequence of tokens, and outputs

a sequence of embedding vectors. Traditionally, embedding vectors were (pre-)trained
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w1 w2 w3 ... wnp1 p2 p3 ... pn

x1 x2 x3 ... xnp1 p2 p3 ... pn

ALBERT or Simple Embedder

Figure 3.1: In the embedding block, each token (wi) in the input sequence is mapped
to a vector representation using the selected embedder, and the according PoS tags
(pi) are represented by means of learned embeddings. Token and PoS embeddings
are concatenated and used as input to the encoding block.

for a fixed vocabulary of tokens, and used directly in place of any actual tokens in a

processed input sequence [Pennington et al., 2014]. More recently, however, different

models for computing contextualized vector representations of tokens in an input

sequence have been used to represent text input [Alec et al., 2018, Devlin et al., 2019,

Howard and Ruder, 2018], which induced notable progress on a multitude of NLP

tasks.

I consider both approaches, and use either just word-piece embeddings [Wu et al.,

2016], which I refer to as simple embedding block, or ALBERT [Lan et al., 2020]

for computing contextualized representations. ALBERT is a variation of the well-

known BERT model [Devlin et al., 2019], and makes use of the transformer [Vaswani

et al., 2017] as basic building block. ALBERT, in contrast to BERT, uses parameter-

reduction techniques to reduce the total number of tunable parameters in a model,

resulting in lower memory consumption and increased training speed, and has been

shown to perform better on several language modelling tasks. The decision to use

ALBERT rather than BERT was based on the aforementioned factors.

For the task of OIE, it is a common practice to make use of PoS tags in addition

to the actual input text [Stanovsky et al., 2018, Jia and Xiang, 2019, Zhan and Zhao,

2020]. To incorporate these as part of the input, I create an additional embedding

vector for each PoS tag considered, and concatenate the vector representation created

for a token in the input sequence with the embedding of the according PoS tag. Notice
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that the embeddings of PoS tags are typically much smaller than word embeddings,

and are trained jointly with the model. I follow this, and append an embedding

representing the according PoS tag to every vector produced by the used embedding

block. In the case of word pieces, each sub-word token is attributed the same PoS

tag as the full word it belongs to. Figure 3.1 illustrates our embedding process.

Encoding. The encoding block constitutes the middle part of the considered models,

which processes an embedded input sequence, as provided by the module used in the

embedding block, and outputs an encoded sequence of equal length. I make use

of three different NN modules for encoding embedded sequences: a BiLSTM, the

encoder part of a transformer [Vaswani et al., 2017], and a BiLSTM combined with a

convolutional neural network (CNN), as introduced by Jia and Xiang [2019]. For the

simple BiLSTM encoder, I concatenate the top-layer hidden states of both directions,

and use these as encodings of the respective tokens in the input sequence. The LSTM-

CNN encoder processes a provided sequence in parallel with a BiLSTM and a CNN

that are independent of each other. The used CNN consists of just one convolutional

layer followed by max-pooling, and maps the entire embedded input sequence, viewed

as matrix, to a single output vector. This vector is then concatenated with every step

in the encoded sequence that is provided by the BiLSTM to yield the final output.

Again, the encoding provided by the BiLSTM consists of the concatenated top-layer

hidden states.

Note that the BiLSTM-CNN encoding block used in this work is a slightly modified

version of the hybrid BiLSTM-CNN network introduced by Jia and Xiang [2019]. In

the original work, the word embeddings were passed through a BiLSTM network

to give [Lf , Lb], where Lf is a collection of hidden states from the forward part

of the BiLSTM, and Lb are the hidden states from the according backward part.

In addition to this, the word representations were also passed through a CNN to

compute a representation vector C. Then, all vectors in Lf and Lb as well as C
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were concatenated into a single vector, and fed into a dense layer with a softmax

activation to compute predictions. In this work, however, I concatenate the CNN

output with every pair of forward and backward hidden-states from the BiLSTM

separately, resulting in a sequence of hidden representations that is of equal length

as processed input sequence. These hidden representations are then fed into the

subsequent prediction block.

Prediction. The top block of a model takes an encoded sequence as input and

computes a probability distribution over all possible BIO tags for each token in the

encoded sequence. I consider four different model architectures as prediction blocks,

three for the sequence-tagging setting, based on LSTMs, CRFs, and MLPs (illustrated

in Figure 3.2), and the recently introduced SpanOIE model, which considers OIE as

a span-prediction task.

I use LSTMs for predicting label sequences from left-to-right such that every step

models the conditional distribution of the next label given the encoded input sequence

up to the current step as well as all previously predicted labels, i.e.,

P {〈y1, . . . , ym〉 | 〈e1, . . . , em〉} =
∏
i

P {yi | e1, . . . , ei, y1, . . . , yi−1} , (3.1)

where 〈e1, . . . , em〉 is an encoded sequence, as provided by the used encoding block,

and 〈y1, . . . , ym〉 ∈ Lm a sequence of labels.

CRFs are commonly used in combination with sequential models, such as recurrent

neural networks (RNNs), since they provide a convenient way of modeling the joint

distribution of entire label sequences rather than just step-wise conditional distribu-

tions. Furthermore, using CRFs on top of a recurrent model frequently results in an

increased prediction accuracy [e.g., Huang et al., 2015]. For purposes of this research,

I employ a standard linear-chain CRF as prediction block.

MLPs are another family of NN modules that is frequently used for predicting

31



x1 x2 x3 xn

y1 y2 y3 ... yn

y1 y2 ... yn−1

LSTM LSTM LSTM ... LSTM

x1 x2 x3 ... xn

y1 y2 y3 ... yn

CRF

x1 x2 ... xn

MLP MLP ... MLP

y1 y2 ... yn

(a) (b) (c)

Figure 3.2: Illustration of the prediction block, which takes the encoded text sequence
(xi) as input, and computes a distribution over the according BIO tags (yi). To that
end, I use three different architectures based on (a) LSTMs, (b) CRFs, and (c) MLPs.

labels in the context of OIE. In contrast to the previously mentioned predictors,

however, they compute labels independently for each step of an input sequence, dis-

regarding those computed for any surrounding positions. Hence, employing MLPs is

based on the simplifying assumption that

P {〈y1, . . . , ym〉 | 〈e1, . . . , em〉} =
∏
i

P {yi | ei} , (3.2)

using the same terminology as above.

Finally, I use the SpanOIE model as the only prediction block that is based on

the span-formulation of OIE. For an encoded input sequence, this model computes

scores independently for each triple in a set of candidates to extract, which are then

normalized to yield a probability distribution. I refer the interested reader to Zhan

and Zhao [2020] for details.

Training loss. The prediction block aims to model the probability distribution over

all candidate triples to extract, as such, the NLL lends itself as the natural loss

function to use. Because I regard OIE as a sequence-tagging task, optimising the

NLL necessitates addressing one problematic component. Among all BIO tags, the

O-tag that is used to indicate tokens that are not part of subject, predicate, or object,

tends to appear at a much higher frequency than other tags. This, in turn, means

that the ability to correctly predict O-tags has the strongest direct influence on the

32



NLL, and encourages models to focus too much on this label.

To account for this issue, I explore three novel training schemes, which disre-

gard the probabilities of certain positions in a sequence for computing the NLL, as

illustrated in Figure 3.3. The novel training schemes force the models to focus on

the important parts of the OIE task, such as identifying the beginnings and ends of

the subject, predicate, and object, while decreasing the importance of O-tags on the

training loss A straightforward attempt to decrease the influence of O-tags on the

loss term is to disregard them entirely (cf. Figure 3.3 b). Since I model probabil-

ity distributions over tag sequences as opposed to computing unnormalised scores,

the law of total probability allows for a network to still learn when to predict O-

tags, even though it is not explicitly trained to do so. Informally, this means that

P {O} = 1−P {B}−P {I}, which is why the trained network learns to predict O-tags

when the probabilities of all remaining tags are small.

The second training scheme is based on the observation that the critical aspect of

predicting a sequence of tags is identifying transitions between a block of O-tags and

an element of the triple, i.e., the subject, the predicate, and the object, or directly

between two of the latter. Hence, this training scheme disregards all probabilities

except for those of positions that appear right before or right after a transition (cf.

Figure 3.3 c). Intuitively, this makes sense, as all the disregarded tags can be deter-

mined immediately, once we know the boundaries of the subject, the predicate, and

the object.

Combining the two previously outlined ideas results in our third trained scheme,

which optimizes only the first and the last position of every element of the extracted

triple (cf. Figure 3.3 d). Again, remaining tags can be determined from the knowledge

of these tags only.

The motivation behind the novel training schemes is to alleviate the problem of

imbalanced tag occurrences in sequences (O-tags typically appear most frequently),
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(a) O O A0-B A0-I A0-I O O O O P-B P-I O A1-B A1-I O

(b) O O A0-B A0-I A0-I O O O O P-B P-I O A1-B A1-I O

(c) O O A0-B A0-I A0-I O O O O P-B P-I O A1-B A1-I O

(d) O O A0-B A0-I A0-I O O O O P-B P-I O A1-B A1-I O

Figure 3.3: (a) Standard way of computing the loss where all tags are considered.
(b) Excluding all O tags when computing the loss. (c) Considering only the tags in
the transitions between different tags (d) Considering only the tags in the transitions
between different tags that are not O . (b), (c), and (d) illustrate our three novel
training schemes.

which leads to models that predict too many O ’s. I avoid this problem by ignoring

(some of) them when computing a loss term. However, keep in mind that a model

can still learn about O ’s because it is trained to compute a probability distribution

over all tags for each position in a sequence. As a result, if the loss provides a training

signal for predicting Probability(B) and Probability(I), it also provides an implicit

signal for predicting Probability(O) = 1 - Probability(B) - Probability(I).

Finally, notice that the presented schemes are used during the training of a model

only. For inference and sampling, I make use of all probabilities, including those of

O-tags.

3.4 Experiments, Evaluation, Results, and Analysis

Dataset. For experiments, I made use of the OIE16 benchmark dataset [Stanovsky

and Dagan, 2016]. With a total of 5,078 training samples, the dataset is rather small,

though, making it hard to train models that generalize to unseen problem instances.

For this work, I thus augmented the OIE16 training data with samples from another

dataset created by Cui et al. [2018]. The latter is a huge dataset, consisting of more

than 36M training samples that have been generated using OpenIE4 [Angeli et al.,

2015], and contains examples with lower quality than the OIE16 data. Furthermore,

there is usually just one target triple to extract per sentence in this dataset, while

OIE models are generally expected to find all of them.
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To make effective use of the low-quality dataset, I had to perform a number of

preprocessing steps. First and foremost, some samples make use of additional tags for

specifying label sequences. Following Cui et al. [2018], I discarded these tags, which

results in samples that are still valid and compatible with the standard set of BIO

tags, as presented above. Furthermore, Angiras [2018] observed that models trained

on the huge low-quality dataset tend to saturate in the first training epoch already,

usually resulting in low training, but high test error. To obtain better results, I thus

filtered the dataset with respect to the distribution of predicates in the target triples.

I observed that just about 8K out of more than 71K predicates appear at least 50

times, and pruned all training samples with predicates below this threshold. This

resulted in a dataset consisting of about 28M sentences. Next, I observed highly

uneven occurrence statistics of the remaining predicates, and, following Cui et al.

[2018], further down-sampled the data to avoid training on a dataset with highly

imbalanced target predicates. This down-sampling, on the other hand, could not be

done at random. According to the distribution of predicate heads across the sentences,

the most frequently occurring predicate word appears in 4,852,649 training examples,

the 100-th most common one appears 31,999 times, and the 500-th most common

one appears only 7,484 times. Furthermore, the 100 most common predicates alone

account for 16,376,985 training examples. If I randomly select only a small number

of training examples from this distribution, I may end up with a training set with a

very skewed representation of the predicates. To that end, I proceeded as follows:

• for predicates appearing less than 500 times, I sampled 50 examples,

• for those with 500 to 1K occurrences, I selected 200 examples,

• predicates with 1K to 10K occurrences were down-sampled to 500 examples,

• for predicates with 10K and 100K occurrences, I sampled 1K examples, and

• for all predicates that appear more than 100K times, I sampled 3K examples.
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Sampling was performed uniformly at random, and reduced the training data to a

total of 1.7M training samples, which were combined with the training partition of the

OIE16 benchmark dataset. Although this new training dataset retains the essence of

the original dataset’s distribution of predicates, it is less skewed and ensures a good

representation of all predicates.

Experimental evaluation. I conducted a large-scale study in which I trained and

evaluated all combinations of embedding, encoding, and prediction blocks that I intro-

duced above. In all cases, the validation accuracy was determined using the validation

data set provided by Stanovsky and Dagan [2016]. For those models containing an AL-

BERT embedding block, I made use of a pretrained ALBERT model (albert-base-v1)

provided by Wolf et al. [2020]. Due to resource constraints, I had to freeze the pa-

rameters of the ALBERT blocks to speed up the training of our models. For models

containing a simple embedding block, I used word-piece embeddings [Wu et al., 2016]

rather than word embeddings, since these yielded better results in the experiments,

and employed the embedding vectors that were pretrained with the same ALBERT

model used in the ALBERT embedding blocks to initialize the model.

Notice that the architectures considered in this study also cover all the currently

most important methods of OIE that are based on deep learning (DL) (Angiras, 2018;

Cui et al., 2018; Stanovsky et al., 2018; Zhan and Zhao, 2020; and a slightly modified

version the model by Jia and Xiang 2019, as described in Section 3.3 ). I do not com-

pare to any rule-based OIE systems, though, as they have been shown to consistently

achieve inferior results than DL-based approaches in related work [Angiras, 2018, Cui

et al., 2018, Stanovsky and Dagan, 2016, Stanovsky et al., 2018].

Models that use either the LSTM or the MLP prediction block were trained and

evaluated for all the training schemes presented above. Other predictors cannot be

used with any of the newly introduced schemes, though, and were thus trained by

minimizing the standard NLL only.
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All considered models were evaluated on the validation partition of the OIE16

dataset with respect to both F1 score and the AUC-PR. To that end, I computed

the top-20 predictions for each of the samples in the test data, using either beam

search or, in the case of the CRF predictor, the Viterbi algorithm, and considered all

predictions with a probability above a certain threshold as extractions of the model

evaluated. As the prediction threshold, I chose the one that achieved the maximum

F1 score on the validation partition of the OIE16 dataset separately for each model.

Notice that the prediction threshold was well below 0.5 in all our experiments, usually

around 0.1, and thus allowed for extracting multiple triples per sample.

To determine whether a predicted triple matches any of the target triples in the

test data, I employed the evaluation scheme that is typically used in the context of

OIE [He et al., 2015, Stanovsky and Dagan, 2016].1 To that end, a predicted triple is

considered correct, if each of its elements, i.e., subject, predicate, and object, contains

the syntactic head of the corresponding element in the target triple. For instance, if

the test set contains the triple 〈Donald Trump, is, president of the U.S.〉, then the

prediction 〈Trump, is, president of the U.S.〉 is considered correct, as »Trump« is the

syntactic head of the subject phrase »Donald Trump«.

Occasionally, OIE models are evaluated with predicate-head hinting [Stanovsky

et al., 2018], which means that the beginning of the predicate in the target triple

is marked as part of the input. More precisely, a special token is inserted into the

input sequence right before the first token that is part of the predicate to extract,

the so-called predicate head. This, obviously, makes the task of OIE considerably

easier, and does not reflect the typical problem scenario. Nevertheless, I run all

experiments a second time with predicate-head hinting, and provide the according

results in Appendix A.1.

Due to the great number of experiments that have been conducted, it was not
1This is the same evaluation scheme that is used by the well-known benchmark script by

Stanovsky and Dagan [2016].
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possible to perform grid search for every one of them separately. Instead, I chose

a set of hyperparameters that I found to work well across a multitude of initial

training runs, and kept them constant over all performed experiments. The exact

hyperparameter values are reported in Appendix A.2.

Results. Table 3.1 summarizes the results of the comparative study that I carried

out, and provides a number of interesting insights. First and foremost, it can be ob-

served that the model with the transformer encoding and the LSTM prediction block

achieved the best F1 score both with and without ALBERT embedding block. The

prior is also the overall best model with respect to both F1 score and AUC-PR, and

outperformed all the considered state-of-the-art approaches by a significant margin

of at least 0.421 F1 score and 0.420 AUC-PR, respectively. While one might have

expected to see the transformer encoding block at the top of the score board, it is

surprising that the CRF predictor performed significantly worse than the LSTM and

MLP prediction blocks, as CRFs have previously achieved strong results on different

task of sequence prediction [e.g., Huang et al., 2015]. What comes less at surprise,

though, is that using an ALBERT embedding block led to an increased performance

in almost all cases, which is in line with the existing research on BERT and related

models. Another important insight is that the newly introduced training schemes

for sequence-tagging models helped to boost performance significantly in comparison

with the usual way of computing the training loss. In this context, optimizing the

first and the final tokens of subject, predicate, and object only proved particularly

useful (column (d) in the table), and led to the best results for almost all encoding

and prediction blocks.

Note that the results that I have achieved for models from related work differ

significantly from those reported in the respective papers, which is easily explained

by the difference in how models were evaluated in the same. In the context of OIE, it

is common practice to pre-select candidate triples during inference, and subsequently

38



use a model to score each of them. While this might make sense for optimizing a

system in a production environment, it obfuscates a model’s true ability to some

extent, which is why I decided to not use any kind of pre-selection at all.

LSTM MLP CRF Span
(a) (b) (c) (d) (a) (b) (c) (d) (a) (a)

None F1 0.325 0.402 0.320 0.411 0.125 0.224 0.225 0.325 0.199 0.223
AUC-PR 0.184 0.172 0.181 0.178 0.113 0.112 0.1110 0.114 0.136 0.177

BiLSTM F1 0.211 0.535 0.346 0.598 0.123 0.276 0.213 0.460 0.181 0.221
(1) AUC-PR 0.140 0.524 0.277 0.602 0.055 0.219 0.213 0.435 0.119 0.195

BiLSTM-CNN F1 0.225 0.486 0.588 0.589 0.113 0.250 0.241 0.452 0.201 0.230
AUC-PR 0.112 0.474 0.574 0.610 0.065 0.198 0.196 0.420 0.124 0.189

Transformer F1 0.332 0.539 0.351 0.601 0.126 0.281 0.260 0.471 0.205 0.242
AUC-PR 0.132 0.534 0.321 0.597 0.070 0.183 0.206 0.439 0.117 0.178

None F1 0.329 0.406 0.323 0.415 0.126 0.226 0.225 0.326 0.203 0.256
AUC-PR 0.195 0.175 0.193 0.187 0.107 0.106 0.105 0.107 0.145 0.187

BiLSTM F1 0.333 0.541 0.349 0.623 0.161 0.281 0.263 0.463 0.185 0.253
(2) AUC-PR 0.250 0.504 0.286 0.610 0.120 0.220 0.201 0.435 0.107 0.205

BiLSTM-CNN F1 0.186 0.463 0.596 0.610 0.123 0.276 0.258 0.468 0.203 0.253
AUC-PR 0.0.018 0.397 0.582 0.614 0.054 0.219 0.211 0.431 0.131 0.193

Transformer F1 0.351 0.555 0.362 0.628 0.117 0.292 0.274 0.476 0.217 0.273
AUC-PR 0.242 0.515 0.278 0.644 0.044 0.204 0.218 0.436 0.149 0.198

References: Angiras [2018] Stanovsky et al. [2018] Jia and Xiang [2019]

Zhan and Zhao [2020]

Table 3.1: The results of the experimental evaluation, where the different columns
correspond with the different training schemes: (a) standard NLL (i.e., considering all
labels), (b) disregarding O-tags, (c) optimizing transitions only, and (d) considering
start and end of a triple’s elements only. The best results are underlined for each of
the encoding blocks, and printed boldface for each prediction block. Furthermore, (1)
represents models trained with a simple embedding block, and (2) represents models
trained with ALBERT embedding block.

Analysis and ablation studies. In this section, I further analyze the results pre-

sented above, including the ablations that have been performed as part of our com-

parative study already. Furthermore, I present additional ablation studies for the

best-performing model.

At the bare minimum, a model consists of a simple embedding block as well as

one of the prediction blocks presented above, while encoding blocks are generally
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simple→ALBERT +0.012 F1

+BiLSTM +0.051 F1

+BiLSTM-CNN +0.061 F1

+Transformer +0.063 F1

Figure 3.4: The average improvements caused by using an ALBERT embedding block
in place of a simple one and by adding an encoding block to a model in terms of F1

score, computed across all experiments performed.

optional. Hence, I first investigate the effect of moving from a simple to an ALBERT

embedding block on the one hand and how adding an encoding block influences a

model’s performance on the other—Figure 3.4 summarizes insights from this analysis.

First and foremost, I observed that encoding blocks, on average, cause much higher

improvements than using an ALBERT embedding block in place of a simple one. More

precisely, ALBERT caused just a small mean improvement of 0.012 F1. Encoding

blocks, however, pushed the performance notably by 0.058 F1, on average, and, as

expected, transformers performed best among all considered encoding blocks.

Next, I compare the various prediction blocks that were used in the experiments.

To that end, Figure 3.5 illustrates the mean performance of each prediction block

contrasted with the mean F1 score computed over all experiments performed. Surpris-

ingly, the LSTM prediction block preformed, on average, by far best among all predic-

tors considered, and outperformed all other prediction blocks for each of the training

schemes considered. Another surprise is that even the MLP predictor achieved bet-

ter results than the CRF prediction block for all training schemes except (a). This

contrasts previous findings on the use of CRFs for sequence-tagging [Huang et al.,

2015], and suggests that the training scheme, which is analyzed next, is a much bigger

impact on a model’s performance than certain choices about its architecture for the

task of OIE. Therefore, when trained with proper loss formulation, a simple predic-

tor, such as an MLP, can outperform a more powerful one, such as a CRF, which does

not allow for using the introduced training schemes. Finally, the mean performance

of the SpanOIE prediction block was found to be in between those values observed
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LSTM 0.431 F1

MLP 0.268 F1

CRF 0.199 F1
Span 0.227 F1

mean 0.293 F1

Figure 3.5: The average F1 score achieved by each of the different prediction blocks
in comparison with the overall mean F1.

for the CRF and the MLP predictor.

Finally, Figure 3.6 compares the mean performance achieved for each of the dif-

ferent training schemes with the overall mean F1 score computed over all experiments

with sequence-tagging models (as schemes (b) to (d) can be used with these mod-

els only). As illustrated in the figure, I observed significant differences among the

training schemes. First and foremost, it can be observed that training scheme (d),

which optimizes the first and last positions of subjects, predicates, and objects only,

clearly outperformed all other schemes. Intuitively, this makes sense, as this view

reduces the problem of OIE to the absolute minimum, which is the question of where

elements start and end, respectively. In contrast to this, optimizing the NLL on entire

label sequences, i.e., scheme (a), led to the worst mean performance. This suggests

that O-tags, which appear most frequently among all labels, are attributed too much

importance in general, and steer away attention from important aspects such as the

boundaries of triples’ elements, which are emphasized by the other training schemes.

Schemes (b) and (c) resulted in similar mean F1 scores, close to the overall mean

performance, and hence performed significantly worse than (d). Since the parts of a

label sequence considered by each of these three schemes allow for reconstructing the

entire sequence, one possible explanation for this is, once again, that training scheme

(d) reduces the task to the absolute minimum, which might also render the according

learning task as easy as possible.

I want to emphasize that the lenient evaluation scheme that is used in the context

of OIE allows models to »cheat« in the sense that they can learn to not predict O-tags
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(a) 0.207 F1
(b) 0.377 F1
(c) 0.328 F1
(d) 0.495 F1

mean 0.352 F1

Figure 3.6: The average F1 score achieved by each of the different training schemes,
computed just for sequence-tagging models in comparison with the overall mean F1

for the according experiments.

at all to improve the chances that very long subjects, predicates, and objects actually

cover the syntactic heads of some target triples. To show that this does not happen

with the models in this study, I computed how often the top model predicted an O-

tag correctly (as O-tag) and how many it labelled as part of subjects, predicates, and

objects, respectively. Table 3.2 summarizes the findings, and shows that the model

is highly accurate on subjects and predicates, with less than one O-tag prepended

and appended to any target subject or predicate on average. For objects, I find

similar numbers for prepended, but slightly higher ones for appended O ’s. Manual

inspection of the data reveals, however, that this is justified in most cases. A good

example for this is the one that has been used above: if the target object »a composer«

is predicted as »a composer of classical music«, then »of classical music« is a suffix

that is represented as series of O-tags in the dataset, but which may very well be

considered as part of the object. Overall, the model predicted on average 78.7% of

all O-tags correctly as such for each sample in the test data, which together with the

other statistics supports the conclusion that it did not learn to cheat by generating

overly long elements.

For the best-performing model, I conducted additional ablation studies, looking at

how its performance changes when the number of layers in the encoder (1 in the top

model) and the used hidden-layer size, in both encoder and predictor, (512 in the top

model) is varied, as summarized in Table 3.3. To that end, I noted that increasing the

number of layers in the transformer encoding block resulted in lower values of both
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Training Scheme
(a) (b) (c) (d)

Subject
Prefix 0.60 0.49 0.50 0.50
Suffix 0.51 0.43 0.44 0.52

Predicate
Prefix 0.01 0.01 0.01 0.01
Suffix 0.03 0.03 0.03 0.04

Object
Prefix 0.63 0.61 0.59 0.62
Suffix 4.23 4.11 3.71 4.55

Table 3.2: The average number of O-tags predicted as part of subject, predicate, and
object, respectively. To that end, I refer to O-tags that were prepended to a target
element as prefix, and those that were appended as suffix.

Enc. Layers Hidden Size Score Training Scheme
(a) (b) (c) (d)

6 128 F1 0.360 0.402 0.306 0.426
AUC-PR 0.200 0.201 0.196 0.213

1 128 F1 0.347 0.428 0.301 0.431
AUC-PR 0.212 0.303 0.223 0.209

1 512 F1 0.351 0.555 0.362 0.628
AUC-PR 0.242 0.515 0.278 0.644

1 1024 F1 0.418 0.424 0.426 0.446
AUC-PR 0.195 0.204 0.206 0.223

Table 3.3: Results achieved for different configurations of our best-performing model,
which consists of an ALBERT embedding block, a transformer encoding block, and
an LSTM prediction block. The best configuration is printed boldface.

F1 score and AUC-PR. The same was the case for both increasing and decreasing the

used hidden size. Since the training data consists of a total of about 1.7M samples

only, a likely explanation is that there is balance between under- and overfitting the

data, which the top model seems to address well. Finally, I notice a similar pattern

with respect to the different training schemes as the one discussed above.

Some of the existing works on neural OIE employ a correction of malformed pre-

dicted label sequences [Stanovsky et al., 2018]. To that end, orphan intermediate

labels, i.e., ones that are preceded neither by the according head nor by the same

intermediate label, are corrected to O-tags. In experiments under this work, this

approach did not lead to any improvements, and is thus not further elaborated on.
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Finally, Appendix A.1 provides additional insights gained in the experiments with

predicate-head hinting, which led to an average improvement of 0.074 F1 score and

0.077 AUC-PR, respectively.

In general, I believe there is a trade-off between selecting the right model archi-

tecture and developing an appropriate problem/loss formulation. However, one of the

lessons that this chapter emphasises is that loss functions must be designed in such

a way that they truly emphasise the key aspects of the considered task. The ability

to identify the beginnings and ends of the subject, the predicate, and the object, for

example, is a key aspect in OIE. The results presented in this chapter demonstrate

that models trained with the novel loss formulations can identify key aspects of OIE

and reduce the importance of O-tags on the training loss.

Significance of the training schemes. I had to assess the statistical significance of

the improvements arising from training schemes (b), (c), and (d) over the traditional

NLL (a) to ensure that the innovative training schemes do not simply outperform

the traditional NLL by chance. To accomplish this, I used a paired t-test to see

if there were any variations in the F1 and AUC-PR values obtained by the models

between each of the new schemes and the default NLL based on the results presented

in Table 3.1. I am only interested in models where all these training schemes can be

used with these models only, namely, models with either an LSTM or MLP in the

prediction block.

I began by comparing the training scheme (b) with the default NLL. When

computing the loss, the training scheme (b) excludes all O-tags. In both cases, the

paired t-test on the F1 and the AUC-PR values yielded p values of less than .05

(p < .05). This provides solid evidence that the default NLL has a less than 5%

chance of outperforming the training scheme (b). Therefore, the training scheme

(b) outperforms the conventional NLL significantly. Second, the paired t-test of

F1 and AUC-PR values from training schemes (c) and (a) yielded p values of less
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than .03 (p < .03). This provides solid evidence that the default NLL has a less

than 3% chance of outperforming the training scheme (c). To that end, the training

scheme (c) outperforms the conventional NLL significantly. Second, the paired t-test

of F1 and AUC-PR values from training schemes (c) and (a) resulted in p values of

less than .03 (p < .03). This shows that the default NLL has a slim possibility of

outperforming the training scheme (c) by less than 3%. For that purpose, the training

method (c) greatly outperforms the traditional NLL. Finally, p values smaller than

.01, p < .01, were obtained using the paired t-test of F1 and AUC-PR values from

training schemes (d) and (a). This reveals that the default NLL only has a 1% chance

of outperforming the training scheme (d). The training approach (d) outperforms the

classic NLL significantly for this purpose.

Based on the results of the aforementioned investigation, I can conclude that each

unique training scheme outperforms the classic NLL. As a result, I conclude that

the gains resulting from the novel training strategies are significant and not purely

coincidental.

3.5 Related Work

Recently, several approaches based on NN architectures have been intro-

duced [Stanovsky et al., 2018, Cui et al., 2018, Zhan and Zhao, 2020, Jia and Xiang,

2019]. As one of the first neural methods, Stanovsky et al. [2018] treat OIE as a

sequence-tagging task. Their approach uses stacked layers of BiLSTMs with a Soft-

max layer. The layers of BiLSTMs compute feature vectors and the Softmax layer

predicts a BIO tag for each word in the input sentence. Jia and Xiang [2019] use

the same sequence-tagging problem formulation as Stanovsky et al. [2018] and extend

their work with systematic tests of various NN architectures, such as (Bi)LSTMs,

CNNs, and their combinations with CRFs. Finally, they develop a hybrid model that
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combines BiLSTMs, CNNs, and CRFs to achieve a maximal performance. Zhan and

Zhao [2020] introduce a span model for n-ary OIE to replace the previously adopted

sequence-tagging formulation. Their BiLSTM-based model finds predicate spans sep-

arately and uses a separate BiLSTM module to find arguments (entities), given a

predicate as an input.

Unlike prior research, this work addresses the problem of uneven tag frequencies

in datasets. This is accomplished by developing and testing three innovative training

strategies that mitigate the influence of unequal tag frequencies in datasets. Fur-

thermore, as a result of various NN combinations in the embedding, encoding, and

prediction blocks, I develop a number of novel OIE strategies.

3.6 Discussion

In this chapter, I have presented novel training approaches for mitigating the influ-

ence of uneven tag frequencies on the models’ ability to predict appropriate tags. I

have carefully investigated a variety of different NN architectures for OIE, as well as

training schemes. In doing so, I have improved the SOTA on the OIE16 benchmark

by 0.421 F1 and 0.420 AUC-PR, respectively, with a novel model composed of an

ALBERT embedding block, a transformer encoding block, and an LSTM prediction

block, all of which were trained using a training scheme that used a newly introduced

loss formulation. Following a thorough investigation, it was discovered that picking

the proper training scheme is just as crucial as selecting the neural model architecture,

because the conventional NLL loss gives too much weight to non-essential elements

of the data and repeatedly produces poor results.
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Chapter 4

Real or Fake? Discriminative

Training for Open Information

Extraction with Syntactically Rich

Embeddings

In this chapter, I look at OIE as a sequence generation problem. OIE is interested

in extracting facts of the form “(Subject, Relation, Object)” from natural language

text. Several new strategies for training neural OIE models are proposed in this

work. To begin, I offer a novel method for computing syntactically rich embeddings

that is guided by the structure of dependency trees. Second, I provide mechanisms

to restrict repeating tokens in extracted facts, as well as improve models’ ability to

generate implicit facts. Finally, I suggest a novel discriminative strategy for training

neural OIE models.
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4.1 Introduction

Several neural OIE approaches have been proposed that treat OIE as either a se-

quence labelling problem [Stanovsky et al., 2018, Roy et al., 2019, Jiang et al., 2019,

Zhan and Zhao, 2020] or a sequence generation problem [Cui et al., 2018, Sun et al.,

2018, Kolluru et al., 2020]. Sequence labelling approaches classify each token in the

input text into one of three categories: subject, relation, or object, whereas sequence

generation approaches generate facts one word at a time from the input text.

For the task of OIE, it is a common practice to make use of PoS and dependency

tags in addition to the actual input text as a way of incorporating syntactic informa-

tion [Stanovsky et al., 2018, Zhan and Zhao, 2020, Jia and Xiang, 2019, Sun et al.,

2018]. In such work where these tags are used, the embeddings for the tags are just

concatenated to the embeddings of the corresponding text tokens. This formulation

does not fully use the rich syntactic information, especially the one that is expressed

in the structure of dependency trees. Dependency trees’ head-dependent relations

provide a good approximation of the semantic relationships between predicates and

their arguments [Jurafsky and Martin, 2009]. As a result, they are directly appli-

cable to a wide range of applications, including IE. In this work, I compute token

representations based on the structure of dependency trees in order to benefit from

their rich syntactic and semantic information. Furthermore, sequence generation ap-

proaches are susceptible to generating facts that often express redundant information

and are also prone to generating repetitive text in facts. Sun et al. [2018] and Kol-

luru et al. [2020] looked into the issue of generating the same facts multiple times,

redundant information. No work has been done to control the generation of repetitive

text in facts. Additionally, sequence generation approaches are capable of introducing

words that are in the vocabulary but not in the input sentence into a generated fact.

This capability enables such approaches to generate facts that are implicitly stated

in the input sentence. However, the approaches employed so far by Cui et al. [2018]
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and Sun et al. [2018] are restrictive in how the models “pick” words when generating

facts, which restrains the models’ flexibility in generating implicit facts.

The approach in this work uses a sequence generation approach to generate facts

from natural language text a word at a time. This approach, unlike the previous

approaches, computes syntactically rich vector representations of input text tokens

guided by the structure of dependency trees. For each input sentence, I construct

a visibility matrix of its tokens based on the structure of its dependency tree. I

consider tokens that are directly related in the dependency tree as visible to each

other. I then feed the token embeddings and the visibility matrix into a GNN [Zhou

et al., 2020] encoder that computes new token embeddings guided by the visibility

matrix. In addition to computing syntactically rich vector representations, I also

introduce a new method for training neural OIE models. I add an extra module, the

discriminator, that takes the generated tuple as input and classifies its tokens as either

“real” or “fake”, where “real” tokens are those that are in both the generated and the

gold tuples, while “fake” tokens are those that are in the generated tuple but not in

the gold tuple. Figure 4.1 illustrates my approach. To ensure that such a model does

not generate repetitive text, I use a coverage vector to monitor the degree of coverage

that words in the input text have received so far. When generating the next word at

timestep t, the coverage vector at that instant is a sum of all attention distributions

computed over the input text tokens from timesteps 0 to t−1. This coverage vector is

used as part of the input when computing the next attention distribution. Intuitively,

this informs the current attention mechanism’s decision of the previous decisions and

makes it easier to avoid repeatedly attending to the same words in the input text,

hence avoiding generating repetitive text in a fact. As a means to explicitly guide

the model’s choice of “selecting” a word from either the vocabulary or the input text,

I explicitly compute the probability of generating a word from either the vocabulary

or input text using the model’s context vectors. Lastly, I also investigate the effect
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of data-augmentation on the performance of our models.

The main contributions of this chapter are briefly summarized as follows:

• I present several new methods for training neural OIE models. First, I propose

a new method of computing syntactically rich vector representations of input

tokens guided by the structure of dependency trees. This is done by using GNNs,

as they are able to take into account the graph structure of a dependency tree.

• Second, I propose an additional module, the discriminator, on top of the model

that generates facts. The additional module performs a binary classification of

tokens in generated facts as either “real” or “fake”. This new approach signifi-

cantly improves the performance of sequence-to-sequence neural OIE models.

• Furthermore, I reduce repetitive words in generated facts by 23%, from 36%

to 13%, when I jointly use the coverage vector and explicitly guide the model

where to pick the next word when generating a fact.

• Finally, I present paraphrased versions of the CaRB [Bhardwaj et al., 2019],

OIE2016 [Stanovsky and Dagan, 2016], and LSOIE [Solawetz and Larson, 2021]

datasets, which I use to augment existing datasets.

• The best performing model uses both the discriminator and the GNN encoder,

and beats the SOTA of IMoJIE on CaRB, with an improvement of 39.63% in F1

score. This model also presents competitive results on OIE2016 and LSOIE.

4.2 Task Formulation

In this work, I approach OIE as a sequence generation task. As illustrated in Fig-

ure 4.1, given an input text, the generator produces a tuple one word at a time.

Then, I pass the generated tuple through the discriminator, which classifies tokens

in the tuple as either “real” or “fake”, where “real” tokens are those that are in both
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the generated tuple and the gold tuple, while “fake” tokens are those that are in the

generated tuple but not in the gold tuple. Thus, the discriminator performs binary

classification of the tokens in the generated tuple. I only consider binary extractions

from single sentences.

Given a sentence-tuple pair 〈X, Y 〉, whereX = 〈w1, . . . , wn〉 and Y = 〈y1, . . . , ym〉

are sequences of tokens in the input sentence and expected tuple, respectively, I define

the generator’s conditional probability of P (Y |X) = P {Y |〈w1, . . . , wn〉} as

∏
iP {yi | 〈w1, . . . , wn〉; 〈y1, . . . , yi−1〉} , (4.1)

whereP (yi|〈w1, . . . , wn〉; 〈y1, . . . , yi−1〉) is the probability of generating the i-th word,

given the input sequence and the entire generated sequence by step i, andP (Y |X) is

the probability of generating an entire tuple Y , given the input sentence X.

Given a generated tuple, Y = 〈y1, . . . , ym〉, and the input context vector, d∗,

the discriminator seeks to label each token in Y as either “real” or “fake”. The input

context vector is weighted average of the vector representations of the input sequence.

To that end, I define the discriminator’s likelihood P (L|Y ) as

∏m
i=1[σ(v

T [yi,d
∗])(y

real
i =yi) (1− σ(vT [yi,d

∗]))(y
real
i 6=yi)] , (4.2)

where L= {0, 1} with 1 and 0 standing for “real” and “fake” tokens, respectively,

σ is the sigmoid function, yi is the vector representation of the i-th token yi in the

generated tuple, d∗ is the input context vector, v is a set of learnable parameters,

and [, ] represents the concatenation operation.
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4.3 Methodology

In this section, I define and describe the modules that I designed to solve OIE as

defined in Section 4.2. Figure 4.1 illustrates the approach that used in this research.

generator

(a) (b) (c)

discriminator

The

man

ate

a

cream

cake

<arg0>
The
man

< /arg0>
<rel>
ate

< /rel>
<arg1>

a
good
cake

< /arg1>

real
real
real
real
real
real
real
real
real
fake
real
real

Figure 4.1: The approach consists of a generator and a discriminator. The generator
produces a tuple from an input sentence. The discriminator takes the generated tuple
and predicts whether each of its tokens is either “real” or “fake”: “real” tokens are
tokens that are present in both the generated tuple and the target tuple, while “fake”
tokens are tokens that are in the generated tuple but not in the target tuple. The
generator has three components: (a) the embedding block, (b) an optional encoding
block, and (c) the decoding block.

4.3.1 Embedding

The embedding block maps text, pre-processed into a sequence of tokens, to a cor-

responding sequence of embedding vectors. In this chapter, I consider stacked layers

of BiLSTMs, a transformer encoder [Vaswani et al., 2017], pre-trained BERT [Devlin

et al., 2019], a feedback transformer encoder [Fan et al., 2020], and a pre-trained

ELECTRA model1 [Clark et al., 2020] for the embedding block. Unlike transformers

in which the representation at a given layer can only access representations from lower

layers rather than the higher level representations already available, feedback trans-
1https://huggingface.co/google/electra-small-discriminator
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formers expose all previous representations to all future representations [Fan et al.,

2020]. That is, the lowest representation at the current timestep t is formed from

the highest-level representations of the past. As such, feedback transformers have

an improved capacity to capture the sequential property of the input. Unlike the

transformer, which does not fully use the input’s sequential property, since all input

tokens are processed in parallel, feedback transformers specialise in sequential token

prediction, which is essential for tuple generation. Unlike other pre-trained language

models that are trained through MLM, such as BERT, ELECTRA is pre-trained by

detecting replaced tokens in the input sequence.

For a given sequence of input tokens, the embedding block computes a corre-

sponding sequence of embedding vectors of the same length as the input sequence.

In addition to input text, I also incorporate PoS and dependency tree tags obtained

via the Spacy library2. I separately compute embedding vectors for each PoS and

dependency tree tag, and concatenate them to the vector representation of the cor-

responding input text token. For words that are split into subwords, each subword

token is attributed the same PoS and dependency tree tag as the parent word that it

belongs to.

4.3.2 Encoding

The encoding block computes vector representations of the input sequence guided by

the structure of the dependency tree. I construct a visibility matrix of tokens in the

input sequence based on the proximity of tokens in the corresponding dependency tree.

The encoder takes a sequence of vector representations from the embedding block and

the visibility matrix as input, and gives a sequence of vector representations of the

same length as the input sequence as output. The encoding block is optional. If the

encoding block is not used, the representations from the embedding block are passed
2https://spacy.io/usage/linguistic-features
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directly to the decoding block.

To take into account the graph structure of the dependency tree when comput-

ing vector representations, I use a GAT [Veličković et al., 2018] as encoder. GATs

compute the vector representation of the current node by only attending to nodes in

its neighborhood as defined in the visibility matrix. In this case, I treat each token

in the input sequence as a node and those that it is connected to in the dependency

tree as its neighbors. Thus, the vector representation of the current node is computed

by only attending to the vector representations of the nodes in the neighborhood as

presented in the visibility matrix. For comparison, I also use a transformer encoder

that does not take into account the visibility matrix when computing vector repre-

sentations. The transformer encoder attends to all tokens in the input sequence when

computing vector representations.

4.3.3 Decoding

During decoding, I adopt pointer-generator-networks (PGNs) [See et al., 2017] and

make modifications. For example, I calculate the distribution over the entire vocabu-

lary from a weighted sum of the model’s and decoder’s context vectors, as opposed to

the concatenation of the two. When generating the next token in a fact at timestep t,

the embedding vectors of the entire generated sequence so far, 〈y1, . . . , yt−1〉, are fed

into either the BiLSTM network, a transformer, or feedback transformer to generate

contextualized decoder hidden representations.

The decoder hidden representations 〈d1, . . . , dt−1〉 are then used to calculate the

decoder context vector, d∗t , which is a weighted sum of decoder hidden representa-

tions [Bahdanau et al., 2015]:

eti = vTTanh(Whdi + battn) ,
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where v, Wh, and battn are learnable parameters, and di are decoder hidden represen-

tations. Then, et is used to calculate attention scores:

at = Softmax (et). (4.3)

The attention scores at timestep t, at, are used to calculate the decoder context vector

d∗t as weighted sum of decoder hidden representations:

d∗t =
∑t−1

i=1 a
t
idi, (4.4)

where di are decoder context vectors, and at are attention scores over decoder context

vectors at timestep t. The computed decoder context vectors capture are longer

context, 〈d1, . . . , dt−1〉, unlike in previous pieces of work where they only considered

the previously decoded token, dt−1.

Coverage mechanism. I use a coverage vector, ct, to keep track of how much

attention each token in the input text has received while generating a tuple one word

at a time. This avoids repeatedly attending to the same tokens in the input text.

The coverage vector is the sum of all attention distributions over encoder hidden

representations up to timestep t− 1:

ct =
∑t−1

t′=0
αt
′

,

where αt
′
is the attention distribution over encoder hidden representations. The

coverage vector is initialized as a zero vector, as on the first timestep, no input token

has been attended to.

Decoder-encoder attention. The decoder context vector d∗t from Eq. 4.4, the

encoder hidden representations from Section 4.3.2, and the coverage vector ct are

used to compute the model’s context vector h∗t , using attention [Bahdanau et al.,
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2015]:

eti = vTTanh(Whhi +Wdd
∗
t +Wcc

t + battn), (4.5)

where v, Wh, Wd, Wc, and battn are learnable parameters, hi are encoder hidden

representations, and ct is the coverage vector. The coverage vector is included in

this computation in Eq. 4.5 so that the attention mechanism is informed of previous

attention decisions, hence avoiding repeatedly attending to the same words in the

input text. The attention distribution over input tokens, αt, is calculated from et

using Eq. 4.3. This αt and encoder hidden states, 〈h1, . . . , hn〉, are then used to

compute the model’s context vector h∗t using Eq. 4.4.

The attention distribution αt obtained here can be interpreted as a probability

distribution over the source words, which tells the model where to look to produce

the next word.

To compute the distribution over the entire vocabulary Pvocab, unlike in the original

PGN, I first calculate a weighted average of the model’s context vector h∗t and decoder

context vector d∗t , and then feed the resulting vector into a linear layer:

Pvocab = Softmax (V [h∗t , d
∗
t ] + bvocab), (4.6)

where V and bvocab are learnable parameters, and Pvocab is the probability distribution

over all words in the vocabulary. Pvocab gives the final probability of predicting the

next word w from the vocabulary:

P (w) = Pvocab(w) .

Generation probability. The generation probability at timestep t, Pgen, is calcu-
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lated from the model’s context vector h∗t and the decoder context vector d∗t :

Pgen = δ(wT
h∗h
∗
t + wT

d∗d
∗
t + bpgen) ,

where wh∗ , wd∗ , and bpgen are learnable parameters, δ is a sigmoid function, and

Pgen ∈ [0, 1].

Pgen is used as a soft switch that allows you to choose between generating a word

from the vocabulary by sampling from from Pvocab (Eq. 4.6) and copying a word

from the input sequence by sampling from the attention distribution over the input

sequence αt. This explicitly guides the model on where to look for the next word. I

create an extended vocabulary for each batch, which is the union of the vocabulary

and all words appearing in the input sentences. As in [See et al., 2017], I obtain the

probability distribution over the extended vocabulary as follows:

P (w) = PgenPvocab + (1−Pgen)
∑

i:wi=wα
t
i. (4.7)

This allows the model to generate out-of-vocabulary (OOV) words, because if w

is an OOV word, then Pvocab is zero. Similarly, if the word is not in the input batch,

then
∑

i:wi=w α
t
i = 0.

Fig. 4.2 summarises the workflow in the generator.

4.3.4 Discriminator

Once the tuple has been generated, it is passed through the discriminator along with

the input context vector, which classifies the tokens in the tuple as either “real”

or “fake”, where “real” tokens are those that are in both the generated tuple and

the gold tuple, while “fake” tokens are those that are in the generated tuple but

not in the gold tuple. The input context vector is a weighted average of the vector

representations of the tokens in the input sequence. Thus, the discriminator performs
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Figure 4.2: The illustration of the workflow in the generator module. Since the
encoder is optional, the output of the embedder is used to compute the encoder
context vector h∗t , when it is not used. The decoder context vector d∗t is computed by
attending to the vector representations of the tokens in the entire generated tuple by
timestep t. Both the encoder and decoder context vectors are used to compute the
generation probability and the distribution over the entire vocabulary as discussed in
section 4.3.3.
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binary classification of the tokens in the generated tuple while being informed of

the input sequence via the input context vector. I consider a discriminator that is

composed of a transformer encoder and a sigmoid layer. The transformer encoder

computes vector representations of the generated tuple. The vector presentations

are then passed through the sigmoid layer for classification as “real” or “fake” as in

Eq. 4.2.

Although this approach is similar in its design to generative adversarial networks,

the generator in this approach is trained with maximum likelihood rather than ad-

versarially to fool the discriminator.

4.3.5 Training loss

During training, the model loss is the sum of the generator loss and discriminator

loss, defined as follows.

Generator loss. I use both the probability of generating the next word P (w)

(Eq. 4.7) and the coverage mechanisms to calculate the generator’s loss. The loss

at timestep t, losst, is the sum of the negative log likelihood of the target word and

the coverage loss:

lossgen = − logP (wt) + λ
∑

i min(α
t
i, c

t
i) .

The model is penalised by the coverage loss, λ
∑

i min(α
t
i, c

t
i), if it repeatedly

attends to the same locations. I believe that a specific token from the source sentence

can only appear once in a generated fact. As a result, if the final coverage vector is

greater or less than one, it is penalised.

Discriminator loss. For the discriminator, compute the negative log-likelihood of
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Eq. 4.2:

lossdisc = −
∑m

i=1[(y
real
i = yi) log(σ(w

T [yi,d
∗])) + (yreali 6= yi) log(1− σ(wT [yi,d

∗]))].

4.4 Experiments, Evaluation, and Results

In this section, I discuss the various experiments that I conducted resulting from the

different combinations of modules presented in Section 4.3. I present descriptions of

the datasets that I used and the data preparation routines involved. I also discuss the

evaluation framework that was used and finally present the results of each experiment

in terms of the F1 and AUC-PR values.

Experiments, training, and evaluation. I set up different combinations of the

NN modules in blocks discussed in Section 4.3, and each unique combination re-

sulted in a different model. Thus, I had 15 unique embedder-decoder combinations:

(1) BiLSTM - BiLSTM, (2) BiLSTM - Transformer, (3) BiLSTM - Feedback Trans-

fomer, (4) Transformer - BiLSTM, (5) Transformer - Transformer, (6) Transformer

- Feedback Transformer, (7) Feedback Transformer - BiLSTM, (8) Feedback Trans-

former - Transformer, (9) Feedback Transformer - Feedback Transfomer, (10) BERT

- BiLSTM, (11) BERT - Transformer, (12) BERT - Feedback Transfomer (13) ELEC-

TRA - BiLSTM, (14) ELECTRA - Transformer, (15) ELECTRA - Feedback Trans-

fomer. I present results for each of these combinations.

I run experiments for all 15 models in six experimental setups: (a) default setup

with embedders and decoders only; (b) +discriminator, where I add a discriminator

to the default setup; (c) + transformer encoder, where I add a transformer-based

encoder to the default setup; (d) +GNN encoder, where I add a GNN-based encoder

to the default setup; (e) + transformer encoder+ discriminator, where I add both a

transformer-based encoder and discriminator to the default setup; and (f) +GNN
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encoder+ discriminator, where I add both a GNN-based encoder and discriminator

to the default setup.

For the models with BERT and ELECTRA embedders, I used pre-

trained3 bert-base-uncased and electra-small-discriminator versions, respectively.

Due to resource constraints4, the parameters of the pretrained models were frozen.

All configurations for different module combinations are in Appendix B.3.

All models were trained by minimizing the loss defined in Section 4.3.5. During

training, I define a teacher-forcing ratio and randomly choose whether to use teacher

forcing or not depending on the value of the randomly generated number compared

to the teacher-forcing ratio. The confidence of the extracted fact was calculated by

multiplying the probabilities of all tokens in the fact. The checkpoints that were saved

after each epoch were then evaluated on the test partition of each dataset using the

CaRB [Bhardwaj et al., 2019] evaluation framework. The saved checkpoints did not

include the discriminator, as the discriminator was only being used during training.

Datasets. The models were trained and evaluated on three benchmark datasets:

OIE2016 [Stanovsky and Dagan, 2016], CaRB [Bhardwaj et al., 2019], and LSOIE

[Solawetz and Larson, 2021]. OIE2016 has a total of 5,078 training samples; it is small,

which makes it hard to train models that generalize to unseen problem instances.

For training purposes, OIE2016 was augmented with samples from another dataset

created by [Cui et al., 2018]. This resulted in a huge dataset of more than 36M training

samples. This augmented dataset was then trimmed to 1.7M training samples using

pre-processing steps presented in Chapter 3, Section 3.4. LSOIE is constructed from

the QA-SRL BANK 2.0 [FitzGerald et al., 2018] and contains over 70K sentences and

over 150K extraction tuples. CaRB is an improved dataset compared to OIE2016

and is crowdsourced. It was annotated by NLP experts, and it is more accurate

than OIE2016 [Bhardwaj et al., 2019]. In addition to binary and explicit extractions,
3https://huggingface.co/google/electra-small-discriminator
4The models were trained on one GeForce GTX TITAN XP GPU.
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CaRB also comes with implicit as well as n-ary extractions. The n-ary extractions

were truncated to bear some resemblance to the binary extractions that I considered

in this work. For example, in the sentence “A year later, he was appointed Attorney-

General for Ireland and on this occasion was sworn of the Privy Council of Ireland”,

we have the subject “he”, relation “was appointed”, and objects “Attorney-General”,

“for Ireland”, and “A year later”. From this, I formulate the truncated tuple 〈he, was

appointed, Attorney-General for Ireland a year later〉.

In each extraction, I introduced special tokens to mark the beginning and end of

either subject, relation, or object. “〈arg0〉” and “〈/arg0〉” were used to indicate the

start and end of a subject span, respectively, while “〈rel〉” and “〈/rel〉” were used to

indicate the start and end of a relation span, respectively, and “〈arg1〉” and “〈/arg1〉”

were used to indicate the start and end of an object span, respectively.

In addition to the original versions of the CaRB, OIE2016, and LSOIE datasets,

I also generate paraphrased versions, which I use to train our models. I only para-

phrase the training sets of the datasets and keep the test sets. I use Parrot5 to

paraphrase samples. Parrot generates paraphrased versions that are adequate and

fluent while being as different as possible from the original versions on the surface

lexical form. I paraphrased the datasets, so that I get more and diverse data for

training our models. Furthermore, as paraphrased samples convey the same meaning

as the original samples but with a different lexical form, models trained on this data

have a better ability to capture implicit relations.

Results. In Table 4.1, I evaluate our models on CaRB under the experimental setups

described in the experiments subsection. It can be noted that in each experimental

setup, the model resulting from the combination of an ELECTRA embedder and

a feedback transformer decoder outperforms other combinations. The best model

on CaRB has an ELECTRA embedder, GNN encoder, feedback transformer, and a
5https://github.com/PrithivirajDamodaran/Parrot_Paraphraser
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discriminator. This model achieves an F1 value of 0.747 and an AUC-PR value of

0.740.

Based on the results in Appendix B.1, it can also be noted that the best model

on CaRB also achieves the best results on OIE2016. The model achieves an F1 value

of 0.619 and an AUC-PR value of 0.639. Furthermore, the best model achieves an

F1 value of 0.517 and an AUC-PR value of 0.525 on LSOIE. The detailed results

and analyses of similar experiments on OIE2016 and LSOIE are in Appendices B.1

and B.2, respectively. Note that I cannot directly compare our results to the previous

works by Zhan and Zhao [2020] and Solawetz and Larson [2021] on OIE2016 and

LSOIE, respectively, as they use different evaluations. Solawetz and Larson [2021]

report the best F1 and AUC-PR values on LSOIE of only 0.380 and 0.220, respectively.

Results on augmented datasets. On paraphrased and mixed versions of CaRB,

I trained the best model from Table 4.1. When training the model on the mixed

dataset, each batch was comprised of equal parts of paraphrased and original versions.

Following training, the model was tested on the CaRB dataset’s original test set.

When trained on the paraphrased dataset, the model performs poorly. However,

when trained on the mixed dataset, the model outperforms when trained on the

original dataset alone. The results are shown in Table 4.2.

Comparison to other systems. In Table 4.3, I compare the best-performing model

in this work to earlier OIE systems on CaRB. The results of other systems are directly

quoted from earlier publications that use the same experimental parameters and can

be directly compared with them. Under the same conditions, I compare the top per-

forming model in this work to the findings provided by Kolluru et al. [2020] (IMoJIE).

According to this comparison, the top performing model in this work outperforms the

SOTA model, IMoJIE, by 39.63% in F1 value on CaRB.
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BiLSTM Transformer FB Transformer BERT ELECTRA
F1 AUC-PRF1 AUC-PRF1 AUC-PR F1 AUC-PRF1 AUC-

PR

(a)
BiLSTM 0.395 0.410 0.442 0.423 0.453 0.477 0.433 0.434 0.445 0.444

Transformer 0.438 0.389 0.508 0.475 0.599 0.549 0.567 0.553 0.685 0.670
FB Transformer0.504 0.400 0.620 0.602 0.706 0.672 0.701 0.673 0.717 0.691

(b)
BiLSTM 0.452 0.420 0.463 0.435 0.474 0.457 0.460 0.458 0.456 0.463

Transformer 0.632 0.399 0.661 0.482 0.680 0.552 0.675 0.569 0.700 0.696
FB Transformer0.541 0.404 0.692 0.676 0.711 0.700 0.710 0.699 0.726 0.719

(c)
BiLSTM 0.410 0.415 0.451 0.435 0.466 0.457 0.467 0.459 0.478 0.463

Transformer 0.648 0.401 0.669 0.484 0.683 0.562 0.687 0.565 0.699 0.651
FB Transformer0.516 0.419 0.701 0.682 0.718 0.685 0.723 0.690 0.728 0.704

(d)
BiLSTM 0.418 0.432 0.465 0.445 0.476 0.469 0.469 0.464 0.468 0.466

Transformer 0.656 0.412 0.684 0.498 0.703 0.572 0.699 0.568 0.709 0.693
FB Transformer0.527 0.423 0.714 0.699 0.728 0.695 0.731 0.698 0.739 0.714

(e)
BiLSTM 0.471 0.439 0.483 0.455 0.485 0.468 0.488 0.480 0.475 0.482

Transformer 0.457 0.417 0.528 0.482 0.610 0.563 0.614 0.589 0.719 0.715
FB Transformer0.560 0.423 0.640 0.622 0.722 0.711 0.737 0.715 0.745 0.738

(f)
BiLSTM 0.473 0.441 0.484 0.456 0.495 0.478 0.489 0.481 0.477 0.484

Transformer 0.459 0.419 0.529 0.483 0.620 0.573 0.615 0.590 0.721 0.717
FB Transformer0.562 0.425 0.641 0.623 0.732 0.721 0.738 0.716 0.747 0.740

Table 4.1: Results from different module combinations on the CaRB dataset. FB
Transformer stands for Feedback Transformer. The columns and rows represent
embedders and decoders , respectively. We run each module combination across
all the experimental setups, (a) to (f), where (a) default setup, (b) + discriminator
setup, (c) + transformer encoder setup, (d) + GNN encoder setup, (e) + transformer
encoder + discriminator setup, and (f) + GNN encoder + discriminator setup. The
results in bold indicate the best performance in each setup.

4.5 Results Analysis and Ablation Studies

In this section, I will go over the findings reported in Section 4.4. In Section 4.4, I

also offer a detailed examination of the contributions of each experimental configura-

tion. In this section, I solely give the analysis of the results from the CaRB dataset.

Appendices B.1 and B.2 contain analyses of the results for OIE2016 and LSOEIE,

respectively.

Performance across experimental setups. I took into account six experimental

configurations, which I defined in Section 4.4. Table 4.5 presents the average perfor-

mance of all models in each setup on CaRB based on the results presented in Table 4.1.
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Dataset F1 AUC-PR
Para-phrased 0.509 0.524

Original 0.747 0.740
Mixed 0.753 0.751

Table 4.2: Performance of the best model from Table 4.1, (ELECTRA+GNN encoder
+ discriminator), when trained on paraphrased, original, and mixed versions of CaRB.

System Metric
F1 AUC-PR

Stanford-IE 0.230 0.134
OLLIE 0.411 0.225

OpenIE-4 0.516 0.295
OpenIE-5 0.485 0.257
ClausIE 0.451 0.224

CopyAttention 0.354 0.204
IMoJIE 0.535 0.333

Our best model 0.747 0.740

Table 4.3: How the best performing model compares to other systems on the CaRB
dataset and evaluation framework. The results of previous systems are directly quoted
from [Kolluru et al., 2020], because they share the same experimental settings and
can be directly compared. Results in bold indicate the best performance.

From the analysis, it can be noted that each experimental setup introduced consider-

able improvement in performance compared to the control experimental setup, default.

The setup with the GNN encoder only, + GNN encoder, achieves the best average

performance in F1. It improves on the default setup with 11.69%. The setup with

both the GNN encoder and discriminator, + GNN encoder + discriminator, achieves

the best average performance in AUC-PR. It improves on the default setup with

6.53%. Furthermore, I note that models in the + GNN encoder setup perform better

than models in the + transformer encoder setup with 1.56% and 2.19% improvements

in average F1 and AUC-PR values, respectively. To that end, I see that the GNN

encoder that computes embeddings of the input sequence based on the structure of

the dependency tree performs better than the transformer encoder, which does not

take into account the structure of the dependency tree when computing embeddings.
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Additionally, the best performance is achieved when the GNN encoder is used jointly

with the discriminator.

Taking syntactic information into account when computing embeddings not only

improves model performance but also improves extraction in some cases. For example,

given a sentence »The twins who came are identical but are uniquely mannered.«, the

best model with the transformer encoder, which does not consider the topology of the

dependency tree, yields 〈who, are, uniquely mannered〉, whereas the extraction with

the GNN encoder, which does consider the topology of the dependency tree, yields

〈The twins, are, uniquely mannered〉. This example shows that syntax can be useful

in OIE. Thus, I conclude that taking into account the dependency tree’s structure

when computing embeddings and the discriminative training approach are the main

cause of the high boost in the performance of the models presented in this work. This

is consistently shown on all three benchmark datasets.

Performance of modules. In addition, I investigated the average performance of

the modules in the embedder and decoder blocks. Table 4.6 summarises the anal-

ysis based on Table 4.1 results. In terms of F1 and AUC-PR, models employing a

pretrained ELECTRA model get the best average values of 0.653 and 0.625, respec-

tively. Furthermore, models using the feedback transformer decoder attain the best

average values in F1 and AUC-PR, with values of 0.676 and 0.636, respectively. It

is self-evident that the feedback transformer performs admirably, and this is largely

owing to its ability to capture the input’s sequential property, which is critical for

tuple generation. However, the other components that are introduced in this chapter

boost performance significantly as well. For instance, in F1, the +GNN encoder setup

achieves the best average performance by 11.69% over the default setup. In AUC-PR,

the + GNN encoder + discriminator setup achieves the best average performance by

6.53% over the default setup.

Token repetition. In this work, the core tools that control the repetition of tokens
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Model S ∩ T Repetition in T

-(coverage mechanism + gen prob) 89% 36%
+(coverage mechanism + gen prob) 65% 13%

Table 4.4: Results of the best model’s ability to introduce new words from the vocab-
ulary into the generated tuple, and to avoid generating repetitive tokens on CaRB.
-(coverage mechanism + gen prob) is the best model without both generation probabil-
ity and coverage mechanisms and +(coverage mechanism + gen prob) is the opposite.

during decoding are the generation probability and coverage mechanisms that I have

defined in Section 4.3.3. As such, to check whether these tools are effective, I run the

best model in this work with and without the tools and then compute the average

percentage of repetitive tokens and the model’s ability to introduce new words from

the vocabulary. When the best model is run on 50 samples from the test partition

with and without both generation probability and coverage mechanisms. I compute

the number of tokens that are both in the source sentence S and the generated

tuple T , S ∩ T , in both settings to measure the model’s ability to introduce words

from the vocabulary. Similarly, I also compute a percentage of repetitive tokens

in T . Table 4.4 summarises the results. From Table 4.4, it can be noted that the

percentage of tokens in |S ∩ T | drops by 24% when using both generation probability

and coverage mechanisms. This implies that the model copies fewer tokens from

the source sentence, and introduces more tokens from the vocabulary, hence the

improved ability to generate implicit facts. Furthermore, the repetitive tokens reduce

by 23%. To that end, the results confirm that both generation probability and coverage

mechanisms are effective in controlling repetitive tokens, and improving the models’

ability to generate implicit facts. This is the first work to look into redundancy at

fact level. Sun et al. [2018] and Kolluru et al. [2020] look into redundant information

as an issue of generating the same facts multiple times.

Significance of various experimental setups. In addition to the preceding dis-

cussion, I investigate whether the improvements brought about by each experimental
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configuration in Table 4.1 are substantial rather than a random occurrence. For this,

I perform a paired t-test on each new experimental configuration and the default

setup, taking into account all paired F1 and AUC-PR values.

First, the paired t-test produced p values smaller than .05, p < .05, in both F1 and

AUC-PR when the + transformer encoder setup was compared to the default setup.

This suggests that the default setup has a less than 5% chance of outperforming the

+ transformer encoder setup. Second, when the + discriminator and + transformer

encoder + discriminator setups are individually matched with the default setup, both

F1 and AUC-PR have p values of less than .03, p < .03. This suggests that the default

setup has a less than 3% chance of outperforming either the + discriminator setup or

the + transformer encoder + discriminator setup. Finally, when the + GNN encoder

and + GNN encoder + discriminator setups are individually paired with the default

setup, both F1 and AUC-PR produce p values of less than .01, p < .01. This means

that the default setup has less than a 1% chance of outperforming either the + GNN

encoder or + GNN encoder + discriminator setup.

Based on the above considerations, each experimental setup significantly im-

proved the default setup in terms of F1 and AUC-PR compared to the default setup.

Additionally, the + GNN encoder setup outperforms the + transformer encoder

setup. The + GNN encoder setup generates syntactically richer embeddings than

the + transformer encoder setup. Furthermore, the + GNN encoder + discrimi-

nator setup produces the best results, which can be attributed to the formulation

for computing embeddings based on the dependency tree’s structure as well as the

discriminative training technique. Finally, these patterns may be seen in the results

shown in Tables B.1 and B.6, which were derived from the OIE2016 and LSOIE

datasets, respectively. These advancements were not coincidental.
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Experimental Setup Avg. F1 Avg. AUC-PR
Default 0.548 0.522

+ Transformer Encoder 0.603 0.538
+ Discriminator 0.602 0.542
+ GNN Encoder 0.612 0.550

+ Transformer Encoder + Discriminator 0.582 0.553
+ GNN Encoder + Discriminator 0.585 0.556

Table 4.5: Average performance of all models under different experimental setups on
CaRB. Default represents the setup where all models are comprised of just embedders
and decoders.

Module Avg. F1 Avg. AUC-PR

(1)

BiLSTM 0.506 0.416
Transformer 0.576 0.525

BERT 0.612 0.578
Feedback Transformer 0.615 0.574

ELECTRA 0.635 0.625

(2)
BiLSTM 0.462 0.452

Transformer 0.629 0.543
Feedback Transformer 0.676 0.636

Table 4.6: Average performance different modules in different blocks for all experi-
ments on CaRB. (1) for the embedders, and (2) for the decoders. The best average
performance for each block is shown in bold.

4.6 Related Work

In the recent past, neural OIE models have been developed, and they tackle OIE

as either sequence labeling or sequence generation. The former [Stanovsky et al.,

2018, Roy et al., 2019, Jiang et al., 2019, Zhan and Zhao, 2020] involves tagging

each word in the input text with an appropriate tag that indicates whether the word

belongs to either the subject, relation, or object. Methods that approach OIE as

sequence generation generate facts one word at a time. These include CopyAttention

[Cui et al., 2018], Logician [Sun et al., 2018], and IMoJIE [Kolluru et al., 2020].

CopyAttention is an encoder-decoder model enhanced with copying and attention

mechanisms. Logician is another encoder-decoder model that uses coverage attention

and gated-dependancy attention to extract facts from Chinese text. IMoJIE outputs
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a variable number of different facts per sentence. The next fact from a sentence is best

determined in context of all other facts extracted from it so far. Hence, IMoJIE uses

a decoding strategy that generates facts in a sequential fashion, one after another,

each one being aware of all the ones generated prior to it.

The work presented in this chapter substantially differs from previous OIE works.

Firstly, this is the first piece of work to compute embeddings of the input sequences

based on the structure of the corresponding dependency trees. This is done by first

forming a visibility matrix based on which words are directly related in the depen-

dency tree. Then, a GNN encoder computes syntactically rich embeddings of the

input sequences controlled by the formed visibility matrices. This formulation is dif-

ferent from previous approaches where the embeddings of PoS and dependency tags

are just concatenated to the embeddings of the according text tokens at embedding

level. Secondly, in contrast to all previous works, this work uses an additional module

that classifies tokens in the generated tuple as either “real” or “fake” during training.

Thirdly, unlike previous neural approaches that tackle OIE as sequence generation,

I consider the entire generated sequence by timestep t, 〈y1, . . . , yt−1〉, to compute a

decoder context vector, as discussed in Eqs. 4.3–4.4 in Section 4.3.3. Additionally,

Sun et al. (2018) and Kolluru et al. (2020) consider redundant information as the

issue of generating the same facts multiple times, while I consider redundancy at to-

ken level in generated facts. Furthermore, Cui et al. (2018) and Sun et al. (2018) are

restrictive in how the models “pick” words when generating facts, which restrains the

models’ flexibility in generating facts. Cui et al. (2018) only limit the sample space

only to the source sentence, and Sun et al. (2018) only consider the source sentence

and keywords, while I consider the source sentence and the entire vocabulary.
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4.7 Discussion

This work has shown that computing syntactically rich embeddings of text based on

the structure of dependency trees significantly improves the performance of neural

OIE models. Furthermore, the new method for training OIE models that includes an

additional module, the discriminator, which classifies tokens in the generated tuple

as either “real” or “fake”, boosts the performance of neural OIE models. Addition-

ally, I show that explicitly computing the generation probability and the use coverage

mechanisms substantially improve the models’ ability to introduce new words into

generated facts and reduce repetitive tokens in generated facts. Finally, I have pre-

sented paraphrased versions of OIE2016, CaRB, and LSOIE, and have shown that

the models’ performance substantially improves when trained on augmented datasets.

The best performing model uses both the discriminator and semantically rich embed-

dings computed by a GNN encoder, and beats the SOTA of IMoJIE on the latest

CaRB benchmark dataset. The best model improves the F1 score of IMoJIE with

39.63%. This model also presents competitive results on other benchmark datasets:

OIE2016 and LSOIE.
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Chapter 5

Knowledge-Enhanced Open

Information Extraction

In this chapter, I build on earlier accomplishments in integrating knowledge from KGs

into PLMs to develop a framework for incorporating real-world knowledge into OIE

models.

5.1 Introduction

Many recent studies have studied ways on how to incorporate knowledge held in KGs

into PLMs, and they have proven to improve PLMs’ knowledge content, particularly

factual knowledge [Baldini Soares et al., 2019, Zhang et al., 2019, Peters et al., 2019,

Logan et al., 2019, Wang et al., 2021]. In most neural OIE techniques, PLMs are

the foundational building block that computes contextualised vector representations

for input words [Kolluru et al., 2020]. However, no research has been conducted to

investigate if enhancing the knowledge content of the base building blocks would im-

prove the performance of neural OIE techniques. This is the first study to investigate

how to increase the performance of neural OIE techniques using background knowl-

edge from KGs. To that end, I develop a knowledge-enhanced OIE framework for
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both sequence labelling and sequence generation OIE techniques, building on recent

advances in incorporating information in PLMs.

Among the ways to incorporate knowledge into PLMs, Zhang et al. [2019] create

ERNIE which pre-trains a language representation model on both textual corpora

and KGs. They detect entity mentions in text and match them to entities in the full

KG. Knowledge embedding algorithms are utilised to generate the embeddings of the

respective KG entities, which are subsequently fed into ERNIE. ERNIE integrates

entity representations in the knowledge module into the underlying layers of the

semantic module based on alignments between text and KGs. Peters et al. [2019]

investigate a similar approach with ERNIE and create KnowBert, which includes

an integrated entity linker in their model and employs end-to-end training. The

entity linker performs entity disambiguation for each potential mention among the

candidates. ERNIE and KnowBert both focus solely on entity references and ignore

relations.

Logan et al. [2019] observe that language models are only capable of remembering

facts that they have seen during training, and these facts are frequently difficult

to remember. To solve this, they create a knowledge graph language model that

includes methods for detecting and copying information from a knowledge graph

that are relevant to the given context. This method enables the model to render

previously unseen information as well as construct out-of-vocabulary tokens. Hayashi

et al. [2020] present a latent relation language model that uses knowledge graph

relations to parameterize the joint distribution of words in a document and the entities

that occur in them. This method enhances the models’ ability to learn to predict

relevant relationships in a given situation. Both Logan et al. [2019] and Hayashi

et al. [2020] train superior generation models using relations between entities within

a single sentence.

Wang et al. [2021] propose a unified model, KEPLER, for knowledge embed-
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ding and pre-trained language representation that incorporates factual knowledge

into PLMs and computes effective text-enhanced knowledge embeddings using PLMs.

Their method computes entity embeddings from textual descriptions of entities and

then jointly optimises the knowledge embedding and language modelling objectives.

Their method enhances PLMs’ ability to capture factual knowledge.

Previous attempts to incorporate factual knowledge into PLMs have proven to

improve PLMs’ performance on a variety of NLP tasks, particularly knowledge-driven

tasks like entity typing and relation classification [Baldini Soares et al., 2019, Zhang

et al., 2019, Peters et al., 2019, Wang et al., 2021]. In the case of KEPLER, this

is due to the fact that incorporating knowledge into PLMs improves their ability to

extract knowledge from text by requiring the model to encode entities from their

corresponding descriptions. This property could also be very useful to OIE, as OIE

focuses on extracting knowledge from natural text in the form of triples. In this

research, I extend KEPLER, which computes entity representations based on textual

descriptions, allowing OIE models to develop more context-aware and knowledgeable

embeddings, and propose a knowledge-enhanced framework for OIE.

The main contributions of this chapter include:

• First and foremost, this is the first effort to create a knowledge-enhanced OIE

framework based on recent advances in integrating world knowledge from KGs

into PLMs. Using this paradigm, I show how world knowledge in PLMs im-

proves the performance of neural OIE models.

• Second, I demonstrate that the KEPLER approach works for PLMs that were

not trained using MLM. ELECTRA, which is pre-trained by detecting replaced

tokens in the input sequence, was trained by adding a module that predicts

masked out tokens. The cross-entropy loss for all masked out positions is used

to calculate the MLM loss. ELECTRA was able to gain some world knowledge

as a result of this, as well as the supervision from the KG via KE loss.
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5.2 My Approach

In this section, I detail the approach that I took to include factual knowledge into

PLMs, as well as the knowledge-enhanced framework for OIE. Sections 5.2.1 and

5.2.2 describe how I jointly train KE and MLM objectives on PLMs and explore the

knowledge-enhanced OIE framework, respectively.

5.2.1 Fact-aware language representation

I now present the method that I employed to incorporate factual knowledge into lin-

guistic representations. I focus on PLMs that are based on Transformers [Wolf et al.,

2020]. As shown in Figure 5.1, I train KE and MLM objectives on the same PLM.

Knowledge representation. I depend on current methodologies for adding factual

knowledge into PLMs in this study. I expand on the work of Wang et al. [2021] in a

unique approach. I rely on KGs for factual information.

A KG is a graph in which entities are represented as nodes, and relations as edges.

As such, a fact in a KG is represented as a triple: 〈h, r, t〉, where r is the relation, and

h and t are head and tail entities, respectively. For each fact in the KG, I retrieve the

textual descriptions for h, r, and t using Desc(h), Desc(r), and Desc(t), respectively.

To compute contextualized representations for the textual descriptions for the en-

tities and relations, I use PLMs1. Specifically, I consider BERT [Devlin et al., 2019],

ALBERT [Lan et al., 2020], and ELECTRA [Clark et al., 2020] for encoding purposes,

because these are the PLMs that are used in the OIE models presented in Chapters 3

and 4. Each encoder takes textual descriptions, pre-processed into a sequence of n

tokens, 〈x1, x2, . . . , xn〉 as input and computes corresponding contextualized represen-

tations, H ∈ Rn×d, where n is the length of the input sequence, and d is the dimension

of each representation.
1https://huggingface.co/docs/transformers/index
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I extract the embeddings of the first token from the contextualised vector repre-

sentations of the textual descriptions of the head entity, relation, and tail entity, and

use these as embeddings for the actual head entity, relation, and tail entity, respec-

tively. In computing contextualised vector representations, each token is informed of

all the other tokens in the sequence, and hence I believe that the embeddings of the

first tokens have enough information about the rest of the textual descriptions. I then

adopt the translational property [Bordes et al., 2013] for our KE scoring function:

dr(h, t) =|| h+ r− t ||p ,

where I take the norm p as 1, and h, r, and t are vector representations for the head

entity, relation, and tail entity, respectively. The KE loss, LKE, is calculated as:

LKE = − log σ(γ − dr(h, t))−
1

n

∑n

i=1
log σ(dr(h

′

i, t
′

i)− γ) ,

where (h
′
, r, t

′
) are negative samples, γ is the margin for margin-based ranking cri-

terion, σ is the sigmoid function, and dr is the translational property defined above.

For a given training batch, I construct negative samples by replacing either the head

or tail replaced by a random entity. The KE loss favors higher values of energy for

the corrupted samples.

Language representation. For language modelling, I adopt the MLM approach

which is used to pre-train most of the language models [Devlin et al., 2019, Lan et al.,

2020]. In this training approach, I mask out 15% of tokens in the input sequence and

force the model to predict the masked out tokens. For each masked out position, say i,

the model computes its corresponding contextualised vector representation, Hi, which

is used to predict the token that has been masked out from the entire vocabulary.

Unlike other pre-trained language models that are trained through MLM, such as

BERT and ALBERT, ELECTRA is pre-trained by detecting replaced tokens in the
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input sequence. As such, to fit this into the MLM approach, I add an additional

module that takes contextualised vector representations computed by the ELECTRA

Model and uses them to predict tokens at masked out positions. Finally, the language

modelling loss, LMLM, is calculated as the cross-entropy loss for all the masked out

positions.

Joint training loss. During training, I jointly minimize KE and MLM losses:

Loss = LKE + LPLM.

This enables the incorporation of external knowledge from KGs into PLMs. Each

training batch, consists of one half of original facts, and another half of corrupted

samples. The textual descriptions for the entities and relations in the original facts

were used as the input samples for the MLM Encoder.

5.2.2 Knowledge-enhanced open information extraction

framework

After training PLMs using the approach discussed in Section 5.2.1, I use the MLM

encoder from Figure 5.1 to develop a knowledge-enhanced OIE framework. To develop

this framework, I re-visit the approaches developed in Chapters 3 and 4.

Framework for sequence labelling approaches. Sequence labelling OIE ap-

proaches use BIO tags [Ratinov and Roth, 2009] to label each token in the input text.

Each element of a tuple is implicitly extracted by labeling the according sequence

of words with a Beginning-tag followed by an arbitrary number of Inside-tags, and

words that are not part of any extracted phrase are marked with the Outside-tag.

Tags are prefixed with A0 if they refer to a tuple’s subject, P for the predicate, and

A1 to refer to the object of the extracted triple.

In Chapter 3, I present neural models that solve OIE in this manner. Each model
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Knowledge Graph Text

〈h, r, t〉

Desc(h) Desc(r) Desc(t)

Encoder Encoder Encoder MLM Encoder

KE Loss + MLM Loss

Figure 5.1: The approach for adding factual knowledge to PLMs. I encode entity
and relation descriptions as entity and relation embeddings, respectively. I jointly
train KE and MLM objectives on the same PLM highlighted in the red dotted rect-
angle. The encoders, highlighted in the red dotted rectangle, are the components
that are shared. 〈h, r, t〉 represents facts from KG, where h and t are entities, and r
is the relation. Desc(h), Desc(r), and Desc(t) retrieve descriptions for head entity,
relation, and tail entity, respectively.

has three NN blocks: embedding, encoding, and predictor. The embedding block

maps text to embedding vectors. The encoding is the middle and optional block of

the models that further encodes the embedding vectors. Lastly, the predictor takes

the embedding vectors from the encoder and predicts an appropriate BIO-tag for each

vector.

To incorporate factual knowledge into sequence labelling approaches, I replace the

NN modules in the embedding block with the MLM Encoder from Section 5.2.1. This

allows the framework to generate embeddings of the input text using factual-aware

embedders. The framework is illustrated in Figure 5.2.

Framework for sequence generation approaches. Sequence generation OIE

approaches, given an input sentence, generate tuples one word at a time. In Chap-
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EmbedderOriginal PLM Fact-aware PLM

Encoder

Predictor

John ate a cream cake .

A0-B P-B A1-B A1-I A1-I O

Figure 5.2: The framework for adding factual knowledge to sequence labelling ap-
proaches to OIE that are in presented in Chapter 3. I replace the original pre-trained
PLM in the embedding block of neural OIE models with a corresponding PLM trained
using the approach in Figure 5.1.

ter 4, I present models that solve OIE in this manner. The models have four main

blocks: embedding, encoding, decoding, and discriminator blocks. To incorporate

factual knowledge into sequence generation approaches, I replace the NN modules in

the embedding block with the MLM Encoder from Section 5.2.1. The framework is

illustrated in Figure 5.3.

5.3 Experiments, Evaluation, Results, and Analysis

In this section, I discuss the experiments that I conducted to incorporate factual

knowledge into PLMs. I also discuss the experiments that were carried out to show

the effectiveness of the knowledge-enhanced OIE framework. Additionally, I describe

the datasets that were used.

Experiments, training, datasets, and evaluation. The first goal of the exper-

iments in this study is to incorporate factual knowledge into PLMs. To be able to

establish that this goal is achieved, I need to evaluate the factual knowledge content of

the PLM before, and after training them using the approach defined in Section 5.2.1.
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Figure 5.3: The framework for adding factual knowledge to sequence generation OIE
approaches that are in presented in Chapter 4. I replace the original pre-trained PLM
in the embedding block of the developed neural OIE models with a corresponding
PLM trained using the approach in Figure 5.1.

In this work, I consider the base versions2 of BERT, ALBERT, and ELECTRA

language models as baselines. I evaluate the factual content of these baselines us-

ing the LAMA dataset [Petroni et al., 2019]. The LAMA dataset is composed of

knowledge from various sources that is expressed as facts. These facts are either

subject-relation-object triples, or question-answer pairs. In this case, I only focus on

the Google-RE3 part of the LAMA dataset. The Google-RE contains 60K facts that

are manually extracted from Wikipedia, and contains five relation types. Specifically,

in this work, I only consider two types of relations, namely, “place of birth” and “date

of birth”, and probe the selected models for this knowledge.

To probe the selected PLMs for “place of birth” or “date of birth” knowledge, each

example in the LAMA dataset has the place of birth or date of birth masked out,

respectively. Then, the language model is tasked to make the top-k predictions for

the masked out tokens. Unlike BERT and ALBERT, ELECTRA is pre-trained by
2https://huggingface.co/docs/transformers/index
3https://code.google.com/archive/p/relation-extraction-corpus/
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detecting replaced tokens in the input sequence. As such, to fit this into this approach,

I add an additional module that takes contextualised vector representations computed

by the ELECTRA model and uses them to predict tokens at masked out positions.

For the top-k predictions, I calculate the weighted hit-rate @k, and take an average

of these values for all the samples. The overall average weighted hit-rate @k, Avg.

WHR@K, is computed as:

Avg. WHR@k =
1

n

n∑
i=1

∑k
j=1 cj ×Wj∑k

j=1 cj
,

where n is the number of samples, k is the number of top predictions being made at

that instant, cj ∈ {0, 1}, where 1 indicates that prediction is correct and 0 for wrong

predictions, and Wj is the model’s confidence on the prediction. Low values of the

Avg. WHR@K imply that the model either gets few answers correct, and with low

confidence, while high values indicate the model is getting most answers correct with

improved confidence.

After establishing the amount of factual knowledge that is housed in the selected

PLMs, I train the PLMs using the approach discussed in Section 5.2.1. For this train-

ing, I use the Wikidata5M dataset [Wang et al., 2021]. Wikidata5m is a large-scale

KG dataset in which facts from Wikidata [Vrandečić and Krötzsch, 2014] are aligned

with textual descriptions from correspond Wikipedia pages. The training approach

for incorporating factual knowledge into PLMs requires some negative samples, espe-

cially for the KE as discussed in Section 5.2.1. To allow for this, each training batch

is comprised of half original samples, and another half of corrupted samples. I cor-

rupt samples by swapping head and tail entities. After training, I extract the MLM

encoder and analyse it for the factual knowledge content by computing the overall

average weighted hit-rate@k as before. All the results are presented in Table 5.1.

Knowledge-enhanced framework for open information extraction. As dis-
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cussed in Section 5.2.2, to incorporate factual knowledge into OIE models that are

developed in Chapters 3 and 4, I use the fact-aware MLM Encoder in the embedding

block of the developed models. I do not run all the experiments again, I only con-

sider the best models from the two Chapters and replace their embedders with MLM

encoders.

For sequence labelling approaches in Chapter 3, the best performing model had

an ALBERT embedder, transformer encoder, and an LSTM predictor. The best

performance was reached when only optimizing the first and last tokens of the subject,

predicate, and object (training scheme d). To assess whether factual knowledge would

improve the performance of this model, I replace the original ALBERT embedder with

the fact-aware ALBERT MLM encoder. I report the results in Table 5.3

For sequence generation approaches in Chapter 4, the best performing model had

an ELECTRA embedder, GAT encoder, feedback transformer decoder and a discrim-

inator. I replace the original ELECTRA embedder with the fact-aware ELECTRA

encoder, and I report the results in Table 5.2.

Results. Table 5.1 summarises the findings regarding the incorporation of factual

knowledge into PLMs. These findings are the outcome of testing the models both

before and after integrating factual knowledge into them. First and foremost, I find

that when tasked with predicting the date of birth in both scenarios, the models have

low values. Progressing from k = 1 to k = 5, it can be noted that the values become

increasingly lower. Because there is only one valid date of birth, this phenomenon

makes sense. However, the models make predictions with a low level of confidence.

Another significant finding is that models perform better at predicting locations than

they do at guessing dates of birth. Advancing from k = 1 to k = 5, it can be noted

that the values alter slightly. This is due to the models’ ability to include synonyms

in the top-k predictions. It is worth noting, however, that models struggle with multi-

word geographical names. Overall, it can be seen that adding factual knowledge to
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Avg WHR@1Avg WHR@2Avg WHR@3Avg WHR@4Avg WHR@5
Date of Birth

(a)

bert-base-uncased 0.033 0.032 0.030 0.031 0.030
albert-base-v2 0.034 0.035 0.031 0.031 0.031

electra-small-gen 0.011 0.012 0.011 0.011 0.011
Place of Birth

bert-base-uncased 0.398 0.364 0.347 0.338 0.331
albert-base-v2 0.389 0.373 0.362 0.347 0.333

electra-small-gen 0.282 0.249 0.231 0.219 0.210

Date of Birth

(b)

bert-base-uncased 0.036 0.034 0.034 0.033 0.032
albert-base-v2 0.034 0.036 0.033 0.034 0.032

electra-small-gen 0.014 0.014 0.013 0.013 0.014
Place of Birth

bert-base-uncased 0.439 0.383 0.372 0.371 0.365
albert-base-v2 0.400 0.384 0.380 0.354 0.353

electra-small-gen 0.318 0.323 0.301 0.297 0.248

Table 5.1: (a) and (b) present results from evaluating the indicated PLMs on the
LAMA dataset before and after incorporating factual knowledge into the PLMs, re-
spectively. The results in bold indicate the best performance.

the models improves their performance.

I then employ the best performing sequence labelling and sequence generation

models from Chapters 3 and 4, respectively, to evaluate the effectiveness of the knowl-

edge augmented OIE architecture. The best OIE model for sequence generation was

made up of an ELECTRA embedder, a GAT encoder, a feedback transformer de-

coder, and a discriminator. This model is run with both the original ELECTRA

embedder and the fact-aware ELECTRA embedder. The outcomes of these tests are

shown in Table 5.2. According to the results, the knowledge augmented OIE frame-

work increases the performance of original sequence generating models, with the best

performance being a F1 score of 0.750 and an AUC-PR of 0.745.

The best sequence labelling OIE model was composed of ALBERT embedder,

transformer encoder, and an LSTM predictor. Similarly, I run this model with both

the original ALBERT embedder and fact-aware ALBERT embedder, and present

the experiment results across the four training schemes in Table 5.3. In brief, the

first training scheme, (a), is the natural NLL where all the positions in the sequence
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BiLSTM Transformer Feedback Transformer
F1 AUC-PRF1 AUC-PRF1 AUC-PR

Original ELECTRA 0.477 0.484 0.721 0.717 0.747 0.740
Fact-aware ELECTRA0.486 0.497 0.732 0.737 0.750 0.745

Table 5.2: Results of the best sequence generation OIE model with the original ELEC-
TRA and Fact-aware ELECTRA on CaRB Dataset. The rows and columns represent
embedders and decoders, respectively. In addition to embedders and decoders, the
best model has a GAT encoder and a discriminator as described in Chapter 4. The
results in bold indicate the best performance.

Transformer Encoder + LSTM Predictor
(a) (b) (c) (d)

F1 AUC-PR F1 AUC-PR F1 AUC-PR F1 AUC-PR
Original ALBERT 0.351 0.242 0.555 0.515 0.362 0.278 0.628 0.644

Fact-aware ALBERT 0.365 0.242 0.562 0.529 0.380 0.310 0.641 0.651

Table 5.3: Results of the best sequence labelling OIE model with the original AL-
BERT and Fact-aware ALBERT on OIE2016. (a), (b), (c), and (d) are the training
schemes introduced in Chapter 3. The results in bold indicate the best performance.

are taken into account when computing the loss. The second training scheme, (b),

attempts to decrease the influence of O-tags on the loss term by disregarding the O-

tags entirely. The third training scheme, (c), which disregards all probabilities except

for those of positions that appear right before or right after a transition. The fourth

training scheme, (d), which optimizes only the first and the last position of every

element of the extracted triple. From the results, it can be noted that the knowledge-

enhanced OIE framework improves the performance of original models across the

training schemes. The best performance is achieved in training scheme (d) with an

F1 score and AUC-PR of 0.641 and 0.651, respectively.

5.4 Result Analysis

In this section, I discuss the results presented in Tables 5.1, 5.2, and 5.3.

Incorporating factual knowledge into language models. For the task of adding
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Avg WHR@1Avg WHR@2Avg WHR@3Avg WHR@4Avg WHR@5
Date of Birth

bert-base-uncased 9.61 6.25 12.59 7.28 7.75
albert-base-v2 0.85 2.79 5.30 9.17 3.32

electra-small-gen 26.51 16.59 14.74 13.86 27.78
Place of Birth

bert-base-uncased 10.47 5.21 7.03 9.83 10.26
albert-base-v2 2.77 2.86 5.18 2.07 5.96

electra-small-gen 12.76 29.64 30.46 35.77 17.73

Table 5.4: The performance gains by PLMs after incorporating factual knowledge into
them expressed as percentage. The results in bold indicate the best performance.

factual knowledge to PLMs whose results are presented in Table 5.1, it can be noted

that my approach improves the amount of knowledge in the PLMs that I considered.

For example, when it comes to predicting the date of birth, there is an improvement

of 27.78% in the overall average weighted hit-rate at k = 5 for the ELECTRA model.

Furthermore, note that there is an improvement of 35.77% in the overall average

weighted hit-rate at k = 4 when predicting places of birth for the ELECTRA model.

The rest of the performance gains for the PLMs that I considered are presented as

percentages in Table 5.4. To that end, the approach to incorporate factual knowledge

to PLMs used in this study achieved a good performance.

Knowledge-enhanced framework for open information extraction. The

knowledge-enhanced OIE framework that is proposed in this study introduces sub-

stantial performance improvements to both sequence labelling and sequence genera-

tion approaches to OIE as seen in the results reported in Tables 5.2 and 5.3. It can

be noted that while using this framework, the best sequence generation OIE model

improves both in F1 and AUC-PR values from 0.747 to 0.750 and 0.740 to 0.745,

respectively. This represents 0.40% and 0.73% improvements in F1 and AUC-PR

values, respectively. Similarly, the framework improves the performance of my best

sequence labelling OIE model both in F1 and AUC-PR values from 0.628 to 0.641

and 0.644 to 0.651, respectively. This represents 2.07% and 1.09% improvements in
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BiLSTM Transformer Feedback Transformer
F1 AUC-PR F1 AUC-PR F1 AUC-PR

Improvements 1.91 2.64 1.47 2.73 0.40 0.73

Table 5.5: The performance gains of sequence generation OIE approaches when
trained using the knowledge enhanced OIE framework expressed as percentage.

Transformer Encoder + LSTM Predictor
(a) (b) (c) (d)

F1 AUC-PR F1 AUC-PR F1 AUC-PR F1 AUC-PR
Improvements 3.99 2.89 1.26 2.72 4.97 11.51 2.07 1.09

Table 5.6: The performance gains of sequence labelling OIE approaches when trained
using the knowledge enhanced OIE framework expressed as percentage. (a), (b), (c),
and (d) are the training schemes introduced in Chapter 3.

F1 and AUC-PR values, respectively. To that end, the proposed framework indeed

improves the performance of OIE models. Tables 5.5 and 5.6 present the performance

gains due to the proposed framework for sequence generation and sequence labelling

OIE approaches, respectively.

Significance of the performance gains. I now assess the significance of the

PLMs’ improvements in their knowledge of both places and dates of birth in order to

prove that the performance gains were truly due to factual knowledge absorbed into

the PLM due to the training approach used. This was accomplished by conducting

paired t-tests on the same model before and after factual knowledge was included.

First, the paired t-test of BERT before and after adding factual knowledge showed

a p value smaller than .01, p < .01, on both the dates of birth and places of birth

predictions. This implies that BERT without factual knowledge has a less than 1%

chance of outperforming BERT with factual knowledge. Second, ALBERT had a p

value of less than .03, p < .03, implying that there is a 3% possibility that ALBERT

without factual information could defeat ALBERT with factual knowledge. Finally,

ELECTRA produced a p value of less than .05, p < .05, indicating that there is
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a less than 5% chance that ELECTRA without factual knowledge can outperform

ELECTRA with factual knowledge. The higher value of ELECTRA is most likely

due to the fact that the challenge that I chose was based on MLM, whereas ELECTRA

is pre-trained by detecting replaced tokens in the input sequence.

Considering the above discussions, each PLM has gained significant knowledge

from this approach to incorporating factual knowledge. This increase in factual knowl-

edge is substantial enough to improve the performance of OIE models as shown by

the results in Tables 5.5 and 5.6.

5.5 Related Work

Recently, many pieces of work have explored how to incorporate knowledge into PLMs,

and they have proved to improve the knowledge content of PLMs, especially factual

knowledge. Baldini Soares et al. [2019] take a straightforward “matching the blanks”

pre-training objective to help a relation classification task. They take a pair of blank-

containing relations that share the same entities and use a training objective that

encourages the relation representations to be similar since the pair of relations share

the same entities. Their results show that the models using representations learned

in this manner significantly outperform previous work on relation extraction.

Zhang et al. [2019] develop ERNIE which pretrains a language representation

model on both textual corpora and KGs. They identify entity mentions in text

and align them with corresponding entities in the entire KG. The embeddings of

the corresponding KG entities are generated using knowledge embedding algorithms

and then used as input into ERNIE. Based on the alignments between text and KGs,

ERNIE integrates entity representations in the knowledge module into the underlying

layers of the semantic module. During training, they mask out some of the named

entity alignments in the input text and prompt the model to select appropriate entities
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from KGs to complete the alignments. As such, the model learns to aggregate both

context and knowledge facts for predicting both tokens and entities. This leads to a

knowledgeable language representation model. Peters et al. [2019] explore a similar

idea with ERNIE and develop KnowBert which incorporates an integrated entity

linker in their model and adopts end-to-end training. The entity linker performs entity

disambiguation for each potential mention from among the available candidates.

Logan et al. [2019] note that language models are only capable of remember-

ing facts that they have seen at training time, and often have difficulty recalling

these facts. To address this, they develop a knowledge graph language model that is

equipped with with mechanisms for identifying and copying facts from a KG that are

relevant to the given context. This approach helps the model to render information

it has never seen before, as well as generate out-of-vocabulary tokens. Hayashi et al.

[2020] introduce a latent relation language models that parameterises the joint dis-

tribution over the words in a document and the entities that occur in them through

knowledge graph relations. This approach improves the models’ ability to learn to pre-

dict appropriate relations in a given context. Both [Logan et al., 2019] and [Hayashi

et al., 2020] use relations between entities inside one sentence to train better genera-

tion models.

In the most recent past, Wang et al. [2021] have developed a unified model for

knowledge embedding and pre-trained language representation which integrates fac-

tual knowledge into PLMs and computes effective text-enhanced knowledge embed-

ding with strong PLMs. Their approach encodes textual entity descriptions with a

PLMs as their embeddings, and then jointly optimises the knowledge embedding and

language modelling objectives. The developed approach improves PLMs ability to

capture factual knowledge and produces knowledge embeddings that take advantage

of the abundant textual information.

In this work, I build on KEPLER to add knowledge to PLMs. Unlike in KEPLER,
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the encoders share the same textual descriptions for the entities and relations as their

input. This helps the encoders to compute embeddings for text and facts that are

close to their context. Additionally, I also use PLMs to encode relation descriptions.

After incorporating factual knowledge into PLMs, I use the encoders in the knowledge

enhanced OIE framework.

5.6 Conclusion

In this work, I extend the approach by Wang et al. [2021], KEPLER, to add knowledge

to PLMs. Unlike KEPLER, the encoders use the same textual descriptions for the

entities and relations as their input. This enables encoders to compute embeddings

for text and facts that are near to their context. In addition, I use PLMs to encode

relation descriptions. With this approach, I am able to add factual knowledge to the

PLMs that I considered in this study. After adding factual knowledge into PLMs, I use

encoders in the proposed knowledge-enhanced OIE framework. Based on the results

of the framework, I show that factual knowledge in PLMs improves the performance

of both sequence generation and sequence labelling OIE models.
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Chapter 6

Conclusion

I did an extensive study in this dissertation on both sequence tagging and sequence

generation neural methods to OIE, motivated by the research goals posed in Chap-

ter 1. This research was motivated by inadequacies in existing neural OIE method-

ologies and contributes significantly to the field of OIE. In the following sections, I

discuss the findings of this research and make recommendations for further work.

6.1 Summary

To begin, I look at addressing the issue of uneven tag frequencies in OIE datasets for

sequence tagging methodologies, as suggested by the first research question, RQ1.

Sequence tagging OIE methods use BIO tags to label each token in the input text.

Each element of a tuple is implicitly extracted by labeling the according sequence of

words with aBeginning-tag followed by an arbitrary number of Inside-tags, and words

that are not part of any extracted phrase are marked with the Outside-tag. Among

all BIO tags, the O-tag, which indicate tokens that are not part of either the subject,

the predicate, or the object, tends to appear at a much higher frequency than the

other tags. This, in turn, means that the ability to correctly predict the O-tags has

the strongest direct influence on the NLL, and encourages models to focus too much
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on this label. To address this problem, I develop three novel training schemes for OIE

as sequence labelling task. In brief, the first training scheme attempts to decrease

the influence of O-tags on the loss term by disregarding the O-tags entirely. The

second training scheme disregards all probabilities except for those of positions that

appear right before or right after a transition. The third training scheme optimizes

only the first and the last position of every element of the extracted triple. From

the results presented in Chapter 3, the proposed novel training schemes outperform

the natural NLL formulation where all the positions in the sequence are taken into

account when computing the loss. Additionally, any task that can be described as a

sequence tagging problem can benefit from these novel training approaches.

Second, I look at how to avoid generating redundant tokens in facts and implicit

facts in the field of OIE. I explore sequence generation approaches in particular, since

they are prone to producing facts that often communicate redundant information.

Furthermore, because sequence generation systems generate facts one at a time, they

can replicate terms from the whole vocabulary of words. Sun et al. [2018] and Kolluru

et al. [2020] look into the issue of redundant information as generating the same fact

multiple times. Their approaches are restrictive in how the models “pick” words when

generating facts. This restrains the models’ flexibility in generating implicit facts.

However, sequence generation approaches are also susceptible to generating repetitive

text within a fact. I investigate how to make sequence generation OIE techniques less

likely to generate repetitive text in facts. I also look into how to increase their ability

to generate implicit facts. These lines of research are guided by the research questions

RQ2 and RQ3. In Chapter 4, I present mechanisms that control the the generation

of repetitive text in facts by explicitly guiding the models to either “pick” words

from the vocabulary or the input text. From experiment results, I note that using

both generation probability and coverage mechanisms substantially reduces repetitive

tokens in facts. Additionally, I note that when using both generation probability and
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coverage mechanisms, the models copy fewer tokens from the source sentence, and

introduce more tokens from the vocabulary. This implies that the models have an

improved ability to generate implicit facts. To that end, the results confirm that both

generation probability and coverage mechanisms are effective in controlling repetitive

tokens, and improving the models’ ability to generate implicit facts.

Third, I create paraphrased versions of datasets that I use to train the models

to increase their capacity to generate facts that are implicitly communicated in text.

Only the training sets of the datasets are paraphrased, while the test sets are kept.

Paraphrased examples have the same meaning as the original samples but use a

different lexical form. To that end, I hypothesise that models trained on this data

will be more effective at capturing implicit relationships. From the results presented

in Chapter 4, I note that the models perform poorly when trained on the paraphrased

dataset. However, when trained on the augmented dataset, the model performs better

than when trained on just the original dataset.

Fourth, I should mention that using PoS and dependency tags in addition to the

actual input text as a manner of incorporating syntactic information is a typical

practise for the task of OIE. The embeddings of the tags are simply concatenated to

the embeddings of the associated text tokens in such works where these tags are used.

This formulation does not make full advantage of the extensive syntactic information

available, particularly that which is found in the structure of dependency trees. In

this work, I design a method for maximising the syntactic information provided by

the structure of dependency trees guided by our fourth research question, RQ4.

The developed approach, unlike the previous approaches, computes syntactically rich

vector representations of input text tokens guided by the structure of dependency

trees. For each input sentence, I construct a visibility matrix of its tokens based

on the structure of its dependency tree. I consider tokens that are directly related

in the dependency tree as visible to each other. I then feed the token embeddings
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and the visibility matrix into a GNN encoder that computes new token embeddings

guided by the visibility matrix. This method generates embeddings that improve the

performance of OIE models. This is justified by the results presented in Chapter 4.

Fifth, I introduce a new method for training neural OIE models, in addition

to computing syntactically rich vector representations. I add an extra module, the

discriminator, that takes the generated tuple as input and classifies its tokens as either

“real” or “fake”, where “real” tokens are those that are in the gold-tuple, while “fake”

tokens are those that the generator has missed. Based on the results presented in

Chapter 4, the GNN encoder that computes embeddings of the input sequence based

on the structure of the dependency tree performs better than the transformer encoder,

which does not take into account the structure of the dependency tree when computing

embeddings. Additionally, the best performance is achieved when the GNN encoder

is used jointly with the discriminator. Thus, I conclude that taking into account

the dependency tree’s structure when computing embeddings and the discriminative

training approach are the main cause of the high boost in the performance of our

models. This is consistently shown on all benchmark datasets considered under this

work.

Sixth, several studies have looked into ways to combine knowledge stored in KGs

into PLMs, and they have shown that doing so improves the knowledge content of

PLMs, particularly factual knowledge. In most neural OIE techniques, PLMs are the

foundational building element that computes contextualised vector representations for

incoming phrases. However, no research has been done to see if increasing the knowl-

edge richness of the fundamental building blocks would improve the performance of

neural OIE techniques. The research presented in this dissertation is the first to inves-

tigate how to improve the performance of neural OIE techniques using background

knowledge from KGs as part of research question RQ5. To that end, I build on

recent advancements in incorporating knowledge in PLMs and propose a knowledge-
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enhanced OIE framework for both sequence tagging and sequence generation OIE

approaches. After thorough experiments, I conclude that the knowledge-enhanced

OIE framework improves the performance of the models.

6.2 Outlook

Like any other research, the work described in this dissertation has some space for

improvement. First, I limited myself to binary relations that are described in a single

sentence. However, in the real world, we are constantly confronted with content

that spans many sentences and relationships that span multiple sentences. In future

research, the concepts and approaches outlined in this dissertation could be expanded

to include n-ray relations that span many sentences. Second, models trained on

original datasets perform poorly on paraphrased datasets. This is clear from the

results shown in Table 4.2. Under normal conditions, one would expect to identify

the same sets of facts from all paraphrased versions of the same sentence. This is not

true of the OIE models, and the phenomenon shows that models do not understand

sentence meaning. Future studies could build on this to look into how OIE models

can better capture sentence meanings. Third, I used the formulation for constructing

syntactically rich vector representations as well as the new discriminative training

approach to only train sequence generation OIE models. It could be examined further

in future research whether the proposed methodologies could also be advantageous

to OIE sequence labelling approaches. Finally, the majority of OIE model evaluation

systems are based on token matching. They do not include the meaning component of

each retrieved fact. The test sets do not contain all of the allowed versions of the same

facts. As a result, it is difficult to assess the models’ performance with confidence.

Future research would look into how meaning may be incorporated into evaluation

frameworks. This may also lead to a more accurate assessment of implicit facts.
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Appendix A

Systematic Comparison of Neural

Architectures and Training

Approaches for Open Information

Extraction

A.1 Analysis with predicate-head hinting

Table A.1 summarizes the results of the experiments with predicate-head hinting,

and, as expected, I observed an average improvement of 0.089 F1 and 0.078 AUC-PR,

respectively. Surprisingly, however, the top model in terms of F1 score in this setting

was the one that uses an ALBERT embedding block, a BiLSTM encoding block,

and an LSTM prediction block, followed by the model that performed best without

predicate-head hinting, which uses a transformer encoding block instead. The latter

was once again the top model in terms of AUC-PR, though. In the remainder of this

appendix, I have a closer look at these results, which provide a few more interesting

insights.
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LSTM MLP CRF Span
(a) (b) (c) (d) (a) (b) (c) (d) (a) (a)

None F1 0.283 0.474 0.390 0.473 0.226 0.325 0.326 0.316 0.307 0.278
AUC-PR 0.273 0.279 0.246 0.273 0.106 0.106 0.107 0.106 0.110 0.114

BiLSTM F1 0.338 0.663 0.438 0.664 0.166 0.358 0.392 0.628 0.304 0.273
(1) AUC-PR 0.255 0.699 0.398 0.710 0.114 0.302 0.334 0.602 0.233 0.155

BiLSTM-CNN F1 0.302 0.542 0.689 0.672 0.164 0.350 0.374 0.627 0.302 0.275
AUC-PR 0.217 0.579 0.680 0.706 0.100 0.301 0.318 0.590 0.243 0.116

Transformer F1 0.339 0.639 0.438 0.692 0.142 0.359 0.388 0.639 0.309 0.295
AUC-PR 0.232 0.642 0.460 0.676 0.069 0.304 0.344 0.599 0.267 0.109

None F1 0.303 0.502 0.404 0.503 0.235 0.326 0.335 0.325 0.356 0.322
AUC-PR 0.277 0.274 0.276 0.278 0.111 0.110 0.113 0.114 0.124 0.137

BiLSTM F1 0.333 0.652 0.446 0.700 0.161 0.402 0.395 0.664 0.304 0.317
(2) AUC-PR 0.250 0.672 0.399 0.726 0.120 0.371 0.348 0.629 0.243 0.139

BiLSTM-CNN F1 0.305 0.552 0.709 0.692 0.173 0.344 0.384 0.636 0.315 0.319
AUC-PR 0.227 0.599 0.700 0.717 0.130 0.300 0.328 0.593 0.253 0.139

Transformer F1 0.342 0.653 0.457 0.711 0.149 0.406 0.398 0.708 0.365 0.339
AUC-PR 0.233 0.639 0.474 0.724 0.079 0.358 0.348 0.577 0.287 0.132

References: Angiras [2018] Stanovsky et al. [2018] Jia and Xiang [2019]

Zhan and Zhao [2020]

Table A.1: The results of the evaluation with predicate-head hinting, where the
different columns correspond with the different training schemes: (a) standard NLL
(i.e., considering all labels), (b) disregarding O-tags, (c) optimizing transitions only,
and (d) considering start and end of a triple’s elements only. The best results are
underlined for each of the encoding blocks, and printed boldface for each prediction
block. Furthermore, (1) represents models trained with a simple embedding block,
and (2) represents models trained with ALBERT embedding block.

First and foremost, I observed that adding an embedding block to a model led, on

average, to a much bigger improvement than this was the case without predicate-head

hinting, as illustrated in Figure A.1. More precisely, I found an average improvement

of 0.107 F1, which is about 0.047 F1 greater than without predicate-head hinting,

while the differences among the considered embedding blocks remained about the

same. This suggests that all embedding blocks are able to effectively leverage pro-

vided details about the predicate head, and, in turn, create better encodings of an

input sequence. Furthermore, the transformer encoding block still leads to the great-

est average improvement. In contrast to this, using ALBERT instead of a simple
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simple→ALBERT +0.010 F1

+BiLSTM +0.101 F1

+BiLSTM-CNN +0.109 F1

+Transformer +0.111 F1

Figure A.1: The average improvements caused by using an ALBERT embedding block
in place of a simple one and by adding an encoding block to a model in terms of F1

score, computed across all experiments performed with predicate-head hinting.

LSTM 0.508 F1

MLP 0.369 F1

CRF 0.320 F1
Span 0.302 F1

mean 0.413 F1

Figure A.2: The average F1 score achieved with predicate-head hinting by each of
the different prediction blocks in comparison with the overall mean F1.

embedding block induced an equally small improvement as before.

Figure A.2 provides a comparison of the different prediction blocks, and, interest-

ingly, the differences among the predictors are smaller with predicate-head hinting.

One possible explanation for this is that, in this setting, the encoding block accounts

for additional details of an input sequence as part of the computed encoding, which

becomes possible given that the predicate head is provided as input to the model.

This, in turn, reduces the impact of the employed prediction block. Furthermore,

unlike before, the CRF predictor performed, on average, slightly better than the

SpanOIE prediction block, whereas LSTM and MLP predictors performed notably

better, albeit with a slightly smaller gap between them as without predicate-head

hinting.

Finally, Figure A.3 provides a comparison of the different training schemes, and

it can be noted that the impact of the same has become bigger than this was the case

without predicate-head hinting. This is somewhat surprising, but emphasizes once

again that the introduced schemes are more effective than optimizing the standard

NLL, and focus on relevant aspects of the considered problem, while paying less

attention to incidental details.
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Significance of the training schemes. On the findings produced while employing

predicate-head hinting presented in Table A.1, I examined the statistical significance

of the improvements resulting from training schemes (b), (c), and (d) over the tradi-

tional NLL (a). I conducted a paired t-test to examine if there were any differences in

the F1 and AUC-PR values obtained by the models between each of the new schemes

and the default NLL. I am only interested in models having either an LSTM or an

MLP in the prediction block, as these training schemes can only be employed with

these models.

I started with a comparison of the training scheme (b) to the default NLL. The

paired t-test on the F1 and AUC-PR values gave p values of less than .05, p < .05, in

both cases. According to this research, the default NLL has a less than 5% chance of

outperforming the training scheme (b). As a result, the training scheme (b) greatly

outperforms the traditional NLL. Second, the paired t-test on the F1 and AUC-PR

values from training schemes (c) and (a) resulted in p values less than .03, p < .03.

This shows that the default NLL has a slim possibility of outperforming the training

scheme (c) by less than 3%. Finally, using the paired t-test on the F1 and AUC-PR

values from training schemes (d) and (a), p values less than .01, p < .01„ were

obtained. The default NLL has only a 1% chance of outperforming the training

scheme (d).

Based on the findings of the above analysis, I can infer that each unique training

scheme outperforms the traditional NLL. As a result, I conclude that the gains made

by each training scheme are significant rather than random.

A.2 Hyperparameters

Table A.2 summarizes the hyperparameters that were used in the experiments. These

were determined over a number of initial experiments, and kept constant throughout
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(a)0.247 F1
(b) 0.435 F1
(c) 0.470 F1
(d) 0.603 F1

mean 0.439 F1

Figure A.3: The average F1 score achieved with predicate-head hinting by each of the
different training schemes, computed just for sequence-tagging models in comparison
with the overall mean F1 for the according experiments.

model block number of layers
ALBERT embedder 12
BiLSTM Encoder 2
BiLSTM-CNN Encoder 1
Transformer Encoder 1
MLP Predictor 1
CRF Predictor 1
LSTM Predictor 1

hyperparameter value
batch size 128
dropout rate 0.3
hidden size (except ALBERT) 128
hidden size (ALBERT) 768
learning rate 0.0005
maximum gradient norm 2
weight decay λ 10−5

word-piece embedding size 128
PoS embedding size 100
transformer heads 6
transformer query/key/value size 50
transformer encoder hidden size 512
vocab size 30K

Table A.2: The hyperparameters that were used throughout all the experiments.

all training runs conducted for this research.
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Appendix B

Real or Fake? Discriminative

Training for Open Information

Extraction with Syntactically Rich

Embeddings

B.1 OIE2016 Results and Analysis

In this section, I report the findings of my sequence generation models on the OIE2016

dataset. All models were trained and evaluated in all six experimental setups outlined

in Section 4.4. I used the CaRB evaluation framework.

Results. Table B.1 displays the results of the model evaluations on the OIE2016

dataset using the experimental setups specified in the experiments subsection. Note

that in each experimental configuration, the model produced by combining an ELEC-

TRA embedder and a feedback transformer decoder outperformed other combina-

tions. On the OIE2016 dataset, the best model includes an ELECTRA embedder,

a GNN encoder, a feedback transformer, and a discriminator. The model has an F1
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BiLSTM Transformer FB Transformer BERT ELECTRA
F1 AUC-PRF1 AUC-PRF1 AUC-PR F1 AUC-PRF1 AUC-

PR

(a)
BiLSTM 0.411 0.438 0.420 0.441 0.421 0.445 0.420 0.446 0.425 0.449

Transformer 0.439 0.446 0.440 0.447 0.469 0.466 0.471 0.469 0.485 0.471
FB Transformer0.472 0.499 0.487 0.498 0.491 0.502 0.494 0.515 0.497 0.521

(b)
BiLSTM 0.431 0.450 0.460 0.455 0.467 0.466 0.469 0.468 0.472 0.470

Transformer 0.497 0.451 0.510 0.488 0.549 0.523 0.560 0.555 0.595 0.602
FB Transformer0.546 0.554 0.568 0.572 0.577 0.579 0.599 0.585 0.600 0.626

(c)
BiLSTM 0.469 0.468 0.470 0.471 0.485 0.475 0.489 0.477 0.491 0.483

Transformer 0.504 0.470 0.510 0.476 0.522 0.502 0.562 0.520 0.687 0.660
FB Transformer0.531 0.527 0.554 0.536 0.575 0.550 0.599 0.584 0.601 0.607

(d)
BiLSTM 0.470 0.471 0.471 0.476 0.488 0.487 0.492 0.489 0.493 0.491

Transformer 0.528 0.482 0.531 0.489 0.570 0.523 0.581 0.556 0.597 0.604
FB Transformer0.548 0.556 0.569 0.576 0.585 0.590 0.594 0.597 0.616 0.633

(e)
BiLSTM 0.444 0.463 0.452 0.466 0.472 0.469 0.481 0.477 0.486 0.487

Transformer 0.491 0.453 0.501 0.472 0.535 0.494 0.551 0.501 0.562 0.567
FB Transformer0.541 0.526 0.551 0.540 0.566 0.540 0.582 0.563 0.599 0.592

(f)
BiLSTM 0.454 0.472 0.472 0.477 0.479 0.488 0.487 0.485 0.493 0.489

Transformer 0.521 0.473 0.529 0.481 0.573 0.524 0.581 0.567 0.592 0.607
FB Transformer0.568 0.556 0.569 0.579 0.586 0.590 0.602 0.596 0.619 0.639

Table B.1: Results from different module combinations on the OIE2016 dataset. The
columns and rows represent embedders and decoders, respectively. We run each
module combination across all the experimental setups, (a) to (f), where (a) default
setup, (b) + discriminator setup, (c) + transformer encoder setup, (d) + GNN
encoder setup, (e) + transformer encoder + discriminator setup, and (f) + GNN
encoder + discriminator setup. The results in bold indicate the best performance in
each setup.

score of 0.619 and an AUC-PR score of 0.639. I am unable to directly compare these

findings to the findings of Zhan and Zhao [2020], because the evaluation framework

employed in our study is different.

Performance across experimental setups. Table B.2 presents the average per-

formance of all models in each experimental setup on OIE2016 dataset based on the

results presented in Table B.1. Note that each experimental setup introduced con-

siderable improvement in performance compared to the control experimental setup,

default. The setup with the GNN encoder only, + GNN encoder, achieves the best

average performance in F1. It improves on the default setup with 18.90%. The setup

with both the GNN encoder and discriminator, + GNN encoder + discriminator,
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Experimental Setup Avg. F1 Avg. AUC-PR
Default 0.456 0.470

+ Transformer Encoder 0.530 0.514
+ Discriminator 0.527 0.523
+ GNN Encoder 0.542 0.533

+ Transformer Encoder + Discriminator 0.521 0.507
+ GNN Encoder + Discriminator 0.542 0.535

Table B.2: The average performance of all models under different experimental setups
on OIE2016 dataset. Default represents the setup where all models are comprised of
just embedders and decoders.

achieves the best average performance in AUC-PR. It improves on the default setup

with 13.74%. Furthermore, the models in the + GNN encoder setup perform better

than models in the + transformer encoder setup with 2.32% and 4.08% improvements

in average F1 and AUC-PR values, respectively. To that end, the GNN encoder which

computes embeddings of the input sequence based on the structure of the dependency

tree performs better than the transformer encoder which does not take into account

the structure of the dependency tree when computing embeddings. Additionally, the

best performance is achieved when the GNN encoder is used jointly with the discrim-

inator. Thus, taking into account the dependency tree’s structure when computing

embeddings and the discriminative training approach are the main cause of the high

boost in the performance of OIE models.

Performance of modules. I also looked into the average performance of the mod-

ules in the embedder and decoder blocks. Table B.3 summarises the analysis based

on results presented in Table B.1. Considering all models, the models with a pre-

trained ELECTRA model achieve the best average values of 0.545 and 0.550 in F1 and

AUC-PR, respectively. Furthermore, models with the Feedback Transformer decoder

achieve the best average values of 0.563 and 0.564 in F1 and AUC-PR, respectively.

Token repetition. The best model from Table B.1 is run on 50 samples from the

test partition of the OIE2016 dataset with and without both generation probability
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Module Avg. F1 Avg. AUC-PR

(1)

BiLSTM 0.492 0.487
Transformer 0.504 0.496

BERT 0.534 0.526
FB Transformer 0.523 0.512

ELECTRA 0.545 0.550

(2)
BiLSTM 0.464 0.470

Transformer 0.431 0.508
FB Transformer 0.563 0.564

Table B.3: The average performance different modules in different blocks for all ex-
periments on OIE2016 dataset. FB Transformer stands for Feedback Transformer.
(1) for the embedders, and (2) for the decoders. The best average performance for
each block is indicated in bold.

Model S ∩ T Repetition in T

-(coverage mechanism + gen prob) 85% 39.50%
+(coverage mechanism + gen prob) 67% 15.80%

Table B.4: Results on the best model’s ability to introduce new words from the vocab-
ulary into the generated tuple, and to avoid generating repetitive tokens on OIE2016
dataset. -(coverage mechanism + gen prob) represents the best model without both
generation probability and coverage mechanisms and +(coverage mechanism + gen
prob) represents the opposite.

and coverage mechanisms. I compute the number of tokens that are both in the

source sentence S and the generated tuple T , S ∩ T , in both settings to measure the

model’s ability to introduce words from the vocabulary. Similarly, I also compute

a percentage of repetitive tokens in T . Table B.4 summarises the results. From

Table B.4, the percentage of tokens in |S∩T | drops by 18% when using both generation

probability and coverage mechanisms. This implies that the model copies fewer tokens

from the source sentence, and introduces more tokens from the vocabulary, hence

improved ability to generate implicit facts. Further more, the repetitive tokens reduce

by 23.70%. To that end, the results confirm that both generation probability and

coverage mechanisms are effective in controlling repetitive tokens, and improving the

models’ ability to generate implicit facts.
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Dataset F1 AUC-PR
Para-phrased 0.419 0.449

Original 0.619 0.639
Mixed 0.701 0.699

Table B.5: The performance of the best model from Table B.1, (ELECTRA + GNN
Encoder + Discriminator), when trained on para-phrased, original and mixed versions
of the OIE2016 dataset.

Performance on augmented dataset. I trained the best model from Table B.1 on

paraphrased and mixed versions of OIE2016 dataset. After training, the model was

evaluated on the original test set of OIE2016 dataset. The performance of the model

improves when trained on the mixed dataset. Table B.5 summarises the results.

B.2 LSOIE Results and Analysis

In this section, I present results of the models on the LSOIE dataset. I considered

all experimental setups discussed in Section 4.4, and I used the CaRB evaluation

framework.

Results. In Table B.1, I present the results of evaluating the developed models on the

LSOIE dataset under all the experimental setups. In each experimental setup, the

model resulting from the combination of an ELECTRA embedder and a Feedback

Transformer decoder outperforms other combinations. The best model on LSOIE

dataset has an ELECTRA embedder, GNN encoder, Feedback Transformer, and a

discriminator. The model achieves an F1 value of 0.517 and an AUC-PR value of

0.525.

Performance across experimental setups. Table B.7 presents the average per-

formance of all models in each experimental setup on OIE2016 dataset based on the

results presented in Table B.6. Each experimental setup introduced considerable im-

provement in performance compared to the control experimental setup, default. The
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BiLSTM Transformer FB Transformer BERT ELECTRA
F1 AUC-PR F1 AUC-PR F1 AUC-PR F1 AUC-PR F1 AUC-

PR

(a)
BiLSTM 0.375 0.381 0.380 0.391 0.391 0.415 0.405 0.421 0.412 0.429

Transformer 0.428 0.433 0.431 0.438 0.438 0.446 0.448 0.550 0.452 0.457
FB Transformer 0.456 0.467 0.457 0.472 0.462 0.480 0.475 0.492 0.487 0.501

(b)
BiLSTM 0.410 0.397 0.416 0.413 0.429 0.423 0.434 0.431 0.440 0.433

Transformer 0.428 0.440 0.435 0.448 0.446 0.455 0.451 0.458 0.456 0.462
FB Transformer 0.435 0.470 0.458 0.476 0.474 0.486 0.480 0.500 0.496 0.519

(c)
BiLSTM 0.423 0.399 0.432 0.401 0.435 0.422 0.441 0.434 0.446 0.450

Transformer 0.433 0.421 0.439 0.435 0.447 0.444 0.463 0.455 0.479 0.471
FB Transformer 0.459 0.461 0.463 0.467 0.472 0.475 0.490 0.485 0.595 0.504

(d)
BiLSTM 0.430 0.413 0.445 0.432 0.439 0.455 0.444 0.454 0.450 0.456

Transformer 0.438 0.443 0.451 0.456 0.480 0.467 0.493 0.475 0.499 0.485
FB Transformer 0.469 0.479 0.471 0.499 0.481 0.489 0.499 0.496 0.509 0.524

(e)
BiLSTM 0.413 0.401 0.424 0.414 0.437 0.425 0.445 0.439 0.460 0.449

Transformer 0.427 0.431 0.452 0.446 0.455 0.457 0.459 0.461 0.462 0.463
FB Transformer 0.465 0.463 0.467 0.468 0.473 0.479 0.499 0.481 0.507 0.502

(f)
BiLSTM 0.427 0.415 0.438 0.436 0.449 0.446 0.452 0.449 0.469 0.466

Transformer 0.439 0.445 0.454 0.458 0.458 0.470 0.463 0.481 0.471 0.486
FB Transformer 0.471 0.475 0.474 0.492 0.487 0.492 0.502 0.496 0.517 0.525

Table B.6: Results from different module combinations on the LSOIE dataset. FB
Transformer stands for Feedback Transformer. The columns and rows represent
embedders and decoders , respectively. We run each module combination across
all the experimental setups, (a) to (f), where (a) default setup, (b) + discriminator
setup, (c) + transformer encoder setup, (d) + GNN encoder setup, (e) + transformer
encoder + discriminator setup, and (f) + GNN encoder + discriminator setup. The
results in bold indicate the best performance in each section.

setup with the GNN encoder only, + GNN encoder, achieves the best average per-

formance in F1. It improves on the default setup with 7.73%. The setup with both

the GNN encoder and discriminator, + GNN encoder + discriminator, achieves the

best average performance in AUC-PR. It improves on the default setup with 3.81%.

Furthermore, the models in the + GNN encoder setup perform better than models

in the + transformer encoder setup with 1.19% and 4.48% improvements in average

F1 and AUC-PR values, respectively. To that end, the GNN encoder which com-

putes embeddings of the input sequence based on the structure of the dependency

tree performs better than the transformer encoder which does not take into account

the structure of the dependency tree when computing embeddings. Additionally, the
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Experimental Setup Avg. F1 Avg. AUC-PR
Default 0.433 0.452

+ Transformer Encoder 0.461 0.448
+ Discriminator 0.446 0.454
+ GNN Encoder 0.467 0.468

+ Transformer Encoder + Discriminator 0.456 0.452
+ GNN Encoder + Discriminator 0.465 0.469

Table B.7: The average performance of all models under different experimental setups
on LSOIE dataset. Default represents the setup where all models are comprised of
just embedders and decoders.

Module Avg. F1 Avg. AUC-PR

(1)

BiLSTM 0.435 0.435
Transformer 0.444 0.447

BERT 0.463 0.470
FB Transformer 0.453 0.457

ELECTRA 0.478 0.0.470

(2)
BiLSTM 0.430 0.426

Transformer 0.452 0.458
FB Transformer 0.482 0.487

Table B.8: The average performance different modules in different blocks for all
experiments on LSOIE dataset. (1) for the embedders, and (2) for the decoders.
The best average performance for each block is indicated in bold.

best performance is achieved when the GNN encoder is used jointly with the discrim-

inator. Thus, taking into account the dependency tree’s structure when computing

embeddings and the discriminative training approach are the main cause of the high

boost in the performance of the developed models.

Performance of modules. I also looked into the average performance of the mod-

ules in the embedder and decoder blocks. Table B.8 summarises the analysis based

on results presented in Table B.6. Considering all models, the models with a pre-

trained ELECTRA model achieve the best average values of 0.478 and 0.477 in F1 and

AUC-PR, respectively. Furthermore, models with the Feedback Transformer decoder

achieve the best average values of 0.482 and 0.487 in F1 and AUC-PR, respectively.

Token repetition. The best model from Table B.6 is run on 50 samples from the
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Model S ∩ T Repetition in T

-(coverage mechanism + gen prob) 82% 34%
+(coverage mechanism + gen prob) 68% 11%

Table B.9: Results on the best model’s ability to introduce new words from the
vocabulary into the generated tuple, and to avoid generating repetitive tokens on
LSOIE dataset. -(coverage mechanism + gen prob) represents the best model without
both generation probability and coverage mechanisms and +(coverage mechanism +
gen prob) represents the opposite.

test partition of the LSOIE dataset with and without both generation probability

and coverage mechanisms. I compute the number of tokens that are both in the

source sentence S and the generated tuple T , S ∩ T , in both settings to measure the

model’s ability to introduce words from the vocabulary. Similarly, I also compute

a percentage of repetitive tokens in T . Table B.9 summarises the results. From

Table B.9, the percentage of tokens in |S∩T | drops by 14% when using both generation

probability and coverage mechanisms. This implies that the model copies fewer tokens

from the source sentence, and introduces more tokens from the vocabulary, hence

improved ability to generate implicit facts. Further more, the repetitive tokens reduce

by 23%. To that end, the results confirm that both generation probability and coverage

mechanisms are effective in controlling repetitive tokens, and improving the models’

ability to generate implicit facts.

Performance on augmented dataset. I trained the best model from Table B.6

on paraphrased and mixed versions of LSOIE dataset. After training, the model was

evaluated on the original test set of LSOIE dataset. The performance of the model

improves when trained on the mixed dataset. Table B.10 summarises the results.

B.3 Hyperparameters

Table B.11 summarizes the hyperparameters for all the modules that were used in

experiments conducted in this work. These were determined over a number of initial
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Dataset F1 AUC-PR
Para-phrased 0.401 0.424

Original 0.517 0.525
Mixed 0.610 0.605

Table B.10: The performance of the best model from Table B.6, (ELECTRA + GNN
Encoder + Discriminator), when trained on para-phrased, original and mixed versions
of the LSOIE dataset.

experiments, and kept constant throughout all training runs conducted for this paper.
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model block number of layers
BiLSTM decoder 3
BiLSTM embedder 3
Discriminator 6
ELECTRA embedder 12
Feedback Transformer 6
GAT encoder 3
Transformer 6

hyperparameter value
batch size 128
dropout rate 0.3
dependency tag embedding size 100
embedder/decoder hidden size 256
feedback transformer heads 8
feedback transformer hidden size 512
learning rate 0.0005
maximum gradient norm 2
weight decay λ 10−5

PoS embedding size 100
transformer heads 6
transformer query/key/value size 50
transformer encoder hidden size 512
vocabulary size 30522

Table B.11: The hyperparameters that were used throughout all experiments.
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