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Abstract

As Knowledge Graphs (KGs) become important in a wide range of applications, in-
cluding question-answering and recommender systems, more and more enterprises have
recognized the value of constructing KGs with their own data. While enterprise data con-
sists of structured and unstructured data, companies primarily focus on structured ones,
which are easier to exploit than unstructured ones. However, most enterprise data are
unstructured, including intranet, documents, and emails, where plenty of business insights
live. Therefore, companies would like to utilize unstructured data as well, and KGs are an
excellent way to collect and organize information from unstructured data.

In this thesis, we introduce a novel task, Total Relation Recall (TRR), that leverages
the enterprise's unstructured documents to build KGs using high-recall relation extraction.
Given a target relation and its relevant information, TRR aims to extract all instances of
such relation from the given documents. We propose a Python-based system to address
this task. To evaluate the e�ectiveness of our system, we conduct experiments on 12
di�erent relations with two news article corpora. Moreover, we conduct an ablation study
to investigate the impact of natural language processing (NLP) features.
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Chapter 1

Introduction

Knowledge Graphs (KGs), graph-based information representations focused on relations
between concepts, have become a foundation for many enterprises to deliver powerful
question-answering (QA) systems and make recommendations to their users. Although
there is no formal de�nition of KG structures, they are typically constructed with nodes
(representing entities such as organizations and people) and edges (representing relations
such asfoundedBy). A triple is de�ned as hSubject, Relation, Objecti , whereSubject and
Object are entities satisfying the relationshipRelation. Figure 1.1 presents a KG subgraph
consisting of two triples. The �rst triple hFacebook, foundedBy, Mark Zuckerbergi repre-
sents Facebook is founded by Mark Zuckerberg, and the second triplehMark Zuckerberg,
yearOfBirth, 1984i represents Mark Zuckerberg was born in 1984.

foundedBy yearOfBirthFacebook
Mark

Zucker. . . 1984

Figure 1.1: KG subgraph consisting of tripleshFacebook, foundedBy, Mark Zuckerbergi
and hMark Zuckerberg, yearOfBirth, 1984i .

Knowledge Graphs have attracted enterprises' attention because of their broad appli-
cations. For technology companies, KGs are considered a primary data source in building
QA systems [6]. KG presented in Figure 1.1 could answer questions like \Who is the
founder of Facebook?" or \What year was Mark Zuckerberg born?". Furthermore, media
companies could enhance their recommendations' accuracy and diversity by integrating
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Sentence : Facebook founder Mark Zuckerberg more than doubled his net worth,
to $28.5 billion, and ranked 21st.1

Relation : hFacebook, foundedBy, Mark Zuckerbergi

Figure 1.2: RelationfoundedByextracted from The Washington Post article.

Sentence : Mark Zuckerberg , Facebook's chief executive, was not born until1984 .2

Relation : hMark Zuckerberg, yearOfBirth, 1984i

Figure 1.3: RelationyearOfBirth extracted from The Washington Post article.

KGs into their recommender systems [25]. For instance, if the user reads an article about
Mark Zuckerberg, they might also be interested in articles related toFacebook. There are
also KG-based applications in other domains, including medical, �nancial, and educational
institutions [26].

In order to deliver robust applications to customers, enterprises aspire to build valuable
and reliable KGs from their data source. Enterprise data are collected over years from
various sources and stored in di�erent formats, such as structured and unstructured data.
Companies often concentrate on structured data, which is highly organized, explicitly
de�ned, and usually stored in relational database management systems (RDBMSes). For
example, if a company wanted to measure the success of its mobile app, it would collect
information such as the number of daily active users and the amount of time users spend on
it. However, lots of business intelligence can only be gained from unstructured data. As an
illustration, by reading comments on Apple App Store or Google Play Store, the company
would know which feature users enjoy the most and what improvements should be made in
future. Unstructured data does not follow any prede�ned schema and makes up 80 percent
of enterprise data [18]. Therefore, organizations should de�nitely leverage unstructured
data to construct KGs, although it is more di�cult to analyze than structured data.

Natural language processing (NLP) is a sub-discipline of arti�cial intelligence (AI), and
it enables machines to read and understand human texts. Indeed, Relation Extraction

1https://www.washingtonpost.com/business/economy/national-business-and-economy-
roundup/2014/03/03/f984abce-a31a-11e3-8466-d34c451760b9_story.html

2https://www.washingtonpost.com/opinions/how-income-inequality-benefits-everybody/
2015/03/25/1122ee02-d255-11e4-a62f-ee745911a4ff_story.html
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(RE) is an NLP task extracting well-structured relationships, typically between two or
more entities, from unstructured texts. Once we have the extracted triple, adding its
information to the KG is as simple as creating an edge in a graph. Figures 1.2 and 1.3
exhibit how we can extract triples hFacebook, foundedBy, Mark Zuckerbergi and hMark
Zuckerberg, yearOfBirth, 1984i from two sentences in the Washington Post articles. With
this information, we could build the KG shown in Figure 1.1 by connecting two triples to
their shared entity Mark Zuckerberg. When we want to �nd all instances of a particular
relation, high recall becomes incredibly important. For example, if the enterprise needs to
build a KG containing complete information about business founders, they would want to
collect all triples of the foundedByrelation from the enterprise data.

In this thesis, we de�ne a novel task, Total Relation Recall (TRR), helping an enter-
prise build KGs from its unstructured data. Let the relation triple be de�ned ashS; R; Oi
where S; O are entities and R is a relation, then a KG can be constructed by triples
fhSj ; Ri ; Oj ig j =1 :::k . TRR assumes that the enterprise has an internal Knowledge Base
(KB), and all entities in the enterprise data are correctly recognized and linked to the
KB. Given this assumption, the TRR problem is de�ned as given a corpus of linked docu-
ments and a relationRi speci�ed by the company, and we want to �nd all relation triples
fhSj ; Ri ; Oj ig j =1 :::k , with each extracted triple being labelled by human assessors. The
company can use these relation instances to either construct a new KG or enrich its exist-
ing KGs. For instance, given The Washington Post articles published in the past year with
all their entities linked to Wikidata and a target relation foundedBy, our system aims to
�nd all relation triples of format hOrganization, foundedBy, Personi mentioned in those
articles, wherehFacebook, foundedBy, Mark Zuckerbergi might be one of them.

Moreover, we present a Python-based system providing a baseline solution to TRR,
which is motivated by the Baseline Model Implementation (BMI) in the TREC Total Re-
call Track [17]. Our system is implemented based on the idea of continuous active learning
(CAL) [3, 4] and works in an iterative style, where each iteration contains Retrieval, Clas-
si�cation, and Feedback Modules. Speci�cally, the Retrieval Module explores new relation
candidates using relation keywords, and the Classi�cation Module ranks all explored can-
didates and passes a batch of promising ones to be annotated by human assessors. After
the assessment is completed, all annotated candidates are taken to the Feedback Mod-
ule, which produces positive candidates to system output, revises the classi�er used to
rank candidates, and discovers unseen relation keywords that will be used to explore more
candidates.

To evaluate our system's e�ectiveness, we take news articles from The Washington Post
and The New York Times as a proxy for the enterprise data, and a commonly-used KB
Wikidata is used as the enterprise's internal KB. As TRR assuming, all entities in articles
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are recognized and linked to Wikidata items. In addition, we select 12 relations of four
di�erent entity types that are frequently mentioned in our life as target relations. The
human assessment process is simulated with Wikidata that a candidate is labelled positive
if and only if it can be veri�ed on Wikidata. Evaluation results show that our proposed
system can achieve reasonably high recall with feasible assessment e�orts. Namely, by
reading only 1.01% of the Washington Post corpus, our system is able to identify 88.45%
of relation instances. In addition, we also conduct ablation studies on NLP features used
to train the system's classi�er, and the results show that the feature selection does not
in
uence the e�ectiveness of our system much.

Although TRR and RE are both tasks of extracting relations from texts, they are
di�erent in that the latter is about generalization, while the former is about exhaustive
enumeration. The RE system consists of the training phase and the generalization phase.
In the training phase, the RE system is provided with a text corpus and all relation triples in
the corpus, where triples are either labelled manually or generated from KBs automatically,
and then the system will analyze NLP features associated with triples and learn to predict
relation(s). Then we move to the generalization phase, in which we apply the trained
system to extract triples from unseen datasets. Nevertheless, the goal of TRR is not to
generalize the knowledge learned from the given dataset to unseen datasets. Instead, given
a text corpus and a target relation, TRR only focuses on the given corpus and wants to
extract all triples of the target relation from it. Another distinction between RE and TRR
is that the RE system is static as it gets trained only once, but the TRR system is dynamic
because it is adjusted over iterations. Hence, issues like over�tting exist in the RE system
but not in the TRR system.

1.1 Contributions

The main contribution of this thesis can be summarized as follows:

� We formulate and introduce a novel task, Total Relation Recall, looking for all in-
stances of a target relation by exhausting the given dataset. It is di�erent from
relation extraction, whose goal is to generalize the knowledge learned from one set
of data to unseen data.

� We present an end-to-end system based on continuous active learning, which provides
a baseline solution to the Total Relation Recall problem.
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� In a simulation setup with Wikidata as human assessors, we evaluate our system
with 12 relations of four di�erent types over two collections of documents, and the
experiment results show that our system is able to achieve reasonably high recall
with practicable e�orts. Moreover, we conduct an ablation study on NLP features
used to train the classi�er.

1.2 Thesis Organization

The thesis is organized as follows:

� Chapter 2 reviews a high-recall information retrieval task, TREC Total Recall Track,
where the TRR problem is inspired from. Additionally, it introduces relation extrac-
tion, natural language processing, entity linking, and document indexing.

� Chapter 3 describes the TRR problem formulation, its CAL-based algorithm, and
the implementation of a Python-based system in detail.

� Chapter 4 starts with experimental setups and evaluation metrics, followed by the
primary experiment results on extracting 12 di�erent relations over two news article
corpora. Then we conduct the ablation study on NLP features and discuss our
observations.

� Chapter 5 concludes this thesis and talks about future work.

5



Chapter 2

Background and Related Work

2.1 TREC Total Recall Track

2.1.1 Problem De�nition

The Total Recall Track12 is one of Text Retrieval Conference (TREC) tasks focusing on
high-recall information retrieval [17, 16, 7]. This task takes a large corpus of documents
and a topic description as input, with a goal of identifying all or substantially all relevant
documents from the corpus using minimal annotation e�orts. Besides, the task wants to
�nd as many as possible relevant documents before non-relevant ones. The high-recall in-
formation retrieval can be applied to various real-world applications, such as the electronic
discovery that collectsall documents responsive to a legal request, the systematic review
that looks for all published documents evaluating a method, and dataset construction
that annotates all relevant documents from a corpus to build training/test set for future
research.

1https://plg.uwaterloo.ca/ ~gvcormac/total-recall/
2https://plg.uwaterloo.ca/ ~gvcormac/total-recall/2016/guidelines.html
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2.1.2 Algorithm and Implementation

In the Total Recall Track, a Baseline Model Implementation (BMI) is provided by coordi-
nators to serve as a baseline solution to this task. The BMI is implemented based on an
autonomous continuous active learning (CAL) system called AutoTAR [3, 4, 2]. In gen-
eral, AutoTAR consists of a keyword search system and a learning algorithm. The keyword
search part looks for a seed document and makes it our initial training set. The algorithm
learns from the current training set and ranks documents in each batch by their likelihoods
to be relevant. Human reviewers are given documents with the highest likelihood, one at
a time, and they are immediately asked to use the best of their knowledge to evaluate and
annotate these documents as \relevant" or \non-relevant" based on documents' relevance
to the given topic. Then the annotated results are added to our current training set and
will be used to further train the learning algorithm in the next batch. The process would
terminate if a particular stopping criterion has been met; otherwise, it would move to the
next batch. Algorithm 1 lists detailed steps in AutoTAR. The BMI is developed based on
the AutoTAR approach, with the only modi�cation being that the BMI chooses the So�a
ML 3 logistic regression as its classi�er, while the AutoTAR uses SVMLight.4

Algorithm 1: The AutoTAR algorithm.
Step 1. Find a relevant \seed" document using ad-hoc search, or construct a
synthetic relevant document from the topic description.

Step 2. The initial training set consists of the seed document identi�ed in step 1,
label \relevant".

Step 3. Set the initial batch sizeB to 1.
Step 4. Temporarily augment the training set by adding 100 random documents
from the collection, temporarily labelled \not relevant."

Step 5. Train an SVM classi�er using the training set.
Step 6. Remove the random documents added in step 4.
Step 7. Select the highest-scoringB documents for review.
Step 8. Review the documents, coding each as \relevant" or \not relevant."
Step 9. Add the documents to the training set.
Step 10. IncreaseB by

�
B
10

�
.

Step 11. Repeat steps 4 through 10 until a su�cient number of relevant
documents have been reviewed.

3https://code.google.com/archive/p/sofia-ml/
4https://www.cs.cornell.edu/people/tj/svm_light/
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2.1.3 Experimental Setup

Eight test collections are used to evaluate the system's e�ectiveness. In each test collection,
there are a corpus of documents and a given set of topics. For each topic, all documents have
been labelled as \relevant" or \non-relevant". A sample test collection is 20 Newsgroups
dataset,5 comprising 18,828 documents across 20 di�erent newsgroups. For this dataset,
three newsgroups' categories are selected as topics for this collection: \space", \hockey",
and \baseball". Another test collection is the Jeb Bush Emails dataset. This dataset
contains 290,099 emails sent to Jeb Bush during his time as governor of Florida and ten
topics including \new medical schools", \capital punishment", \manatee protection", etc.
Furthermore, a Web server is used in experiments to simulate human reviewers, which
contains all documents' relevance labels and can annotate any document in the corpus as
\relevant" or \non-relevant" in real time. Hence, whenever a document is identi�ed by
the system, it will be immediately submitted to the Web server for relevance assessment
rather than be presented to human reviewers, which automates the assessment process.

2.1.4 Evaluation Metrics

In the Total Recall Track, the e�ectiveness of systems is measured from multiple aspects.
We introduce two of them here: the gain curve and the recall @aR + b.

The gain curve describes the relationship between recall and assessment e�ort. For
each point on the curve, itsx-value represents the number of documents that have been
annotated so far, and itsy-value represents the proportion of relevant documents identi�ed
by the system to all relevant documents in the corpus. Figure 2.1 displays an example of
gain curves, where each curve is generated from a di�erent participant system. We can
compare the e�ectiveness of systems by analyzing their curves vertically and horizontally.
Let us �rst look at these curves vertically. Considering a �xedx-value, if the correspond-
ing y-value on a system's gain curve is larger than they-value on another curve, it means
that the former system has found more relevant documents than the latter system after
annotating x documents. From this Figure, we can observe that after labelling 10,000 doc-
uments, the WaterlooClarke system has identi�ed the most number of documents relevant
to the speci�ed topic. In the horizontal perspective, if we draw a horizontal line at the
recall y on the plot and look at each intersection point of the horizontal line and the gain
curve, the smaller the point'sx-value, the fewer assessment e�orts required by the system
to achieve recally. Imagining there is a horizontal line aty = 0:5 in this Figure, then the

5http://qwone.com/ ~jason/20Newsgroups/
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WaterlooCormack system's curve intersects with this line at the smallestx-value, which
means the WaterlooCormack system needs to annotate the fewest documents to �nd 50%
of all relevant documents.

Figure 2.1: Gain curves in the TREC 2015 Total Recall Track results.

The recall @aR+ bis de�ned as the recall achieved by a system after the Web server has
assessedaR + b documents, whereR is the number of all relevant documents in the corpus
and a; b can be any real number. This evaluation metric aims to measure the system's
e�ectiveness at di�erent stages of the process. For example, whena = 1; b = 0, the recall
@aR + b becomes the recall @R, representing the recall gained afterR documents are
labelled. If we think in another way, the recall @R also tells us the current precision of
theseR labelled documents. Since systems cannot guarantee 100% accuracy, documents
identi�ed by systems might actually be non-relevant to the speci�ed topic, so the recall
@R would be smaller than 100%. In order to �nd all or nearly all relevant documents,
the Web server would have to annotate more thanR documents most times. We want to
represent the number of annotated documents as a function of the number of all relevant
documents, which is how the parametric formaR + b is derived. Speci�cally,a illustrates
how many documents needed to be identi�ed by the system to �nd each relevant document,
and b illustrates a �xed number of documents needed to be identi�ed in addition toaR
documents to gain a better recall. Despite the speci�c value ofa and b, we always prefer a
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larger value for recall @aR + b than a smaller one. For instance, let us say there are 1000
emails related to the \new medical schools" topic in the Jeb Bush Emails dataset, and we
set a = 2; b = 100, then we will calculate the recall after the Web server annotates 2100
documents. If one system achieves a higher result than another system, we would know
that more of the 2100 documents identi�ed by the former system are relevant to \new
medical schools" than by the latter system, leading to both better recall and precision.

2.1.5 Results

In both 2015 and 2016 Total Recall Tracks, BMI has accomplished superior results [17, 7].
There are 15 systems submitted by participants in 2015 and 2016. Some systems have
achieved slightly better e�ectiveness in speci�c test collections, but none of them has
consistently beaten the BMI. An interesting observation is that systems achieving better
e�ectiveness always take much longer run-time than the BMI.

2.2 Relation Extraction

Relation extraction is a task of extracting relations from texts. The relation could be
written as triples hS, R, Oi , whereS and O are called entities, andR is the relation name.
For example, the sentence

\Back in 2014, Microsoft co-founderPaul Allen launched the Allen Institute for
Arti�cial Intelligence, which uses the tagline `AI for the common good.'"6

contains the information that Paul Allen is the founder ofMicrosoft, which can be repre-
sented as a triplehMicrosoft, foundedBy, Paul Alleni . We can also say that the entity pair
hMicrosoft, Paul Alleni is an instance of relationfoundedBy, or the entity pair satis�es the
foundedByrelation.

In previous work, relation extraction has been done through supervised [14, 13], un-
supervised [19, 5], and distantly supervised approaches [12, 15, 10, 20]. All of them have
some limitations. The supervised method is too expensive since it requires huge human
e�ort to construct the training set. For the unsupervised method, although it has a rela-
tively low cost, its results are generally suboptimal. The distant supervision is a paradigm

6https://www.washingtonpost.com/news/the-switch/wp/2015/12/14/tech-titans-like-elon-
musk-are-spending-1-billion-to-save-you-from-terminators/
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proposed for automated relation extraction, which uses existing KBs as the training set
source. However, a drawback is that distant supervision only works for relations contained
in KBs. Many interesting relations in real life are not covered in KBs, such asfavoriteVa-
cationPlace.

2.3 Natural Language Processing

This section introduces four NLP features helping machines understand raw texts: tok-
enization, part-of-speech tagging, dependency parse, and named entities.

The tokenization process takes raw texts as input and divides them into tokens, such
as words and punctuation. Table 2.1 shows the tokenization result of the sentence \Last
night I played my guitar loudly and the neighbors complained.", where white spaces split
tokens.

0 1 2 3 4 5 6 7 8 9 10 11
Last night I played my guitar loudly and the neighbours complained .

Table 2.1: Tokenization output.

The Part-of-speech tagger (POS tagger) attributes part-of-speech categories to tokens
generated from the tokenization step. There are many kinds of POS tags, we use the
Universal POS (UPOS) tags listed in Table 2.27 as an example. Given a sentence \Last
night I played my guitar loudly and the neighbors complained.", Table 2.3 indicates which
UPOS category each token falls into.

A named entity can be seen as an item in pre-de�ned categories, includingPerson,
Organization, or Location. Given a sentence, the named entity recognizer (NER) tries to
identify entities appearing in it. For example, as shown in Figure 2.2,8 given a sentence
\Anita Brookner was born July 16, 1928, in London.",9 the NER recognizes thatAnita
Brookner is a Person entity, July 16, 1928 is a Date entity, and London is a Location
entity.

7https://universaldependencies.org/docs/u/pos/
8https://explosion.ai/demos/displacy-ent
9https://www.washingtonpost.com/entertainment/books/anita-brookner-booker-prize-

winning-author-of-ruminative-novels-dies-at-87/2016/03/15/c6601012-eac6-11e5-a6f3-
21ccdbc5f74e_story.html
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Open Class Words Closed Class Words Other
ADJ: adjective ADP: adposition PUNCT: punctuation
ADV: adverb AUX: auxiliary verb SYM: synbol
INTJ: interhection CONJ: coordinating conjunction X: other
NOUN: noun DET: determiner
PROPN: proper noun NUM: numeral
VERB: verb PART: particle

PRON: pronoun
SCONJ: subordinating conjunction

Table 2.2: Universal POS tags.

0 1 2 3 4 5 6 7 8 9 10 11
Last night I played my guitar loudly and the neighbours complained .
ADJ NOUN PRON VERB DET NOUN ADV CONJ DET NOUN VERB PUNCT

Table 2.3: POS tagger output.

Figure 2.2: Named entities recognizer output.
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The dependency parser examines texts' syntactic structures, where arcs connect head
words to their child words with arc labels being grammatical relationships between two
words. Figure 2.310 shows the dependency path for the sentence \She arrived early for
the meeting.". The arc connecting wordarrived and early represents thatearly describes
arrived with the syntactic relationship advmod.

Figure 2.3: Dependency parser visualization.

spaCy is an open-source software library o�ering a variety of NLP tools [8], including
all linguistic features mentioned above. Though there are many other well-known NLP
libraries such as CoreNLP [11] and NLTK [1], spaCy is preferred when people want to
develop an end-to-end production system, which should be adequate on CPU. A pre-
trained multi-task Convolutional Neural Network (CNN) model called en core wb lg is
provided by spaCy, equipping us with an NLP pipeline consisting of a tokenizer, a tagger,
a dependency parser and an entity recognizer. As presented in Figure 2.4,11 this pipeline
transforms texts to spaCyDoc objects that store all relevant NLP features obtained from
the texts. spaCy also o�ers a serialization method that saves itsDoc object as a binary
�le so that it can be restored very fast later when we need it.

Figure 2.4: spaCy NLP pipeline.

10https://explosion.ai/demos/displacy
11https://spacy.io/pipeline-fde48da9b43661abcdf62ab70a546d71.svg
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2.4 Entity Linking

Figure 2.5: Wikidata item.

Knowledge Base (KB), such as Wikipedia or Freebase, gathers detailed structured and
unstructured information about the world. Wikidata is a KB collecting Wikipedia data
together and presents them in a more structured format [22]. As of January 2021, there are
92,678,133 items in Wikidata, including human, organization, etc. Figure 2.512 exhibits an
example of Wikidata item Douglas Adams, and let us concentrate on its four �elds: label,
item identi�er, property and value. The label is the name of the item, which may not be
unique. For example, there are two items with the same labelNike, where one of them is
an American athletic equipment company,13 while another one is the goddess of victory in
Greek mythology.14 To distinguish items with the same label, Wikidata requires a unique
identi�er (also named \QID") for each item, made of the upper-case letter \Q" followed
by a positive integer. In the previous example, items with QIDQ483915 and Q165023

12https://en.wikipedia.org/wiki/Wikidata
13https://www.wikidata.org/wiki/Q483915
14https://www.wikidata.org/wiki/Q165023

14




	List of Figures
	List of Tables
	Introduction
	Contributions
	Thesis Organization

	Background and Related Work
	TREC Total Recall Track
	Problem Definition
	Algorithm and Implementation
	Experimental Setup
	Evaluation Metrics
	Results

	Relation Extraction
	Natural Language Processing
	Entity Linking
	Document Indexing

	Total Relation Recall
	Problem Definition
	Assumptions
	Input
	Human Assessment
	Output

	Algorithm
	Retrieval
	Classification
	Feedback

	Implementation
	Retrieval
	Classification
	Feedback


	Evaluation
	Experimental Setup
	Input
	Automated Human Assessment
	Other Parameters

	Evaluation Metrics
	Results and Analyses
	Primary Results
	Ablation Experiments


	Conclusion and Future Work
	References
	APPENDICES
	Initial Instances in Experiments
	TREC Washington Post Corpus
	The New York Times Annotated Corpus

	Recalls @ aN for All Relations

