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With growing numbers of written documents in the world, it is crucial to leverage automatic lan-

guage processing so that people can make better use of the information. The main challenge stems

from the fact that the information in written text is not as easily used as information in a struc-

tured database. Therefore it is very important to understand and automatically extract structured

information from large amount of unstructured texts. To tackle this problem, Information Extrac-

tion (IE) is the widely studied task of retrieving structured information from text. In this thesis,

our goal is to develop a general high performance IE system that can work across many different

domains and tasks, but particularly the less well studied domain of scientific literature.

Towards achieving this goal, we propose a series of general IE frameworks that addresses

the task of entity recognition, relation extraction and coreference resolution. This thesis research

addresses challenges common to all such IE systems: 1) how to leverage large unannotated data

when annotated training data are limited; and 2) how to model the interactions between different

tasks so that the tasks can best benefit each other.

In this thesis, we first develop an efficient way of improving the performance of supervised

neural systems through semi-supervised learning. We introduce a method of integrating a graph-

based semi-supervised algorithm together with a confidence-based self-training scheme to leverage



unannotated articles. We also introduce two general IE frameworks, Span-based IE (SPANIE) and

Dynamic Graph IE (DYGIE) for coupling multiple information extraction tasks through shared

span representations. Our frameworks are effective for all three tasks, demonstrating a benefit

from incorporating broader context learned from relation and coreference annotations. The DY-

GIE model achieves state of the art in 5 different datasets covering a range of domains including

News, Scientific Literature to Biomedical and Wetlab Reports. We further apply the approach to

construct knowledge graph for scientific papers. We create a dataset SciERC for scientific infor-

mation extraction, which includes expert annotations of scientific terms, relation categories and

co-reference links. The resulting knowledge graph is used for paper abstract generation and aca-

demic trend analysis.
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Chapter 1

INTRODUCTION

There exists a vast amount of unstructured electronic text in the world, including newswire,

scientific papers, technical documents, chat logs, and so on. One challenge of Natural Language

Processing (NLP) is how to understand and automatically extract structured information from large

number of unstructured texts. Information Extraction (IE) is the widely studied task of retrieving

such structured information. There are many subtasks under the broad field of IE that focus on

extracting different types of information such as entity extraction, relation extraction, coreference

resolution and entity linking [1, 2, 3, 4, 5, 6]. Figure 1.1 shows an example, where entities such as

person (PER) and location (LOC), relations such as located-at (PHYS) as well as coreference links

(COREF) are extracted. The goal of my thesis work is to develop a general high performance IE

system that can work across many different domains and tasks. In particular, we explore the less

well-studied domain of scientific literature, creating a dataset with expert annotation and propose

a way to automatically construct scientific knowledge graph.

Due to the large variety of domains and annotation difficulties, most IE tasks suffer from limited

annotated resources. Specifically, some domains such as science papers or technical reports require

domain expertise, which makes annotation extremely expensive. Therefore, methods that can work

on small amount of training data are in great need. This thesis provides a efficient way of improving

supervised system performance through semi-supervised learning and unsupervised pre-training.

In addition to data limitations, an important challenge of IE is how to design a general model

that can capture the interdependence across different IE tasks, as well as interactions across multi-

ple sentences. Even though each subtask has its own annotation scheme, there are strong interac-

tions between different tasks. For example, in Figure 1.1, it is impossible to predict the entity labels

for This thing and it from within-sentence context alone. However, the antecedent car strongly sug-
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COREF

Tom’s car broke down as he arrived at Starbucks to meet Mike.                             

“This thing’s useless!” Tom exclaimed as it gave off smoke.                                

PER-SOC
PHYS

VEH

COREF

PER LOCPER PER

VEH PER VEH

PHYS

Figure 1.1: A text passage illustrating interactions between entities, relations and coreference links.

Some relation and coreference links are omitted.

gests that these two entities have a VEH type. Similarly, the fact that Tom is located at Starbucks

and Mike has a relation to Tom provides support for the fact that Mike is located at Starbucks.

In this thesis, we develop a general IE framework through a series of three systems: 1) We intro-

duce a method of integrating a graph-based semi-supervised algorithm together with a confidence

based instance selection scheme to leverage unannotated articles, building on a neural sequential

tagging framework. 2) We introduce a general IE framework, Span-based IE (SPANIE) which is

a multi-task learning model for extracting entities, relations and coreference resolution leveraging

shared span representations across all three tasks. 3) We further propose Dynamic Graph IE (DY-

GIE) which improves SPANIE by leveraging rich contextual span representations across multiple

sentences and propagating information through coreference and relation links. Our framework

is effective in several domains, demonstrating a benefit from leveraging large unannotated data

as well as incorporating broader context learned from relation and coreference annotations. Our

model achieves state of the art in 5 different datasets ranging from News, Science to Biomedical

and Wetlab Reports. We further apply the approach to construct knowledge graph for scientific

papers. We create a dataset SciERC for scientific information extraction, which includes expert

annotations of scientific terms, relation categories and co-reference links. The resulting knowledge
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graph is used for paper generation and academic trend analysis.

The remaining of the chapter is organized as follows. We first provide an overview of previous

IE works. The general approach and main contributions are presented in §1.2. Finally, we provide

an overview of the dissertation in §1.3.

1.1 Overview of IE tasks

There are several different IE approaches to construct structured database or knowledge graph from

large collection of raw text. Among them, supervised IE is the most accurate option, where a super-

vised model is trained on labeled texts annotated based on a pre-defined ontology. The performance

of supervised systems are usually very sensitive to quantity and quality of the annotated data. In

general, human annotation can be expensive and time consuming, especially for domains like sci-

entific literature which requires expert annotations. Therefore, supervised IE systems often suffer

from the lack of data problem. Distant learning [7] provides a way of getting cheap annotations

through string matching with a high precision, high coverage database. However, the approach is

not practical for domains with no such database existed. As an alternative, open domain relation

extraction (e.g. OpenIE [8]) is a fully unsupervised approach, which uses processed text strings

between the two entities as relations and results in a completely unconstrained knowledge graph.

Since the relations are not specified, there is no generalization of these relations and can be hard

to use for downstream tasks. Due to the poor generalization ability of OpenIE and requirement of

high quality database for distant supervision, in this thesis, we focus on improving the performance

of low resource supervised system by leveraging large amount of unannotated texts.

Supervised methods rely on a training set where examples have been labeled based on a

domain-specific ontology. Most commonly studied IE tasks including entity extraction, relation

extraction and coreference resolution focuses on extracting information from different aspects.

Entity Extraction is mainly targeted at extracting spans within a sentence, and classify them into

pre-defined categories such as a type of keyphrases or named entities. Relation Extraction is a step

further in analyzing information in the texts that connects pairs of entities with a relation type.

Coreference resolution is a task to identify when two or more mentions in a text refer to the same
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person or thing.

A pre-defined entity and relation is in the form of (si, ei) or (si, rij, sj) where si and sj are entity

spans in pre-defined entity type ei and ej respectively. The two entities are connected by a pre-

defined relation type rij or by coreference link. For example, in Figure 1.1, entity instance (Mike,

PER) and relation triplet (Mike, PHYS, Starbucks) would be extracted where PER indicates person

and PHYS indicates located at. Entities this thing and it would be connected with coreference links

since both referring to car in the first sentence.

In previous studies, designed domain specific features and knowledge resources such as gazetteers

are widely used [9, 10, 11]. These traditional feature-based methods rely on carefully designed fea-

tures to learn good models. In addition, due to limited training data, many of those neural models

still rely upon domain-specific external syntactic tools to construct dependency paths between the

entities in a sentence [12, 13, 1, 14]. These systems suffer from parsing errors from these tools

and are hard to generalize to different domains. In addition, in most previous work, each of IE

tasks are placed in a pipeline system, with the best output of entity extraction feeding as input to

downstream modules such as relation extraction and coreference resolution which may introduce

cascading errors.

Recently, supervised models based on neural networks have advanced the state of the art by

automatically learning powerful feature representations [13, 15, 16, 2, 17]. With the introduction

of LSTM (Long Short Term Memory) [18] units, neural approaches has gain increasing power

in modeling sequences for various NLP tasks. In order to improve the performance of neural

systems on small amount of training data, transfer learning [19, 20, 21] or initializing the model

with pre-trained word embeddings [22, 23, 24, 25, 26, 27] has been widely used. Most recently,

contextualized pre-trained embeddings have shown great impact on improving the performance of

NLP tasks [28, 29]. In our work, we provide a different way of leveraging unannotated data on top

of neural sequential tagging framework, including graph-based semi-supervision [30, 31, 32, 33,

34] and a method for leveraging partially labeled data [35]. We show that the combination of these

techniques gives better results than any one alone [36].

In order to avoid the fact of cascading errors, previous studies have explored joint model-
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ing [1, 14, 37, 38]) and multi-task learning [39, 3, 40, 41] across all IE subtasks as methods to share

representational strength across related information extraction tasks. A span-ranking approach [42]

is introduced which reasons over a larger space by jointly detecting mentions and predicting coref-

erence. This thesis extends the span-based approach to a more general multitask learning frame-

work for multiple IE subtasks and further improve the system by incorporating global contexts. We

also apply the state-of-the-art pre-trained contextualized embeddings like ELMo [28] and BERT

[29] to further improve the performance.

1.2 Our approach and Contributions

In this thesis, I will address the above mentioned limitations (limited training data, pipeline pro-

cessing and cascading errors) by describing new methods for leveraging large amount of unanno-

tated data through semi-supervised training, a framework to more effectively use data that com-

bines IE tasks using a unified multi-task learning framework and a method to incorporate rich

contextual information into the span representations through dynamic graph propagation.

1.2.1 Semi-supervised Neural Tagging

We introduce semi-supervised methods to a neural tagging model for keyphrase extraction tasks

in order to take advantage of the large quantity of unlabeled texts. Our semi-supervised learning

algorithm uses a graph-based label propagation scheme to estimate the posterior probabilities of

unlabeled data. It additionally extends the training objective to leverage the confidence of the

estimated posteriors. The new training objective treats low confidence tokens as missing labels

and computes the sentence-level score by marginalizing over them. Our experiments show that our

neural tagging model achieves state-of-the-art results in the SemEval Science IE task [43].

1.2.2 Multi-task learning across different IE tasks

We develop a unified span-based IE model SPANIE for extracting entities, relations, and coref-

erence resolution, that can reduce the cascading error problem and can model the interaction be-
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tween different tasks. Different from a standard tagging system, SPANIE enumerates all possible

spans during decoding and can effectively detect overlapped spans. It avoids cascading errors be-

tween tasks by jointly modeling all spans and span-span relations. This is different from previous

work [36, 44, 45, 46] which often addresses these tasks as independent components of a pipeline.

Our unified model is a multi-task setup that shares parameters of first layer LSTMs across low-level

tasks. Specifically, we extend prior work for learning span representations and coreference reso-

lution [42, 47]. To make the model more general, we combine the multitask learning framework

with ELMo embeddings [28] without relying on external syntactic tools and risking the cascading

errors that accompany them.

Most systems based on sequence labeling suffer from an inability to extract entities with over-

lapping spans. Recently [48] and [49] have presented methods enabling neural models to extract

overlapping entities, applying hypergraph-based representations on top of sequence labeling sys-

tems. Our framework offers an alternative approach, forgoing sequence labeling entirely and sim-

ply considering all possible spans as candidate entities.

1.2.3 Incorporating global context

Even though SPANIE is able to improve performance across different tasks through multi-task

learning, there is a obvious limitation on the architecture of SPANIE. SPANIE relies on the first

layer LSTM to capture interactions between different tasks where the broader context are incorpo-

rated indirectly to span representations via the gradients passed back to the LSTM layer. However,

for some IE tasks, the information flow can go across very long distances, sometimes beyond

sentence boundaries (e.g. coreference resolution). Therefore, the power of SPANIE to model in-

teractions between tasks is not fully exploited due to the limitation of LSTM on capturing long

distance context.

Based on this observation, we proposed DYGIE (Dynamic span Graph IE) to explicitly incor-

porate rich contextual information into the span representations through dynamic graph propaga-

tion. The nodes in the graph are dynamically selected from a beam of highly-confident mentions,

and the edges are weighted according to the confidence scores of relation types or coreferences.
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Figure 1.2: Example annotation: phrases that refer to the same scientific concept are annotated into

the same coreference cluster, such as MORphological PAser MORPA, it and MORPA (marked as

red).

Unlike SPANIE that only shares span representations from the local context [40], DYGIE leverages

rich contextual span representations by propagating information through coreference and relation

links.

1.2.4 Application on scientific domain

As scientific communities grow and evolve, new tasks, methods, materials and datasets are intro-

duced and different methods are compared with each other. Despite advances in search engines, it

is still hard to identify new technologies and their relationships with what existed before. To help

researchers more quickly identify opportunities for new combinations of tasks, methods and data,
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it is important to design intelligent algorithms that can extract and organize scientific information

from a large collection of documents.

Therefore, we apply SPANIE and DYGIE to the application of scientific knowledge graph

construction. However, the challenges associated with scientific IE are greater than for a general

domain. Extracting information from scientific articles requires extracting relations across sen-

tences.

Figure 1.2 illustrates this problem. The cross-sentence relations between some entities can only

be connected by entities that refer to the same scientific concept, including generic terms (such as

the pronoun it, or phrases like our method) that are not informative by themselves. With co-

reference, context-free grammar can be connected to MORPA through the intermediate co-referred

pronoun it. Since most relation extraction systems are designed for within-sentence relations,

applying existing IE systems to this data without co-reference, will result in much lower relation

coverage (and a sparse knowledge base).

To explore this problem, we create a dataset SCIERC for scientific information extraction,

which includes annotations of scientific terms, relation categories and co-reference links.

1.3 Dissertation Overview

In Chapter 2, we will provide a brief overview of the background of this thesis. We will present

some of the most widely used neural-based structured prediction approaches in IE literature. In

addition, we will review the literature of semi-supervised learning approaches that have broadly

benefit NLP tasks.

In Chapter 3, we will improve the performance of a scientific neural tagging system by lever-

aging large unannotated data through semi-supervised learning. We show that both inductive and

transductive semi-supervised strategies significantly improve the performance. We provide in-

depth analysis of domain differences as well as analysis of failure cases.

In Chapter 4, we will present the technical details of our span-based IE models: SPANIE.

SPANIEis a unified learning model for extracting scientific entities, relations,and coreference res-

olution that can model the interaction between different tasks and avoid cascading errors. Our
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experiments show that the unified model is better at predicting span boundaries, and it outperforms

previous state-of-the-art scientific IE systems on entity and relation extraction.

In Chaper 5, we propose DYGIE by improve SPANIE through directly modeling the infor-

mation flow across different tasks through dynamic span graphs. We evaluate DYGIE on several

datasets spanning many domains (including news, scientific articles, and wet lab experimental pro-

tocols), achieving state-of-the-art performance across all tasks and domains and demonstrating the

value of coupling related tasks to learn richer span representations.

In Chapter 6, we apply SPANIE to a specific application scenario: scientific knowledge graph

construction. To achieve this goal, we also develop the SciERC dataset which has expert annotation

for entity, relation and coreference for scientific papers. The automatically constructed knowledge

graph is then used for scientific trend analysis and paper abstract generation.

Finally, we conclude and discuss on future directions in Chapter 7. Our work is among the

earliest group for scientific knowledge graph construction. We will also conclude the impact of

this paper for the NLP community in Chapter 7.
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Chapter 2

BACKGROUND

In this chapter, we will provide a brief overview of the background information for this thesis.

§2.1 presents an overview of some of the most widely used neural-based structured prediction

approaches to IE modeling, since the work in this thesis builds on and advances these state-of-the-

art algorithms, we also apply the approach to a real task of a less studied field - knowledge graph

construction on scientific papers in §2.3. §2.2 reviews the literature of semi-supervised learning

approaches as well as pre-trained contextualized embeddings such as ELMo [28] or BERT [29]

which are used to improve the performance of a large range of NLP tasks, and which this work

also take advantage of.

2.1 Structured Prediction for IE

The major task of Information Extraction (IE) is to turn unstructured text into structured informa-

tion. Usually IE can be regarded as a set of process with several different types of information that

can be extracted: entity extraction, relations and coreference links between the entities. In the past

few years, all the state-of-the-art IE systems are based on neural methods. The main approaches

are described below.

2.1.1 Entity extraction through Neural Sequential Tagging

Sequence tagging involves assigning a label to each element of a sequence. Sequence tagging

has been a classic NLP task which includes part-of-speech tagging (POS), chunking, and named

entity recognition (NER). Tasks like chunking and NER which require detecting the exact span

of a multi-token term, can often be casted as sequence tagging problem. In order to be able to

distinguish spans of two consecutive terms of the same type, sentences are usually represented in
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Figure 2.1: Neural Network Structure

the BIO format (Beginning, Inside, Outside) where every token is labeled as B-label if the token

is the beginning of a named entity, I-label if it is inside a named entity but not the first token, or O

otherwise.

Sequence tagging models generally assumes that the optimal label for a given element depends

on the choices of nearby elements. Common models for sequence tagging are statistical models

which include the Hidden Markov Model (HMM) and the Conditional Random Field (CRF) [50].

With the introduction of neural approaches, Recurrent Neural Network (RNN) models have been

developed to tackle the sequence tagging problem [9, 51]. Long-Short-Term Memory (LSTM)

[18] models are a variant of RNNs that combat the RNN vanishing gradient problem by using

a series of gates to avoid amplifying or suppressing gradients during backpropagation. LSTMs

have proved to outperform other architectures in many NLP applications and have gained a lot of

attention recently. Another popular variant is GRU (Gated Recurrent Unit) [?], in this thesis, we

use LSTM to capture the sequential information of text.

There is also great interest in NNs that use character-based representations [52, 53, 54] to

reduce the effect of out-of-vocabulary (OOV) words. Some of the work [54, 52] apply a convo-

lutional neural network (CNN) to the raw character sequence that detects character patterns and
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represents them as a fixed-sized embedding vector. Another popular option is to use LSTM [55] to

obtain a representation of the word according to the sequential order of characters, which is applied

to the model developed in this thesis.

Recent work [55] uses a CRF objective function on top of hybrid word-character LSTM struc-

ture and get state-of-the-art result in a NER task. The sequence is tagged using a hierarchical

multi-stage model that consists of 3 layers (Figure 2.1):

1. The Token Representation Layer is the representation of each token, which can be a word

embedding or a character representation or a concaternation of both.

2. The Token LSTM Layer uses a bidirectional LSTM to incorporate contextual cues from

surrounding tokens to derive intermediate token embeddings.

3. The CRF Layer models token-level tagging decisions jointly using a CRF objective func-

tion.

In Chapter 3, we extend this BIO tagging framework to the task of scientific keyphrase extrac-

tion and introduced semi-supervised learning builds on this method, which significantly boosts the

performance.

2.1.2 Relation Extraction

Most neural approaches for relation extraction are built on top of a sequential tagging frame-

work, such as the system described in the previous section. There is usually a core representation

learner that takes word embeddings as input and produces contextual entity representations through

LSTMs. Based on span boundaries predicted by IBO tagging framework, a representation can be

learned for each entity. Such representations are then taken by relation classifiers to produce the

final predictions [56, 17, 57].

It is also very common for state-of-the-art RE models to use domain-specific external syntactic

tools to construct dependency paths between the entities in a sentence. For example, a neural ar-

chitecture using a LSTM sequence layer is proposed [1] , followed by a dependency-tree sequence
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layer and advance the state-of-the-art performance in multiple single sentence relation extraction

tasks. Since these systems suffer from cascading errors from these syntactic tools and are hard to

generalize to different domains, in this thesis, our goal is to develop models for IE directly from

text, in an end-to-end manner.

2.1.3 Span-based Coreference Resolution

The information extraction systems described above are pipeline systems that take predicted en-

tity boundaries as input for downstream tasks, and therefore could introduce cascading errors. A

new framework (E2E-COREF) is proposed [42] for identifying spans, which forgoes sequence

labeling entirely and reasons over the space of all spans up to a maximum length. E2E-COREF is

the first state-of-the-art neural coreference resolution model that is learned end-to-end given only

gold mention clusters. All recent coreference models, including neural approaches that achieved

impressive performance gains [58, 59], rely on syntactic parsers, both for head-word features and

as the input to carefully hand-engineered mention proposal algorithms. E2E-COREF demonstrate

for the first time that these resources are not required, and in fact performance can be improved

significantly without them, by training an end-to-end neural model that jointly learns which spans

are entity mentions and how to best cluster them.

The model directly optimizes the marginal likelihood of antecedent spans from gold corefer-

ence clusters. It includes a span-ranking model that decides, for each span, which of the previous

spans is a good antecedent. At the core of the model are vector embeddings representing spans of

text in the document, which combine the LSTM representation of the first word and last word in

the span with a head-weighted attention mechanism over the span. Since the complexity would be

quartic in the document length, enumerating all span pairs in the end-to-end model is impractical.

Therefore the model introduces a beam pruning strategy where only the spans with top scores are

kept in the beam. The scores indicates how likely is that a span is involved in a coreference cluster.

The beam pruning strategy can aggressively reduce the number of pairwise computations.

Inspired by E2E-COREF, in this thesis we extend the framework to a multi-task learning frame-

work for entity, relation and coreference. Our unified model shares parameters across low-level
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tasks and makes predictions by leveraging context across the document through coreference links.

Different from a standard tagging system, our system enumerates all possible spans during decod-

ing and can effectively detect overlapped spans. It avoids cascading errors between tasks by jointly

modeling all spans and span-span relations.

2.2 Leveraging unannotated data

The bottleneck of the supervised methods in information extraction is usually the lack of train-

ing data. Therefore, leveraging large unlabeled text sources is very important. Previous work has

mainly focused on transfer learning [19, 20], multi-task learning [60, 39, 41] or initializing the

model with pre-trained word embeddings [22, 23, 24, 27, 29, 28]. Here we especially focus on two

ways of leveraging external resources: semi-supervised learning (SSL) and pre-trained contextual-

ized word embeddings.

2.2.1 Semi-supervised Learning

A common SSL algorithm is self-training, where one makes use of a previously trained model to

annotate unlabeled data which is then used to re-train the model. Self-training has been success-

fully applied to several natural language processing tasks such as word sense disambiguation [61],

parsing and machine translation [62]. The EM approach can be viewed as a special case of soft

self-training. EM based semi-supervised methods have been successfully applied to many appli-

cations such as text classification [61] and face orientation discrimination [63]. One can imagine

that a classification mistake can reinforce itself. Some algorithms try to avoid this by ignoring

unlabeled points if the prediction confidence is below a threshold [31, 64].

Graph-based SSL algorithms [65, 66] are another important subclass of semi-supervised tech-

niques that have received much attention in the recent past. Graph-based semi-supervised methods

define a graph where the nodes are represented as the labeled and unlabeled samples in the dataset,

and the edges are the similarity between the samples. Thus constructing the graph requires a

function for characterizing the similarity of the two unlabeled samples. Graph-based methods are
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based on the assumption that neighboring nodes on the graph tend to have similar labels (smooth-

ness over the graph). Graph-based methods are non-parametric, discriminative, and transductive

in nature. Graph-based methods have also been widely used in NLP applications, but mostly focus

on unstructured problems such as text classification [67, 68] and machine translation [69]. It can

be difficult to construct a graph for structured NLP problems such as POS tagging and NER, since

it is hard to use whole sequence similarity to constrain whole tag sequences assigned to linked

examples. Subramanya et. al. [70] construct the graph based on subsequences, i.e. word trigrams,

where the similarity is based on some hand-designed features. They then use graph-based SSL

on top of a CRF structure to improve POS tagging performance. Following [70], similar methods

have also been applied to NER [71] and slot filling tasks [72].

In this thesis we use graph-based SSL and a method for leveraging partially labeled data [35]

to improve the performance of the neural tagging system described above. We show that the

combination of these techniques gives better results than any one alone.

2.2.2 Contextualized word embeddings

Recently, contextualized word embeddings [19, 73, 28, 29] have shown to be effective for im-

proving many natural language processing tasks, such as paraphrasing [74], named entity recog-

nition [75] and SQuAD question answering [76]. Contextualized word embeddings provide an

alternative to improve the performance of supervised learning through leveraging unannotated data

and are usually used as additional input features to neural networks.

Contextualized word embeddings differ from traditional context-independent word embed-

dings such as Word2Vec [22] or GLoVe [23] in that for contextualized embeddings, each token

is assigned a representation based on the context of the entire input sentence, whereas traditional

context-independent embeddings can be stored in a lookup table. Peters et al. [28] proposes ELMo

(Embeddings from Language Models) which uses vectors derived from a bidirectional LSTM that

is trained with a coupled language model objective on a large text corpus. ELMo embeddings

are usually used as an additional feature vector input to task-specific architectures. As an alterna-

tive, Devlin et al. [29] proposed a fine-tuning based approach called BERT (Bidirectional Encoder
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Representations from Transformers) which further pushes state-of-the-art in multiple NLP tasks.

BERT proposes a new pre-training objective, referred to as a masked language models, which is

based on the cross entropy of the predicted probability of randomly masked tokens given the left

and right word context. Unlike ELMo which pretrains language model from left to right with sin-

gle direction predictions, the new objective allows pre-training a deep bidirectional transformer and

can better capture contexts. In this thesis, we use both ELMo and BERT as input feature vectors to

our system, we will compare the performance between the two type of contextualized embeddings.

2.3 IE for scientific Literature

There has been growing interest in research on automatic methods to help researchers search and

extract useful information from scientific literature. Past research on this field mainly focused on

citation analysis, information extraction and summarization. We will briefly introduce the related

work on citation analysis and summarization, and then discuss information extraction in depth

which is the focus of this thesis.

Some research investigated citation function, for example analyzing citation function, and pre-

dicting the reason for whether citing a paper is positive or negative [77, 78]. Some research focused

on citation network and community [79, 80], where the main research problems are about exploring

key authors in a field [81, 82], observation of temporal trends in these networks [83], and detecting

scientific breakthroughs using text content [84].

Research on summarizing scientific papers has also been extensively explored [85, 80, 86]. Due

to scarce hand-annotated data resources, previous work on IE for scientific literature is very limited.

Gupta and Manning [44] first proposed a keyphrase extraction task that defines scientific terms into

three aspects: domain, technique and focus and apply template-based bootstrapping to tackle the

problem. Based on this study, [45] improve the performance by introducing hand-designed features

from named entity recognition [87] to the bootstrapping framework.

For relation extraction in scientific literature, most work has been done in the biomedical do-

main under a distant learning framework e.g. using the Gene Drug Knowledge Database [4, 3].

The main challenge for relation extraction in scientific domains is the long context window that
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the relations can embed in. Relations between scientific terms cross-sentence can be chained with

coreference [88, 89] and discourse relations [4, 3]. However the performance of coreference and

discourse parsers is not sufficiently accurate on scientific domains. There has been various pro-

posed schema in scientific discourse analysis such as [86, 90], but mostly on limited hand annotated

data.

More recently, two datasets in SemEval 2017 and 2018 have been introduced, which facilitate

research on supervised and semi-supervised learning for scientific information extraction. SemEval

17 includes 500 paragraphs from articles in the domains of computer science, physics, and material

science [43]. It includes three types of entities, called keyphrases (Tasks, Methods, and Materials)

and two relation types (hyponym-of and synonym-of). SemEval 18 is focused on predicting rela-

tions between entities within a sentence annotated on 500 NLP paper abstracts. It consists of six

relation types [46] (Topic, Result, Usage, Compare, Part-Whole, Model-Feature).

Using these datasets, neural models [91, 92, 93] are introduced for extracting scientific infor-

mation. For this thesis, we create a new dataset SciERC by extending both datasets by increasing

relation coverage, adding cross-sentence coreference linking [94, 40], and removing some annota-

tion constraints as described in Chapter 3.

2.4 Summary

This chapter presented a brief overview of structured prediction methods for IE, some semi-

supervised approaches that has been widely used in NLP, and a survey of NLP on scientific lit-

erature. In Chapter 3, we will present more detailed discussions on how to better incorporate

semi-supervised approaches with neural structured prediction models to advance the state of the

art in IE on scientific literature. We advanced prior work on graph-based SSL for sequence by

integrating graph-based label propagation and confidence-aware data selection to a neural sequen-

tial tagging model. In particular, we focus on keyphrase extraction task in scientific domain. In

Chapters 4 and 5, we will introduce two unified neural IE models, based on span enumeration and

multi-task learning for extracting entity, relation and coreference. We also combine our model

with pre-trained contextualized embeddings such as ELMo and BERT. Both models are trained
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in an end-to-end manner, without relying on any syntactic tools or pipelined process. Chapter 5

improves the multi-task model in Chapter 4 by incorporating global context through dynamic span

graphs.
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Chapter 3

SEMI-SUPERVISED LEARNING ON SEQUENTIAL TAGGING FOR
SCIENTIFIC IE

As a research community grows, more and more papers are published each year. As a result

there is increasing demand for improved methods for finding relevant papers and automatically

understanding the key ideas in those papers. The purpose of this work is to extract phrases that can

answer questions that researchers usually face when reading a paper: What TASK has the paper

addressed? What PROCESS or method has the paper used or compared to? What MATERIALS

has the paper utilized in experiments? While these fundamental concepts are important in a wide

variety of scientific disciplines, the terms that are used in specific disciplines can be substantially

different. For example, MATERIALS in computer science might be a text corpus, while they would

be physical materials in physics or materials science.

However, due to the large variety of domains and extremely limited annotated resources, there

has been relatively little work on scientific information extraction. As described in previous chap-

ter, early work [44, 45] relied on bootstrapping with hand-designed templates to extract scientific

keyphrase. The opportunity to use supervised IE models opened with the availability of the Se-

mEval Task 10.

The SemEval Task 10 dataset consisting of 500 scientific paragraphs with keyphrase annota-

tions for three categories (TASK, PROCESS, MATERIAL) across three scientific domains, Computer

Science (CS), Material Science (MS), and Physics (Phy) [43]1 as in Figure 3.1, has been released

recently. This dataset enables the use of more advanced approaches such as neural network (NN)

models. To that end, we cast the keyphrase extraction task as a sequence tagging problem, and

build on an LSTM-CRF model used for CRF [55, 39]. Like named entities, keyphrases can be

1SemEval (Task 10)https://scienceie.github.io/index.html
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Computer Science:

This paper addresses the task of [named entity recognition]Task, using [conditional random

fields]Process. Our method is evlauated on the [ConLL NER Corpus]Material.

Physics:

[Local field effects] Process on spontaneous emission rates within [nanostructure photonics

material]Material for example are familiar, and have been well used.

Material Science:

The [Kelvin probe force microscopy technique] Process allows [detection of local EWF]Task be-

tween an [atomic force micorscopy]Material and [metal surface]Material.

Figure 3.1: Annotated ScienceIE examples.

identified by their linguistic context, e.g. researchers ”use” methods. In addition, keyphrases can

be associated with different categories in different contexts. For example, ‘semantic parsing’ can

be labeled as a TASK in one article and as a PROCESS in another. However, scientific keyphrases

differ from named entities in traditional news IE tasks in that they can include both noun phrases

and verb phrases and in that non-standard “words” (equations, chemical compounds, references)

can provide important cues.

Since the scale of the data in SemEval is still small for supervised training of neural systems, we

introduce semi-supervised methods to the neural tagging model in order to take advantage of the

large quantity of unlabeled scientific articles. This is particularly important because of the differ-

ences in keyphrases across domains. Our semi-supervised learning algorithm uses a graph-based

label propagation scheme to estimate the posterior probabilities of unlabeled data. It additionally

extends the training objective to leverage the confidence of the estimated posteriors. The new

training treats low confidence tokens as missing labels and computes the sentence-level score by

marginalizing over them.

The key contributions of our work include: i) achieving state of the art in scientific infor-

mation extraction SEMEVAL Task 10 by extending recent advances in neural tagging models;
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ii) introducing a semi-supervised learning algorithm that uses graph-based label propagation and

confidence-aware data selection which significantly improves performance, iii) exploring different

alternatives for taking advantage of large, multi-domain unannotated data including both unsuper-

vised embedding initialization and semi-supervised model training. 2

3.1 Problem Definition and Data

Data We use the SemEval 2017 Task 10 ScienceIE dataset. Fig. 3.1 provides examples that

illustrate the variation in domains, but also show that there are common cues such as “the task of”,

“using”, “technique,” etc.

The SemEval ScienceIE (SE) corpus consists of 500 journal articles; one paragraph of each

article is randomly selected and annotated. The complete unlabeled articles and their metadata

are provided together with the labeled data. The training data consists of 350 documents; 50 are

kept for development and 100 for testing. The 500 articles come from 82 different journals evenly

distributed in three domains. We manually labeled 82 journal names in the dataset into the three

domains and do analysis based on the domain partitions. The 500 full articles contains 2M words

and is 30 times the size of the annotated data.

A challenge with this dataset is that the size of the training data is very small. It is built from

ScienceDirect open access publications and consists of 500 journal articles, but only one paragraph

of each article is manually labeled. Therefore, we use a large amount of external data to leverage

the continuous-space representation of language of a neural network model. We explore the effect

of pre-training word embeddings with two different external resources: i) a data set of Wikipedia

articles as a general English resource, and ii) a data set of 50k Computer Science papers from

ACM.3

Tagging Problem Formulation The task requires detecting the exact span of a keyphrase. In

order to be able to distinguish spans of two consecutive keyphrases of the same type, we assign

2This chapter is primarily describing work that has been published in [36].
3Due to the difficulty of data collection, experiments with external data from the other two domains is left to future

work.
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labels to every word in a sentence, indicating position in the phrase and the type of phrase. We for-

mulate the problem as an IOBES (Inside, Outside, Beginning, End and Singleton) tagging problem

where every token is labeled either as: B, if it is at the beginning of a keyphrase; E, if it ends the

phrase; I, if it is inside a keyphrase but not the first or last token; S, if it is a single-word keyphrase;

or O, otherwise. For example, “named entity recognition” in first sentence of Fig. 3.1 is labeled as

“B-Task I-task E-task”.

3.2 Neural Architecture Model

We introduce an end-to-end model to categorize scientific keyphrases, building on a neural named

entity recognition model [55] and adding a feature-based embedding.

3.2.1 Model

We develop a 3-layer hierarchical neural model to tag tokens of the documents (details of the tok-

enization is in Sec. 4.3). (1) The token representation layer concatenates three components for each

token: a bi-directional character-based embedding, a word embedding, and an embedding associ-

ated with orthographic and part-of-speech features. (2) The token LSTM layer uses a bidirectional

LSTM to incorporate contextual cues from surrounding tokens to derive intermediate token em-

beddings. (3) The CRF tagging layer models token-level tagging decisions jointly using a CRF

objective function to incorporate dependencies between tags.

Character-Based Embedding. The embedding for a token is derived from its characters as the

concatenation of forward and backward representations from a bidirectional LSTM. The character

lookup table is initialized at random. The advantage of building a character-based embedding layer

is that it can handle out-of-vocabulary words and equations, which are frequent in this data, all of

which are mapped to “UNK” tokens in the Word Embedding Layer.

Word Embedding. Words from a fixed vocabulary (plus the unknown word token) are mapped

to a vector space, initialized using Word2vec pre-training with different combinations of corpora.
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Feature Embedding. We map features to a vector space: capitalization (all capital, first capital,

all lower, any capital but first letter) and Part-of-Speech tags.4 We randomly initialize feature

vectors and train them together as other parameters.

Token LSTM Layer We apply a bidirectional LSTM at the token level taking the concatenated

character-word-feature embedding as input. The token representation obtained by stacking the

forward and backward LSTM hidden states is passed as input to a linear layer that project the

dimension to the size of label type space and is used as input to CRF layer.

CRF Layer Keyphrase categorization is a task where there is strong dependencies across output

labels (e.g., I-TASK cannot follow B-Process). Therefore, instead of making independent tagging

decisions for each output, we model them jointly using conditional random field [50]. For an

input sentence x = (x1, x2, x3, . . . , xn), we consider P to be the matrix of scores output by the

bidirectional LSTM network. P is of size n ×m, where n is the number of tokens in a sentence,

and m is the number of distinct tags. Pt,i corresponds to the score of the i-th tag of the t-th word

in a sentence. We use a first-order Markov Model and define a transition matrix T where Ti,j

represents the score from tag i to tag j. We also add y0 and yn as the start and end tags of a

sentence. Therefore T becomes a square matrix of dimension m+ 2.

Given one possible output y, and neural network parameters θ we define the score as

φ(y;x, θ) =
n∑
t=0

Tyt,yt+1 +
n∑
t=1

Pt,yt (3.1)

The probability of sequence y is obtained by applying a softmax over all possible tag sequences

pθ(y|x) =
exp(φ(y;x, θ))∑

y′∈Y exp(φ(y′;x, θ))
(3.2)

where Y denotes all possible tag sequences. The normalization term is efficiently computed using

the forward algorithm.

4Dependency features were investigated but did not lead to performance gains.
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Figure 3.2: Label propagation. Gray nodes indicates labeled data while white nodes are unlabeled. Bold

font word indicates the current token. The assumption is if two instances are similar according to the graph,

the output labels should be similar.

Supervised Training During training, we maximize the log-probability L(Y ;X, θ) of the cor-

rect tag sequence given the corpus {X,Y }. Back-propagation is done based on a gradient com-

puted using sentence-level scores.

3.3 Semi-supervised Learning

We develop a semi-supervised algorithm that extends self-training by estimating the labels of unla-

beled data and then using those labels for re-training. Specifically, we use a graph-based algorithm

to estimate the posterior probabilities of unlabeled data and develop a new CRF training to take the

uncertainty of the estimated labels into account while optimizing the objective function.

We develop a semi-supervised algorithm that extends self-training by estimating the labels

of unlabeled data and then using those labels for re-training. Specifically, we use a graph-based

algorithm to estimate the posterior probabilities of unlabeled data and develop a new CRF training

to take the uncertainty of the estimated labels into account while optimizing the objective function.

3.3.1 Graph-based Posterior Estimates

Our semi-supervised algorithm uses the following steps to estimate the posterior. It first constructs

a graph of tokens based on their semantic similarity, then uses the CRF marginal as a regularization
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term to do label propagation on the graph. The smoothed posterior is then used to either interpolate

with the CRF marginal or as an additional feature to the neural network.

Graph Construction Vertices in the graph correspond to tokens, and edges are associated with

the distance between token features which capture semantic similarity. The total size of the graph

is equal to the number of tokens in both labeled data Vl and unlabeled data Vu. The tokens are

modelled with a concatenation of pre-trained word embeddings (with dimension d) of the 5-gram

centered by the current token, the word embedding of the closest verb, and a set of discrete fea-

tures including part-of-speech tags and capitalization (43 and 4 dimension one-hot features). The

resulting feature vector with dimension of 5d + d + 43 + 4 is then projected down to 100 di-

mensions using PCA. We define the weight wuv of the edge between nodes u and v as follows:

wuv = de(u, v) if v ∈ K(u) or u ∈ K(v), where K(u) is the set of k-nearest neighbors of u and

de(u, v) is the Euclidean distance between any two nodes u and v in the graph. An example part of

our graph is in Fig. 3.2, using 4-gram for brevity.

Label Propagation We use prior-regularized measure propagation [64, 30] to propagate labels

from the annotated data to their neighbors in the graph. The algorithm aims for the label dis-

tribution between neighboring nodes to be as similar to each other as possible by optimizing an

objective function that minimizes the Kullback-Leibler distances between: i) the empirical distri-

bution ru of labeled data and the predicted label distribution qu for all labeled nodes in the graph;

ii) the distributions qu and qv for all nodes u in the graph and their neighbors v; iii) the distributions

qu and the CRF marginals p̃u for all nodes. The third term regularizes the predicted distribution

toward the CRF prediction if the node is not connected to a labeled vertex, ensuring the algorithm

performs at least as well as standard self-training.

Posterior Estimates We develop two strategies to estimate the new posteriors p̂(yt|x; θ), which

can then be used in the CRF training. In the inductive setting, we only use the unlabeled data from

the development set for the semi-supervision. In the transductive setting we also use the unlabeled

data of the test set to construct the graph. In both cases, the parameters are tuned only on the dev
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set.

The first strategy (called GRAPHINTERP) is the commonly used approach [70, 95] that inter-

polates the smoothed posterior {q} with CRF marginals p:

p̂(yt|x; θ) = αp(yt|x; θ) + (1− α)q(y) (3.3)

where α is a mixing coefficient.

A second strategy introduced here (called GRAPHFEAT) uses the smoothed posterior {q} as

features and learns it with other parameters in the neural network. Given a sentence {x1, . . . , xn},

let Q = {q1, . . . , qn} be the predicted label distribution from the graph. We then use the m × n

Q as a feature input to neural network as P̃ = P + MQ where P is the m × n matrix output by

the bidirectional LSTM network as in Eq. 3.1, and M is an m×m matrix that is learned together

with other parameters of the neural network. In CRF layer, we modify Eq. 3.1 by replacing Pt,yt

with P̃t,yt . Note that GRAPHFEAT can only be done in a transductive way since it requires output

Q from the graph at test time.

3.3.2 CRF SSL with Uncertain Labels

A standard approach to self-training is to make hard decisions for labeling tokens based on the

estimated posteriors and retrain the model, or use the posteriors as soft labels in an EM algorithm.

However, the estimated posteriors in our task are noisy due to the difficulty and variety of the

ScienceIE task. We want to leverage only the most confident labels, but since this is a sequence

modeling task, we can not ignore other elements in the sequence. New semi-supervised CRF

training algorithm (called Uncertain Label Marginalizing (ULM)) that treats low confidence tokens

as missing labels and computes the sentence-level score by marginalizing over them. A similar idea

has been previously used in treating partially labeled data [35].

Specifically, given a sentence x we define a constrained lattice Yn(x), where at each position t

the allowed label types Y(xt) are:

Yn(xt) =

{yt}, if p(yt|x; θn) > η

All label types, otherwise
(3.4)
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Figure 3.3: Lattice representation of ULM. Dashed box is the uncertain token which is going to be

marginalized over. Arrows and grey nodes are paths to be summed over during training. When all tokens

are confident, the score of only one path is calculated.

where η is the confidence threshold, yt is the prediction of posterior decoding and p(yt|x; θ) is its

CRF token-level posterior. The new neural network parameters θ(n+1) are estimated by maximizing

the log-likelihood of p(Y(xj)|xj, θ) for every input sentence xj , where

p(Y(xj)|xj, θ) =

∑
yj∈Y(xj) exp(φ(yj;xj, θ))∑

y′∈Y exp(φ(y′;x, θ))

where yj is an instance sequence of lattice Y(x), and j is the sentence index in the training set.

Extreme cases are when all tokens are uncertain then the likelihood would be equal to 1, when all

tokens of a sequence are confident, it would be equal to Eq. 3.2 where only one possible sequence,

as in the left figure in Fig. 3.3.

3.3.3 Combining Graph-based SSL and ULM

The integrated semi-supervised training process is summarized as follows:

• Initialize: Estimate CRF parameters from labeled data.

• Iterate:

(i) Compute label posteriors over the unlabeled data using the CRF.
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(ii) Use the CRF posteriors in a regularization term for label propagation.

(iii) Combine the CRF posteriors p̃n and graph posteriors qn to add labels to the training set.

(iv) Estimate new CRF parameters.

3.4 Experimental Setup

Implementation details All parameters are tuned on the dev set performance, the best parame-

ters are selected and fixed for model switching and semi-supervised systems. The word embedding

dimension is 250; the token-level hidden dimension is 100; the character-level hidden dimension

is 25; and the optimization algorithm is SGD with a learning rate of 0.05. Two special tokens BOS

and EOS are added when pre-training, indicating the begin and end of a sentence. The number of

the graph vertices is 2M in tranductive setting and 1.4M in inductive setting. The ULM parameter

η in Eq. 3.4 is tuned from 0.1 to 0.9, the best η is 0.4. The best parameters of label propagation are

µ = 10−6 and ν = 10−5. The interpolation parameter α in Eq. 3.3 is tuned from 0.1 to 0.9, the best

α is 0.3. We do iteration of semi-supervised learning until we obtain the best result on the dev set,

which is mostly achieved in the second round.

We use Stanford CoreNLP [96] tokenizer to tokenize words. The tokenizer is augmented with

a few hand-designed rules to handle equations (e.g. “fs(B,t)=Spel(t)S” is a single token) and other

non-standard word phenomena (Cu40Zn, 20MW/m2) in scientific literature. We use Approximate

Nearest Neighbor Searching (ANN)5 to calculate the k-nearest neighbors. For all experiments in

this thesis, k = 10.

Setup We evaluate SSL algorithms in both inductive and transductive settings. The inductive

setting uses 400 full articles in ScienceIE training and dev sets, while the transductive setting uses

500 full articles including the test set. In both settings parameters are tuned over the dev set.

Comparisons We compare our system with two template matching baselines and the state-of-

the-art on the SemEval Science IE task. The first baseline [44] is an unsupervised method to extract

keyphrases by initially using seed patterns in a dependency tree, and then adding to seed patterns

5https://www.cs.umd.edu/˜mount/ANN/
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Span Level Classification (dev) Classification (test) Identification

Gupta et.al.(unsupervised) - 9.8 6.4

Tsai et.al. (unsupervised) - 11.9 8.0

MULTITASK 45.5 - -

Best Non-Neural SemEval+ - 38 51

Best Neural SemEval+ - 44 56

DYGIE(supervised) 48.1 40.2 52.1

DYGIE(semi) 51.9 45.3 56.9

DYGIE(semi)∗ 52.1 46.6 57.6

Table 3.1: Overall span-level F1 results for keyphrase identification (SemEval Subtask A) and classification

(SemEval Subtask B). ∗ indicates tranductive setting. + indicates not documented as either transductive or

inductive. - indicates score not reported or not applied.

through bootstrapping. The second baseline [45] improves the work of [44] by adding Named

Entity Features and use different set of seed patterns.

3.5 Experimental Results

We evaluate our NN-CRF model in both supervised and semi-supervised settings. We also perform

ablations and try different variants to best understand different learning strategies.

3.5.1 Best Case System Performance

Table 3.1 reports the results of our neural sequence tagging model NN-CRF in both supervised

and semi-supervised learning (ULM and graph-based), and compares them with the baselines and

the state-of-the-art (best SemEval System [43]).

A multi-task learning strategy [93] is use to improve the performance of supervised keyphrase

classification, but they only report dev set performance on SemEval Task 10, we also include their

result here and refer to it as MULTITASK. We report results for both span identification (SemEval



30

Model P R F1

DYGIE(supervised) 46.2 48.2 47.2

No features 44.2 46.1 45.1

No bi-LSTM 45.2 44.7 44.9

No CRF 36.7 38.2 37.4

No char 45.7 46.2 45.9

Table 3.2: Ablation study showing impact of neural network configurations of our DYGIE(supervised)

model on the dev set.

SubTask A) and span classification into TASK, PROCESS and MATERIAL (SemEval Subtask B).6

The results show that our neural sequence tagging models significantly outperform the state of

the art and both baselines. It confirms that our neural tagging model outperforms other non-neural

and neural models for the SemEval ScienceIE challenge.7 It further shows that our system achieves

significant boost from semi-supervised learning using unlabeled data.

3.5.2 Supervised Learning

Impact of Neural Model Components Table 4.3 provides the results of an ablation study on the

dev set showing the impact of different components of our NN-CRF on the Scientific IE task. For

the basic model, the word embeddings are initialized by word2vec trained on the 350 full journal

articles in the SE training set together with Wikipedia and ScienceIE data. The feature layer,

character layer, and bi-LSTM word layers all improves the performance. Moreover, we observe a

large improvement (20.6% relative) in the scientific IE task by adding the CRF layer.

Initialization Table 3.3 reports our NN-CRF performance when pretrained on different do-

mains. We explore different word embedding pre-training with ScienceIE training set alone (SE),

6The evaluation script is provided by the challenge, with a modification to report 3 decimal precision results.
7Best SemEval Numbers from https://scienceie.github.io/
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Dev Test

Initialization MS Phy CS MS Phy CS

SE 49.4 39.4 45.0 42.9 33.0 30.5

+wiki 52.9 40.5 47.9 46.1 39.2 31.0

+ACM 50.3 39.8 49.5 42.2 37.8 34.2

+wiki+ACM 50.5 40.3 48.9 43.1 37.9 34.4

Table 3.3: F1 score on the dev and test sets for using different sources of data for pretraining.

and adding other external resources including Wikipedia (wiki) and Computer Science articles

(ACM). All alternatives use word2vec. Compared with using SE alone, introduction of all external

data sources improve performance. Moreover, we observe that with the introduction of the ACM

dataset, the performance on the CS domain is increased significantly in both the dev and test sets.

Adding Wikipedia data benefits all three domains, with more significant improvement on the MS

and Physics domains.

Based on these observations, we select the best model on each domain according to the dev set

and use the combined result as our best suprevised system (called NN-CRF(supervised)). The F1

score improves from 39.4 to 40.2 when applying model switching strategy. The best model on the

dev set is used for each domain: for MS and physics domain, we pretrain word embeddings with

the SE and Wiki, and for the CS domain, we pretrain with the SE and ACM.

3.5.3 Semi-Supervision Learning

Table 3.4 reports the results of the semi-supervised learning algorithms in different settings. In

particular we ablate incorporating the graph-based methods of computing the posteriors and CRF

training (ULM vs. hard decision). The table shows incorporating graph-based methods for com-

puting posterior and ULM for CRF training outperforms their counterparts.

For computing the posteriors, we explore two different strategies of the graph-based methods

GRAPHINTERP and GRAPHFEAT. GRAPHINTERP interpolates the smoothed posterior from label
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Posterior Training Dev Test

- - 50.2 42.9

- ULM 51.3 44.4

GRAPHINTERP - 50.9 43.3

GRAPHINTERP ULM 51.9 45.3

GRAPHINTERP* - 50.7 44.0

GRAPHINTERP* ULM 51.8 45.7

GRAPHFEAT* - 51.4 44.9

GRAPHFEAT* ULM 52.1 46.6

Table 3.4: F1 scores of semi-supervised Learning approaches; * shows transductive models.

propagation with CRF posteriors; In the inductive setting, GRAPHINTERP only uses un-annotated

data from the dev set and uses the best model for decoding at test time. In the transductive setting,

GRAPHINTERP∗ uses un-annoated data from the test set to build the graph as well, tuning the

parameters on the dev set. GRAPHFEAT uses the smoothed posterior from label propagation as an

additional input to the neural network and only applies in the transductive setting.

As expected, the transductive approaches consistently outperform inductive approaches on the

test set. With around the same performance on the dev set, GRAPHINTERP* seems to generalize

better on the test set with 1.6% relative improvement over GRAPHINTERP. We observe higher

improvement with GRAPHFEAT* compared to GRAPHINTERP. This is mainly because automat-

ically learning the weight matrix M between neural network scores and graph outputs adds more

flexibility compared to tuning an interpolation weight α. The performance is further improved

by applying data selection through modifying the objective to ULM. The best inductive system is

ULM+GRAPHINTERP with 5.6% relative improvement over pure Self-Training that makes hard

decisions, and the best transductive system is ULM+GRAPHFEAT* with 8.6% relative improve-

ment.
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Span Level T P M K

Best SemEval 19 44 48 55

supervised 13.3 40.5 43.7 52.1

ULM+GRAPHINTERP 17.0 45.4 49.4 56.9

ULM+GRAPHFEAT* 17.2 46.5 50.7 57.6

Token Level T P M K

supervised 29.6 56.0 59.3 70.8

ULM+GRAPHINTERP 40.0 60.7 61.2 77.0

ULM+GRAPHFEAT* 40.1 62.8 63.4 78.1

Table 3.5: F1 score results on the test set for different categories: T indicates TASK, P indicates PROCESS,

M is MATERIAL and K is Keyword identification (SubTask A). * indicates a transductive model.

3.5.4 Error Analysis

Table 3.5 details the performance of our method on the three categories at the span and token level.

We observe significant improvement by using ULM+GRAPHINTERP and ULM+GRAPHFEAT

over the best SemEval result and our best supervised system on all three categories at both to-

ken and span levels. We further observe that all systems have much lower performance on TASK

classification than PROCESS and MATERIAL. This is in part because TASK is much less frequent

than the other types. In addition, TASK keyphrases often include verb phrases, while the other

two domains mainly consists of noun phrases. An analysis of confusion patterns show that the

most frequent type confusions are between PROCESS and MATERIAL. However, we observe that

ULM+GRAPHFEAT* can greatly reduce the confusion, with 3.5% relative improvement of PRO-

CESS and 3.6% relative improvement of PROCESS over ULM+GRAPHINTERP on token level.

We provide examples of typical errors that our system makes in Table 3.6. As described above,

TASK is the hardest type to identify with our system. Row 1 shows a failure to detect the verb phrase
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Error types Annotation and System Output

Verb phrases A key requirement in aiming to [achieve [enantiopure products]Material ]Task is there-

fore a means to [quantitate [the enantiometric excess]Process]Task.

General terms Since the [receptors]Material in human biology mostly consist of [chiral

molecules]Material, [drug action]Process mostly involves a specified enantiometric

form.

Falsely predicted ad-

jectives

It has been shown that the most efficient forms of energy transfer between the two

occurs when there is a [neighbouring carotenoid species]Material.

Lack of context Other models use [SWEs ]Material
Process but focus on the use of multi resolution grids or

irregular mesh.

Table 3.6: Common errors, where blue means golden label our system misses, red means falsely predicted

results, and green means correctly predicted spans.

following ‘to’ as part of the TASK, and instead detects ‘enantiopure products’ as MATERIAL. Row

2 illustrates the problem of identifying general terms as keyphrases due to similar context, such

as ‘receptors’ and ‘drug action’. A third common error involves incorrectly labeling adjectives,

such as ‘neighbouring’ in Row 3, which leads to span errors. Another common cause of error is

insufficient context: in the last example, a larger context is needed to determine whether ‘SWE’ is

a PROCESS or MATERIAL.

3.6 Conclusion

In this chapter, we cast the scientific information extraction task as a sequence tagging problem and

introduce a hierarchical LSTM-CRF neural tagging model for this task, building on recent results

in NER. We introduced a semi-supervised learning algorithm that incorporates graph-based label

propagation and confidence-aware self-training for sequential models. We show the introduction of

semi-supervision significantly outperforms the performance of the supervised LSTM-CRF tagging

model. We additionally show that external resources are useful for initializing word embeddings.
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Both inductive and transductive semi-supervised strategies achieve state-of-the-art performance in

SemEval 2017 ScienceIE task. We also conducted a detailed analysis of the system and point out

common error cases.

In our experiments, we observe that including only domain-matched data for semi-supervised

learning has slightly better performance than using cross-domain data. Reducing the amount of

in-domain data hurts performance. It would be useful to assess the impact of matched unlabeled

data for the physics and material science domain. Other future work includes leveraging global

context, such as information from the citation network.
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Chapter 4

SPAN-BASED MULTI-TASK IDENTIFICATION OF ENTITIES,
RELATIONS, AND COREFERENCE

In this chapter, we develop a unified learning model for extracting scientific entities, relations,

and coreference resolution that can model the interaction between different tasks and avoid cas-

cading errors. This is different from previous work [36, 44, 45, 46] which often addresses these

tasks as independent components of a pipeline. Our unified model is a multi-task setup that shares

parameters across low-level tasks, making predictions by leveraging context across the document

through coreference links. Specifically, we extend prior work for learning span representations and

coreference resolution [42, 47]. Different from a standard tagging system, our system enumerates

all possible spans during decoding and can effectively detect overlapped spans. It avoids cascading

errors between tasks by jointly modeling all spans and span-span relations.

By extending the previous end-to-end coreference resolution system, we develop the multi-task

learning framework that can detect scientific entities, relations, and coreference clusters without

hand-engineered features. Our experiments show that the unified model is better at predicting span

boundaries, and it outperforms previous state-of-the-art scientific IE systems on entity and relation

extraction [36, 43].1

4.1 SciERC Dataset

Our dataset (called SCIERC) includes annotations for scientific entities, their relations, and coref-

erence clusters for 500 scientific abstracts. These abstracts are taken from 12 AI conference/workshop

1This chapter is primarily describing work that has been published in [40]. My contribution involves model design,
running experiments and writing.
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proceedings in four AI communities from the Semantic Scholar Corpus2. SCIERC extends pre-

vious datasets in scientific articles SemEval 2017 Task 10 (SemEval 17) [43] and SemEval 2018

Task 7 (SemEval 18) [46] by extending entity types, relation types, relation coverage, and adding

cross-sentence relations using coreference links. Our dataset is publicly available at: http:

//nlp.cs.washington.edu/sciIE/. Table 4.1 shows the statistics of SCIERC.

Annotation Scheme We define six types for annotating scientific entities (Task, Method, Metric,

Material, Other-ScientificTerm and Generic) and seven relation types (Compare, Part-of, Conjunc-

tion, Evaluate-for, Feature-of, Used-for, Hyponym-Of). Directionality is taken into account except

for the two symmetric relation types (Conjunction and Compare). Coreference links are annotated

between identical scientific entities. A Generic entity is annotated only when the entity is involved

in a relation or is coreferred with another entity. Annotation guidelines can be found in Appendix

A.

Following annotation guidelines from [97] and using the BRAT interface [98], our annotators

perform a greedy annotation for spans and always prefer the longer span whenever ambiguity

occurs. Nested spans are allowed when a subspan has a relation/coreference link with another term

outside the span.

Human Agreements One domain expert annotated all the documents in the dataset; 12% of the

data is dually annotated by 4 other domain experts to evaluate the user agreements. Each annotator

was shown with the span that has been annotated by the main annotator, and was asked to correct

some obvious span errors as well as annotating keyphrase types, links and types (if any) of relation

and coreference. The kappa score for annotating entities is 0.77, relation extraction is 0.68 and

coreference is 0.64.

2These conferences include general AI (AAAI, IJCAI), NLP (ACL, EMNLP, IJCNLP), speech (ICASSP, In-
terspeech), machine learning (NIPS, ICML), and computer vision (CVPR, ICCV, ECCV) at http://labs.
semanticscholar.org/corpus/
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Statistics SCIERC SemEval 17 SemEval 18

#Entities 8089 9946 7483

#Relations 4716 672 1595

#Relations/Doc 9.4 1.3 3.2

#Relation types 7 2 6

#Coref links 2752 - -

#Coref clusters 1023 - -

Table 4.1: Dataset statistics for our dataset SCIERC and two previous datasets on scientific infor-

mation extraction. All datasets annotate 500 documents.

Comparison with previous datasets SCIERC is focused on annotating cross-sentence relations

and has more relation coverage than SemEval 17 and SemEval 18, as shown in Table 4.1. SemEval

17 is mostly designed for entity recognition and only covers two relation types (Hyponym-of and

Synonym-of). The task in SemEval 18 is to classify a relation between a pair of entities given entity

boundaries, but only intra-sentence relations are annotated and each entity only appears in one

relation, resulting in sparser relation coverage than our dataset (3.2 vs. 9.4 relations per abstract).

SCIERC extends these datasets by adding more relation types and coreference clusters, which

allows representing cross-sentence relations, and removing annotation constraints. In addition,

SCIERC aims at including broader coverage of general AI communities.

4.2 Model

We develop a unified framework (called SPANIE) to identify and classify scientific entities, rela-

tions, and coreference resolution across sentences. SPANIE is a multi-task learning setup that ex-

tends previous span-based models for coreference resolution [42] and semantic role labeling [47].

All three tasks of entity recognition, relation extraction, and coreference resolution are treated as

multinomial classification problems with shared span representations. SPANIE benefits from ex-

pressive contextualized span representations as classifier features. By sharing span representations,

sentence-level tasks can benefit from information propagated from coreference resolution across



39

MORPA

MORPA is a

a fully implemented parser

parser

MORphological Parser MORPA

MORPA is a fully implemented parser developed for ……, the MORphological Parser MORPA is provided with a …

MORphological

MORPA is

is provided with

NULL

Hyponym-of Used-for NULL
MethodTask NULL

Sentences

BiLSTM outputs

Span  
Representations

Entity 
Recognition

+Span Features

Coreference 
Resolution

Relation 
Extraction

… …

parserMORPA
MORphological

MORphological Parser MORPA

…

… …

Figure 4.1: Overview of the multitask setup, where all three tasks are treated as classification

problems on top of shared span representations. Dotted arcs indicate the normalization space for

each task.

sentences, without increasing the complexity of inference.

4.2.1 Problem Definition

The input is a document represented as a sequence of words D = {w1, . . . , wn}, from which we

derive S = {s1, . . . , sN}, the set of all possible within-sentence word sequence spans (up to a

reasonable length) in the document. The output contains three structures: the entity types E for all

spans S, the relations R for all pair of spans S × S, and the coreference links C for all spans in S.

The output structures are represented with a set of discrete random variables indexed by spans or

pairs of spans. Specifically, the output structures are defined as follows.

Entity recognition is to predict the best entity type for every candidate span. Let LE represent the

set of all possible entity types including the null-type ε. The output structure E is a set of random

variables indexed by spans: ei ∈ LE for i = 1, . . . , N .

Relation extraction is to predict the best relation type given an ordered pair of spans (si, sj). Let

LR be the set of all possible relation types including the null-type ε. The output structure R is a set
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of random variables indexed over pairs of spans (i, j) that belong to the same sentence: rij ∈ LR

for i, j = 1, . . . , N .

Coreference resolution is to predict the best antecedent (including a special null antecedent) given

a span, which is the same mention-ranking model used in [42]. The output structure C is a set of

random variables defined as: ci ∈ {1, . . . , i− 1, ε} for i = 1, . . . , N .

4.2.2 Model Definition

We formulate the multi-task learning setup as learning the conditional probability distribution

P (E,R,C|D). Figure 5.1 shows a high-level overview of the SPANIE multi-task framework. For

efficient training and inference, we decompose P (E,R,C|D) assuming spans are conditionally

independent given D:

P (E,R,C | D) = P (E,R,C, S | D) (4.1)

=
N∏
i=1

P (ei | D)P (ci | D)
N∏
j=1

P (rij | D),

where the first equality holds since the spans are known given D. The conditional probabilities of

each random variable are independently normalized:

P (ei = e | D) =
exp(ΦE(e, si))∑

e′∈LE
exp(ΦE(e′, si))

(4.2)

P (rij = r | D) =
exp(ΦR(r, si, sj))∑

r′∈LR
exp(ΦR(r′, si, sj))

P (ci = j | D) =
exp(ΦC(si, sj))∑

j′∈{1,...,i−1,ε} exp(ΦC(si, sj′))
,

where ΦE denotes the unnormalized model score for an entity type e and a span si, ΦR denotes the

score for a relation type r and span pairs si, sj , and ΦC denotes the score for a binary coreference

link between si and sj . These Φ scores are further decomposed into span and pairwise span scores

computed from feedforward networks, as will be explained in Section 4.2.3.
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Objective Given a set of all documents D, the model loss function is defined as a weighted sum

of the negative log-likelihood loss of all three tasks:

−
∑

(D,R∗,E∗,C∗)∈D

{
λE logP (E∗ | D) (4.3)

+ λR logP (R∗ | D) + λC logP (C∗ | D)
}

where E∗, R∗, and C∗ are gold structures of the entity types, relations, and coreference, respec-

tively. The task weights λE, λR, and λC are introduced as hyper-parameters to control the impor-

tance of each task.

For entity recognition and relation extraction, P (E∗ | D) and P (R∗ | D) are computed with

the definition in Equation (4.2). For coreference resolution, we use the marginalized loss following

[42] since each mention can have multiple correct antecedents. Let C∗i be the set of all correct

antecedents for span i, we have: logP (C∗ | D) =
∑

i=1..N log
∑

c∈C∗i
P (c | D).

4.2.3 Scoring Architecture

We use feedforward neural networks (FFNNs) over shared span representations g to compute a set

of span and pairwise span scores. For the span scores, φe(si) measures how likely a span si has an

entity type e, and φmr(si) and φmc(si) measure how likely a span si is a mention in a relation or a

coreference link, respectively. The pairwise scores φr(si, sj) and φc(si, sj) measure how likely two

spans are associated in a relation r or a coreference link, respectively. Let gi be the fixed-length

vector representation for span si. For different tasks, the span scores φx(si) for x ∈ {e,mc,mr}

and pairwise span scores φy(si, sj) for y ∈ {r, c} are computed as follows:

φx(si) =wx · FFNNx(gi)

φy(si, sj) =wy · FFNNy([gi,gj,gi � gj]),

where� is element-wise multiplication, and {wx,wy} are neural network parameters to be learned.
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We use these scores to compute the different Φ:

ΦE(e, si) = φe(si) (4.4)

ΦR(r, si, sj) = φmr(si) + φmr(sj) + φr(si, sj)

ΦC(si, sj) = φmc(si) + φmc(sj) + φc(si, sj)

The scores in Equation (4.4) are defined for entity types, relations, and antecedents that are not

the null-type ε. Scores involving the null label are set to a constant 0: ΦE(ε, si) = ΦR(ε, si, sj) =

ΦC(si, ε) = 0.

We use the same span representations g from [42] and share them across the three tasks. We

start by building bi-directional LSTMs [18] from word, character and ELMo [28] embeddings.

For a span si, its vector representation gi is constructed by concatenating si’s left and right end

points from the BiLSTM outputs, an attention-based soft “headword,” and embedded span width

features. Hyperparameters and other implementation details will be described in Section 4.3.

4.2.4 Inference and Pruning

Following previous work, we use beam pruning to reduce the number of pairwise span factors from

O(n4) to O(n2) at both training and test time, where n is the number of words in the document.

We define two separate beams: BC to prune spans for the coreference resolution task, and BR for

relation extraction. The spans in the beams are sorted by their span scores φmc and φmr respectively,

and the sizes of the beams are limited by λCn and λRn. We also limit the maximum width of spans

to a fixed number W , which further reduces the number of span factors to O(n).

4.3 Experimental Setup

We evaluate our unified framework SPANIE on SCIERC and SemEval 17.

4.3.1 Baselines

We compare our model with the following baselines on SCIERCdataset:
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• LSTM+CRF: The state-of-the-art NER system [55], which applies CRF on top of LSTM

for named entity tagging, the approach has also been used in scientific term extraction [36].

• LSTM+CRF+ELMo: LSTM+CRF with ELMO as an additional input feature.

• E2E Rel: State-of-the-art joint entity and relation extraction system [1] that has also been

used in scientific literature [73, 43]. This system uses syntactic features such as part-of-

speech tagging and dependency parsing.

• E2E Rel(Pipeline): Pipeline setting of E2E Rel. Extract entities first and use entity results

as input to relation extraction task.

• E2E Rel+ELMo: E2E Rel with ELMO as an additional input feature.

• E2E Coref: State-of-the-art coreference system [42] combined with ELMO. Our system

SPANIE extends E2E Coref with multi-task learning.

In the SemEval task, we compare our model SPANIE with the best reported system in the Se-

mEval leaderboard [73], which extends E2E Rel with several in-domain features such as gazetteers

extracted from existing knowledge bases and model ensembles. We also compare with the state of

the art on keyphrase extraction NN-CRF from Chapter 3, which applies semi-supervised methods

to a neural tagging model.3

4.3.2 Implementation details

Our system extends the implementation and hyper-parameters from [42] with the following ad-

justments. We use a 1 layer BiLSTM with 200-dimensional hidden layers. All the FFNNs have

2 hidden layers of 150 dimensions each. We use 0.4 variational dropout [99] for the LSTMs, 0.4

dropout for the FFNNs, and 0.5 dropout for the input embeddings. We model spans up to 8 words.

For beam pruning, we use λC = 0.3 for coreference resolution and λR = 0.4 for relation extraction.

3We compare with the inductive setting results.
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Dev Test

Model P R F1 P R F1

LSTM+CRF 67.2 65.8 66.5 62.9 61.1 62.0

LSTM+CRF+ELMo 68.1 66.3 67.2 63.8 63.2 63.5

E2E Rel(Pipeline) 66.7 65.9 66.3 60.8 61.2 61.0

E2E Rel 64.3 68.6 66.4 60.6 61.9 61.2

E2E Rel+ELMO 67.5 66.3 66.9 63.5 63.9 63.7

SPANIE 70.0 66.3 68.1 67.2 61.5 64.2

(a) Entity recognition.

Dev Test

Model P R F1 P R F1

E2E Rel(Pipeline) 34.2 33.7 33.9 37.8 34.2 35.9

E2E Rel 37.3 33.5 35.3 37.1 32.2 34.1

E2E Rel+ELMO 38.5 36.4 37.4 38.4 34.9 36.6

SPANIE 45.4 34.9 39.5 47.6 33.5 39.3

(b) Relation extraction.

Dev Test

Model P R F1 P R F1

E2E Coref 59.4 52.0 55.4 60.9 37.3 46.2

SPANIE 61.5 54.8 58.0 52.0 44.9 48.2

(c) Coreference resolution.

Table 4.2: Comparison with previous systems on the development and test set for our three tasks.

For coreference resolution, we report the average P/R/F1 of MUC, B3, and CEAFφ4 scores.
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Task Entity Rec. Relation Coref.

Multi Task (SPANIE) 68.1 39.5 58.0

Single Task 65.7 37.9 55.3

+Entity Rec. - 38.9 57.1

+Relation 66.8 - 57.6

+Coreference 67.5 39.5 -

Table 4.3: Ablation study for multitask learning on SCIERC development set. Each column shows

results for the target task.

4.4 Experimental Results

We evaluate SPANIE on SCIERC and SemEval 17 datasets.

4.4.1 IE Results

Results on SciERC Table 4.2 compares the result of our model with baselines on the three

tasks: entity recognition (Table 4.2a), relation extraction (Table 4.2b), and coreference resolution

(Table 4.2c). As evidenced by the table, our unified multi-task setup SPANIE outperforms all

the baselines. For entity recognition, our model achieves 1.3% and 2.4% relative improvement

over LSTM+CRF with and without ELMO, respectively. Moreover, it achieves 1.8% and 2.7%

relative improvement over E2E Rel with and without ELMO, respectively. For relation extraction,

we observe more significant improvement with 13.1% relative improvement over E2E Rel and

7.4% improvement over E2E Rel with ELMO. For coreference resolution, SPANIE outperforms

E2E Coref with 4.5% relative improvement. We still observe a large gap between human-level

performance and a machine learning system.

Ablations We evaluate the effect of multi-task learning in each of the three tasks defined in our

dataset. Table 4.3 reports the results for individual tasks when additional tasks are included in the
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Span Indentification Keyphrase Extraction Relation Extraction Overall

Model P R F1 P R F1 P R F1 P R F1

NN-CRF - - 56.9 - - 45.3 - - - - - -

Best SemEval 55 54 55 44 43 44 36 23 28 44 41 43

SPANIE 62.2 55.4 58.6 48.5 43.8 46.0 40.4 21.2 27.8 48.1 41.8 44.7

Table 4.4: Results for scientific keyphrase extraction and extraction on SemEval 2017 Task 10,

comparing with previous best systems.

learning objective function. We observe that performance improves with each added task in the

objective. For example, entity recognition (65.7) benefits from both coreference resolution (67.5)

and relation extraction (66.8). Relation extraction (37.9) significantly benefits when multi-tasked

with coreference resolution (7.1% relative improvement). Coreference resolution benefits when

multi-tasked with relation extraction, with a 4.9% relative improvement.

Results on SemEval 17 Table 4.4 compares the results of our model with the state of the art on

the SemEval 17 dataset for tasks of span identification, keyphrase extraction and relation extraction

as well as the overall score. Span identification aims at identifying spans of entities. Keyphrase

classification and relation extraction has the same setting with the entity and relation extraction

in SCIERC. Our model outperforms all the previous models that use hand-designed features. We

observe more significant improvement in span identification than keyphrase classification. This

confirms the benefit of our model in enumerating spans (rather than BIO tagging in state-of-the-

art systems). Moreover, we have competitive results compared to the previous state of the art in

relation extraction. We observe less gain compared to the SCIERC dataset mainly because there

are no coference links, and the relation types are not comprehensive.
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4.5 Related Work

Different from most previous IE systems for scientific literature and general domains [1, 2, 3, 4,

5, 6], which use preprocessed syntactic, discourse or coreference features as input, our unified

framework does not rely on any pipeline processing and is able to model overlapping spans.

While [37] show improvements by jointly modeling entities, relations, and coreference links,

most recent neural models for these tasks focus on single tasks [59, 100, 42, 55, 3] or joint entity

and relation extraction [101, 14, 6, 102]. Among those studies, many papers assume the entity

boundaries are given, such as [59], [6] and [3]. Our work relaxes this constraint and predicts entity

boundaries by optimizing over all possible spans. Our model draws from recent end-to-end span-

based models for coreference resolution [42, 103] and semantic role labeling [47] and extends

them for the multi-task framework involving the three tasks of identification of entity, relation and

coreference.

Neural multi-task learning has been applied to a range of NLP tasks. Most of these models

share word-level representations [60, 104, 41, 105], while [3] uses high-order cross-task factors.

Our model instead propagates cross-task information via span representations, which is related to

[106].

4.6 Conclusion

In this chapter, we develop a multi-task model for identifying entities, relations, and coreference

clusters in scientific articles. By sharing span representations and leveraging cross-sentence infor-

mation, our multi-task setup effectively improves performance across all tasks. Moreover, we show

that our multi-task model is better at predicting span boundaries and outperforms previous state-of-

the-art scientific IE systems on entity and relation extraction, without using any hand-engineered

features or pipeline processing.

We still observe a large gap between the performance of our model and human performance,

confirming the challenges of scientific IE. Future work includes improving the performance using

semi-supervised techniques and providing in-domain features.
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Chapter 5

A GENERAL FRAMEWORK FOR INFORMATION EXTRACTION
USING DYNAMIC SPAN GRAPHS

In the previous chapter, we introduced SPANIE, a unified learning model for extracting scien-

tific entities, relations, and coreference resolution. SPANIE is able to model the interaction between

different tasks and avoid cascading errors by span-based modeling. However, it mostly relies on

the first layer LSTM to share span representations between different tasks; there is limited shar-

ing of document context information. In this chapter, we improve SPANIE by directly modeling

the information flow across different tasks through dynamic span graphs (DYGIE). DYGIE cou-

ples multiple information extraction tasks through shared span representations which are refined

leveraging contextualized information from relations and coreferences. The graphs are constructed

by selecting the most confident entity spans and linking these nodes with confidence-weighted

relation types and coreferences. The nodes in the graph are dynamically selected from a beam

of highly-confident mentions, and the edges are weighted according to the confidence scores of

relation types or coreferences. Unlike the multi-task method in Chapter 4 that only shares span

representations from the local context [40], our framework leverages rich contextual span repre-

sentations by propagating information through coreference and relation links. The dynamic span

graph allows coreference and relation type confidences to propagate through the graph to iteratively

refine the span representations. DYGIE significantly outperforms the state-of-the-art on multiple

information extraction tasks across multiple datasets reflecting different domains.

We evaluate DYGIE on several datasets spanning many domains (including news, scientific ar-

ticles, and wet lab experimental protocols), achieving state-of-the-art performance across all tasks

and domains and demonstrating the value of coupling related tasks to learn richer span represen-

tations. For example, DYGIE achieves relative improvements of 5.7% and 9.9% over state of the
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Figure 5.1: Overview of our DYGIE model. Dotted arcs indicate confidence weighted graph edges.

Solid lines indicate the final predictions.

art on the ACE05 entity and relation extraction tasks, and an 11.3% relative improvement on the

ACE05 overlapping entity extraction task. 1

5.1 Model

Problem Definition The basic problem definition is the same as Chapter 4. The input is a doc-

ument represented as a sequence of words D, from which we derive S = {s1, . . . , sT}, the set of

all possible within-sentence word sequence spans (up to length L) in the document. The output

contains three structures: the entity types E for all spans S, the relations R for all span pairs S×S

within the same sentence, and the coreference links C for all spans in S across sentences. However

in this chapter Entity Recognition and Relation Recognition are the primary tasks. Coreference

resolution is an auxiliary task where we predict the best antecedent ci for each span si.

1This chapter is primarily describing work that has been published in [107]. My contribution involves model
design, running experiments and writing.
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Model We develop a general information extraction framework (DYGIE) to identify and classify

entities, relations, and coreference in a multi-task setup. DYGIE first enumerates all text spans in

each sentence, and computes a locally-contextualized vector space representation of each span.

The model then employs a dynamic span graph to incorporate global information into its span

representations, as follows. At each iteration, the model identifies the text spans that are most

likely to represent entities, and treats these spans as nodes in a graph structure. It constructs

confidence-weighted arcs for each node according to its predicted coreference and relation links

with the other nodes in the graph. Then, the span representations are refined using broader context

from gated updates propagated from neighboring relation types and co-referred entities. These

refined span representations are used in a multi-task framework to predict entity types, relation

types, and coreference links.

5.1.1 Model Architecture

In this section, we give an overview of the main components and layers of the DYGIE frame-

work, as illustrated in Figure 5.1. Details of the graph construction and refinement process will be

presented in the next section.

Token Representation Layer We apply a bidirectional LSTM over the input tokens. The input

for each token is a concatenation of the character reprensetation, GLoVe [23] word embeddings,

and ELMo embeddings [28]. The output token representations are obtained by stacking the forward

and backward LSTM hidden states.

Span Representation Layer For each span si, its initial vector representation g0
i is obtained

by concatenating BiLSTM outputs at the left and right end points of si, an attention-based soft

“headword,” and an embedded span width feature, following [42].

Coreference Propagation Layer The propagation process starts from the span representations

g0
i . At each iteration t, we first compute an update vector utC(i) for each span si. Then we use
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utC(i) to update the current representation gti, producing the next span representation gt+1
i . By

repeating this process N times, the final span representations gNi share contextual information

across spans that are likely to be antecedents in the coreference graph, similar to the process in

[103].

Relation Propagation Layer The outputs gNi from the coreference propagation layer are passed

as inputs to the relation propagation layer. Similar to the coreference propagation process, at each

iteration t, we first compute the update vectors utR for each span si, then use it to compute gt+1
i .

Information can be integrated from multiple relation paths by repeating this process M times.

Final Prediction Layer We use the outputs of the relation graph layer gN+M
i to predict the entity

labels E and relation labels R. For entities, we pass gN+M
i to a feed-forward network (FFNN) to

produce per-class scores PE(i) for span si. For relations, we pass the concatenation of gN+M
i and

gN+M
j to a FFNN to produce per-class relation scores PR(i, j) between spans si and sj . Entity and

relation scores are normalized across the label space, as in Chapter 4. For coreference, the scores

between span pairs (si, sj) are computed from the coreference graph layer outputs (gNi ,g
N
j ), and

then normalized across all possible antecedents, similar to [103].

5.1.2 Dynamic Graph Construction and Span Refinement

The dynamic span graph facilitates propagating broader contexts through soft coreference and

relation links to refine span representations. The nodes in the graph are spans si with vector rep-

resentations gti ∈ Rd for the t-th iteration. The edges are weighted by the coreference and relation

scores, which are iteratively updated with the span representations. In this section, we explain how

coreference and relation links can update span representations and link scores.

Coreference Propagation Similar to Chapter 4, we define a beam BC consisting of bc spans

that are most likely to be in a coreference chain. We consider Pt
C to be a matrix of real values

that indicate coreference confidence scores between these spans at the t-th iteration. Pt
C is of size
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bc ×K, where K is the maximum number of antecedents considered. For the coreference graph,

an edge in the graph is single directional, connecting the current span si with all its potential

antecedents sj in the coreference beam, where j < i. The edge between si and sj is weighted by

coreference confidence score at the current iteration P t
C(i, j). The span update vector utC(i) ∈ Rd

is computed by aggregating the neighboring span representations gtj , weighted by their coreference

scores P t
C(i, j):

utC(i) =
∑

j∈BC(i)

P t
C(i, j)gtj (5.1)

where BC(i) is the set of K spans that are antecedents of si,

P t
C(i, j) =

exp(V t
C(i, j))∑

j′∈BC(i)
exp(V t

C(i, j′))
(5.2)

V t
C(i, j) is a scalar score computed by concatenating the span representations [gti,g

t
j,g

t
i � gtj],

where � is element-wise multiplication. The concatenated vector is then fed as input to a FFNN,

similar to [103].

Relation Propagation For each sentence, we define a beam BR consisting of br entity spans that

are mostly likely to be involved in a relation. Unlike the coreference graph, the relation edges are

associated with a vector of weights that capture different relation types. Therefore, for the t-th

iteration, we use a tensor Vt
R ∈ RbR×bR×LR to capture scores of each of the LR relation types.

In other words, each edge in the relation graph connects two entity spans si and sj in the relation

beam BR. Vt
R(i, j) is a LR-length vector of relation scores, computed with a FFNN with [gti,g

t
j]

as the input. The relation update vector utR(i) ∈ Rd is computed by aggregating neighboring span

representations on the relation graph:

utR(i) =
∑
j∈BR

f(Vt
R(i, j))AR � gtj, (5.3)

where AR ∈ RLR×d is a trainable linear projection matrix, f is a non-linear function to select

the most important relations. Because only a small number of entities in the relation beam are

actually linked to the target span, propagation among all possible span pairs would introduce too
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much noise to the new representation. Therefore, we choose f to be the ReLU function to remove

the effect of unlikely relations by setting the all negative relation scores to 0. Unlike coreference

connections, two spans linked via a relation are not expected to have similar representations, so the

matrix AR helps to transform the embedding gtj according to each relation type.

Updating Span Representations with Gating To compute the span representations for the next

iteration t ∈ {1, . . . , N + M}, we define a gating vector f tx(i) ∈ Rd, where x ∈ {C,R}, to

determine whether to keep the previous span representation gti or to integrate new information

from the coreference or relation update vectors utx(i). Formally,

f tx(i) = g(Wf
x[g

t
i,u

t
x(i)]) (5.4)

gt+1
i = f tx(i)� gti + (1− f tx(i))� utx(i),

where Wf
x ∈ Rd×2d are trainable parameters, and g is an element-wise sigmoid function. The

update of gi can involve different uses of coreference and relations including only x = C, only

x = R or sequential application of x = C for N iteration followed by X = R for M iterations (or

vice versa).

5.1.3 Training

The loss function is defined as a weighted sum of the log-likelihood of all three tasks:

∑
(D,R∗,E∗,C∗)∈D

{
λE logP (E∗ | C,R,D) (5.5)

+ λR logP (R∗ | C,D) + λC logP (C∗ | D)
}

whereE∗,R∗ and C∗ are gold structures of the entity types, relations and coreference, respectively.

D is the collection of all training documents D. The task weights λE, λR, and λC are hyper-

parameters to control the importance of each task.

We use a 1 layer BiLSTM with 200-dimensional hidden layers. All the FFNN functions have

2 hidden layers of 150 dimensions each. We use 0.4 variational dropout [99] for the LSTMs, 0.4
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Domain Docs Ent Rel Coref

ACE04 News 348 7 7 3

ACE05 News 511 7 6 7

SciERC AI 500 6 7 3

WLP Bio lab 622 18 13 7

Table 5.1: Datasets for joint entity and relation extraction and their statistics. Ent: Number of

entity categories. Rel: Number of relation categories.

dropout for the FFNNs, and 0.5 dropout for the input embeddings. The hidden layer dimensions

and dropout rates are chosen based on the development set performance in multiple domains. The

task weights, learning rate, maximum span length, number of propagation iterations and beam size

are tuned specifically for each dataset using development data.

5.2 Experiments

DYGIE is a general IE framework that can be applied to multiple tasks. We evaluate the perfor-

mance of DYGIE against models from two lines of work: combined entity and relation extraction,

and overlapping entity extraction.

5.2.1 Entity and relation extraction

For the entity and relation extraction task, we test the performance of DYGIE on four different

datasets: ACE2004, ACE2005, SciERC and the Wet Lab Protocol Corpus. We include the re-

lation graph propagation layer in our models for all datasets. We include the coreference graph

propagation layer on the data sets that have coreference annotations available.

Data All four data sets are annotated with entity and relation labels. Only a small fraction of

entities (< 3% of total) in these data sets have a text span that overlaps the span of another entity.

Statistics on all four data sets are displayed in Table 5.1.
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The ACE2004 and ACE2005 corpora provide entity and relation labels for a collection of doc-

uments from a variety of domains, such as newswire and online forums. We use the same entity

and relation types, data splits, and preprocessing as [1] and [12]. Following the convention estab-

lished in this line of work, an entity prediction is considered correct if its type label and head region

match those of a gold entity. We will refer to this version of the ACE2004 and ACE2005 data as

ACE04 and ACE05. Since the domain and mention span annotations in the ACE datasets are very

similar to those of OntoNotes [108], and OntoNotes contains significantly more documents with

coreference annotations, we use OntoNotes to train the parameters for the auxiliary coreference

task. The OntoNotes corpus contains 3493 documents, averaging roughly 450 words in length.

The SciERC corpus [40] provides entity, coreference and relation annotations for a collection

of documents from 500 AI paper abstracts. The dataset defines scientific term types and relation

types specially designed for AI domain knowledge graph construction. An entity prediction is

considered correct if its label and span match with a gold entity.

The Wet Lab Protocol Corpus (WLPC) provides entity, relation, and event annotations for

622 wet lab protocols [109]. A wet lab protocol is a series of instructions specifying how to perform

a biological experiment. Following the procedure in [109], we perform entity recognition on the

union of entity tags and event trigger tags, and relation extraction on the union of entity-entity

relations and entity-trigger event roles. Coreference annotations are not available for this dataset.

Baselines We compare DYGIE with current state of the art methods in different datasets. Miwa

& Bansal [1] (abbreviated M&B in the table) provide the current state of the art on ACE04. They

construct a Tree LSTM using dependency parse information, and use the representations learned

by the tree structure as features for relation classification. Bekoulis et al. [110] (Bekoulis18) use

adversarial training as regularization for a neural model. Zhang et al. [14] (Zhang17) cast joint

entity and relation extraction as a table filling problem and build a globally optimized neural model

incorporating syntactic representations from a dependency parser. Similar to DYGIE, Sanh et al.

[111] (Sanh18) and SPANIE use a multi-task learning framework for extracting entity, relation and

coreference labels. Sanh18 improved the state of the art on ACE05 using multi-task, hierarchical
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Dataset System Entity Relation

ACE04

Bekoulis18 81.6 47.5

M&B 81.8 48.4

DYGIE 87.4 59.7

ACE05

M&B 83.4 55.6

Zhang17 83.6 57.5

Sanh18 87.5 62.7

DYGIE 88.4 63.2

SciERC
Luan18 64.2 39.3

DYGIE 65.2 41.6

WLPC
Kulkarni18 78.0 *54.9

DYGIE 79.5 64.1

Table 5.2: F1 scores on the joint entity and relation extraction task on each test set, compared

against the previous best systems. * indicates relation extraction system that takes gold entity

boundary as input.

supervised training with a set of low level tasks at the bottom layers of the model and more complex

tasks at the top layers of the model. SPANIE previously achieved the state of the art on SciERC

and use a span-based neural model like our DYGIE. Kulkarni et al. [109] (Kulkarni18) provide

a baseline for the WLPC data set. They employ an LSTM-CRF for entity recognition, following

[55]. For relation extraction, they assume the presence of gold entities and train a maximum-

entropy classifier using features from the labeled entities.

Results Table 5.2 shows test set F1 on the joint entity and relation extraction task. We observe

that DYGIE achieves substantial improvements on both entity recognition and relation extraction

across the four data sets and three domains, all in the realistic setting where no “gold” entity labels

are supplied at test time. DYGIE achieves 7.1% and 7.0% relative improvements over the state

of the art on NER for ACE04 and ACE05, respectively. For the relation extraction task, DYGIE



57

attains 25.8% relative improvement over SOTA on ACE04 and 13.7% relative improvement on

ACE05. For ACE05, the best entity extraction performance is obtained by switching the order

between CorefProp and RelProp (RelProp first then CorefProp).

On SciERC, DYGIE advances the state of the art by 5.9% and 1.9% for relation extraction and

NER, respectively. The improvement of DYGIE over the previous SciERC model underscores the

ability of coreference and relation propagation to construct rich contextualized representations.

The results from [109] establish a baseline for IE on the WLPC data. In that work, relation

extraction is performed using gold entity boundaries as input. Without using any gold entity infor-

mation, DYGIE improves on the baselines by 16.8% for relation extraction and 2.2% for NER. The

gain for NER maybe smaller than on other tasks because CorefProp is not used in this dataset

(no suitable coreference annotation can be found as auxiliary task).

On the OntoNotes data set used for the auxiliary coreference task with ACE05, our model

achieves coreference test set performance of 70.4 F1, which is competitive with the state-of-the-art

performance reported in [42].

5.2.2 Overlapping Entity Extraction

There are many applications where the correct identification of overlapping entities is crucial for

correct document understanding. For instance, in the biomedical domain, a BRCA1 mutation car-

rier could refer to a patient taking part in a clinical trial, while BRCA1 is the name of a gene.

We evaluate the performance of DYGIE on overlapping entity extraction in three datasets:

ACE2004, ACE2005 and GENIA. Since relation annotations are not available for these datasets,

we include the coreference propagation layer in our models but not the relation layer.2

Data Statistics on our three datasets are listed in Table 5.3. All three have a substantial number

(> 20% of total) of overlapping entities, making them appropriate for this task.

As in the joint case, we evaluate our model on ACE2004 and ACE2005, but here we follow

the same data preprocessing and evaluation scheme in Wang et al. [49]. We refer to these data sets

2We use the pre-processed ACE dataset from previous work, and relation annotation is not available.
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Domain Docs Ent Overlap Coref

ACE04-O News 443 7 42% 3

ACE05-O News 437 7 32% 7

GENIA Biomed 1999 5 24% 3

Table 5.3: Datasets for overlapping entity extraction and their statistics. Ent: Number of entity

categories. Overlap: Percentage of sentences that contain overlapping entities.

as ACE04-O and ACE05-O. Unlike the combined joint entity and relation task in Sec. 5.2.1, where

only the entity head span need be predicted, an entity prediction is considered correct in these

experiments if both its entity label and its full text span match a gold prediction. This is a more

stringent evaluation criterion than the one used in Section 5.2.1. As before, we use the OntoNotes

annotations to train the parameters of the coreference layer.

The GENIA corpus [112] provides entity tags and coreferences for 1999 abstracts from the

biomedical research literature. We only use the IDENT label to extract coreference clusters. We

use the same data set split and preprocessing procedure as [49] for overlapping entity recognition.

Baselines The current state-of-the-art approach on all three data sets is Wang et al. [49](Wang18),

which uses a segmental hypergraph coupled with neural networks for feature learning. Katiyar et

al. [48](Katiyar18) also propose a hypergraph approach using a recurrent neural network as a fea-

ture extractor.

Results Table 5.4 presents the results of our overlapping entity extraction experiments on the

different datsets. DYGIE improves 11.6% absolute on the state of the art for ACE04-O and 11.3%

for ACE05-O. DYGIE also advances the state of the art on GENIA, albeit by a more modest 1.5%.

Together these results suggest that DYGIE can be utilized fruitfully for information extraction

across different domains with overlapped entities, such as bio-medicine.
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Dataset System Entity F1

ACE04-O

Katiyar18 72.7

Wang18 75.1

DYGIE 84.7

ACE05-O

Katiyar18 70.5

Wang18 74.5

DYGIE 82.9

GENIA

Katiyar18 73.8

Wang18 75.1

DYGIE 76.2

Table 5.4: Performance on the overlapping entity extraction task, compared to previous best sys-

tems. We report F1 of extracted entities on the test sets.

5.3 Analysis of Graph Propagation

We use the dev sets of ACE2005 and SciERC to analyze the effect of different model components.

5.3.1 Coreference and Relation Graph Layers

Tables 5.5 and 5.6 show the effects of graph propagation on entity and relation prediction accu-

racy, where −CorefProp and −RelProp denote analyzing the propagation process by setting

N = 0 or M = 0, respectively. Base is the base model without any propagation. For ACE05,

we observe that coreference propagation is mainly helpful for entities; it appears to hurt relation

extraction. On SciIE, coreference propagation gives a small benefit on both tasks. Relation propa-

gation significantly benefits both entity and relation extraction in both domains. In particular, there

are a large portion of sentences with multiple relation instances across different entities in both

ACE05 and SciERC, which is the scenario in which we expect relation propagation to help.

Since coreference propagation has more effect on entity extraction and relation propagation has

more effect on relation extraction, we mainly focus on ablating the effect of coreference propaga-
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Entity Relation

Model P R F1 P R F1

DYGIE 87.4 86.7 87.1 56.2 60.9 58.4

−CorefProp 86.2 85.2 85.7 64.3 56.7 60.2

−RelProp 87.0 86.7 86.9 60.4 55.8 58.0

Base 86.1 85.7 85.9 59.5 55.7 57.6

Table 5.5: Ablations on the ACE05 development set with different graph propagation setups.

−CorefProp ablates the coreference propagation layers, while −RelProp ablates the relation

propagation layers. Base is the system without any propagation.

Entity Relation

Model P R F1 P R F1

DYGIE 68.6 67.8 68.2 46.2 38.5 42.0

−CorefProp 69.2 66.9 68.0 42.0 40.5 41.2

−RelProp 69.1 66.0 67.5 43.6 37.6 40.4

Base 70.0 66.3 68.1 45.4 34.9 39.5

Table 5.6: Ablations on the SciERC development set on different graph progation setups.

CorefProp has a much smaller effect on entity F1 compared to ACE05.

tion on entity extraction and relation propagation on relation extraction in the following subsec-

tions.

5.3.2 Coreference Propagation and Entities

A major challenge of ACE05 is to disambiguate the entity class for pronominal mentions, which

requires reasoning with cross-sentence contexts. For example, in a sentence from ACE05 dataset,

“One of [them]PER, from a very close friend of [ours]ORG.” It is impossible to identity whether

them and ours is a person (PER) or organization (ORG) unless we have read previous sentences.
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Figure 5.2: F1 score of each layer on ACE development set for different number of iterations.

N = 0 or M = 0 indicates no propagation is made for the layer.

We hypothesize that this is a context where coreference propagation can help. Table 5.7 shows the

effect of the coreference layer for entity categorization of pronouns.3 DYGIE has 6.6% improve-

ment on pronoun performance, confirming our hypothesis.

Looking further, Table 5.8 shows the impact on all entity categories, giving the difference

between the confusion matrix entries with and without CorefProp. The frequent confusions

associated with pronouns (GPE/PER and PER/ORG, where GPE is a geopolitical entity) greatly

improve, but the benefit of CorefProp extends to most categories.

Of course, there are a few instances where CorefProp causes errors in entity extraction.

For example, in the sentence “[They]ORG
PER might have been using Northshore...”, DYGIE predicted

They to be of ORG type because the most confident antecedent is those companies in the previous

sentence: “The money was invested in those companies.” However, They is actually referring to

3Pronouns included: anyone, everyone, it, itself, one, our, ours, their, theirs,
them, themselves, they, us, we, who
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Entity Perf. on Pronouns P R F1

DYGIE 79.0 77.1 78.0

DYGIE−CorefProp 73.8 72.6 73.2

Table 5.7: Entity extraction performance on pronouns in ACE05. CorefProp significantly in-

creases entity extraction F1 on hard-to-disambiguate pronouns by allowing the model to leverage

cross-sentence contexts.

these fund managers earlier in the document, which belongs to PER category.

In the SciERC dataset, the pronouns are uniformly assigned with a Generic label, which ex-

plains why CorefProp does not have much effect on entity extraction performance.

The Figure 5.2a shows the effect of number of iterations for coreference propagation in the

entity extraction task. The figure shows that coreference layer obtains the best performance on the

second iteration (N = 2).

5.3.3 Relation Propagation Impact

Figure 5.3 shows relation scores as a function of number of entities in sentence for DYGIE and

DYGIE without relation propagation on ACE05. The figure indicates that relation propagation

achieves significant improvement in sentences with more entities, where one might expect that

using broader context could have more impact.

Figure 5.2b shows the effect of number of iterations for relation propagation in the relation

extraction task. Our model achieves the best performance on the second iteration (M = 2).

5.4 Related Work

Neural graph-based models have achieved significant improvements over traditional feature-based

approaches on several graph modeling tasks. Knowledge graph completion [113, 114] is one

prominent example. For relation extraction tasks, graphs have been used primarily as a means
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LOC WEA GPE PER FAC ORG VEH

LOC 5 0 -2 -1 2 -1 0

WEA 0 3 0 0 1 -3 -1

GPE -3 0 31 -26 3 -7 0

PER 0 -2 -3 18 -1 -26 4

FAC 4 -1 2 -3 2 -5 1

ORG 0 0 0 -8 -1 6 0

VEH 0 -2 -1 2 5 -1 1

Table 5.8: Difference in the confusion matrix counts for ACE05 entity extraction associated with

adding CorefProp.

to incorporate pipelined features such as syntactic or discourse relations [3, 115, 116]. [117] mod-

els all possible paths between entities as a graph, and refines pair-wise embeddings by performing

a walk on the graph structure. All these previous works assume that the nodes of the graph (i.e.

the entity candidates to be considered during relation extraction) are predefined and fixed through-

out the learning process. On the other hand, our framework does not require a fixed set of entity

boundaries as an input for graph construction. Motivated by state-of-the-art span-based approaches

to coreference resolution [42, 103] and semantic role labeling [47], the model uses a beam pruning

strategy to dynamically select high-quality spans, and constructs a graph using the selected spans

as nodes.

To make the model more general, we combine the multitask learning framework with ELMo

embeddings [28] without relying on external syntactic tools and risking the cascading errors that

accompany them, and improve the interaction between tasks through dynamic graph propagation.

While the performance of DyGIE benefits from ELMo, it advances over some systems [40, 111]

that also incorporate ELMo. The analyses presented here give insights into the benefits of joint
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Figure 5.3: Relation F1 broken down by number of entities in each sentence. The performance

of relation extraction degrades on sentences containing more entities. Adding relation propagation

alleviates this problem.

modeling.

5.5 Conclusion

We have introduced DYGIE as a general information extraction framework, and have demonstrated

that our system achieves state-of-the art results on entity recognition and relation extraction tasks

across a diverse range of domains. The key contribution of this chapter is the dynamic span graph

approach, which enhance interaction across tasks that allows the model to learn useful information

from broader context. Unlike many IE frameworks, SPANIE does not require any preprocessing

using syntactic tools, and has significant improvement across different IE tasks including entity,

relation extraction and overlapping entity extraction. The addition of co-reference and relation

propagation across sentences adds only a small computation cost to inference; the memory cost is

controlled by beam search. These added costs are small relative to those of the baseline span-based

model.
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Chapter 6

SCIENTIFIC KNOWLEDGE GRAPH CONSTRUCTION

As scientific communities grow and evolve, new tasks, methods, and datasets are introduced

and different methods are compared with each other. Despite advances in search engines, it is

still hard to identify new technologies and their relationships with what existed before. To help

researchers more quickly identify opportunities for new combinations of tasks, methods and data,

it is important to design intelligent algorithms that can both extract and organize scientific infor-

mation from a large collection of documents.

Organizing scientific information into structured knowledge bases requires IE about scientific

entities and their relationships. However, the challenges associated with scientific IE are greater

than for a general domain. First, annotation of scientific text requires domain expertise which

makes annotation costly and limits resources. In addition, most relation extraction systems are

designed for within-sentence relations. However, extracting information from scientific articles

requires extracting relations across sentences. In Chapter 3 - 5, we develop IE systems that advance

state of the art in extracting entity, relation and coreference, leveraging cross-sentence context.

In this chapter, we apply SPANIE and DYGIE to the task of organizing extracted information,

specifically constructing a knowledge graph for scientific papers.

To explore this problem, we used our dataset SCIERC, which includes annotations of scientific

terms, relation categories and co-reference links. We then build a scientific knowledge graph in-

tegrating terms and relations extracted from each article, where the extracted entities and relations

are propagated through coreference links. A good portion of cross-sentence relations can be ex-

tracted in this way. Human evaluation shows that propagating relations through coreference links

can significantly improve the quality of the automatic constructed knowledge graph.
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<latexit sha1_base64="BD1XKLi2MLyNy/k+DR9W3roijvs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUDwVvHisYD+gDWWz2bRrN9mwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzglQKg6777ZTW1jc2t8rblZ3dvf2D6uFR26hMM95iSirdDajhUiS8hQIl76aa0ziQvBOMb2d+54lrI1TygJOU+zEdJiISjKKV2n0ZKjSDas2tu3OQVeIVpAYFmoPqVz9ULIt5gkxSY3qem6KfU42CST6t9DPDU8rGdMh7liY05sbP59dOyZlVQhIpbStBMld/T+Q0NmYSB7Yzpjgyy95M/M/rZRhd+7lI0gx5whaLokwSVGT2OgmF5gzlxBLKtLC3EjaimjK0AVVsCN7yy6ukfVH33Lp3f1lr3BRxlOEETuEcPLiCBtxBE1rA4BGe4RXeHOW8OO/Ox6K15BQzx/AHzucPubePMA==</latexit><latexit sha1_base64="BD1XKLi2MLyNy/k+DR9W3roijvs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUDwVvHisYD+gDWWz2bRrN9mwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzglQKg6777ZTW1jc2t8rblZ3dvf2D6uFR26hMM95iSirdDajhUiS8hQIl76aa0ziQvBOMb2d+54lrI1TygJOU+zEdJiISjKKV2n0ZKjSDas2tu3OQVeIVpAYFmoPqVz9ULIt5gkxSY3qem6KfU42CST6t9DPDU8rGdMh7liY05sbP59dOyZlVQhIpbStBMld/T+Q0NmYSB7Yzpjgyy95M/M/rZRhd+7lI0gx5whaLokwSVGT2OgmF5gzlxBLKtLC3EjaimjK0AVVsCN7yy6ukfVH33Lp3f1lr3BRxlOEETuEcPLiCBtxBE1rA4BGe4RXeHOW8OO/Ox6K15BQzx/AHzucPubePMA==</latexit><latexit sha1_base64="BD1XKLi2MLyNy/k+DR9W3roijvs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUDwVvHisYD+gDWWz2bRrN9mwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzglQKg6777ZTW1jc2t8rblZ3dvf2D6uFR26hMM95iSirdDajhUiS8hQIl76aa0ziQvBOMb2d+54lrI1TygJOU+zEdJiISjKKV2n0ZKjSDas2tu3OQVeIVpAYFmoPqVz9ULIt5gkxSY3qem6KfU42CST6t9DPDU8rGdMh7liY05sbP59dOyZlVQhIpbStBMld/T+Q0NmYSB7Yzpjgyy95M/M/rZRhd+7lI0gx5whaLokwSVGT2OgmF5gzlxBLKtLC3EjaimjK0AVVsCN7yy6ukfVH33Lp3f1lr3BRxlOEETuEcPLiCBtxBE1rA4BGe4RXeHOW8OO/Ox6K15BQzx/AHzucPubePMA==</latexit><latexit sha1_base64="BD1XKLi2MLyNy/k+DR9W3roijvs=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUDwVvHisYD+gDWWz2bRrN9mwOxFK6H/w4kERr/4fb/4bt20O2vpg4PHeDDPzglQKg6777ZTW1jc2t8rblZ3dvf2D6uFR26hMM95iSirdDajhUiS8hQIl76aa0ziQvBOMb2d+54lrI1TygJOU+zEdJiISjKKV2n0ZKjSDas2tu3OQVeIVpAYFmoPqVz9ULIt5gkxSY3qem6KfU42CST6t9DPDU8rGdMh7liY05sbP59dOyZlVQhIpbStBMld/T+Q0NmYSB7Yzpjgyy95M/M/rZRhd+7lI0gx5whaLokwSVGT2OgmF5gzlxBLKtLC3EjaimjK0AVVsCN7yy6ukfVH33Lp3f1lr3BRxlOEETuEcPLiCBtxBE1rA4BGe4RXeHOW8OO/Ox6K15BQzx/AHzucPubePMA==</latexit> . . .
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SciIE
<latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit>

SciIE
<latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit>

SciIE
<latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit><latexit sha1_base64="dkMVQqBbljsC87ORSph5l08iusY=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hV0RFE8BEfQW0TwgWcPspDcZMju7zPSqYcl/ePGgiFf/xZt/4+Rx0MSChqKqm+6uIJHCoOt+OwuLS8srq7m1/PrG5tZ2YWe3ZuJUc6jyWMa6ETADUiiookAJjUQDiwIJ9aB/MfLrD6CNiNUdDhLwI9ZVIhScoZXuWwhPaHh2y8X15bBdKLoldww6T7wpKZIpKu3CV6sT8zQChVwyY5qem6CfMY2CSxjmW6mBhPE+60LTUsUiMH42vnpID63SoWGsbSmkY/X3RMYiYwZRYDsjhj0z643E/7xmiuGZnwmVpAiKTxaFqaQY01EEtCM0cJQDSxjXwt5KeY9pxtEGlbcheLMvz5PacclzS97NSbF8Po0jR/bJATkiHjklZXJFKqRKONHkmbySN+fReXHenY9J64Izndkjf+B8/gC0ypKa</latexit>

Figure 6.1: Knowledge graph construction process.

6.1 Knowledge Graph Construction

We construct a scientific knowledge graph from a large corpus of scientific articles. The corpus

includes all abstracts (110k in total) from 12 AI conference proceedings from the Semantic Scholar

Corpus and are automatically annotated by SPANIE trained on SciERC dataset. Nodes in the

knowledge graph correspond to scientific entity clusters. Edges correspond to scientific relations

between pairs of entities. The edges are typed according to the relation types in SCIERC. In order

to construct the knowledge graph for the whole corpus, we first apply the DYGIE model over single

documents and then integrate the entities and relations across multiple documents (Figure 6.1).

Figure 6.2 shows a part of a knowledge graph created by our method. For example, Statistical

Machine Translation (SMT) and grammatical error correction are nodes in the graph, and they are

connected through a Used-for relation type.

Extracting nodes (entities) The SPANIE model extracts entities, their relations, and coreference

clusters within a document for each document in the collection. Extracted phrases are heuristically

normalized using entities and coreference links. We replace all acronyms with their corresponding

full name and normalize all the plural terms with their singular counterparts. Next, we link all enti-
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Figure 6.2: A part of an automatically constructed scientific knowledge graph with the most fre-

quent neighbors of the scientific term statistical machine translation (SMT) on the graph. For

simplicity we denote Used-for (Reverse) as Uses, Evaluated-for (Reverse) as Evaluated-by, and

replace common terms with their acronyms. The original graph is given in Appendix B.

ties that belong to the same coreference cluster to replace generic terms with any other non-generic

term in the cluster, we replace all the entities in the cluster with the entity that has the longest
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Figure 6.3: Frequency of detected entities with and without coreferece resolution: using coref-

erence reduces the frequency of the generic phrase detection while significantly increasing the

frequency of specific phrases. Linking entities through coreference helps disambiguate phrases

when generating the knowledge graph.
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Figure 6.4: Frequency of relation types between pairs of entities: (left) automatic speech recog-

nition (ASR) and machine translation (MT), (right) conditional random field (CRF) and graphical

model (GM). We use the most frequent relation between pairs of entities in the knowledge graph.

string. Our qualitative analysis shows that there are fewer ambiguous phrases using coreference

links (Figure 6.3). We calculate the frequency counts of all entities that appear in the whole corpus.

We assign nodes in the knowledge graph by selecting the most frequent entities (with counts > k)

in the corpus, and merge in any remaining entities for which a frequent entity is a substring. Even
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Figure 6.5: Precision/pseudo-recall curves for human evaluation by varying cut-off thresholds. The

AUC is 0.751 with coreference, and 0.695 without.

though we do not disambiguate entity types when constructing the knowledge graph in Figure 6.2,

the entity type can be obtained and used for other applications from our automatically extracted

triples.

Assigning edges (relations) A pair of entities may appear in different contexts, resulting in dif-

ferent relation types between those entities (Figure 6.4). Even though it is obvious that the low

frequent relations in Figure 6.4 are errors, it is possible that multiple relations hold between two

entities. For every pair of entities in the graph, we calculate the frequency of different relation types

across the whole corpus.We assign edges between entities by selecting the most frequent relation

types to reduce noise.
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6.1.1 Knowledge Graph Analysis

The knowledge graph for scientific community analysis is built using the Semantic Scholar Corpus

(110k abstracts in total). We provide qualitative analysis and human evaluations on the constructed

knowledge graph.

Knowledge Graph Evaluation and Analysis Figure 6.5 shows the human evaluation of the

constructed knowledge graph, comparing the quality of automatically generated knowledge graphs

with and without the coreference links. We randomly select 10 frequent scientific entities and ex-

tract all the relation triples that include one of the selected entities leading to 1.5k relation triples

from both systems. We ask four domain experts to annotate each of these extracted relations to

define ground truth labels. Each domain expert is assigned 2 or 3 entities and all of the correspond-

ing relations. This is a harsher evaluation since entity types are not separated in graph. Figure 6.5

shows precision/recall curves for both systems. Since it is not feasible to compute the actual recall

of the systems, we compute the pseudo-recall [118] based on the output of both systems. We ob-

serve that the knowledge graph curve with coreference linking is mostly above the curve without

coreference linking. The precision of both systems is high (above 84% for both systems), but the

system with coreference links has significantly higher pseudo recall.

Scientific trend analysis Figure 6.6 shows the historical trend analysis (from 1996 to 2016) of

the most popular applications of the phrase neural network, selected according to the statistics

of the extracted relation triples with the ‘Used-for’ relation type from speech, computer vision,

and NLP conference papers. We observe that, before 2000, neural network has been applied to

a greater percentage of speech applications compared to the NLP and computer vision papers. In

NLP, neural networks first gain popularity in language modeling and then extend to other tasks such

as POS Tagging and Machine Translation. In computer vision, the application of neural networks

gains popularity in object recognition earlier (around 2010) than the other two more complex tasks

of object detection and image segmentation (hardest and also the latest).
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6.2 Summary

In this chapter, we create a new dataset SciERC for identifying entities, relations, and coreference

clusters in scientific articles. Using our model SPANIE, we are able to automatically organize the

extracted information from a large collection of scientific articles into a knowledge graph. Our

analysis shows the importance of coreference links in making a dense, useful graph. Human eval-

uation shows that propagating coreference can significantly improve the quality of the automatic

constructed knowledge graph. This work is done before DYGIE has been developed, therefore we

expect to observe better performance if the knowledge graph is constructed through DYGIE .
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Chapter 7

CONCLUSION

7.1 Summary

This thesis presented a series of techniques to improve the performance of low-resource IE tasks

which involved approaches leveraging unannotated data as well as enhancing interactions across

different IE tasks. In chapter 3, we developed an efficient way of improving the performance of

supervised neural tagging systems through a new semi-supervised learning strategy for domain-

matched leveraging unannotated data. We showed that through integrating a graph-based semi-

supervised algorithm together with a confidence based self-training scheme, we are able to signif-

icantly boost the performance of the supervised neural model on a scientific keyphrase extraction

task. In chapter 4, we introduced a span-based multi-task learning model SPANIE, for extract-

ing entities, relations and coreference resolution. SPANIE leverages unannotated data through

pre-trained contextualized embeddings. To assess performance gains for scientific information ex-

traction, we create a dataset SciERC for scientific information extraction. Our experiments showed

that the unified model is better at predicting span boundaries, and it outperforms previous state-

of-the-art scientific IE systems on entity and relation extraction. In Chapter 5, we generalize and

improve on SPANIE by leveraging rich contextual span representations and propagating informa-

tion through coreference and relation links in SPANIE. DYGIE achieves state of the art in five

different datasets ranging from News, Science to Biomedical and Wetlab Reports. In Chapter 6,

we apply the span IE approach to construct a knowledge graph for scientific papers and demon-

strate that the use of coreference leads to a high quality knowledge graph.
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7.2 Impact

As scientific literature is increasingly available online via open access initiatives, there is growing

interest in applying NLP tools to this genre, as for all online text. This thesis includes the earliest

work on scientific information extraction and scientific knowledge graph construction. Research on

IE for scientific literature has since gain a lot of attention. Many workshops in scientific literature

have came out such as Scientific Literature Knowledge Bases (SLKB) Workshop and Workshop on

Extracting Structured knowledge from Scientific Publications (ESSP). Our work has also impacted

other studies more directly. The SciERC dataset provides a good testbed for evaluating IE systems

on scientific domains and has been used in other studies [119]. In addition, the scientifc IE

system we developed has been used for creating a large dataset for scientific abstract generation

[120, 121], where DYGIE is used to construct a document level knowledge graph for each paper

abstract. The abstract - knowledge graph pairs are then used for training an abstract generation

system with the knowledge graph as input.

More generally, this thesis has had impact on IE in that, DYGIE is currently one of the best

performing supervised IE models in terms of achieving high performance in different domains and

tasks. DYGIE significantly outperforms the state-of-the-art on joint entity and relation detection

tasks across four datasets: ACE 2004, ACE 2005, SciERC and the Wet Lab Protocol Corpus.

Moreover, DYGIE excels at detecting entities with overlapping spans, achieving an improvement

of up to 8 F1 points on three benchmarks annotated with overlapped spans: ACE 2004, ACE 2005

and GENIA.

7.3 Future directions

In this thesis, we have made the first step toward capturing long distance context by modeling the

information flow between three IE tasks through a dynamically updated graph. There is great po-

tential for modeling document-level semantic representations through building a internal dynamic

span graph on a document, which may benefit a broader range of NLP tasks (beyond IE) such as

Question Answering (QA) or generation. In addition, the dynamic span graph idea can also be
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used for building the connection between raw text and an existing knowledge base. We consider

our dynamic span graphs has the potential to be extented in the following ways:

Document-level dynamic span graphs The research in this thesis represents only abstracts, but

the dynamic span graphs can be extended to whole documents. The document level dynamic span

graphs have the potential to be extended to any NLP tasks that requires grounding and reasoning.

For example, in the Squad QA [76] task, the model needs to reason over a given document and

predict an answer, where attention-based approaches have been proved to be effective in recent

literature [122]. However, since the attention model is learned in a completely unconstrained

fashion where all tokens within the context window are connected to each other, the reasoning

space over a long context can be hard to track [123]. Dynamic span graphs have the potential to

reduce the problem by constructing a limited space in a graph consisting of high-confidence spans.

The edge scores that connect the graph can be obtained from supervised tasks such as coreference,

or from unconstrained self-attention weights. It is easier to reason on the constrained space over the

constructed graph. For example, in order to answer the question “What can be used to treat tumors

with L858E mutation in EGFR gene?” given the text “The deletion mutation on exon-19 of EGFR

gene was present in 16 patients, while the L858E point mutation on exon-21 was noted in 10. All

patients were treated with gefitinib...”, we need to figure out multiple relations between different

genes and proteins. We can construct a dynamic graph that directly connects EGFR gene, L858E

point mutation, gefitinib, exon-19 and exon-21 with different edge scores learned from dynamic

graph parameters, which makes it easier for reasoning over the space.

Connecting with existing knowledge bases There have been many large scale, high quality

knowledge bases built in recent years, including Freebase [124] and YAGO2 [125] that have greatly

contribute to the performance of NLP tasks such as QA and search. For many NLP tasks, knowl-

edge bases provide an more easily accessible resource of external knowledge through structured

data. The connection between raw text and knowledge bases can be built through the entity linking

task, which determines the identity of entities mentioned in text where the entities are linked to the
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corresponding entry in the knowledge base.

The dynamic span graph approach can be extended to the entity linking problem. Take the

same example of EGFR gene and L858E point mutation, a mapping between the span candidates

extracted from the raw text can be linked to an external knowledge base through an additional

entity linking task. Specifically, a beam can be applied to keep the most confident entities that are

likely to be referring to an entry in the knowledge base. Then an end-to-end scoring function can

be used to predict the most likely span-entry pairs. Once this connection is built, information from

knowledge base can be used to help downstream tasks on raw text such as QA or IE.

The dynamic graph constructed from the raw text can also be used for knowledge graph com-

pletion tasks, where we can predict a missing entity or a missing relation edge by leveraging the

confidence from both raw text and from the knowledge graph structure.

Temporal dynamic span graphs In this thesis, the dynamics of the graph is associated with

iterative refinement over extended contexts. However, it is also possible for these dynamics to

track changes over time associated with news updates, an evolving discussion or a long dialogue

that changes topics from time to time. In particular, the dynamic span graph can be used to track

the state change over time, with parameters associated with temporal variants that can be learned

from the data.

Scientific recommendation system In this thesis we have explored knowledge graph construc-

tion and trend analysis for scientific papers. Future work involves scientific recommendation for

related works that can further benefit academic search for researchers. For example, a recommen-

dation system can be designed to provide methods such as CRF, LSTM etc, that have been used

for the NER task in the literature. The problem can be cast as knowledge base completion where

the recommendation process can be formulated as a ranking problem. The relation scores between

the queried scientific term and all other scientific terms in the knowledge graph can be calculated

and ranked in descending order, where the recommendation system provides the user with the top

k term candidates that have the highest Used-for relation score. The system can further predict
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facts that have not been observed in the existing collection of papers through link prediction as in

[126].
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Appendix A

ANNOTATION GUIDELINE FOR SCIERC DATASET

A.1 Annotation Guideline

A.1.1 Entity Category

• Task: Applications, problems to solve, systems to construct.

E.g. information extraction, machine reading system, image segmentation, etc.

• Method: Methods , models, systems to use, or tools, components of a system, frameworks.

E.g. language model, CORENLP, POS parser, kernel method, etc.

• Evaluation Metric: Metrics, measures, or entities that can express quality of a sys-

tem/method.

E.g. F1, BLEU, Precision, Recall, ROC curve, mean reciprocal rank, mean-squared error,

robustness, time complexity, etc.

• Material: Data, datasets, resources, Corpus, Knowledge base.

E.g. image data, speech data, stereo images, bilingual dictionary, paraphrased questions,

CoNLL, Panntreebank, WordNet, Wikipedia, etc.

• Other Scientific Terms: Phrases that are a scientific terms but do not fall into any of the

above classes

E.g. physical or geometric constraints, qualitative prior knowledge, discourse structure, syn-

tactic rule, discourse structure, tree, node, tree kernel, features, noise, criteria
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• Generic: General terms or pronouns that may refer to a entity but are not themselves infor-

mative, often used as connection words.

E.g model, approach, prior knowledge, them, it...

A.1.2 Relation Category

Relation link can not go beyond sentence boundary. We define 4 asymmetric relation types (Used-

for, Feature-of, Hyponym-of, Part-of ), together with 2 symmetric relation types (Compare, Con-

junction). B always points to A for asymmetric relations

• Used-for: B is used for A, B models A, A is trained on B, B exploits A, A is based on B.

E.g.

The TISPER system has been designed to enable many text applications.

Our method models user proficiency.

Our algorithms exploits local soothness.

• Feature-of: B belongs to A, B is a feature of A, B is under A domain. E.g.

prior knowledge of the model

genre-specific regularities of discourse structure

English text in science domain

• Hyponym-of: B is a hyponym of A, B is a type of A. E.g.

TUIT is a software library

NLP applications such as machine translation and language generation

• Part-of: B is a part of A... E.g.
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The system includes two models: speech recognition and natural language understand-

ing

We incorporate NLU module to the system.

• Compare: Symmetric relation (use blue to denote entity). Opposite of conjunction, compare

two models/methods, or listing two opposing entities. E.g.

Unlike the quantitative prior, the qualitative prior is often ignored...

We compare our system with previous sequential tagging systems...

• Conjunction: Symmetric relation (use blue to denote entity). Function as similar role or

use/incorporate with. E.g.

obtained from human expert or knowledge base

NLP applications such as machine translation and language generation

A.1.3 Coreference

Two Entities that points to the same concept.

• Anaphora and Cataphora:

We introduce a machine reading system... The system...

The prior knowledge include...Such knowledge can be applied to...

• Coreferring noun phrase:

We develop a part-of-speech tagging system...The POS tagger...
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A.1.4 Notes

1. Entity boundary annotation follows the ACL RD-TEC Annotation Guideline [97], with the

extention that spans can be embedded in longer spans, only if the shorter span is involved in

a relation.

2. Do not include determinators (such as the, a), or adjective pronouns (such as this,its, these,

such) to the span. If generic phrases are not involved in a relation, do not tag them.

3. Do not tag relation if one entity is:

• Variable bound:

We introduce a neural based approach.. Its benefit is...

• The word which:

We introduce a neural based approach, which is a...

4. Do not tag coreference if the entity is

• Generically-used Other-ScientificTerm:

...advantage gained from local smoothness which... We present algorithms exploiting

local smoothness in more aggressive ways...

• Same scientific term but refer to different examples:

We use a data structure, we also use another data structure...

5. Do not label negative relations:

X is not used in Y or X is hard to be applied in Y
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Figure A.1: Annotation example 1 from ACL

A.2 Annotation Examples

Here we take a screen shot of the BRAT interface for an ACL paper in Figure A.1. We also attach

the original figure of Figure 3 in Figure B.1. More examples can be found in the project website1.

1http://ssli.ee.washington.edu/tial/projects/sciIE/
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Appendix B

SCIENTIFIC KNOWLEDGE GRAPH EXAMPLES
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Figure B.1: An example of our automatically generated knowledge graph centered on statistical

machine translation. This is the original figure of Figure 6.2.


