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ABSTRACT

Knowledge graphs are employed in several tasks, such as question answering and recommendation
systems, due to their ability to represent relationships between concepts. Automatically constructing such a
graphs, however, remains an unresolved challenge within knowledge representation. To tackle this
challenge, we propose CtxKG, a method specifically aimed at extracting knowledge graphs in a context of
limited resources in which the only input is a set of unstructured text documents. CtxKG is based on
OpenlE (a relationship triple extraction method) and BERT (a language model) and contains four stages: the
extraction of relationship triples directly from text; the identification of synonyms across triples; the
merging of similar entities; and the building of bridges between knowledge graphs of different documents.
Our method distinguishes itself from those in the current literature (i) through its use of the parse tree to
avoid the overlapping entities produced by base implementations of OpenlE; and (ii) through its bridges,
which create a connected network of graphs, overcoming a limitation similar methods have of one isolated
graph per document. We compare our method to two others by generating graphs for movie articles from
Wikipedia and contrasting them with benchmark graphs built from the OMDb movie database. Our results
suggest that our method is able to improve multiple aspects of knowledge graph construction. They also
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highlight the critical role that triple identification and named-entity recognition have in improving the
quality of automatically generated graphs, suggesting future paths for investigation. Finally, we apply
CtxKG to build BlabKG, a knowledge graph for the Blue Amazon, and discuss possible improvements.

1. INTRODUCTION

Knowledge graphs are structures in which nodes represent entities (real, fictitious, or abstract), and edges
represent relationships that exist between them [1]. Knowledge graphs have proved to be particularly
useful at handling ambiguity, establishing connections between ideas and describing attributes and
characteristics [1-3].

The usefulness of knowledge graphs has been consistently observed in prominent applications such
as recommender systems and question answering (QA) [1, 3, 4]. Additionally, they have also been
successfully employed in more specific situations, such as weather simulations [5] and medical
evaluations [6].

The Google knowledge graph is an example of a knowledge graph created to assist with search results
by utilizing relationships to find associated entities and attributes. It also serves as the source for the
Google knowledge panels — cards containing essential information about people, locations etc., built
using data linked to the searched terms in the knowledge graph [2, 7]. Another example is Wikidata, which
acts as the central source of structured data for all the Wikimedia projects, including Wikipedia. Because
of that, Wikidata covers an extremely vast number of topics and domains, and includes numerous
relationship and association types [8].

While large-scale graphs are useful for those types of applications, it may be necessary to build new
knowledge graphs when domain-specific information is required. These targeted knowledge graphs are
unlikely to hold knowledge that does not pertain to the domain of interest, while including more
specialized and in-depth information.

Constructing knowledge graphs, however, is still a persisting challenge within knowledge representation
[3, 9]. Many of the largest and most popular knowledge graphs rely on volunteer crowd-sourcing for
expansion and maintenance [3]. For instance, between 2014 and October 2022, the amount of edits to
Wikidata by real users increased from 10% to around 59.87% [8, 10], indicating a considerable
dependency on human participation—a scenario that represents a serious expenditure in terms of time and
resources. To overcome this dependency, several techniques have been developed in order to extract
knowledge graphs directly from text [3, 9, 11]. These techniques usually employ Natural Language
Processing (NLP) pipelines to extract relationships, identify named entities and resolve coreferences.

Yet, there are important issues associated with current NLP approaches to knowledge-graph
construction, namely (i) the loss of information, which comes from not fully interpreting the contents
of the text; (ii) the redundancy of information, which happens when an excessive number of entities or
relations are extracted from the text; and (iii) the overlapping of information, which is associated with
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the handling of change in attributes (e.g. how to express that an entity was previously in one state but

now is in another) [3].

In this paper, we present a method for building knowledge graphs from text documents, which we refer
to as CtxKG (Context-Based Knowledge Graph). The challenge was to develop a method which can work
in an environment where resources are sparse. In our case, we are regularly dealing with small sets of
documents, which are not accompanied by a backing knowledge base. For those reasons, we rely heavily
on the syntactic and semantic information in the documents. In order to specify our method, we provide
detailed descriptions of each of its parts and evaluate its results through direct comparisons to similar
approaches [9, 12].

After presenting our method, we delineate how it was used to build BlabKG, a knowledge graph for
the Blue Amazon. The Blue Amazon is a large area off the coast of Brazil that includes Brazil’s
territorial waters, the Exclusive Economic Zone and the continental shelf (Fig. 1). It is a region of great
importance, as its 45,000,000 km? of sea cover 90% of Brazil’s oil reserves and 77% of its gas
reserves, as well as multiple different and unique ecosystems, including mangroves, estuaries and

coral reefs [13-16].

Although BlabKG was first discussed in [17], we have added new results and examples, which should
further illustrate its features and possible applications. Those include an example of how our entity
unpacking extension works, along with a demonstration of how BlabKG can be used to find entities with
shared characteristics.

The paper is organized as follows. Section 2 describes different knowledge-graph generation approaches
and how they influenced CtxKG. Section 3 goes through our knowledge graph generation method in
detail. Section 4 describes the evaluation process for our method, comparing it to other alternatives.
Section 5 presents the corpus used to generate BlabKG, and describes and examines its features. A
discussion about improvement opportunities for CtxKG is given in Section 6. Finally, Section 7 suggests

some paths for future investigation.

2. KNOWLEDGE-GRAPH GENERATION

In this section, we discuss the state of knowledge-graph generation in the literature and describe how

different techniques relate to CtxKG.

2.1 Related work

Many approaches to knowledge-graph generation from text are structured as a combination of three
separate stages: entity recognition, relation extraction, and knowledge fusion [3]. Furthermore, knowledge
graph completion is often added as a supplementary step [18].
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Figure 1. The Blue Amazon, which includes the territorial waters (in blue), the Exclusive Economic Zone (in
green) and the continental shelf (in red). Names of locations are in Portuguese. Extracted from [53].

2.1.1 Entity recognition

The entity recognition stage is concerned with extracting the entities in a text and identifying those
which are named entities. Named entities relate to specific objects, like people, organizations, or events,
and are particularly useful for representing concrete and domain-specific information.

Early attempts at entity recognition used rule-based models. Essentially, they went through texts looking
for predefined patterns and returned matching strings. Later, those methods were replaced by machine-
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learning ones, which proved more effective overall. Moreover, many modern approaches have employed,
to great effect, deep-learning techniques, like those based on recurrent neural networks (RNN), especially
LSTM networks, and transformers. These methods usually take advantage of large amounts of labeled and
unlabeled data to train NLP models [3, 19, 20].

Peters, Ammar, Bhagavatula, et al. [21], for example, used bidirectional RNNs to generate embeddings
that captured both semantic and syntactic information, all from unlabeled data. Those embeddings
produced better results when compared to usual word embeddings. Xiao, Tan, Fan, et al [20], on the other
hand, relied on BERT [22], one of the most popular transformer models, to encode sentences in a way that
produced useful features for the other models in their named entity recognition (NER) pipeline.

2.1.2 Relation extraction

The relation extraction stage is intended to identify the relationships between entities as described in the
text. A relation can be a verb that connects two entities, for example.

Similarly to the case of entity recognition, early attempts at relation extraction used rule-based models,
which have been mostly replaced with machine-learning methods. These more current methods can be
divided into different groups. There are the classic classification models, which can be either supervised,
semi-supervised or distantly supervised, and modern deep-learning models, which make use of the
aforementioned RNNs and transformers, as well as convolutional neural networks (CNN) [3, 20]. In fact,
Guo, Zhang, Yang, et al. [23] present a system in which multiple techniques were combined to improve
overall results. They utilize a bidirectional RNN to extract contextual features from the sentence tokens and
combine it with a CNN and attention mechanisms in order to select the most important features for their
classification system.

2.1.3 Knowledge fusion

The goal of knowledge fusion is to combine knowledge from heterogeneous sources and to weed out
inconsistencies.

One of the key aspects of knowledge fusion is coreference resolution, which seeks to replace context-
dependent constructions, like pronouns, with the entity they reference, so that no information is lost once
the context of the text is left behind. The main techniques for coreference resolution may be divided in
three groups: rule-based, statistical, and machine learning. Rule-based methods take advantage of syntactic
functions and relations that can be extracted from the parse tree. Statistical methods use models based on
decision trees, genetic algorithms, Bayesian statistics etc., while modern machine-learning approaches
apply deep learning, using techniques like word embeddings to identify semantic similarities [3, 27]. As an
example, Lee, He, Lewis, et al. [28] present a well-known and effective coreference resolution model that
uses a CNN to build word embeddings and a LSTM network to compare them and calculate similarity
scores, so as to determine whether two words refer to the same concept.
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The other aspect of knowledge fusion that should also be highlighted is entity alignment, which aims to
link entities from separate graphs that have the same meaning or represent the same entity. Many
approaches to this problem, much like in the case coreference resolution, make use of word embeddings
to find similarities between entities. For instance, Bordes, Usunier, Garcia-Duran, et al. [29] developed a
word-embedding-based method that has been adopted and expanded upon since TransE, as seen in
proposals by Chen, Tian, Yang, et al. [30] and Zhu, Xie, Liu, et al. [31]. Other recent efforts, like Wang, Lv,
Lan, et al. [32] and Wu, Liu, Feng, et al. [33], make use graph convolutional networks to build the entity
embeddings, as these types of network are able to take the connections in the graph into account as well.

At the same time, there are also techniques like neighborhood matching, which are able to link entities
in different graphs by comparing their surroundings, i.e. the other entities connected to them and the
relations described by those connections [9, 34].

2.1.4 Knowledge-graph completion

The idea behind knowledge graph completion is to generate new entities or new relationships between
entities for an existing knowledge graph. Knowledge-graph completion can be divided into two groups:
closed environment, which seeks to build new knowledge using strictly what is already contained in the
graph, and open environment, which uses outside sources to generate new knowledge within the graph.

Similarly to previous cases, classic completion methods have used rule-based approaches, as well as
statistical ones. Most modern attempts, however, tend to rely on deep learning to build meaningful
embeddings for the nodes in the graphs, employing tools such as CNNs, graph neural networks (GNN),
and transformer-based approaches like BERT [18, 22, 35].

Schlichtkrull, Kipf, Bloem, et al. [36], for instance, introduced the Relational Graph Convolutional Network, a
specific type of GNN that has become a standard when it comes to entity embedding in the context of
knowledge graphs. Barr, Shaw, Abu-Khzam, et al. [37], on the other hand, adopted a node2vec-type algorithm,
which relies on random walks to define neighborhoods and generate these graph embeddings [38].

2.2 Structuring our method: alignment and extension of existing work

Our method, which we describe in detail in Section 3, is based on AutoKG [9], also a knowledge-graph generation
method. Its pipeline includes, to varying degrees, all of the four tasks described in previous subsections.

For entity recognition, relationship extraction and coreference resolution, we rely on the Stanford
CoreNLP library and its OpenlE implementation [39]. OpenlE is a paradigm for extracting relationship
triples directly from text. Its goal is to be domain independent and to rely mostly on linguistic features
to determine the components of triples (i.e. subjects, relations and objects). The original OpenlE
implementation depended on different levels of syntactic analysis [40]. More recent implementations,
however, have adopted deep learning techniques, using CNNs and transformers to build word
embeddings, which are processed by different models to determine the role of each token in the
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relationship triple [41, 42]. The reason we chose to use OpenlE in our method is that we do not have
a knowledge base that could be used to define our domain, so we depend solely on the contents of
the texts.

Stanford’s implementation was specifically chosen due to its flexibility. It allowed us to extend it in order
to take advantage of sentences’ parse trees and to avoid the overlap of triples typically produced by base
implementations of OpenlE (see Subsection 3.1). Instead, we were able to produce a single relationship
triple for each subject-object relation and to build auxiliary triples for elements such as adjectives, adverbs
etc. This reduces unnecessary redundancy by ensuring that the same entity does not appear multiple times
with very slight variations, while also having separate — but connected — nodes for core entities and each
of their attributes.

For the tasks which require word/entity embeddings, we decided to use BERT, a language model that has
become ubiquitous in NLP since its release in bert. BERT’s popularity is partially due to its ability to encode
tokens while taking into account the context in which they appear in the sentence, which is a product of
its transformer-based architecture. This means that BERT generates different embeddings for the same word,
depending on how it is used in the sentence, which is particularly useful when handling homographs [22].

One of the key uses of BERT was for entity alignment. By generating contextualized word embeddings,
we were able to connect graphs from different texts (i.e. different contexts) through what we call “bridges”
(see Subsection 3.4). This allows a seamless transition from one graph to another, a property that AutoKG
lacks, and it does so without merging all graphs into a single one, which could result in a loss of contextual
information that might have been crucial.

It is this particular combination of open information extraction techniques with word embeddings that
sets CtxKG apart from other graph generation approaches that either rely on backing knowledge structures
(e.g. ontologies) or operate within a limited set of relations [3].

3. CTXKG: A CONTEXT-BASED KNOWLEDGE-GRAPH GENERATOR

In this section we describe our new method for building knowledge graphs from text documents, named
CtxKG (Context-Based Knowledge Graph). CtxKG combines a standard NLP pipeline for knowledge graph
generation with a technique for connecting and merging entities that uses word embeddings [22].

CtxKG'’s pipeline consists of four stages, which are detailed in the following subsections:

3.1. The extraction of relationship triples from the text documents using an extension of OpenlE [40],
setting up the base graphs;

3.2. The identification of synonyms among entities using BERT, connecting triples that were initially
separate;

3.3. The merging of synonyms into one single entity;

3.4. The building of bridges between graphs, connecting knowledge from separate documents.
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The codebase is available at github.com/Pligabue/CtxKG.

3.1 Relationship triple extraction

The first stage is responsible for extracting the triples which will ultimately be the nodes and edges of the
final knowledge graphs. Because this is the only stage in direct contact with the documents, our only
source of knowledge, we strive to take full advantage of the them, not only applying information extraction
techniques but also relying on their syntactic structure.

The first step is to extract the base triples, which are the product of putting the text through OpenlE. To
achieve this, we set up an OpenlE pipeline using Stanford’s CoreNLP library [39]. The pipeline includes
stages for tokenization, sentence splitting, part-of-speech (POS) tagging, lemmatization, named-entity
recognition (NER), dependency parsing, and coreference resolution.

Two of those stages are not directly associated with OpenlE and were an addition we made to the basic
pipeline: the coreference resolution and the NER stages. Coreference resolution was included to solve
pronominal ambiguity. Several sentences, specially those which included pronouns as subjects or objects,
generated triples with excessively context-dependent knowledge, which are not particularly useful for
knowledge graphs. The coreference resolution replaces these pronouns in the triples with the terms they
reference, producing more meaningful representations.

The NER stage is useful for a different reason. In our triple extraction process, each document is given an
ID, which is then used to generate a unique ID for each entity. The purpose of these IDs is to distinguish
entities with the same text but different connotations, in so far as they appear in different parts of the text
or entirely different documents.

For example, two entities for the word “city”, which are considered regular entities, will get different
IDs if they originate from different documents. Named entities, identified by the NER stage, exceptionally
receive an ID that is shared across all documents. A named entity related to the year of 2007, for instance,
receives the “NE-YEAR-2007" 1D, regardless of the document in which it appears, as long as it is identified
as such.

The second step in the extraction of relationship triples is a step we have created called entity
unpacking. To recognize the importance of unpacking, one should understand how CoreNLP library
generates triples. For a single sentence, CoreNLP is able to generate multiple triples by including or
excluding auxiliary parts of the sentence, like adjectives. For instance, given the sentence “the quick brown
fox jumps over the lazy dog”, CoreNLP generates six distinct triples:

( quick brown fox; jumps over; lazy dog )
( quick brown fox; jumps over; dog )
( brown fox; jumps over; lazy dog )
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( brown fox; jumps over; dog )
(fox; jumps over; lazy dog )
( fox; jumps over; dog ).

As can be seen, the three different subjects are simply variations of the noun phrase “quick brown fox”,
while the two objects are variations of “lazy dog”. There are two main problems with this configuration.
First, the number of triples grows exponentially with the size of the noun phrases. More importantly, if
interpreted directly as nodes in a graph, there would be no connection between entities like “fox” and “quick
brown fox”, resulting in some loss of information.

The point of entity unpacking is identifying subsets within the pool of entities and using them as the
basis for new connections. In the example above, “brown fox” is a subset of “quick brown fox” and “fox”
is a subset of both “brown fox” and “quick brown fox”. By applying this logic, it is possible to arrive at the
following four triples:

( fox; jumps over; dog )
(fox; is; quick )

( fox; is; brown )

(dog; is; lazy ).

The identification of the main terms (“fox” and “dog”) and of the subset relations (“is”) is done through
the analysis of the dependency tree (Fig. 2), which is generated in the dependency parsing stage of the
CoreNLP pipeline. Both “fox” and “dog” are at the top of the tree associated with the phrasal verb “jumps
over”, while the adjectives function as adjectival modifiers to the main terms, which can be represented by
the verb “is” in the new triples [43].

VBZ

jumps
NN NN

fox l¢e——nsubj. | | obl dog

— 1 vl

det amod amod amod det amod
DT J W 5 IN DT L 3
The quick brown over the lazy
Figure 2. Visual representation of the dependency tree for the sentence “the quick brown fox jumps over the

lazy dog.” The relations (e.g. “amod” for adjectival phrases, “det” for determiners etc.) are defined in [11], while
the POS tags follow the standard described in [54].

After this extended OpenlE stage, each document has a set of triples that operates as the basis for the
knowledge graph. The subjects and objects are the nodes, while the relationships are the edges.
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3.2 Synonym identification

The second stage of the knowledge graph generation pipeline is the identification of synonyms within
documents. Because there is no background knowledge base to provide such semantic information, we
rely on contextualized word embeddings to introduce semantics and compare the meanings of different
words.

For each document, each triple, formatted as a sentence, is put through BERT [10]. Then, for each triple
embedding, the embeddings for the subject entity and the object entity are calculated by averaging the
embeddings of the tokens that constitute them.

After entity embeddings are calculated, we compare them in terms of their cosine similarity. If the cosine
similarity is above a certain predefined threshold—usually set between 0.8 and 0.9—the two entities are
considered synonyms.

To illustrate, consider the text “The fox jumped over the dog. The dog chased the fox. The fox is quick.”
and the following set of extracted triples:

( fox; jumped over; dog )
( dog; chased; fox )
(fox; is; quick ).

Ideally, the word embeddings for all three instances of “fox” would be similar. Then, by comparing these
embeddings, the three instances would be linked, even though they appear in different sentences, both as
the subject and as the object.

After this stage, each document has a base version of the graph, which includes all the relations from the
previous stage along the new synonym-link relations.

3.3 Graph reduction

The graph reduction stage complements the synonym identification by merging synonyms into one
single final entity. From this point forward, we are extending AutoKG’s pipeline, as synonym identification
is AutoKG’s final knowledge-graph generation step.

This is a more straightforward stage, in which the linked entities are compared in terms of the number of
occurrences and the most recurring one is chosen as the one that will represent all the synonyms in the
final graph. The only exception is named entities, which are always chosen over regular entities, even if
they appear fewer times.

After this stage, each document has a clean version of the graph, in which each synonym group has
been merged into one single entity. As a consequence, the synonym-link relations are no longer necessary.
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3.4 Building bridges

The goal at this stage of the pipeline is to establish connections between the individual graphs generated
in the previous stages. Up to now, documents have been treated as independent units. This, however,
prevents information sharing among them. To overcome this shortcoming, we establish points of contact
between the different graphs, which we call “bridges”.

The process of building bridges is analogous to the construction of synonym links (see Subsection 3.2).
Entities have their embeddings calculated by feeding the triples to BERT and the comparison is made using
cosine similarity. Entities from separate texts that have a high similarity are considered related and a bridge
is established. There are a few key differences in this process, though, compared to the synonym stage:

1. The entities of a text are compared to all entities of all other texts. This results in many more
comparisons. To illustrate this point, with N documents, each with a set of M different entities, the
synonym identification stage would need to make a total of

N MM 1)
2!
comparisons, while this stage would need to make a total of

NIN-1) MM —T)
21 2!
comparisons. This difference causes this stage to be the most costly processing-wise.

2. The similarity threshold can be made lower at this stage, as it is not necessary for the entities on
either side of the bridge to be treated as strict synonyms. In our experiments, the best results were
achieved with a threshold of around 0.7 .

3. The number of connections per entity is limited to one. The idea behind this is to compensate the
leniency of the lowered threshold by limiting the connections.

4. If two named entities have the same ID, indicating they refer to the same concept, they are connected.

After this stage, each document has a final individual graph, along with a set of bridges that connect it to
other graphs. In this configuration, the graphs represent the knowledge in the texts, while the bridges
provide alternatives should the sought-after piece of information not be present in the current graph.

3.5 Knowledge graph example

As a short example, Fig. 3 displays the graph generated from the following sentence:

BYD debuted its E-SEED GT concept car and Song Pro SUV alongside its all-new e-series models at the
Shanghai International Automobile Industry Exhibition. The company also showcased its latest Dynasty
series of vehicles, which were recently unveiled at the company’s spring product launch in Beijing.

This is the same sentence used in the showcase section of the 2019 ICDM/ICBK Contest [3]. The main
highlights for our graph, compared to others in the contest, are: the ability to identify and isolate the main
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Figure 3. Sample knowledge graph created using our method. The input sentence was the same sequence used
in the 2019 ICDM/ICBK knowledge-graph generation contest [3].

named entities (e.g. “Beijing”, “Song Pro SUV” and “BYD”) and the ability to unpack long sentences and
produce more nuclear entities (e.g. “the company’s spring product launch in Beijing” becomes four

"o "nou

separate entities, “company”, “spring”, “product launch” and “Beijing”).

4. EVALUATION OF CTXKG

Since CtxKG extends AutoKG [9], we used the same type of documents to evaluate our method, i.e.
entries of movies on Wikipedia. More specifically, the complete articles for the 200 highest-grossing films
were used to build the knowledge graphs.

The pages were fetched using MediaWiki’s API [44] and the HTML was parsed to select the relevant
sections: the summary at the beginning of the page, the description box that appears to the right of the
summary, and the whole body of the article up to the reference section. The only parts excluded were
items like tables and lists, which are not in ordinary text form.

Besides CtxKG, we also report the results for AutoKG and Miller et al. [12]. Because the codebases/
repositories for these methods are not publicly available, we had to stick to the numbers and metrics
provided in the original papers. Despite not being able to run these methods with the exact same dataset,
we believe the reported numbers may provide an approximate measurement of how well CtxKG performs
compared to those and other similar methods.
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Applying a Context-based Method to Build a Knowledge Graph for the Blue Amazon

Table 1. List of abbreviations.

Abbreviations

API Application programming interface

BERT Bidirectional Encoder Representations from Transformers, a language model

BLAB Blue Amazon Brain, our project where we aim to build a conversational agent for the Blue Amazon
BlabKG BLAB Knowledge Graph, our knowledge graph about the Blue Amazon

CNN Convolutional neural network

CtxKG Context-Based Knowledge Graph, our knowledge graph generation method

FPSO Floating production storage and offloading, a type of vessel for oil extraction in the ocean
GNN Graph neural network

LST™M Long short-term memory, a type of neural network

NE-NE Named entity to named entity, one of the three types of entity links

NE-RE Named entity to regular entity, one of the three types of entity links

NER Named-entity recognition

NLP Natural language processing

POS Part-of-speech, as in part-of-speech tagging

QA Question answering

RE-RE Regular entity to regular entity, one of the three types of entity links

RNN Recurrent neural network

Table 2. List of notations.

Notations
(SUBJ; REL; OBJ ) A relationship triple, containing a subject, a relation and an object, in that order. The
subject and the object are entities. The triple is enclosed by angle brackets (plus a space)
and its three components are separated by semicolons. The relation is underlined.

4.1 Methodology

Graphs

The idea is to compare the generated graphs to benchmark graphs and determine the percentage of
triples from the benchmark graphs that are present in the generated ones. There are four aspects of this
evaluation method that ought to be highlighted:

Benchmark triples The benchmark triples are built on metadata about each movie from IMDb, made
available via the OMDb API, combined with tags from Movielens [45, 46]. The attributes that were
included in Miller et al. [12], which is the basis for AutoKG, are: (1) the directors; (2) the writers; (3) the
actors; (4) the release year; (5) the languages; (6) the genres; (7) the tags; (8) the IMDb rating; and (9) the
IMDb votes.

Coverage Just as in AutoKG, a benchmark triple is considered covered if its object is included in any of
the generated triples [9]. The subject of the benchmark triples is disregarded because it is always the title of
the movie.
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Applying a Context-based Method to Build a Knowledge Graph for the Blue Amazon

Coverage percentage While Miller et al. [12] built one benchmark triple for each of the nine attributes
by grouping entities that have the same relationship to the movie (e.g. the triple “Blade Runner starred

4

actors Harrison Ford, Sean Young, ...” includes all the actors in the movie in the object, separated by
commas), CtxKG produces one triple per entity. To handle this difference in approach, the contribution of
a given CtxKG triple to the overall hit percentage is defined as its contribution to the specific attribute
divided by the total number of attributes. For example, if all nine attributes are being considered and the

movie stars 12 actors, having a triple for one actor counts as

LI T L0.926%.
12 9 108
Comparison AutoKG separates the benchmark triples into two groups: reachable triples (those that
contain knowledge found in the corpus) and unreachable triples (those that contain knowledge that is not
in the corpus). However, there is no clear definition of how the coverage of unreachable triples is
calculated, which is specially important considering attributes like tags have variable length, that is, there
is no limit to the number of tags a movie can have on Movielens. For those reasons, our comparison will
focus only on reachable triples, i.e. attributes (1) through (4), as these are the attributes that can be found

reliably on Wikipedia articles [9].
Bridges

The evaluation of bridges was done manually, as bridges are not present in AutoKG and, therefore,
cannot be directly compared like the graphs can. They were categorized according to the presence of
named entities, since this is the most reliable type of entity, and evaluated in terms of semantic coherence.
This means analyzing the relationship between the two entities that form a bridge and verifying the two
graphs are connected in a way that would assist graph traversal.

For performance reasons, the bridges were built from just the summary sections of the Wikipedia
articles, and not the entire pages, so as not to require the comparison of an extremely large number of
entities (as mentioned in Subsection 3.4).

4.2 Results

As previously mentioned, the complete Wikipedia articles for the 200 highest-grossing films were used
for the evaluation of CtxKG. The results are presented below.

Graphs

Focusing just on the reachable triples (Tables 3 and 4), it seems that they were reliably generated by
CtxKG. The most elusive attribute was that of “writers”. Not only were they found in fewer cases—only
84.17% of them—they also presented the highest standard deviation at 27.82. The most present attribute
was the “year”, which was found 98.99% of the time, with a standard deviation of 10.00. This matches
what can be expected from a Wikipedia article about a movie, as directors, actors and the year tend to be
mentioned more frequently than writers.

d-sjoipeAUIp/NPS W I08IIP//:dRY WOy pepeojumoq

€ JUID/68LY9ET/Y9/L/9/P

%20z 1snbny G0 uo Jesn |g1S-dSN Aq 4pd-£2200
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Table 3. Comparison between different methods. The four displayed attributes are the ones categorized as
“reachable”, meaning they can be reliably found on the articles used to generate the knowledge graphs. The in-
dividual values for miller-etal-2016-key and autokg are not included, as only average values were discussed in
either paper.

Reachable triples

Method Directors Writers Actors Year Avg. (%)

Miller et al. - - - - 83.69

AutoKG - - - - 90.00

CtxKG 93.89 84.17 93.47 98.99 92.63
Table 4. Average coverage and standard deviation for the reachable attributes in Table 3.

Attribute Coverage (%) SD

Directors 93.89 22.48

Writers 84.17 27.82

Actors 93.47 19.15

Year 98.99 10.00

Avg. 92.63 15.13

In total, CtxKG achieved a coverage of 92.63%. Moreover, Fig. 4 seems to indicate a slight correlation
between the coverage percentage of reachable triples and the size of the Wikipedia article, suggesting that,
after around 5,000 words, the coverage fluctuates between 90% and 100% for the most part. By
comparison, when considering only reachable triples, AutoKG and Miller et al. [12] have a coverage of
90.00% and 83.69%, respectively. It seems, then, that CtxKG has a slight edge when it comes to reachable
triples in the context of the selected documents.
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Figure 4. The coverage of reachable attributes (1 through 4) versus document size. After around 5,000 words,
the coverage fluctuates between 90% and 100% for the most part.

The main drawback of the CtxKG lies in the extraction of triples from texts using the CoreNLP library [39].
While the additions of NER and the entity unpacking described in Section 3.1 seem to be working
reasonably well, the initial triples, which exist before these two additional steps, are generally lacking, as
exemplified in Table 5.
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Table 5. Common issues with generated triples, taken from a graph generated for one of the movies used dur-
ing evaluation: Spider-Man (2002).

Subject Relation Object Issue

Man is superhero film  This is a problem that occurs when CoreNLP defines
Man is American character a second entity with just part of the tokens of the
(3) real, expected entity. In this case, the original version
of (1) had “Spider Man” as the subject. However,
Man of Spider because (2) was also created, the entity unpacking
detected “Man” as a subset of “Spider Man”,

changed the subject of (1) and created (3).
M Willem Dafoe is Kirsten Dunst  This is an issue specific to the CoreNLP library,
(2) which fails to identify comma-separated lists as such.
Tim Burton is Michael Bay It instead creates triples with the verb “is” connecting

the items of the list two by two.

N —
— —

(1 superhero film  amount to 2002 This is an open issue with the unpacking, which is
about the selection of the relationship text for a
given derived triple. In the case of (1), the relation
between “superhero film” and “2002” is of the type
nummod (numeric modifier), which is mainly used
to associate numbers with nouns, usually denoting
quantity. However, since “2002” is a year, the
default text for that relation, “amount to”, does not
actually make sense in context. This is also partially
a product of the lack alternative to the nummod
relation in this library, as a year is not quite a
quantification [11].

Bridges

From the 200 movie summaries, a total of 134,638 bridges were generated, including 7,690 different
entities. These bridges can be separated in three different categories, in terms of how they relate to named
entities:

1. NE-NE: connects a named entity to a named entity. They amount to 52,322 (38.86%) bridges;
2. NE-RE: connects a named entity to a regular entity. They amount to 3,016 (2.24%) bridges;
3. RE-RE: connects a regular entity to a regular entity. They amount to 79,300 (58.90%) bridges.

As for the NE-NE category, out of the 52,322 bridges, 52,070 of them (99.52%) connect two different
named entities of the same type and 33,799 of them (64,60%) connect the exact same entity (identified by
the unique ID) in distinct documents, the latter being the best scenario. At the same time, the fact that
35.40% of the bridges connect different named entities indicates there is likely room for improvement in
this area: though the goal of the bridges is not to connect exact synonyms but to link entities that are
related, this 65/35 distribution, combined with the inspection of some samples, indicates that part of those
connections were not warranted. A recurring case was that of actors being linked because they had similar
names, even though there was no real connection between them and their work.
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The 0.48% of NE-NE bridges that connect entities of different types represent a subgroup which may be
discarded in future versions of the pipeline, as it is unlikely that they establish meaningful or semantically
useful connections, considering not only that the entities are different, but also that their categories do not
match.

Regarding the types of entities in NE-NE bridges, the majority referenced nationalities (21,780), numbers
(18,473) and dates (16,573). The rest was more evenly spread among other types (countries, organizations,
people etc.).

In terms of the NE-RE bridges, although there are expected connections between related concepts (e.g.
the named entity “Spider-Man” and the regular entity “Spider-Man trilogy”), a relevant chunk of them
(23,21%) is just connecting a named entity to a regular version of that named entity, which was not
correctly identified in the context of its document (e.g. one bridge connected the named entity “Disney”,
which is an organization, to a regular entity “Disney”, which was not identified as a named entity in the
triple extraction stage and thus received a regular ID). This is further evidence of the critical importance of
NER when it comes to knowledge-graph generation.

In the case of the RE-RE bridges, many of them connected the same concept across different graphs. For
example, many regular entities that represent the concept “film” in their respective documents are
connected to each other, adding up to around 22,294 bridges just for this one term. Many adjectives also
display this pattern (e.g. “positive”, with around 1,485 bridges, and “success”, with around 480). The main
issue here is the same as for NE-RE bridges, i.e. the lack of identification of named entities.

5. BLABKG

With CtxKG as our knowledge-graph generation method, we now move to the second part of our work,
in which we describe BlabKG, a knowledge graph for the Blue Amazon. In Subsection 5.1 we analyze the
corpus which served as the input for CtxKG (available at github.com/C4Al/Pira), while in Subsection 5.2
we discuss the final graph (available at github.com/Pligabue/CtxKG).

5.1 Corpus

The corpus used to generate the knowledge graphs consists of 496 scientific paper abstracts in the
domain of the Blue Amazon. Those abstracts were taken from Pird, a reading comprehension dataset
developed for this specific domain, also made in the context of BLAB [32].

Key information about the documents of the corpus can be seen in Tables 6, 7 and 8, including statistics
about the corpus, the most prominent topics and the most recurring words, respectively .
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Table 6. Document dimensions. Since the documents are research paper abstracts, it is expected that the aver-
age word count would fall near the 200 mark.

Metric Avg. SD

Word count 231.84 93.83
Sentence count 9.54 4.38
Sentence size (words) 24.39 11.70

Table 7. Subjects broached in the documents. The categorization was done manually by the BLAB team. As
one could expect, natural resources, due to their economic importance, represent the biggest share of docu-
ments.

Category # %
Natural Resources & Extraction 196 39.52
Geology 84 16.94
Environment & Pollution 60 12.10
Oceanography 59 11.90
Business & Economy 32 6.45
Biology 25 5.04
Climate & Climate change 17 3.43
Logistics 16 3.23
Wind & Wave power 5 1.01
Territory & Security 2 0.40
Total 496 100

From those data we can extract the following:

1. The corpus itself is not very large, amounting to around 4,700 sentences. On top of that, part of those
sentences are not necessarily relevant, since the documents are abstracts, which have specific format
requirements. That is why the words “paper” and “study” appear so many times (table 8). This will
inevitably take a toll on the quality of the knowledge graphs, at least in terms of containing irrelevant
data. More on that in Subsection 5.3.

2. Oil and gas extraction is the main subject when it comes to this corpus. It represents approximately
39.52% of the documents (Table 7) and is directly associated with eight out of the 20 key recurring
words (Table 8).

Samples

The following are some samples from Pira [32]. We selected two abstracts which demonstrate the kinds
of texts that served as input for BlabKG:

Abstract 1 This abstract is taken from “Extracting full-resolution models from seismic data to minimize
systematic errors in inversion: Method and examples” [48].

Creating an accurate subsurface model is paramount to many geophysical and geological workflows.
Examples are background models for seismic inversion, rock property models for reservoir characterization,
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Table 8. The 20 key recurring words (nouns and adjectives). These are words that have the potential to become
entities in the knowledge graphs. For this reason, this table is one of the main points of comparison for similar ta-
bles that appear later on.

Noun Description #

Brazil - 311
Petrobras The state-owned Brazilian oil company. 201
Brazilian - 192
Oil Refers to petroleum. 192
Production Refers to oil production. 176
Basin Regions covered by seawater. 167
Water - 163
Offshore Refers to offshore drilling to extract oil. 153
Paper Is mentioned in many scientific paper abstracts. 152
Study Is mentioned in many scientific paper abstracts. 149
System - 137
Development - 126
Field Usually referring to oil fields. 121
Gas Refers to natural gas. 120
Analysis Is mentioned in many scientific paper abstracts. 115
Campos One of the basins in the Blue Amazon. 94
Sea - 70
Santos The city of Santos, in the state of Sdo Paulo. 68
Reservoir Refers to oil reservoirs. 52

Drilling Refers to oil extraction. 51

and geological models of depositional elements for seismic morphological interpretation. The standard
workflow for creating subsurface models using seismic data is stratal slicing. The stratal slicing approach,
however, may break down in the case of complex stratigraphic or tectonic structuring, such as shelf-to-
basin clinoforms, delta lobe switching, deep-water channel-fan complexes, and deformation due to salt
tectonics. This paper illustrates how the results obtained with high-resolution inversion and the
incorporation of a stratigraphically consistent low-frequency model generated through horizon mapping -
called the HorizonCube - improves the quality of the estimation of the subsurface parameters in structural
complex settings. Using two data examples with different seismic data and geological settings from the
North Sea and offshore Brazil, the paper will demonstrate the increased accuracy of the final inversion
result using a data-driven HorizonCube.

Abstract 2 This abstract is taken from Deepwater Installation of a Large Capacity FPSO with Large

Number of Risers in the Marlim Field [49]

82

This paper describes the site installation of a turret moored Floating Production, Storage and Offloading
System-FPSO-in 780 meters of water in Campos Basin, offshore Brazil. The FPSO, a 270,000 dwt converted
tanker, is the first of a series of two ordered by Petrobras for development of the Marlim Field. An internal
bow mounted Turret system, anchored to the seafloor by 8 chain-wire rope-chain combined mooring legs,
is used to permanently moor the FPSO in the location while allowing the vessel to freely weathervane.
Thirty-five flexible risers, laid in a free-hanging catenary configuration, provide the flow path between the
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FPSO and the various subsea equipment on the seafloor. This paper describes the installation equipment
and procedures employed.

The underlined expressions (e.g. “this paper describes”) exemplify some of the constructions that are
present in most abstracts, since they are a staple of the research paper abstract format. They represent parts
of the texts which may not generate particularly useful information for the knowledge graph, as it is
generally just boilerplate text.

The bold expressions, however, represent very specific knowledge that exemplifies the type and the
complexity of the content we encountered when building BlabKG. Terms like “FPSO” and “flexible risers”
appear especially in the context of oil and natural gas extraction, which is the main economic activity in
the Blue Amazon, while expressions like “geological workflows” and “clinoforms” appear in the context of
geology, which is also the subject of a large percentage of research papers on the Blue Amazon.

5.2 Graphs

After running the graph generation pipeline for the corpus, a total of 496 graphs were generated, one for
each document, and 348,033 bridges were established between those graphs. Together, they make up
BlabKG.

Overall statistics for BlabKG can be seen in Table 9. They show that, with an average of around 54
entities and 52 relationship triples per document, each entity appears on roughly two different triples.
Another data point worth highlighting is that named entities represent around 10% of all entities .

Table 9. Graph dimensions.

Metric Total Avg. SD

Entity count 26,726 53.88 23.21
Named entity count 2,752 5.55 4.02
Relationship triple count 25,779 51.97 23.82
Synonym count 1,008 2.03 2.98

As to the retainment of information from the documents, a comparison between Tables 10 and 8 shows
there is an overlap between the recurring nouns in the corpus and the recurring entities in the graphs, with
named entities like “Brazil” appearing at the top of both lists. The number of occurrences, on the other
hand, is not the same in both lists. The entity “Petrobras”, for example, appeared in 201 documents and in
155 graphs. This difference suggests that there is still room for improvement when it comes to CtxKG’s
information extraction stage (see Subsection 3.1).

Table 11 complements Table 10, describing regular entities that appear in multiple graphs, part of which
also appear on Table 8 (e.g. “paper” and “oil”).
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Table 10. The 20 key recurring named entities appearing in the generated knowledge graphs.

Named entity Description #
Brazil - 185
Petrobras The state-owned Brazilian oil company. 155
Brazilian - 128
Basin Regions covered by seawater. 98
Campos One of the basins in the Blue Amazon. 78
Santos The city of Santos, in the state of Sdo Paulo. 44
Rio de Janeiro The city of Rio de Janeiro. 26
FPSO An offshore oil extraction vessel. 26
Atlantic Ocean - 23
America - 14
Gulf of Mexico - 13
Guanabara Bay Oceanic bay in the state of Rio de Janeiro. 13
North Sea - 7
Bahia Coastal state in the northeast of Brazil. 6
Cretaceous Refers to the Cretaceous period. 6
Santa Catarina Coastal state in the south of Brazil. 5
Pre-salt Rock layer where a large oil reservoir sits. 5
Shell Oil and gas company. 5
Marlim field QOil field in the Campos basin. 5
Estuary Region where rivers meet the sea. 4
Table 11. The 20 key recurring regular entities appearing in the generated knowledge graphs.

Named entity Description #
Offshore Refers to offshore drilling to extract oil. 136
Paper Is mentioned in many abstracts. 135
Results Used in many different contexts. 102
Study Usually mentioned in abstracts. 91
Data - 79
Oil Refers to petroleum. 68
Analysis Is mentioned in many abstracts. 61
Production Refers to oil production. 60
Water - 50
Work - 49
Field Usually referring to oil fields. 47
Environmental - 43
Methodology Is mentioned in many abstracts. 40
Technology - 39
Fields Usually referring to oil fields. 39
Project - 36
Basin Regions covered by seawater. 35
Approach Is mentioned mainly in abstracts. 34
Waters - 31
Sediments - 31
84 Data Intelligence
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Table 12 shows the occurrences of each type of named entity identified by the named entity recognition
step. Organizations are the most present type of named entity by a substantial margin. This is likely by
virtue of the fact that a large portion of the documents, as shown in Table 7, are about oil extraction, which
often includes mentions of companies like Petrobras or Shell. However, there are also some cases of
misidentifications. For example, the FPSO oil extraction vessel was identified 26 times as an organization,
even though “miscellaneous” is a better fit.

Table 12. Occurrences of each named entity type® in the generated knowledge graphs.

Type # Type #
Organization 553 Percentage 56
Location 418 Money 23
Date 307 Cause of death 20
Title/position 273 Set 21
Country 250 State or province 17
City 242 Time 5

Nationality 151 Criminal charge 3

Misc. 140 Ideology 3

Person 113 Religion 3

Ordinal 83 URL 1

Duration 70

Total: 2,572

“These are types that are available in CoreNLP [39].

Another relevant group of named entities is the one associated with places, which includes the
location, country, city, and state types. Because our domain is the Blue Amazon, there are several
mentions of Brazil, of coastal states like Bahia and S3o Paulo, and of coastal cities like Rio de Janeiro,
Santos and Salvador. Those entities serve as good bridges, connecting knowledge graphs through the
locations they describe.

5.3 Bridges

To evaluate the 348,033 bridges, the relation between the entities on each end of the bridges must be
validated. To do this, the bridges may first be separated into the three groups described in Subsection 4.2:

1. NE-NE: amount to 61,835 bridges;
2. NE-RE: amount to 15,010 bridges;
3. RE-RE: amount to 271,188 bridges.

In the case of NE-NE bridges, the evaluation is more straightforward, as bridges are built when nodes in
different graphs relate to the same named entity. The entity “Petrobras”, for example, serves as a bridge
between multiple graphs.
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Table 13 lists the key recurring named entities that appear as bridges. As expected, the list of named
entities overlaps considerably with Table 8 and Table 10, indicating that the key concepts from Table 6 are
making it through the pipeline and becoming key entities in the graph bridges.

Table 13. The 20 key named entities used in NE-NE bridges.

Named entity Description #
Brazil - 35,833
Petrobras The state-owned Brazilian oil company. 24,639
Brazilian - 18,032
Basin Regions covered by seawater. 9,696
Campos One of the basins in the Blue Amazon. 7,187
Santos The city of Santos. 3,562
Pre salt Rock layer with a large oil resevoir. 642
Rio de Janeiro The city of Rio de Janeiro. 705
FPSO An offshore oil extraction vessel. 690
Estuary Region where rivers meet the sea. 213
Atlantic Ocean - 417
Mexico - 225
Gulf of Mexico - 139
Cretaceous Refers to the Cretaceous period. 177
Argentina - 107
Venezuela - 79
Guanabara Bay Bay in the state of Rio de Janeiro. 77
Bahia Coastal state in the northeast of Brazil. 82
North Sea - 75
Sao Paulo The city of Sdo Paulo. 60

Table 14 describes the types of named entities that are included in these bridges. Compared to the
values in table 12, it is evident that country and organization now lead by a much larger margin. This is
due to the fact that “Brazil” (country) and “Petrobras” (organization) are predominant entities in the corpus.

Table 14. Types of named entities in NE-NE bridges.

Type # Type #
Country 36,564 Misc. 275
Organization 27,128 Duration 229
Nationality 18,276 Set 134
City 12,050 Money 124
Location 11,752 State or province 61
Title/position 7,790 Cause of death 29
Ordinal 4,147 Religion 6
Date 3,250 Ideology 4
Percentage 1,126 Criminal charge 2
Person 723

Total: 123,670
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Table 15 provides general statistics about the NE-NE bridges. The majority, around 80.80% of them,
connect instances of the same named entity, which is the ideal scenario, while approximately 13.77% of
them connect different entities of the same type, which is acceptable. The remaining 5.43% of them
connect entities of different types, which is generally undesirable, in so far as the linked entities are
unlikely to actually be related, as mentioned in Subsection 4.2.

Table 15. General properties about NE-NE bridges.

Property #

Connects the same named entity 49,958
Connects different named entities of the same type 8,519
Connects different named entities of different types 3,358
Total 61,835

With respect to the NE-RE group, which consists of bridges connecting named entities to regular entities,
to assess their quality, we verified which of these three scenarios is prevalent:

1. The regular entity is actually the named entity, but it was not identified as such during the first stage;

2. The regular entity is not the named entity, but it is related to the named entity, making the connection
warranted;

3. The regular entity is unrelated to the named entity, which is the least desirable scenario.

Table 16 shows that the textual content of the named entity and of the regular entity do not usually
match, so the first scenario is unlikely. Furthermore, in only about a third of bridges the regular entity
contains the named entity, making the second scenario also unlikely. The third scenario seems to represent
the majority of NE-RE bridges.

Table 16. Matching texts in NE-RE bridges.

Property #

Named entity and regular entity have the same text 2,780
Named entity and regular entity have different texts 12,230
Total (exact match) 15,010
Regular entity contains the named entity 4,979
Regular entity does not contain the named entity 10,031
Total (contains) 15,010

These three scenarios can be seen in Table 17. The entity “basin” represents the first two, with most of its
bridges being desirable, usually connecting a named entity version to a regular entity version. The entity
“marine”, however, represents the problematic third scenario and is the reason for the substantial
prevalence of the title/position type in Table 18. In most cases, it should not have been identified as a
named entity, as if it were referring to the navy, and many of its bridges include unrelated entities (e.g.,
“geologic”, “tubular”). This indicates that it may be beneficial to drop bridges that represent this third
scenario.
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Table 17. The 20 key named entities that appear in NE-RE bridges.

Named entity Description #
Marine - 2,723
Basin Regions covered by seawater. 2,270
Petrobras The state-owned Brazilian oil company. 891
Model - 667
Pre salt Rock layer with a large oil resevoir. 543
Brazilian - 540
Campos One of the basins in the Blue Amazon. 452
Present - 371
Bay - 332
Recently - 326
Current - 323
First - 300
FPSO An offshore oil extraction vessel. 256
Currently - 194
Santos The city of Santos. 187
Layer Referring to rock layers. 161
Cretaceous Refers to the Cretaceous period. 154
River - 154
Annual - 152
Climatic - 146
Table 18. Types of named entities in NE-RE bridges.
Type # Type #
Title/position 4,371 Person 92
Location 3,341 Duration 92
Date 1,740 Money 61
Organization 1,733 Cause of death 52
City 1,104 Percentage 19
Misc. 945 State or province 6
Nationality 604 Religion 5
Ordinal 414 Ideology 2
Set 329 Time 2
Country 98

Total: 15,010

The third and final group, which consists of bridges connecting regular entities to other regular
entities (RE-RE), is the largest one, amounting to 77.92% of the total bridges. At this point, some of the
words in Table 8 which do not refer named entities appear again, such as “offshore” and “paper”. At
the same time, as Table 20 shows, part of the key recurring entities is comprised of very context-
dependent or semantically meaningless entities, such as pronouns (e.g. “we”) and functional words (e.g.
“to”). Ideally, such entities ought to be removed during the knowledge-graph generation process, as
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they do not add any useful information, they appear in a large number of documents and they end up
cluttering the bridge building.

Table 19. General properties about RE-RE bridges.

Property #

Connects regular entities with the same text 91,355
Connects regular entities with different texts 179,833
Total (match) 271,188
One regular entity contains the other 102,896
No regular entity contains the other 168,292
Total (contains) 271,188

Table 20. The 15 key entities that appear in RE-RE bridges.

Entity Description #

Offshore Refers to offshore drilling to extract oil. 11,663
To - 9,962
Paper Is mentioned in many abstracts. 9,925
Seismic Related to earthquakes. 9,431
High - 8,257
New - 7,330
We - 7,136
Main - 7,042
Coastal Related to the coast. 4,788
Also - 4,267
Environmental - 4,131
Several - 4,056
Study Is mentioned in many abstracts. 4,048
Continental - 3,906
Well Both as an adverb and to refer to oil wells 3,642

Another property of RE-RE bridges can be seen in Table 19. It shows that, like in the case of NE-RE
bridges, the pattern of one of the entities being equal to the other or containing the other is not seen in
most of the cases. The segment of bridges that do not hold any of the two properties, which amounts to
62.06% of the RE-RE bridges, is the one that should be treated with the most caution, as it is the least likely
to hold any semantic meaning.

The most interesting aspect of RE-RE bridges, however, relates to the number of bridges which connect
the same regular entity across different graphs, as seen in Table 21. In the case of “paper”, for example, out
of the 5,231 bridges that include it, 4,694 of them connect two instances of “paper” from different graphs.
These can be good connections, as the uses of the term “paper” are usually similar enough that these
bridges make semantic sense. If one wanted to answer a question such as “What are the subjects broached
by papers on the Blue Amazon?” using these graphs, the best answers would probably come from
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traversing the graphs using these bridges. The flip side is that unwanted entities like “we” also end up
appearing in the list with a high rate of self-connection, once again pointing to the need to remove them
early on in the process.

Table 21. Self-connections for the 15 key entities in RE-RE bridges (Table 20). Self-connections are those that
connect two instances of the same regular entities in different graphs.

Entity %? Entity %?
Offshore 48.23 Coastal 18.60
To 99.92 Also 49.46
Paper 89.73 Environmental 26.37
Seismic 7.96 Several 33.16
High 55.59 Study 58.43
New 81.08 Continental 21.99
We 99.11 Well 34.24
Main 37.16

Percentage out of all bridges with this entity.

After evaluating the three groups, it seems that the NE-NE bridges are definitely the more reliable one. In
fact, when traversing the knowledge graphs, it might be safer to just ignore regular entity bridges until their
consistency can be improved.

5.4 Selected excerpts

To better illustrate our results, we present snippets of graphs and triples extracted from some of the
abstracts in the corpus.

5.4.1 Graph overview

These first examples use the abstract from “Petrography, geochemistry and origin of South Atlantic
evaporites: The Brazilian side” [50].

Fig. 6 displays a section of a knowledge graph generated mainly from the first sentence in the abstract,
which reads “The discovery and production, by Petrobras, of over 50 billion barrels in place of pre-salt oil
in Brazil’s offshore South Atlantic Santos and Campos basins has drawn worldwide attention to its km-thick
Cretaceous salt seal since 2007”. As can be verified, the key entities in the text were identified, including
named entities (in white) such as “Petrobras”, “Brazil”, “South Atlantic” and “Campos”.

Fig. 7 represents a passage that appears later in the abstract, which reads “Aptian volcanic activity
in the South Atlantic formed the Rio Grande Rise - Walvis Ridge that was the southern barrier of the
salt basin” [39]. Like the previous passage, it mentions the “South Atlantic”. Because of that, the two
passages became connected in the graph through the “South Atlantic” entity (right of Figure 6 and left
of Figure 7).
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Figure 5. Coverage of unreachable attributes (5 through 9) versus document size. No correlation appears to
exist between document size and coverage.

Figure 6. Section of the knowledge graph generated from the abstract of [50].

Fig. 8 and Fig. 9 represent how bridges can work. In the initial state (Fig. 8), all entities originate from
the same graph. By exploring two bridges for the “Brazil” entity, a new set of entities is added to the graph,
as indicated by their different colors® (Fig. 9).

© With the exception of named entities, which are always white.
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Figure 8. Base knowledge graph, before any bridges are explored.
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l’~ progduction
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Figure 9. Knowledge graph from Fig. 8 once two bridges are explored. The added nodes are the ones in green
and in orange.

5.4.2 Entity unpacking

The following excerpts exemplify how the entity unpacking (see Subsection 3.1) materializes in the
knowledge graphs.

For the summary of [51], OpenlE originally extracted the following triples:

( enriched calcareous algae; are transported; over time to the beach by wave action )
( calcareous algae; are transported; over time to the beach by wave action )

( algae; are transported; over time to the beach by wave action )

( enriched calcareous algae; are transported by; wave action )

( calcareous algae; are transported by; wave action )

( algae; are transported by; wave action ).

After the entity unpacking extension—which identified, for example, that “algae” is a subset of “calcareous
algae”, which is is subset of “enriched calcareous algae”—those entities are broken up into the nuclear
entities that can be seen in Fig. 10.
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ted

Figure 10. A display of entity unpacking in a graph (I). In this instance, “enriched calcareous algae” was split
into three entities, one describing the central concept (“algae”) and the other two describing its attributes
(“calcareous” and “enriched”).

trANSPOIt

In the second example, based on the summary of [34], the entities initially identified by OpenlE were:
“data”, “geochemical data”, “carbonate mineralogy”, cycles of lake level
variation” and “repeated cycles of lake level variation”.

nou noou "noou

cycles”, “repeated cycles”,

This is an slightly different scenario from the last, in that there is not a direct subset-superset relation
between all the associated entities, namely between “repeated cycles” and “cycles of lake level variation”.
Both are subsets of “repeated cycles of lake level variation”, but they are not subsets/supersets of one
another. Still, the unpacking works all the same and the nuclear entities are produced as shown in Fig. 11.

‘(-,:arb@natne

Figure 11. A display of entity unpacking in a graph (Il). Similarly to what was seen in Fig. 10, the original entity
“repeated cycles of lake level variation” is also split, resulting in one entity containing the central concept of “cy
cles”, while the auxiliary entities “lake level variation” and “repeated” characterize these “cycles”.

5.4.3 Shared attributes

In the case of Fig. 12, we see that the exploration of the “deep” RE-RE bridges reveals multiple entities
that are associated with that characteristic, such as environments, technologies and maritime activities.
Once the consistency issue mentioned in Subsection 5.3 is resolved, these kinds of bridges may become
very useful in types of scenario in which there is an attempt to find an entity by its attributes.
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Figure 12. Using RE-RE bridges to find entities with shared characteristics. Each color group represents a
completely different knowledge graph, all of which include an entity that can be described as “deep.”.

6. DISCUSSION

After evaluating CtxKG using movie summaries and applying it to build BlabKG, three main points of
improvement should be highlighted:
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Triple identification Although the extraction of triples directly from text, without predefined relationships
and entity types, is bound to sometimes produce incorrect, irrelevant or ill-formed triples, the bigger
problem is inconsistency. Slight changes in sentence construction can cause important relations to be
missed entirely and incoherent triples to be extracted instead.

The most noticeable example involves sentences with commas, usually separating items in a list. Ideally,
the same relationship would be applied to each item in the list. However, what usually happens is that the
items in the list end up connected to each other through meaningless relations (as seen in the second case
in Table 5), and often the main relationship is not even identified. This is a considerable issue, since lists
are a common way of expressing information in textual form.

Named entity recognition Though not as problematic as the previous issue, identifying named
entities correctly and more consistently should increase the overall quality of the graphs, in so far as
the reliability of entities goes. Named entities are helpful not only due to the fact that they represent
real concepts, but also because they make for good bridges, since they share the same IDs across all
graphs.

Word embeddings One of the most notable problems of the RE-RE bridges stems from the fact that, in
62.06% of them, the two regular entities being connected are not at all related. While there may be more
reasons behind that, one of them certainly has to do with the word embeddings that are used to calculate
the similarity between entities.

One way the word embeddings could be improved would be to retain more of the original text when
calculating them, rather than creating them based solely on the contents of the triples. That should ensure
that the embedding will better represent the semantic meaning of the entity.

7. CONCLUSION

In this work, we described a new knowledge graph generation method named CtxKG; assessed its
quality using a dataset of Wikipedia articles; and presented a knowledge graph for the Blue Amazon,
BlabKG, which combines knowledge graphs from multiple documents in a domain-specific corpus. We
then compared the contents of BlabKG to the contents of the documents in order to highlight its strengths,
such as correct identification of the key entities in the corpus, and weaknesses, such as the establishment
of undesirable or too context-dependent bridges.

Regarding our method, CtxKG achieved results superior to competing approaches, with both the
extension to OpenlE (entity unpacking) and the bridge building making positive contributions to the
graphs. The unpacking extension, which used the parse tree to identify subsets among entities and split
them into more nuclear entities, also helped with the stages of synonym identification and bridge building,
as word embeddings were built for nuclear entities, rather than for the longer chunks of text that existed
prior to the extension.
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Moreover, our results indicate that the information extraction stage (i.e. entity recognition and relation
extraction) really is the most critical part of the whole process. Not only is it crucial for extracting good,
valuable information from the texts, it may also represent a major bottleneck for the whole pipeline, unlike
later stages, which are more geared towards fine-tuning.

In addition, named entity recognition proved to be an important piece that can have a great impact on
the quality of the graphs. A better and more extensive identification of named entities may improve the
extraction stage by preventing named entities from being broken up and make the bridge building stage
more straightforward, as named entities are matched directly by their IDs.

Consequently, our aim moving forward is to replace Stanford’s CoreNLP OpenlE implementation with a
better-performing relation and entity extraction technique . Additionally, we intend to have the named
entity recognition and possibly the coreference resolution done separately, using dedicated software. As for
the later stages, another possible improvement can come from using different approaches for building
word embeddings, in order to improve entity matching.

As for BlabKG, our main focus is the corpus. Because the input for the knowledge-graph generation is a
collection of scientific abstracts, there is a lot of unnecessary or confusing information that ends up
cluttering the generated graphs. First, there is a great deal of complex jargon that is mentioned without
much context, as it is supposed to be understood by specialists. This caused some graphs to have multiple
groups of nodes that are not connected to each other because their underlying connections are implicit.
Second of all, the paper abstract format includes recurring phrases and words, such as introductory
expressions (e.g. “in this paper”), which are not directly relevant to the Blue Amazon domain.
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