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N-ary Cross-sentence Relation Extraction: From Supervised to Un-
supervised Learning

Chenhan Yuan

(ABSTRACT)

Relation extraction is the problem of extracting relations between entities described in text.

Relations identify a common “fact” described by distinct entities. Conventional relation ex-

traction approaches focus on supervised binary intra-sentence relations, where the assump-

tion is relations only exist between two entities within the same sentence. These approaches

have two key limitations. First, binary intra-sentence relation extraction methods can not

extract a relation in a fact that is described by more than two entities. Second, these

methods cannot extract relations that span more than one sentence, which commonly oc-

curs as the number of entities increases. Third, these methods assume a supervised setting

and are therefore not able to extract relations in the absence of sufficient labeled data for

training. This work aims to overcome these limitations by developing n-ary cross-sentence

relation extraction methods for both supervised and unsupervised settings. Our work has

three main goals and contributions: (1) two unsupervised binary intra-sentence relation ex-

traction methods, (2) a supervised n-ary cross-sentence relation extraction method, and (3)

an unsupervised n-ary cross-sentence relation extraction method. To achieve these goals,

our work includes the following contributions: (1) an automatic labeling method for n-ary

cross-sentence data, which is essential for model training, (2) a reinforcement learning-based

sentence distribution estimator to minimize the impact of noise on model training, (3) a

generative clustering-based technique for intra-sentence unsupervised relation extraction,

(4) a variational autoencoder-based technique for unsupervised n-ary cross-sentence relation



extraction, and (5) a sentence group selector that identifies groups of sentences that form

relations.



N-ary Cross-sentence Relation Extraction: From Supervised to Un-
supervised Learning

Chenhan Yuan

(GENERAL AUDIENCE ABSTRACT)

In this work, we designed multiple models to automatically extract relations from text. These

relations represent the semantic connection between two or more proper nouns. Previous

work include models that can only extract relations between two proper nouns in a single

sentence, while the methods proposed in this thesis can extract relations between two or

more proper nouns in multiple sentences. We propose three models. The first model can au-

tomatically remove erroneous annotations in training data, thereby making the models more

credible. We also propose a more effective model that can automatically extract relations

between two proper nouns in a single sentence without the need for data annotation. We

later extend this model so that it can extract relations between two or more proper nouns

in multiple sentences.



Acknowledgments

I am deeply grateful to my advisor Professor Hoda Eldardiry. Her continuous support and

invaluable advice encouraged me to overcome difficulties in research and daily life during my

graduate study.

I also would like to thank Professor Ismini Lourentzou and Professor Lifu Huang for their

insightful comments and suggestions. It is their kind help that made this thesis better.

My appreciation also goes out to my family back home and my friends for their encourage-

ment and support all through my studies.

v



Contents

List of Figures x

List of Tables xii

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Background 4

2.1 Deep Learning for Relation Extraction . . . . . . . . . . . . . . . . . . . . . 4

2.1.1 Convolutional Neural Networks . . . . . . . . . . . . . . . . . . . . . 4

2.1.2 Attention Mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.3 Recurrent Neural Networks . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Learning Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.1 Distant Supervision . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2.2 Self-supervised Learning . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2.3 Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.4 Unsupervised Learning . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3 Related Work on N-ary Cross-sentence Relation Extraction . . . . . . . . . . 9

vi



3 Supervised N-ary Cross-sentence Relation Extraction 11

3.1 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3.2 Proposed Relation Extractor . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.2.1 Sentence Encoding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.2.2 PCNN and Non-linear Transformation Layer . . . . . . . . . . . . . . 13

3.2.3 Attention and Self-attention Mechanism . . . . . . . . . . . . . . . . 14

3.2.4 Gate Layer and Output Layer . . . . . . . . . . . . . . . . . . . . . . 16

3.3 Proposed Sentence Quality Estimator . . . . . . . . . . . . . . . . . . . . . . 16

3.3.1 Main Sentence-Level Policy . . . . . . . . . . . . . . . . . . . . . . . 16

3.3.2 Supplementary Sentence-Level Policy . . . . . . . . . . . . . . . . . . 17

3.3.3 Policy Gradient . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.4 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.4.2 Baseline Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.4.3 Evaluation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

4 Unsupervised Binary Intra-sentence Relation Extraction 26

4.1 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2 Clustering-based Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2.1 Model Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

vii



4.2.2 Semantic Shortest Paths . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.2.3 Encoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.2.4 Decoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.2.5 Loss Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.2.6 Triplets Clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.3 Variational Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.3.1 VAE-based Objective Function . . . . . . . . . . . . . . . . . . . . . 34

4.3.2 Approximation of Objective Function . . . . . . . . . . . . . . . . . . 36

4.3.3 Encoder Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.3.4 Decoder Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.3.5 Key Insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.4 Experimental Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.4.2 Evaluation Metrics and Baselines . . . . . . . . . . . . . . . . . . . . 43

4.4.3 Evaluation on Clustering-based Approach . . . . . . . . . . . . . . . 44

4.4.4 Evaluation on Variational Approach . . . . . . . . . . . . . . . . . . 50

5 Unsupervised N-ary Cross-sentence Relation Extraction 55

5.1 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.2 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

viii



5.2.1 Loss Function of VAE . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.2.2 Loss Function of Selector . . . . . . . . . . . . . . . . . . . . . . . . 57

5.2.3 Architectures of Decoder, Encoder and Selector . . . . . . . . . . . . 59

5.3 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.3.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.3.2 Evaluation Metrics and Baselines . . . . . . . . . . . . . . . . . . . . 60

5.3.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

6 Conclusions 63

6.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

Appendices 65

Appendix A Appendix of Proposed Supervised Relation Extraction Model 66

A.1 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

A.2 Theoretical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

Bibliography 71

ix



List of Figures

3.1 The flowchart of the proposed model. On the right side, the sentence dis-

tribution estimator consists of main policy and supplementary policy. The

relation extraction model is on the left side. . . . . . . . . . . . . . . . . . . 12

3.2 The probability distribution of sentences . . . . . . . . . . . . . . . . . . . . 24

3.3 The value of weights on each training iteration . . . . . . . . . . . . . . . . . 24

4.1 The architecture of relation extractor training stage of CURE . . . . . . . . 27

4.2 The triplets clustering stage of CURE . . . . . . . . . . . . . . . . . . . . . 32

4.3 The architecture of the proposed model. FFN is a two-layer feed-forward

network. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.4 The decoder architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.5 % F-1 gain of CURE over baselines on NYT . . . . . . . . . . . . . . . . . . 45

4.6 % F-1 gain of CURE over baselines on UNPC . . . . . . . . . . . . . . . . . 45

4.7 Rand Index score of CURE and baselines . . . . . . . . . . . . . . . . . . . . 48

4.8 Predicted relation groups. reli is i-th predicted relation group. Label1 is

the real relation that appears the top most frequently in a relation group.

Label2 and Label3 represent the real relation that appears second and third

most frequently in a relation group, respectively. The ordinate represents the

number of sentences classified into each relation group. . . . . . . . . . . . . 52

x



4.9 The real relation groups. The ordinate represents the percentage of the num-

ber of sentences in each relation group to the number of sentences in the

dataset. The x-axis is the relations sorted according to the number of sen-

tences contained. For ease of observation, the x-axis label is omitted . . . . . 54

5.1 The architecture of SG-UREVA . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.2 The evaluation results of SG-UREVA’s selector . . . . . . . . . . . . . . . . 61

xi



List of Tables

3.1 An example of using the weaker distant supervision to label WikiText, given

the fact from Wikidata Knowledge Base . . . . . . . . . . . . . . . . . . . . 20

3.2 Average test accuracy in five-fold validation on PubMed dataset. Ternary

denotes drug-gene-mutation interactions and Binary denotes binary drug-

mutation interactions. “-” denotes that the value is not provided herein. . . 22

3.3 The average test accuracy and standard deviation on WikiText dataset. . . . 23

4.1 An example of path search . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

4.2 Experimental results on NYT . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.3 Experimental results on UNPC . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.4 Clustering Label Comparison between selecting relation words based on word

vector similarity (WVS) and selecting relation words based on common words

(CW) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.5 The evaluation results of UREVA and baseline methods on NYT-FB and

SemEval dataset. Note that r = i indicates that there are i clusters in each

model. r on the left of the table corresponds to the setting of NYT-FB, and

r on the right of the table corresponds to the setting of SemEval. – denotes

that the result is not provided herein. . . . . . . . . . . . . . . . . . . . . . . 50

4.6 An example of semantic meanings of top-frequency real relations of each pre-

dicted relation group. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

xii



5.1 The evaluation results of SG-UREVA’s VAE component . . . . . . . . . . . 61

xiii



Chapter 1

Introduction

1.1 Motivation

A Knowledge Graph (KG) is a popular knowledge data arrangement system that has been

deployed in many common artificial intelligence (AI) tasks. This includes search engines,

recommender systems, and question answering [57, 58, 65]. Currently, a KG is composed of

triplets consisting of (head entity, relation, tail entity). However, in practice, some relations

contain more than two entities. For example, the relation “educate” in WikiData [56] includes

four entities, the person’s “name”, “academic degree”, “academic major” and “school”. Some

common KGs consider these relations involving multiple entities and the associated n-ary

relations. These KGs include Freebase and WikiData [5, 56]. However, complex n-ary

relations that connect multiple entities have mainly been extracted manually from the text,

which is time-consuming and expensive.

As a key step in automatic knowledge graph construction, relation extraction is the task of

extracting the relation between entities expressed in a sentence. Previous work has largely

focused on intra-sentence binary relation extraction, where the goal is to extract the relation

between an entity pair in a sentence [49]. The output of relation extraction models are the

triplets that are used in KG construction. In order to automatically extract n-ary relations

from raw text, a recently proposed research task is defined as n-ary cross-sentence relation

extraction [37]. The current research in this area mainly focuses on the design of supervised n-

1



2 CHAPTER 1. INTRODUCTION

ary cross-sentence relation extraction models based on distant supervision. However, distant

supervision assumes that if two entities that appear in a sentence also appear in a KG, then

this sentence describes the relation in the KG between the two entities. Therefore, distant

supervision introduces a lot of noise to the dataset, which results in unreliable model training

results [46]. In addition, there is currently available manually labeled high-quality datasets

for this task, which also poses challenges to the design of such models.

Due to the two aforementioned reasons, in this work, our goal is to reduce the impact of noise

data and design a model that can utilize unlabeled data. We first proposed a reinforcement

learning-based estimator model, which can remove the noise in the dataset. This ensures

the reliability of the performance of the trained relation extractor. We further proposed two

new unsupervised binary intra-sentence relation extraction models; the extension of which

are used as the architecture of the unsupervised n-ary cross-sentence relation extraction

model. This unsupervised model is iteratively trained with a selector, which can determine

whether the input sentence group does have n-ary relation information.

1.2 Contributions

The contributions of this work and the corresponding chapters can be summarized as follows:

• A reinforcement learning-based sentence distribution estimator is proposed to remove

the impact of noise in distant supervision labeled dataset in Chapter 3.

• An n-ary cross-sentence relation extractor is proposed to encode both consecutive and

non-consecutive sentences in Chapter 3.

• An autoencoder-based unsupervised binary intra-sentence relation extraction model

is proposed to train an encoder that can output relation information given the input
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sentence in Chapter 4.

• A variational autoencoder-based probabilistic model is proposed to train a relation

classifier without labeling information in Chapter 4.

• A selection-guided variational antuencoder-based unsupervised n-ary cross-sentence

relation extraction model is proposed in Chapter 5. The selector component of this

model can determine which input sentence group has n-ary relation information. Then

the VAE architecture can train any supervised n- ary cross-sentence relation extraction

models by jointly training with the decoder reconstruction process.

Other chapters of this thesis are organized as follows: the background techniques used in

n-ary cross-sentence relation extraction are briefly introduced in Chapter 2. Chapter 6 draws

the conclusion of this work.



Chapter 2

Background

2.1 Deep Learning for Relation Extraction

2.1.1 Convolutional Neural Networks

Convolutional Neural Network (CNN) was proposed to solve the image recognition problem.

CNN uses multiple convolutional filters to extract locally sensitive information in the image

separately, and integrates the information extracted by multiple filters through pooling in

the output stage [25]. Extensively experiments demonstrate that CNN can extract spatial

hierarchies of the input signal features [59].

CNN has also been used in the field of text extraction. Currently in the binary intra-

sentence relation extraction model, the most commonly-used CNN variant is Piece-wise

CNN (PCNN). The core idea of PCNN is to divide the input sentence into three segments

according to the positions of the two entities in the sentence. Then convolutional filters

perform convolution calculations on these three segments separately, and finally merge the

calculation results [63]. The reason why PCNN can work is that manually segmenting the

input sentence is similar to telling filters in advance what is the locally important information

in the input, thus this process can speed up the convergence of the model.

4



2.1. DEEP LEARNING FOR RELATION EXTRACTION 5

2.1.2 Attention Mechanism

Attention mechanism was first introduced in neural machine translation tasks. When the

model translates a certain word, the attention mechanism enables the model to calculate the

weight of the impact of each token in the input sentence on the current translated word [28].

At present, the most commonly used attention mechanisms are soft attention and multi-head

attention [28, 54]. Soft attention defines the influence of the feature vector of each token

on the current output by learning the similarity between the feature vector of each input

token and a predefined query vector. The mathematical definition of one simple form soft

attention can be formulated as follows:

pk =
m∑
j=0

ϵk,juj

ϵk,j =
eck,j∑m
i=0 e

ck,i

ck,j = uT
j rk

(2.1)

where rk is the k-th query vector and uj is the feature vector of i-th input token.

Self-attention expands this definition. In self-attention, each token corresponds to three

feature vectors, which are query vector, key vector, and value vector [54]. The model learns

the similarity between the feature vectors of each token. Experiments show that most NLP

tasks using multi-head attention can achieve better performance than that of using various

sequential neural network models [13].

2.1.3 Recurrent Neural Networks

Recurrent Neural Networks can model sequential data and hence have been widely used in

NLP and audio sequence labeling tasks [6, 16, 27, 32]. RNN has three components, the input
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state, output state, and the hidden state. The core idea of RNN is that the hidden state

of time step t is affected by both the input state at time step t and the hidden state of the

previous time step t−1. However, this mechanism can propagate gradient exponentially and

causes some problems when encoding long sequence. For example, when the input sentence is

too long, RNN encounters problems such as vanishing gradient or gradient explosion [36]. In

order to solve this problem, some researchers proposed a variant of RNN, which is long-short

term memory (LSTM) [22]. This structure enables the model proactively choose to forget

some previous information to avoid gradient-related problems. The core idea of this model

is to add a “forget gate” to the hidden state of the RNN, which controls which information

will be passed on. Following this work, some researchers argue that the appearance of a

word or phrase in the text should be affected not only by the semantic information before

it, but also by the subsequent semantic information. That is, context is important for words

prediction. Therefore, Bidirectional LSTM is proposed to model context information [15].

2.2 Learning Approach

2.2.1 Distant Supervision

Distant supervision is an automatic dataset annotation method [34]. Distant supervision

assumes that if two entities appearing in a sentence also appear in a Knowledge Graph,

then this sentence describes the relation saved in the KG between the two entities. This

automatic labeling method is only suitable for binary intra-sentence relation extraction task.

Therefore, some researchers expanded the definition of distant supervision such that this

approach can be applied on n-ary cross-sentence relation extraction task. The definition is

that if the consecutive sentences (a sentence group) contain the entities that have a relation
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in a knowledge base, these sentences as a whole describe that relation [41]. However, this

definition assumes that n-ary relation can only appear in consecutive sentences, which is not

always true. Therefore, we propose to further relax the previous assumption in Chapter 3.

2.2.2 Self-supervised Learning

Self-supervised learning uses part of the information in the unlabeled dataset as the labels

such as the prediction of masked word in the given sentence. Then the input of super-

vised learning models is the remaining information while the prediction of these models are

the labels. In this way, the supervised learning model can be trained with an unlabeled

dataset [20]. In relation extraction task, self-supervised learning is achieved by applying

variational autoencoder models [30]. In this method, the decoder reconstructs the triplet in

the input sentence according to the probability of the encoder output. In order to allow the

encoder output a variety of relations, an entropy-based regularization function is added to

the original objective function. In this way, optimizing the model is similar to optimizing

a variational autoencoder. More recently, some work considered that this model is not sta-

ble [48]. This is because the model only predicts one same relation for all input sentences,

and the predicted relations probability distribution for each instance is similar. This recent

work proposed that in addition to the original entropy-based regularization, dispersion loss

needs to be added, which is the KL divergence of relation distribution and uniform distribu-

tion. This loss term requires that all relation classification results of the model conform to

the uniform distribution. That is, every relation has a chance to be the predicted result of

the model. They also applied the Piece-wise Convolutaional Neural Network (PCNN) as the

encoder architecture instead of feature selection procedure in previous unsupervised relation

extraction works. The PCNN architecture applied in this model is then replaced by entity

type feature, since entity type was considered as the most important feature [53].
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2.2.3 Reinforcement Learning

An intelligent agent is trained with Reinforcement learning (RL) by interacting with the

environment. The parameters of this agent are updated by maximizing the cumulative

reward the agent received during the interaction [51]. There are three components in one RL

agent, which are {a, s, π} where a is the action set that the agent may choose and s is the state

set of the agent and π is the policy function, the agent uses which to make next choice. In

n-ary cross-sentence relation extraction task, RL approach is applied to automatically select

the high-quality distant supervision labeled sentence group. For example, in binary intra-

sentence relation extraction task, some work trained an extra selector model, which selected

the correctly labeled sentences as the training data of the relation extraction model [12,

40, 61]. Most selectors are reinforcement learning (RL)-based models. These selectors are

iteratively trained with the relation extraction models such that two models are well-trained

after training stage.

2.2.4 Unsupervised Learning

Unsupervised Learning is a machine learning technique that learns patterns from unlabeled

data [2]. Unsupervised relation extraction is a way to cluster entity pairs with the same

relations and label the cluster automatically or manually. Hasegawa et al. first proposed

the concept of the context of entity pairs, which can be deemed as extracted features from

sentences. After that, they clustered different relations based on feature similarity and

selected common words in the context of all entity pairs to describe each relation [18].

Following this work, an extra unsupervised feature selection process was proposed to reduce

the impact of noisy words in context [8]. Yan et al. proposed a two-step clustering algorithm

to classify relations, which included a linguistic patterns based cluster and a surface context
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cluster. The linguistic patterns here are pre-defined rules derived from the dependency

tree [60]. Poon and Domingos also thought of using dependency trees to cluster relations.

The dependency trees are first transformed to quasi-logical forms, where lambda forms can

be induced recursively [39]. Rosenfeld and Feldman, on the other hand, considered that

arguments and keywords are relation patterns that can be learned by utilizing instances [45].

Their approach was an improvement of KnowItAll system, which is a fact extraction system

focusing more on entity extraction [11].

Some works also considered unsupervised relation extraction as a probabilistic generation

task. Latent Dirichlet Allocation (LDA) was applied in unsupervised relation extraction [4,

62]. Researchers replaced the topic distributions with triplets distributions and implemented

Expectation Maximization algorithm to cluster similar relations. de Lacalle and Lapata

applied this method in general domain knowledge, where they first encoded a Knowledge

Base using First Order Logic rules and then combined this with LDA [9]. In unsupervised

open domain relation extraction [10], the authors used corresponding sentences of entity

pairs as features and then vectorized the features to evaluate similarity of relations. These

features include the re-weighting word embedding vectors and types of entities.

2.3 Related Work on N-ary Cross-sentence Relation

Extraction

Dependency shortest path has been applied with other pre-processing features for n-ary cross-

sentence relation extraction [26, 31]. With the rise of deep learning, some work encoded the

dependency shortest path via graph neural networks. Peng et al. applied Graph-LSTM to

encode the dependency shortest path and link each path [37]. One dependency shortest path
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usually requires two Graph-LSTMs. Song et al. proposed the Graph-state LSTM so that

only one Graph-LSTM is needed to encode a path [50]. Some work also implemented Bi-

LSTM directly to encode the whole sentence sequences without requiring any preprocessing

[29]. The LSTM-CNN model they proposed achieved a better performance on the PubMed

dataset, but it cannot encode long sequences. Recently, this model has been improved by

deploying a multi-head attention layer. The model is also enhanced by incorporating prior

knowledge from a pre-trained Knowledge Base [66].



Chapter 3

Supervised N-ary Cross-sentence

Relation Extraction

3.1 Problem Formulation

In a relation extraction task, a fact is defined as a collection of i entities and one corre-

sponding relation, where i ≥ 2. The relations are verb phrases and describe the relationship

among these entities. For every m sentences, a relation extraction model should give the

relation among entities expressed in these sentences. If m ≥ 1 and i ≥ 2, the task is the

cross-sentence n-ary relation extraction problem.

In distant supervision-based method, we decompose the cross-sentence n-ary relation extrac-

tion task into two sub-problems: sentence distribution estimation and relation extraction.

The sentence distribution estimation is formulated as follows: given a set of sentence groups

and relation label pairs as {(g1, r1), (g2, r2), · · · , (gn, rn)}, where there are variable numbers

of sentences in each sentence group g and r is the noisy relation label produced by distant su-

pervision, the objective is to decide which sentences in each group truly describe the relation.

In other words, the model tells which sentence is correctly labeled and should be selected as

a training instance. The relation extraction is to classify relation r, given a sentence group

g.

11
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3.2 Proposed Relation Extractor

Figure 3.1: The flowchart of the proposed model. On the right side, the sentence distribution
estimator consists of main policy and supplementary policy. The relation extraction model
is on the left side.

As shown in Fig 3.1, the proposed model consists of two sub-models. The first is a sentence

distribution estimator (SentDE), which is used to measure the probability of whether a

sentence is correctly labeled by distant supervision. This model outputs a group of sentences

that describe a complete fact. The second model is the relation extraction model (RE). This

model takes a group of sentences as input and infers the relation contained in these sentences.

As shown in Fig 3.1, the relation extraction (RE) model receives a group of sentences from

SentDE and then encodes them using a Bidirectional-LSTM layer. We implement attention

and self-attention mechanisms to incorporate these sentence encodings to classify the rela-

tion. Conventional cross-sentence relation extraction models encode consecutive sentences so

they do not consider the connection and context between sentences, which should be learned

when encoding non-consecutive sentences. Therefore, attention mechanism is enriched with

the output from the non-linear transformation (LSTM) layer by a gate layer in the proposed

model. This layer learns how the information transforms in each sentence, which is exactly

the context information. The input of this transformation layer is the Piecewise Convo-
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lutional Neural Network (PCNN), which encodes each sentence as a feature vector. By

applying the hybrid model of attention mechanism and non-linear transformation, the pro-

posed model is universal for cross-sentence n-ary relation extraction task in many scenarios,

including both non-consecutive and consecutive sentences.

3.2.1 Sentence Encoding

Bidirectional-LSTM is applied as the sentence encoding layer [14]. The input of Bi-LSTM is

a sequence of the concatenation of the word embedding vector and position encoding vector.

We pre-train the word embedding with dw dimension by Glove [38]. The position encoding

is implemented as follows. Supposing the ordered entity list of one sentence is e1e2 . . . en, we

calculate the position distances between words and e1, en. Position distance is defined as the

number of sentences between the two sentences in the text. Then these position distances

are projected to a dense vector space, which has dimension dp. Although we can select posi-

tion distances of all entities, more position encoding features will decrease the classification

accuracy [29]. The input dimension for Bi-LSTM of one sentence is Rnw×(dw+dp+dp), where

nw is the number of words in each sentence. Then the output dimension from the Bi-LSTM

of one sentence is Rnw×db , where db is the hidden dimension of the Bi-LSTM.

3.2.2 PCNN and Non-linear Transformation Layer

The vector representation of each sentence is used in the non-linear transformation layer.

We apply PCNN to take the output of Bi-LSTM layer and get the vector representation [63].

PCNN first uses nf filters, each of kernel size Rns×db , to extract features, where ns is the

window size. The output of each filter fi is then divided into three segments {fi1, fi2, fi3}

according to entities e1, en positions, then max-pooling is applied in each segment. Eq. 3.1
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formally defines the piece-wise max-pooling layer:

pij = max(fij), 1 ≤ i ≤ nf , 1 ≤ j ≤ 3

pi = pi1 ⊕ pi2 ⊕ pi3

(3.1)

where ⊕ denotes concatenation and pi ∈ R3 is the piece-wise max pooling result of i-th filter.

Then the output dimension of PCNN for one sentence is R3nf .

The non-linear transformation layer is implemented with LSTM [22]. The sentence feature

vector si coming from the PCNN layer is the input at each LSTM cell state. The hidden

vector of the last state is the output of the non-linear transformation layer. The mathematical

definition is shown in Eq. 3.2

hi, ci = LSTM(si, hi−1, ci−1), 1 ≤ i ≤ nse

h0, c0 ∼ N (0, 1)

(3.2)

where N (0, 1) denotes standard normal distribution and nse is the number of sentences in

the sentence group. q ∈ Rdh is the output of the last hidden LSTM, where dh is the hidden

dimension of LSTM cell.

3.2.3 Attention and Self-attention Mechanism

Previous works report that multi-head self-attention improves sentence-level relation extrac-

tion performance because of its ability to model long sequences [54, 66]. This mechanism is
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applied via Eq. 3.3:

Mi = softmax

(
QWQ

i (KWK
i )⊤√

d

)
VW V

i

M = M1 ⊕M2 ⊕M3 ⊕ · · ·Mnhe

U = MWO

(3.3)

where WQ
i ∈ Rnse× ds

nhe , WK
i ∈ Rnse× ds

nhe , W V
i ∈ Rnse× ds

nhe , WO
i ∈ Rds×ds are learnable pa-

rameters and Q ∈ Rnse×ds ,K ∈ Rnse×ds ,V ∈ Rnse×ds are the query, key and value vectors

projected from the input vectors. nhe and ds are the number of heads and the number of

hidden units, respectively.

Another soft attention layer is applied to attend to the input U that contributes the most

on the classification of the relation. As shown in Eq. 4.4, this layer compares the relation

vectors with output vectors from multi-head self-attention.

pk =
m∑
j=0

ϵk,juj

ϵk,j =
eck,j∑m
i=0 e

ck,i

ck,j = uT
j rk

(3.4)

where rk ∈ Rd is the learnable vector of k-th relation and pk ∈ Rd is the attention result for

relation rk.
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3.2.4 Gate Layer and Output Layer

As shown in Eq. 3.5, an element-wise gate layer is applied to incorporate the outputs from

attention layer and non-linear transformation layer.

α = σ(W⊤
a p+ ba)

S̃n = tanh(W⊤
n q + bn)

S = αp+ (1− α)S̃n

(3.5)

where p ∈ Rds is the attention result and Wa ∈ Rds is the weighting matrix. q ∈ Rds is the

LSTM’s result and Wn ∈ Rds is the weighting matrix.

3.3 Proposed Sentence Quality Estimator

The proposed model is a two-level agent reinforcement learning model as in Fig. 3.1. We

assume that for each group of sentences, there is one main sentence and some supplementary

sentences. The main sentence that has the two main entities may contribute the most about

the relation. In other words, the relations cannot be extracted without the main sentence.

The supplementary sentences supplement the relation information and are selected given the

main sentence.

3.3.1 Main Sentence-Level Policy

State The vector representation of main sentence i is state si, and is generated by the PCNN

layer of the RE model.

Action The action set for this level is ai ∈ {0, 1}, where 1 indicates that the program selects
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the sentence i as the correctly labeled sentence. Note that this is a one-state RL and the

reward is calculated once ai is decided.

Policy The policy πθ represents the probability of selecting the input sentence given the

encoding information si.
πθ(ai, si) = P (ai|si)

= σ(W⊤si + b)

(3.6)

where σ is the sigmoid function and W⊤ ∈ Rds is the weighting matrix and ds is the dimension

of the state vector.

Reward The reward is the classification accuracy of the relation extraction model, given

selected input sentences.

3.3.2 Supplementary Sentence-Level Policy

State The state mj of this level comprises three indicators and the encoding information of

sentence cj. The first indicator e−d measures the distance between the current supplementary

sentence and the main sentence, where d is the position distance and e is the exponential

function. The second indicator |{e|e ∈ sentj ∧ e ∈ E}| gives the number of entities of the

current sentence sentj, where E is the set of entities of the fact. The third indicator cj ·si
||cj ||2·||si||2

measures the cosine similarity between the current sentence and the main sentence i. Along

with the encoding information, we assume that these indicators can fully address the context

information when selecting supplementary sentences.

This scenarios falls under a traditional finite RL setting. The transition function between

each mj should be defined to calculate the reward once the end state is reached. The

transition function is defined as follows. We first sort the supplementary sentences descending

according to their corresponding second indicators, then let the agent decide if selecting
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the first sentence. The next state is the first sentence of the descending sorted remaining

supplementary sentences according to |{e|e ∈ sentj ∧ e ∈ E/Eprev}|, where Eprev is the

entities in the previous selected sentences.

Action The action set for this level is bj ∈ {0, 1}, where 1 indicates that the program

selects the current sentence as the correctly labeled sentence, where the label is the relation

indicated by the sentence.

Policy Eq. 3.7 shows the policy πγ considers sentence-level indicators and sentence encoding

information simultaneously.

πγ(bj,mj) = P (bj|mj)

= σ
(
α(W⊤

k kj + bk) + β(W⊤
s sj + bc)

) (3.7)

where Wk ∈ R3 and Ws ∈ Rds are weighting matrices. kj is the vector of three real-number

indicators and ds is the dimension of the encoding vector of the sentence. α and β are also

learnable parameters.

Reward Note that the rewards, i.e., the accuracy of the results from the RE model, can

only be calculated when all necessary sentences are given. Therefore, there is no intermediate

reward that can be used directly for updating gradients. Similar to playing Go, we apply the

Monte Carlo search algorithm to simulate possible future results and use the average of these

results as the intermediate reward [47]. More formally, given the current state and previous

states m1:j, the Monte Carlo search algorithm with πγ as roll-out policy is applied to sample

the future possible state transitions m′
j+1:M , where M is the end state. The mathematical

definition is in Eq. 3.8

Monteπγ (m1:j;m
′
j+1:M ;N) = {m1:jm

′(1)
j+1:M ,m1:jm

′(2)
j+1:M , . . . ,m1:jm

′(n)
j+1:M} (3.8)



3.3. PROPOSED SENTENCE QUALITY ESTIMATOR 19

where N is the number of samples. Based on this, the intermediate reward can be calculated

via Eq. 3.9

R(i, j) =


1
N

∑N
n=1 e

−L(RE(si,m
(n)
1:M )),m

(n)
1:M ∈Monteπγ j < M

e−L(RE(si,m1:j)) j = M
(3.9)

where L denotes the cross entropy loss and RE is the relation extraction model. Note that

an exponential function is applied to make sure that the sentences group that has lower cross

entropy loss has a greater reward value.

3.3.3 Policy Gradient

After agents decide a set of actions based on their policies, the relation extraction model

gives the rewards. The objective of an RL algorithm is to maximize the overall expected

cumulative rewards by updating policy parameters following a policy gradient strategy [52].

The gradients of our two agents can be computed using Eq. 3.10.

▽Rθ =
∑
τ

∑
ι

R(ι)πγ(τ, ι)πθ(τ)▽ logπθ(τ)

= Eτ∼πθ(τ)[
∑
ι

R(ι)πγ(τ, ι)▽ logπθ(τ)]

≈ 1

N

N∑
i=1

M∑
j=1

R(i, j)πγ(bi,j,mi,j)▽ logπθ(ai, si)

▽Rγ =
∑
τ

πθ(τ)▽
∑
ι

R(ι)πγ(τ, ι)logπγ(τ, ι)

=
∑
τ

πθ(τ)Eι∼πγ(ι)[R(ι)▽ logπγ(ι)]

≈
N∑
i=1

πθ(ai, si)
1

M

M∑
j=1

R(i, j)▽ logπγ(bi,j,mi,j)

(3.10)
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where ▽Rθ, ▽Rγ denote the derivation of the reward R w.r.t. parameters of main sen-

tence policy πθ and parameters of supplementary sentence policy πγ, respectively. Then the

parameters of πθ and πγ can be updated via Eq. 3.11

θ ← θ + αθ ▽Rθ

γ ← γ + αγ ▽Rγ

(3.11)

where αθ and αγ are the learning rates.

3.4 Experimental Evaluation

3.4.1 Dataset

Table 3.1: An example of using the weaker distant supervision to label WikiText, given the
fact from Wikidata Knowledge Base

Fact {relation: educated at; main entities: Marie Curie, University of Paris;
supplementary entities: physics(major), Doctor of Science(degree)}

main sent In June 1903, Marie Curie was awarded her doctorate
from the University of Paris.

main sent Marie Curie was the first woman to become a
professor at the University of Paris.

sup sent In 1893, Marie Curie was awarded a degree in physics and
began work in an industrial laboratory of Professor Gabriel Lippmann.

PubMed The PubMed dataset is created by automatically labeling biomedical literature

with Gene Drug Knowledge Database. The labeling process follows this rule: a candidate

is retained only if no other co-occurrence of the same entities in an overlapping text span

with a smaller number of consecutive sentences [37]. In this dataset, there are 6,987 ternary

drug-gene-mutation relation instances and 6,087 binary drug-mutation relation instances.

There are 5 categories of relations:“resistance or nonresponse”, “sensitivity”, “response”,
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“resistance” and “none”. Following previous work [37], we binarize the multi-class relations

by replacing the first four relations as “yes”. We report the experimental results on the

binary relation extraction and on the multi-class relation extraction.

WikiText A complete fact not only appears in consecutive sentences but also in non-

consecutive sentences. The strong distant supervision hypothesis used in PubMed only

consider consecutive sentences. To consider these two situations at the same time and test

whether the proposed model can reduce the impact of noise data in both situations, we

also create a new dataset using a weaker distant supervision assumption. We first collect

Wikipedia webpages under the “People” category and remove all non-text symbols [56].

Then Wikidata is used as a Knowledge Base to automatically label the relations for these

webpages. In Wikidata, each fact consists of two values (main entities), n qualifiers (sup-

plementary entities) with n roles where n ≥ 0, and one property (relation). The labeling

process follows this rule: if the sentence has at least one main entity or two supplementary

entities that participate in one specific fact, this sentence possibly indicates the relation of

that fact. Specifically, as the example shown in Table 3.1, if the sentence has two main

entities, this sentence is labeled as the main sentence of that relation. Others are labeled

as supplementary sentences of that relation. Note that using this labeling process, some

sentences may be labeled more than one relation, which makes the task more challenging.

Compared to distant supervision used in the PubMed dataset, this labeling process is a

weaker distant supervision assumption and does not restrict the consecutiveness.

Statistically, there are 2,133 facts, 4,194 main sentences and 13,440 supplementary sentences

in the WikiText dataset. The number of different relations is 55, while the number of different

roles is 90. We select 20% main sentences and 20% supplementary sentences individually

as the test dataset. In this randomized selection, we also make sure that the instance that

has sentences in the test dataset also has sentences in the training dataset. This selection
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process is applied for 5 times and we report the average accuracy and standard derivation

on this dataset.

3.4.2 Baseline Methods

We compare with the following baselines: (a) Graph LSTM-based models, including Graph

LSTM-EMBED/FULL/ multitask [37]; (b) Graph state LSTM model(GS LSTM) [50]; (c)

LSTM-CNN model, which encodes sentences using LSTM first then extracts features using

CNN [29]; (d) Graph Convolutional Networks (GCN) and Attention Guided GCN (AG-

GCN) [17, 64]; (e) Multi-head attention-based model model [66]. Besides baselines, the RE

model is also tested individually as a variant of the proposed model.

3.4.3 Evaluation Results

Table 3.2: Average test accuracy in five-fold validation on PubMed dataset. Ternary denotes
drug-gene-mutation interactions and Binary denotes binary drug-mutation interactions. “-”
denotes that the value is not provided herein.

Model Binary class Multi-class
Ternary Binary Ternary Binary

Single Cross Single Cross Cross Cross
G-LSTM-EMB 76.5 80.6 74.3 76.5 — —
G-LSTM-FULL 77.9 80.7 75.6 76.7 — —
G-LSTM MUL — 82 — 78.5 — —
LSTM-CNN 79.6 82.9 85.8 88.5 — —
GCN (K=0) 85.6 85.8 82.8 82.7 75.6 72.3
GS GLSTM 80.3 83.2 83.5 83.6 71.7 71.7
AGGCN 87.1 87 85.2 85.6 79.7 77.4
Multih attn 81.5 87.1 87.4 89.3 84.9 80.1
RE model 88.0±0.3 88.3±0.2 89.1±0.2 86.5±0.4 85.1±0.3 80.4±0.2
RE with SentDE 88.6±0.1 89.2±0.1 90.1±0.2 88.7±0.3 86.7±0.2 81.3±0.2
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Evaluation on PubMed

We report average test accuracy in five-fold validation on the PubMed dataset. As shown in

Table 3.2, the performance of the proposed model is better than previous SOTA baselines

on most tasks1. Specifically, the test accuracy of RE model on all ternary relation tasks is

higher than baselines, which shows that the RE model is capable of processing multi-entity

relation extraction. After training the SentDE model and the RE model iteratively, the

impact of noise data on the training process of the RE model is greatly reduced, so that the

accuracy of the proposed model is higher than that of the RE model on all tasks. Meanwhile,

we notice that the accuracy of most baselines on multi-class tasks is much lower than that

on binary-class tasks, e.g., the accuracy of AGGCN is reduced by about 10%. However, our

model still maintains a high accuracy even on multi-class tasks, which is 1.8% higher than

SOTA.

In the binary entity relation extraction tasks, the performance of our model drops a little.

One possible reason is that we apply PCNN to extract the feature of each sentence. In the

binary relation data, there are many sentences with only one entity, which does not meet the

conditions of PCNN. In the experiment, the second anchor of PCNN on this kind of sentence

is set at the beginning of the sentence by default.

Table 3.3: The average test accuracy and standard deviation on WikiText dataset.

Model Accuracy(%)
LSTM-CNN 37.9 ± 2.5
Multihead Attention 52.2 ± 2.6
RE 59.3 ± 1.7
RE with SentDE(random) 64.7 ± 1.3
RE with SentDE(no indicators) 65.1 ± 0.8
RE with SentDE 66.4 ± 0.9

1Evaluation results of the first four models are reported from the literature
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Evaluation on WikiText

Since the baseline model is designed for consecutive sentences, the order of input sentences

is set so that the main sentence is the first, followed by all the supplementary sentences in

order. This order is also used in our proposed model without the SentDE model.

As shown in Table 3.3, the test accuracy of the RE model is 7.1% higher than the best

performance of baselines. This shows that the RE model is more capable of encoding non-

consecutive sentences and predicting the relations than previous models. Considering both

the results on the WikiText and PubMed dataset, the proposed RE model is a universal

model that fits for both non-consecutive and consecutive cross-sentence n-ary relation ex-

traction tasks. Note that the number of relations (classes) is 55, so the 66.4% test accuracy of

the proposed model is a fairly great result, which is significantly better than the RE model.

This indicates that with the help of SentDE agents, the RE model is more possible to learn

the real relation distribution.

Evaluation on SentDE model

Figure 3.2: The probability distribution of
sentences

Figure 3.3: The value of weights on each
training iteration

We first randomly select 100 main sentences from the test set and ask a graduate student to

check whether the relation labeled with distant supervision is correct for these 100 sentences.
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The correctly labeled sentences are marked with “1”, while others are marker with “0”.

Given by the main sentence-level agent, the probability that the sentences are correctly

labeled is also reported. As shown in Fig.3.2, the probability distribution of the sentences

given by the agent has a strong positive correlation with the results of manual inspection.

Specifically, most low-probability sentences are marked with “0” by human evaluation, which

indicates that these sentences are incorrectly labeled by distant supervision, while most high-

probability sentences are correctly labeled. This demonstrates that the well-trained main

sentence-level agent can distinguish incorrectly labeled data from correctly labeled data.

To investigate whether the three indicators selected in the supplementary sentence-level

agent affect model performance, we tracked the changes of the two weights, α and β, during

training and reported them in Fig.3.3. Both weights are initialized to 0.5 and their values

change slightly during training. The weight of the three indicators does not approach 0, which

demonstrates that the selected three indicators impact the model performance. Table 3.3

shows that the proposed model’s test accuracy without these indicators is 1.3% lower than

the original proposed model. This also indicates the positive impact of these indicators on

model performance. To investigate the impact of the defined transition rule, we replace the

transition rule with a random selection process, in which the next state of the supplementary

sentence-level agent is randomly chosen from the remaining sentences. Table 3.3 shows that

the model accuracy based on this process is 1.7% lower than the original model. This

demonstrates that the transition rule based on variety of entities helps the proposed model

alleviate the noise data effect.



Chapter 4

Unsupervised Binary Intra-sentence

Relation Extraction

4.1 Problem Formulation

The problem of unsupervised binary intra-sentence relation extraction can be defined as

follows. Given a text T , the model should learn the clusters of entity pairs (ei, ej), based on

the relation similarities of their associated sentences. Then, given (ei, ej), the model selects

the closest centroid from cluster centroid set C and uses the label of that centroid as relation

label rk.

4.2 Clustering-based Approach

4.2.1 Model Overview

The proposed Clustering-based Unsupervised Generative Relation Extraction (CURE) model

includes two stages. The first is the relation extractor training stage. We train a relation

extraction model, which takes text and (ei, ej) as input and outputs vectorized relation

representations. The second is the triplets clustering stage. In this stage, the relation

extractor model is used to extract relation representations then the relations are clustered.

26
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Figure 4.1: The architecture of relation extractor training stage of CURE

After labeling each cluster centroid, for a given (ei, ej), the model selects the closest centroid

from cluster centroid set C and uses the label of that centroid as rk.

We begin by introducing the Encoder-Decoder model that is used to train the relation

extractor. This proposed model captures the relation information given (ei, ej) and text. The

model architecture is shown in Figure 4.1. This training model first encodes the semantic

shortest paths of one entity pair in various sentences. The encoding information generated

by the encoder reflects the relation information of the input (ei, ej). The decoder uses the

summation of this information to generate the predicted semantic shortest path of that entity

pair. More formally, our model optimizes the decoder (D) and encoder (E), s.t.

argmax
Dθ,Eγ

P(Pau|Pa1, Pa2, · · · , Pau−1) (4.1)

where Pai is the i-th semantic shortest path of (ei, ej).
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The formal definition of semantic shortest path is explained in section 4.2.2. Here, we

briefly explain why the task of this stage is to predict P̂ au given other semantic shortest

paths. Note that it is necessary to build a well-trained encoder that can extract relation

information from given semantic shortest paths. However, the training data does not provide

correct relations of each entity pair, therefore it is not possible to train the encoder using a

supervised approach. Similar to self-supervised learning techniques, the key idea is to find

“correct expected result” to let the model fit without labeling the data. In our relation

extraction scenario, since all the semantic shortest paths of one entity pair possibly share

similar relation information, we treat one of them as the “correct expected result”, and the

remaining semantic shortest paths are provided as input to the encoder-decoder training

model. This “correct expected result” will be generated as output by that model. This

proposed semantic shortest path prediction approach provides a mechanism that can train

the encoder-decoder model, while making sure this model can converge. The well-trained

model indicates that the individual parts, D and E are also well-trained, which satisfies our

expectation from the relation extractor training stage.

In the triplets clustering stage of CURE, the well-trained encoder is used as the relation

extractor. The procedure of using the relation extractor model is shown in Figure 4.2.

This procedure first generates encoding information of input entity pairs (ei, ej) using the

pre-trained relation extractor. Then entity pairs are clustered based on their corresponding

encoding information. After labeling each cluster centroid, each entity pair (ei, ej) is assigned

a relation rk, which is the cluster label. The details are discussed in Section 4.2.6.
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Table 4.1: An example of path search

original sentence Ronald Reagan served as the 40th president of the United States.
Entity Pair (Ronald Reagan, the United States)
Dep Path [‘nsubj’, ‘ROOT’, ‘prep’, ‘pobj’, ‘prep’, ‘pobj’]
POS Path [‘PROPN’, ‘VERB’, ‘ADP’, ‘NOUN’, ‘ADP’, ‘PROPN’]
Word Path [‘Reagan’, ‘served’, ‘as’, ‘president’, ‘of’, ‘States’]

4.2.2 Semantic Shortest Paths

Given a dependency tree of one sentence, the semantic shortest path (SSP) of two entities

is defined as the shortest path from one entity (node) to the other entity (node) in the

dependency tree. Razvan et al. mentioned that the semantic shortest path can capture

the relation information of entity pairs [7]. Table 4.1 shows an example in which, given

an entity pair and a sentence, the semantic shortest path is the path from the start entity

“Ronald Reagan” to the end entity “the United States”. Since only words on this path

may not be sufficient to capture the relation information, we save the dependency tags D,

Part-Of-Speech (POS) tags P and words W to represent this path.

However, since some entities are compound words, which can be divided into different nodes

by the dependency parser, we choose the word that has a “subjective”, “objective” or “mod-

ifier” dependency relation as a representative. For example, we use “Reagan” as the start

entity to find the path because the dependency tag of “Reagan” is “nsubj”, while the de-

pendency tag of “Ronald” is “compound”.

4.2.3 Encoder

For each semantic shortest path of a given entity pair (ei, ej), the D, P and W sequences are

embedded into vectors with different dimensions. Since words have more variation than POS

tags and Dependency tags, we give more embedding dimensions to W . After the embedding
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process, the vector representations of W , P and D are concatenated.

We use a Long Short-Term Memory (LSTM) neural network [22] as the basic unit of the

encoder model. We use the Bi-directional LSTM (Bi-LSTM) to encode this sequential data.

The Bi-LSTM model considers information from both directions of the text and then con-

catenates the outputs from each LSTM in different directions. The output of the Bi-LSTM

model is shown in Equation 4.2:

h′′
i = lstm(xi,hi−1)⊕ lstm′(xi,h′

i−1)

= (oi ⊙ tanh(ci))⊕ (o′
i ⊙ tanh(c′

i))

(4.2)

where lstm and lstm′ are the LSTM and inverse LSTM functions described in Equation ??.

o′
i, c′

i and h′
i−1 denote the parameters of the inverse LSTM.

After all nodes on the shortest path are encoded, the encoder concatenates each hidden

state in order. The encoding information is the summation of encoding results of all shortest

paths. The formal description is defined in Equation 4.3:

ei = h′′
1 ⊕ h′′

2 ⊕ · · · ⊕ h′′
n

EI =
u−1∑
j=1

eij

(4.3)

where n is the length of each shortest path and eij is the encoding result of j-th shortest

path. EI is the encoding information of one entity pair.

4.2.4 Decoder

In the decoder part, the words on the semantic shortest path must be generated correctly. If

the model can generate the correct word sequences (W ), this means that the model has also
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correctly learned the complex syntax information. Therefore, we do not require the model

to generate P and D at the decoder part.

We use a Gated Recurrent Units (GRU) neural network [21] as the basic unit of our proposed

decoder. The GRU architecture has similar characteristics to LSTM, with an additional

benefit of having fewer parameters. In order to allow the decoder to fully integrate the

encoding information when generating W , we introduce the attention mechanism to the

decoder. Attention mechanisms can make the model notice only the information related

to the current generation task [54]. This enables the model to more efficiently use the

input information, which is the encoding information in this case. In general, as shown in

Equation 4.4, the attention mechanism is achieved by using attention weights to incorporate

encoding information.

hi = GRU(hi−1, qi−1)

qi−1 = B
((

A(hi−1)⊗ EI
)
⊕ qi−2

)
= Wβ

((
(Wα ⊗ hi−1 + bα

)
⊗ EI)⊕ qi−2

) (4.4)

where hi is the output of the i-th GRU unit, which is the predicted probability distribution

of the word at that position. qi−1 is the input of the GRU and the weighted information

of the previous state and the encoding information. B and A are two different attention

matrices that will be learned.

4.2.5 Loss Function

As discussed in the decoder section, each GRU unit outputs a vector that represents the

probability distribution for the word at a given position, where the index of each element of
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Figure 4.2: The triplets clustering stage of CURE

the vector corresponds to the index of each candidate word.

We design the loss function as the average cross entropy value of each predicted word and

correct word. The formal definition of the loss function is in Equation 4.5:

J (Dθ, Eγ) =
1

n

n∑
i=1

−log

 ehi,k∑
j:j ̸=k

ehi,j

 (4.5)

where n is the length of each semantic shortest path. h is the output tensor from the decoder.

Therefore, hi,k indicates the value of the k-th element in the i-th vector.

4.2.6 Triplets Clustering

When training the encoder-decoder model is complete, a relation extractor is obtained, which

can extract relation information given semantic shortest paths. The relation extractor can

use a vector to represent relation rk. Therefore, according to the method we introduced in

Figure 4.2, we use Hierarchical Agglomerative Clustering (HAC) to cluster similar vectors

together using Euclidean distance. The result of the HAC clustering is the same as the

clustering result of the entity pairs that share similar relations.
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After obtaining these clusters, we extract the W corresponding to the entity pairs in each

cluster, thus a candidate relation word set R is obtained. Based on set R, the relation word

of each cluster (i.e., cluster label) can be selected using the Equation 4.6:

r̂k = w

s.t. argmax
w

ϕe(w) · v
||ϕe(w)|| · ||v||

where v =
∑
ri∈R

Z

 ∑
rj∈R,j ̸=i

(
1− ri · rj
||ri|| · ||rj||

)
C(ri)

 ri

(4.6)

where w is the selected relation word, ri is the vector representation of the i-th word in

R and C(ri) is the number of occurrences of the i-th word in R. ϕe(·) is the pre-trained

word2vec function. Z(·) is the min-max normalization function. Our proposed key idea is to

first project the words into a high-dimension space using a pre-trained Word2Vec model [33].

Then the vector summation of these words obtains the vector of the relation word.

The direct summation of each word vector will result in loss of important information.

However, the more occurrences of a word inR, the weight should be greater in the summation

process. For example, suppose “locate” appears ten times and “citizen” appears once in R,

which indicates that this cluster is more likely to describe “is located in” than “is citizen

of”. Thus the model needs to reduce the impact of “citizen”. On the other hand, words

with more occurrences in R may also be common words or stop words. Therefore, we add

another factor, which measures the cosine similarity between the current word vector and

other word vectors in R. If the sum of the cosine similarity is higher, then the word is more

similar to other words, so we lower the value of this factor. Here we make an assumption

that words that are less similar to other words may be more meaningful. This assumption

is based on our observation that many stop words, such as “to” and “from”, are close in the

vector space.
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4.3 Variational Approach

Figure 4.3: The architecture of the proposed model. FFN is a two-layer feed-forward network.

The proposed Variational Autoencoder-based Unsupervised Relation Extraction model

(UREVA) uses VAE as the architecture. Specifically, we divide the encoder network into

two parts, one is the relation classifier and the other is the encoding layer. The relation

classifier calculates the probability that a given input sentence x is classified into relation r,

which can be expressed as qθ(r|x). We let latent variable z be conditioned on x and r, which

can be written as qθ(z|x, r). We use the encoding layer to model qθ(z|x, r). The decoder

network then reconstructs x given samples of z and r, which can be represented as pϕ(x|r, z).

Finally, as shown in Eq. 4.7, our model has the following mathematical property:

qθ(z, r|x) = qθ(r|x)qθ(z|x, r) (4.7)

4.3.1 VAE-based Objective Function

Variational autoencoder (VAE) is a probabilistic generative model that describes an obser-

vation in latent space. The goal of VAE is to train a decoder via pϕ(x, z) = pϕ(z)pϕ(x|z),

where pϕ(z) is a prior distribution of latent variable z and pϕ(x|z) is the decoder that gen-
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erates x given z. In general, since the true posterior distribution pϕ(z|x) is not tractable, an

encoder is used to approximate it, which can be expressed as qθ(z|x). The objective of VAE

is to minimize the KL divergence of qθ(z|x) and pϕ(z|x) such that the two distributions are

similar to each other [55]. Expanding this objective function can give following equation:

log(pϕ(x)) = KL(qθ(z|x)||pϕ(z|x)) + L(θ, ϕ;x) (4.8)

Given this equation, minimizing the KL divergence is equivalent to maximizing L(θ, ϕ;x).

Then the objective function can be derived as follows:

log(pϕ(x)) ≥ L(θ, ϕ;x)

= Eqθ(z|x)[log(pϕ(x|z))− log(qθ(z|x))]

= Eqθ(z|x)[log(pϕ(x|z))]−KL(qθ(z|x)||pϕ(z))

(4.9)

The objective function of our model can be derived from the original VAE objective function

by substituting r as follows:

log(pϕ(x, r)) ≥ Eqθ(z,r|x)[log(pϕ(x|r, z))]−KL(qθ(z, r|x)||pϕ(z)) (4.10)

The goal of our proposed model is to optimize the lower bound of logpϕ(x, r), which is similar

to the goal of the original VAE. To optimize this lower bound, we treat the term on the right

hand side of Eq.4.10 as the objective function. We then substitute Eq. 4.7 into the objective

function. This enables us to rewrite the objective function as shown in Eq. 4.11:

L =Eqθ(r|x)[Eqθ(z|x,r)[logpϕ(x|r, z)] +KL(qθ(z|x, r)||pϕ(z))] +
∑
r

∑
z

qθ(z|r, x)H(qθ(r|x))

(4.11)
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where H(·) represents the entropy function.

4.3.2 Approximation of Objective Function

In this section, we discuss that it is not possible to compute the exact objective function and

present two methods to approximate the objective function.

Decoding Approximation

As seen in Eq. 4.11, the goal of the decoder is to compute the probability logpϕ(x|r, z) of

a sentence given a relation and the latent variable. A key challenge is that computing this

probability makes it harder to train the model. This is because generating sentences using

sampled data is very unstable. To overcome this challenge, we approximate the probability

logpϕ(x|r, z) as the probability of an entity pair logpϕ(ehead, etail|r, z) given a relation and

the latent variable. This entity pair probability can be computed via Eq. 4.12 as follows:

pϕ(ehead, etail|r, z) =
ϕ(ehead, etail|r, z)∑

i,j∈E;i ̸=j

ϕ(ei, ej|r, z)
(4.12)

where ϕ(·) is the score function modeled by the decoder and E is the set of all entities.

A key challenge is the calculation of the denominator of Eq. 4.12 is computationally intensive.

Following [48], we apply negative sampling to approximate pϕ(ehead, etail|r, z). Specifically,

we randomly sample some entities as the input of the decoder. Then the decoder should give

high scores to the correct entity pairs and low scores to the randomly formed entity pairs.
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Formally, as shown in Eq. 4.13, pϕ(ehead, etail|r, z) is equivalent to:

pϕ(ehead, etail|r, z) ∝ −log(σ(ϕ(ehead, etail|r, z)))

−
∑
k

Eei∼pE [log(σ(−ϕ(ehead, ei|r, z)))]

−
∑
k

Eei∼pE [log(σ(−ϕ(ej, etail|r, z)))]

(4.13)

where σ is the sigmoid function and k is the sampling times. ei and ej are sampled entities

based on empirical entity distribution pE.

Encoding Approximation

To enable VAE to pass the gradient during random sampling, a common method is to use

reparameterization to simulate qθ(z|r, x) [24]. This method lets the encoder generate the

mean µ and variance σ vectors. The result of sampling can then be defined as ẑ = µ + ϵσ,

where random variable ϵ following N ∼ (0, 1).

By utilizing this trick, we can calculate the KL divergence term in Eq. 4.11. However,

qθ(z|r, x)H(qθ(r|x)) is not tractable since the probability qθ(z|r, x) is unknown. In practice,

we replace qθ(z|r, x) with a small constant c. This approach is equivalent to changing the

different weights of the entropy of different r’s into a constant.

4.3.3 Encoder Architecture

According to previous work, entity types are the most significant features that represent

the relation information of sentences [53]. We follow this work and apply two different

feed-forward networks to model the relation classifier and encoding layer.
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Specifically, given sentence x, we extract the entity types of the head and tail entities in

x, denoted as th and tt. We use one-hot vector to represent the combination of two entity

types th ⊕ tt. That is, if there are n different entity types in the dataset, then the length

of the one-hot vector is n2. Then relation classifier and encoding layer are modeled via the

following equation:
r = W T

r (th ⊕ tt) + br

x̂ = W T
e (th ⊕ tt) + be

z = W T
en(x̂⊕ r) + ben

ẑ = RT (z, ϵ)

(4.14)

ẑ is the sampled data and x̂⊕ r is the concatenation of x̂ and r. Note that z is a vector of

µ and σ and RT (·) represents reparameterization.

4.3.4 Decoder Architecture

Entity Embedding

FFN

Convolving
Average
Pooling

Output
Score

Flatten
FFN

Figure 4.4: The decoder architecture

RESCAL is a three-way tensor decomposition method, which needs to build a three-dimensional

matrix to represent the relation embedding. Unlike the previous methods that use RESCAL [35]

and selective preference as the decoder, we use a simple CNN to reconstruct triplets. The

reason for using CNN is that our decoder needs to sample from the qθ(z|r, x) distribution to
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establish a connection with the encoder. The reason is that the dimension of the sampling

result of z is much smaller than the dimension of a three-dimensional matrix, so forcibly

mapping the sampling result to this matrix will cause the matrix to be sparse.

In order to apply CNN, we first concatenate sampled ẑ and r and map the result to hr ∈ Rnd .

This process models the pϕ(x|r, z), since the decoder should take both r and z into account

when reconstructing the triplets according to that term. As shown in Fig 4.4, then we

concatenate ehead, hr, etail as cin = ehead ⊕ hr ⊕ etail ∈ R3×nd , where ehead and etail are the

embeddings of head entity and tail entity. CNN uses nf filters, each of kernel size R2×nd ,

to extract features from cin. Then a average pooling is applied to process the results. The

flattened average pooling output cout ∈ Rnf is mapped to a real number via a linear layer.

4.3.5 Key Insights

Previous work uses encoder as a relation classifier, which outputs a relation classification, a

probability distribution r [30]. In their work, the decoder reconstructs triplets based on r

and the loss function can be defined via Eq. 4.15

L = Eqθ(r|x)[logpϕ(ei|e−i, r)] +H(qθ(r|x)) (4.15)

where ei is the predicted entity and e−i is the given entity. The model reconstructs the triplet

by predicting the missing entity. If we compare Eq. 4.15 with the loss of VAE, one can find

that r in Eq. 4.15 is the latent variable z in VAE. In addition, the entropy of r is actually

equivalent to the KL divergence of pϕ(r|x) with uniform distribution. Therefore, unlike the

general VAE methods that predefine z as a normal distribution, the loss function defined

here pushes pϕ(r|x) to the uniform prior distribution. In most cases, the encoder does not

really classify relation given the input sentence x, because the loss function only requires
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reducing the reconstruction loss while maintaining the uniform distribution of pϕ(r|x). In

addition, in their work, when reconstructing the triplet, decoder did not sample data from

pϕ(r|x). Therefore, it is possible that the decoder can successfully reconstruct the entire

triplets with uniform pϕ(r|x). Moreover, a large part of the entities only appeared once

in the dataset, which simplifies training the decoder. This explains the question raised in

the work of Simon et al [48] that why the model is unstable and likely to classify all input

sentences into the same relation.

In order to tackle this problem, 1) qθ(r|x) cannot be used to mimic the prior distribution.

2)decoder has to be connected with encoder via the sampling process. Then the main

difference between our proposed model and previous approaches is that we regard r as an

intermediate variable instead of latent variable, which is conditioned on the real input x. We

guarantee from two aspects that the proposed model will really learn relation classification.

1) According to Eq. 4.7, if the encoder can map the input x to latent space z, it must learn

pθ(x|r), because this is an essential step for the mapping process. 2) According to qϕ(x|z, r),

our decoder reconstructs triplets based on sampled z and r, while the decoder of the previous

model does not receive any information from the encoder. This ensures that the decoder

utilizes the information from sampled data. Therefore, the relation classifier can receive the

gradients to update.
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4.4 Experimental Evaluation

4.4.1 Dataset

CURE model

Datasets We use a New York Times (NYT) dataset [43] and the United Nations Parallel

Corpus (UNPC) dataset [67] to train and test our model and other unsupervised relation

extraction baseline methods.

NYT dataset. In the NYT dataset, following the preprocessing in Rel-LDA, 500K and 5K

sentences were selected as the training and testing sets, respectively. Each sentence contains

at least one entity pair. Note that only entity pairs that appear in at least two sentences were

included in the training set, so the number of entity pairs in training set is 60K. Furthermore,

all entity pairs in the testing set have been matched to Freebase [5]. That is, for a given

entity pair (ei, ej), we have a relation rk from Freebase.

UNPC dataset. The UNPC dataset is a multilingual corpus that has been manually

curated. In this dataset, 3.2M sentences were randomly selected from the aligned text of the

English-French corpus and used as the training set. The number of entity pairs in training

set is 200k. We selected 2.6k sentences to use as the testing set. Each sentence also contains

at least one entity pair. The number of unique entity pairs is 1.5k in the testing set (previous

work used a testing set with 1k unique entity pairs [60]). Similarly, all entity pairs in the

testing set have been matched to YAGO [42].

While previous state-of-the-art methods for this problem used only the NYT dataset for

evaluation, we chose to additionally use this corpus for further evaluation for two reasons:

(1) The scale of this dataset is far greater than that of NYT dataset, so the model is more
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likely to learn methods for extracting relation patterns. (2) To ensure model robustness and

ensure that a model that achieves excellent results on NYT is not over fitting to the dataset.

UREVA model

Data: Following previous work [53], we use NYT-FB dataset to evaluate our model. NYT-

FB dataset is obtained by using Freebase to label the corpus of the New York Times. That

is, if the entity pair that appears in a sentence also appears in Freebase [5], then this sen-

tence is automatically labeled as the relation stored by Freebase. After filtering out some

sentences using syntactic patterns, there are 2 million sentences in the dataset, of which

41,000 are labeled with meaningful relations1. Of the 41,000 tagged sentences, 20% are used

as validation set, and 80% are used as test set.

As argued in previous work [53], NYT-FB dataset may not be a perfect dataset to evaluate

models since the relation is a long tail distribution in this dataset. This allows a model to

achieve high performance by predicting each sentence into a unique relation, which is unex-

pected. Therefore, we also conduct experiments on the other dataset, SemEval dataset [19].

We use SemEval 2010 Task 8, which is Relation Extraction task between pairs of nominals.

There are 8,000 sentences in the training set, the entities of each sentence are manually

labeled and the relations of these entities are also manually annotated. This dataset has a

total of 10 relations, including “Others” that represents no normal relation detected in the

sentence. As the previous work has the same preprocessing process for NYT-FB dataset, we

use 20% of these sentences as the test set.

1The detailed preprocessing steps are described in the previous work [30].
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4.4.2 Evaluation Metrics and Baselines

CURE model

Baseline Models: We compare CURE to three state-of-the-art unsupervised relation ex-

traction models. 1 (Rel-LDA): the topic distribution in LDA is replaced with triplets distri-

bution, and similar relations are clustered using Expectation Maximization [62]. 2 (VAE):

the variational autoencoder first predicts semantic relation given entity pairs then recon-

structs entities based on the prediction. The model is jointly trained to minimize error

in entity recovering [30].3 (Open-RE): corresponding sentences of entity pairs are used as

features and then the features are vectorized to evaluate relation similarity [10].

UREVA model

Evaluation Metrics: B-cube (B3) [1], V-measure [44] and Adjusted Rand Index (ARI) [23]

are used as evaluation metrics. B3 is the harmonic mean score of recall and precision of

clustering result. Similarly, V-measure is the harmonic mean between homogeneity and

completeness, while ARI is anther general way to evaluate clustering performance.

Baselines: In order to compare the proposed approach with other state-of-the-art methods,

we use following four models as the baselines. 1: Rel-LDA [62] is designed for relation

discovery task based on LDA model [4]. The topic distribution is replaced by relation

distribution, modeled by Dirichlet prior distribution. 2: March [30] is a VAE-like model,

which encodes relation classification and train a decoder to reconstruct the triplet of given

sentence. Note that in later work, this model was boosted by adding regularization terms.

Therefore, we compare our method with this improved model, March(Ls+Ld). 3: Simon [48]

proposed using PCNN as the encoder and boosted previous work by adding regularisation
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loss terms. 4: EType+ is a straightforward model that takes combination of entity types

in each sentence as the input [53]. These combinations are then mapped to the relation

classification results through feed-forward networks. Note that for 3 and 4 baseline models,

we choose the re-implemented version, which is publicly available [53].

4.4.3 Evaluation on Clustering-based Approach

Results on NYT

Table 4.2 shows the performance of each model on assigning relations to entity pairs, which

involves relation extraction followed by clustering. We compare the models on selected

relations, which appear most frequently in the testing dataset. We report recall, precision

and F1 scores for each method in Table 4.2. Since the original Rel-LDA and VAE methods

did not investigate automatic cluster labeling, we compare against a variant of these methods,

where we use the most frequent trigger word in each cluster as the label. Trigger words are

defined by the non-stop words on semantic shortest paths. A cluster (and each entity pair

in that cluster) is labeled by the relation (in Freebase) that is similar to the most frequent

trigger word in that cluster. For a given entity pair with two or more relations in Freebase,

the predicted relation of this entity pair is considered accurate as long as it matches one of the

corresponding relations in Freebase. Notably, CURE achieves the highest accuracy assigning

relations to entity pairs as shown in Table 4.2. We also report the F-1 gain in Figure 4.5.

Overall, CURE outperforms all other methods with a gain in F-1 score of average 10.47%.

While both our method and VAE involve an encoding and decoding process, there is a

key difference between the two methods. CURE considers the correlation of sentences that

have the same entity pair, while VAE directly projects the relation information into a high-

dimensional space, and reconstructs triplets according to the projection results to train the
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encoder. The results show that the CURE relation information extractor is more accurate

than VAE. We conjecture that CURE’s achieved accuracy improvement is because doing

sentence correlation into the model is equivalent to guiding the converge direction when

training the encoder. We note that it can be difficult to clearly distinguish some relations

in a sentence. For example, the two clusters for “placeBirth” and “placeLived” partially

overlap, so the F-1 score of each model on these two relations is relatively low. In future

work, we plan to further investigate and address this finding.

Figure 4.5: % F-1 gain of CURE over base-
lines on NYT

Figure 4.6: % F-1 gain of CURE over base-
lines on UNPC

Results on UNPC

We use the same experimental settings and parameters we used on the NYT data set.

Similarly, Table 4.3 reports recall, precision and F1 scores and shows that our model achieved

the best performance in most relations. Note that the genre of UNPC (political meetings

records) is different from that of NYT. Therefore, the relations in UNPC are mainly based on

national relations and geographical location. Although, overall, CURE outperforms all the

baselines, we note that it did not perform well on some relations. In these cases, we notice

that CURE performs more detailed clustering than needed. For example, given the relation

“isPoliticianOf”, CURE divides entity pairs in this category into finer grain subsets, such
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Table 4.2: Experimental results on NYT

Relation System Rec. Prec. F1

company

CURE 48.2 60.4 53.6
Open-RE 46.8 54.9 50.5
Rel-LDA 39.4 50.7 44.3
VAE 47.3 51.6 49.4

placeBirth

CURE 47.5 38.2 42.3
Open-RE 38.4 31.3 34.5
Rel-LDA 31.7 25.7 28.4
VAE 43.2 32.9 37.4

capital

CURE 54.2 65.5 59.3
Open-RE 53.2 66.1 59.0
Rel-LDA 48.4 63.9 55.1
VAE 56.3 59.8 58.0

contains

CURE 56.7 53.4 55.0
Open-RE 51.6 56.9 54.1
Rel-LDA 43.3 49.8 46.3
VAE 49.1 49.0 49.0

nationality

CURE 39.8 75.4 52.1
Open-RE 36.4 62.8 46.1
Rel-LDA 31.3 64.6 42.2
VAE 41.3 65.1 50.5

neighborOf

CURE 43.9 45.1 44.5
Open-RE 42.5 43.4 42.9
Rel-LDA 33.8 38.6 36.0
VAE 37.1 44.0 40.3

founders

CURE 46.4 45.3 45.8
Open-RE 45.1 44.4 44.7
Rel-LDA 35.9 43.9 39.5
VAE 42.6 45.5 44.0

placeLived

CURE 38.7 33.1 35.7
Open-RE 37.4 27.6 31.8
Rel-LDA 32.4 24.5 27.9
VAE 35.3 32.9 34.0

children

CURE 52.8 47.0 49.7
Open-RE 48.0 45.7 46.8
Rel-LDA 44.3 42.3 43.3
VAE 53.1 39.7 45.4
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Table 4.3: Experimental results on UNPC

Relation Models Rec. Prec. F1

dealsWith

CURE 67.3 56.6 61.5
Open-RE 62.7 54.4 58.3
Rel-LDA 60.3 50.3 54.8
VAE 67.5 54.3 60.2

hasCapital

CURE 62.9 60.2 61.5
Open-RE 60.5 58.1 59.3
Rel-LDA 56.7 56.5 56.8
VAE 61.6 58.3 59.9

hasNeighbor

CURE 68.5 56.7 62.0
Open-RE 62.3 53.8 57.7
Rel-LDA 61.4 52.6 56.6
VAE 67.3 54.6 61.8

isCitizenOf

CURE 57.6 40.1 47.3
Open-RE 55.2 39.5 46.0
Rel-LDA 52.5 36.9 41.2
VAE 53.1 41.0 46.3

isLocatedIn

CURE 71.9 46.7 56.6
Open-RE 68.7 42.1 52.2
Rel-LDA 66.0 39.4 49.3
VAE 68.3 44.9 54.2

isPoliticianOf

CURE 47.5 41.1 44.1
Open-RE 44.7 38.8 41.5
Rel-LDA 39.2 35.7 37.2
VAE 45.2 38.0 41.3

as “president” or “ambassador”. We also report the F-1 gain in Figure 4.6. Overall, CURE

outperforms the other methods with an average F-1 score gain of 6.59%. Experiments on

UNPC show that CURE outperforms SOTA approaches and generalizes better to different

domains and data sizes.

Clustering Performance

We evaluate clustering performance of each model using rand index. We implement the

evaluation as follows: 1) We pair n entity pairs in the testing set together. Therefore, we
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Figure 4.7: Rand Index score of CURE and baselines

obtain
(
n
2

)
pairs of entity pairs. 2) We partition the testing set into m subsets using Freebase

or YAGO, and into k subsets using CURE and the baseline methods. Following the definition

of rand index, we then compare the m and k subsets to measure the similarity of the results

of the two partitioning methods.

The rand index evaluation result is shown in Figure 4.7. Overall, CURE outperforms state-

of-the-art methods on both datasets. CURE performs slightly better on NYT than on UNPC.

One possible reason is that most sentences of the UNPC dataset do not directly explain the

relation between two entities, so some entity pairs are assigned to more general relations,

such as “contains”.

Label Words Selection Evaluation

In this section, we compare the results of two approaches for selecting relation words:

(1) based on word vector similarity (denoted as WVS and used by CURE), and (2) based

on common words (denoted as CW and used by previous work [18]). Other approaches that
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Table 4.4: Clustering Label Comparison between selecting relation words based on word
vector similarity (WVS) and selecting relation words based on common words (CW)

Label Words Relation
WVS metropolis government city capitalCW city states help
WVS live stay york placeLivedCW york live play
WVS born rise country placeBirthCW country city live
WVS near neighbor close neighborOfCW include like york
WVS business executive group companyCW group expert executive
WVS locate include states containsCW states country city

rely on experts to manually specify relation words based on extracted trigger words are not

included in this comparison. We implement this evaluation as follows: (1) For each relation

rf in Freebase, we count the number of entity pairs with the relation rf in each cluster. (2)

We select the cluster that contains the most entity pairs with the relation rf . (3) WVS and

CW are used to generate the label of the selected cluster. (4) We compare the top three

generated cluster labels with the relation rf as shown in Table 4.4.

The relation words selected by WVS can capture the relations better than CW. For exam-

ple, for the relation “contains”, WVS finds words that describe the relation between two

geographic locations, such as “locate” and “include”. However, CW can only find that “con-

tains” is related to each geographical division, such as “state” and “country”. Moreover,

the candidate word lists generated by WVS and CW have different orders. For example,

for the relation “company”, CW regards “group” as the best word to describe the relation

and puts “executive” in the last place. This arrangement is obviously not consistent with

facts, because “company” in Freebase mainly emphasizes the relation between the company’s

leader or owner and the company. WVS arranges its candidate words list differently and
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more accurately, putting “business” in the first place and “executive” in the second place.

Finally, both label clustering methods are affected by the noise in the text. For example, for

the relation “placeLived”, both CW and WVS mistakenly included “york” as a candidate

relation word because “New York Times” appeared many times in the NYT dataset.

4.4.4 Evaluation on Variational Approach

Table 4.5: The evaluation results of UREVA and baseline methods on NYT-FB and SemEval
dataset. Note that r = i indicates that there are i clusters in each model. r on the left of
the table corresponds to the setting of NYT-FB, and r on the right of the table corresponds
to the setting of SemEval. – denotes that the result is not provided herein.

NYT-FB SemEval
Model B3 V-measure ARI B3 V-measure ARI

r=10

RelLDA 29.1 37.4 24.2 – – –

r=10
March(Ls + Ld) 37.5 38.7 26.1 – – –
Simon 32.6 30.5 23.8 22.3 11.2 9.7
EType+ 41.9 40.6 30.7 – – –
UREVA 43.1 42.0 31.6 24.5 13.8 11.7

r=16

March(Ls + Ld) 36.9 37.4 28.1 – – –

r=5Simon – – – 21.6 11.5 10.6
EType+ 41.5 41.3 30.5 – – –
UREVA 43.4 41.6 31.5 25.1 14.4 12.1

r=100

RelLDA 29.6 37.7 25.1 – – –
r=15Simon – – – 19.8 10.9 9.8

March(Ls + Ld) 35.8 35.4 27.3 – – –
UREVA 41.9 43.2 29.0 23.5 13.8 10.3

Evaluation Metrics Results

Performance on NYT-FB: Table 4.5 shows the average results across three-runs of each

model. The performance of UREVA on NYT-FB dataset is better than that of state-of-

the-art models. Note that as presented in previous work, the performance of Simon model
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that replaces PCNN with entity type is still not as good as EType+ [53]. Therefore, we

focus more on the performance of UREVA and EType+ at r = 10 and r = 16. In general,

UREVA’s performance is better than EType+ in both cases. In addition, as r increases,

UREVA’s performance has a slight improvement. This is expected because the more relation

clusters predicted by the model, the more likely it is to fit the true relation distribution. In

comparison, the performance of EType+ has not steadily improved as r increases. For

example, the values of V-measure and B3 drop marginally.

Performance on SemEval: We also report the performance of UREVA and Simon models

on the SemEval dataset. Note that in experiments, we found that most of the entities

labeled in the SemEval dataset are not named entities. That is, all models based on pre-

difned features, such as entity types and dependency path, cannot be evaluated on this

dataset. Recall that the encoder of our model is also based on entity types, therefore, in

order to compare with Simon’s model on this dataset, we replaced the encoder architecture

with PCNN, which is the same architecture used in the Simon model. In addition, since

there are only 10 different relations in the SemEval dataset, we set the number of clusters

of the models to 5, 10, and 15.

Both Simon and UREVA’s evaluation values on this dataset have dropped significantly,

which is reasonable however. The possible reason is that the number of relations in SemEval

is far less than the number of relations in NYT-FB. The reduction in the number of relations

will cause any wrong classification to have a great impact on the evaluation value. For

example, the V-measure score of random classification is about 15 in NYT-FB dataset. For

comparison, the V-measure score of random classification on SemEval dataset is only 0.4.

Compared to the V-measure score of random classification on SemEval dataset, the gain

of UREVA and Simon’s V-measure score are 33.5, 27, respectively. The gain of UREVA

and Simon’s V-measure score are 1.8, 1.03 on the NYT-FB dataset, respectively. Therefore,
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the classification accuracy of the two models did not decrease significantly. In addition,

compared with Simon, UREVA can still maintain a relatively high classification accuracy on

SemEval dataset.

Analysis on Classification Accuracy

As indicated in Section 4.4.4, we found that even if the model keeps predicting the input

sentences into the same relation, the B3 score of the model still remains around 22 on NYT-

FB dataset. Similarly, if we randomly classify the input sentences, the V-measure score of

the classification result also exceeds 15. We note that this is a key observation. Based on

this observation, it is not clear whether the three evaluation metrics used in previous works

(B3, V-measure, ARI) present a true measure of model performance [48, 53]. Therefore,

in order to answer this question, we next analyze each relation clustering predicted by the

model to ensure that the relation classification is indeed accurate.
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Figure 4.8: Predicted relation groups. reli is i-th predicted relation group. Label1 is the
real relation that appears the top most frequently in a relation group. Label2 and Label3
represent the real relation that appears second and third most frequently in a relation group,
respectively. The ordinate represents the number of sentences classified into each relation
group.
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As shown in Figure 4.9, in the NYT-FB test set, the relation distribution is similar to a

long-tailed distribution. A small number of relations have a high frequency and most of

the relations appear with very low frequency in the dataset. For example, the first three

relations with the most occurrences account for nearly 50% of the total relations. The result

of the relation distribution predicted by our model is similar to this fact. As shown in

Figure 4.8, we list the relation distribution output by the model on the test set and the

number of different relations output by the model is set to 16. One can see that the relation

distribution predicted by the model has a similar long-tailed distribution shape to the actual

relation distribution. We also list the top three real relations in each predicted relation

group, and label them as label1, label2 and label3. For example, suppose 50 sentences in

the test set are predicted to be relation r
(0)
p . Among these 50 sentences, 16 sentences are

labeled as actual relation r
(1)
r , 15 sentences are labeled as r

(2)
r , 14 sentences are labeled as

r
(3)
r , and 5 sentences are labeled as r(4)r . Then r

(1)
r , r(2)r and r

(3)
r are label1, label2 and label3,

respectively. If the first three labels account for a high proportion of each predicted relation

group, it means that the model does not randomly classify sentences into different relations.

The reason is that random classification will give a uniform distribution to each predicted

relation group.

Table 4.6: An example of semantic meanings of top-frequency real relations of each predicted
relation group.

Relation 5 Relation 9
founders placeLived

directedBy nationality
authorEeditor containedby

writtenBy placeOfBirth
child company

owner’s placeOfDeath
containedby placeOfPublication

majorShareholders placeOfBurial
worksWritten country
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Figure 4.9: The real relation groups. The ordinate represents the percentage of the number
of sentences in each relation group to the number of sentences in the dataset. The x-axis is
the relations sorted according to the number of sentences contained. For ease of observation,
the x-axis label is omitted

Next, we provide a qualitative analysis, which shows that the different relation classes pre-

dicted by UREVA have different meanings. As shown in Table 4.6, we randomly select two

of the predicted relation groups, relation 5 and relation 9, and find the top 9 real relations

that appear most frequently in each of these two relation groups. By analyzing the seman-

tics of these real relations, it is not difficult to find that relation 5 mainly describes the

subordination relationship between people or objects. Conversely, relation 9 describes the

relationship between people or objects and a geographic location. This shows that different

relation groups predicted by UREVA represent different relation information semantically.



Chapter 5

Unsupervised N-ary Cross-sentence

Relation Extraction

5.1 Problem Formulation

Unsupervised n-ary cross-sentence relation extraction is a special case of unsupervised re-

lation extraction task. We formulate this problem as follows: given an input text S =

{s1, s2, · · · , sn}, where si is the sentence of this text, the unsupervised n-ary cross-sentence

relation extraction model determines which sentences can form a sentence group, which con-

tains an n-ary relation. Then the model should cluster the sentence groups that have the

same relation together. In other words, there are two technical problems that need to be

solved.

1. Train an unsupervised relation extraction model that can cluster sentence groups with

the same relations.

2. Train a model that learns how to determine whether the input sentence group is valid.
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5.2 Proposed Approach

In order to tackle with theses two problems, we propose Selection-Guided Variational

Autoencoder-based Unsupervised Relation Extraction (SG-UREVA) model. The proposed

model consists of two components, the selector and the Variational Autoencoder (VAE). The

selector model learns to select high-quality sentence group from the input and remove the

sentence group that does not describe a relation. The VAE model is similar to UREVA

model, which trains a relation classifier as the encoder that clusters the sentence groups that

have the same relation.

5.2.1 Loss Function of VAE

We first expand the loss function defined in UREVA model. Here we assume that the

latent variable z is conditioned on the joint distribution of input sentence group x, relation

classification r, and the selector results s. That is, both s and r are the intermediate variable

of the VAE model. Therefore, the loss function of the VAE model can be define in Eq. 5.1:

log(pϕ(x, r, s)) ≥ Eqθ(z,r,s|x)[log(pϕ(x|r, s, z))]−KL(qθ(z, r, s|x)||pϕ(z)) (5.1)

where qθ is the encoder and pϕ is the decoder. KL represents the Kullback–Leibler divergence.

As we did in UREVA model, we can rewrite this loss function to split qθ(z, r, s|x). The new

loss function is shown in Eq. 5.2

L = qθ(s|x)Eqθ(r|s,x)[Eqθ(z|x,r,s)[logpϕ(x|r, s, z)] +KL(qθ(z|x, r, s)||pϕ(z))]−

qθ(s|x)log(q(s|x))q(z|r, s, x) + qθ(s|x)
∑
r

∑
z

qθ(z|r, x, s)H(qθ(r|s, x))
(5.2)
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Figure 5.1: The architecture of SG-UREVA

As shown in Fig 5.1, we can use the same UREVA architecture to model the loss function

Eq. 5.2. However, directly training the entire model is likely to cause unbalanced training

result. For example, we already demonstrated the clustering performance of the UREVA

model in the Section 4.4.4. The newly added selector component is likely to be ignored when

training with this robust UREVA model, i.e., the selector will determine similar probabilities

for all sentence groups since the UREVA model can be converged even without the selector

component. This does not meet our expectations. As stated in the problem formulation, we

need to know which sentences can be formed as a sentence group and what the relation of

that group. The model cannot determine which sentences can be formed as a sentence group

sin the selector is ignored. Therefore, we separate the selector from the entire model and

iteratively train the selector and the remaining component, which we call VAE component

in the following sections. That is, when the VAE component is trained, Selector will not be

updated and qθ(s|x) remains as a constant. In addition, we also propose a new loss function

to train the Selector more effectively.

5.2.2 Loss Function of Selector

The role of selector is very similar to the role of SentDE proposed in the Section 3.3. Both

of them adjust the output probability distribution to reduce the loss of the main model.



58 CHAPTER 5. UNSUPERVISED N-ARY CROSS-SENTENCE RELATION EXTRACTION

Therefore, the proposed loss function also has the same form as the reward in reinforcement

learning. As shown in Eq. 5.3, the loss function can be defined as a reward function:

R =
K∑
i=1

qθ(s|xi)(−Lxi;V AE) (5.3)

Note that there is a negative sign in front of the loss value of the VAE component. This is

to ensure that maximizing the reward is equivalent to reducing the loss of VAE. However,

this loss function still cannot solve the problem of unbalanced training well. One of the

main reasons is that in this loss function, we ignore to regularize the nature property of the

probability distribution output by the selector. We believe that qθ(s|x) output by a selector

should have the following two important properties:

• The ratio of the number of correct sentence groups to the number of all sentence groups

should be small. Because in a text, most of the randomly selected sentences form the

sentence group, there should be no valid relation information.

• The probability distribution should be discriminative, i.e., 0.95 for the correct sentence

group and 0.01 for the false

We use the combination of expectation and variance to regularize these two properties.

Specifically, we stipulate that in each batch, the variance of all qθ(s|x) should be larger, which

addresses the second property. On the basis of satisfying the large variance requirement, we

stipulate that the expectation needs to be close to a certain value. The reason is that large

variance means that most of qθ(s|x) are 0 or 1, so a certain expectation close to 0 means that

the number of qθ(s|x) = 1 is much smaller than the number of qθ(s|x) = 0, which satisfies

the first property. Combining these two regularizers and reward function Eq. 5.3, we can
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define the final loss function of the selector in Eq. 5.4:

L = α||Eqθ(s|x)[s]− E||2 − βV ar(qθ(s|x))−R (5.4)

where E is the pre-defined expectation value and α and β are the parameters to control the

weight of the two regularizers. In practice, E is chosen based on preliminary experiments on

development set.

5.2.3 Architectures of Decoder, Encoder and Selector

Note that the proposed model has a structure similar to UREVA, so we also use the same

approximation method to optimize the VAE loss function. One may refer to Section 4.3.2

to learn more about this approximate method. Based on this, the decoder architecture also

uses convolutional neural network to score the input n-ary entities. Compared to the decoder

of UREVA shown in Fig 4.4, the only difference of the decoder of SG-UREVA is that there

are n entity embeddings concatenated in the first stage.

Since the encoder and selector have similar roles, that is, encode the input sentence group and

output a probability, the two can be modeled with the same neural network architecture. In

addition, since the model we proposed is to provide supervised signal to any relation classifier

for training, technically we can use any supervised n-ary cross-sentence relation extraction

model as the encoder and selector, such as the relation extractor proposed in the Section 3.2.
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5.3 Experiment

5.3.1 Dataset

As a popular n-ary cross-sentence relation extraction evaluation dataset, PubMed dataset is

used to evaluate the proposed model. The PubMed dataset is created by automatically label-

ing biomedical literature with Gene Drug Knowledge Database [37]. The detail information

about this dataset can be found in Section 3.4.1.

5.3.2 Evaluation Metrics and Baselines

Both selector and VAE component are evaluated individually. In order to evaluate the VAE

component, we use V-measure score to measure the cluster performance. V-measure [44]

is the harmonic mean between homogeneity and completeness. We apply AGGCN as the

encoder since it is the state-of-the-art supervised n-ary cross-sentence relation extraction

model [17]. We also implement Simon’s model as the baseline model [48]. Note that the

original Simon’s model uses PCNN as the encoder/relation classifier architecture. To make

a fair comparison, we replace the PCNN with AGGCN.

We take the sentence groups that are labeled as “None” in the PubMed dataset as the noise

instances. We observe whether the selector can distinguish between the “None” relation

and other relations, i.e., the selector should output a probability close to 0 when the input

sentence group is labeled with “None”.
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Table 5.1: The evaluation results of SG-UREVA’s VAE component

SG-UREVA Simon’s
V-measure 22.3 16.7

5.3.3 Experimental Results

Evaluation of VAE Component

The V-measure evaluation results of VAE component is shown in Table 5.1. The V-measure

score of the proposed model is higher than that of Simon’s. This proves that the perfor-

mance of the proposed VAE-based unsupervised relation extraction model is still better

than previous state-of-the-arts models under n-ary cross-sentence conditions. However, the

V-measure score of the VAE component on the PubMed dataset is relatively low. We leave

any additional error analysis to future work.
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Figure 5.2: The evaluation results of SG-UREVA’s selector
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Evaluation of Selector Component

The evaluation results of selector component is shown in Fig. 5.2. We label the instances

that are not marked as “None” in the PubMed dataset as 1, and the instances that are

marked as “None” as 0. In this figure, the orange dots are the actual labeled results, and

The blue points are the probabilities predicted by the selector. One can see that most of the

blue points are roughly consistent with the distribution of orange points. This demonstrates

that the selector can distinguish between the noise and the real sentence groups to some

extent. However, some instances are incorrectly assigned. For example, in the area where

the orange points are 0, the probabilities of some blue points are higher than 0.6. We think a

possible reason is that the VAE component cannot perform well currently even on the noise-

free dataset. Therefore, the selector that is iteratively trained with VAE cannot successfully

distinguish all instances.
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Conclusions

6.1 Summary

In this work, we focused on the N-ary cross-sentence relation extraction problem. We first

proposed a supervised n-ary cross-sentence relation extraction model based on reinforcement

learning. This model can extract relationships from non-consecutive sentences and can

automatically remove mislabeled instances in the dataset with the help of the proposed

sentence distribution estimator.

After that, since there are few n-ary cross-sentence relation extraction datasets with labeled

instances, it is difficult to train a complex supervised model. Therefore, we address unsuper-

vised n-ary cross-sentence relation extraction problem. We first proposed two unsupervised

binary intra-sentence relation extraction models, CURE and UREVA. Among them, CURE

is based on the encoder:decoder architecture, where the encoder outputs relation information,

which is used by the decoder to reconstruct the input dependency shortest path. The encod-

ing information output by a trained encoder is then used to cluster sentences with similar

relation information. UREVA uses a proabilistic model, which is variational autoencoder, to

simulate this process. The encoder first treats the relation classification as an intermediate

variable and assumes that the latent variable z is conditioned on the joint distribution of re-

lation classification and the input sentence. After that, the decoder reconstructs the triplets

that appear in the sentence based on the information sampled from z. Our experimental
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results show that the performance of the UREVA model is better than that of the CURE

model, so we use UREVA as the architecture to build an unsupervised n-ary cross-sentence

relation extraction model.

Under the condition of n-ary cross-sentence, we assume that latent variable z is conditioned

on three variables, input sentence group, the probability of that sentence group has relation,

relation classification results. Similar to the sentence distribution estimator in supervised

learning, we proposed a selector to perform iteratively training with the original VAE com-

ponent. This selector that has the same architecture with encoder/relation classifier gives

the probability of that whether the input sentence group contains a relation.

6.2 Future Work

N-ary Cross-sentence relation extraction is an important task and in this work we take the

first steps towards addressing it under unsupervised setting, hoping that other researchers

will follow. There are some directions that we will investigate in the future. The current

supervised n-ary cross-sentence relation extractor can be complex and difficult to deploy.

Therefore, we will investigate the possibility of reducing the number of model parameters

without compromising model performance or the model’s ability to encode non-consecutive

sentences. The performance of the UREVA model on PubMed did not meet our expectations,

even though its performance is better than state-of-the-arts models. We will explore the

reasons for its current bottleneck to improve its performance on the n-ary cross-sentence

relation extraction task.
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Appendix A

Appendix of Proposed Supervised

Relation Extraction Model

A.1 Algorithm

The training procedure of the proposed model is shown in Algorithm 1:

A.2 Theoretical Analysis

We theoretically show that the proposed model can classify correctly labeled data and remove

the incorrectly labeled data.

To formalize this statement, we first formally define the training data distribution. Suppose

we have true distribution pX(x) and noisy distribution ξ. In general, ξ has zero mean.

In addition, each sampled data of ξ is not correlated. Then xp ∼ pX(x) is the correctly

labeled data and xn ∼ pX(x)ξ is the incorrectly labeled data. The main reason is that

incorrectly labeled sentences have the same entity set with the correctly labeled sentences

but the semantic information of incorrectly labeled sentences are shifted by some noise.

Then the statement is equivalent to corollary 1 below.
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Algorithm 1: Model Training
Input: a set of sentence groups and relation label pairs

H = {(g1, r1), (g2, r2), · · · , (gn, rn)}
Output: The RE and SentDE trained on the input
Parameter: the number of training times for RE, SentDE and the whole model, M , J

and K, respectively
1 Initialize parameters of the RE and SentDE model;
2 for m = 1→M do
3 RE receives G = {g1, g2, · · · , gn} as input
4 RE outputs the classification results R̂ = {r̂1, r̂1, · · · , r̂n}
5 calculate cross entropy loss based on the R̂ and R = {r1, r2, · · · , rn}
6 update parameters of RE model
7 end
8 for k = 1→ K do
9 for j = 1→ J do

10 SentDE samples instances G ′ = {g′1, g′2, · · · , g′i} from G via Eq. 3.6∼3.8
11 do step 18∼19
12 calculate reward based on the classification accuracy from RE via Eq. 3.9
13 calculate policy gradient via Eq. 3.10
14 update parameters of SentDE model via Eq. 3.11
15 end
16 SentDE samples instances G ′ from G
17 for m = 1→M do
18 RE receives the sampled instances G ′ as input
19 RE outputs the classification results R̂
20 calculate cross entropy loss based on the R̂ and R
21 update parameters of RE model
22 end
23 end
24 return RE, SentDE
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Corollary 1. After iteratively training SentDE and RE, we have:

Pθ,γ(y = 1|xp)≫ Pθ,γ(y = 1|xn) (A.1)

where Pθ,γ(1|xp) indicates the probability of selecting sampled xp as the positive labeled

data. To prove Corollary 1, we define two lemmas and give the proof sketch of these two

lemmas:

Lemma 1. Let r be the average reward, for RL, we have

maxR ≡ max(Rp +Rn) ≤ max(Rp) +max(Rn)

where R =

 Rp R− r > 0

Rn R− r < 0

(A.2)

Proof of Lemma 1. The objective of RL is to maximize the expected reward, as stated in

Eq.A.3
R =

∑
τ

R(τ)πθ,γ(τ)

=
∑
τ

(
R(τ)− r

)
πθ,γ(τ)

(A.3)

Subtracting r from R is equivalent to the original reward function, because this is an unbiased

estimation of expectation. Based on this, maximizing R is equivalent as follows:

maxR

∝ max

∑
τ∈τp

(
Rp(τ)

)
πθ,γ(τ) +

∑
τ∈τn

(
Rn(τ)

)
πθ,γ(τ)


≤ max

∑
τ∈τp

(
Rp(τ)

)
πθ,γ(τ)

+ max

∑
τ∈τn

(
Rn(τ)

)
πθ,γ(τ)


where τp ∈ {τ |R(τ)− r > 0} τn ∈ {τ |R(τ)− r < 0}

(A.4)
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By maximizing the first term Rp, Lemma 1 indicates that after training the RL, the data

that has higher reward (R−r > 0) will be assigned higher probability to be selected as truly

labeled data. Similarly, the data that has lower reward (R − r < 0) will be assigned lower

probability by minimizing the second term Rn.

Since the relation extraction task is a classification problem, we use cross-entropy as the loss

function of the RE model1:

L = Exp∼pX(x)[ylog(ŷ(x)) + (1− y)log(1− ŷ(x))]

+ Exn∼pX(x)ξ[ylog(ŷ(x) + (1− y)log(1− ŷ(x))]

(A.5)

Lemma 2. After training RE model, we have

minL ≡ minLr + υ2Ln

where Lr = −
∑

x∈{xp,xn−ξ}

ylog(ŷ(x)) + (1− ŷ(x))log(1− yp)p(y|x)p(x)∫
ξiξjp(ξ)dξ = υ2δij

Ln =
1

2

∑
x∈xn−ξ

1

ŷ(1− ŷ)
(
∂ŷ

∂x
)2p(x)

(A.6)

Ln is positive definite and can be deemed as a regularization term when υ2 is small. ξi and

ξj are the noise vectors associated with input xi and xj

Lemma 2 indicates that the model will converge to the distribution of xp with regularization.

In other words, the cross-entropy loss of xp is much lower than that of xn.

Proof of Lemma 2. We expand the loss function as a Taylor series in powers of ξ and

substitute the Taylor expansion into the loss function. Then the loss function can be re-

1We use binary classification for simplification, the case is the same in multi-class classification
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written as:
L = Lr + υ2Le

Le =
1

2

∑
x∈xn−ξ

{[
ŷ − y

ŷ(1− y)

]
∂2ŷ

∂x2

+

[
1

ŷ(1− ŷ)
− (ŷ − y)(1− 2ŷ)

ŷ2(1− ŷ)2

](
∂ŷ

∂x

)2
}
p(y|x)p(x)

(A.7)

where υ represents the amplitude of the noise, ŷ represents the predicted relation label of

x by the RE model and y represents the real label. In general, ŷ represents the probability

of predicting the correct label for x should be labeled as the correct relation. As proved in

previous literature, the second and third term Le vanish after training the model [3]. Then

Le is equivalent to:

Le =
1

2

∑
x∈xn−ξ

1

ŷ(1− ŷ)
(
∂ŷ

∂x
)2p(x) (A.8)

Now Le only has first derivatives and is positive definite. In other words, Le = Ln and it

can be deemed as a regularizer.

From Lemma 1 and Lemma 2: upon completion of the iterative training of the SentDE and

RE models, the probability of selecting the correctly labeled data xp as positively labeled

data, will end up with a comparatively larger value than the incorrectly labeled data xn.

That is, corollary 1 is shown to be true.
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