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Abstract

The advent of the era of big data on the Web has made automatic web
information extraction an essential tool in data acquisition processes. Un-
fortunately, automated solutions are in most cases more error prone than
those created by humans, resulting in dirty and erroneous data. Automatic
repair and cleaning of the extracted data is thus a necessary complement
to information extraction on the Web.

This thesis investigates the problem of inducing cleaning rules on web ex-
tracted data in order to (i) repair and align the data w.r.t. an original
target schema, (7i) produce repairs that are as generic as possible such
that different instances can benefit from them. The problem is addressed
from three different angles: replace cross-site redundancy with an ensem-
ble of entity recognisers; produce general repairs that can be encoded in
the extraction process; and exploit entity-wide relations to infer common
knowledge on extracted data.

First, we present ROSeAnn, an unsupervised approach to integrate semantic
annotators and produce a unified and consistent annotation layer on top of
them. Both the diversity in vocabulary and widely varying accuracy jus-
tify the need for middleware that reconciles different annotator opinions.
Considering annotators as “black-boxes” that do not require per-domain
supervision allows us to recognise semantically related content in web ex-
tracted data in a scalable way.

Second, we show in WADaR how annotators can be used to discover rules
to repair web extracted data. We study the problem of computing joint
repairs for web data extraction programs and their extracted data, provid-
ing an approximate solution that requires no per-source supervision and
proves effective across a wide variety of domains and sources. The pro-
posed solution is effective not only in repairing the extracted data, but also
in encoding such repairs in the original extraction process.

Third, we investigate how relationships among entities can be exploited
to discover inconsistencies and additional information. We present RuDiK|,
a disk-based scalable solution to discover first-order logic rules over RDF
knowledge bases built from web sources. We present an approach that
does not limit its search space to rules that rely on “positive” relationships
between entities, as in the case with traditional mining of constraints. On
the contrary, it extends the search space to also discover negative rules, i.e.,
patterns that lead to contradictions in the data.
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Chapter 1

Introduction

The Web has become the largest repository of data ever built in human history. Recent
advances in web technologies have made data publishing on the Web an every-day task
that is increasing at an unprecedented scale. In the US only, it is estimated that there
are over one hundred thousand online shopping web-sites with revenues greater than
$10,000 [I12]. This scenario of ever growing information is often defined as the era of
big data. Despite many different definitions, everyone seems to agree on the 4 V’s that
characterise big data{l| Volume — the scale in terms of size of data; Velocity — the speed
of change in the content of data; Variety — the difference in flavour and format of data;
Veracity — the uncertainty that rules such complex data.

The amount of information available on the Web has attracted the interest of a
significant body of work in Information Extraction (IE). The main goal of IE systems
is to extract relevant data from un(semi)-structured sources and turn such data into
some sort of structured format. Data currently available on the Web can be grouped
into two main categories: (i) semi-structured data, such as HTML pages designed
for humans, and (i) unstructured data, such as free text documents. Extracting data
from the former is often called web data extraction [32), 34l 51], 82] 156]. Extracting
data from the latter is defined as open information extraction (OIE) [21), [135] [140],
where open means that the schema for target relations to extract does not need to be
specified in advance. Figurell.1|shows an example of web IE from two different sources.
The first scenario (Figure showcases an example of web data extraction to store
relevant data about cameras in a relational database with a well-defined schema, while
in the second scenario (Figure the goal is to extract relationships between pairs
of entities from a Wikipedia text document, a classic OIE task. The focus of this
work is mostly on web data extraction. However, most of the points we outline in this
introduction apply equally to OIE as well. In the last part of the thesis (Chapter@, we
will exploit some cleaning techniques to enhance the quality of knowledge bases that
may be generated through OIE, by human supervision or through web information

extraction or a variant of it.

"http://www.ibmbigdatahub.com/infographic/four-vs-big-data
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<Clint Eastwood, born, San Francisco>
Article Talk Read Edit

Clint Eastwood

From Wikipedia, the free encyclopedia

For other uses, see Clint Eastwood (disambiguation).

Clinton "Clint" Eastwood Jr. (born May 31, 1930) is an American actor, film director, producer, musician, and
political figure. He rose to international fame,

0s, and as antihero cop Harry Callahan in the five Dirty Harry films

ith his role as the Man with No Name in Sergio Leone's Dollars
trilogy of spaghetti Westerns during the 1
throughout the 1970s and 1980s. Thesé roles, among others, have made Eastwood an enduring cultural icon

Eastwood was born in San Francisco, California, the son of Clinton Eastwood Sr. (1906-1970) and his wife,
Margaret Ruth (née Runner) Eastwood (1909-2006). He was nicknamed "Samson" by the hospital nurses
because he weighed 11 pounds 6 ounces (5.2 kg) at birth.[12I[3] He has a younger sister, Jeanne (born

<San Francisco, located, California> <Maggie Johnson, married, Clint Eastwood>

(b) Open Information Extraction on Wikipedia

Figure 1.1: Ideal Information Extraction on Two Web Sources

It is worth keeping in mind that accurate extraction of data on the Web is becom-
ing vital to data-driven decisions. Web data extraction, also known as web scraping,
is often the only viable data collection method for websites that offer no APIs or
do not expose structured data. With the advent of big data, the need for accurate
extraction has only increased, with a particular interest in analytics for competitive
price intelligence or intelligent supply chain management. The revitalised interest
in this area is also evident from a growing number of web scraping startups, e.g.,

IMPORT.10, DIFFBOT, SCRAPINGHUB, LATTICE.I0, as well as recent acquisitions,



e.g., BLaAckLocus by HOME DEPOT, L1XTO by MCKINSEY.

Among the 4 V’s of big data, the one that is arguably posing the hardest challenges
for web scraping is a combination of Volume and Variety. This is because the amount
of useful information on the Web has been growing at an unexpected pace in recent
years. More specifically, nowadays data on the Web w.r.t. a specific domain is divided
into a heavy head, with a few large aggregator websites that publish most of the data,
and a long tail, where several hundreds of thousand smaller websites contribute in
some small way to publish remaining data. Despite being a small portion, the long tail
cannot be ignored if we wish to construct a comprehensive body of information [57].
Given the amount of data and sources we need to deal with, semisupervised extraction
approaches [23], [55], which require users to supervise each site by identifying relevant
data, are not appropriate. Fully automated unsupervised solutions at the scale of
hundreds of thousands of sources are the only practical means for web scraping in the
era of big data [51] 52, [56, [82].

Automated techniques are based on the key assumption that data published on the
Web is originally stored in a behind-the-scene database, and then some scripts gather
the data from the database and transform such data in semi-structured formats for
presentation. Essentially extracting data from the Web is a reverse engineering process
that aims at reconstructing the hidden database behind a website. This assumption
is backed up by the size of modern websites and their structures. In fact nowadays
semi-structured websites publish thousands (millions) of individual records, where each
of them typically has a dedicated webpage with a layout similar to other pages of the
same source. For example, Amazon was offering roughly 500 millions products in 2015
in the US onlyf| The only feasible solution for publishing such a big amount of data
is making use of scripts that read the data from an unknown data source that is not
exposed to the final user.

Despite the assumption of having repeated similar structures within a single source,
fully automated techniques are still more error prone than those created by humans or
with semi-supervised approaches, resulting in dirty data. Eliminating human supervi-
sion comes at a price, and this price usually translates to missing data, data misaligned
w.r.t. a desired schema, or erroneous data. If Figure[l.I|represents the ideal outcome of
IE on the Web from two different sources, Figure|l.2illustrates what happens in reality.
In the case of Amazon, Figure shows the output of ROADRUNNER [51], one of the
most popular web data extraction systems. Attributes are over-segmented due to the
inability of the system to separate different values within the same DOM text node,
and there are missing column types due to the lack of domain knowledge. Figure [1.2b

instead shows some values currently stored in the online version of YAGO[| a widely

’https://export-x.com/2015/12/11/how-many-products-does-amazon-sell-2015/
3https://gate.d5.mpi-inf .mpg.de/webyago3spotlx/SvgBrowser?entity=%3CClint_
Eastwood’,3E&relation=Y,3CisMarriedTo/%3E
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(b) Open Information Extraction in YAGO

Figure 1.2: Actual Information Extraction on Two Web Sources

used knowledge base built from Wikipedia and Wordnet, to store relationships among
real-world entities. For example, according to YAGO, the actor Clint Eastwood mar-
ried three different women. However, two of them (actresses Frances Fisher and Sondra
Locke) never married him, they were just his partners. Moreover, Clint Eastwood’s
first wife (Maggie Johnson) is missing, despite the fact of their marriage appearing on
Wikipedia (Figure [1.1H).

Data shown in Figure [1.2]is clearly unusable. The presence of errors and mixed up
values pose serious challenges on the usability of web extracted data, since noise and
missing information could heavily bias business decisions. There is an evident need for a
cleaning step before any application can get real benefits from such data. A significant
body of work has addressed the problem of cleaning erroneous databases [43), 48, 188, 124
[154] and inducing cleaning constraints [17, [41], 97, [153], ranging from manually defined
cleaning rules to advanced learning algorithms. Data cleaning techniques induce data-
dependent strategies to detect and repair inconsistencies from a single data source. The
task is considered solved once the data has been repaired, and different data instances
require different runs of the induction process. Unfortunately, web data acquisition
is an ongoing process, through which data sources are constantly inspected and data
is constantly updated. This is particularly true in the era of big data, where one of
the recurring characteristics is Velocity, i.e., the rate at which sources change their
content. Moreover, classic database techniques are often not suitable to deal with data
extracted from the Web. The size, the uncertainty in the data, and the lack of a
pre-defined schema introduce unforeseen challenges that cannot be neglected.

In this thesis we investigate the problem of discovering rules to enhance the quality
of web extracted data. Unlike classic database cleaning systems, our goal is to discover

rules that are as general as possible such that they can be applied multiple times and



on multiple instances, thereby reducing the need of repeat data cleaning and easing
integration [73, I11]. W.r.t. Figure a general rule would state that the colour
of the product is what appears in round brackets in Attribute_1, which is a true
statement for most of the products on Amazon. On the other hand, a good rule
to solve inconsistencies in Figure could state that if two people are labelled as
partners on Wikipedia, then they are not married (otherwise Wikipedia would label
them as married). The discovery of such rules ease IE on the Web from different angles.
First, by applying such rules on the data, we can repair inconsistencies and improve the
quality of the data. Second, inducing general rules does not require the re-discovery
at every new extraction. Inducing rules is an expensive process, and the more we can
avoid it the better. Third, rules can improve the data extraction process itself with
the identification of repeating mistake patterns that can be directly encoded back in
the extraction process. Most of the errors in web extracted data are introduced in the
extraction process [62], hence solving them at the origin would entail producing clean
data at every future extraction. Last, rules help domain experts in maintaining and

curating big data industrial systems [87].

1.1 Thesis Novelty and Motivation

Annotators as an Alternative to Redundancy. In the first part of this work
(Part [I) we will focus on a pure IE task: semantic annotations. Semantic annotations
label snippets of documents according to elements of particular semantic categories
(e.g., people, locations, organisations). Such a task is often defined as named entity
recognition [47, [67), [102], 121]. Given the abundance of research and industrial systems
for semantic annotations, we will not design yet another named entity recogniser. On
the contrary, we will exploit services that expose semantic annotations as “black-boxes”
(e.g. ALCHEMYAPI, OPENCALAIS), where the user does not have to worry about
tuning the service. On the other hand, concept classes can be modified by the service
host outside the control of clients.

In this part we present ROSeAnn, a novel system for semantic annotation inte-
gration: middleware that produces a unified annotation on top of eleven semantic
annotators. We will show that annotation integration brings substantial benefits both
in terms of quality of the result, and in terms of a much richer vocabulary available
in an integrated vocabulary. ROSeAnn investigates the problem in a novel way, by
searching for integration methods that are ontology-aware — making as much use as
possible of semantic relationships that are available between different concept classes.
Unlike previous integration works that use machine learning techniques to determine
the optimal combination of annotators [64} 130, 138, 136], we designed an unsupervised

approach for on-line aggregation in the absence of training data.



Despite being an interesting research direction per se, the main motivation that
drives the interest in semantic annotations is redundancy, one of the major techniques
used in web data extraction. Instance-level and cross-site redundancy has been used in
different contexts to detect and repair inconsistent data extracted from the Web [32]
43, 144, [65]. Unfortunately, redundancy-based methods often require the instance-level
quadratic comparison of a substantial number of sources that have, so far, limited their
scalability. This is hardly negligible in the era of big data, where the number of sources
is in the order of hundreds of thousands. Moreover, it is not always possible to leverage
sufficient redundancy in every domain. Therefore we decided to encode redundancy in
an ensemble of semantic annotators that require (almost) no user effort.

Jointly Repair Web Data and Wrappers. In the second part (Part we will
use ROSeAnn to tackle the main problem of this thesis: repair web extracted data, along
with the programs that generated that data. Web data extraction techniques typically
work by inducing a wrapper for each target source. A wrapper is a program that
turns web content into structured data using techniques ranging from visual analysis
of the rendered page to DOM tree mining [51], 82, 4] 156]. As mentioned earlier,
simply repairing the extracted data is often not sufficient, since in many cases data
acquisition is an ongoing process and thus wrappers will likely be executed many more
times in the future. This is particularly the case with data integration [32] 44], in which
future executions of the repaired wrappers generate relations already aligned with the
target schema, thereby reducing the need for repeated data cleaning.

To solve the problem of jointly repairing web extracted data and their wrappers
we present WADaR, a novel system to induce regular expression-like rules to firstly
repair and align data to a target schema, and then encode back such rules adjusting
the wrapper where possible. Future extraction executions can therefore benefit from
the repairs applied to the wrapper, thus reducing the need for a further cleaning step.
We avoid the use of redundancy and we encode existing background knowledge with an
ensemble of semantic annotators. We then use such annotators to (1) discover hidden
attribute structures in the annotated relations through the elimination of incorrect
annotations, and (2) construct relation-wide repairs that can clean both the target
relation and the input wrapper.

Tools for cleaning and repairing the induced wrappers, as well as the extracted
data, are still primarily manual or supervised, especially in industry[] Scalable tools
for continuous repair of both the induced wrappers and the generated data are still
largely missing, which is the main motivation for our investigation efforts in WADaR.

Scalable Rule Discovery in Knowledge Bases. In the last part of this work we
move the attention to OIE on the Web, and we focus in particular on the curation and
cleaning of knowledge bases (KBs). KBs store information about real-world entities
and relationships among them (Figure , usually through RDF triples. Given their
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flexibility and applicability, KBs have recently attracted the attention of the database
community, both in academia ([21], 29, 35 135], 140]) and industry ([59, 60]). KBs are
typically created by inspecting the Web as a source of facts and different candidates
are combined to create extended descriptions of entities. Due to their sizes and the lack
of schemas, inconsistencies [I41] and missing information [60, 84] are very common.
Moreover, in the era of big data, KBs pose new challenges in terms of size that classic
database techniques cannot handle.

In this part we investigate the problem of discovering logical rules on RDF KBs.
We present RuDiK, a scalable disk-based solution to discover first-order Horn Rules
constrained by some language biases. We tackle the problem following two main novel
directions. (1) We design an algorithm that is general enough to induce both positive
and negative rules. Positive rules enrich the KB by discovering new true facts (e.g., if
an entity a has two children, b and ¢, then b and ¢ are siblings); negative rules discover
inconsistencies in the data (e.g., if a person a is born after a person b, then b cannot be
the child of a). Previous works on KBs deal either with the positive scenario [15] 38 [84],
or the negative one [75]. (2) We propose a scalable solution that could work with any
size KB with limited computing resources. Previous approaches for rule discovery in
KBs have been based on the assumption that the KB can be entirely loaded in main
memory. Unfortunately, modern KB sizes can easily exceed hundreds of GBs and such
an assumption is not always feasible.

We will show that errors and missing information are extremely common in KBs
built from web sources, and how inducing universally correct rules can significantly

improve the quality and the coverage of the data.

1.2 Thesis Contributions

This thesis provides the following original contributions to the academic study of 1E
on the Web.

(1) We deeply evaluate 11 popular semantic annotators through their web service
APIs. We therefore provide a clear overview of the state-of-the-art systems in
named entity recognition, including both academic and industrial services (see
Chapter . We present experimental evidence indicating that the most widely-
used individual annotators suffer from serious accuracy deficiencies, with a great
variation in performance ranging from below 10% in F-score to above 90% (Sec-
tion . We also show tremendous variation in performance depending on con-
cepts, with no single annotator having a clear advantage overall. We will show
that different concepts imply different authoritative annotators, and surprisingly
many of the concepts which exhibit bad performances are not obviously the most

semantically complex. We also show significant differences in vocabularies, with



(2)

(3)

(4)

high-level concepts that are supported by multiple annotators but very few spe-

cialised entities recognised by individual systems.

We present in ROSeAnn a fully unsupervised approach to reconcile annotators’
opinions logically. Our integration method is ontology-aware — making use of
an ontology that expresses semantic relationships among different concepts. The
ontology was manually built by merging concepts from individual vocabularies,
adding constraints of subclass and disjointness to capture compatibility and
conflict among different entities. The final version of the ontology contains almost
400 different concepts (Section . The ontology is then used to spot and
resolve inconsistent annotations in a weighted repair aggregation algorithm that
assigns a score to annotations based on the explicit opinions of individual systems
(an annotator tags a snippet with a class), implicit support (an annotator tags
with a subclass), and implicit opposition (an annotator tags with a disjoint class).
The approach we propose looks for an aggregation which is consistent w.r.t. the
ontology and maximises the aggregated score of individual opinions. As of this
writing, ROSeAnn is the most accurate highly automatised approach to aggregate
semantic annotators (see Chapter |3)). The creation of the ontology is the only

human effort required, which is performed one time only by non domain experts.

We use ROSeAnn to replace supervision and redundancy to repair web extracted
data. Inspired by knowledge-based wrapper induction that employs a set of an-
notators to recognise semantically related content [50, 82], we propose WADaR, a
novel system that is capable not only of repairing data extracted from the Web, but
also of repairing the original wrappers that generated that data (see Chapter [5)).
This has advantages such as enabling per-source (and therefore per-wrapper) re-
pairs, while retaining a broad applicability across domains. The repair rules we
induce in WADaR belong to the family of regular expressions, we will thus show
how such rules can be directly encoded in XPath wrappers to produce clean data
in future extractions. We propose an approach that is domain independent and
wrapper generation system independent, showing an improvement in the quality
of the extracted data by 15%-60%, while fully repairing wrappers in more than
50% of the cases (Section [5.5).

Despite being unsupervised, WADaR uses semantic annotators to identify relevant
content in the extracted relations. Unfortunately, entity extractors are often noisy
and incomplete (as noted also in [56, 82] and Chapter [2|), we therefore propose
an approach that is specifically tailored to tolerate these deficiencies by eliminat-
ing noise and ambiguity and generalising the underlying structure to cope with
incompleteness. More specifically, we inspect one relation at time to identify the

most likely sequence of attributes that appear within an extracted relation. Such



(5)

(6)

a sequence is then enforced by removing all those annotations that do not respect
the induced attributes order (see Section . This decouples the quality of the
repair from the quality of the annotators, as we can deliver high quality repairs
even with extremely noisy annotators. We will show how decreasing the quality of
involved annotators has (almost) no effect until the quality is reduced by 80-90%
(Section [5.5)). Furthermore, annotators can directly benefit from the identification
of repeating errors, as such errors can be used directly to tune the quality of the

annotations.

In the last part of the thesis, we drop annotators supervised input and we focus on
discovering rules on RDF KBs. We introduce RuDiK, a fully unsupervised system
that discovers first-order Horn Rules to repair and complete KBs built from the
Web. To the best of our knowledge, RuDiK is the first system capable of discov-
ering both positive and negative rules using the same algorithm (see Chapter @
We propose an approach for rule discovery that targets one predicate at time, and
we characterise a predicate with a set of positive and negative examples. While
positive examples can be directly retrieved from the KB, negative examples are not
straightforward since KBs are ruled by an open world assumption, where every-
thing that is not stated in the KB is to be considered unknown rather than false.
In such a scenario, we introduce a novel technique to generate negative examples
that builds on a partial closed world assumption [60, 84]. The partial closed world
assumption assumes that if the KB contains one or more object values for a given
subject and predicate, then it contains all possible values. Following this assump-
tion, given a predicate p, we consider a pair of entities (a,b) a negative example
for p if two constraints are met: first, a (resp. b) is connected via p to an entity
b’ (resp. a') that is different from b (resp. a); second, a and b are connected via
a predicate that is not p. We will show how this technique provides qualitative
and representative negative examples, and how these are used to validate positive
rules and to generate negative rules (Section [6.2)).

Characterising a predicate with two sets of examples allows RuDiK to significantly
shrink the search space. We present a procedure that discovers rules by inspecting
just the examples provided plus those entities that occur up to a given distance
from them. The problem is encoded as navigating all possible paths in a graph
between a given set of pairs of entities, such that these paths are not longer than
a maximum length. Such an encoding of the problem is extremely beneficial since
we do not inspect the whole KB, but we retrieve connections from the KB on
demand whenever navigating a certain path is necessary. As a result, RuDiK can
compute rules on very large KBs in a reasonable time with limited resources (see
Section . Furthermore, we propose a novel problem definition which differs
from previous techniques that require threshold/support definitions [84] 142]. We



formally define the problem as a natural mapping from the well-known weighted
set cover, where the goal is to find a set of rules that covers all positive examples,
and as few negative examples as possible. We eventually give a logarithmic ap-
proximated solution to the size of the set of all possible rules. We will show how
this formulation has the beneficial effect of limiting the output size, since RuDiK
includes a rule in its solution only when it is extremely confident that the rule is
well supported. This results in the discovery of a concise and non-overlapping set

of rules for each predicate, with a very high accuracy (Section .

1.3 Thesis Organisation

The thesis is structured as follows: Part [I] presents our work on semantic annotations.
Chapter [2| overviews the semantic annotators ecosystem with an in-depth evaluation
of 11 different annotators. Chapter [3| presents ROSeAnn, our tool for semantic anno-
tations integration. We include in this chapter relevant technical aspects, an extended
evaluation, and we conclude with an overview of a prototype system. Part [[I] focuses
on how to repair web extracted data. Chapter [ recalls some preliminary concepts
about web data extraction and why classic cleaning approaches are not suitable, while
Chapter [5| introduces WADaR. We first formalise the problem, give an approximate
solution, and empirically evaluate our proposed solution. Eventually we describe the
implementation of WADaR as a web platform at the end of Chapter [5] The last part
of the thesis (Part describes RuDiK in Chapter @ We first recall some basic pre-
liminaries about KBs, and then describe in detail the disk-based solution we propose
in RuDiK, which is then experimentally validated. Chapter [7] concludes the thesis with

some future directions.
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Part 1

Semantic Annotations

“Even if you are a minority of one,
the truth s the truth.”
— Mahatma Gandhi
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Chapter 2

Named Entity Recognition

In the first part of this thesis work we investigate the problem of integrating semantic
annotation: we design middleware that produces a unified annotation on top of diverse
semantic annotators. We will show how such a layer brings multiple benefits in terms
of a richer vocabulary and more accurate annotations, and how these annotations can
replace cross-site redundancy to enhance the quality of web extracted data. In this
chapter, we briefly overview the state-of-the-art systems in named entity recognition,
while the main technical contributions to annotation integration are outlined in the
next chapter.

A growing number of resources are available for enriching documents with semantic
annotations — annotations that label document snippets as referring to either specific
entities (e.g., Barack Obama, the Mayor of Rome) or to elements of specific semantic
categories (e.g., singers, commercial organisations). These resources, commonly defined
as named entily recognisers or more simply annotators, are capable of recognising
a sequence of tokens as belonging to an entity class of a given vocabulary, and in
some cases of linking the identified entity to a real world resource (e.g., Wikipedia
page). While originally focused on a few high-level standard classes of annotations
(e.g., people, places, organisations), the annotator ecosystem is becoming increasingly
diverse. There are high-level and specialist concepts that are supported by multiple
annotators and, although their vocabularies are often quite distinct, it is possible to
recognise many semantic interconnections among them. There are annotators that deal
with very common entity classes (e.g., Person), and those that focus on very specialised
entities (e.g., NuclearWeapon) to support applications domains such as terrorism or
biomedicine [36].

Semantic annotators take as input text documents and produce various types of
semantic annotations. The most common ones are named entity recognition, entity
linking and disambiguation, topic classification, and relation extraction. As an ex-
ample, consider Figure 2.1 The figure shows the online annotations tool powered by
OPENCALAIS [7], a freely web annotations service. Once we paste the desired text into
the tool, we can use the service to tag entities on the input text. Thus “Barcelona”

is classified as City, “Sagrada Familia” as Facility, and “Antonio Gaudi” as Person.
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Barcelona's iconic Basilica, the La Sagrada Familia, has entered its
final stage of construction, more than a century since work began.

Entities:

v| city Designed by the famous architect Antoni Gaudi, the cathedral is e
¥| continent xpected to become Europe's tallest religious building.
¥/ Facility

Topics: Language:
¥| Person

¥/ Position Religion Belief 96% English
Hospitality Recreation 91%

Figure 2.1: OPENCALAIS Online Annotations Tool

The tool offers additional semantic features, such as topic classification and language
recognition. Moreover, OPENCALAIS is also capable of identifying relations among the
identified entities (not shown in the example), such as companies acquisition or entities
location.

Among the available semantic features, named entity recognition is by far the most
mature and popular, it is hence our focus in this work. Named entity annotations
(or simply annotations) consist of a contiguous set of tokens of a document — a span
— along with a class (or entity type, or concept), such as Continent or City shown in
Figure 2.1} For the purpose of this thesis, we define an annotation as a pair of the form
([i,7),A). The interval [i,j) is the span of the annotation, meaning the annotation
starts at the character i of the input text (included) and ends at the character j of the
input text (excluded), with 0 < i < j < length(input_text). A is the class (concept) of
the annotation, coming from a given vocabulary. In Figure the annotation on the
text span “Barcelona” is represented by the pair ([0, 9), City).

Roadmap. This chapter is organised as follows: Section [2.1] gives a brief overview
of the current available annotators, divided into two major subcategories. In Sec-
tion we propose a technique to align different annotator vocabularies, based on
a manually built ontology. Section [2.3| defines a way of qualifying disagreement on
annotator opinions, while Section evaluates the accuracy of 11 existing annotators
and quantifies the disagreement between these systems. Eventually Section [2.5] points

out conclusions of annotators behaviour.

2.1 Annotator Ecosystem

Named entity recognisers exploit several techniques in order to produce textual anno-
tations, ranging from natural language processing and standard regular expressions or
gazetteers, to learning appropriate models from manually annotated examples. More
recent approaches use ontological, background knowledge to locate the entities of in-
terest in a text document [40], 47, [102]. The state-of-the-art annotators can be grouped
into two main categories, according to the manual tuning effort required to the end

user: software framework annotators and web service annotators.
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2.1.1 Software Framework

Software framework annotators allow developers to design and tune entity recognisers
for application-specific purposes. These softwares offer basic natural language process-
ing (NLP) functionalities (such as tokenisation, part of speech tagging, gazetteer-based
entities recognition) that can be employed and assembled together into a customised
pipeline. Developers can write their own rules on top of existing ones, and the whole
process is facilitated by an intuitive expressive language and by a user interface.

Among the available software frameworks, GATE [53] and UIMA [77] are the most
widely used. GATE allows the development of annotators through the inclusion of
gazetteer and the definition of regular expressions. The most powerful tool offered
by GATE is the possibility of combining different rules, through the definition of Jape
Rules. We can therefore import a gazetteer that contains all the currency symbols,
define a regular expression that identifies numbers, and create a jape rule that extracts
an annotation of type Money anytime that a currency symbol is followed by a number.
GATE also offers an intuitive graphical interface, that can be used to test whether a
generated rule is working as expected on sample documents. UIMA, other than classic
NLP functionalities, contains some predefined annotators that ease the developers’ job.
UIMA has also some preliminary features for image and sound processing, since often
the target information cannot be found on text documents.

Other framework softwares can recognise some predefined high-level concepts, with-
out any tuning or developing effort. STANFORD NER [7§], ILLINOIS NER [127] and
LINGPIPE [5] are able of extracting annotation of types Person, Location and Organiza-
tion. These tools use some forms of machine learning techniques and employ learning
models that have been trained on news articles, mostly because news documents usually
contain a high coverage of the target concepts.

One of the main advantage of using this kind of annotators is the possibility of
exporting the extraction rules in your application. In fact most of them offer a pro-
gramming API (usually Java), through which we can export the created annotators
and invoke them inside our application as best as we want. The popularity of these
softwares is also evident from the growing number of applications that employ them,
both in industry [19, [76], and in academia [82] 132]. On the other hand, manually
developing and tuning annotators is a tedious and expensive process. The process
usually requires one or more domain experts, as well as the presence of positive and
negative examples that can be inspected to derive extraction rules or to train suitable

classifiers.

2.1.2 Web Service API

On the other side of the spectrum, web service-based annotators have become extremely

popular in the last decade, as evident from a growing number of commercial compa-
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nies offering such services [3, [7, 12, [13], as well as recent acquisitions (OPENCALAIS-
THOMSON REUTERS, ALCHEMYAPI-IBM, SAPLO-STROSSLE). These services are
annotators that may focus on a particular subset of the concepts, and usually offer a
web API that can be queried with some limitations (limitations that can be removed
with commercial subscriptions). Instead of being application specific “white-boxes”
that can be directly modified by developers, web annotators are “black-box” services,
where the user does not have to implement her own rules but, on the other hand, con-
cept classes can be added or refined by the service host outside the control of clients.
They make use of their own gazetteers and hand-tailored concept-specific heuristics,
allowing these to remain proprietary, and at the same time freeing applications from
having to constantly upload or update whenever the annotator is tuned. On the other
hand, this “black-box” model poses new challenges, since the accuracy of the annota-
tors, and even their vocabularies, may be highly dynamic.

Web annotators offer named entity recognition functionalities via a web service,
implemented as a REST API. APIs can be queried specifying a various number of
parameters (including the text document to be analysed), and return an answer (typ-
ically a JSON object) containing semantic annotations identified on the input docu-
ment. ALCHEMYAPI [3], a company that uses deep learning for entity recognition
and recently acquired by IBM, allows users to specify several parameters in the input
request, including: (i) text, the input text document to be analysed; (i) outputMode,
the desired response format (e.g., JSON, XML, RDF); (i) maxRetrieve, maximum
number of entities to retrieve; (iv) sentiment, whether to enable entity-level sentiment
analysis. Figure shows a (JSON) response of ALCHEMYAPI on the input text
“Barack Obama is the new president of United States.”. The response shows some
general information about the input document (A — language, input text, response
status), the set of identified entities (B), and additional attributes for each entity (C).
Attributes include the type (concept) of the entity, possible subclasses of the main type,
the entity relevance, the sentiment associated to the entity, the number of instances, the

text span, and some other optional attributes such as DBpedia links. ALCHEMYAPI

{
"status": "OK", °
"language": “english",
{
"text": "Barack Obama is the new president of United States.”, "type": "JobTitle",

_ "relevance": "0.33",
entities": [ "sentiment": {

"type": “neutral" e
{ (5 ) )

"type": "Person", "count"; "1,

"relevance": "0.33", "text": "president"
"sentiment": { 5

"type": "neutral" o { e
} "type": "Country",
"count": "1", "relevance": "0.33",
"text": "Barack Obama", "count": "1", e
"disambiguated": { "text": "United States”

"subType": [ }
"Politician’, o ]
"President"

I
"dbpedia": "http://dbpedia.org/resource/Barack_Obama",

Figure 2.2: ALCHEMYAPI Web Service Response
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limits requests to 1,000 daily transactions, however this limit can be upgraded (until
unlimited transactions) through commercial subscriptions.

Web-based annotators can only be used as external tools to plug in, and they
cannot be adapted to user-specific needs. The vocabulary is fixed and cannot be
extended with custom entities, as well as the internal implementation is unknown,
therefore it is impossible to tune these systems to tackle particular scenarios. Moreover,
being controlled by proprietary companies, the performance and the vocabulary are
very dynamic and may change outside the control of clients. Despite this, web-based
annotators have many practical advantages, above all they do not need any manual
tuning nor implementation. In this thesis we aim at minimising manual supervisions

and user efforts, thus we will target web service-based annotators.

2.2 Vocabulary Alignment

Web annotators come in many forms, especially w.r.t. their vocabularies. The vocab-
ulary is the set of concepts that a given annotator is capable of extracting on a given
text. Despite the differences in vocabularies, with both high-level and specialist con-
cepts, annotators also have many semantic interconnections. Concepts coming from
different vocabularies may seem unrelated, however they might share common semantic
meanings. Consider the example shown in Figure 2.3a] a snippet of text from a news
article, mentioning an American naval base in the Philippines and classified by four
web-based annotators. Annotations include some high-level concepts (i.e., Location,
Person), as well as some more specific ones (i.e., Facility). Notice that the annotation
of type City is only returned by CICEROLITE [4]: indeed, many annotators simply
cannot identify this concept because they do not have it in their vocabularies. Also
note that annotators have different classification opinions on the same text fragment
— one annotator classifies “Subic Naval Base” as Location, while others classify it as
Facility. The figure exemplifies disagreement among annotators (clearly the same text

snippet cannot be a facility and a person at the same time), as well as hidden semantic

=S

The closure of thg ||| Subic |Naval |Base||and Clark , a nearby Leeds won 1-0 at Sunderland and Coventry against Everton

. . d| || Nottingham Forest inst Aston Villa ended goalless.

U.S. air base, put nearly 50,000 people out of jobs and starved an M poainst Aston Vils encec goatless
|
|
hundreds of bars and night spots of dollar-rich customers. ~ ‘J
i
|

GeographicFeature | An: AlchemyAP!
K
FGC”iTy Ang: Zemanta

An,: AlchemyAPI Ang: Zemanta

Person

(a) (b)

Figure 2.3: Web Annotators Disagreement and Semantic Interconnections
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interconnections (the concepts Location and City are clearly not in contrast with each
other, but one identifies a more fine grained entity than the other). Another example
of annotators disagreement is shown in Figure [2.3b] Here we see several scenarios of
differences (and agreement) in annotator opinions. “Nottingham Forest” is labelled as
NaturalFeature by OPENCALAIS, and as GeographicFeature by ALCHEMYAPIT — clearly
these outputs are compatible, since these two concepts have the same meaning. On the
other hand, the concepts Facility and SportsTeam are both incompatible with the prior
classifications, as well as with each other. In this example we notice not only inter
annotator differences, but also intra annotator discrepancy: ALCHEMYAPI labels the
same text snippet with two different concepts.

Figure [2.3| shows the main challenges of dealing with annotators having different
vocabularies: concepts with the same meaning might have different names in differ-
ent vocabularies (GeographichFeature and NaturalFeature have the same semantic), two
annotators might label the same text snippet with different levels of granularity (City
is a more specific class of Location), two different concepts may still be compatible (a
person can be at the same time both a Politician and an Actor), and eventually some
concepts may be in contrast with each other ( “Nottingham Forest” is either a Sport-
sTeam or a NaturalFeature, it cannot be both). On top of these scenarios, vocabularies
have different coverages — a class C might be identified only by a subset of the involved
annotators. Some annotators, such as OPENCALAIS, have mostly high-level concepts
in their vocabulary — e.g. Organization; others such as CICEROLITE, are capable of
a much finer classification — e.g. NonProfitOrg. One of the visions of this work is to
exploit semantic annotations provided by several web services. In order to do so, we

need to define a way to compare and align different vocabularies.

2.2.1 Ontology

As shown in the examples above, web annotators do not have a flat vocabulary — vo-
cabularies have semantic interconnections, as well as semantic conflicts. To capture the
relationships in different vocabularies, we define an ontology W which states the rela-
tionships between entities from different vocabularies. The ontology needs to capture
the general-specific entities relationship, as well as the compatibility of different enti-
ties. In this thesis, an ontology consists of a finite set of concepts (classes), including
the two special types L (empty concept) and T (universal concept), along with con-
straints restricting or enforcing the co-occurrence of concepts. Our ontology supports

three types of constraints:

e Equivalent constraints C = D, stating that an entity of type C is an entity of type
D and vice versa (GeographicFeature is a NaturalFeature, as well as NaturalFeature

is a GeographicFeature).
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e Subclass (subsumption) constraints C C D, stating that an entity of type C is
also an entity of type D (City is also a Location).

e Disjointness constraints CM D C L, stating that C and D have an empty inter-

section (SportsTeam and NaturalFeature do not have any common instances).

The constraints defined above are enough to capture compatibility and disagreement
among concepts: if two concepts are in a disjoint relationship, then these concepts are
incompatible. If two concepts are not in a disjoint relationship (they are either in a
subclass or equivalent relationship or they are not tied by any relationship), then the
two concepts are compatible and the same snippet of text could be labelled with both
of them. The constraints defined in our ontology are supported by the major semantic
web languages, such as OWL or its fragment OWL2-QL.

Some annotators already use an external ontology — DBPEDIASPOTLIGHT [114]
is based on DBpedia and ZEMANTA [I3] partially covers concepts in Freebase and
DBpedia. Other annotators do not come with any hierarchy of concepts, therefore
the meaning of the concepts had to be recovered from the documentation. In some
cases concepts could be mapped to Freebase or DBpedia concepts, but in other cases
we had to expand our ontology introducing more classes. We believe that as these
annotators gain popularity, they will increase the use of standardised vocabularies,
making the use of rules as “hard facts”, as we do throughout this thesis, appropriate.
A first step in this direction is the SCHEMA.ORJ]] initiative. We are focusing in this
thesis on exploiting annotator outputs to recover errors on web extracted data, not
on the very different problem of mapping/aligning concepts and ontologies (in other
terms, “exploiting the ABox”, not “aligning the TBox”). In other words, this thesis
focuses on using semantic annotations that work on top of a global ontology, and it is
not a novel technique to merge and align existing ontologies. We have thus created a
merged ontology manually, aligning the relevant fragments of Freebase and DBpedia
within it, expanding with rules that are clear from the documentation and by validating
them against SCHEMA.ORG knowledge base when applicable. Our starting point is to
import constraints from DBpedia and Freebase, whenever possible, and then to refine
the ontology by adding new concepts introduced by the annotators, along with new
constraints affecting these concepts. DBpedia and Freebase contain only subsumption
relations, while disjointness relationships are essential for determining whether two
annotations are compatible. Therefore we manually added disjointness relationships
by inspecting the documentation and examples of annotations.

In this work we created a global ontology that merges concepts from 11 web annota-
tor vocabularies. For each concept in each vocabulary, we added a class in our ontology
(with a suitable namespace identifying the original annotator). We imported subclass

relationships from DBpedia and Freebase for each concept that could be mapped to one

"http://schema.org
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Figure 2.4: Example Snippet of Merged Ontology

of these ontologies, and we added further subclass relationships and disjoint relation-
ships by inspecting the documentation of the annotators. For each group of concepts
representing the same semantic entity, we added equivalent constraints and we intro-
duced a global concept that represents the semantic entity. Figure [2.4] gives a snippet
of our merged ontology that involves four concepts imported from ALCHEMYAPI,
CIcEROLITE and OPENCALAIS. For each concept we created a new entity class in the
ontology, and a corresponding global concept is created for each semantic entity. The
subclass relationship between GeographicFeature and Location comes from DBpedia,
while the other relationships have been manually inserted. We mapped the concepts
GeographicFeature from ALCHEMYAPI and NaturalFeature from OPENCALATS as equiv-
alent classes of a global concept GeographicFeature, while the concept Location from
CICEROLITE is mapped as a superclass, and the concept Facility from OPENCALAIS
as disjoint class. The full merged ontology described in this thesis is accessible online.ﬂ
It has been created with the Protégéﬂ ontology editor tool and it has been published
according to the standard OWL-RDF language. From now until the rest of the thesis,
whenever we refer to a class C of the ontology, we refer to the class named C and having

the global prefix.

2.3 Conflicts

The merged ontology is a means for comparing semantic annotations coming from
different annotators. As shown in Figure 2.3} annotator disagreement is common and
very rarely two different annotators label exactly the same text snippet with the same
concept (see Section for a detailed analysis). Moreover, even if two concepts have
the same name, it does not necessarily imply that the two concepts have the same
semantic. On the other hand, the presence of annotations with different labels does

not always mean disagreement, as two classes could be in a equivalent or subclass

’http://diadem.cs.ox.ac.uk/diadem/roseann/MergedOntology.owl
3http://protege.stanford.edu/

19


http://diadem.cs.ox.ac.uk/diadem/roseann/MergedOntology.owl
http://protege.stanford.edu/

relationship. Furthermore, disagreement may happen at span level rather than at
semantic level: Figure not only shows discrepancy in semantic, but also shows
annotations having different spans.

A question we want to answer is to what extent the semantics of the annotations
can be useful to determine errors in the annotations. In order to qualify annotators
disagreement and detect potential errors in the annotated spans, we define annotator
conflicts. In particular, we consider a conflict whenever two annotations from two
different annotators either do not agree on the annotated concepts or on the annotated
spans. Based on the semantic dimension and on the span dimension, we define four
different types of conflicts according to our merged ontology ¥. Figure summarises

the four types of annotator conflicts.

D €Vocabulary(A,) cnbCc L
CCD
Text Span Text Span | Text Span Texl_Span
N\ A:C A;:C A;:C
i) Basic Conflict ii) Strong Conflict i) Containment Conflict iv) Overlapping Conflict

Figure 2.5: Types of Annotator Conflicts

Logical Conflicts. The first type of conflicts captures incoherences among annotation

concepts. We distinguish two different logical conflicts.

i) Basic Conflict. A basic conflict occurs when one annotator annotates the span
with a concept C, and another annotator which has (a superclass of) C in its
vocabulary fails to annotate the same span with it. Clearly, this represents a sit-
uation where the annotators have differing opinions. In particular, basic conflicts
are useful to identify low recall in annotators, since they highlight missing anno-
tations. For annotators with low recall, a basic conflict may be a weak indicator
of a problematic annotation. On the other hand, if the annotator that did not
label the span is an expert on that specific concept, a basic conflict may be a

signal that the found annotation is wrong, improving the precision.

ii) Strong Conflict. Strong conflicts denote situations when two annotators an-
notate the same span with disjoint concepts C and D. Differently from basic
conflicts, a strong conflict aims to improve annotators precision, since C and D

are disjoint classes, one of them must come from a wrong annotation (if not
both).

Span Conflicts. The second type of conflicts captures instead disagreement among

annotation spans. Also here we have two different span conflicts.
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iii) Containment Conflict. A containment conflict happens when two annotations
agree on the concept, but the span of one annotation is strictly contained in the
span of the other annotation. Formally, given two annotations (A, [i,j)) and
(A')]7', 7)), we say that they are in a containment conflict iff A = A" Ai <
PN <IN —1) > (- 1),

iv) Overlapping Conflict. Two annotations (A, [, 7)) and (A’,[¢',7')) are in over-
lapping conflict iff A= A"Ai < ANj>i ANj<j. Inother words, overlapping
conflicts refer to annotations having the same concept but overlapping spans,

where spans are not strictly contained.

Conflicts can be used as a signal to verify the correctness of annotations. In the next
chapter we will show how this evidence can be used to detect erroneous annotated
spans, and how to use such information to semantically reconcile inconsistent (w.r.t.
the ontology) annotated spans. In the next experimental Section we will show that the

conflicts defined above are the only ones occurring with web-based annotators.

2.4 Annotator Evaluation

In this work we target semantic annotations coming from black boxes web-based an-
notators. One of the first question we aim to answer is how good these services are. In
particular we want to assess the performance of individual annotators both in terms
of precision (percentage of correct annotations over all the retrieved annotations), and
in terms of recall (percentage of correct annotations over all possible correct annota-
tions). The evaluated systems use various techniques for named entity recognition,
such as deep learning, heuristic rules or neural networks. We evaluated 11 different
web annotators without considering the internal implementation, just observing the

“external behaviour”.

2.4.1 Dataset

In order to evaluate the performance of those individual annotators, we conducted

experiments over four benchmark corpora:

1. The MUCY dataset [I], which contains 300 newswire articles for evaluating named
entity recognition, annotated with standard high-level concepts such as Person,
Organization, Location and Money — the corpus comes in form of XML documents,
where each annotation is identified by a specific tag opened at the beginning of

the annotated span and closed at the end of the annotated span.

2. The Reuters corpus (RCV1) [2], a general information retrieval corpus of English

newswire documents, subdivided into topics.
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3. The corpus used by the Fox [I3§] entity extractor and consisting of 100 short
texts from news headlines annotated with three concept classes, namely Person,
Location, and Organisation — the documents in this corpus are rather short (not
more than 3 sentences), however they are very dense with several annotations

per document.

4. The corpus used by the NETagger [128] entity extractor and consisting of text
sampled from 20 web pages mostly about academics and annotated with the same
three concepts of the Fox corpus plus a MISC concept for annotating miscella-
neous concepts. We do not perform evaluation on the MISC concept due to its
ambiguity. For instance, the string “Computer Science” is labelled as MISC in
the corpus, but other similar strings, e.g., “Biomolecular Computation”, are not.
This corpus also allowed us to see the performance of the annotators in a domain

other than news.

MUC7, Fox and NETagger corpora consist of a set of documents, together with a set
of annotations coming from a high-level vocabulary (these vocabularies do not contain
fine grained concepts of our merged ontology). Since Reuters corpus does not come
with any annotation with it, we decided to use this corpus and annotate it with con-
cepts from our ontology. The original Reuters corpus is very large (810,000 articles), we
chose five of the most common topics — Entertainment& Sports, Financial& Economics,
Healthcare& Social, Products and Tourismé& Travel — and randomly sampled 250 docu-
ments, with 50 documents per topic. For this subset of Reuters documents, we manually
tagged the texts by using the most specific classes from the global ontology that we
introduced before. The manual labelling has been conducted by three different persons,
and we used a majority voting strategy to solve eventual conflicts on same text spans.
During manual annotation we eliminated a few concepts whose meaning was unclear
from the documentation, such as FieldTerminology and IndustryTerm. The documen-
tation for these concepts is not specific, and we could not find patterns in inspecting
example annotations labelling these concepts.

Details on the coverage of the testset are shown in Table (Entities indicates
the total number of annotations in the corpus). Our gold standard annotation of the
Reuters corpus is available online from [8]. Our merged vocabulary contains almost 400
concepts, however we found instances of just 215 concepts in the Reuters corpus and
we could not evaluate the systems on the remaining concepts (the remaining concepts
come only from the vocabulary of CICEROLITE and are very specific concepts such as
ChemicalWeapon). Note that for the other corpora, we directly use the original gold

standard provided with each corpus.
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Table 2.1: Description of Testing Corpora

Test Corpus | Documents | Covered Types | Entities (=)
MUC7 300 7 18,700
Reuters 250 215 51,100

Fox 100 3 395
NETagger 20 3 624

MUC7 and Reuters have been chosen because they are benchmark corpora in in-
formation retrieval and named entity recognition. Furthermore, since Reuters was not
originally annotated, we could chose the granularity of the annotations and we could in-
clude specific concepts from our merged ontology. Fox and NETagger corpora have been
included primarily for comparative purposes against systems that aggregate semantic
annotations (see Chapter |3| for more details), however their diversity w.r.t. MUC7 and
Reuters allowed us to see the behaviour of the annotators both on a different domain

and on different documents sizes (Fox’s documents are much shorter than the others).

2.4.2 Precision and Recall

Since our gold standard has been created with the most specific concepts of our merged
ontology, we needed a way to perform an evaluation that takes into account both the
vocabulary coverage, and also the granularity of the gold standard annotations. Our
merged ontology can help us in defining new ways of computing precision and recall, to
take into account concepts hierarchies. Suppose the text “Mick Jagger” is annotated
as Artist in our gold standard, and an annotator labels that text snippet as Person.
Clearly, an artist is also a person, therefore the annotation Person is not wrong. On
the other hand, if the annotator contains the concept Artist in its vocabulary, this
situation should be counted as a miss for Artist since the annotator fails to recognise
the snippet with that concept (if the annotator’s vocabulary instead does not contain
Artist then the annotator should not be penalised since it is incapable of identifying
that concept).

We measure Precision and Recall in a way that is ontology-aware: for example,
given our ontology W, if an annotator declares a given snippet to be a Person while
our gold standard states that it is an Artist, then this annotator will be penalised
in recall for Artist (since it missed its identification), but not in precision for Person
(since Person is a superclass of Artist and therefore an artist is also a person). As far
as we know, there is no a standard solution to compute precision and recall in this
way. Euzenat [68] has introduced semantic precision and recall measures in the area of
ontology alignment — but the goal there is to assign static measures to an alignment,
which approximates the precision and recall one would get from an “ideal” solution of
the problem. In our case, we can estimate the precision and recall by comparing two

sets of instances.
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More precisely, the precision of an annotator AN for a concept C is defined as:

_ |Instan(CT) N Instas(CF)]
- |Inst on(CT)|

Precisiony (C)

with Instax(CT) denoting all instances annotated as (a subclass of) C by AN, and
Instgs(CT) denoting all instances determined to be (a subclass of) C in the gold stan-
dard. Therefore, a span annotated as a Person will increase the precision of Person if
the gold standard labels the same span as a subclass of Person (e.g., Artist).

In computing the intersection of instances, we use the notion of “relaxed” span
matching, which requires only the spans overlapping (i.e., two spans match if they share
at least one character). We use a relaxed matching mostly because we are interested
in evaluating the accuracy of the semantic, rather than the accuracy of the span. Here
and throughout the remainder of the thesis, when we mention that the concept A is a
subclass of a concept B, we mean that our merged ontology states that A is a subclass
of B, possibly improper (that is, A may be equivalent to B). Similarly, when we talk
about superclasses of a concept A, we include all the superclasses of A derivable with
the ontology, plus the concept A itself.

The recall of an annotator AN for a concept C is defined in an analogous way, using

the “relaxed” notion of matching for the intersection also in this case:

_ [Instan(CH) N Instes(CH))
N [Instgs(CH)

Recally(C)

In the example of Artist in the gold standard and an annotation of type Person defined
above, the recall of Artist is penalised by the annotation while the recall for Person is
increased since an artist is also a person.

We define the F-score for a concept C and an annotator AN in the standard way,

using the measure of precision and recall defined above:

2 x Precisiony (C) x Recally(C)
Precisiong (C) + Recally(C)

We compute Precisiony, Recally and F-scorey at attribute-level, i.e., we compute

F-scorey (C) =

the three measures for each concept C in the vocabulary. To be fair against the evalu-
ated annotators, we evaluate each annotator on its own vocabulary. For each annotator,
we compute Precisiong, Recally and F-scorey for each concept C in the vocabulary of
the annotator. If an annotator does not contain Artist in its vocabulary, then it will

not be penalised for not identifying that concept.

2.4.3 Results

Our evaluation tested each of the 11 systems over the datasets described above using the
merged ontology ¥ as a reference schema. We computed Precision, Recall and F-score

via an ontology-aware scorer. We present selected results in Figure 2.6, Here we present
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only the most relevant results, coming from 4 (out of 11) annotators and a subsets of
the concepts of the merged ontology. We found similar results with other annotators
and other concepts, and the full set of results including all annotators evaluated on the
entire ontology can be inspected at the online appendix [§]. The online appendix also
contains the source code of the ontology-aware scorer, as described in Section [2.4.2]

For each annotator AN, results include all of the MUC7, Fox, and NETagger concepts
that are in the vocabulary of AN. For each corpus, we first mapped the annotations of
individual annotators into entity types in the corpus and then computed the measures
(i.e., if AN returns an annotation of type Artist and the corpus gold standard contains
only Person, Artist is mapped to Person). For the Reuters dataset we present a subset
of concepts according to the following principles: (i) concepts with sufficient support
(we filtered down to concepts with instances occurring in all of the five topics and
with at least 10 different occurrences;) (ii) concepts with diversity in performance (for
each annotator AN, we chose the first half of the concepts with best F-score and the
last half of the concepts with worst F-score); (iii) concepts with diversity within the
ontology (within the subsets above, we deleted some concepts to avoid having more
than two subclasses of any given concept). Some of the selected concepts are not
reported for some of the annotators because their vocabularies do not contain those
concepts (CICEROLITE is the only one evaluated on Percentage from MUCY because it
is the only annotator able to recognise percentages, the others do not have the concept
in their vocabularies).

The figure shows great variations in performance for each annotator, ranging from
below 10% to above 90% in F-score. If we focus on concepts that can be identified
by multiple annotators, we also see tremendous variation in performance, with no
single annotator having a clear advantage above others. OPENCALAIS has a higher
performance on most of the concepts from its vocabulary, but it has a substantial
deficit on a few shared concepts, and on many important classes, such as Date, it can
identify only few subclasses (according to its documentation, OpenCalais can identify
only dates that represent holidays, and not any possible date). Also, OpenCalais’s
vocabulary is quite limited, since it contains only 39 concepts (against almost 300
recognised by CICEROLITE). If we inspect the performance within an annotator, also
here differences are quite dramatic, and surprisingly many of the concepts which exhibit
very low performances are not the most semantically complex. As an example, Movie
would seem something easy to recognise by using an online reference such as IMDB,
but the recall numbers for DBPEDIASPOTLIGHT, ALCHEMYAPI, and ZEMANTA were
only 20%, 28%, and 17% respectively. Also, performances on very standard concepts,
such as those in MUCY7, were generally higher than the ones on more specific concepts.
However the results of ZEMANTA show that this is not always the case.

Overall, ZEMANTA and DBPEDIASPOTLIGHT show the worst performances, also in

those generic concepts where the other annotators perform fairly well (e.g., Person). If
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we analyse performances over each corpus, every annotator performs better on the Fox
corpus. Indeed the Fox corpus contains only 3 high-level concepts and the instances
of these concepts are very popular and easy to recognise — for instance, the instances
of Person are mostly politicians that can be found in many newswire documents. The
performance on this corpus also highlights that the length of the document is not
important. Usually web annotators do not use the context of the document to extract
entities, therefore the length of the document does not impact on the quality of the
annotations.

As we can observe from the results, none of the annotators is an expert on ev-
ery topic of its vocabulary. Each annotator may perform very well on some concepts
(OPENCALAIS and CICEROLITE are quite expert in recognising persons), but perfor-
mances may drop significantly on other concepts (OPENCALAIS’s performance is almost
zero in Date, while CICEROLITE is not able at recognising Time with the same quality
of other concepts). Another interesting observation is that all annotators contribute to
recall, i.e., each annotator contributes some annotations that are not produced by any
of the others. This is true both at instance level, where each annotator capable of identi-
fying a concept C contributes with instances of C that other annotators do not identify,
and at attribute level, where each evaluated annotator contains one or more concepts
that are not recognised by any of the other annotators (except STANFORD NER, and
ILLiNois NER that are capable of identifying only Person, Location and Organization).

2.4.4 Observed Conflicts

In Section we introduced the concept of annotator conflicts. As we can observe
from the evaluation results, annotators can vary radically in accuracy and a second
question we want to answer is to what extent the semantics of the annotations can be
useful to determine erroneous concepts. We use annotator conflicts as a strong signal

for errors in annotations.

Table 2.2: Conflicts Statistic of Individual Annotators

Test Annotated Basic Basic Strong Strong
Corpus Span Conflicts Span Conflicts Span
MUC7 30,689 36,756 26,174 3,501 2,483
Reuters 29,162 21,639 15,654 2,937 1,981
Fox 798 943 605 185 68
NETagger 1,493 1,486 1,195 179 83
Total 62,142 60,824 43,628 6,802 4,615

Table reports the number of basic and strong conflicts in each datasets. The
table contains both the number of annotated spans that contain at least one type of

conflict (basic and/or strong), and the total number of conflicts for each type. An
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annotated span is a span that contains at least one annotation, while a basic span (re-
spectively a strong span) is a span that contains at least one basic conflict (respectively
strong conflict). Note that the same span may contain multiple basic and/or strong
conflicts, since a conflict involves only two annotations.

As introduced in Section we also track conflicts in spans, e.g. annotators
agreeing on a concept, but disagreeing on the text snippet. Table reports, for each
(i) the total number

of annotations, (ii) the number of annotation pairs with same span, (iii) the number of

corpus, on the number and type of span conflicts, in particular:

containment conflicts (annotations having one span strictly contained into the other),
(iv) the number of overlapping conflicts (annotations having overlapping spans but not
strictly contained), and (v) the total number of conflicting spans (i.e., either contained

or overlapping).

Table 2.3: Span conflicts.

Test Total Same Containment | Overlap | Conflicts
Corpus | Annotations Span
MUC7 96,111 205,289 43,262 958 44,220
Reuters 87,666 198,745 37,743 898 38,641
Fox 2,730 8,107 2,012 38 2,050
NETagger 5,430 7,029 4,719 263 4,982
Total 191,937 419,170 87,736 2,157 89,893

Although one might expect that conflicts are rare, the results show that they occur
very frequently. A chief source of conflict is that annotators usually do not use context
to disambiguate. “Reuters” sometimes refers to a news company, and sometimes to
a person; “Jaguar” can refer to an animal or to a car; “Tottenham” can refer to
a London borough, a train station, or a sports team. Annotators usually label a
text snippet by just inspecting the snippet itself, without considering the surrounding
context. Moreover, the number of conflicts is limited by the small overlap in the
vocabularies and the low recall of the annotators. For example, it is very unlikely for
three annotators to simultaneously annotate the same span, and therefore it is very
rare to have three annotations being mutually in strong conflict. For the conflicts in
span, we observe that most of the conflicts are due to strictly containment, and very
rarely to overlapping. This is because some annotators tend to favour long annotated
span, while others tend to prefer short ones (“President Barack Obama” is annotated
as Person by some annotators, while others annotate only the span “Barack Obama”

as Person).

2.5 The Need for Integration

Overall, the results show both the need for annotator integration and the possibility

of using conflict and agreement signals in constructing superior aggregate annotations
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(~ 25% average improvement in accuracy). The results are not meant to give a general
picture of who is competent on which concepts or who is more trustable. Results
may vary significantly on different datasets; furthermore, the internal implementation
of the annotators is frequently modified, with the modification impacting both their
vocabularies and their performance. Thus the goal of the next chapter will not be to
come up with an aggregation algorithm that solves conflicts on this particular dataset
(e.g., by identifying which annotator is more reliable on which concepts), but to come
up with a general dataset-independent approach for aggregating semantic annotations,
without relying on hand-crafted rules or heuristics.

Both the overlap and the diversity in annotator vocabularies motivate the need
for semantic annotation integration: middleware that produces a unified annotation
on top of diverse semantic annotators. On the one hand, the diversity of vocabulary
allows applications to benefit from the much richer vocabulary available in an integrated
vocabulary. For example, recent work on automated wrapper induction (e.g., [56] 134])
uses semantic annotations to lower the need for human interaction. On the other hand,
annotation integration can also have an impact in terms of quality of the result. We will
show that aggregating annotators brings benefits both in annotators recall (as different
annotators contribute with some annotations that are not produced by others), and in
annotators precision (as conflicting signals help in deleting incorrect annotations). In
the next chapter we present an aggregation algorithm that resolves conflicting spans
by inducing annotations that are logically consistent w.r.t. our merged ontology, i.e.,

it deletes and adds concepts to annotated spans in order to eliminate conflicts.
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Chapter 3

ROSeAnn: Reconcile Opinions of
Semantic Annotators

In this chapter we present an approach to reconcile logically inconsistent semantic
annotations. One major sign for erroneous annotations is a logical conflict (basic or
strong): two annotations occurring in a strong conflict imply the incorrectness of one of
the annotations, while a basic conflict implies either an erroneous annotation or a loss in
recall by one or more annotators. Our approach targets primarily logical conflicts, and
will try to eliminate annotations (as well as introducing new annotations) in order to
resolve all the logical conflicts within a document, thus making the document logically
consistent w.r.t. the ontology ¥. We will also present some basic heuristics to solve
span conflicts. Since most of the problems are due to logical conflicts (as pointed out
in Section , our efforts concentrate mostly on repairing those.

Our approach to integration exploits several unique aspects of semantic capabilities
provided by web annotators. A first distinctive aspect is the space of concepts anno-
tated in document snippets: annotations do not form a flat space, but rather identify
a meaning for the snippet within an highly hierarchical space — as previously shown,
where two annotations with different concepts may thus still be correct. We utilise
ontological rules as a precise means of capturing compatibility or incompatibility of
the opinions given by different annotators. Therefore we propose integration meth-
ods that are ontology-aware — making as much use as possible of available semantics
relationships.

A key ingredient of our approach is the black-box model used for the annotators.
An approach based on hand-defined integration rules would be problematic in this
scenario, since we may notice certain patterns of errors at one point, and later such
patterns may change as the underlying algorithms are modified. Thus our main goal is
to achieve aggregation methods that are as domain-independent as possible, and do not
rely on hand-crafted heuristics, treating each annotator as an unknown “black-box”
that may change both in the vocabulary and in the extraction patterns.

Roadmap. In this chapter we first introduce an unsupervised approach that ex-

ploits semantic interconnections expressed in our ontology to solve strong conflicts
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(Section , along with a practical implementation and simple heuristics on how to
deal with span conflicts. Section then introduces a supervised algorithm, that
will provide a comparative upper-bound. We experimentally validated our unsuper-
vised approach both against a supervised algorithm, and against two available systems
that aggregate semantic annotations (Section . Eventually Section describes
ROSeAnn, an available system that implements our approach, while Section re-
views some of the related works in semantic annotations and aggregating annotator
opinions. We conclude the chapter with Section [3.6] that introduces how semantic

annotations can be used as an alternative to redundancy for cleaning web data.

3.1 Unsupervised Aggregation

In this section we introduce an aggregation approach that requires no supervision and
no information on the reliability of the base annotators.

Aggregation of conflicting data in the presence of integrity constraints is a long-
standing topic in Al, semantic web, and database research. In the case where the input
consists of a set of opinions from multiple “experts”, there are a number of judgement
aggregation methods that have been studied — for example, based on variations of
voting [96]. These algorithms have been examined not only from the point of view of
guaranteeing consistency, but from the perspective of social choice theory — e.g. can
they be considered to be fair to the parties involved ([91]). When, on the contrary, the
input is seen as a single inconsistent dataset, a common approach in the database and
semantic web community is based on repair: finding a “minimal” (in some metric) set

of update operations to the initial data so that the updated data is consistent [131].

3.1.1 Atomic Score

Our unsupervised solution will use ideas from both voting and repair. For the moment
we focus on conflicts occurring on the same span, without considering conflicts in spans
(we will come back on span conflicts later on in this chapter). The input for our repair
procedure is a single sequence of tokens entirely annotated with different concepts by
multiples annotators. We call the input tokens a single span s that is tagged by several
annotators. In this case, concepts can be identified with atomic propositions, and the
ontology relationships can be considered as propositional constraints — e.g. if concepts
C and D are disjoint, our logical theory includes the constraint C — —=D. Thus we can
translate axioms of the ontology W into a propositional theory Ty. One component
of our solution is a voting-based AtomicScore function AtomicScore(C), assigning an
integer to each concept C. This represents the degree of support for or opposition to
C by annotators. We will always consider an annotator to support a concept C if it
tags the span § with a subclass of C — each such supporter will add to AtomicScore(C).

AtomicScore(C) will drop for each annotator that tags § with a class disjoint from C. We
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allow in addition the possibility of “opposition by omission” — AtomicScore(C') drops
when an annotator fails to tag s with a superclass of C that is in its vocabulary. Such
a penalty is justified under the assumption that annotators have high recall (i.e., they
rarely miss on identifying concepts that are in their vocabularies). If, on the contrary,
annotators have low recall, then the penalisation for omission may be too strong, since
missing annotations occur too frequently. The formal definition of AtomicScore(C) for

a concept C is given below.

AtomicScore(C) = Xacanns(XpccewSupport(A, D)
—Ypnc=_ewSupport(A, D)
—YccpewOmit(A, D))

Anns denotes the set of annotations over the span 5, D © C € V¥ indicates that from the
axioms of ontology W one can derive D is a subclass of C, and DM C = 1L € V¥ indicates
that W implies disjointness of D and C. Support(A, D) is 1 if annotator A labels the span
s with D, and is 0 otherwise. Omit(A, D) is 1 iff D belongs to the vocabulary of A, but
A failed to tag span s with D. Note that a term in the sum above will only be present
if the corresponding type of axiom is asserted (or inferred) in the ontology. The above
sum considers two ways for an annotator can “oppose” a concept C, by tagging with a
concept disjoint from C or by omitting to tag with (a superclass of) C in its vocabulary.
Tagging the span with a disjoint concept implies a strong conflict, while omitting a
superclass of the concept means a basic conflict. This is where our approach exploits
information from conflicting annotations to derive the correct answer. Limiting our
ontology to subsumption and disjoint constraints plays a vital role in the efficiency of
our algorithm, as we will prove in Section [3.1.4] If our ontology language was rich
enough to have (e.g.) rules saying that C and D partition all entities, we would also
have an additional term representing “support by omission”: an annotator omitting D
is supporting C (because an entity must be either C or D). Since we have no such rules
in our example ontology, we do not examine this setting.

A straightforward approach is to assume annotators to have low recall, and thus
annotator A failing to tag with a concept D gives no signal that the entity is not in class
D — this corresponds to setting each Omit(A, D) to 0 for each A and for each D, elimi-
nating one of the terms above. In our experiments in Section with wide-spectrum
web-based annotators we showed that recall of the chosen systems is indeed low, and
hence we utilise this approach in our implementation (see Section for details). In
other words, considering the omitting support resulted in a too strong constraint, since
we found cases of missing annotations in more than 95% of the annotated spans in our
experiments. This would end up in considering almost all of the annotations incorrect,
since in almost every case one or more annotators would not annotate the given span

even if they know an applicable concept. However, for domain-specific annotators,
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other approaches, such as those described in Section based on bootstrapping,
may be appropriate.
We will refer to this simplified version as simple atomic scoring, and under this

policy AtomicScore(C) becomes:

AtomicScore(C) = Yprcew{A | A annotates with D} —
Yorc=1ew{A | A annotates with D}

Example 1. Assume the simple atomic scoring model, and consider a span anno-
tated by annotator A; with City, annotator Ay with Country, and annotator Az with
NaturalFeature., and suppose that all of these concepts are disjoint with each other
in the ontology W. Since these concepts are disjoint in the ontology, under the sim-
ple scoring model each of City, Country, and NaturalFeature will have AtomicScore =
4+1—-1—1 = —1, since each is supported by one annotation and opposed by the
other 2. Suppose also that all of the three concepts are a subclass of Location. The
AtomicScore for Location is thus 3, since each of the involved annotation supports the

concept Location.

The atomic score aims to capture, for each concept C, how many annotators agree

with C and how many disagree with C.

3.1.2 Weighted Repair

Given the atomic scores, a score combination function is responsible for calculating
a boolean combination of concepts that is consistent with the ontology, based on the
scores of constituent literals. For the combination function we propose a declarative
approach, denoted as weighted repair (WR). We begin with the union of all concepts
returned by any annotator, which can be considered as an initial formula 9,;; containing
the conjunction of concepts. We then try to modify the initial formula with repair
operations, consisting of either a deletion of a concept occurring as a conjunct term
within ¥J,;; or an insertion of a concept that is absent from ¥,;; as a conjunct term. The
application of a single repair operation Op to ¥),;; is a new formula. A deletion of class
C implies removing every conjunct corresponding to a subclass of C while adding the
negation of C, while an insertion implies conjoining with a proposition corresponding
to C (we will see later in Lemma [3| that once we insert a concept C, we will also
insert all its superclasses). We define a set of repairs as internally-consistent if no two
operations conflict: we do not delete a class C and also insert a subclass of C. Given
a internally-consistent set of repairs S = {Op, ...Op,}, the application of the repairs
on Vynir, denoted with S(Jjnie), is defined to be the result of applying every Op; € S in
any order — one can easily check that this gives a unique result. We call an internally-
consistent repair set S such that S(ot) is consistent with Ty a solution. We define

the set of concepts that are either not deleted or inserted in S the survivors of S. In
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other words, the survivors of a solution is the set of concepts (resulting from deleting
and/or adding concepts from the initial annotations found over the span) such that no
two concepts are in a disjoint relation. Thus the modified annotated span will be freed

from strong conflicts.

Ezxample 2. Let us return to Example [I} ¥, is City A Country A NaturalFeature. The
repair set {Del(City), Del(Country)} is internally-consistent (we do not delete a concept
C and add a concept that is a subclass of C), and its application to ¥ gives the
formula NaturalFeature A —Country A —City. Since this is consistent with the ontology
(the survivors set contains only NaturalFeature and does not have disjoint classes), the
repair set is a solution. The repair set {Del(City), Del(Country), Del(NaturalFeature)} is
another solution, yielding the formula —NaturalFeature A —=Country A =City — in this case

the survivors set is empty.

One can notice that deleting all the concepts (but one) from the initial formula
Yinie always produces a solution, since we cannot have disjointness within a set with
zero (one) concepts. Our goal is to find a solution S such that its aggregate score is

maximal among all solutions, where the aggregate score of S is:
Eins(c)esAtomicScore(C) — Xpei(c)esAtomicScore(C) + 3 pei(c)csAtomicScore(C)

That is, an insertion of a concept C incurs AtomicScore(C) as a penalty, an operation
that deletes a concept C incurs the penalty AtomicScore(C), while a concept C that is not
deleted from the initial formula increases the aggregate score of AtomicScore(C). Based
on the above definition, there are three possible ways of increasing the aggregate score:
(1) delete a concept C with negative atomic score — this will increment the aggregate
score of AtomicScore(C) and of the atomic scores of all the subclasses of C (since when
we delete C we delete also all its subclasses); (1) insert a concept C with positive atomic
score — this will increment the aggregate score of AtomicScore(C); (iii) do not delete
a concept C with positive atomic score — this will increment the aggregate score of
AtomicScore(C). Unlike in other database repair contexts, repair operations can have
positive score (net benefit), negative score (net penalty), or zero score (cost neutral,
but perhaps needed to gain consistency). Among the possible set of concepts that are
consistent with WU, we choose the one that maximises the aggregate score.

There can be many repairs that achieve the maximal score, and it is natural to
impose other criteria to prune them: (i) Given two solutions with the same score and
different numbers of operations, we prefer the one with smallest number of repairing
operations. (ii) Given two solutions S; = 5" U {Ins(C;)} and Sy = S" U {Ins(Cy)}, with
Cy a subclass of Cy, we prefer Sy — that is we prefer those that insert deeper (that
is, more specific) classes (if we have a solution that inserts City and another solution
that inserts Location with the same aggregate score, we choose the one that inserts City
since it is a more specific class). An optimal solution is the one that maximises the

aggregate score and respects the criteria defined above.
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Figure 3.1: Annotated Span with Atomic Scores

Ezxample 3. Consider a span with 3 annotations of type City, 1 Location, 2 of type
Actor and 1 Person. Figure |3.1| shows the ontological view of the concepts, the number
of annotations for each concept and also the atomic score for each of the involved
concept. Location and Person both belong to the initial formula, but since they are
disjoint concepts, one of them must be deleted (along with its subclasses). Therefore

the plausible solutions consistent with U are:

Sy = {Del(Person), Del(Actor) } Sy = {Del(Location), Del(City) }
S5 = {Del(Person), Del(Actor), Del(City) } Sy = {Del(Location), Del(City),
S5 = {Del(Person), Del(Actor), Ins(Place) } Del(Actor)}

S¢ = {Del(Person), Del(Actor), Del(City), Ins(Place) }

Among those solutions S5 and Sg have the highest aggregate score of 5 — deleting Person
and Artist contributes +3, not deleting Location is +1, inserting Place a further 41,
while deleting or keeping City does not make any difference, since its atomic score is 0.

Among S5 and Sg we choose Ss, since the set of operations is smaller than Sg.

3.1.3 Implementation

The problem of finding the solution that maximises the aggregate score is an op-
timisation problem, and we can solve it by a reduction to integer linear program-
ming (ILP). We have boolean variables Xpe ¢ for each concept C that can be deleted,
with a value of 1 denoting deletion and 0 denoting no deletion. Similarly we have
boolean variables X, c for each concept that can be inserted. Each disjointness or
subsumption relation in the ontology corresponds to an integer constraint. In particu-

lar, VC,D € ¥ | CM D C L (disjoint concepts), we derive the following constraints:

(1) Xpe,c + Xpeip > 1. If there are two disjoint concepts in the initial solution, at

least one of them must be deleted.
(11) Xinsc + Xinsp < 1. We cannot insert two disjoint concepts.

(111) Xinsc < Xpelp- If we insert a concept C, then we must delete the disjoint concept

D from the initial solution.
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Similarly, VC,D € ¥ | C C D (subclass relationship), we derive the following con-

straints:

(1) Xpe,c > Xpeip- If we delete a concept D, then we must delete all its subclasses
C.

(11) Xinsc < Xinsp. If we insert a concept C, then we must insert all its superclasses

D.
(111) Xinsc + Xpe,p < 1. We cannot insert a concept C and delete its superclass D.

Some variables have a fixed assignment, therefore we do not have to compute variable
values for each concept in the ontology. Suppose C' is the set of the concepts in the
initial solution. We cannot insert a concept that is in the initial solution, as well
we cannot delete a concept that is not in the initial solution — Xj,sc = 0 VC € C,
and Xpegc = 0 VC ¢ C. Moreover, we notice that every concept in the ontology
that is not in the initial solution and that is not a superclass of one of the concept
in the initial solution has an atomic score of 0. These concepts cannot increase the
aggregate score, therefore they will never be inserted in the solution — Xjsc = 0
VC ¢ C | 3D € C | D C C. This reduces the number of variables to be assigned to
k 4 [, where k is the number of initial annotated concepts, while [ is the number of
superclasses of the concepts in the initial solution that are not included in the initial
solution.

The scoring policy described above is easily translated to maximisation of a corre-

sponding linear objective function:
max{ (k + 1) - (ScewAtomicScore(C) - Xinsc — LcewAtomicScore(C) - Xpeic
+2c6¢AtomicScore(C) . (1 - XDeI,C)) — (ZCG\IJXDeLC + Xlns,C)}

where k is the total number of concepts initially annotated. Note that the last sum-
mation is necessary to choose between two solutions with the same aggregate score —
because of the last summation, given two solutions with the same aggregate score, the
maximisation function favours the one with smallest number of operations (insert and
delete). k is necessary to make the aggregate score the dominant selection criterion —
between two solutions with different aggregate score, the one with the highest score

will always be chosen, no matter what the number of operations is.

Ezample 4. Consider again the annotated span described in Example [3] The con-
cept Place is not initially annotated, thus it is the only one which does not belong
to the initial solution. The concepts in the initial solution cannot be inserted, there-
fore Xjnsc = 0 VC € {Actor, City, Location, Person}, while Place cannot be deleted —

Xpelplace = 0. Since these are the only concepts involved in this annotated span,
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Xpel,c = 0 and X5 ¢ = 0 for every other concept C in the ontology. The remaining un-
known variables are Xpel Artist; X Del,Citys <X Del,Locations <X Del,Persons; ald Xjns place. Note that
Place is the only concept in the example eligible to be inserted in the final solution.
For each pair of disjoint concepts in the initial solution we add an integer constraint
to ensure that at least one of them will be deleted. For instance we add the constraint
XDel,Location X Del,Person = 1 to guarantee that one between Person and Location is deleted
from the solution, or both. We also add the constraint Xjnsplace < Xpel person; t0 €n-
sure that if we insert Place then we delete Person. An example of subclass constraint is
XDel Actor = XDel,Person; stating that if we delete Person then we must delete Actor as well.
Eventually we try to assign a value to all the unknown variables by maximising the ob-
jective function defined above. As we have seen in Example|3| the optimal solution cor-
responds to the assignment Xpejartist = 1, Xpel,city = 0, Xpel Location = 0, Xpel,person = 1,

and Xlns,PIace =1L

This optimisation problem requires (in particular) checking consistency of various
boolean combinations with respect to the propositional theory Ty. For rich enough
ontological rules (enough to give an arbitrary propositional theory), is NP-hard, and
the use of a robust ILP solver is needed. In our implementation of the ILP-based
approach, we used IBM’s ILOG CPLEX[] as a solver. For each annotated span a
collection of a few hundreds constraints is produced. We showed that we can prune
these by considering only super-classes of concepts that are returned by one of the
annotators on the span; given that the depth of the concept hierarchy is in single
digits, this results in a drastic reduction in the number of variables. We also generate
constraints corresponding to disjointness axioms from the top of the ontology hierarchy
downward, allowing us to suppress redundant disjointness constraints, further reducing
the constraint set. Note that the ILP reduction also gives an NP upper bound for the
decision problem corresponding to finding an optimal repair (we can check the existence

of a repair with a given score in polynomial time).

3.1.3.1 Ontology

In order to query the ontology, we need a semantic reasoner that is able to infer logical
consequences from a set of axioms. If our ontology contains axioms stating that Artist
is a subclass of Person, and Person is disjoint with Location, the semantic reasoner
must be able to infer that Artist is disjoint with Location, even if this axiom is not
explicitly stated in the ontology. Or similarly if Actor is a subclass of Artist, and
Artist is a subclass of Person, the reasoner must infer that Actor is a subclass of Person
as well. Such reasoning is offered by most of the semantic engines available, and we
chose OWLIM—Liteﬂ to store and query the ontology (because of its popularity and
availability).

"http://www-01.ibm.com/software/commerce/optimization/cplex-optimizer/
Zhttp://graphdb.ontotext.com/display/OWLIMv54/OWLIM-Lite
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However, since our ontology is stable and the types of queries are limited (super-
classes, subclasses and disjoint classes of a concept), we created a materialised version
of the ontology which consists in a set of textual files, where each file contains a specific
relation R (e.g., superclass). The materialised version is created through the OWLIM-
Lite reasoner, and this optimisation turned out to be much faster, improving the overall

performance of two orders of magnitude (see Section [3.3| for details).

3.1.4 Tractability

The integer linear programming implementation described above may be intractable
in complex cases, and the computation of an optimal solution might be too expensive
for large enough ontologies. We will now show that in our specific settings, where the
ontology has only disjoint and subclass constraints, computing an optimal solution is
always tractable.

We recall that given a solution S, we define survivors the set of concepts that are
either inserted or not deleted in S. Given the definitions of a solution and optimal

solution we can derive the following:

Lemma 1. If S is a solution and C € survivors of S, then for each D superclass of C,
S"=SU{Ins(D)} is also a solution.

Proof. Suppose the lemma is false: given a solution S and a concept C that belongs to
survivors of S, and a concept D superclass of C, the set of operations S = S U Ins(D)
is inconsistent with 7Ty. This means that there exists £ € survivors of S such that E
is disjoint with D. But since D is a superclass of C, if D is disjoint with E, then C is

disjoint with E, therefore S is not a solution. O

Lemma 2. An optimal solution S will never insert a concept C with AtomicScore(C) <
0.

Proof. Let us consider the solution S that inserts C with AtomicScore(C) < 0. 5" =
S\ {Ins(C)} is still a solution (removing a concept from the survivors set will never
make the survivors set inconsistent), with a greater or equal aggregate score and with

less operations. S is not the optimal solution. O]

Lemma 3. For any optimal solution S that inserts a concept C, S also inserts all the

superclasses of C.

Proof. If S is the optimal solution and Ins(C) € S, then for Lemma [2] AtomicScore(C) >
0. If AtomicScore(C) > 0, then AtomicScore(D) > 0 for any superclass D of C (for the
definition of atomic score). S’ =S U {Ins(D)} is also a solution for Lemma [l and the
aggregate score of S’ is greater than the one of S, therefore S must insert D to be the

optimal solution. O
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Lemma 3| proves that if the optimal solution inserts a concept C, then it will also
insert all the superclasses of C.
We now prove that, in the special case of disjointness and subsumption constraints

only, we can find at least one optimal solution tractably, without appeal to ILP.

Lemma 4. Given two disjoint concepts C; and Cy at most one can have a positive

AtomicScore, and if one does, the other must have negative AtomicScore.

Proof. Suppose C; is supported by s; annotations and Cs is supported by sy annotations
— we have s; annotations that are subclass of C; and s, annotations that are subclass
of C5. We have that AtomicScore(Cy) = s; — sy —a; and AtomicScore(Cy) = s9 — 51 —ao,
where a; (resp. ag) is the number of all the other annotations that are disjoint with C;
(resp. Cq) and are not subclasses of Cy (resp. C;). Note that the positive contributions
to the two atomic scores are already included in s; and s,. Now if s > o, then
AtomicScore(Cy) < 0, if s > s1, then AtomicScore(Cy) < 0, and if s; = sy, then both

atomic scores are less than or equal to 0. O]

Theorem 1. Assuming only disjointness and subsumption constraints, an annota-
tion set corresponding to some optimal repair set can be achieved by inserting ev-
ery non-annotated concept of positive AtomicScore, deleting every concept of negative

AtomicScore and deleting some concepts with score 0.

Proof. The proof of Theorem [I| now follows easily: it suffices to consider any repair set
Sp that yields a boolean combination containing all concepts with positive AtomicScore,
and which deletes all concepts with AtomicScore < 0. Using Lemma {4| we see that
So leaves the database consistent (since there are not concepts with negative scores,
there are not disjoint concepts). Now consider S an arbitrary repair set of maximal
score, whose application yields a consistent formula. First, suppose the application of S
deletes a concept C of positive AtomicScore. Thus S contains Del(C’) for C' a superclass
of C. Consider the repair S’ formed by removing Del(C’) from S. Tt is easy to see, using
the definition of AtomicScore, that AtomicScore(C’) must also be positive. If S" were
inconsistent, this means that C' was disjoint from some class D either inserted or left
intact by S’. But using Lemma 4| we see that any such D that was inserted must have
had negative AtomicScore, as would any D left intact. Thus a modification to S by
deleting or not inserting any such D, as appropriate, would result in a repair set that
yields consistency and has higher score. Now suppose that the application of S fails to
insert a concept C of positive AtomicScore. We can argue, as above, that the application
S U {Ins(C)} gives a consistent formula (of higher score). Moreover, Lemma [2| proved
that the optimal solution will never insert a concept of AtomicScore < 0. We proved so
far that the optimal solution insert any concept of positive atomic score, and deletes
any concept of negative atomic score, and does not insert any concept with atomic

score less than or equal to 0. The last scenario we need to consider is a concept C
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in the initial solution with AtomicScore(C) = 0. After deleting all the concepts with
negative atomic score, we have two possible outcomes: either C is not disjoint with
any concept in the solution, or C is still disjoint with some concepts in the solution. If
the former happens, the solution is consistent and we do not delete C (since deleting it
would not increase the aggregate score but would increase the number of operations).
If the latter happens, we still have to delete some concepts from the solution to make
it consistent. It is easy to see that in this case there can only be one concept D disjoint
with C (if there is more than one these concepts would have a negative atomic score
and they would have been already deleted from the solution), therefore we randomly

delete one between C and D to make the solution consistent. O

Theorem (1] gives a simple algorithm for finding an annotation that results from
an optimal repair set: start with inserting every non-annotated concept of positive
AtomicScore, deleting all concepts with a negative atomic score, and for each remaining
pair of disjoint concepts with zero atomic score, randomly delete one of them. Applying
this to the initial formula, one gets a formula that is consistent, since it cannot contain
disjoint concepts with AtomicScore 0, and also cannot contain disjoint concepts where
one has positive AtomicScore. By the theorem above, this gives an optimal result.
The last part of the algorithm is where we do not have enough evidence to make a
deterministic decision. If we have a span annotated as Person and Location, we cannot
decide which one of the two is correct by just looking at the annotated span, therefore
we delete one of them — in this case two solutions have the same aggregate score and

the same number of operations.

Ezrample 5. Returning to Example [3] an optimal score can be obtained by a repair
set that (i) deletes all the concepts with negative atomic score (Person and Actor), and
(ii) inserts Place since it has a positive atomic score. The algorithm does not touch
City since after the deletion step the solution is already consistent. This matches the

intuitive solution S5 anticipated in Example [3]

Despite the above algorithm makes the ILP formulation of the problem redundant,
we decided to keep the original problem formulation and its internal ILP implementa-
tion for two main reasons: first, the ILP formulation gives an elegant presentation of
the problem and a immediate intuition of the characteristics for a good solution; sec-
ond, the ILP formulation is general enough that can support more complex ontological
axioms such as part-of. With the internal ILP implementation, introducing different
ontological axioms would require only the translation of these axioms into appropriate
ILP constraints. If instead we use the simplified algorithmic version, we would need to

change entirely the algorithm to support each of the new axioms.
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3.1.5 Bootstrapping

The atomic score function defined at the beginning of the section does not assume
any prior knowledge on the annotators. It treats every annotator equally, assuming
that every annotator is equally competent on each concept, both in terms of precision
and recall. We then made the assumption that all annotators have low recall, and we
eliminated the omission penalty. In this section we generalise our approach to take
into account prior knowledge on the involved annotators.

The general form of our scoring function allows the possibility of tuning the as-
sumptions about both precision and recall, as well as support for more general concept
constraints than simply subsumption and disjointness. If we know a priori for a concept
C how much an annotator is trustworthy when identifying C (precision), and how often

an annotator misses C (recall), we can modify the atomic score function as follows:

AtomicScore(C) = Xacanns( LoccewSupportWeight, p - Support(A, D)
—Ypnc=_LevSupportWeight, , - Support(A, D)
—YccpeyOmitWeight, o - Omit(A, D) )

where SupportWeight, , and OmitWeight, , are non-negative [0, 1]-valued weights that
indicate how much weight the tagging of A with D or the omission of D by A should have.
In other words, SupportWeight, p is the quantification of the annotator’s precision,
while OmitWeight, p is the quantification of the annotator’s recall. If we can always
trust an annotator both in precision and recall (we are confident that an annotator
always tags with the correct concept and never misses an annotation), then we can set
its SupportWeight, p and OmitWeight, , to 1, and the atomic score function becomes
equal to the one previously defined in the section. The above formula is a definition of
AtomicScore, which generalises the specific case of having perfect annotators.

We now consider how the SupportWeight, b and OmitWeight, , parameters can be
computed. We have experimented with a bootstrapping approach setting all the weights

to be initially uniform at 1, and then iterating:

SupportWeight’f\JfD1 = AV Gsupport(A,D,s) NormAtomicScorek(D)

OmitWeight’YfJD1 = AV Gomitap.s) (1 — NormAtomicScore® (D))

where Support(A, D, s) indicates that s is a span which A tags with D, Omit(A, D, s) in-
dicates that A has D in its vocabulary but omitted it on s, and NormAtomicScore®(D) is
a version of the AtomicScore(D) calculated based on SupportWeight® and OmitWeight",
but normalised to be in [0, 1] (e.g., by shifting the scores and dividing by their maxi-
mum). The intuition is that if A has high precision for D, spans that it annotates with

D should get high support in round k, and hence NormAtomicScore”(D) should be close
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to 1, making its SupportWeight high in round k& + 1. Similarly, if A has high recall for
D, the spans for which it omits D should get low support in round £, which will make
OmitWeight*™! high.

The set of documents over which the spans are calculated obviously will have a large
impact on the results. We have tested the bootstrapping approach using the entire test
corpus from Section [2.4.1] We have found that it works well for very general concepts,
such as Person, Place, and Organization, where examples are plentiful, but hurts on a

more specific (and less frequent) classes (see Section [3.3| for detailed explanation).

3.1.6 Overlapping Span

The integration procedure described so far assumes that annotations are related only
if they have the same span, i.e., they insist on the same tokens of text. The repair is
therefore computed one span at a time. On the other hand, annotations often have
nested or overlapping spans, as in Figure 2.3, We therefore consider a more careful
definition of annotation span that takes into account overlaps — other than semantic

conflicts, we take into account containment and overlapping conflicts.

@on ‘ Ang:Country

||Sweden| |Central Bankl_|_\ ’An4:CommerCiaI_Org

Figure 3.2: Conflicts in Annotated Spans

Ezample 6. Consider the annotations in the example of Figure [3.2] AN;:Facility and
AN,:Organization have the same annotation span. The span of ANy:Commercial _Org
is strictly contained in ANs:Organization, and Commercial_Org is a subclass of Organi-
zation. ANj;:Country is contained in AN; and ANs, and it is disjoint with these two

concepts, while its span is disjoint with the span of ANy.

Overlaps. Let T be a document represented as a sequence of characters T =
(c1,...,¢,) and a = (l,,, [7,7)) an annotation of a sequence (c;,...,cj_1), 1 <i < j <
n + 1, of characters of T provided by an annotator AN; using a label |,, from its local
vocabulary L,,. We denote by type(a) the label Iy from the vocabulary Ly of the
global ontology to which [, is mapped. We also denote by intv(a) the interval [i, j) of
characters covered by a in T'.

Given two annotations a,, a, we say that they are disjoint iff intv(a;) Nintv(ay) = 0,
they overlap iff intv(a;) Nintv(a,) # 0, in particular they coincide iff intv(a;) = intv(a,).
Moreover, we say that a; is contained in a, iff intv(a;) C intv(a,).

Orthogonal spans. A way of dealing with overlapping spans is to consider distinct

spans as mutually independent, i.e., annotations conflict or support one another only
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if their spans coincide. In this case, if an annotation a; is contained in an annotation
a,, we treat these as two separated spans and we apply our weighted repair algorithm
independently on the two spans. This obviously leads to a loss of precision in the
aggregation, since overlapping spans do often refer to the same entity — suppose a,;
annotates the snippet “Mr. Barack Obama” and a, the contained snippet “Barack
Obama”, these two annotations are not independent from each other and they should
be resolved together.

Coalesced spans. A completely opposite strategy is to take the connected compo-
nent of spans under the overlap relation, considering each component as a span having
all of the annotations associated with its component. We found that in practice these
connected components are quite small — at most four tokens. But considering a disjoint
pair of annotations connected in this way as being in conflict can lower the recall: e.g.
in the case of nested annotations such as “Sweden Central Bank” where the whole
string is annotated as Organization, e.g., by OPENCALAIS, and the string “Sweden”
is annotated as Country, e.g., by ALCHEMYAPI. If we apply our algorithm to all the
annotations having overlapping spans, the algorithm deletes one between Organization
and Country, even though they are both correct.

Hybrid spans. In practise we found that if an annotation is contained into another
and the concepts are disjoint, then the annotations may still be correct. On the other
hand, if the two annotations refer to concepts in a subclass relation, then it is likely
that the two annotations refer to the same entity. To circumvent the above problem,
we introduce a hybrid annotation span defined as follows. Given an ontology ¥, we
define two annotations a,, a, (with a; # a,) as belonging to the same annotation span
if either:

1. a, is contained into a, (resp. a, is contained into a;) and it is not the case that

U k= type(a;) Mtype(a,y) T L.

2. a, overlaps with a, and neither a; nor a, is contained into the other.

3. a, coincides with a,.
Condition [1| relates overlapping annotations that are possibly redundant. This is the
case, e.g., when one annotation is contained in another with types in superclass rela-
tionship — we purposely excluded those cases of (strictly) contained annotations with
logically conflicting types because the annotations may be compatible. Condition
captures the case of annotations with ambiguous spans, i.e., they overlap on one or
more tokens but neither contains the other. In this case, no matter what is the relation
among the involved types, the annotations always belong to the same span that needs
to be resolved. Eventually, Condition [3| captures the general (and most frequent) case,
where annotations have exactly the same span. For the case show in Example[6] the re-
pair procedure will operate on ANy :Facility, AN5:Organization, and AN,:Commercial Org
as they all belong to the same span due to conditions 1 and 3, leaving out AN3:Country

as it belongs to a different hybrid span. The procedure will eventually keep all the
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annotations, since Facility, Organization and Commercial_Org are not disjoint with each
other.

For any document T, we first compute annotations belonging to the same hybrid
span, then we apply the weighted repair algorithm on every hybrid span. Our exper-
iments have shown that the use of hybrid spans increases the recall but lowers the
precision w.r.t. coalesced spans. However, the change in performance is below 1% and
the overall F-score remains practically unchanged (£0.1%) on all datasets. In the
following we will stick to hybrid spans since containment among annotations is very
frequent in practice. An interesting future work is how to extend the weighted repair

algorithm to resolve conflicting spans.

3.2 Supervised Algorithm

In Section we benchmark our repair-based approach against several other systems,
including all freely-available annotation aggregators. But a second natural comparison
point is against what can be accomplished with supervision. We have thus implemented
our own supervised approach to see to what extent one can leverage the existence
of training data to find patterns that indicate (in)correctness of annotations. Can
supervision be used not just to look for patterns in reliability of annotators (e.g. from
tracking the recall or precision of annotators on concepts), but to detect and exploit
more complex patterns in the behaviour of annotators?

We build on maximal entropy models, which have gained wide popularity for a
variety of individual extraction tasks in recent years [24]. We thus use a Maximal
Entropy Markov Model (MEMM) [113], which combines features of maximal entropy
models with the sequential approach of a Markov model. A MEMM has a set of states,
an input and output alphabet, and a probabilistic transition and emission functions
that capture the system dynamics when a new input item is consumed. The inputs
consist of sets of features token by token. As with other maximal entropy models,
they allow for feature functions that overlap, without requiring strong independence
assumptions. In our model a state is a potential annotation — a label from the alphabet
that starts at the character ¢ of the document and ends at the character j. The input
alphabet is the sets of all the annotations returned by the involved annotators, while
the output alphabet is identical to the state space. The transition probabilities are then
computed by considering as features the set of annotations occurring on the same span
(on the training data), and adjusting the weight parameters via the generalized iterative
scaling (GIS) [113]. Eventually a Markov sequence is constructed by processing the
input evidence, and we use a standard Viterbi algorithm for the computation of the

most likely sequence. Please refer to [37] for a detailed explanation of MEMM.
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3.3 Experiments

We carried out an extensive experimental evaluation of our aggregation method. A
first set of experiments aims to demonstrate and quantify the benefit of aggregating
annotations over individual systems. A second set of experiments compares our aggre-
gation approach with various aggregation techniques, including the supervised MEMM,
and those described in state-of-the art aggregators such as Fox [138] and NErD [130].
Eventually we demonstrate that the bootstrapping approach is not beneficial, and also
that our approach scales well with the size of the document and the number of anno-
tators involved.

The evaluation presented in this section uses the same datasets and experimental
setting which have been described in Section[2.4] along with the same way of calculating
precision, recall, and F-score. In this thesis we report the most relevant results, however
the full set of experiments containing every possible combination can be examined

online at [§].

3.3.1 Comparison with Individual Systems

In our first set of experiments, we compared the performance of WR against indi-
vidual annotators and against the supervised approach MEMM. We also report the
performance of a naive Baseline aggregation that simply gathers all annotations from
individual systems and, after mapping the annotated concepts to the global ontol-
ogy, returns the union of all annotations regardless of consistency. MEMM has been
trained on gold standards described in Section [2.4.1] using a 10-fold cross-validation to
split the dataset into training and testing data. Figure reports the 10-fold cross-
validation performance of the two aggregation approaches against each of the individual
annotators. In this section we report only the most relevant results for 4 web-based
annotators, we found similar results for other annotators that can be examined online.
The main focus here is on accuracy (rather than on vocabulary coverage), therefore
results against an annotator are computed only w.r.t. the concepts that are in the an-
notator’s vocabulary — thus a different set of concepts is evaluated for each annotator.
Indeed the evaluation aims to test the accuracy of the annotators on those concepts
where they are supposed to be competent. As in Section 2.4 we computed measures
for each concept of the annotators’ vocabulary. However, to present an overall picture
of the performance, we give averages of the precision, recall, and F-score, measured in
the ontology-aware way explained in Section . We provide: a macro-average (M)
that first averages over each concept, and then over annotations, and a micro-average
(1) that averages over each annotation (thus concepts that have highest coverage in

the testset are given more importance).
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Our first observation is that all three aggregation methods consistently outperform
individual annotators in F-score except for OPENCALAIS and ALCHEMYAPI. OPEN-
Carats and ALCHEMYAPIT performs slightly better in F-score (i.e., 3% better on
average) than any of the aggregators on the NETagger and Reuters corpus respectively.
However, it is worth noticing that their concepts coverage is very limited and their
vocabularies cover only 18% of all concepts in the corpus. On average, WR reports
an aggregation benefit of 15%, while MEMM of 22% with a significant peak of 66%
improvement over ZEMANTA. As expected, the Baseline aggregation delivers the worst
performance w.r.t. the 3 aggregation techniques, with a significant improvement in re-
call but a drastically loss in precision, worse than any of the individual annotators.
The high recall of the Baseline is expected, since this method never deletes an annota-
tion. If its recall does not reach 100% is because in some cases none of the involved
annotators returns the correct answer. Surprisingly, MEMM shows a better recall than
the Baseline in some cases. As we will explain later, this is because MEMM sometimes
is capable of deriving the correct concept even if the answer is not provided by any of

the base annotators.

3.3.2 Supervised vs Unsupervised

As expected, the supervised aggregation is the best among the aggregators. We see
from the charts that for MUC7, with rich training examples over a small number of
target concepts, MEMM can bring the micro-average and macro-average F-scores above
90%. We can observe a small degradation in macro-average scores in the cases against
OPENCALAIS and EXTRACTIV on Reuters corpus. The decrease is caused by some
annotated concepts which have a low number of instances (i.e., small number of training
support) in the corpus. For example, PhoneNumber has only 36 occurrences in the
news-oriented Reuters corpus. This causes the examples to be extremely sparse in the
training set, and MEMM is incapable of deriving suitable patterns (reporting only 5%
in F-score). Instead base annotators attain around 80% for this concept.

It is unsurprising that individual annotators can recognise with good accuracy con-
cepts like phone numbers, given that they can be mostly extracted via simple regular
expressions. MEMM may therefore suffers on concepts that have few instances in the
training set, while WR is not affected by the coverage.

The major capability of MEMM is to learn which annotator can be trusted at a
concept-level through global training. Consider, e.g., the key concept Person: individual
annotators report very sparse performance on this concept in terms of F'-score — that is
from 14% to 93% on MUCT (see Figure [2.6); 26% for ZEMANTA, 43% for SPOTLIGHT,
63% for ALCHEMYAPI, 75% for EXTRACTIV and 91% for OPENCALAIS on Reuters.
MEMM is able to understand that OPENCALAIS is an expert on identifying Person,
therefore it trusts the system and achieves a comparable high accuracy (94% and

89% on the two datasets respectively). The extreme side of this spectrum is when

47



MEMM is capable of doing better than all annotators put together: a striking case is
the concept CommercialOrg, where MEMM improves the accuracy by more than 20%
against base annotators and more than 10% against the the unsupervised WR. This is
due to an interesting pattern that MEMM is able to infer: annotators often correctly
label the concept Organization, and in the majority of the case the probability of an
Organization being a CommercialOrg is high; MEMM understands such patterns from the
training data and can annotate CommercialOrg even when none of the base annotators
provide this concept. This is a typical example of the capability of MEMM of deriving
the correct concept, even when the concept is not returned by any of the involved
annotators. Obviously, this kind of pattern depends mostly on the training data, and
this pattern may not longer holds when expanding the dataset to different sources (and
may not be derived by MEMM with sufficient training examples). But the result does
show the capability of MEMM of deriving patterns within the data or the annotators,
when such patterns do exist.

WR shows an overall high precision, competitive with MEMM. This is because it
considers a concept C correct only when the majority of the “judges” who are expert
about C tagged the span with (a subclass of) C — indeed, such a signal turns out to be a
strong indicator of correctness. When the majority of the base annotators is competent
over a certain concept, WR delivers also good performance in terms of recall, in some
cases even higher than individual annotators. For example, most of the annotators are
consistently competent on concept Country, with F-score above 75% (only ZEMANTA
delivers significantly lower accuracy). In this case WR achieves a precision of 90% while
still having recall comparable with OPENCALAIS, the most competent annotator for
this concept. However a more common scenario is when the recall of individual systems
is rather low (annotators have a concept in their vocabulary, but are not able to identify
most of the instances). In this case WR cannot achieve competitive recall, since most
of the instances lack sufficient support to be considered correct — WR does not have
enough evidence to induce the correct annotation. For the concept Person discussed
above, the only annotators with high recall are OPENCALAIS and EXTRACTIV, hence
the F-score of WR is much lower w.r.t. other cases.

The major advantage of WR w.r.t. supervised approaches is its resilience to sparsity
in the dataset (in particular in the training set). For the example of PhoneNumber
discussed above, where MEMM performs quite poorly, WR has a score comparable
with the best individual annotators. Indeed WR does not suffer on the number of
instances of a concept, it suffers mostly on the inaccuracy of the involved annotators.
Eventually, for what concerns the Baseline, the results are as expected: a very good
recall (always equal to the sum of base annotators’ recall), but an extremely poor

precision (which reflects the incorrectness of the base annotators).
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3.3.3 Comparative Evaluation

In this set of experiments we evaluated WR (as well as MEMM) against the Fox [13§]
and NERD [130] NER aggregators on all datasets. FOX combines annotators’ opinions
via neural networks, in order to determine the optimal combination of annotators. It
does not use any ontological information. NERD is a more recent approach, where
background knowledge is exploited for the integration, along with machine learning
techniques to capture the best combination of annotations. NERD uses an ontology
that does not contain disjointness constraints, hence conflicts cannot be automatically
detected.

Even though we focus mostly on web-based annotators, in order to compare our ap-
proach against FOX we aggregated opinions of two software-based annotators, namely
the STANFORD NER and ILLiNOIS NER, as well as 4 others web-based annotators
that are not reported in the individual experiments — namely SAPLO [9], WIKIMETA [11],
LupeDIA [6], and YQL [12] (though individual results about these annotators can be
examined online at [§]). Figure|3.4|summarises the results and clearly shows that both
aggregation techniques discussed in this chapter are at worst comparable with Fox
and NERD and in average outperform the other two aggregators of more than 15% in
F-score on the MUCT, Fox, and Reuters datasets. The NETagger corpus represents an
interesting case with high data sparsity. In fact, not only does NERD show a better
behaviour, but also MEMM is regularly outperformed by WR on every concept of this
dataset. On the other hand, the difference in performance is less evident on the Fox
corpus where FOx and MEMM behave very similarly, but they are often outperformed
by WR (again due to data-sparsity issues in the dataset). Since they both use machine
learning techniques, FOX and NERD suffer as well from data sparsity, just like MEMM.
Moreover, FOX is capable of recognising only high-level concepts (Person, Organiza-
tion, Location, Date, Time), while NERD’s vocabulary is larger (around 50 concepts).

The vocabulary of our aggregation methods consist of the union of the vocabularies of

#MEMM mWR = Fox »MEMM ®BWR # NERD
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0.8
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Figure 3.4: Comparative Evaluation.
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all the annotators involved, which at current includes almost 400 concepts. For WR,
expanding the vocabulary is basically no effort: we just include a new annotator and
map its concepts to the merged ontology. For MEMM instead adding a new annotators
implies re-labelling the training dataset with new annotations.

The full suite of test results (including evaluation on 11 different annotators), to-
gether with all the text resources, the annotated gold standards, scripts to compute
ontology-aware precision and recall, and the merged ontology, is available at the online

appendix [§].

3.3.4 Bootstrapping Evaluation

As mentioned in Section [3.1.5] we can also use an hybrid unsupervised-supervised
approach. In an initial bootstrapping (supervised) phase we first compute weights for
each annotator (weights that express a quantification of the precision and the recall
of the annotators), and then we use these weights when aggregating the annotators’
responses. The set of documents over which weights are calculated obviously will have
a large impact on the results. We have tested two ways of computing weights: (i) the
bootstrap approach described in [3.1.5] using the entire test corpus as training set;
(i1) the weights computed by MEMM in its training phase. As previously discussed,
supervised approaches work pretty well for concepts that have density in the training
data (Person, Place, and Organization), while they are not able to generalise correct
weights for concepts with a limited number of instances (see the PhoneNumber example
discussed above). This reflects in the computation of weights: the bootstrap approach
works well for general concepts with high density, but its performance are extremely

lower on more specific concepts (those with a limited number of instances).

3.3.5 Scalability

In Section we proved that an optimal solution can be computed efficiently. In
the last set of experiments we empirically study the amount of resources required
to compute a solution for the integration, both for the unsupervised approach and
the supervised one. Figure shows the (per-document) average computation time
w.r.t. an increasing number of annotators (2 to 11) and for all four different corpus.
As expected, WR is very fast and it can compute an optimal solution for a single
document on the order of 300 milliseconds in the worst-case. WR’s performance is
directly correlated with the number of annotated spans to be processed, and that is
considerably higher in the MUC7, NETagger and Reuters corpora than in the Fox corpus
(hence why the differences in performances). With the supervised approach instead,
the time to compute an optimal solution is affected by the number of concepts to be
taken into account and on which MEMM has been trained. This is why the Reuters

corpus takes significantly longer than other corpora, where fewer concepts are involved.
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Figure 3.5: Aggregation Performance

The training phase in MEMM takes between 68 milliseconds (2 annotators and 3
concepts on the Fox corpus) and 2 minutes (11 annotators and 215 concepts on the
Reuters corpus). Overall, both in the supervised and unsupervised setting, the time
required to compute an optimal solution is dominated by at least one (or two) orders of
magnitude by the time required to send the various requests to the online annotation
endpoints and collect the responses. As an example, CICEROLITE takes about 60
seconds to annotate a medium-sized (i.e., 3-4 Kb) document. Generally, none of the
studied annotators is capable of producing a response in less than 2-3 seconds. Also,
both MEMM and WR have negligible memory consumption when compared with the
size of the raw annotations.

Moreover, since we consider each span at time independently and we do not use any
cross-spans information, both WR and MEMM could run their integration algorithms
in parallel for each span. Therefore, we do not report the running times w.r.t. the size

of the document, that can be easily reduced by parallelising the computation.

3.3.6 Summary

We can summarise the finding of our experiments as follow:

1. Aggregating semantic annotations of individual annotators is always beneficial in
terms of recall. In terms of overall accuracy, aggregation shows consistent benefit
except few cases where the majority of annotators contribute wrong annotations. If
the majority of annotators provide the correct answer, then the aggregation is also

capable of deriving the correct answer.

2. Although supervised aggregation delivers overall higher accuracy, unsupervised ag-
gregation is to be preferred when no training data is available. Moreover, adding
a new annotator and expanding the vocabulary has zero cost in the unsupervised

setting.

3. Our proposed unsupervised approach consistently outperforms existing annotation

aggregation approaches, as well as the supervised algorithm in some cases.
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4. Aggregation does not impact the scalability of annotating a single document, since
it is always dominated by one or two orders of magnitude by the annotation time

of individual web-based annotators.

3.4 ROSeAnn: an Available System

We implemented our middleware for aggregating semantic annotators in an online
available system: ROSeAnn (Reconcile Opinions of Semantic Annotators). ROSeAnn
offers two main functionalities: on the one hand it is an entry point for the invocation
of several web-based annotators (and easily extensible with additional annotators), on
the other hand it aggregates opinions to give a unified and consistent annotation on
top of several (possibly incorrect) annotators. ROSeAnn is implemented almost entirely
in Java, with few additional technologies for specific purposes. In the next 3 sections
we explain in details how to use ROSeAnn: (i) as a graphical user interface, (i) as a

programmable API, (iii) as a black box web service.

3.4.1 Graphical Interface

The first and most straightforward way of using ROSeAnn is through its GUI. One can
download an executable file (both for Windows and UNIX environments) to launch the
GUI ([8]) and graphically use ROSeAnn’s functionalities.

The GUI is shown in Figure (left-hand side). The top part of the GUI (A)
consists of a menu bar for basic operations, such as open a new document, annotate a
document, and save an annotated document. With the last button we can configure
ROSeAnn: we can specify which annotators to invoke, annotator-specific parameters
and whether we want to use the aggregation algorithms or not. After we open a new
document, the text is displayed on the main text area of the tool (B). Documents can

be annotated via the green arrow button of the menu bar, and once annotated, the
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right-hand side of the tool shows specific boxes for the list of annotators (as well as
aggregators) returning at least one annotation (C), and the list of concepts retrieved
over the document (D), organised in a hierarchical representation according to sub-
class relations in the ontology. The bottom part of the GUI eventually displays some
explanation messages for each operation (E). We can tick one or more annotators (as
well as aggregator methods), and the text snippets annotated by the ticked annotators
(aggregators) are shown on the text with the relative background colour (F'). We can as
well tick one or more concepts, and the text snippets annotated as those concepts are
highlighted on the text with a coloured bounding box (G). Hoovering the mouse over
a highlighted text span triggers a pop-up window that contains all the opinions of the
annotators and the aggregators on the given span (G). Eventually the box right below
the main text area shows information about semantic conflicts. For each conflicting
span it reports the text of the span, the start and end character, and the number of
(strong and basic) conflicts (H). We can click on a conflict, and the corresponding text
snippet will start blinking for three seconds on the main text area. If we hoover the
mouse over that text area, a pop-up window shows information about the identified
conflicts other than individual opinions (I). If the user is satisfied with the result, she
can save the annotated document along with the semantic information. The document
and the annotations are saved in a XML format, similar to the one used in GATE.
Annotation and visualisation over text documents is a functionality offered by most
of the annotation tools. An innovative component in ROSeAnn is the possibility of
annotating web pages, as well as pdf documents. Through the menu bar of the GUI we
can open a Mozilla Firefox browser and navigate to a target web page, as well as loading
a pdf document from the file system. Annotating a web page (pdf document) triggers
three different actions: (i) the extraction of visible text parts of the document; (7i) the
annotation (and aggregation) of the extracted text; (%ii) the mapping of semantic

information from the text to the original document. Figure shows an annotated

Top Stories
jets hit rebel bases  E=¢E

(a) Web Pages Annotation (b) Web Documents Annotation

Figure 3.7: ROSeAnn Innovative Components
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web page and a pdf document ([3.7b). All the actions described above are
available also on web pages and pdfs. Web navigation and visualisation over web pages
are provided via the Firefox Selenium APIE]While for pdfs we used the Apache PDFBox
libraryE] Due to the limitations of the Selenium library, web annotations are currently
available only on Linux platforms. The extension of web annotations to any platform

is a current ongoing work.

3.4.2 Java API

The most powerful way of using ROSeAnn is to embed it into user-defined applications
via its Java API [8]. The API offers all the functionalities described in this chapter,
plus user-friendly functions to access semantic information retrieved over input docu-
ments. In order to use ROSeAnn, the user must first configure few parameters. These
include the base annotators to be invoked, annotator-specific parameters, the aggrega-
tion algorithms and the input ontology. A mandatory parameter to be specified is the
license key for each base annotator that requires it, otherwise the annotator cannot be
queried. ROSeAnn has been designed to be highly extendible, therefore adding a new
base annotator or invoking a different aggregation algorithm is just a matter of writing
Java classes that implement specific interfaces.

As mentioned in Section [3.1.3.1, ROSeAnn is based on an external ontology that
is implemented as a set of materialised files. If the user wishes to use a different
ontology rather than our merged one, she first needs to create a materialised version
of it. ROSeAnn offers APIs that, given an OWL file containing the ontology axioms,
creates the set of materialised files that can be directly queried by ROSeAnn. The
OWL file is processed with the OWLIM-Lite reasoner.

After setting all the required parameters and the desired ontology, the user can
invoke ROSeAnn with text documents, web pages, and pdf documents. Documents can
be annotated and aggregated, and the user can access all the retrieved information
such as annotations, attributes of a specific annotation, conflicts, type of conflicts,
aggregation algorithms output. When annotating web documents we can also retrieve
information about the web page, such as the DOM node of a specific text snippet. Pdf
documents offer similar features, and the user can retrieve visual coordinates of specific
parts of the original document. The GUI described in the previous section can also be
launched via the API, and the user can interact with it via specific GUI functions.

The Java API is released via Maven integration, and does not require the download
of any specific file. Other than Maven, the API can also be invoked by downloading
a single Jar file. Eventually, if the user needs to add or modify some of the offered
features, we released all the source code of ROSeAnn. She can download the entire

suite as a single archive and modify /extend the source code.

3http://www.seleniumhq.org/
“https://pdfbox.apache.org/
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3.4.3 Web Service

As a last option, if the user wishes to integrate ROSeAnn in her application faster
than using the Java API, she can invoke the web serviceﬁ Similarly to web annotator
endpoints, ROSeAnn can be invoked through a REST web service. We offer two end-
points: (1) /text, to annotate textual content provided as input parameter; (i) /web,
to annotate web pages providing the url of the page as parameter. Both endpoints can
be queried via a GET and POST request. In the GET request the user can specify
only basic parameters, such as the text to annotate or the annotators to invoke; in
the POST request she can specify more detailed parameters, such as annotator-specific

values. An example of GET request on the text endpoint is given below. The request

curl -i -X GET http://163.1.88.61:9091/roseann/text?
text=Obama+Barack&timeout=8000&aggregator=true&annotators=illinoisNER&lupedia&stanfordNER&yahooAPI

specify the text to be annotated, a timeout of 8 seconds (if an annotator takes more
than this time to produce an answer its output is ignored), whether to invoke or not the
aggregation algorithms, and the list of base annotators to be invoked. All the parame-
ters are optional, except the text parameter in the text endpoint and the url parameter
in the web endpoint (the web page to be annotated). For each parameter a default
value is provided if not specified (e.g., the default value for the timeout parameter is
60 seconds).

The response consists in a JSON object, and it is the same for both endpoints.
It contains the status of the response, the set of annotations, a set of attributes for
each annotation, the set of conflicts and the set of aggregation results (if requested).
If for some reasons the request cannot be processed or some problems are encountered
during the computation, an appropriate HT'TP error code is returned.

The web service offers a limited set of functionalities w.r.t. the Java API, however
it is the fastest way of embedding ROSeAnn into user applications. It can be queried

at anytime, and it is capable of handling 30,000-50,000 requests per second.

3.5 Related Work

The main area of the aggregation technique described in this chapter is information ex-
traction, but takes inspiration from truth-finding, data integration, and inconsistency-
tolerant reasoning. In this section we summarise the most relevant related works.
Named Entity Recognition. Research on Named Entity Recognition (NER)
systems can be currently grouped into three strands, according to the sources of infor-

mation that are leveraged in order to produce textual annotations. Language-driven

Shttp://diadem.cs.ox.ac.uk/diadem/index.php/component/content/article/
88-prototypes/80-roseann-web-api.html
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approaches represent the tradition in NER and exploit knowledge about the natural
language to derive linguistic patterns — typically in the form of rules — that, once applied
to the text, extract instances of the entities of interest. A notable system in this sense
is KNOWITALL [67], that uses eight pre-defined extraction patterns to generate candi-
dates for extraction that are then statistically validated over a corpus. The extraction
patterns in this work are manually defined. Pre-defined linguistic patterns work well on
edited text documents, such as journal articles and books, where the sentences are well
structured, but are less effective on irregular documents, e.g., classifieds and tweets,
where the sentences are poorly structured. Self-supervised learning approaches have
therefore been proposed that use additional information such as POS-tagging labels to
identify the most likely candidate for the extraction. This can be done, e.g., by training
a suitable classifier as in TEXTRUNNER [21]. TEXTRUNNER, despite leveraging on a
machine learning algorithm, cannot be classified as a supervised method, since positive
and negative examples are automatically generated via obvious candidate entities.

Knowledge-driven systems use unstructured, i.e., gazetted, or structured, i.e., on-
tological, background knowledge to locate the entities of interest in a text document.
Many research efforts have tried to leverage on an external background ontology, we
usually refer to such approaches as ontology-based information extraction (OBIE). On-
tologies can be used to: (i) drive the construction of meaningful linguistic-patterns
as in LEARNINGPINOccHIO [47], CROSSMARC [101], and 2PP [108]; (ii) refine the
extraction rules as in PANKOW [46] and NAMIC [22], or (iii) logically validate the
result of the extraction as in SOBA [33] and Maedche et. al. [110] or, simply, (iv) link
the extracted entities to a reference ontology as in DBPEDIASPOTLIGHT [114] and
KIM [102].

As a last group of NER systems, most commercial entity extraction tools are data-
driven, i.e., they replace sophisticated annotation techniques and background knowl-
edge with very large amounts of data (usually from the web) and relatively straight-
forward machine learning techniques. These systems obtain relatively high accuracy
in an open domain by restricting the type of entities to be extracted, e.g., to persons
and organisations. Notable representatives of this class of systems are ALCHEMYAPI,
CICEROLITE, OPENCALAIS, and ZEMANTA, which are also discussed in this work.
The main problem with these tools is their poor performance on documents that do
not belong to the training domain, as shown in Section [2.4]

Combining annotators. Usually approaches that tackle the aggregation of mul-
tiple NER systems have exploited voting mechanism or variations of it [105]. As also
noticed in [I136], a voting-based aggregation is heavily biased by the type and number
of annotators. In particular, voting mechanisms do not work particularly well with
web-based annotators, since the coverage of concepts that are claimed to be recognised
is very limited and this obviously affects the quality of the outcome, especially when

we do not assume any prior knowledge about individual systems. As anticipated in

26



Section [3.1.5] a bootstrapping approach that assigns weights to the annotators to re-
flect the confidence in their annotations is an obvious way of overcoming the voting
limitation. In [I36] the weights are computed using an exponential model inspired
from meta information retrieval systems [20]. A major problem with this model is
that weights are determined on a per-annotator basis, without taking into account
the performance of an individual annotator on different concepts. In our experimental
evaluation we proved that the same annotator can be reliable on a subset of concepts,
while its performance may drop significantly on a different subset. To overcome this
limitation, rather than assigning general weights to individual annotators, we need to
assign weights to pairs annotator-concept. Our bootstrapping procedure works at such
fine granularity, producing weights for each annotator-concept pair. Alternative simple
voting mechanisms are also often complemented with thresholding [99], that outputs
annotations only if they exceed a minimal support. Annotators have very different
vocabulary coverage, and there are entities that can be correctly identified by a single
system. As a matter of fact, 8 (out of 11) of the evaluated systems contain at least one
concept that is not identified by any of the other systems. Thresholding on support
would lead to a substantially drop in recall. Take as example the concept Commer-
cialOrg, identified only by CiceroLite. This concept has at least one instance in each of
the document of our corpora, and using an arbitrary threshold on it would decrease the
overall accuracy of about 20%. Our repair-based approach, in contrast, is not limited
by any arbitrary threshold.

Machine learning techniques is a straightforward way of combining annotators,
especially to determine the optimal combination of annotators w.r.t. to their accu-
racy. Among others, the most popular techniques are neural networks [138], support
vector machines [64], classifier stacking [80, 147, 152], and conditional random fields
(CRFs) [136]. The underlying idea of all these approaches is to combine classifiers in a
meaningful way to obtain a general truth-finding model. None of the approaches above
uses ontological knowledge to determine logical conflicts caused by the aggregation. Be-
ing generic, these techniques often fail to take into account specific information about
the context or the semantics of the text. A recent approach, namely NERD [130], proved
that ontological background knowledge — that already proved beneficial for generating
the annotations — can also help in the aggregation of multiple annotators by locat-
ing logically incoherent annotations. However, the NERD ontology does not contain
disjointness constraints and therefore they must use a different way to automatically
detect conflicts. We are aware that NERD uses machine learning techniques for the
integration as reported in [143], but such techniques are not explained in the documen-
tation when invoking its web service. Our approach uses directly the ontology (and in
particular the disjointness constraints) to automatically detect problematic spans and
make them consistent w.r.t. the ontology. As an interesting future work we want to

evaluate other machine learning methods than MEMM), such as CRF's, and how they
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can be adapted to consider ontological rules. There is a wide range of variants for
both CRFs and Maximal Entropy Markov models (e.g., in the objective function used
to train models [98]). In Section , our approach experimentally outperformed the
main machine learning approach which was freely available, Fox [I38]. Florian et.
al. [80] reported experiments on the Reuters corpus with F-scores very similar to the
macro and micro measures of our repair approach. Their system also won a CoNLL
competition. Unfortunately we could not find an available implementation of it.

A possible way of extending our repair algorithm is to incorporate deep knowledge
about annotators, when such knowledge is available. Michelakis et. al. [I16] look at
the combination of the annotation rules adopted by each annotator. It makes use of
a maximal entropy classifier, but with “evidence vectors” being the output of rule-
based annotators. Our approach instead has been designed to treat annotators as
unknown “black-boxes”, such that the integration of new systems requires very minimal
effort. Moreover, they completely neglect semantic relationships within the vocabulary
of annotations. Our unsupervised method takes inspiration from classic judgement
aggregation techniques [96], where the final solution captures judgements that are at
a minimum aggregate-distance from those of individual experts. However, most of the
traditional aggregation methods use techniques that exploit how individual experts
reach a conclusion, thus treating experts as transparent “white-boxes”.

Relation to other areas. In a different area — that of asserting the quality and
the trustworthiness of web sources — work has been done on trying to estimate the trust
and dependence of sources [61], 86] and produce a truth-finding model. For example,
Dong et. al. [61] use iterative algorithms to determine the level of trustworthiness of
each web source. In a bootstrapping step a voting strategy determines an initial value
of reliability, and then values are iteratively refined by considering agreeing/disagreeing
outcomes on new sources. Here trust is naturally attributed globally to a web source,
without a fine-grained granularity that judges sources on specific entities. These tech-
niques are complementary to our aggregation methods since they exploit redundancy
across different web sources to determine true assertions (similar to what has been
done to compute web wrappers [32]). We could expand our technique with a further
validation step, where annotations referring to the same event (e.g., websites publishing
same news) are validated via integration algorithms described in these works.

Another complementary body of works studies how to detect and repair inconsis-
tent facts in automatically created ontology, e.g., YAGO [140]. SOFIE [141] uses
common-knowledge rules to detect, delete or repair logically inconsistent facts. As
mentioned above, these techniques can be incorporated in our repair approach when
additional knowledge about annotators is available. If we consider the example shown
in Figure rules could be used there to restrict the combination of valid concepts

that appear in nested annotations. For instance the name of a museum usually con-
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tains also the name of the country/city in which it is located, while people citations
may contain the position/title of the person.

Our repair-based aggregation is close in spirit to consistent reasoning for inconsis-
tent ontologies [I31]. However, such techniques cannot be straightforwardly applied
to our setting where inconsistent assertions can be stated multiple times and the logi-
cal consistency also relates to the way annotations are contained into each other. We
consider scoring of repairs due to the support of the facts they remove. Scoring of re-
pairs also arises for numerical integrity constraints |27, [79]. Unlike in our case repairs
can only have non-negative scores, and this impacts the technical development of the

solution dramatically.

3.6 Towards an Alternative to Redundancy

In this first part of the thesis we presented ROSeAnn, a named entity recognition tool
that produces semantic annotations on top of existing web-based annotators. Web-
based annotators are often inaccurate and incomplete, and we showed how these sys-
tems are not always reliable in recognising semantic entities. We showed significant
differences among systems in vocabularies and performances, and how these differences
can be exploited in aggregating different opinions of individual systems. ROSeAnn
leverages frequent conflicts among annotators in order to produce a consistent solu-
tion that maximises a suitable defined objective function. We proved the effectiveness
of combining different vocabularies in a big merged ontology, which is the only man-
ual part required in this work. Since each base annotator is treated as a black-box,
adding/removing an annotator is just a matter of adjusting the merged vocabulary.
We empirically evaluated ROSeAnn and showed that it outperforms every single base
annotator, as well as every aggregation tool available, making it the most accurate
unsupervised system for named entity recognition.

Instance-level redundancy across multiple sources is a technique widely used in dif-
ferent areas, such as table/list segmentation [40] 65], data cleaning [43], [73], web data
extraction [32, [44]. The underlying idea of these approaches is to compare data from
different sources, and divide the information into clusters such that pieces of data be-
longing to the same cluster are semantically coherent and similar. The study on named
entity recognition that we presented in this and the previous chapter provides a valid
alternative to redundancy. Extracting entities from free text is equivalent to clustering
text snippets according to their semantics, where a semantic cluster corresponds to an
annotation concept. Annotators encode redundancy in their extraction algorithms and
rather than comparing data from multiple sources, data is classified according to their
internal rule engines. Redundancy-based approaches face two main obstacles: (i) we
cannot always leverage sufficient redundancy for every piece of information to extract;

(11) redundancy suffers of a scalability problem — since it requires the comparison of
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sources with each other, redundancy methods do not scale with an increasing number
of sources. These obstacles can be easily overcome by encoding redundancy in named
entity extractors.

In the next part of the thesis we will show how we can replace redundancy with
named entity recognition to solve the problem of repairing web data. As a valid alter-
native to exploit redundant data, we will show an approach that scales well with the

number of input web sources, and that requires minimal effort to tune annotators.
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Part 11

Data Cleaning and Repair

“Perfection is immutable.

But for things imperfect,

change is the way to perfect them.”
— Quwen Feltham
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Chapter 4

Web Data Extraction: the Need for
Cleaning

In this second part we focus on the main challenge of this thesis work: induc-
ing rules to clean and repair web extracted data along with the extraction process
that generated such data. Rather than using cross-site, instance-level redundancy, we
will propose a novel approach to repair web extracted relations that encodes existing
background knowledge with the ensemble of entity recognisers presented in the previ-
ous part. In this chapter we recall main techniques in web data extraction and why
database cleaning solutions are inappropriate in this scenario, while the next chapter
describes our original solution to repair data extracted from the Web with regular
expression-like rules.

The Web has become the largest repository of data ever built in human history.
If we consider the United States for instance, the number of online shopping websites
with revenues of more than $10,000 is estimated of being more than a hundred of
thousand [I12], with most of the data published in structured format — information
is published as collection of records or objects, where each record contains a set of at-
tributes that defines specific properties of the record (e.g., a record could be a movie
with an attribute title, or an electronic product with an attribute price). A comprehen-
sive knowledge of information on the Web is usually divided into two main portions:
(i) a heavy head, where a few hundreds of large websites provide information about
the majority of the records (usually aggregators); and (ii) a long tail, where the re-
maining part of the information is scattered over several hundreds of thousand smaller
websites. Even though the majority of the information is published by the heavy head,
a significant portion of data is only available in the long tail [57].

With the increasing volume of information on the Web, web data acquisition plays
an important role in modern organisations and is a strategic business process for data-
driven companies such as insurers, retailers, and search engines. The abundance of
web data has made web scraping (also known as web data extraction or web wrapping)
an essential tool in data acquisition processes. Web scraping processes range from

expensive manual data collection and purchasing (such as exploiting websites’ API to

62



collect data of interest), to cheaper but often technically challenging methods such as
automated extraction and crowdsourcing.

Roadmap. In this chapter we first introduce techniques for web data extraction
(Section , with a particular focus on automated extraction. Automated extraction
often suffers of the major problem of producing dirty data, so we revise some of the
most relevant techniques to clean such data in Section 4.3 and Section Eventually
Section concludes the chapter with a brief explanation on why these techniques are

not suitable for cleaning web extracted data.

4.1 Web Wrapper Induction

Web data acquisition plays a central role in information extraction due to the abun-
dance of data on the Web. Nowadays we can find almost any kind of information on
the Web, information that is mostly available in HTML pages, designed for humans.
Sometimes web data is easily accessible for machines, e.g., via web API. As an exam-
ple, Linkedin offers a web AP]E] through which developers can automatically gather
information such as the job of a user or her Linkedin skills. However, often web data
is not that easy accessible and web scraping is the only viable data collection method
for websites.

Web scraping refers to the process of inducing a wrapper for a web source in order
to extract relevant information from it. A wrapper is a program that turns web content
into some form of structured format, so that the extracted information can be easily
queried. Consider the example in Figure showing a website (waterstones.com)
publishing information about books. A wrapper for this source should be able to
extract all the attributes of the book — namely Title, Author, Cover, Price, Publisher,
and ISBN, surrounded with a green bounding box in the figure — in order to turn the
web content into a structured format (e.g., the relation table at the bottom of the
figure). If we can extract data about all the books published on waterstones.com (or
even better from any books website), then answering queries such as “Give me all the
books of Agatha Christie” or “Is the price of The Lord of the Rings less than £107”
would become a trivial task.

Web scraping typically relies on inducing a wrapper for every source, and in this
direction semisupervised approaches have extensively investigated the problem [23], 55].
Semisupervised methods usually produce precise and correct data, however they require
users to supervise the extraction by identifying data on each website and providing
extraction examples. Clearly, techniques that rely on human supervision do not scale
with an increasing number of sources and they are not feasible when we target the
long tail — which implies extracting data from hundreds of thousand sources. To

overcome this limitation, a number of fully automated techniques for web scraping

"https://developer.linkedin.com
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Figure 4.1: Web Data Extraction on waterstones.com

have recently emerged, ranging from visual analysis of the rendered page to DOM tree
mining [51) 82] 94, [156]. Wrapper induction systems usually inspect a limited set of
records from the same source, and based on similarities/differences of the examples,
induce extraction rules that are then applied to the entire source. The revitalisation
of the area is also evident from a growing number of web scraping startups (e.g.,
IMPORT.10, DIFFBOT, SCRAPINGHUB, LATTICE.I0), as well as recent acquisitions
(e.g., BLackLocus by HOME DEpPOT, L1xTO by MCKINSEY).

Automated web scraping is a powerful data acquisition technique, but unfortunately
automation comes at a price, and this price usually consists of errors in the extracted
data. Automatically induced wrappers are indeed more error prone than those cre-
ated by humans, resulting in dirty and incorrect data. As an example, Figure 4.2
shows the outcome of the application of a wrapper generated by ROADRUNNER [51]
on the webpage shown in Figure [4.1} This example highlights some of the common

issues found in data generated by automatically induced wrappers: (1) Under/over

Attribute_1 Attribute_2 Attribute_3 Attribute_4
Harry Potter and the J.K. Rowling £8.99 £6.74 Publisher: Bloomsbury
Half-Blood Prince Publishing PLC ISBN:
(Paperback) 9781408855706

Figure 4.2: Web Data Extraction on waterstones.com with ROADRUNNER
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segmented attributes refer to the issue of attribute values split over multiple columns
or a column containing multiple attribute values. As we can see in the figure, the
ROADRUNNER wrapper incorrectly extracts Title and Cover (as well as Publisher and
ISBN) together within the same attribute. These are commonly caused by irregu-
larities in the HTML markup, or by the inability of wrapper induction systems to
segment different attributes within the same DOM text node. Indeed often websites
publish multiple attributes within the same DOM text node, and wrappers are able to
extract only entire DOM node values (as it is the case of the webpage of Figure [4.1).
(2) Missing or incorrect column types happen when the generated wrapper is incapable
of assigning a meaningful label to extracted attributes. ROADRUNNER assigns labels
only if these are explicitly stated on the website, otherwise columns are just named
with progressive numbers (Attribute_1, Attribute_2, etc.). Such errors are associated
with the lack of domain knowledge or suitable explicit labels in the source. (3) Mis-
placed and missing values (not present in the figure) reflect the inability of the wrapper
to extract all the relevant information from the source, or to misclassify some of the
extracted data. Irregularities in the source, ambiguities in the content, or a not rep-
resentative set of examples considered in the induction are some of the typical causes
of these errors. (4) Spurious content happens whenever the extracted data contains
irrelevant information. As we see in the figure, the strings “£8.99”, “Publisher:”, and
“ISBN:” are additional content that is not of interest.

Data shown in Figure is clearly unusable. The information is somehow repre-
sented in the extracted relation, however it is impossible to query. Such data requires
a further step of data cleaning, in order to overcome errors introduced during the

extraction and realign the data to its original source.

4.2 Web Data Repair: New Challenges

Web extracted records contain specific problems that are not common in traditional
data cleaning settings. Classic cleaning algorithms are not suitable for web records,
especially if we target the long tail (i.e., extraction is performed on hundreds of thou-
sand web sources). Techniques such as manual definition of cleaning constraints or the
identification of suitable training examples are too expensive to scale with the size of
the Web. Furthermore, relying on external experts or knowledge of information would
limit the extraction to only those few domains where such an external knowledge is
available. Even more recent techniques such as list segmentation or table induction
would fail when applied to web records, given the presence of spurious and misplaced
content that traditional algorithms would not be capable to deal with.

On top of the problems mentioned above, data acquisition through wrapper gener-
ation is not a static process that is executed once and for all, but rather an ongoing

process where the same wrapper will likely be executed many more times in the future.
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Due the dynamic nature of the Web, where published data is constantly updated and
modified, an up-to-date data extraction strategy must inspect websites continuously,
and thus wrappers are likely to be executed monthly, daily, and sometimes even mul-
tiple times per day. Therefore just repairing the extracted data is often not sufficient,
since re-applying a data repair step for each wrapper execution may be too expensive.
Rather than repair the extracted data, a more suitable approach would be to tackle
the problem at its origin, by repairing the program that generated the data (the wrap-
per) such that future executions would produce clean data that does not need to be
repaired. Scalable tools for continuous maintenance of both the induced wrappers and
the extracted data are still largely missing. In the next two sections we give a brief

overview of the state-of-the-art solutions in data cleaning.

4.3 Data Cleaning

Data cleaning, sometimes also referred as data cleansing or data repair, is the process
of detecting and repairing errors and inconsistencies from data in order to improve
the quality of data [124]. Data cleaning is a long-standing challenge in the database
research, emerged mostly when multiple data sources need to be integrated, e.g., in
data warehouses. The process is one step of the more general problem of data inte-
gration [106], that tackles not only the cleaning problem, but also the elimination of
duplicates and the integration of different representations of the same object.

As shown in Figure [4.2] web extracted data via automatically generated wrappers
often needs to be cleaned. Even though data cleaning mostly refers to databases, similar
techniques can be applied to the web scenario, where sources are websites rather than
conventional databases. Research efforts in this direction can be classified into three
main categories, according to the underlying techniques used for cleaning.

Rule Based. The first body of work that tries to repair inconsistencies in databases
relies on the definitions of rules or constraints. A database is said to be dirty if one (or
multiple) of its tuples violates a given set of integrity constraints, and the data cleaning
process consists in making the database consistent w.r.t. the set of constraints [30),
48, 69, 88, 137]. With respect to Figure , examples of constraints may be that a
price is a number that cannot exceed the value of £1,000 or that ISBN is a 13 digits
number. Most of the approaches that address data cleaning via constraints definitions
rely on the existence of pre-defined constraints, and derive fast algorithms that make
the database consistent minimising some cost functions (e.g., the number of repair
operations). Even though the process sometimes can be facilitated via an intuitive
graphical interface [54] 85 [125], manually deriving constraints is an expensive process.
This is particularly true on the Web, where the information is gathered from hundreds

of thousand sources and each source may require a different set of constraints.
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Machine Learning. Several cleaning techniques adopt machine learning (ML) al-
gorithms to detect and repair dirty databases. Yakout et. al. [I54] propose a cleaning
model that maximises the likelihood of the data given the underline data distribution
(modelled using standard ML techniques), similar to [104] where an initial examples
seed is exploited to iteratively discover attribute outliers (and consider these as erro-
neous values). Cleaning dirty data with ML can be problematic due to the existence
of noise in the data to be processed, which can bias the learnt model with errors in
the training data and thus introduce serious negative impacts [161]. In fact the main
obstacle when training underlying models is the collection of positive and negative
examples, which is an expensive process often slowed down by the limited availability
of representative examples. This is particularly true when values to be repaired are
collected from thousand of web sources, where each source may require a different set
of examples in order to predict different classes of errors.

Collaborative Data Cleaning. A more recent research trend aims to improve the
accuracy of the data by using external and additional information, in collaboration with
standard data cleaning techniques. Some approaches leverage on external (reliable)
knowledge bases in order to automatically detect erroneous information [43], while
others rely on the presence of domain experts or master data that provide ground truth
values [72,[125] [148]. As an example, a reliable external knowledge of information might
state that Frank Sinatra was born on December 12th, 1915, and we can automatically
detect (and correct) all the tuples in the database that contradict that information.
Other approaches use as an external knowledge of information the crowd [43] [157],
where data is validated through the generation of simple questions to be confirmed by
an inexpert population.

The main problematic aspect when using an external source of information is that
such a source is not always available, especially when data is extracted from vertical
web domains that are not widely popular. With this respect, the crowd may be a good
alternative solution, however typical crowd-sourced tasks must be carefully designed
(usually broken down into very simple pieces [123]) in order to avoid ambiguities and
misunderstanding, as well as crowdsourcing approaches cannot be treated as traditional

data processing tools (e.g., quality-control mechanisms must be developed) [81].

4.4 Table Segmentation

Most data cleaning algorithms rely on the binary decision that a given attribute value
is either correct or incorrect. Incorrect values are then targeted to be replaced (or
deleted). As shown in Figure [£.2] web extracted data usually suffers from a different
problematic nature. Indeed data is somehow extracted in the relation, however it is
not correctly segmented and aligned to the reference output schema (plus the presence

of some spurious content that needs to be removed).
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A more relevant body of work close in spirit to web data cleaning is list segmen-
tation/table induction algorithms. These approaches tackle the problem of inducing
structured attributes from unstructured (i.e., wrongly segmented) list of values. As an
example, TEGRA [40)] is a recent work that given a set of strings extracted from web
tables (each string is a row of the table), clusters groups of words from each string
according to their semantic similarity — each group of words consist of an attribute
value. By doing so the authors aim to reproduce the original table semantic (i.e., the
original attribute values), since often on the Web column labels are not specified or
are semantically ambiguous. Segmentation problems are rooted in other areas such as
bio-informatics [93], where subparts of long sequences of characters need to be tagged
according to some pre-defined categories (e.g., DNA).

Traditional table induction approaches try to solve the problem by leveraging some
form of supervision. Many of these match values to be segmented against an ini-
tial seed of correctly segmented records [50, 100, 117], while others require positive
and negative examples of valid column values to train a suitable classifier capable of
segmenting target strings [I11, 149]. Sometimes supervision can be avoided by au-
tomatically generating examples via distant supervision through existing knowledge
bases [49] or, approaches like TEGRA or [65], overcome supervision by inspecting val-
ues to be segmented globally and looking for similar and/or redundant values.

Despite being close in spirit to web cleaning problems, list segmentation algorithms
present some limitations that make them unsuitable for the web setting. Indeed the
whole content of target strings to be segmented is assumed to be correct, it just needs
to be partitioned into a given (or unknown) set of attributes. Web records instead often
contain noise and spurious content that needs to be deleted (strings such as “£8.99”
or “Publisher:” in Figure . Moreover web values might be misplaced and need to
be moved in a different position in the original record — just defining string boundaries
is not sufficient to correctly repair the data.

In the next chapter we will present a solution to adapt data cleaning techniques in
order to deal with the new challenges posed by web records. We will look for solution
that does not repair extracted relations in isolation, but rather to joint repair wrappers

and wrapper generated data at the same time.
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Chapter 5

WADaR: Joint Wrapper and Data
Repair

Recent advancements in web data extraction and wrapper induction have made
accurate and fully automated wrapper generation finally possible at the scale of thou-
sands or hundreds of thousands sources. However, as shown in the previous chapter,
tools for cleaning and maintaining the induced wrappers, as well as the extracted data,
are still primarily manual or supervised. Scalable tools for continuous maintenance of
both the generated wrappers and the wrapper generated data are still largely missing.
Moreover, most of data cleaning efforts aim just at repairing the final produced data.
In web data extraction instead, errors are most likely caused by the extraction process,
and extraction errors are far more prevalent than source errors [62] [63]. In this chapter
we present an approach to jointly repair wrappers and wrapper generated data, such
that future wrapper executions will already produce correct data without the need of
a further cleaning step.

Figure [5.1] shows an example of a relation generated by a wrapper created with
ROADRUNNER [51] on three webpages similar to the one shown in Figure 1.1l The
extracted (source) relation (Rg) is given at the top (supposing the wrapper has been
applied to three web pages of waterstones.com), the desired (target) schema (X) at
the bottom. Rg exemplifies common issues found in automated wrapper induction,
where correct values are underlined with respective attribute colours. In the example
the original source does not contain any error, and all the under/over segmented values,
incorrect column types, and spurious contents in Rg are extraction errors, due to the
incapability of the wrapper to correctly align the extracted data to the target schema.

Repairing the data means aligning the source relation to the target schema — a
task that requires the identification of exact values from Rg (underlined colours in
Figure and their placement under correct attributes in . However, as previously
anticipated, just repairing the extracted data is often not sufficient, as in most of the
cases data acquisition is an ongoing process and thus the same wrapper will likely be
executed many more times in the future. This is particularly the case for data inte-

gration [32, [44], in which future executions of the repaired wrappers generate relations
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Figure 5.1: Data Repair and Alignment on ROADRUNNER

already aligned with the target schema, thereby reducing the need for repeated data
cleaning and easing integration [73] IT1], 150]. If we could repair the wrapper other
than just repair the generated relation, we would solve the problem at its root. Unfor-
tunately, existing tools typically rely on cross-sources redundancy techniques that do
not scale well with an increasing number of sources (e.g., [32,144]). In principle nothing
prevents the design of scalable approaches that use cross-sources redundancy, however
the state-of-the-art systems have not addressed this problem yet. Moreover we will
show that is not always possible to rely on enough redundancy.
The problem. We therefore investigate in this chapter the problem of computing
a joint wrapper and data repair for web data extraction systems, so that future wrapper
executions can benefit from the repairs applied to the wrapper. The problem takes as
input a possibly faulty wrapper (specified in XPath), a relation generated by applying
the wrapper to some collection of web pages of the corresponding source, and a target
relation schema. A solution to the problem is a set of repair expressions that align the
generated relation to the target schema, adjusting the wrapper where possible.
Ezample 7. Consider the (source) relation of Figure [5.1] where we aim to align the
underlined values to the target schema ¥, according to respective colours. A possible

set of repair expressions is

(TITLE, substring-before($, _())

(COVER, substring-before(substring-after($, (),)))

(AUTHOR, substring-before(substring-after($, ) ), £))
(PUBLISHER, substring-before(substring-after($, sher:._), .ISBN))
(DURATION, substring-after($, ISBN:.))

specifying, for each attribute: (a) the attribute column label, and (b) a standard
XPath string-valued expression that extracts the correct value from the concatenation
($) of the columns of Figure [5.1] in the same left-to-right order as they appear. Note
that none of the expressions repair PRICE, since it is not trivial to find a simple regular
expression able to extract correct values from the concatenation string $ for each record

(there is not enough syntax regularity).
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In this work we focus on a post-processing step of web data extraction, when the
extraction process has already taken place and it has produced an extracted relation.
This model allows flexibility and generality, as we can use our repair step with any
data extraction system that is capable of producing relational tables. In fact we will
show how our approach is not coupled with the extraction system, as it is capable of
delivering high quality repairs no matter how the data has been extracted, treating
the extraction system as an unknown black box. Moreover, usually wrapper induction
techniques inspect only a portion of the target source, since the induction process is
expensive and it cannot afford to look at every page in the source. We will propose
a technique that is fast and scalable, and that will compare all the records extracted
from a single source. On the other hand, incorporating the repair step directly in the
extraction process has the main advantage of reducing the complexity of the overall
pipeline, since the system would already extract clean data that would not need a
post-processing step. The solution we propose considers both aspects: we will present
a post-processing step that is independent from the extraction system, and that will
produce feedbacks for the extraction process in order to improve the quality of the data
already in the extraction.

Novelty. Classical wrapper maintenance assumes that a correct (usually manually
created) wrapper exists and focuses on maintaining the correctness of the wrapper
through techniques such as (a) detecting changes on the sources that may affect the
wrapper, and (b) minimally (and robustly) adjusting the wrapper to adapt to these
changes [39, [107, 115, 122 126]. Unfortunately, for automated wrapper induction
methods, the induced wrappers are often incorrect at the beginning. Tools for cleaning
and maintaining the induced wrappers, as well as the extracted data, are primarily
manual or supervised. The novelty of our work is in the introduction of a scalable tool
for continuous maintenance of both the induced wrappers and the extracted data that
can scale well with an increasing number of sources.

Contribution 1. We first formally define the problem of computing maximal joint
repairs and we give an optimal solution that relies on the existence of attribute ora-
cles. Oracles are functions that can test whether a given string value belongs to the
domain of an attribute (i.e., whether a value can be correct for a given attribute).
We show that the problem is NP-complete but becomes tractable under a few natural
assumptions based on the behaviour of wrapper induction systems: (1) errors in wrap-
per induced relations are likely to be systematic, as wrappers are often induced from
templated websites, where records and webpages follow the same structure (template);
(2) wrapper induction systems tend to under-segment and misplace content rather than
over-segment it (atomic misplacements, see Section for details). In practice, this
means that we can avoid reordering fields of generated relations in order to reconstruct

a correct segmentation and alignment.
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Despite being tractable, computing joint repairs remains difficult in practice. The
main obstacle is the presence of attribute oracles, functions capable of recognising
semantically related content in the relation, e.g., that in Figure the tokens after
“ISBN:” are all book unique identifiers. The recognition of semantically related content
has some similarities to knowledge-based wrapper induction, where either an existing
set of entity recognisers (like in [56] [82]) or cross-site, instance-level redundancy is em-
ployed to induce wrappers [32], 40}, 44}, 65]. However, in the wrapper induction setting,
background knowledge is only compared with a small sample of webpages considered
for induction, and the induced wrapper is applied to all the pages. For repairing, on
the other hand, we can afford to compare it with the entirety of the extracted data
rather than on just few sample webpages, thus discovering more meaningful patterns.

Contribution 2. We follow the inspiration of the former approaches and we
propose an approximate solution that replaces attribute oracles with an ensemble of
entity recognisers (Chapter [3)), encoding existing background knowledge and cross-
site redundancy. This has advantages such as enabling per-source (and therefore per-
wrapper) repairs, while retaining a broad applicability across domains.

Unfortunately, entity recognisers are often noisy and incomplete (as noted also in
[37, 156, 82] and Chapter and our approach is specifically tailored to tolerate these de-
ficiencies by eliminating noise and ambiguity and generalising the underlying structure
to cope with incompleteness. The resulting approach is fully unsupervised and com-
putes an optimal approximation of the joint repairs using an ensemble of entity recog-
nisers to (1) discover hidden attribute structures in the annotated relations through
the elimination of incorrect annotations, and (2) construct relation-wide repairs for
both wrappers and generated relations.

Contribution 3. We show that our method is optimal under certain conditions on
the error rate of the entity recognisers and, then, experimentally verify the performance
and the generality of our method on a dataset of 100 websites from 10 different domains
(Section . The evaluation uses 4 different wrapper induction systems, namely
DIADEM [82], DEPTA [156], VINTS [I59], and ROADRUNNER [51], and shows in
each case an improvement in the quality of the extracted relation by 15%-60%, while
fully repairing corresponding wrappers in more than 50% of the cases. We also show
that approaches for unsupervised integration of wrapper-generated data [32, 44] can be
used to construct a joint repair but underperform in terms of accuracy and scalability.

Roadmap. This chapter is organised as follows: Section introduces the joint
data and wrapper repair problem. Section provides a polynomial solution for a
specific case of the problem, while Section gives exact bounds for the general case.
Section presents a general procedure for the computation of an optimal approxi-
mate solution to the problem that is then empirically evaluated in Section [5.5] We
implemented the system as explained in Section [5.6], and related works on this topic
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are surveyed in Section 5.7} Section [5.8] concludes the chapter with an overview of the

main downsides of using annotators to repair data extracted from the Web.

5.1 Preliminaries

A relation R is a set of n-tuples (uy, ..., u,) where n=arity(R) is the arity of the relation.
A schema ¥=(A1,...,An) is a tuple representing attributes (or fields) of the relation,
where m=arity(X) is the arity of the schema. Each attribute A € ¥ takes values from a
domain dom(A) extended with the null value. Here we do not use the general database
notion of domain (e.g., string, date, numeric), in our setting a domain is the set of
admissible semantic values for a given attribute. As an example, the domain for the
attribute MAKE of a car may contain the values “Ferrari”, “Citroén” and “Ford”. In
other words, a domain is a set of possible values for a given semantic domain. We test
whether the string representation T(u) of a value u belongs to a given domain A via
an oracle function w,, s.t., wy(T(u))=1 if T(u) € dom(A) or u=null, and w,(T(u))=0
otherwise. We say that R agrees with X if arity(R)=arity(X) and that R satisfies ¥ if
it agrees with ¥ and w,, (u;)=1, for each attribute A; € ¥ and corresponding attribute
value y; in any tuple (ug,...,u,) € R.

Web Wrappers. In web data extraction, a wrapper is a program extracting
structured data from a collection of (semi-structured) web pages P represented as
DOM trees. Differently from, e.g., information extraction, in our setting the pages
in P follow the same template. In this work we limit ourselves to wrappers specified
in XPath [25], which is the most widely used language for web data extraction and

wrapper definition.

Definition 1. An XPath wrapper W is a set of pairs {(L1,X1),-- -, (Lm, Xm)}, Where
each L; is a label and each x; is an XPath expressions on DOM trees, possibly with
functions, e.g., substring-after(//b[@name="price'],'£"). The application of a wrapper
W to a collection of web pages P is denoted by W(P) and produces, as an output, a

relation with schema (L, ..., Lny).

For simplicity, we interpret the result of an XPath expression as a single string
value. When multiple records occur on a page, e.g., in the case of listings, a wrapper
may also specify expressions identifying individual records and listings. More complex
languages, such as, OXPath [83], even support actions to interact with specific nodes
in the DOM and to specify user defined actions to navigate the website. While our
approach is able to deal with such wrappers, in this thesis the focus is on the repair of
single attribute expressions, thus limiting to only XPath wrappers suffices for the scope
of this thesis. Our approach can be easily adapted to wrappers generating arbitrary

nested lists (e.g., list of records, each with an attribute that is a list of records),
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however wrapper generators providing such complex structures are extremely rare and
the majority of the systems deal only with flat list of attributes.

Segmentation and Partition. Given a tuple u = (uy,...,u,) € R, we denote
by M(u) a tuple obtained by permuting the values of u and by T(u) the string con-
catenation (on a suitable separator, e.g., .) T(u1)||...||T(un) (|| here stands for the
string concatenation operator). Thus, T(lM(u)) is the string computed by concatenat-
ing permuted values of u according to the permutation 1. A segmentation of a string
S is a sequence (sq,...,S;) of non-overlapping substrings of S. If the concatenation
sl ... ]|sg=S, then we say that (si,...,sx) is a partition of S. In other words, a
partition of a string S is a way of dividing .S into some non overlapping parts.

Fitness. Automatically induced wrappers often introduce misalignments between
relations and schemas, i.e., under/over segmented or misplaced values. We therefore

require a way to quantify the agreement between a relation and a schema.

Definition 2. The fitness for a tuple u and for a relation R w.r.t. a schema ¥ and a

set of oracles Q = {w,,,...,wa_. .. } are computed as:

arity(2)

fu,%,Q) ZWA FRD,Q) =) f(u,%,Q)/[R]

ucr

where ¢ = min {arity(X), arity(R) } and d = max {arity(X), arity(R)}.

The normalisation factors d and |R| are necessary to avoid that two relations with

different number of attributes have the same fitness.

Ezample 8. Consider the following (misaligned) relation and the schema ¥ : (MAKE,
MODEL, PRICE):

MAKE | MODEL PRICE
up £19k Audi A3 Sportback
U £43k | Audi A6 Allroad quattro
us | Citroén | £10k C3
us | Ford £22k C-max Titanium X

Given a set of oracles Q={wyake, WnopeL, Werice J, the fitness of R w.r.t. X and (2 is
2/12 as only the two values of MAKE are in the correct position, out of 12 possible

correct values. The other values are misplaced and/or under-segmented.

Given a tuple permutation [1, we can compute the fitness for a relation on the

permutation of each tuple rather than on the original tuples. Formally:

F(n( =Y F(N(w), =, Q)/Ir]

ucRr

Going back to Example |8 given the permutation [ = (1, 3,2) (we switch the second
and third elements of each tuple), the fitness of M(R) increases to 8/12 as the four
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values of PRICE and two values of MODEL ( “C8” and “C-max Titanium X”) are now
in the correct position.

Repair. The relation of Example |8 is misaligned and wrongly segmented w.r.t. to
the schema but the correct information is somehow represented in the relation. In order
to maximise the fitness, just re-adjusting (permuting) the fields is not enough, as two
values of the column PRICE contain multiple attribute values. When a relation does not

fit a schema, we repair it by re-segmenting it and adjusting the wrapper accordingly.

Definition 3. Given a relation R and a schema 3, a 3-repair of R is a pair o=(I1, p),
where [1 is a permutation of the fields of R and p a set of pairs (A;, E,,) where A; € X,
and &,, is a regular expression over strings. The application of a ¥-repair o on a
tuple u, denoted by o(u), is the tuple u* = (&,,(T(M(u))),..., &, (T(M(uw)))), where
(Ex(T(M(w))), - .., Ean(T(M(1)))) is a segmentation of T(M(u)). This notion generalises
to relations, denoted by o(R), by applying o to all tuples u € R and generating the

new relation o(R).

Put simply, a Y-repair extracts values for an attribute A from a tuple u. This is
done by concatenating the (possibly permuted) values of u, and by applying a regular
expression &£,. Strings resulting from the application of the regular expressions must be
a segmentation of the tuple in order to avoid that same pieces of the tuple are assigned
to different attributes.

Ezample 9. Consider the relation and the schema of Example [§| The following is a
possible Y-repair maximising the fitness of R w.r.t. ¥ and €. The symbol $ denotes
the argument of the expression (in this case the string constructed concatenating the
permuted tuple values), and ‘. is the whitespace character:

Mm: (1,3,2)

p: (MAKE, substring-before($, .))
(MODEL, substring-before (substring-after($,.), £))
(PRICE, concat( £, substring-after($, £)))

We first permute each tuple by switching the second and third element, and then
we apply the regular expressions of p on the concatenation of the permuted tuple
values. The application of o, to, e.g., us produces the correct (segmentation and) tuple
(Ford, C-max Titanium X, £22k).

Y-repairs are applied to wrappers in a similar way.

Definition 4. The application of a Y-repair o to a wrapper W = {(A1, x1), - - -, (An, Xn) },
denoted by (W), produces a modified wrapper W' = o (W) as follows:

W' = {<A17£1(Concat(x7l'17 s 7X7Tn)>7

(Am, Em(concat(Xay, -« 5 X))
where concat concatenates all the strings produced by the XPath expressions X, - - ., Xa,

in the order specified by the permutation M=(my,..., m,).
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5.2 Maximal Joint Repair: Atomic Misplacement

Definition 5. Let ¥ be a schema, {2 a set of oracles for ¥, R a relation, and W a
wrapper s.t. W(P)=R for some collection of web pages P. We say that a Y-repair o is
a maximal joint repair for R and W w.r.t. ¥ and Q, if o(W(P))=0(R) and ¢ maximises
the fitness of R w.r.t.X and Q, i.e., f(o(R), %, ) is maximum.

As an example, the X-repair of Example [J]is a maximal joint repair as the fitness
increases from 2/12 to (its maximum) 1 (all 12 values are placed under the correct
attribute in the new relation o(R)).

In this section we establish the complexity of the problem when relations have only
atomic misplacements, i.e., where all attribute values are either entirely misplaced or,
if they have been over-segmented, their fragments are in adjacent fields in the relation
(and in the correct consecutive order).

Relations at the bottom of the page show potential errors in wrapper generated
relations. In R; both MODEL (“A3% Sportback”) and PRICE (“£19k”) are entirely mis-
placed, therefore this relation has only atomic misplacements. Also Ry has only atomic
misplacements, since MODEL has been over-segmented but its fragments are in adja-
cent fields and in the correct consecutive order (token “Sportback” appears after token
“A8” and they both belong to MODEL). In R instead, the value for MODEL is over-
segmented, but its fragments are not in adjacent consecutive order in the relation (there
is PRICE in between “A3” and “Sportback”). In this section we consider only relations
with errors similar to Ry and Ry, while we will face the general case (R3) in the next
section.

Under this restriction, our problem is closely related to the Table Induction Problem
(TIP) [40, 44, 65, 1T1], which asks to compute a segmentation of a list of strings in k
parts in such a way that the values of each column minimise a given distance function.
TIP is shown to be NP-hard via a reduction from Multiple Sequence Alignment [40].
An optimal approximation can be obtained in polynomial time by decomposing the
distance function in such a way that the independent minimisation of each component
results in the minimisation of the whole distance function. In our setting, fitness
maximisation plays the same role as distance minimisation, while the presence of the

oracles reduces the fitness of a relation to an aggregate of the fitness of its tuples (i.e.,

MAKE | MODEL PRICE MAKE | MODEL PRICE
Audi | £19k | A3 Sportback Audi A3 Sportback £19k
(a) Ry (b) Ry

MAKE | MODEL PRICE

Audi A3 £19k Sportback

(c) R3
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we can independently maximise the fitness of individual tuples). Therefore we can
reduce the problem to maximise the fitness for a single tuple.

The problem is now to determine how hard it is to compute a maximal joint repair
of a single tuple. We show that this problem can be reduced to the computation
of a partition of T(u) that, encoded as a Y-repair, produces the maximal fitness.
However, since a partition of a string must contain all the subparts of the original
string by its definition, restricting to partitions raises the problem of treating “garbage”
content — parts of the extracted data that are never accepted as attribute values in any

segmentation and typically form part of the formatting or boilerplate code of a web

page.

Ezample 10. Consider the following relation and the target schema ¥ : R(BEDS,
TYPE, CITY, PRICE).

BEDS TYPE CITY PRICE
u 2 beds apartment | Bradford | £495k

If the correct tuple is (2, apartment, Bradford, £495k), then it is not possible to ob-
tain such a tuple by restricting to partitions of 4 elements of T(u) =“2_beds_apartment
_Bradford_£495k”, as the garbage substring “beds” must be part of an element of the
partition (by definition of partition). We therefore need a way to identify and eliminate
garbage substrings by leveraging the oracles. Since we have to enumerate all possible
partitions, this can be done by marking substrings of T(u) that are never accepted by
an oracle in any of the enumerated partitions. As an example, consider the following

partitions of T(u):

WBEDS Wryprk Werry WpRICE
®; “2 beds” “apartment” “Bradford £” “495k”
b, “27 “beds apartment” “Bradford £” “495k”
O “27 “beds” “apartment Bradford” “£495k”

If a substring is (part of) an attribute value, it will be accepted by an oracle in
some of the enumerated partitions, e.g., “2” will be accepted by wggps in P and Pg,
while “beds” will never be accepted by any of the oracles in any of the partitions. Once
all partitions have been enumerated, we can update them by removing all identified
garbage substrings. This will collapse some of the partitions as it is the case for &,
and ®, above, collapsing to (“2”,“apartment”, “Bradford £7,“495k”).

Lemma 5. Let R be a relation with atomic misplacements, X a schema, k the arity of
Y, and Q) a set of oracles for X. Given a tuple u € R, Algorithm[(] constructs a tuple
representing a segmentation of T(u) of mazimum fitness w.r.t. X and Q in polynomial

time.
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Proof. Algorithm [0] first enumerates all possible partitions of T(u) of k elements. The
algorithm first computes all partitions of k elements of T(u), with &k = {1,. .., arity(2)}
(line . As we expect (and allow) null values, for each partition we create a tuple u,
initialised with all null values (line, and then we assign to the first k elements of u, the
k elements of the considered partition (lines . Eventually U is a set of tuples, where
each tuple represents a possible partition of T(u) (remaining tuple elements are filled
with null values). A partition of k elements for a string S is computed recursively in
Algorithm [T} Since by its definition each partition must contain at least one character,
the 1-element partition consists of one element equal to S (lines . A partition of k
elements is computed as follows: we assign to the first element of the partition the first
y characters of the string (y = {1,...,length(S) — k + 1}) (line [5)), and computing the
partitions of £ — 1 elements on the rest of the string (line @ The partition is the union
of the first element containing the first y characters with all the partitions of k — 1
elements (lines . Once the partitions have been enumerated and a tuple has been
constructed for each of them, algorithm Naive-Repair tests each element of each tuple
against the oracles, and stores those (garbage) strings that are never accepted by any
oracle in any of the tuples (lines . Eventually the algorithm computes the tuple
that maximises the fitness without garbage substrings and returns it (lines . The
operation u \ Ty,page deletes all the garbage strings in Tyq,pge from any element of u,
as illustrated in Example The returned tuple u,,,, is the one of maximum fitness
representing a segmentation of T(u).

Under the assumption of atomic misplacements, there is no need to permute values
of u because the correct value of an attribute will, in the worst case, be split across
adjacent fields and in the correct consecutive order. In other words the permutation
order I is not important, as we can use the tuple u without permuting its values. The
number of different partitions is therefore equivalent to the number of ways a T(u) can
be partitioned into k = arity(2) parts. Since the number of characters per tuple n is
usually much larger than k, the number of different partitions is polynomial in n and
described by the binomial coefficient (”;‘El) ~ fZ—kkk [92]. Therefore, the algorithm
runs in polynomial time in arity(X) and in the maximum number of characters that

can appear in T(u). O

Once the tuple representing the optimal segmentation has been computed, we still
have to construct the expressions matching the correctly segmented content in the
relation. This can be done using the values of the tuple elements as positive examples.
Indeed an fip, . expression that exactly matches the correctly segmented values in each
tuple can always be naively constructed by: (i) selecting the tuple with the content to
be matched, and (77) matching the desired value using substring functions that use the
content before and/or after the correct value as context. The expression segmenting

an attribute is then the disjunction of the expressions computed for each tuple.
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Algorithm 0: Naive-Repair.

input : T(u) — string tuple
input : ) — ensemble of oracles
input : X — schema of the relation

output: u,,,, — max segmentation

1 U+ 0 Algorithm 1: Partition.

2 foreach i € {1,..., arity(X)} do input - S _ string

3 foreach ¢; € Partition(T(u),) do input : k - number of partition
4 u,, < Tuple(null, arity(3)); clements

5 foreacb pj € ¢; do output: ® — k-partitions of S

6 L wlil < i 1 if k=1 then

7 U—UU{upl; 2 L return{(S)};

8 Tgarbage A ®; 3 < (D;

9 foreach u € U do 4 n « length(S);

10 foreach u € u do 5 foreach y € {1,...,n—k+ 1} do

11 if Jw € Q| w(T(u)) =1 then 6 Pp1 _

12 L L Tyarbage < Tyarbage U {T(u)}; Partition(substring(S,y +
1),k —1);

13 Wnae < null; 7 foreach ¢, 1 € &;_1 do

14 Wngy — —1; 8 LQM—cI)U

15 foreach u € U do {(substring(S5, 1, ), ¢r—1)};

16 U f(u \ Tgarbagea %, Q); 9 return ®

17 if w > wye, then

18 L Winaz — W;

19 Upmaz < U \ Tgarbage;

20 return U,

Ezample 11. Consider again the relation R and the schema ¥ of Example [§f The

following are the optimal tuples obtained by executing Naive-Repair on every tuple

of R, and by mapping the elements of a tuple to the corresponding attribute.

WMAKE WMODEL WpRICE
(Audi) (A3 Sportback) (£19k)
(Audi) (A6 Allroad quattro) (£43k)
(Citroén) (C3) (£10k)
(Ford)  (C-max Titanium X) (£22k)

A naively constructed fyp,yexpression for, e.g., MAKE is:

matches($, £19k_Audi_A3_Sportback) and

substring-after(substring-before($, A3_Sportback), £19k.)

or

matches($, Ford_£22k_C-max_Titanium._X) and
substring-before($, £22k_C-max_Titanium.X))

The above repairs work well for the input example, however they pivot on the content
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of the tuples and they are thus highly dependent on the input data. We will show later

on in this chapter how to avoid this overfitting problem.

Given the result of Lemma [5| and the fact that a ¥-repair for a relation with only
atomic misplacements can always be constructed in polynomial time from the output

of Naive-Repair as illustrated above, we can now derive the following:

Theorem 2. Given a relation R with atomic misplacements, a wrapper W that gener-
ated R, a schema X and a set of oracles ) for 32, it is possible to construct a mazimal

joint repair for R and W w.r.t. 3 and € in polynomial time.

5.3 Maximal Joint Repair: NP-Completeness

The interaction of attribute misplacements and over-segmentation makes computing
an optimal solution intractable, since we have to find the right permutation of elements

in the input tuple that, once segmented, produces the maximal fitness.

Ezample 12. Consider the following relation, having the same schema of Example [§],

where values have been both wrongly segmented and misplaced.

MAKE MODEL | PRICE
u | Ford C-max Titanium | £22k X

Without permuting the fields it is not possible to maximise the fitness, since the
over-segmented and misplaced value “C-max Titanium X7 cannot be tested against
Quoper- In order to re-construct the segmentation of maximal fitness, we need to
switch the values of MODEL and PRICE, so that the value “C-maz Titanium X7 is

over-segmented but its fragments are in adjacent fields and in consecutive order.

We can easily accommodate non atomic misplacements in Algorithm [0] by enumer-
ating all of the possible permutations of elements of u, and then apply the algorithm on
each computed permutation to choose the partition of maximal fitness. This is unnec-
essary in table induction where the content is expected to be wrongly segmented but
in the correct adjacent order. We now prove that the corresponding decision problem

is NP-complete.

Theorem 3. Let R be a relation, ¥ a schema, and 2 a set of oracles for ¥. Given
a tuple u € R and a score w, checking whether there exists a permutation M(u) and
a segmentation of T(M(u)) that produces a tuple of fitness > w w.r.t. ¥ and Q) is
NP-complete.

Proof. We prove the NP hardness via a reduction from the Weighted Set Packing prob-
lem (WSP). Given a set U and a family S of subsets of U, a packing is a subfamily

C C S of sets such that all sets in C are pairwise disjoint. If we assign a weight w(S) to
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each element S of S, the problem of determining if there exists a C,, of weight > w(.S)
SeCy
equal than or greater to w is NP-complete. For any instance of WSP, we construct an

instance of our problem as follows. Each element of U for WSP is taken as a different
element of u. Fach set S in § is mapped to a string g by considering the string rep-
resentation of elements in U and concatenating them (in any order). We then define
an oracle w such that w(zg) = w(S) for each S in S. Note that the fact that oracles
return a positive real value does not affect the polynomial of the reduction.

If there is a solution to WSP, then there is a solution to our problem with fitness
> w. Suppose C,, is the solution to WSP. For each S € C,,, we add the corresponding
zg as an element to tuple u,,,, representing a segmentation of T(M(u)). Since elements
in C, do not share any common element, elements of u,,,, do not share any element
of u, therefore there exists a permutation [1 such that u,,,, is the tuple representing a
segmentation of T(MN(u)), and the fitness of w,,,, is equal to the weight of C,,. W, 18
a solution to our problem.

We then show the other direction — if there is a solution to our problem, then
there is a subfamily C with weight > w. Suppose u, is the tuple representing a
segmentation of T(M(u)) with fitness > w. For each element u of u,,, we consider the
string representation g = T(u). We map back zg to the element S of S, and we add S
to the subfamily C. Since string representation of elements in u,, are non-crossing (u,,
is a tuple representing a segmentation), then such strings do not share any element of
u. Thus elements in C are pairwise disjoint, and the weight of C is equal to the fitness
of u,,. C is a solution to WSP.

Membership in NP is straightforward. Given a tuple w;,,,: and a weight w, checking
whether the string representations of elements in u;,,,; are non-crossing and that the

fitness of Wypys is w or more can be done in polynomial time. O

Example 13. We now give an example of how WSP can be reduced to our problem.
Suppose to have the set U and the family S of subsets of U (with weights) shown
above. A solution to this instance is {{A,E},{C,D}} as the sum of their weights
is 11 and these subsets are pairwise disjoints. From WSP we create an instance of
our problem as follows: u=(A B,C,D,E) and we construct a function oracle w such
that w(‘ABD’)=3, w(‘AE")=5, w(‘CD’)=6, w(‘BD’)=2. w returns 0 for null and -1
for any other string. The tuple W,,4,=(AE,CD,null,null,null) is a tuple representing

a segmentation of some T(M(u)) and has maximal fitness. Indeed if we consider the
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permutation N = (1,5, 3,4, 2), this generates the string T(MM(u)) ="AECDB’, of which
Wnq: Tepresents a segmentation. The fitness of u,,,, is 11 and there is not any other

tuple with higher fitness. u,,4, is a solution to our problem.

5.4 Approximating Wrapper and Data Repair

Section [5.2|and Section |5.3[showed the complexity of computing a maximal joint repair.
The former showed that an optimal solution can be computed in polynomial time when
relations have only atomic misplacements, the latter proved the NP-completeness of the
general case. We will show in Section that wrappers tend to generate relations with
atomic misplacements, hence our focus is only on these types of errors.

Even under the assumption of atomic misplacements, computing a joint repair
remains impractical for a number of reasons. Firstly, the assumption of having perfect
oracles for every attribute is unrealistic. Named entity recognition is a long standing
challenge in information extraction and it has not been perfectly solved, especially for
those domain-specific attributes [37], [56]. Moreover, a tuple-by-tuple repair would still
require testing O (Iength(T(u))a”ty(E)) alternative partitions against the oracles for each
tuple u, making it infeasible on large relations. E.g., in the BOOK domain (Section
we have roughly 2,000 records per site, 150 characters per record, and 5 attributes, i.e.,
2,000 - 150° partitions.

Another problem is the robustness of the Y-repair, i.e., its ability to match correct
values on unforeseen data (or to avoid overfitting). This is of paramount importance for
web data extraction, since we do not want to re-compute the repair at every wrapper

execution.

Ezample 14. Consider the relation and the X-repair of Example [9] where the repair
expression for MAKE pivots on a whitespace character. All the examples for MAKE ap-
pear before the first whitespace character, therefore the expression extracts everything
that appears before the first whitespace character. If the web source publishes a new
value for MAKE that contains one or more whitespaces (e.g., “Aston Martin”), then

the expression would extract only a part of the correct value (e.g., “Aston”).

Clearly, the naive construction of expressions illustrated at the end of Section
always overfits the examples and would require re-computing the repair at every wrap-
per execution as the produced expressions are never robust. Our goal is instead to
produce a repair for the original wrapper such that future extractions on unforeseen
data will produce clean values.

Approach Overview. We now introduce a general framework to approzimate
joint repairs that: (i) Relaxes the notion of oracles to allow errors. In particular,
oracles are replaced by an ensemble of entity recognisers (annotators) tagging strings

with types corresponding to attributes in ¥ (Chapter . (i) Under the assumption
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of atomic misplacements, computes relation-wide segmentations that can be encoded
in f{pyyand are robust w.r.t. unforeseen data. (74) Optimally approximates (w.r.t.
fitness) maximal joint repairs constructed by Naive-Repair.

Relation-wide repairs require the understanding of the underlying structure of the
relation, e.g., to locate misplaced or wrongly segmented attribute values. In this re-
spect, we observe the following: (i) Tuples are extracted from templated web pages,
i.e., they follow a similar structure within a site modulo optional attributes, i.e., values
may be omitted for some of the tuples. (i7) Wrappers make systematic errors, i.e., if an
attribute is misplaced or wrongly segmented by a wrapper, this happens in a substan-
tial fraction of the relation. (i) The ensemble of annotators makes non-systematic
errors. Annotators usually make mistakes, but same mistakes happen in a limited
fraction of tuples.

Algorithm [2] given a relation R, a schema ¥ and a set of annotators (2, constructs
an approximate joint repair under the assumption of atomic misplacements. The algo-
rithm takes as input a relation R generated by the application of a wrapper W (not an
input to the algorithm), and a collection €2 of annotators for values of attributes in 3.

Algorithm [2| works in three phases: annotation, segmentation, and induction.

5.4.1 Annotation

The input for this phase is a relation R and an ensemble of annotators ). For each
tuple u € R, T(u) is handed over to annotators in € producing, as an output, an
annotated tuple (lines . We represent tuple annotations via a labelling function
anns associating a tuple to a set of pairs of the form (|7, j), A), where [z, j) is an integer
interval (with 0 < ¢ < j < length(T(u))) and A € . This phase produces an annotated
relation Rg, consisting of a set of annotated tuples. We expect it to contain both

incorrect and missing annotations, as the result of non perfect annotators.

5.4.2 Segmentation

The segmentation phase takes as input the annotated relation Rg. A straightforward
way of constructing a Y-repair of maximum fitness is to directly use the annotated
values, since the fitness is determined by the number of times annotators recognise
values in Rg. Due to noisy annotators, we first have to determine the sequences of
annotation types representing the correct structure of the relation. Since extracted
tuples follow the same website template and if they contain errors they are likely to
contain similar errors due to the systematic behaviour of the wrapper, this phase aims
at re-constructing the correct attribute sequence that is to be found on each tuple.
Our approach takes inspiration from [28], where a set of XML documents are given
as example to re-construct the DTD and schema used to generate these documents.

In [28] authors consider each document as a positive example, without errors. In our
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setting instead most of the annotations are to be considered correct, with the presence

of some non-systematic errors.

Algorithm 2: Repair.

input : R — relation instance, set of tuples
input : Q) — ensemble of annotators
input : X — schema of the relation

input : ?f,, — flow network threshold
input : f,¢4e; — regex induction threshold
output: p — set of pairs (A, €&,)

Ro < 0; // Phase 1: Annotation
foreach u € r do

L anns(u) < annotate(u,2);

B W N =

Ro < Ro U {(u,anns(u))};

Reopy < Ro; // Phase 2: Segmentation
cover <+ 0; S + 0;

repeat

(V, A\, E,w) < FlowNetwork(Reopy);

s < MaxFlowSequence((V, \, E, w));

10 if fa,b € s|a=>then

11 L S+ SUs;

© N O w;

12 foreach anns (u) € Reopy do

13 if subSequence(anns (u),s) then
14 cover < cover + 1;

15 Reopy <~ Reopy \ {(u,anns(u))};

16 until cover > (|R|tfi0w) ;

17 foreach anns (u) € R do

18 foreach ([i, j),A) € anns (u) do
19 Lifﬂs€S|A€sthen

20 | anns(u) « anns(u) \ {{[i, ), a)};

21 p< (); // Phase 3: Induction
22 foreach A € 3 do
23 L p < pU{(A, regexInduction(A, Rq, tregex)) };

24 return p

This can be encoded as the problem of computing max-flows in a network N(V, E)
having the following properties:

1. Each node v € V represents an annotation type A € ¥ in a given context. The
context identifies the sequence of annotations seen before A in the same tuple.
Two special nodes, i.e., SRC (source) and SINK nodes represent the beginning and
the end of the tuple respectively.

2. There exists a path (SRC,v,,, ..., V,,,SINK) in N if and only if there exists a tuple
u € Rq such that we observe a sequence of annotations (a,,,...,a,,) in u, where
a,, 1s an annotation of type A € ¥ and i is the position in the sequence.

3. Given an edge e(v,,,Va,,,) € E, its capacity is the sum of all the annotations that

would be preserved by selecting all the tuples u € Ry s.t. we can observe a
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sequence of annotations (a,,,...,ax,a,,;---;a,) i0 W

Algorithm 3: Flow Network.
input : Rg — annotated relation
output: (V,\, E,w) — flow network

1 V < {SRC, SINK };

2 E,\ w0

3 foreach u € R do

4 ann# <| anns(u) [;

5 Ageen < ()7 Vprev <= SRC;

6 foreach ([7,j),A) € anns(u) do

7 v {veV|AV) = (A, Asxen)};

8 if v = null then

9 v < new Node;

10 V «— VU{v};
11 A= AU{(v, (A, Ageen)) 15

12 E— EU{(Vpres, V) };
13 w — w U {((Vprev,V),0)};
14 W((Vprev, V) <= W({(Vprew, V) + ann#;
15 Ascen < (Aseen,A);// identify the context
16 Vprev <= V;

17 if (Vprew, SINK) ¢ E then

18 E < EU {(Vprew, SINK) };

19 w < w U {((Vprev, SINK), 0) };

20 W({Vprev, SINK)) = w({Vprev, SINK)) + ann;

21 return (V,\ E w)

Paths on the network are possible attribute structures (sequence) for R. Incorrect
annotations lead to networks where multiple nodes are labelled with the same attribute
or to paths having a small flow capacity. We say that a path is valid if and only if it
does not contain two nodes with the same attribute label.

Algorithm [3| constructs the network starting from an annotated relation. It iterates
over all tuples (line [3) and their annotations (line [6)), creating a new node whenever
it observes a new annotation type or an existing one but in a different context. A
suitable labelling function A associates each node to a pair (A, (Ag,...,Ag)) denoting
the type of the node and its context (line , context represented as the sequence of
types observed in u before A (line . For any annotation A in the tuple, the context
is updated as the sequence of annotations seen before A in the tuple (the context is
empty for the first annotation in the tuple — line . The algorithm checks if the
network contains a node with label A and context equal to the current context (line (7)),
and it creates a new node if the network does not contain such a node (lines [B{13)).
The weight w of an edge (v;,viy1) is the total number of annotations we observe if
we consider the sequence (SRC,...,v;,viz1) (line [). The algorithm stores a previous
node (initialised as SRC at the beginning of each tuple in line [5)), and for each current
annotation increases the edge weight between the previous node and the node created

by the current annotation of the total number of annotations in the tuple (line[I4)). The
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previous node is then updated with the current node (line . Eventually the edge
weight between the last annotation in the tuple and the node SINK is also incremented
(line . Each of these edges is first created with a 0 weight if it did not exist in
the network (lines and lines . The procedure is repeated for each tuple,
where at the beginning of each tuple the context becomes empty and the previous node
becomes SRC.

Algorithm [2| uses the computed network to compute the max-flow sequences S. For
the max-flow computation, we adopted the Dinitz blocking flow algorithm. This choice
is purely to ease the implementation. Other more efficient algorithms can be similarly
adapted to our case [00]. We first compute augmenting paths with Dinitz’s algorithm
(line E[), then we select only valid paths, i.e., paths where there are not two nodes with
the same attribute label (lines [L0H11]). Dinitz’s algorithm runs in O (] V [2- | E |). The
number of computed sequences depends on the number of tuples that are covered by
each sequence. In particular, we iterate over the following steps: (i) Compute the max-
flow sequence s in the network. (i7) Remove from Rg all annotations matching s or one
of its subsequences and recompute the network (lines . The iteration continues
until the number of tuples that are covered by some computed sequences exceeds a given
threshold 15, € [0, 1] (line . The output of the algorithm is a ranking of attribute
sequences by number of covered tuples. The max-flows computation on a network
aims to reconstruct (i) the original (valid) attribute sequence of the original website,
(11) that maximises the total number of preserved annotations (since the majority of

annotations are to be considered correct).

Example 15. Consider the relation of Example , with target schema ¥ = { ,
MODEL, PRICE} and annotators Q = {w , Wyones, Werier - The following is a possible
annotated relation Rg, having w and w,opp. incomplete, i.e., they miss the values

“Citroén” and “Allroad quattro”.

up £19k A3 Sportback
U £43k A6 Allroad quattro
uz | Citroén | £10k C3

Ug £22k C-max Titanium X

We walk through the construction of the network on each tuple. When analysing
tuple u; the network contains only nodes SRC and SINK and no edges. Vpye, is set
to SRC and the context to empty. u; contains annotations (in order) PRICE, MAKE,
MODEL. First annotation is PRICE with context empty. A node v; with this label and
context does not exist, therefore is created. The edge between SRC (previous node)
and vy (current node) is created with capacity 3 (number of annotations in uy). v
becomes the current node and the context is now (PRICE). Next annotation is MAKE.
A node v, with this label and context is created, since it did not exist in the network.

The edge between v; and v, is created with capacity 3. Previous node is updated
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to v and context to (PRICE,MAKE). Last annotation is MODEL. A node with label
MODEL and context (PRICE,MAKE) is created as vs and the edge between v, and v3
is created with capacity 3. Eventually an edge between the last node (v3) and SINK
is created with capacity 3. The iteration on the first tuple is now terminated. The
second tuple contains the same annotations sequence of the previous one, therefore
each annotation has same label and same context of annotations seen in u;. This
tuple does not introduce any new node, but every edge created in the iteration of u;
is incremented of 3 (number of annotations in up). uz has two annotations: PRICE,
MODEL. First annotation is PRICE, with empty context. Such a node already exists
in the network (v1), therefore only the edge between SRC and v; is incremented of 2.
Next annotation is MODEL with context equal to (PRICE). A node with label MODEL
already exists (v3) but with a different context, therefore a new node is created (vq).
Eventually edges between v; and v4 and between v4 and SINK are created with capacity
2. The last tuple contains a different annotations sequence from any inspected before,
therefore each annotation leads to the creation of a new node and a new edge. The
final computed network is shown below on the left. Nodes with same label are due
to different contexts. For instance, we have two nodes PRICE since in the first three
tuples PRICE is not preceded by any annotation (empty context), while in the last one
is preceded by MAKE (context=(MAKE)). The maximum flow is 6 corresponding to the
sequence sp: (PRICE, ,MODEL) covering the first three tuples in Rq. Note that
u3 is also covered since it contains a subsequence of s;. If we set tf, > 0.75 (the
algorithm needs to cover more than 75% of the tuples to terminate) , the algorithm
then deletes the annotations covered by s;, leading to the network on the right. The
sequence corresponding to the maximum flow of 3 is now sy: ( , PRICE, MODEL).

The computation stops here as the set {s1, sy} covers the entire relation.

‘%
Iteration 0 Iteratlon 1

PRICE, , MODEL ] , PRICE, MODEL ]

After the computation of max flow sequences on the network, Algorithm [2| removes
from Rg all annotations that do not match any of the computed sequences (wrong
annotations), leaving each tuple of Rg with only one annotation per attribute (lines
20). The output of the segmentation phase is the annotated relation Rq, without

those annotations that disagree with the computed flow sequences S. This is exactly
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where our approach is robust to noisy annotators as we will show in Section By
re-constructing the original attribute sequence of the input source we can overcome
non-systematic erroneous annotations and thus improve the quality of the annotators.

Originally, we attempted to encode the problem as the computation of the most
likely sequence in a memory-less Markov Chain. The chain is built by creating a node
for each annotation label found on the annotated relation, and the weight from a node
with label A to a node with label B is computed as the sum of all the tuples that
contain an annotation of label A followed by an annotation of label B. We now give a
brief example on why encoding the segmentation problem as a max flow is the correct
solution instead of looking at this as a sequence labelling problem.

Assume we have the following (single-column) annotated relation where each letter
represents an annotation label (i.e., a concept, e.g., Money, Model). As an example,
the content of tuple u; is annotated with an annotation with label A, followed by
annotations with labels B and ¢. Moreover, assume that the schema of the relation is
¥ =(A,B,C,D).

uip | ABC
u» | ABC
us | ABC
ug A D
us AD
U | BAD
uz | BAD

We do not represent the actual text content of the tuples since it is irrelevant to the
construction of the network. The most frequent sequence that also preserves the highest
number of annotations is (A, B, C), preserving 9 annotations from the first 3 annotated

tuples.

(a) Max-Flow Network (b) Markov Chain

Figure 5.2: Max-Flow Network vs Markov Chain

The maxf-flow network corresponding to the example is shown on the left of Fig-
ure [5.2] and the max-flow sequence is (correctly) (A, B, c). We also show on the right
of Figure the corresponding Markov Chain built as explained above. For instance,
the weight from SRC to A on the Markov Chain is 5 because 5 tuples start with an
annotation of type A. Similarly, the weight of the edge between A and D is 4 because
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4 tuples contain an annotation of type D right after an annotation of type A. The
most likely sequence in this example is (A, D) (computed with a classic Viterbi algo-
rithm), preserving only 4 annotations (tuples ugs and us). Indeed the main problem
with Markov Chains is their memory-less property, equivalent to forgetting the context
of an annotation, which plays a crucial role in the computation of max flows.

Our max-flow sequence approach recalls in some ways the Viterbi algorithm in CRFs
for text segmentation [ITI]. The main difference is that the Viterbi algorithm, like
Markov chains, is a memory-stateless algorithm that decides the most plausible next
state based only on the evidence collected in the current state. While such techniques
have been widely used in text segmentation, we found them unsuitable in our case
because in order to decide what is the most likely next attribute in the sequence, we
need to remember which attributes we have seen before. If we need to decide what
comes after the attribute MODEL, it makes a difference whether we have seen MAKE
or not before MODEL. Max-flow sequences look at a sequence that is globally optimal,

while Viterbi algorithm is locally optimal for each traversed state.

5.4.3 Induction

As a final step, the induction phase takes as input the modified annotated relation
Ro and computes regular expressions segmenting attribute values. For each attribute
A € X, the function regexInduction (line of Algorithm produces a regular
expression &, matching the substrings annotated as A in T(u), for each u € rRg. The
expression &, is constructed by generalising the annotated spans.

The function regexInduction is explained in Algorithm [l It takes as input a set
of (positive) examples: {(T(uy),anns(uy)), ..., (T(u,),anns(u,))} where each example
consists of the string representation of a tuple and the corresponding annotated spans.
For each attribute A, the function takes the corresponding annotations in the anno-
tated span examples (line |5) and the function computePrefixSuffix (line @ looks
for (i) common length prefixes and or suffixes to the annotated content, or (ii) non-
content strings that repeat a constant number of times before/after the annotated
content. Non-content strings consist of punctuation, whitespace, special characters,
and other un-annotated content. Among the computed expressions, the algorithm re-
turns the expression matching the highest number of examples (lines , provided
that this number exceeds a given threshold t,¢4e, € [0,1] (line . The algorithm also
prefers expressions where the common prefix/suffix does not overlap with annotated
content (i.e., it privileges robust expressions). When it fails to produce an expres-
sion matching enough examples, the function constructs an expression that matches
the disjunction of the annotated values. We call this expression value-based (line .
Value-based expressions are less robust since they depend on the observed attribute
values and are similar to expressions produced by Naive-Repair illustrated at the end

of Section [5.2] Clearly value-based expressions need to be computed at each wrapper
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Algorithm 4: Regex Induction.
input : A — attribute to repair
input : R — annotated relation
input : ?,¢4e; — threshold
output: (A, &) — tuple with best regular repair expression for A
C « 0;
Chest < 0;
Epest < null;
foreach (u,anns (u)) € rRg do
{li,). B) < {{[i, ), B) € anns(u) A B = A};
€ < computePrefixSuffix(T(u),[s,7));
if £ ¢ C then
L C+ CU{(&0)};
CE)«+CE)+1,;
10 if C(€) > cpest then

11 Cpest < C(E);
12 Epest — &;

@ N O ok W

©

13 if cpest < (| R | *treger) then
14 L Epest < valueBased(A, Rq);

15 return (A, Epest)

execution, while normal regular expressions are robust enough to extract correct data
even on unforeseen examples. The method is an improved version of the text-range
induction algorithm used in [82]. Please refer to the online technical report for a de-
tailed explanation of the regex induction Algorithm [I0]. The output of the induction
phase (and of the repair algorithm) is the set of pairs computed as described above,
consisting of a X-repair of R w.r.t. X and €2. The expressions computed in X-repair can
be used to directly repair the relation (as SQL statements) and can also be encoded in

the original wrapper such that future executions would already produce clean data.

Example 16. Consider the relation and the set of max-flow sequences of Example [15]
Algorithm [2{ computes the following Y-repair (with M = (1,2, 3) fixed as we only have

atomic misplacements):

(MAKE, value-based($, ‘Audi | Ford’))
(MODEL, substring-after(substring-after($, .), .))
(PRICE, substring-after(substring-before($, k_), ))

We use the value-based syntax as a shortcut for a case statement in XPath. Note
that the expressions for PRICE and MODEL are robust, provided that examples are
representative of the corresponding domains. In contrast, the expression for MAKE is
value-based (similar to the one computed in Example[L1]) and therefore much less robust
— the expression would fail with any value of MAKE different from “Audi” and “Ford”.

In this case, the result has a higher fitness than the one computed using directly the
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annotations (it would not identify “Allroad quattro” as belonging to MODEL because

such an annotation is missed).

Value-based expressions are clearly repairs that suffer of overfitting, since they
highly depend on the observed data and are not likely to work on different instances.
In such a case our approach does not encode these repairs back in the wrapper, but
rather it uses them just to repair the extracted relation like a traditional data cleaning
algorithm. Value-based expressions are the only repair means when there is not enough
regularity in the input source to induce general repairs that would work on different
instances. We will show in Section that in the majority of the cases our approach is
able to produce robust repairs, while it backs up to overfitted value-based expressions

only when the extracted data is highly noisy or the annotators make systematic errors.

5.4.4 Optimality

We now show that Algorithm [2] produces good approximations of joint repairs if certain
conditions on the error rate of the annotators are satisfied. In particular we show that
our solution has always a higher fitness that the one computed using directly the
annotations.

Let (vq,...,vy) be the error rates for the annotators (wy,...,wy) in 2. Moreover,
let o be the joint repair constructed by directly using the values returned by the
annotators, and ¢ be the joint repair produced by Algorithm [2 The following result
holds.

Theorem 4. For every relation R and wrapper W such that W(P)=R for some collection

of pages P, every schema ¥ and every set of annotators Q, if max,cq(v,) < (1= > vy),

then f(oa(R),S,Q) < f(o(R),,9). e

Proof. (Sketch) We first consider the case where both ¢, and t,.g4., are set to their
maximum value, i.e., all max flows sequences are returned, and all examples have to be
matched during the induction of expressions. It is easy to see that, returning all max-
flow sequences is equivalent to provide examples for the induction that coincide with
all the annotated values. Since also t,cg4e, is set to the maximum, either all examples
are covered, thus inducing the maximum fitness when the repair is applied, or we
default to value-based expressions, that, again, match only annotated values. In this
case, regardless of the error rate of the annotators, our approach will produce the same
fitness as the one produced by oq.

Consider now the case at the opposite side of the spectrum, i.e., where ty,, is set
to 0. In such a way only one max-flow sequence is returned, i.e., the one that preserves
most of the annotations. In this case the error rates of the annotators can make a
difference. Clearly, if an annotator makes at least as many errors as the number of

tuples correctly annotated, then the repair may return the wrong sequence. However,
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if the annotators find the correct sequence on a large number of tuples (bigger than the
maximum number of tuples wrongly annotated by a single annotator), then the correct
sequence will always be the one induced first, thus deleting incorrect annotations, and
thus producing a higher fitness that the one produced by using directly the annotations

(including the incorrect ones). O

In other words, the joint repair computed by Algorithm [2| will always induce a
fitness that is not less than the one induced by a joint repair that directly uses the
annotations, provided that the number of tuples annotated with correct sequences is
more than the maximum number of errors made by an individual annotator on the
same relation. Theorem [4] can also be seen as a precise quantification of how many

errors can be made by an annotator before being considered systematic.

5.4.5 Complexity

We now show the complexity of Algorithm [2 The algorithm produces a repair by
executing the three steps consecutively, therefore we analyse each of them.

In the first phase the algorithm iterates over each tuple to annotate it. This phase
is therefore polynomial in the size of the relation.

The second phase builds a flow-network and computes max flows on the network.
The network has at most a number of nodes equal to the total number of annotations
and a number of paths equal to the number of tuples in Rg. In the worst case, where
each attribute has a different annotator, the number of annotations is n - arity(X),
where n is the total number of tokens in R, i.e., each token of each tuple is annotated
with all attributes. The network can therefore be constructed in polynomial time.
Dinitz’s algorithm runs in O (| V |? - | E |), where the number of nodes is at most equal
to the number of annotations (each annotation has a different context) plus nodes SRC
and SINK, and the number of edges is at most equal to the number of nodes + |R|.
The computation of max-flow sequences always terminates since (i) Rg is finite, and
(i1) every time a max-flow sequence is computed, the corresponding annotations are
removed from Rg, thus reducing the number of possible valid flows in the network. In
the worst case, each tuple produces a new sequence, therefore the number of sequences
is bounded by the size of the relation.

In the last phase the algorithm computes regular expressions to segment annotated
values. The induction of a regular expression for an attribute A requires the iteration
over all the examples and the inspection of tokens occurring before and after the an-
notated spans. In the worst case we need to inspect each token of each tuple. Since
we repeat this procedure for all the attributes, this requires O (n - arity(2)) steps, with
n the number of tokens in Rg.

The overall algorithm is therefore polynomial in the size of the relation, total number

of tokens and number of target attributes.
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5.5 Experiments

Our repair approach is implemented in Java and SQL, and uses the ROSeAnn unsu-
pervised entity recogniser framework to produce annotated relations (see Chapter [3)).
Within ROSeAnn we have used all of the 11 web based annotators described in Chap-
ter . The vocabulary consists of ~350 different entity types (concepts). When an
entity type was not available in the ensemble’s vocabulary, we constructed an annota-
tor using GATE [53] framework. In this chapter, we do not focus on the accuracy of
the annotators, but rather on evaluating the robustness of our approach to annotator
noise.

Our experimental evaluation aims at demonstrating (i) the independence of our
approach w.r.t. domains and wrapper induction systems, (ii) the robustness w.r.t.
annotation errors, (7i1) an increased accuracy and performance w.r.t. redundancy-based

and semi-supervised methods.

5.5.1 Dataset

The dataset consists of 100 websites from 10 domains and is an enhanced version of
SWDE [94], a benchmark commonly used in web data extraction. SWDE’s data is
sourced from 80 sites and 8 domains: Auto, Book, Camera, Job, Movie, NBA Player,
Restaurant, and University. For each website, SWDE provides collections of 400 to
2k detail pages (i.e., where each page corresponds to a single record). In order to
test exhaustively the quality of web extracted data, we complemented SWDE with
collections of listing pages (i.e., pages with multiple records) from 20 websites of Real
Estate (RE) and Auto domains. SWDE’s data is sourced from American websites, while
the two additional domains refer to UK sources. The final dataset consist of more than
120k pages, 130k records and more than 500k attribute values. Table summarises

the characteristics of the dataset.

Table 5.2: Dataset characteristics.

Domain Type | Sites | Pages | Records | Attributes | Origin
Real Estate | listing | 10 271 3,286 15 UK
Auto listing | 10 153 1,749 27 UK
Auto detail | 10 | 17,923 | 17,923 4 Us
Book detail | 10 | 20,000 | 20,000 5 US
Camera detail | 10 5,258 5,258 3 US
Job detail | 10 | 20,000 | 20,000 4 US
Movie detail | 10 | 20,000 | 20,000 4 Us
Nba Player | detail | 10 4,405 4,405 4 US
Restaurant | detail | 10 | 20,000 | 20,000 4 US
University | detail | 10 | 16,705 | 16,705 4 US

| Total | - [100 [124715]129326] 78 | - |
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SWDE comes with ground-truth data created under the assumption that wrapper in-
duction systems could only generate extraction rules with DOM-element granularity,
i.e., without segmenting text nodes. Since modern wrapper induction systems support
text-node segmentation, we have refined the ground truth accordingly. As an example,
in the Camera domain, the original ground truth for MODEL consisted of the entire
product title but the text node also provides additional attributes such as COLOUR,
PIXELS, and MANUFACTURER. SWDE ground-truth contains the whole DOM-element
content where the target attribute is published. We refined it by keeping only the

relevant content and deleting all additional garbage.

5.5.2 Wrapper Generation Systems

We generated input extracted relations for our evaluation using four wrapper induc-
tion systems: DIADEM [82], DEPTA [156] and VINTSs [159] for listing pages,
and ROADRUNNER [51] for detail pages.E] The output of DIADEM, DEPTA, and
ROADRUNNER can be readily used in the evaluation, since these are full fledged data
extraction systems, supporting the segmentation of both records and attributes within
listings or (sets of) detail-pages. VINT'S, on the other hand, segments rows into records
within a search listing and, as such, it is not aware of attributes, only of records. We
therefore post-processed its output, typing the content of lines from different records
that are likely to have the same semantics. We used a simple string similarity distance
metric and grouped under the same attribute the most similar extracted lines. Despite
the large amount of work in the area, we were not able to find any other available
wrapper-generation systems. Our joint repair approach is bound to the accuracy of

the extraction system, i.e., it cannot repair data that has not been extracted.

5.5.3 Metrics

The performance of the repair is evaluated by comparing wrapper-generated relations
against the SWDE refined ground truth before and after the repair. The metrics used for
the evaluation are Precision, Recall, and F;-Score computed at attribute level. Both the
ground truth and the extracted values are normalised (e.g., by eliminating whitespaces
at the beginning and end of the values or being case insensitive), and ezact matching
between the extracted values and the ground truth is required for a hit. We use an
exact matching in order to evaluate the capability of segmenting individual DOM text
nodes. Related works ([32, 56l 82]) have usually used a containment matching, which
is able to capture the quality of the data only at DOM level granularity. In this work

we pose particular attention on the ability to segment individual dom nodes, hence we

'ROADRUNNER can be configured for listings but its configuration has been optimised for detail
pages.
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do not report numbers on containment matching as these do not capture the desired
quality of the output. In this thesis we only present the most relevant results. The
full evaluation, together with the dataset, gold standard, extracted relations, the code
of the normaliser and of the scorer are available at the online appendix [10]. All
experiments are run on a desktop with an Intel quad-core i7 at 3.40GHz with 16 GB
Ram and Linux Mint OS 17.

Table 5.3: Wrapper induction errors.

System Correct Under Qver Misplaced Missing
(%) Segmented | Segmented (%) (%)
(%) (%)

DIADEM 60.9 34.6 0 23.2 3.5
DEPTA 49.7 44 0 25.3 6
VINTS 23.9 60.8 0 36.4 15.2

ROADRUNNER 46.3 42.8 0 18.6 10.4

5.5.4 Global Accuracy

The first two questions we want to answer are: whether joint repairs are necessary and
what their impact is in terms of quality.
Table reports, for each system, the percentage of:

values. (7i) Under-segmentations, i.e., when values for an attribute are extracted to-

(i) Correctly extracted

gether with values of other attributes or spurious content. (ii7) Over-segmentations,
i.e., when attribute values are split over multiple fields. As anticipated in Section [5.4]
this rarely happens since an attribute value is often contained in a single text node.
Hence our approach focuses on under-segmentation and misplacement (i.e., atomic
misplacement). In this setting an attribute value can be over-segmented only if the
extraction system is capable of splitting single text nodes (only DIADEM among the
evaluated systems), but even in this case the splitting happens only when the system
can identify a strong regularity within the text node. In our experiments we have never
encountered a case of over-segmentation. (7v) Misplacements, i.e., values are placed
or labeled as the wrong attribute. This is mostly due to lack of semantic knowledge
or overlapping attribute domains. (v) Missing values, due to lack of regularity and
optionality in the web source (ROADRUNNER, DEPTA, VINTS) or missing values
from the domain knowledge (DIADEM). Note that the numbers do not add up to
100% since errors may fall into multiple categories. These numbers clearly show that
there is a quality problem in wrapper induction relations and also support the atomic
misplacement assumption.

Figure shows the impact of the joint repair on our metrics. Light (resp. dark)-

coloured bars denote the quality of the relation before (resp. after) the repair.
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Figure 5.3: Impact of repair.

A first conclusion that can be drawn is that a repair is always beneficial. From
697 extracted attributes, 588 (84.4%) require some form of repair and the average pre-
repair Fj-Score produced by the systems is 50%. Our approach is able to induce a
correct regular expression for 335 (57%) attributes, while for the remaining 253 (43%)
it produces value-based expressions. We are able to repair at least one attribute in
every wrapper and we can repair more than 75% of attributes in more than 80% of the
cases.

Among the considered systems, DIADEM delivers, on average, the highest pre-
repair Fj-Score (>60%), but it never exceeds 65%. ROADRUNNER is on average worse
than DIADEM but it reaches a better 70% F}-Score on Restaurant. Websites in this
domain are in fact highly structured and individual attribute values are contained in a
dedicated text node. When attributes are less structured, e.g., on Book, Camera, Movie,
ROADRUNNER has a significant drop in performance. VINTS delivers the worst pre-
cleaning results. This is somehow expected, since VINTS is not a classic web data
extraction tool, but it is primarily designed for search engine results.

In terms of accuracy, our approach boosts Fj-Score between 15% and 60%. Perfor-
mance is consistently close to or above 80% across domains and, across systems (except
for VINTS), with a peak of 91% for ROADRUNNER on NBA Player.

The following are the remaining causes of errors: (i) Not extracted missing values
cannot be repaired as our approach can only use the data available in the relation. This
mostly affects ROADRUNNER and VINTS. (i) There are cases where the structure
of the content is regular enough to induce (suboptimal) fip,  expressions without
triggering the use of value-based expressions. This often results in a sub-optimal repair
of the relation. This is more evident on domains such as Book, Camera, and Movie
where some of the attributes only occur in irregular positions in text summaries or titles.
(111) On very irregular relations (e.g., those generated by VINTS), the repair essentially
relies on the accuracy of the annotators, since the relation contains prevalently garbage

content and it is difficult to regularly isolate target values.
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Another interesting question is whether the ability to segment text nodes already
during wrapper induction (as done, e.g., by DIADEM) has an impact on the quality
of the repair. It turns out that the impact is very limited: we disabled text-node
segmentation in DIADEM and re-run the experiment — the number of values requiring
segmentations ranges from 4.7% in Auto to 30% in Real Estate. The effect is almost
identical in all domains and leads to a slightly better precision, as generally the induced
regular expressions in our approach are superior in precision to the ones induced during
the wrapper induction, where only limited number of page samples are considered.
Our approach instead inspect the entirety of the relation and can derive meaningful
patterns on a broader set of examples. Such problems may be avoided with a suitable
sampling strategy that would identify meaningful and representative examples during
the wrapper induction phase.

Note that numbers published in this thesis differ in parts from previously published
results (e.g., [32, [51]). This is due to the use of exact matches (in this thesis) instead

of containment.

5.5.5 Per Attribute Accuracy

Another question is whether there are substantial differences in attribute-level accuracy.
The top of Table shows attributes where the repair is very effective (F}-Score~1
after repair). These values appear as highly structured attributes on web pages and the
corresponding expressions repair almost all tuples. As an example, DOOR NUMBER (in
Auto) is almost always followed by suffixes ‘dr’ or ‘door’. In these cases, the wrapper
induction under-segmented the text due to lack of sufficient examples, but there is

enough regularity for perfectly repair values after the extraction.

Table 5.4: Attribute-level evaluation.

System Domain Attribute Original Repaired

F-Score Fi-Score
DIADEM | Real Estate POSTCODE 0.304 0.947
DIADEM Auto DOOR NUMBER 0 0.984
DEPTA | Real Estate | BATHROOM NUMBER 0.314 0.973
DEPTA Auto MAKE 0.564 0.986
DIADEM | Real Estate CITY 0 0.59
DEPTA | Real Estate COUNTY 0 0.728
DIADEM Auto ENGINE TYPE 0 0.225
DEPTA Auto PRICE 0.711 0.742

For attributes such as CITY and COUNTY, despite a significant boost (59% and 72%
respectively) produced by the repair, the final F}-Score is still low. These are irregularly
structured attributes, often co-occurring with others, e.g., STATE, POSTCODE, in ways
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that cannot be easily isolated by regular expressions. Despite not having syntactic
regularity, these attributes are semantically related, e.g., COUNTY usually appears after
c1TY and before POSTCODE, and could be captured by extending fip,.With NER
capabilities [37] (e.g., by specifying actions that extract everything between CITY and
POSTCODE, see Chapter [7)).

An exceptional case is ENGINE TYPE, where the value ‘Petrol’ is also recognised
as COLOUR. This causes a loss of performance as it creates a systematic error in the
annotated relation. Another exception is the case of PRICE in relations generated by
DEPTA. DEPTA extracts large chunks of text with multiple prices among which the

annotators cannot distinguish the target price reliably, resulting in worse performance.

5.5.6 Large Scale Evaluation

To prove the scalability of our approach w.r.t. an increasing number of input records
and input sources, we performed a large scale evaluation on real data. We performed
an extraction of restaurant chain locations in collaboration with a large social network,
which provided us with 210 target websites. Some of these sources were very large,
with more than 20k records. We used DIADEM as a wrapper induction system
and we then applied joint repair on the generated relations. The accuracy has been
manually evaluated by third-party rating teams on a sample of nearly 1,000 records of
the 276,787 extracted. Table shows Precision and Recall computed on the sample
(values higher than 0.9 are highlighted in bold). Evaluation on sample records has
been computed on the final data, after the extraction and the repair. In order to
estimate the impact of the repair, we computed, for each attribute, the percentage of
values that are different before and after the repair step. These numbers are shown
in the last column of Table [5.5. Clearly, the repair is beneficial on all of the cases.
For OPENING HOURS and LOCATED WITHIN, where recall is very low, the problem
is due to the fact that these attributes were often not extracted at all from the source
pages, thus being impossible to repair. The independent evaluation proved that our
repair method can scale to hundreds of thousands of non-synthetic records. We run
each source in parallel, and the repair took less than 10 seconds on the largest source

(more than 20k records).

Table 5.5: Accuracy of large scale evaluation.

Attribute Precision | Recall | % Modified values
LOCALITY 0.993 |0.993 11.34%
OPENING HOURS 1.00 0.461 17.14%
LocATED WITHIN 1.00 0.224 29.75%
PHONE 0.987 0.849 50.74%
POSTCODE 0.999 | 0.989 9.4%
STREET ADDRESS | 0.983 | 0.98 83.78%
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Figure 5.4: Comparison with WEIR (Redundant values)

5.5.7 Comparative Evaluation

Weir. We compare our approach against WEIR [32], a wrapper induction and data
integration system that can be used to compute a joint repair of a relation w.r.t. a
schema. WEIR induces wrappers by generating candidate expressions using simple
heuristics and by filtering them using instance-level redundancy across multiple web
sources, i.e., it picks, among candidate rules, those that consistently match similar
values on different sources. We compare with WEIR as the only other similar sys-
tem, TURBOSYNCER [44], is significantly older, and we were not able to obtain an
implementation.

WEIR uses only redundant values for rules selection, resulting in relations with
missing values (and records). We compared against WEIR on SWDE original dataset,
the same one used in their evaluation [32] (using ROADRUNNER as extraction system).
We evaluated WEIR and our approach in two separate settings: Figure shows the
performance of our approach and WEIR on each domain, computed on redundant
records only, while in Figure [5.5| we also take into account non-redundant records.

A first observation is that redundant records are a small fraction of the whole
relation, thus limiting the recall (shown on top of the bars in Figure [5.4]). The results
show that, if we limit the evaluation to redundant values only, our approach delivers
same or better performance than WEIR. Interesting cases are Auto, Restaurant and
University, where our approach outperforms WEIR by more than 10% in Fj-Score. In
particular, WEIR suffers from false redundancy caused by a lax similarity measure
and under-segmented text nodes. The only case where WEIR performs better than
our approach is in Movie, where the presence of multivalued attributes (such as GENRE)
causes the selection of suboptimal max-flow sequences. If we do not limit the evaluation
to redundant values only (Figure , our approach clearly outperforms WEIR in
every domain, with a peak of 36% boost in F;-Score in Camera. The degradation in
performance of WEIR is due to the presence of records that are published on a single

source, where WEIR cannot use its redundancy-based techniques.

99



WEIR (Precision) [ Repair (Precision) WEIR (Recall)
B Repair (Recall) WEIR (FScore) O Repair (FScore)

0.9
0.8 |
0.7 -
0.6
0.5 -
04
03 |
0.2 -

O,

Auto Book Camera Job Movie Nba Restaurant University

Figure 5.5: Comparison with WEIR (all values)

In terms of running time, WEIR requires an average of 30 minutes per domain
whereas our approach repairs a domain in less than 2 minutes. This is due to the
way WEIR exploits cross-source redundancy, i.e., instances in a source are compared
against instances of all other sources. As a consequence, the running time increases
with the number of sources. Our approach instead operates independently on each
source, thus the running time is not bounded to the number of input sources.

On the other hand, the instance-level redundancy method by WEIR (and in prin-
ciple of TURBOSYNCER) can bootstrap the creation of suitable annotators when these

are not readily available.

5.5.8 Ablation Study

In this experiment we measured the impact of each phase of the joint repair compu-
tation on Fj-Score for the most relevant scenarios (we found similar results in other

scenarios but those can be inspected online).
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Figure 5.6: Impact of individual components

With respect to Figure[5.6] ORIGINAL (OR) refers to the original (i.e., before repair)
quality of the relation, while JOINT (J) is the post-repair quality. ANNOTATOR (ANN)
shows the effect of constructing the repair by directly using annotations, REGEX (REG)
shows the performance when only regexes are induced (i.e., without value based ex-
pressions), NETWORK (NET) shows the repair performance by using only value based

expressions computed from max-flow sequences (i.e., no regex induction).
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As we can see, the direct use of annotations for repair or regex induction delivers
poor results. The major contribution to the quality is the use of max-flow sequences
that uncover the underlying structure of the relation and eliminate noisy annotations
(column NET). Indeed columns ANN and NET use the same kind of repair (i.e., they
use directly annotated values), and their difference exemplifies the improvement in
annotations accuracy after the max-flow sequences computation. Regex induction is
still beneficial afterwards to recover missing annotations — regex generalises patterns
that can be lost by the annotators. The most striking case is STREET_ADDRESS in
the Real Estate domain. The attribute is hardly recognised by annotators (accuracy
around 50%), however its structure in the relation is very regular and the after-repair

accuracy reaches 85%.

5.5.9 Thresholding

Another factor we wanted to measure is the effect of the thresholds ¢, and t,¢ge, on

performance.
% DIADEM (RE) 4 DIADEM (AUTO) DEPTA (RE)
DEPTA (UC) RR (AUTO) O RR (NBA)
0.92 ¢ RR (RESTAURANT) ——O— —0
09° o o— -
0.88 —————— — o
0.86 — = = —
0.84 — __————
08 —
0 0.25 0.5 0.75 1

Threshold Value

Figure 5.7: Impact of 0, and t,¢ge, thresholds

Figure shows the variation of Fj-Score for the most interesting scenarios (other
scenarios report similar results). The setting of excessively low thresholds negatively
impacts the performance, as it causes a premature induction of regexes that repair
only a small number of records. However, there are cases, e.g., DIADEM on Real
Estate, where a lower threshold helps to recover missing annotations. In domains
where attributes are better structured or the annotator is more accurate, e.g., Auto,
the best performance is achieved by setting a high threshold. Overall, the variation in
performance is anyway limited (<3%) and the average best performance is obtained

with a 75% threshold.

5.5.10 Annotator Accuracy

A last question we wanted to answer is on the influence of the annotators. How

much the quality of the annotators can affect the quality of the repair? We gradually
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Figure 5.8: Annotator recall drop - Fixed threshold

decreased the Recall of our annotators by randomly eliminating a number of annotations
and observing the effect on Fj-Score while keeping a fixed regex induction threshold
(0.75). To lower the effect of sampling bias, we ran the experiment 30 times with
different annotation sets and took the average performance. The accuracy numbers
are limited to those attributes where our approach induces regular expressions, since
it is already clear that annotator errors directly reduce the accuracy of value-based
expressions. This is still a significant number of attributes, i.e., >65% in all cases
except for ROADRUNNER on Book (35%), and ROADRUNNER on Movie (46%).

Figure [5.8 shows the impact of a drop in recall (x-axis) on Fj-Score. As we can see,
our approach is robust to a drop in recall until we reach 80% loss, then the performance
rapidly decays. This is somehow expected, since the regular expressions compensate
for the missing recall up to the point where the max-flow sequences are no longer able
to determine the underlying attribute structure reliably.

Figure[5.9)shows the effect on Fy-Score if we set a low regex-induction threshold (i.e.,
0.1) instead. Clearly, in this case our repair approach is highly robust to annotator
inaccuracy and we notice a sensible loss in performance only after 80-90% loss in
recall. Indeed with a low regex threshold regular expressions are induced even with a
small number of examples, and these expressions can recover the loss in recall of the
annotators.

In summary, a lower regex-induction threshold is advisable when we know that
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Figure 5.9: Fj-Score variation with a threshold value of 0.1
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annotators have low recall. Even involving annotators with very low accuracy, our
approach is robust enough to overcome the errors introduced by such annotators. Thus
we can afford to spend minimal time in tuning and implementing annotators, because
eventual errors will be recovered in the segmentation phase (precision) and in the

induction phase (recall).

5.6 WADaR: an Online Data Repair Platform

We implemented our joint repair approach as an online web platform: WADaR (Wrapper

And Data Repair). It will be soon available at the online appendix [10].

[ XON ] Wadar
| Wadar x \ +

€ i localhost:8080 @  Q search wB O 3 A d =

Wadar Home Help?  HowitWorks  Contacts v

Choose among one of our pre defined domains

Restaurant Chains Used Cars

Or just provide us with an existing relation
(a) WADaR Home Page

- Deselect all Ben & Jerry's relation - Analyse Table

_id located_within opening_hours opening_status phone postcode restaurant_name street_address

5058  San Diego, HORTON PLAZA <NULL> <NULL> 619-234-1802  San Diego, <NULL> San Diego, 471 Horton Plaza,
CA 92101 CA 92101 CA 92101

955 San Jose, CA  SAN JOSE <NULL> <NULL> 408-275-8827 SanJose, CA  <NULL> San Jose, CA 115 East San
95112 95112 95112 Carlos,

(b) WADaR Input Relation

Figure 5.10: WADaR Entry Point

The WADaR home page (Figure is the entry point to load a web extracted
relation. Users can load a relation in three different ways: (i) choose a pre-defined
example from several domains; (7i) specify a custom relation (RDBs and CSVs are
currently supported); (7)) directly extract a relation specifying a web wrapper. The
default wrapper language we use in WADaR is OXPath [83], an extension of XPath with
actions, i.e., click, fill, and extraction functions (markers).

Figure[5.10b|shows a loaded relation after executing a wrapper harvesting locations,
contacts and opening hours information from the US chain www.benjerry.com. As we
can see from the figure, values for LOCALITY, STATE, and POSTCODE are correct but
under-segmented and duplicated — they are extracted all together within attributes
LOCALITY and STATE. Moreover STREET_ADDRESS contains some spurious content.
The user can select on this page the attributes to be repaired and click the Analyse

Table button to trigger the repair approach.
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Figure 5.11: WADaR Annotations and Max-Flows Computation

The next page (Figure shows the annotated relation after the max-flows com-
putation. At this point WADaR has already computed the max-flow sequences and
deleted those wrong annotations that do not respect any of the sequences. The anno-
tated relation highlights annotations with a specific background colour (with a legend
on the right side of the table) and users can also inspect which max-flow sequences
are the result of the computation by clicking on the attribute name (right side of Fig-
ure [5.11]). The user can now click the Relation Repair button to trigger the final repair

based on the computed sequences.

_ E Ben & Jerry's Repaired relation Savelt  Extract Again

_id locality located_within opening_hours opening_status phone postcode restaurant_name state F tress
Go back to relation
view 5058 ~San Diego HORTON PLAZA ~ <NULL> <NULL> 619-234-1802 92101 <NULL> CA 471 Horton Plaza
955  San Jose SAN JOSE <NULL> <NULL> 408-275-8827 95112 <NULL> CA 115 East San Carlos,
6088 | Ventura VENTURA <NULL> <NULL> 805.643.9429 93001 <NULL> @ East Main Street
2393  Boise DOWNTOWN <NULL> <NULL> 208-342-1992 83702 <NULL> North 10th
BOISE reet
2176  Portland YAMHILL NULL NULL 503-546-0450 | 97204 <NULL> OR 524 SW Yamhil,
Go back to oracle D D
induction 2183  Portland PORTLAND PEARL ~ <NULL> <NULL> 503-796-3033 97209 <NULL> OR 301 NW 10th Avenue
DISTRICT
Original Table 2182  Portland UPTOWN CENTER ~ <NULL> <NULL> 503.295.3033 97210 <NULL> OR 39 NW 23rd Place
174 | Portland HAWTHORNE <NULL> <NULL> 503-234-2223 | 97214 <NULL> OR 1428 SE.36th
Next Broken Record Avenue
4026  LosAngeles = HOWARD HUGHES ~<NULL> <NULL> 310-649-1026 90045 <NULL> CA 6081 Center Drive
2253 Mammoth MAMMOTH LAKES ~ <NULL> <NULL> 760-934-9316 | 93546 <NULL> CA 6201 Minaret Road,
Lakes 6201 Minaret Road
Northridge  NORTHRIDGE <NULL> <NULL> 818-349-7714 91324 <NULL> CA 9301 Tampa Avenue,
FASHION CENTER #121

Figure 5.12: WADaR Repaired Relation

The last page of the web platform shows the relation output of the whole repair
algorithm (Figure . The main area of the page shows the repaired relation, where
successfully repaired attributes are highlighted in green, others in red (A). If we hoover
the mouse over red values a small modal gives a brief explanation on why that value
could not be repaired (e.g., the computed regular expression was crossing an annotated
span). The user can then compare the original table with the repaired one (B), or
inspect not repaired values one by one (C). The button Statistics (D) shows some

numbers on the repair process: number of attributes repaired with regular expressions,
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number of attributes repaired with value based expressions, number of values modified,
and a chart showing the (predicted) error rate for each attribute before and after the
repair. Furthermore, users can analyse the modified wrapper (where blue highlights
show modified expressions that are result of the repair) and adjust wrapper expressions
if needed (E).

At this point, if the user is satisfied with the outcome of the repair, she can commit
or export the repaired relation (F). Another possibility is to re-extract the data with
the modified wrapper and repeat the process until she is satisfied with the result. If
the button Extract Again is pressed, WADaR extracts the data again with the modified
wrapper and it goes back to the input relation page (Figure |5.10b)).

5.7 Related Work

Wrapper Induction and Maintenance. Computing joint repairs is one of the many
maintenance problems faced in web data extraction [39, 107, 115, 122, 126]. Wrapper
maintenance techniques have, so far, focused on two problems: (i) Efficient detection
of wrapper failures due to changes in the targeted web sources. (ii) Computation of the
minimal (and robust) changes required to restore the wrapper to working conditions.
However, classical wrapper maintenance has assumed perfect, typically human-created
wrappers to begin with, with errors only being introduced over time due to change
in the sources. When covering thousands or hundreds of thousands of sources with
automatically or semi-supervised wrapper induction this assumption is no longer valid.

Closer in spirit to joint repairs are techniques to generate wrappers from background
data [32] 44} [89] [155]. These techniques implicitly align background data and wrappers
as part of the generation process. The closest works to ours are TURBOSYNCER [44]
and WEIR [32], which use instance-level redundancy across multiple sources to com-
pute extraction rules on individual sites that, together, can be used to effectively learn
wrappers without supervision. TURBOSYNCER works more at intensional /schema level
rather than instance level, hence our approach is not not entierly complementing it
(differently from WEIR). An advantageous side-effect of these approaches is the con-
struction of “compatible” relations that can be more easily integrated. Differently from
TURBOSYNCER and WEIR, our approach assumes the existence of an already gener-
ated wrapper to be repaired w.r.t. a target schema. From a practical point of view,
both TURBOSYNCER and WEIR can be adapted to compute joint repairs, however, as
shown in Section with a significantly worse performance than our approach due to
their reliance on redundancy. Our approach also eliminates the need for re-induction
of wrappers, leading to better runtime performance. It is worth noticing that both
WEIR and TURBOSYNCER try to solve a significant different problem, however each

of them can be adapted to tackle the problem of repairing extracted data and wrappers.
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Redundancy. Instance-level redundancy across web sources has been previously
used in different contexts to detect and repair inconsistent data extracted from the
web [32, 43, 44, 65]. Redundancy-based approaches face two main obstacles: (i) it
is not always possible to leverage sufficient redundancy in every domain, (see, e.g.,
the number of redundant records in SWDE of Figure [5.4), and (i) redundancy-based
methods require access to a substantial number of sources that have, so far, limited
their scalability (see, e.g., WEIR running time). Encoding the redundancy by other
means, e.g., through entity recognisers and knowledge bases, has proven beneficial to
circumvent the scalability problems without sacrificing generality of the approaches [43]
82]. Our approach achieves this via an ensemble of entity recognisers (Chapter |3,
some of which are trained using redundancy-based methods. Despite relying on entity
recognisers, our approach is highly robust to annotators noise and users can spend
very little time on tuning such annotators because possible errors will be recovered
by our approach (Section . Differently from redundancy-based approaches that
usually require a pairwise-source comparison, our approach is independent from the
number of sources because each of them can be run in parallel. However, exploiting
redundancy-based techniques to bootstrap the construction of the annotators is an
interesting future direction that we intend to investigate.

Cleaning, segmentation and alignment. Traditional data cleaning methods
focus on the detection and repair of database inconsistencies using statistical value dis-
tributions [146], [154], constraints [30} 69, 88|, 137], and knowledge bases [43]. Differently
from our setting, cleaning methods operate on relation(s) that contain incorrect values
but are assumed to be correctly segmented. Moreover, as anticipated in Chapter [4]
most of data cleaning algorithms are either too expensive (rule-based and machine
learning) or rely on an external source of information that limits the application to
popular domains.

A closer problem to repair web extracted relations is tackled by list segmenta-
tion/table induction techniques, where the goal is to induce structured records from
unstructured (i.e., wrongly segmented) lists of values. These are alternatives to the
segmentation based on flow networks used in our approach. Being inspired by tagging
problems common in bio-informatics and other areas, these approaches traditionally
require some form of supervision. Many require an initial seed of correctly segmented
records [50} 100} 109, 117, 158], while others require positive and negative examples
of valid field/column values as training data [I11, 149], sometimes leveraging existing
knowledge bases [49] or, again, instance-level redundancy [40, 65]. One of the first
successful approach in this direction is GOOGLE WEB TABLE [144] (GWT). GWT
re-constructs the columns semantic by assigning each column to entity types that can
be found in Freebase, thus reducing its applicability to “common-knowledge” domains.

Our work shows that there is much to gain in terms of generality and performance when
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redundant information is synthesised as annotators, e.g., we do not require pairwise
comparison of tuples and we can deal with unpopular domains.

A more recent approach similar to GW'T is the unsupervised method employed
in TEGRA [40], close in spirit to our segmentation strategy. Differently from, e.g.,
LisTEXTRACT [65], TEGRA looks at the relation globally, circumventing the in-
tractability of the problem by constructing approximated but optimal solutions. The
key difference between TEGRA and our approach is in the distance metrics used for
alignment. TEGRA'’s is essentially equivalent to cross-site instance-level redundancy
(carrying all its pros and cons), while our approach encodes it via attributes oracles.
Another major difference of our setting w.r.t. approaches like GWT and TEGRA is
the presence of misplacements and spurious content in the lists to be segmented. Both
GWT and TEGRA only segment the data without eliminating spurious content (this
is necessary in wrapper-generated data). It is worth mentioning that the problem of
segmenting lists with spurious content was already tackled by [151] but, again, using

cross-site, instance-level redundancy.

5.8 Annotators: Take the Bad with the Good

In this second part of the thesis we introduced WADaR, a system to compute joint re-
pairs for web wrappers and generated relations. We first presented the main challenges
and problems when dealing with automated web data extraction, and why traditional
data cleaning/table segmentation techniques are not suitable for repairing web data
and wrappers. Then we proposed an unsupervised framework that is independent on
the domain and on the wrapper induction system, and that is capable of delivering
high quality repairs for web extracted data and their wrappers. We showed how our
approach is not only beneficial for the final quality of the data, but also how it is
highly scalable by not relying on instance-level redundancy like most of previous ap-
proaches. The only supervised and domain-specific part of our system is the ensemble
of annotators used to label the extracted relations.

The annotator ecosystem is becoming extremely rich and diverse, and there are
many resources out there that can be used without any tuning effort (Chapter [2)).
But what happens when there are not available annotators for our target entities? In
WADaR we implemented a noise-tolerant sequence labelling algorithm that is robust
to annotators’ deficiency. This means that even when the user is forced to implement
her own annotators, she can spend very little time in doing so since we do not rely
on perfect annotators. On the contrary, we can still deliver high quality repairs with
highly noisy annotations. Can we do even better? Can we get rid of the supervised
side and repair data without any external help?

Recent efforts in web data extraction are shifting the interest to a different setting.

The goal in these new approaches is to extract real-world entities, and relationships
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that connect them in real life [21], 60, [135] [140]. For example, target data could store
which director directed a particular movie, the foundation year of a company, or which
city is capital of which country. Besides accurately describing facts from the real world,
this particular kind of data carries a big amount of hidden information. Sometimes the
writer of a movie is also the director. On the other hand, a city cannot be the capital
of a country ¢ if it is located in a different country c,. In the next chapter we will
present a fully unsupervised approach to discover declarative rules over entities and
relationships among them. Close in spirit to traditional database constraints induction
systems [17, [41], 97, 153], we will discover augmenting and repair rules by just looking

at the data without any external supervision.
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Part 111
RDF Knowledge Bases

“To know that we know what we know,

and to know that we do not know what we do not know,
that is true knowledge”.

— Confucius
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Chapter 6

RuDiK: Affordable Rule Discovery
in Knowledge Bases

So far, the focus of this thesis has targeted classic web data extraction: we extract
entities from semi-structured web sources, along with their attributes, in order to store
them in some structured format. A novel research direction is recently focusing on
extracting data from web documents to construct knowledge bases (KBs), in order to
structurally store entities and relationships among them. Given the different nature
of target data, KBs are usually not stored in relational databases. In this chapter we
move the attention from classic web data extraction to KBs built from web sources.
More specifically, we consider RDF KBs, the most popular format where data is stored
as RDF triples.

Building large RDF KBs has become a popular trend in information extraction.
Differently from classic relational databases, KBs store information in the form of
triples, where a predicate expresses a binary relation]] between a subject and an ob-
ject. KB triples, often referred to as facts, store information about real-world enti-
ties, such as “Scott Eastwood is the child of Clint Eastwood”, “Michelle Obama is
the spouse of Barack Obama”, or “Larry Page is the founder of Google”. The most
popular research efforts in this direction can be currently grouped into two strands,
according to the creation technique they rely on: human crafted KBs (FreeBase [31],
Wikidata [145]), and automated information extraction (DBPedia [29], DeepDive [135],
Yago [140], NELL [35], TextRunner [2I]). Recent advances in KBs have also attracted
interest from the industrial world, as is evident from investments of large companies
(Facebook Graph [ Google Knowledge Vault [60], Walmart [59]).

KBs are built by extracting information from web sources. Given the abundance
of web data, KBs nowadays end up being prohibitively large — the online version of
WIKIDATA contains more than 1 billion facts and 300 million different entitiesP Fur-

thermore, usually KBs do not expose a schema that clearly defines instance data. The

'We will use the two terms “predicate” and “relation” interchangeably in this chapter
’https://developers.facebook.com/docs/graph-api
3https://query.wikidata.org/
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set of predicates is unknown a-priori, and adding new predicates/facts is just a matter
of inserting new triples in the KB without any schema/integrity check. As a direct
consequence, the amount of incompleteness and inconsistencies in KBs is significantly
larger than classic databases [141]. For example, the standard closed world assumption
(CWA) does no longer hold in KBs [60} [84]. We cannot assume that a fact that is not
stated in a KB is false, but rather we should label it as unknown. This is known as the
open world assumption (OWA).

Despite being erroneous and incomplete, KBs carry such a big amount of infor-
mation that they can be inspected to find additional information or constraints over
existing data. In this chapter we investigate the problem of discovering declarative rules
over RDF KBs. More specifically, we target the discovery of first-order Horn Rules con-
strained by some language biases. We define two different types of rules: (i) positive
rules, used to enrich the KB with new facts and thus make it more complete; (i) neg-
ative rules, used to spot logical inconsistencies and repair erroneous triples.

Ezxample 17.

(Clint_Eastwood child Scott_Eastwood). (Barack_Obama child Sasha_Obama).
(Sasha_Obama parent Barack_Obama). (Barack_Obama birthDate '4/10/1961").
(Sasha_Obama birthDate ‘10/6,/2001"). (Clint_Eastwood birthDate ‘31/5/1930").

For example, consider the above KB that contains six triples with information about

parent and child relationships and birth dates. A potential positive rule could be:
parent (b,a) = child(a,b)

which states that if a is parent of b, then b is child of a. If the KB states that “Clint
Eastwood is the parent of Scott Eastwood”, we can infer the fact that “Scott Eastwood

is the child of Clint Eastwood”. On the other hand, a negative rule may state that:
birthDate(a,vy) A birthDate(b,v;) A vy > v; = —child(a,b)

The above rule expresses the concept that b cannot be child of a if a was born after b.
By instantiating the above rule on the KB, we may discover erroneous triples where a
child is born before her parent. Given a target predicate in input (e.g., child), we look

for a procedure that discovers both positive and negative rules for the given predicate.

Other than enriching and cleaning KBs, discovering declarative rules brings multiple
benefits. We can discover negative facts which are by nature absent in KBs). We can
help domain experts in automatically defining rules to maintain and curate Big Data
industrial systems [87]. Rules can help in discovering meaningful training examples for
Machine Learning tasks [129] [135].

Discovering declarative rules from data sources is a long standing research challenge.

Inductive Logic Programming (ILP) was the first discipline to mine Horn Rules from
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background knowledge and training examples [120]. Similarly, a significant body of
work has addressed the problem of discovering constraints over relational databases.
The most popular constraint families are Functional Dependencies [17, 07, 153] and
Denial Constraints [41]. However, current KBs pose new challenges that make these
approaches unsuitable. First, the size of modern KBs. Classic ILP systems cannot cope
with large KBs and adopting database techniques would require the materialisation of
all possible predicate combinations into relational tables. Second, the OWA that rules
KBs. KBs contain only positive statements, and since we cannot rely on the CWA,
we cannot derive negative statements as counter examples — most of classic databases
approaches rely on the presence of positive and negative examples or on the CWA.
Third, ILP and database techniques usually make the assumption that data is either
clean or has a negligible amount of errors. We will show that KBs present a high
percentage of errors and we need techniques that are noise tolerant.

Novelty. In this chapter we present RuDiK (Rule Discovery in Knowledge Bases),
a novel system for the discovery of positive and negative Horn Rules over KBs. To the
best of our knowledge, RuDiK is the first system capable of discovering both positive
and negative rules using the same algorithm. Moreover, classic rule discovery systems
assume that the KB has to fit in memory to have acceptable performance [15] 38, [75], 84].
We drop such an assumption and propose a disk-based solution that loads into memory
only a small portion of the KB. This is a key point not only because we can discover
rules on any size KB, but also because we can enlarge the expressive power of the
considered class of rules to include smart comparisons among constants and numbers,
including inequalities.

Contribution 1. We first formally define the problem of rule discovery over erro-
neous and incomplete KBs. The input of the problem consists of a target predicate,
uniquely identified by a set of positive and negative examples. The ideal solution of
the problem is a set of rules that covers all positive examples, and as few negative ex-
amples as possible. The problem can be naturally mapped to the well-known weighted
set cover problem, which is proven to be NP-complete.

In contrast with traditional ranking of rules based on a measure of support [58, [84],
119] 133], our novel problem definition inspired by the set cover allows the identification
of a subset of useful rules to be exposed to the user. The main benefit of such an
approach is to relieve the user from the definition of a suitable threshold that separates
good and bad rules. We will show that properly setting such thresholds is not trivial
(see Section , and we incorporate this aspect in the problem definition.

Contribution 2. We give a log(k) approximation of the problem close in spirit
to the greedy algorithm for set cover. k is the maximum number of positive examples
covered by a single rule. The algorithm we propose in RuDiK alternates and combines

two different phases: (i) it materialises the KB as a directed graph and discovers
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rules by navigating valid paths on the graph; (i) at each iteration it follows the most
promising path in the A* traversal fashion, allowing the pruning of unpromising paths.

Previous approaches for rule discovery assume that the KB has to fit in main mem-
ory to deliver acceptable performance [I5] 38, [75, [84]. Unfortunately, KBs nowadays
have sizes that can easily exceed hundreds of GBs and previous works require power-
ful resources to handle them. With our rules generation based on graph traversal we
materialise only a small portion of the KB that is needed for the discovery, generating
nodes and edges on demand by querying the disk whenever the navigation of a specific
path is required. Moreover, the A* graph traversal allows the pruning of unpromising
paths that are therefore never materialised. Thus we significantly reduce the search
space, cutting down the running time by ten times in the best case scenario.

Contribution 3. We experimentally verify the performance of rule discovery in
RuDiK using both real-world and synthetic datasets (Section . The evaluation
is carried out on the 3 most popular and widely used KBs, namely DBPEDIA [29],
YAaGo [139], and WIKIDATA [145]. We show that our algorithm is general enough to
deliver both accurate positive and accurate negative rules, and that it clearly outper-
forms state-of-the-art systems both in final accuracy and running time. Eventually
we give an example of application where our rule discovery approach gives a bene-
ficial impact, providing useful examples that can train Machine Learning algorithms
(Section [6.4.3)).

Roadmap. The rest of the chapter is structured as follows. Section intro-
duces basic preliminaries and the discovery problem tackled by RuDiK. In Section
we present a graph-based solution to generate the universe of all possible rules, while
Section is the main contribution of the chapter: we outline an approximate solu-
tion of the problem along with some optimisation techniques. Section empirically
evaluates RuDiK, and the most relevant works are surveyed in Section

6.1 Preliminaries and Definitions

The work of this chapter focuses on discovering rules from RDF] KBs. An RDF KB
is a database that represents common information through RDF triples (s, p, 0), where
a subject is connected to a object via a predicate. Triples are often called facts. As
an example, the fact that Scott Eastwood is the child of Clint Eastwood could be
represented with the triple (Clint_Eastwood, child, Scott_Eastwood). RDF KB triples

respect the following constraints:
e triple subjects are always entities, i.e., concepts from the real world;

e triple objects can be either entities or literals. Literals represent primitive types

— numbers, dates, and strings;

“https://www.w3.org/RDF/
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e triple predicates specifies real-world relationships between subjects and objects.

If we compare the KB model with object oriented programming languages, entities
correspond to complex objects with properties and attributes, while literals correspond
to primitive types such as integers, chars and strings.

Differently from, e.g., relational databases, KBs do not have a schema that instance
data is forced to follow. The set of predicates is unknown a-priori, and adding new
predicates is just a matter of inserting new triples having those predicates. Sometimes
KBs include T-Boz facts in order to define classes, domain/co-domain types for predi-
cates, and relationships among classes. While the T-Box can be useful in order to check
integrity and consistency within a KB, very often such information is incomplete or
not present at all. Hence our focus in this thesis is only on the A-Boz, the set of facts
that describe instance data. On the one hand this model allows great flexibility, on the
other hand the likelihood of introducing errors and inconsistencies is much higher for

KBs than traditional schema-guided databases.

6.1.1 Language

Inspired by Inductive Logic Programming [120], the goal of our work is to discover
first-order logical formulas in KBs. More specifically, we target the discovery of Horn
Rules. A Horn Rule is a disjunction of atoms with at most one unnegated atom. When

written in the implication form, Horn Rules have one of the following format:

Al/\Ag/\“'/\An:B Al/\Ag/\"'/\An:_'B

where A; A Ay A+ -+ A A, consists of the body of the rule (a conjunction of atoms), while
B is the head of the rule (a single atom). The head of the rule is either unnegated
(left) or negated (right). We call the former definite clause or more simply positive
rule, while the latter goal clause or negative rule. In the context of KBs, an atom is
a predicate connecting two variables, two entities, or an entity and a variable. For
simplicity, we represent an atom with the notation rel(a,b), where rel is the name
of the predicate, and a and b are either variables or entities. In the context of Horn
Rules, all variables appearing in a rule are implicitly universally quantified. Given
a Horn Rule r, we define 74,4y as the body of the rule, and 7j¢qq as the head of the
rule. We define the variables appearing in the head of the rule as the target variables.
The first rule of Example |17 shows a plausible positive rule, while the second rule is a
potential negative rule. a and b are the target variables in both cases.

Furthermore we extend the language in order to include literals comparison. A
literal comparison is a special atom rel(a,b), where rel € {<, <, #, > >}, and a and
b are both literal values except if rel is equal to #. In such a case a and b can be also
assigned to entities, and if they are both of them must be entities of the same type.

We will explain in details later on in the thesis this exception and why it is important.
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Given a KB K and an atom A = rel(a,b) where a and b are two entities, we say
that A holds over K iff (a,rel,b) € K. Given a KB K and an atom A = rel(a,b)
with at least one variable, we say that A can be instantiated over K if there exists at
least one entity from IC for each variable in A such that if we substitute variables with
entities in A, A holds over K. Transitively, given a body of a rule 7,4, and a KB K,
we say that 74,4, can be instantiated over K if every atom in 74,4, can be instantiated.

Eventually, we introduce two language biases in order to avoid the explosion of the
search space. Following the biases introduced by other approaches for rule discovery in
KBs [38, [84], we introduce such restrictions in order to speed up the discovery process.
Language biases introduce a compromise between the expressiveness of target rules and
the complexity of the discovery problem. Therefore we define a rule wvalid iff it follows

the following constraints.

Connectivity. We say that an atom A; can be reached by an atom Ay of the same
rule iff A; and A, share at least one variable or one entity. The connectivity
constraint requires that every atom in a rule must be transitively reachable by

any other atom in the rule.

Repetition. Every variable in a rule must appear at least twice. Since target variables
already appear once in the head of the rule, the repetition constraint limited to
the body of a rule requires that each variable that is not a target variable must

appear at least twice, while target variables at least once.

Language restrictions obviously limit the output of the discovery algorithm to a subset
of all plausible rules. We will show in Section [6.2l how these restrictions can significantly
speed up the discovery process through a fast disk-based approach that leverages on
these limitations. Besides efficiency purposes, the language biases are also driven by
limiting rules to be human readable. In fact a rule that involves two atoms about

completely disconnected entities would be hard to judge by an end user.

6.1.2 Rule Coverage

Given a pair of entities (z,y) from a KB I and a Horn Rule r, we say that 7,4, covers
(x,y) if (x,¥) = Thody. In other words, given a Horn Rule r = rppqy = 1(a,b), Thody
covers a pair of entities (z,y) € K iff we can substitute a with z, b with y, and the
rest of the body can be instantiated over K. Given a set of pairs of entities £ =
{(z1,11), (z2,92), -+, (Tn,yn)} and a rule r, we denote by C,(E) the coverage of Tpoqy
over E as the set of elements in E covered by rp0qy: Cr(E) = {(x,y) € E|(z,Y) = Tbody }-

Given the body rpeqy of a Horn Rule r, we denote by rj,,;, the unbounded body of r.
The unbounded body of a rule is obtained by keeping only those atoms that contain a
target variable and substituting these atoms with new atoms where the target variable

is connected to a new unique variable. As an example, given ry4, = reli(a,vo) A
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rely(vp,b) where a and b are the target variables, r,,, = rel;(a,v) A rely(vy,b).
While in 74,4, the target variables are bounded to be connected to the same variable vy,
in r,4, the target variables are not bounded to share the same variable. Given a set of
pairs of entities £ = {(x1,11), (x2,y2), -+, (n,yn)} and a rule r, we denote by U, (F)
the unbounded coverage of ry,,, over E as the set of elements in E covered by rj,,:
U(E) = {(z,y) € E|(z,y) = 74,4,}- Note that, given a set E, C.(F) C U.(F). In
other words, the unbounded coverage of a rule over E always contains all the elements

of the coverage over E.

FEzxample 18. Given the negative rule r and the KB I of Example we denote with
E the set of all possible pairs of entities in IC. The coverage of r over E (C.(E)) is the set
of all pairs of entities (z,y) € K such that both x and y have the birthDate information
and z is born after y, while the unbounded coverage of r over E (U,(F)) is the set of
all pairs of entities (x,y) such that both z and y have the birthDate information, no
matter what the relation between the two birth dates is. In that specific KB, the pair
(Sasha_-Obama, Barack_Obama) belongs to both C,.(E) and U, (F), since Sasha Obama
was born after his father; on the other hand the pair (Clint_Eastwood, Barack_-Obama)
belongs only to U,(E), since Clint Eastwood was born before Barack Obama. Note
that the pair (Clint_Fastwood, Scott_Eastwood) does not belong neither to C,.(E) nor
to U,(E), since the birth date for Scott Eastwood is missing.

The unbounded coverage is essential to distinguish between missing and inconsistent
information: if for a pair of entities (z,y) the birthDate information is missing for
either x or y (or both), we cannot say whether x was born before or after y, therefore
we cannot state whether the negative rule of Example covers (z,y) or not. On
the other hand, if both x and y have the birthDate information and z is born before
y, we can affirm that the negative rule of Example does not cover (z,y). Given
that modern KBs are largely incomplete [60, [118], discriminating between missing and
conflicting information becomes of paramount importance.

We can now define the coverage and the unbounded coverage for a set of rules

R ={ry,ry, -+ ,r,} as the union of individual coverages:

Cr(E)=JCE)  Un(E)=|JU.(E)

reR reR

Our problem tackles the discovery of positive (negative) rules for an input given
predicate (target predicate). We uniquely identify a predicate with two different sets of
pairs of entities. G — generation set: GG contains good examples for the target predicate
(G contains examples of pairs each composed of a parent and one of its children if we are
discovering positive rules for a child predicate). V' — validation set: V contains counter
examples for the target predicate (pairs of people that are not in a child relation). We

will explain in Section how to generate these two sets for a given predicate. For
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example, given the target predicate child for which we aim to discover positive rules,
G contains pairs of parent-child people such as (Barack-Obama, Sasha-Obama) and
(Clint_Eastwood, Scott_Eastwood), while V' contains pairs of not parent-child people
such as (Barack_-Obama,George_Bush) and (Clint_Fastwood, Quentin_Tarantino).

Note that our approach is not less generic than those for mining rules for an entire
KB (e.g., [15, [84]): it is true that we require a target predicate as input, however we
can generically apply our setting for every predicate in the KB and compute rules for
each of them (see Section [6.4.2)).

We can now formalise the exact discovery problem.

Definition 6. Given a KB IC, two sets of pairs of entities G and V from K such that
G NV =, and a universe of Horn Rules R, a solution for the ezact discovery problem
is a subset R’ of R such that:

Ropt = agg,:?gnf(x) ={r=|R|ANCr(G)=GACr(V)NV =0}

The ideal solution is a set of rules that covers all examples in G, and none of the
examples in V. Note that given a pair of entities (x,y), we can always generate a Horn
Rule whose body covers only (x,y) by assigning target variables to x and y.

Unfortunately, since the solution is not allowed to cover any element in V', in the
worst case the exact solution may be a set of rules such that each rule covers only one
example in G, resulting in a solution that overfits the input data and that is difficult

to understand for end users.

6.1.3 Weight Function

In order to allow flexibility and errors in both G and V| we drop the strict requirement
of not covering any element of V. However, since covering elements in V' is an indication
of potential errors, we limit the coverage over V' to the minimum possible. We therefore

define a weight to be associated with a rule.

Definition 7. Given a KB IC, two sets of pair of entities G and V' from K such that
G NV =, and a Horn Rule r, the weight of r is defined as follow:

_1G(G) ]

) |G (V) |
|G |

+6- (A (6.1)

wir) =e- (1 G

with a, 8 € [0,1] and oo+ 8 = 1.

The weight is a value between 0 and 1 that captures the goodness of a rule w.r.t.
G and V: the better the rule, the lower the weight — perfect rules would have a weight
of 0. The weight is made of two components normalised by the two parameters o and
(B. The first component captures the coverage over the generation set G — the ratio

between the coverage of r over G and G itself. Note that if r covers all elements in G,
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then this component vanishes. The second component aims at quantifying potential
errors of r, or rather the coverage over V. The coverage over V is not divided by total
elements in V', because KBs are largely incomplete and we cannot distinguish between
a missing information and a conflicting one (we cannot be sure whether elements for
which the information is missing are covered or not by 7). Thus we divide the coverage
over V' by the unbounded coverage of r over V. Ideally this number is close to 0. The
parameters o and [ are used to give relevance to each component. We would set a
high g if we want to discover rules with high precision that identify few mistakes, or we
would set a high « if we are more interested in recall and the discovered rules should

identify as many examples as possible.

Ezxample 19. W.r.t. the negative rule r and theKB K of Example [I7] given two sets
of pair of entities G and V' from K, the two components of w, are computed as follows:
the first component is computed as 1 minus number of pairs (z,y) in G where z is
born after y divided by the total number of elements in G; the second component is
the ratio between number of pairs (z,y) in V where z is born after y and number of
pairs (z,y) in V where the date of birth (for both x and y) is available in K. In the
specific example, the pair (Sasha_-Obama, Barack_-Obama) would contribute both to
the numerator of the first element and the denominator of the second element, while
the pair (Clint_Fastwood, Barack-Obama) would only contribute to the denominator

of the second element.

Definition 8. Given a set of rules R, the weight for R is defined as:

Cr(G Cr(V

-2 (031

Assigning a weight to one or to multiple rules allows us to take into consideration
an important aspect of modern KBs: the presence of errors. We will show in the
experimental evaluation that very often universally correct rules have a significant
coverage over V| which corresponds to errors in the KB. The exact discovery problem
implies the absence of errors in the input KB, however such an assumption is too strong
for modern KBs that are usually automatically built from external web sources [60,

135, 139] and thus inconsistencies are common [141].

6.1.4 Problem Definition

We can now state the approximate version of the problem.

Definition 9. Given a KB K, two sets of pair of entities G and V from K where
G NV =0, a universe of rules R, and a weight function w for R, a solution for the

approximate discovery problem is a subset R’ of R such that:

Ry = argmin(w(R')|R'(G) = G)
RICR
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We can map this problem to the well-known weighted set cover problem, which is
proven to be a NP-complete problem [45]. The universe corresponds to G and the input
sets are all the possible rules defined in R.

Since we want to minimise the total weight of the output rules, the approximate
version of the discovery problem aims to cover all elements in GG, and as few as possible
elements in V. Since for each element g € G there always exists a rule that covers
exactly only ¢ (single-instance rule), an optimal output covering the whole G is always
guaranteed to exist. We expect the output to be made of some rules that cover multiple
examples in G, while remaining examples in GG to be covered by single-instance rules.
In the best-case scenario a single rule covers all elements in G and none of the elements
inV.

Section will describe a greedy polynomial algorithm to find a good solution for

the approximate discovery problem.

6.2 Rule Generation

We introduce RuDiK, a disk-based approach to discover first-order Horn Rules in RDF
KBs. The first task RuDiK needs to address is the generation of the universe of all
possible rules R. Each rule in R must cover one or more examples of the generation
set G.

In this setting, the universe of all possible rules can be generated by just inspecting
elements of G. This is a key part of our generation approach: we do not inspect
the entire KB, but just entities belonging to G. The smaller the size of G is, the
smaller is the search space for rules generation. On the contrary, recent KB rule
mining approaches tackle the problem by searching for valid rules over the entirety of
the KB. This is typically done by initially looking at all facts that share a common
predicate, and then expanding these facts with other predicates that share common
entities [38, 84]. Alternatively other approaches leverage on well established relational
database techniques such as functional dependencies discovery [75].

The generation problem is simple but presents significant scalability issues. The
number of all possible rules increases exponentially with the size of the KB and enu-
merating all of them means exploring a huge search space. This is the main reason
why previous approaches solve the problem by loading the entire KB into main memory
and by aggressively indexing triples on subject, object, and predicate. Unfortunately,
modern KBs can easily exceed the size of hundreds of GBs, making a memory-based
solution unfeasible on common machines. We introduce in RuDiK a novel rules gener-
ation technique that inspects only a portion of the KB. On the one hand, we load into
main memory only a small fraction of the database. On the other hand, this allows a
larger expressiveness of the considered rules than previous works. One could argue that

reducing the search space may lead to missing some meaningful rules. We will show
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Figure 6.1: Graph Portion of DBPEDIA

in Section that our generation technique for G creates a representative (reduced)
view of the entire search space.

The data structure RuDiK leverages on is a straightforward translation of a KB K
into a directed graph: entities and literals are nodes of the graph, while there is a direct
edge from node a to node b for each triple (a,rel,b) € K. Edges are labelled, where the
label is the relation rel that connects subject to object in the triple. Figure|6.1|shows a
portion of DBPEDIA [29] that connects two persons in a child and parent relationship,
along with their date of birth. The graph represents information of four KB triples
(two birth dates, one parent and one child relation).

The body of a Horn Rule can be seen as a path in the graph. W.r.t. Figure [6.1],
the body child(a,b) A parent(b,a) corresponds to the path Clint Eastwood — Scott
Fastwood — Clint Eastwood. In Section we defined valid rules. The body of a
valid rule contains target variables a and b at least once, and every other variable at
least twice. In a valid body also each atom is transitively connected to every other
atom. If we allow navigation of edges in any direction (no matter what the direction
of the edge is on the graph), we can easily translate bodies of valid rules to valid paths
on the graph. Given a pair of entities (z,y), a valid body corresponds to a valid path
p on the graph that meets the following criteria:

1. p starts at the node z;
2. p touches y at least once;

3. pends in x, in y, or in a different node that has been touched before.

In other words, given the body of a rule 744y, Thody COVers a pair of entities (z,y) iff
there exists a valid path on the graph that corresponds to 7404,. Therefore, given a pair
of entities (z,y), we can generate bodies of all possible valid rules by simply computing
all valid paths from x with a standard BFS. Note how the transitively connection
between atoms is always guaranteed by the construction property of a path p: for each
node n in p there always exists a subpath that connects n to every other node in p.
The key point is the ability of navigating each edge in any direction, which basically
means turning the original directed graph into an undirected one.

Despite the navigation over an undirected graph, we still need to keep track of the

original direction of the edges. This is essential when translating paths to Horn Rule
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bodies. In fact, if we navigate an edge rel between a and b, an original edge direction
from a to b produces the atom rel (a, b), while a direction from b to a produces the atom
rel(b,a). These two atoms are different, where the position of variables is determined
by the original direction of the edge.

One should notice that for two entities x and y, there might exist infinite valid paths
starting from x since every node can be traversed multiple times. Thus we introduce
the maxPathLen parameter that determines the maximum number of edges in the
path. When translating paths to Horn Rules, maxPathLen determines the maximum
number of atoms that we can have in the body of the rule. This parameter is essential
to avoid the discovery of rules with infinite body length.

The main advantage of inspecting just the generation set GG is the capability of
loading only a small portion of the graph that is currently needed. Given a pair of
entities (x,y), we retrieve from the KB all those nodes at distance maxPathLen — 1
or less from x or y, along with their edges. Retrieving such nodes and edges can be
done recursively: we maintain a queue of entities, and for each entity in the queue we
fire a SPARQL query against the KB to get all entities (and edges) at distance 1 from
the current entity — we call these queries single hop queries. We then add the new
found entities to the queue iff they are at distance less than maxPathLen — 1 from
either x or y and they have not been visited before. The queue is initialised with x
and y. By doing so we retrieve a small portion of the entire KB, and namely only that
needed to discover rules that cover (z,y). We will show in the experimental section
that SPARQL engines are very fast at executing single hop queries.

The generation of the universe of all possible rules for G is therefore straightforward:
for each element (z,y) € G, we construct the portion of the graph as described above
and compute all valid paths starting from z. Computing paths for every example in
G implies also computing the coverage over GG for each rule. The coverage of a rule
r is simply the number of elements in G where there exists a path that corresponds
to Tpoay. Our discovery technique will also generate single-instance rules: rules that
cover only one example (z,y) € G by instantiating target variables a and b in the rule
with = and y. Once the universe of all possible rules has been generated (along with
coverages over (), computing coverage and unbounded coverage over V' is just a matter
of executing two SPARQL queries against the KB for each rule in the universe. We
will show in Section how some queries can be avoided, as well as there is no need
of enumerating all possible rules in the universe as some of them will never be part of
the final solution.

Clearly, the size of G' has a direct impact on the search space and hence on the
running time. Since we generate all valid rules for each example in G, the search space
grows roughly linearly with the size of G. If we could know a-priori the minimum
subset of examples that lead to the generation of all valid rules, then we could use only

those few examples. A future direction we are working on exploits exactly this point:
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how to select a small number of representative examples in order to reduce the size of

G, without significantly affecting the quality of the output.

6.2.1 Input Examples Generation

A crucial role in our approach is played by the two input sets G and V', used to generate
and validate rules. We will show that discovering negative rules is the dual problem
of discovering positive rules, therefore we assume to be in the setting of generating
positive rules. We will explain how to switch to the negative setting at the end of this
section.

Given an input KB K and a predicate rel € K, we automatically build a generation
set G and a validation set V' as follows. GG consists of positive examples for the target
predicate rel. It is generated as all pairs of entities (x,y) such that (z,rel,y) € K —if
the target predicate is child, it consists of all pairs of entities in a child relation. V'
instead consists of counter (negative) examples for the target predicate and it is slightly
more complicated to generate, since the closed world assumption does no longer hold
in KBs. Differently from classic database scenarios, we cannot assume that what is not
stated in a KB is false (closed world assumption). Because of large incompleteness,
everything that is not stated in a KB is unknown rather false. In order to generate
negative examples, we make use of a popular technique for KBs: Local-Closed World
Assumption (LCWA) [60, 84]. LCWA states that if a KB contains one or more object
values for a given subject and predicate, then it contains all possible values (if a KB
contains one or more children of Clint Eastwood, then it contains all possible children).
This is definitely true for functional predicates (predicates such as capital where the
subject can have at most one object value), while it might not hold for non-functional
predicates (e.g., child). KBs contain many non-functional predicates, we therefore
extend the definition of LCWA by considering the dual aspect: if a KB contains one
or more subject values for a given object and predicate, then it contains all possible
values.

To generate negative examples we then take the union of the two LCWA aspects:
for a given predicate rel, a negative example is a pair (x,y) where either x is the
subject of one or more triples (x,rel,y’) with y # ¢/, or y is the object of one or more
triples (z’,rel,y) with  # 2’. As an example, if rel = child, a negative example is a
pair (x,y) such that z has some children in the KB that are not y, or y is the child of
someone that is not z. By considering the union of the two LCWA aspects we do not
restrict predicates to be functional (such as in [84]).

The number of negative examples generated with the above technique could easily
explode (for a target child predicate it is nearly the cartesian product of all the
people having a child with all the people having a parent). In order to apply the
same approach for positive and negative rule discovery, we require G and V' to be of

comparable sizes. We therefore introduce a further constraint, that significantly shrinks
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the size of negative examples: given a pair of entities (x,y), * must be connected to
y via a predicate that is different from the target predicate. In other words, given a
Kb K and a target predicate rel, (z,y) is a negative examples if (z,rel’,y) € K, with
rel’ # rel. This intuition exploits the LCWA for predicates rather than for entities.
If a KB contains a relation between two entities x and y, then it contains all possible
relations between x and y. If x and y are in a relation that is not the target predicate,
then most likely x and y are not connected by the target predicate in the real world.
This further restriction has multiple advantages: on the one hand it makes the size
of V of the same order of magnitude of G (see Section [6.4]), on the other hand it
guarantees the existence of a path between x and y, for every (z,y) € V. For positive
examples, the existence of a path was already guaranteed since pairs in GG are always
connected by at least one predicate, the target one. We used three popular KBs in
our experiments (Section and we found out that our technique for generating V'
guarantees three main points in all of the real cases: first, V’s size is in the same order
of magnitude of G; second, the existence of a path between entities in V' ensures the
discovery of meaningful negative rules; third, we did not find a single case where a pair
of entities connected via a different predicate than the target one was also connected
via the target one.

Eventually V is generated with the intersection of the two constraints defined above.
A negative example (x,y) for the target predicate child has the following characteris-
tics: (i) x and y are not connected by a child predicate; (i) either 2 has one or more
children (different from y) or y has one or more parents (different from x); (ii7) x and

y are connected by a predicate that is different from child.
Ezxample 20.

(Clint_Eastwood child Scott_Eastwood).
(Clint_Eastwood colleague Quentin_Tarantino).

(Clint_Eastwood spouse Maggie_Johnson).

From the above toy KB, the pair (Clint_Fastwood, Quentin_Tarantino) is a negative
example for the target predicate child since Clint Eastwood has a child who is not
Quentin Tarantino, Clint Eastwood and Quentin Tarantino are not connected via a

child predicate and they are also connected via a different predicate (colleague).

Often KBs use same predicates to connect different semantic categories. We may
find that a child predicate is used not only to connect two entities of type person, but
also two companies to denote an ownership relation. In order to enhance the quality
of the input examples and avoid cases of mixed unrelated semantic categories, we
introduce the type restriction when generating G and V. The type restriction requires

that for every example pair (z,y) belonging to either G or V', x is always of the same
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type and y is always of the same type. All modern KBs include entity types (often
through the rdf:type statement), therefore we make use of this information. For
example, G and V for a target child predicate are two sets of pairs, where each pair
consists in two entities of type person. The type information can be manually provided
or, as we will see in Section we can automatically compute it from the KB.

In the dual problem of negative rule discovery our approach remains unchanged, we
just switch the role of G and V. The generation set becomes V' (negative examples),
while the validation set becomes G (positive examples). Now it should be more clear
why we introduced the second constraint of LCWA on predicates. Since V' becomes
the generation set in the negative rules setting, V' must be small in size and it must
guarantee the existence of a path between pairs of entities in each example. Further-
more, we stress that our approach is independent on how GG and V' are generated: they
could also be manually crafted by some domain experts, which would require additional
manual effort. We will empirically show that our examples generation strategy leads
to better quality rules than, e.g., those created with examples randomly selected from
the KB.

The strategy for creating V' aims at making this set as much symmetric to G as
possible. Examples in V' are counter examples for the target predicate when discovering
positive rules, and this is guaranteed by the LCWA on the target predicate. When
discovering negative rules instead, V must have similar properties of GG, which translates
to having examples that can lead to meaningful rules. This aspect is guaranteed by
the constraint that examples in V' must be connected via a different predicate than the
target one. Such a constraint guarantees that examples in V' are somehow related, i.e.,
they are not just two random entities that have nothing in common. Following these
intuitions, V' shows the same properties of G, and we can use the exact same algorithm
for discovering both positive and negative rules by just switching the roles of G and V.

One of the downside of using a small generation set is the risk of discovering biased
local rules, i.e., rules that hold only on G but not on the rest of the KB. Currently we are
selecting all positive facts from the KB to construct GG, and this has the clear advantage
of being a fast and straightforward solution. However we are also investigating the
problem of selecting diverse examples: examples that show different behaviours within
the KB. In this work however we focus on how to discover qualitative rules given two
sets of examples, and how these examples are generated is somehow orthogonal to the
techniques we present here.

To the best of our knowledge, RuDiK is the first approach that is capable of dis-
covering both positive and negative rules in KBs. Previous works have put their focus
either on the positive setting [15], [38, 84], or on the negative one [75]. However, none

of these techniques can be easily adapted to work in the dual scenario.
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6.2.2 Literals and Constants

We defined our target language in Section which, other than normal predicate
atoms, includes literals comparison. The scope of literals comparison is to enrich
the language with smarter comparisons among literal values other than equalities,
such as greater than or less than. In order to discover such kind of atoms, the KB
graph must contain edges that connect literal values with one (or more) symbol from
{<,<,#,>,>}. As an example, Figure should contain an edge ‘<’ from node
“March 31, 1930” to node “March 21, 1986”. Unfortunately, the original KB does
not contain this kind of information, and creating such comparisons among all literals
in the KB is unfeasible.

Once again, the use of a generation set G is the key point to introduce literals
comparison. Since we discover paths for a pair of entities from G in isolation, thus the
size of a graph for a pair of entities is relatively small, we can afford to compare all
literal values within a single example graph. This implies the creation of a quadratic
number of edges w.r.t. the number of literals in the graph. We will show in the ex-
perimental section that within a single example graph the number of literals is usually
relatively small, thus the quadratic comparison is affordable. Modern KBs include
three types of literals: numbers, dates, and strings. Besides equality comparisons, we
add ‘>",‘>" <’ ‘<’ relationships between numbers and dates, and # between all lit-
erals. These new relationships are treated as normal atoms: x > y is equivalent to
rel(x,y), where rel is equal to >. Once we added artificial edges for every input
example graph, the discovery of literal comparisons is equivalent to discover normal
predicate atoms.

Furthermore, we noticed that ‘#’ relation could be useful for entities as well other

than literals. Think about the following negative rule:
bornIn(a,z) A x # b = —president (a,b)

The rule states that if a person a is born in a country that is different from b, then
a cannot be president of b. The rule holds for most of the countries in the world.
To consider inequalities among entities, we could add artificial edges among all pairs
of entities in the graph. This strategy however, despite being inefficient for the high
number of edges to add, would lead to many meaningless rules. We noticed that it
is reasonable to compare two entities only when they are of the same type, e.g., they
belong to the same conceptual category. As with the generation of G and V', we make
use of rdf:type triples. We add an artificial inequality edge in the input example
graph only between those pairs of entities of the same type. In the above rule it is
reasonable to compare x and b because they are both countries.

As a last extension of our language, we also discover rules with constants (entities).

For a given rule r, we promote a variable v in r to an entity e iff for every (z,y) € G
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covered by r, v is always instantiated with the same value e. Suppose that for the
above negative rule for president, all examples in G are people born in the country

“U.S5.A.”. We can then promote variable b to “U.5.A.” | generating the rule:

bornIn(a,z) Nx # U.S.A. = —president(a, U.S.A.)

6.3 A" Greedy Algorithm

We introduce in RuDiK a greedy approach to solve the approximate version of the
discovery problem (Section [6.1.4). The algorithm combines two phases: (i) it solves
the set cover problem with a greedy strategy; (i) it discovers new rules by navigating

the graph in the A* search fashion, allowing the pruning of unpromising paths.

6.3.1 Marginal Weight
In Section [6.1.3] we defined the weight associated with a set of rules R as follows:

| Cr(G) |
|G |

| Cr(V)

wif)=a-{- Ta(V)

|
)+ B (o | )
Our goal is to discover a set of rules that covers as many elements as possible in G, and
as few elements as possible in V. We follow the intuitions behind the greedy algorithm
for weighted set cover by defining a marginal weight for rules that are not yet included

in the solution [45].

Definition 10. Given a set of rules R and a rule r such that r ¢ R, the marginal
weight of r w.r.t. R is defined as:

| Co(G) \ Cr(G) |

wn(r) = w(RU{r}) —w(R) = —a- Xl g (LG (V)

|
| Urogry(V) | | Us(V)

The marginal weight quantifies the total weight increase that we would have by
adding r to an existing set of rules R. In other words, the marginal weight indicates
the contribution of r to R in terms of new elements covered in G and new elements
unbounded covered in V. Due to the first negative part, w,,(r) € [—«a, +0]. Since the
set cover problem aims at minimising the total weight, we would never add a rule to
the solution if its marginal weight is greater than or equal to 0. Algorithm [5 shows
the straightforward greedy rules selection procedure. The algorithm takes as input the
generation set (G, the validation set V', and the universe of all possible rules R. The set
of output rules R, is first assigned to an empty set. At each iteration, the algorithm
picks from R the rule r» with the minimum marginal weight, and it adds r to R, r

is then removed from R. The algorithm stops when one of the following termination
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Algorithm 5: Greedy Rules Selection.
input : G — generation set
input :V — validation set
input : R — universe of rules
output: R, — greedy set cover solution
1 Ropt < 0;
74— argmin(wy, (r));
reR
repeat
Ropt < Ropt U {7“};
R+ R\ {r};
r < argmin(w,, (r));
reR
7 until R =0V Cr,,,(G) = GV wp(r) > 0;
8 if Cg,,,(G) # G then
L Ropt = Ropt U singleInstanceRule(G \ Cr,,, (G));

N

(<IN B N L

10 return R,

conditions are met: 1) R is empty — all the rules have been included in the solution;
2) Ry covers all elements of G; 3) the minimum marginal weight is greater than or
equal to 0 — among the remaining rules in R, none of them has a negative marginal
weight, hence the current solution is one of those with the minimum weight. If the
second termination condition is not met, there may exist examples in G that are not
covered by R,,. In such a case the algorithm will augment R,, with single-instance
rules (rules that cover only one example), one for each element in G not covered by
R,y This is necessary to let the approximate solution fully cover the input set G.

Since the coverage of a rule is always contained in its unbounded coverage, the
marginal weight is greater than or equal to 0 whenever the rule does not cover new
elements in G and does not unbound cover new elements in V. More specifically, a rule
r has a negative marginal weight iff the sum of its new elements covered in G with its
new elements unbounded covered in V is strictly greater than its new elements covered
in V.

The greedy solution guarantees a Log (k) approximation to the optimal solution [45],
where £ is the largest number of elements covered in G by a rule in R — k is at most
|G|. If the output rules in the final solution cover disjoint sets of G, then the greedy

solution is optimal.

6.3.2 A" Graph Traversal

Algorithm [5| assumes that the universe of rules R has been generated, so that we can
iteratively pick the rule with minimum marginal weight. In order to generate the
universe of all possible rules, we need to traverse all valid paths from a node x to a
node y, for every pair (z,y) in the generation set G. In this section we will analyse the

following aspect: is it essential to generate all possible paths for every example in G7
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Example 21. Consider the scenario where we are mining positive rules for the target

predicate spouse. The input generation set GG includes two examples g1 = (z1,41)
and go = (z9,ys) retrieved from the KB, where the above figure shows the graph for
the two examples. Assume for simplicity that all rules in the universe have the same
coverage and unbounded coverage over the validation set V. One of the plausible rule
is 7 = child(x,vg) A child(y,vy) = spouse(x,y), stating that entities x and y with
a common child are married. Looking at the KB graph, r covers both ¢g; and g; — in
both g; and g there exists a path that corresponds to 7404,. Since all rules have the
same coverage and unbounded coverage over V', if we include r in the solution before
inspecting other potential rules, then there is no need to generate any other rule. In
fact any other plausible rule will not cover new elements in GG, therefore their marginal
weights will be greater than or equal to 0. Hence any other rule will not be part of the
solution. Thus the navigation (and creation) of edges livesIn in g;, worksAt in g,

and partner in g becomes worthless.

Based on the above observation, we avoid the generation of the entire universe R,
but rather we consider at each iteration the most promising path on the graph. The
intuition is the same behind the A* graph traversal algorithm [05]. Given an input
weighted graph, A* computes the smallest cost path from a starting node s to an
ending node t. At each iteration, A* maintains a queue of partial paths starting from
s, and it expands one of these paths based on an estimation of the cost still to go to
t. The path with the best estimation is expanded and added to the paths queue. The
algorithm keeps iterating until one of the partial paths reaches t. RuDiK discovers rules
with a similar technique. For each example (z,y) € G, we start the navigation from z.
We keep a queue of not valid rules (Section , and at each iteration we consider
the rule with the minimum marginal weight, which corresponds to equivalent paths in
the example graphs. We expand the rule by following edges on the graphs, and we
add the new founded rules to the queue of not valid rules. Differently from A*, we do
not stop when a rule (path) reaches the node y. Whenever a rule becomes valid, we
add the rule to the solution and we do not expand it any further. The algorithm keeps
looking for plausible paths until one of the termination conditions of Algorithm [5] is
met.

A crucial point in A* is the definition of the estimation cost. In particular, if we
want to guarantee the solution to be optimal, the estimation must be admissible, i.e.,

the estimation cost must be less than or equal to the actual cost. As an example,
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when searching for the shortest route on a map, an admissible estimation might be the
straight-line distance to the goal for every node, since that is physically the smallest
possible distance between any two points. In our setting, given a rule that is not yet
valid and needs to be expanded, we need to define an admissible estimation of the

marginal weight.

Definition 11. Given a rules r = Ay A Ay--- A, = B, we say that a rule ' is an
expansion of r iff ' has the form Ay A Ay --- A, AN A,;1 = B. In other words, ' is
generated by adding a new atom to the body of r.

Given a rule r, expanding r means adding a new atom to the body of r. From the
graph traversal point of view, expanding r means traversing one further edge on the
path defined by rp,4y. In order to guarantee the optimality condition, the estimated
marginal weight for a rule r that is not valid must be less than or equal to the actual
weight of any valid rule that is generated by expanding r. Given a rule and some

expansions of it we can derive the following:

Lemma 6. Given a rule v and a set of pairs of entities E, then for each v’ expansion
of r, C.(E) C C.(F) and U (E) C U.(E).

The above Lemma states that the coverage and unbound coverage of a rule 7’
expansion of r are respectively contained in the coverage and unbound coverage of r.
In fact expanding a rule means adding a new atom to the body of the rule, hence
making the rule more selective. This is equivalent of adding an ‘AND’ condition to
a SQL query ¢: the new result will obviously be a subset of the result obtained with
q. Note that Lemma [0] is equivalent to the augmentation inference rule for functional
dependencies [17].

We recall that the marginal weight of a rule » w.r.t. a solution R is defined as follow:

L NGGNCRG) |y [ Crop(V) | | Cr(V) |
|G| [ Uropy (V) [ [ UR(V) |

The only positive contribution to marginal weights is given by |Crugy (V)]. |Crupy (V)]
is equivalent to |Cr(V)|+|C,(V)\ Cr(V)|, thus if we set |C,.(V)\ Cr(V)| = 0 for any r

that is not valid, we guarantee an admissible estimation of the marginal weight. More

+ )

wm<r) =

simply, we estimate the coverage over the validation set to be 0 for any rule that can
be further expanded (i.e., not valid), since expanding the rule may bring the coverage
to 0.

Definition 12. Given a not valid rule r and a set of rules R, we define the estimated
marginal weight of r as:

GG\ CR(G) |
|G |

L ACrV) | [ Cr(V) |)
| Uroinn (V) | [ UR(V) |

wy, (r) = +

where a rule is valid iff it respects the language biases defined in Section |6.1.1]
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The estimated marginal weight for a valid rule is equal to the actual marginal weight
since a valid rule will not be considered for expansion — it corresponds to reaching the
ending node in the A* algorithm. Given Lemma [0 we can easily see that w,(r) <

*

w? ("), for any 7’ expansion of r. Thus our marginal weight estimation is admissible.

RuDiK uses the concept of frontier nodes for a rule r (N(r)). Given a rule r, Ny(r)
contains the last visited nodes in the paths that correspond to ry.q, from every example
graphs covered by r. As an example, given 7y, = child(z,v,), Ny(r) contains all
the entities vy that are children of z, for every (z,y) € G — vy is the last visited node
in the path. Expanding a rule r implies navigating a single edge from any frontier
node. Algorithm [6] shows the modified set cover version that includes A*-like rules
generation. The set of frontier nodes is initialised with starting nodes z, for every
(r,y) € G (Line . The algorithm maintains a queue of rules @), from which it
chooses at each iteration the rule with minimum approximated weight. The function
expandFrontiers retrieves from the KB all nodes (along with edges) at distance 1 from
frontier nodes and returns the set of all rules generated by this one hop expansion. Such
expansions are computed with single-hop SPARQL queries. @, is therefore initialised
with all rules of length 1 starting at = (Line . In the main loop, the algorithm checks
if the current best rule r is valid or not. If r is valid, r is added to the output and it is
not expanded (Line . If r is not valid, r is expanded iff the length of its body is less
than maz PathLen (Line . There is no point in expanding rules with body greater
than or equal to maxPathLen since such rules are not allowed in the output. The

termination conditions and the last part of the algorithm are the same of Algorithm [5|

The simultaneous rules generation and selection of Algorithm [6] brings multiple
benefits. First of all, we do not generate the entire graph for every example in G.
Nodes and edges are generated on demand, whenever the algorithm requires their
navigation (Line . If the initial part of a path is not promising according to its
estimated weight, the rest of the path will never be materialised since there is no need
to navigate it. Materialising the graph is an expensive task, since we need to query the
disk in order to retrieve target nodes and edges. Rather than materialising the entire
graph and then traversing it, we propose a solution that gradually materialises parts
of the graph whenever they are needed for navigation (Lines [3| and . Secondly, the
weight estimation could lead to pruning unpromising rules. If a rule does not cover
new elements in G and does not unbound cover new elements in V', then its estimated
marginal weight is 0 (Definition . A rule with 0 marginal weight is never picked
as best rule to be expanded, and if it is the algorithm terminates (due to one of the
termination conditions). This implies that a rule with 0 estimated marginal weight is
pruned away from the search space, as we will never generate rules from its expansion.

The partial materialisation of the graph and the pruning of the search space have

a significant impact on the amount of resources used by the algorithm. On the one
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Algorithm 6: RuDiK Rules Discovery.
input : G — generation set
input :V — validation set
input : maxPathLen — maximum rule body length
output: R, — greedy set cover solution

1 Ropt < 0;
2 Ny < {al(z,1) € G}:
3 @, < expandFrontiers(Ny); // SPARQL queries
4 7 <+ argmin(w}, (1));

’V’EQT-
5 repeat
6 | Qr<Qr\{rk
7 if isValid(r) then
8 | Ropt = Ropt U {r};
9 else

// rules expansion
10 if length(rpoqy) < maxPathLen then
11 Ny < frontiers(r);
12 Qr <+ QU expandFrontiers(Ny); // SPARQL queries
13 r < argmin(w;, (r));
TEQT

14 until Q. =0V Cg,,,(G) = GV wj,(r) > 0;
15 if Cj,,,(G) # G then
16 L Ropt < Ropt U singleInstanceRule(G \ Cr,,, (G));

(S

17 return R,y

hand, we noticed the running time is halved in the worst case and sometimes it is up
to ten times faster. On the other hand, we can also significantly decrease the amount
of memory needed, since we load sub-portions of the graph. Consider the extreme case
where there exists a rule r that covers all elements in (G, unbound covers all elements
in V and does not cover any element of V. In such a case, Algorithm [6] will output the
optimal solution by just materialising paths on the example graphs that correspond to
Thody With O (1 -|G|) SPARQL queries, where [ is the length of 7ppa.

6.4 Experiments

We carried out an extensive experimental evaluation of our rule discovery approach.
We grouped the evaluation into 4 main sub-categories: (i) a first set of experiments
aims at demonstrating the quality of our output, both for negative and positive rules;
(i1) a second set of experiments compares our method with state-of-the-art systems;
(7i) in the third set of experiments we outline the applicability of rule discovery by
enhancing machine learning algorithms; (7v) in the last set of experiments we discuss
internal system settings and some KB properties.

Settings. We evaluated our approach over several popular KBs. For each KB, we

downloaded the most up-to-date core facts and loaded them into our SPARQL query
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engine. We experimented several SPARQL engines, including Jena ARQ[| OWLIM
Lite| and RDF-3x[] We also implemented a naive relational database solution with
PostgreSQL. Eventually we opted for OpenLink Virtuoso[f| as it was the fastest among
all the solutions. Virtuoso took on average 20 minutes to load a medium size KB (i.e.,
10 GB) into its store, and around 100 milliseconds to execute a single hop query. All
experiments are run on a iMac desktop with an Intel quad-core i5 at 2.80GHz with
16 GB RAM. We run Virtuoso server with its SPARQL query endpoint on the same
machine, optimised for a 8 GB available RAM.

Our method needs the two input parameters o and f of Equation [6.1} « measures
the importance of the coverage over the generation set, while 8 measures the coverage
over the validation set. In other words, a high « privileges recall over precision, while
a high [ gives more importance to precision. We can afford a high o and a low
when the input KB is accurate and complete. We will show that KBs contain many
errors and missing information, therefore we set a = 0.3 and g = 0.7. Increasing «
and decreasing  means a higher number of output rules with a lower accuracy.

We also set the max Path Len parameter to 3. This number represents the maximum
number of atoms that we can have in the body of a rule. We will show in Section [6.4.4]
that increasing this parameter does not bring any benefits, as body rules longer than
3 atoms start to be very complicated and not insightful.

All the choices of the above parameters have been empirically validated through
extensive experiments that are accessible in the online technical report http://bit.
1y/2bDZ09F.

Evaluation Metrics. RuDiK discovers rules for a given target predicate. For
each KB, we chose 5 representative predicates as follows: we first ordered predicates
according to descending popularity (i.e., number of triples having that predicate), and
then we picked the top 3 predicates for which we knew there existed at least one
meaningful rule, and other 2 top predicates for which we did not know whether some
meaningful rules existed. We repeated the procedure for each input KB, and for positive
and negative rules. Despite working one predicate at time, RuDiK can also discover
rules for the entire KB by listing all predicates in the KB, and discover rules for each
of them. We will show in Section [6.4.2] how this can be achieved.

Positive rules are very useful to enrich the KB by discovering new facts. Since we
are generating new data, we cannot evaluate the output over the existing data. Inspired
by [84], we proceed as follows: we run the algorithm over the KB, and for each output
rule we generate all new predictions that are not already in the KB (we execute the body
of the rule against the KB and remove all those pairs that are already connected by the

target predicate in the KB). As an example, for the rule spouse (b, a) = spouse(a,b),

Shttps://jena.apache.org/documentation/query/
Shttps://confluence.ontotext.com/display/OWLIMv54/0WLIM-Lite+Installation
"https://code.google.com/archive/p/rdf3x/

8http://virtuoso.openlinksw.com/
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we retrieve all pairs (b,a) such that b is spouse with a but a is not spouse with b
in the KB. If the rule is universally correct (like the previous example), we mark all
the new predictions as true. If the rule is unknown, we randomly sampled 30 new
predictions and manually checked them against the Web. The precision of the rule is
then computed as the ratio of true predictions out of true and false predictions.

Negative rules are slightly more complicated to evaluate. In fact, despite that KBs
are usually incomplete, a large percentage of the data not stated in a KB is false
— a very small fraction of the cartesian product of all the people in a KB will be
actually married. Therefore negative rules will always discover many correct negative
facts. However, negative rules are a great means to discover errors in the KB, and
we leverage this aspect to evaluate them. For each discovered rule, we retrieve from
the KB pairs of entities for which the body of the rule can be instantiated over the
KB and that are also connected by the target predicate. As an example, for the
rule child(a,b) = —spouse(a,b), we retrieve all those pairs (a,b) such that b is
child of a and a is spouse with b. We call these generated pairs of entities potential
errors. Similarly to positive rules, whenever a rule is universally correct we mark all its
potential errors as true, whereas if the rule is unknown we manually check 30 sampled
potential errors. The final precision of a rule is computed as actual errors divided by
potential errors. Furthermore, a potential error is evaluated as actual error whenever
a single atom in the rule is incorrect, no matter if the atom is in the body or the head
of the rule. For example, for the negative rule child(a,b) = —spouse(a,b), a specific
instantiation (a, b) is an actual error if either b is not an actual child of a, or b is not
an actual spouse of a. As we will explain further below, negative rules cannot point
exactly where the error is, but they give a hint that something is wrong and needs to
be further inspected.

The full suite of test results, together with all the KBs, induced rules, and annotated
gold standard examples and rules is available online at http://bit.1ly/2csR0Osc.

6.4.1 Rule Discovery Accuracy

The first set of experiments aims at evaluating the accuracy of discovered rules over
the 3 most popular and widely used KBs: DBPEDIA [29], YAGO [139], and WIKI-
DATA [I45]. For each KB we downloaded the most recent version and selected core
facts, facts about people, geolocations and transitive rdf :type facts. WIKIDATA pro-
vides only the entire dump, therefore we just eliminated from it no-english literal values.
Table [6.1] shows the characteristics of the 3 KBs.

As the figure shows, the size of the KB is relevant. Loading the entire KB into
main memory is not feasible unless we have high memory availability [38, [75], or we
reduce the KB by eliminating facts such as rdf:type or literals [84]. We propose an
approach that is disk-based where only a small portion of the KB is loaded into main

memory, such that we can discover rules on any size KB with limited resources.
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Table 6.1: Dataset characteristics.

KB Version Size #Triples | #Predicates
DBPEDIA 3.7 10.056GB | 68,364,605 1,424
YAGO 3.0.2 7.82GB | 88,360,244 74
WIKIDATA | 20160229 | 12.32GB | 272,129,814 4,108

6.4.1.1 Positive Rule Discovery

We first evaluate the precision of positive rules for the top 5 predicates on the 3 KBs.
The number of new induced facts varies significantly from rule to rule — a rule with
literals comparison will produce a very high number of facts. In order to avoid the
precision to be dominated by such rules, we first compute the precision for each rule as
explained above, and then we average values over all induced rules. Table reports
precision values, along with average running time over all predicates.

Our first observation is that the more accurate is the KB, the better is the quality
of induced rules. WIKIDATA contains very few errors, since it is manually curated
and every triple is manually checked by different individuals before being inserted.
DBPEDIA and YAGO instead are automatically generated by extracting information
from the Web, hence their quality is significantly lower. Discovering perfect positive
rules is a hard task, mostly because there is no guarantee of the existence of valid
negative examples. A striking example in this direction is one of the rule induced for
founder in DBPEDIA. Our approach discovers that if a person is born in the same
place where a company is founded, then the person is the founder of the company.
The rule is obviously wrong, as there are many people who are born in the same place
of a company and have not founded the company. However this rule has a very high
coverage over the generation set (many companies’ founders founded their company
in their birth place), and a very low coverage over the validation set — indeed among
the cartesian product of all the people and companies, a very small fraction includes
people and companies born and founded in the same place. Despite such hard cases, our
approach is always capable of producing correct rules for those predicates for which we
knew there existed some valid rules. Cases like academicAdvisor, child, and spouse
have a precision above 95% in all of the KBs, and final precision values are brought
down by few predicates where meaningful rules arguably do not exist at all.

The running time is influenced by different factors. First of all the size of the KB
has obviously a huge impact, as RuDiK is slower in WIKIDATA which is the biggest KB.

Table 6.2: Positive Rules Accuracy.

KB Avg. Running Time | Precision
DBPEDIA 34min, 56sec 63.99%
YAGO 59min, 25sec 62.86%
WIKIDATA | 2h, 21min, 34sec 73.33%
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Not only the number of triples is relevant, but also the different number of predicates.
In fact the more predicates we have in the KB, the more alternative paths we observe
when traversing the graph, hence a bigger search space. The second relevant aspect
is the target predicate involved. We noticed that some kind of entities have a huge
number of outgoing and incoming edges (“United States” in WIKIDATA is connected
to more than 600K entities). When the generation set includes such types of entities,
the navigation of the graph is slower as we need to traverse a high number of edges.
This is what happens in YAGO, where the most popular predicates are isLeaderQf
and exports. Eventually the maxPathLen parameter also has a big say in the final
running time. The longer the rule, the bigger is the search space. We will show in the
next Section how we can be much faster if we set to 2 atoms the maximum length of
the rule. In the next chapter we will discuss some future directions to significantly cut

down the running time based on the above observations.

6.4.1.2 Negative Rule Discovery

Negative rules are very useful to discover inconsistencies in the KB. We evaluated
negative rules as the percentage of correct errors discovered for the top 5 predicates in
each KB. Table shows, for each KB, the total number of potential erroneous triples
discovered with negative rules, whereas the precision is computed as the percentage of
actual errors among potential errors.

Negative rules generally have better accuracy than positive ones. This is mostly
due to the completeness of the validation set: for negative rules the validation set is the
universe of all possible counter examples stated in the KB, whereas for positive rules
the validation set is just a small fraction of it. Therefore negative rules are usually
better validated than positive ones. WIKIDATA shows lower numbers just because it
does not contain as many errors as DBPEDIA and YAGO: even though discovered rules
are almost correct, the percentage of actual errors identified is lower in WIKIDATA. For
example, we identify the same rule that two people with same gender cannot be married
both in YAGO and WIKIDATA. Such a rule retrieves errors in YAGO with 94% accuracy,
while the accuracy in WIKIDATA for the same rule is 57%. YAGO is the KB with the
highest number of errors. As an example, there are 9,057 cases in the online YAGO
where a child is born before her parent. We cannot point exactly where the error is —

there could be an error in one of the birth dates or an error in the parent relation —

Table 6.3: Negative Rules Accuracy.

KB Avg. Run Time | # Potential Errors | Precision
DBPEDIA | 19min, 40sec 499 92.38%
YAGO 10min, 40sec 2,237 90.61%
WIKIDATA | 1h, 5min, 38sec 1,776 73.99%
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but we can affirm that at least one of these values is wrong and send them to human
evaluators to spot the inconsistency.

Differently from positive rules, literals play a vital role in discovering negative rules.
In fact in many cases correct negative rules rely on temporal aspects in which some-
thing cannot happen before/after something else. Temporal information are usually
expressed through dates, years, or other primitive types that are represented as literal
values in KBs.

As a last observation, discovering negative rules is usually faster than discovering
positive rules. This is mostly due to the time we spend executing validation coverage
queries. Whenever we discover a rule that respects our language bias (Section [6.1.1]),
we execute the body of the rule against the KB with a SPARQL query to compute its
coverage over the validation set. These queries are faster for negative rules since the
validation set is composed of all the entities connected by the target predicate, whereas
in the positive case the validation set corresponds to counter examples as described
in Section which are usually more complex to evaluate for standard SPARQL
engines.

The table below shows some interesting cases, for both correct and incorrect rules.
The example rules show the full power of our language, including literals, smart literals
comparisons, entities inequalities and constants. As previously mentioned, the exten-
sion including literals comparisons and entities inequalities gives a significant boost in
accuracy for negative rules, while it is rarely used in discovering positive rules. The

full set of discovered rules can be inspected online at http://bit.1ly/2csROsc.

Rule KB Precision
notableWork(b,a) = creator(a,b) WIKIDATA |  100%
nationality(a,vp) Anationality(b,vg) A
notableStudent (b,a) = academicAdvisor(a,b)
hasChild(vg,b) A isMarriedTo(a,vy) = hasChild(a,b) YAGO 50%
activeYearsEndDate (a,vp) A
activeYearsStartDate (b, vg) = successor(a,b)
inception(a,vg) A dateOfBirth(b,v1) Avy > vy =
—founder(a,b)
country(a, England) N country (b, United_Kingdom) N
England # United_Kingdom = —county (a, b)
actedIn(a,b) = —wroteMusicFor (a,b) YAGO 40%
birthYear (a,vg) A birthDate(b,v1) Avg < v =
—academicAdvisor(a,b)

DBPEDIA 100%

DBPEDIA 0%

WIKIDATA 100%

DBPEDIA 100%

DBPEDIA 28.6%

Table 6.4: Interesting Output Rules.

6.4.2 Comparative Evaluation

We compared the performance of our rule discovery method against AMIE [84], the

state-of-the-art system in discovery Horn Rules from KBs.
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AMIE is a rule discovery system designed to discover positive rules. It first loads the
entire KB into memory, and then discovers positive rules for every predicate in the KB.
AMIE lists all the predicates in the KB and inserts each of them as head of the rule.
Once the head is filled, the system tries to expand the rule by pivoting on one of the
variables of the current predicate and looks for predicates sharing the same variable
with high coverage in the KB. The coverage of a rule is penalised with the partial
closed world assumption, where the set of negative examples for a given pair (x,y) and
a target predicate p is composed of all those pairs where z is connected through p to
an entity different from y. Differently from us, AMIE outputs all possible rules that
exceeds a given threshold and ranks them according to their coverage function.

Given the in-memory implementation, AMIE cannot handle large KBs. We tried
to run it on the KBs of Table [6.1], but the system goes quickly out of memory. Thus
we downloaded and used the modified versions of YAGO and DBPEDIA used in their
experiments. E] These versions consist in the core facts of the KB, without literals and
rdf : type facts. Table summarises the characteristic of this dataset.

Table 6.5: AMIE Dataset characteristics.

KB Size | #Triples | #Predicates | #rdf :type
DBPEDIA | 551M ™ 10,342 22.2M
YAcO 48M | 948.3K 38 77.9M

Removing literals and rdf :type triples drastically reduce the size of the KB (Ta-
ble [6.1). Since our approach needs type information (both for the generation of G
and V and for the discovery of entities inequality atoms), we run AMIE on its original
dataset, while we run our algorithm on the same dataset plus rdf:type triples. The
last column of Table [6.5|shows how many triples we added to the original AMIE dataset.

Positive Rules. We first compared RuDiK against AMIE on its natural setting:
positive rules discovery. AMIE takes as input an entire KB, and discovers rules for
every predicate in the KB. We adapted our system to simulate AMIE as follows: we
first list all the predicates in the KB, and for each predicate that connects a subject to
an object we computed the most common type for both subject and object. The most
common type is computed as the most popular rdf : type that is not super class of any
other most popular type.

After computing type domain and co-domain for each predicate, we run our ap-
proach sequentially on every predicate. Furthermore we set the maxPathLen param-
eter to 2, since this is the default setting for AMIE.

AMIE outputs a huge amount of rules along with their scores — 75 output rules
in YAGO, and 6090 in DBPEDIA. We followed their experiments setting and picked
the first 30 best rules according to their score. We then picked the rules produced
by our approach on the head predicate of the 30 best rules output of AMIE. RuDiK

9http ://www.mpi-inf .mpg.de/departments/databases-and-information-systems/research/yago-naga/amie/
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Figure 6.2: Predictions Accuracy on YAGO

is more conservative and produces much less rules than AMIE. We noticed that for
every predicate AMIE always discovers more than one rule, while there are several
predicates where the output of our algorithm is empty since none of the plausible rules
has enough support. As a consequence, for instance, RuDiK outputs just 11 rules for
8 target predicates on the entire YAGO— for the remaining predicates RuDiK does not
find any rule with enough support.

The precision of each rule is computed as described above with a minor modification:
whenever a rule is unknown with its new predictions, we first check the existence of
the new induced facts in a newer version of the KB. This is possible because the AMIE
dataset does not contain the most up to date versions. If a new fact does not appear
neither in a newer version nor on the Web, it is evaluated as false. We implemented
this small modification to follow the evaluation technique used in [84].

Figure plots the total number of new unique predictions (x-axis) versus the
aggregated precision (y-axis) on YAGO. The n-th point from the left represents the
total number of predictions and the total precision of these predictions, computed
over the first n rules (sorted according to AMIE’s score). AMIE produces many more
predictions (262K vs 102K), but with a significant lower accuracy. This is due to the
high number of rules in output of AMIE, but also to the way these rules are ranked. In
fact if we limit the output of AMIE to the best 11 rules (same output of our approach),
the final accuracy is still 29% below our approach, with just 10K more predictions.
AMIE outputs many good rules that are preceded by meaningless ones in the ranking,
and it is not clear how to set a proper k in order to get the best top k rules. RuDiK
instead understands that in some cases meaningful rules do not exist, and it outputs
something only when it has a strong confidence. This results in a lower number of
predictions with a very high accuracy — precision is above 85% before the last rule,
with more than 80K predictions. Moreover, our approach can also simulate AMIE if we
are more interested in recall. By modifying the o and [ parameters, we can obtain a
higher number of predictions in output, at the expense of accuracy.

Figure [6.3| shows the same evaluation on DBPEDIA. DBPEDIA has a richer set of
relations, therefore also RuDiK is capable of producing 30 rules in output. Despite the

same number of rules, once again our approach leads to a lower number of predictions
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Figure 6.3: Predictions Accuracy on DBPEDIA

(26K vs 41K) with a significant higher accuracy (85% vs 74%). The only point where
AMIE outperforms our approach is when we consider the top 3 rules: the third rule
discovered by AMIE is indeed a universally true rule that produces more than 11K
correct predictions.

Negative Rules. As a second set of comparative experiments we used AMIE to
discover negative rules. AMIE is not designed to work in this setting, and can discover
rules only for predicates explicitly stated in the KB. Therefore we proceeded as follows:
we sampled the top 5 most popular predicates in each KB and we created for each
predicate a set of negative examples as explained in Section [6.2.1] For each negative
example we added a new fact to the KB connecting the two entities with the negation
of the predicate. For example, we added a notSpouse predicate connecting each pair of
people who are not married according to our negative examples generation technique.
We then run AMIE on these new created predicates. The evaluation of negative rules
is then carried out as explained before: we generate potential errors in the KB, and we
manually evaluated the precision of such errors. Table shows the results on the two
KBs. RuDiK outperforms AMIE in both cases of almost 20%. This is because for the
negation of a predicate, we use the actual predicate as counter examples. AMIE instead
is not aware that the actual predicate provides counter examples for the negation of it,
hence it is much less precise. In fact the output of AMIE consists in a high number of
rules for each predicate (often more than 30), and in many cases AMIE produces same
rules for both positive and negative scenarios. As an example, AMIE outputs that if a
country a exports a good b, then a imports b and a does not import b.

Despite clearly outperforming AMIE, numbers look significantly lower that the ones
showed in Section [6.4.1] This is because we are using the AMIE modified KBs which

do not contain literals. As explained earlier, literals play a vital role when discover-

Table 6.6: Negative Rules vs AMIE.

AMIE RuDiK
KB # Errors | Precision | # Errors | Precision
DBPEDIA 457 38.85% 148 57.76%
YAGO 633 48.81% 550 68.73%
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Table 6.7: Run Time vs AMIE.

KB #Triple | #Predicates | AMIE | RuDiK | Types Time
YAGO 2 948.3K 20 30s | 18m,15s 12s
YAGO 2s 4.1M 26 (38) > 8h | 47m,10s 11s

DBPEDIA 2.0 ™ 904 (10342) | > 10h | 7h,12m 77s
DBPEDIA 3.8 | 11M 237 (649) | > 15h | 8h,10m 37s
WIKIDATA 8.4M 118 (430) | > 25h | 8h,2m 11s
Yaco 3* 88.3M 72 - 2h,35m 128s

ing negative rules, both in terms of total errors discovered and in terms of precision.
Excluding literals is a big disadvantage, and we will emphasise this aspect in detail in
Section [6.4.4]

Running Time. We report here the running time of AMIE compared to our
approach. Note that numbers are different from [84], where AMIE was run on a 48 GB
RAM server. AMIE could finish the computation only on YAGO 2, while for the other
KBs it got stuck without outputting any more rules. When this happened, we stopped
the computation after we did not see any new rule in output for more than 2 hours.

Table[6.7]reports the running time on different KBs. The first five KBs are the AMIE
modified versions, while YAGO 3* is complete YAGO, including literals and rdf :type.
The third column shows the number of predicates for which AMIE was able to pro-
duce at least one rule. In some cases AMIE got stuck without producing any rule for
some predicates, hence we report the total number of predicates in brackets. For a
fair comparison we run our algorithm only on those predicates for which AMIE could
produce at least one rule. The fourth and fifth columns report the total running time
of the two approaches. Despite being disk-based, RuDiK can successfully complete the
task faster than AMIE in all cases, except for YAGO 2. This is because of the very
small size of the KB, which can easily fits in main memory. However, when we deal
with real KBs (YAco 3*), AMIE is not even capable of loading the KB due to out of
memory errors. Eventually the last column reports the total time needed to compute
rdf : type information for each predicate in the KB. This time is negligible w.r.t. the
total running time. The running time justifies our disk-based strategy: RuDiK can
successfully discover rules for any size KB on any machine.

Other Systems. We found other available systems to discover rules in KBs. [15]
discovers new facts at instance level, hence it is less generic than our approach. On
AMIE YAGO 2 KB they can discover 2K new facts with a precision lower than 70%.
The best rule we discover on YAGO 2 already produces more than 4K facts with a
100% precision. [38] implements AMIE algorithm with a focus on scalability. They do
not introduce any novelty in the algorithmic part, but a clever way of splitting the
KB into multiple cluster nodes so that the computation can be run in parallel. The

output is the same as AMIE. Eventually we did not compare with classic Inductive
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Logic Programming systems [58, [119], as these are already significantly outperformed

by AMIE both in accuracy and running time.

6.4.3 Machine Learning Application

The main goal of this set of experiments is to prove the applicability of our approach
in helping Machine Learning algorithms to provide meaningful training examples. We
chose DeepDive [135], a Machine Learning approach to incrementally construct KBs.
DeepDive extracts entities and relations from text articles via distant supervision. The
key idea behind distant supervision is to use an external source of information (e.g., a
KB) to provide training examples for a supervised algorithm. For example, the main
showcase in DeepDive extracts mentions of married couples from text documents. In
such a scenario DeepDive uses as a first step DBPEDIA in order to label some pairs of
entities as true positive (those pairs of married couples that can be found in DBPEDIA).
These labelled examples are then used to construct a factor graph, similar to Markov
Logic, that will predict labels on the rest of candidates. Unfortunately, a KB can only
provide positive examples. Hence in DeepDive the burden of creating negative examples
is left to the user through manual rules definition.

In this set of experiments we will use our negative rules on DBPEDIA to generate
negative examples, and we will compare the output of DeepDive trained with different
set of negative examples. We used DeepDive showcase example[l’] where the goal is to
extract mentions of married people from text articles. DeepDive already provides some
negative rules to generate negative examples (e.g., if two people appear in a sentence
connected by the words brother or sister then they are not married). We therefore
compare the output of DeepDive using our generated negative examples and the ones
generated with DeepDive rules.

Figure [6.4] shows DeepDive accuracy plot run on 1K input documents. The ac-
curacy plot shows the ratio of correct positive predictions over positive and negative
predications (y-axis), for each probability output value of DeepDive (x-axis). The dot-
ted blue line represents the ideal situation, where the system finds a high number of
evidence positive predictions for higher probability output values — when the output
probability is 0 there should not be positive predictions. The plot is computed over a
test set, while the system is trained over a separated training set. The figure shows 4
lines other than the ideal ones. RuDiK is the output of DeepDive using our approach
to generate negative examples. OnlyPos uses only positive examples from DBPEDIA,
Manual uses positive examples from DBPEDIA and manually defined rules to generate
negative examples, while ManualSampl uses only a sample of the manually generated
negative examples in size equal to positive examples. The first observation is that

OnlyPos and Manual do not provide valid training, as the former has only positive

Ohttp://deepdive.stanford.edu/
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Figure 6.4: DeepDive Application 1K articles

examples and labels everything as true, while the latter has many more negative ex-
amples than positive and labels everything as false. ManualSampl is the clear winner,
while our approach suffers mostly the absence of data: over the input 1K articles, we
could find only 20 positive and 15 negative examples from DBPEDIA. The lack of
enough evidence in the training data also explains the missing points for RuDiK in the
chart, where there are not predictions in the probability range 25-45%.

If we extend the input to 1M articles, things change drastically (Figure . All the
three approaches except OnlyPos can successfully drive DeepDive in the training, with
the examples provided with RuDiK leading to a slightly better result. This is because of
the quality of the negative examples: our negative rules generate representative exam-
ples that can help DeepDive in understanding discriminatory features between positive
and negative labels. The output of ManualSampl and RuDiK are very similar, meaning
that we can use our approach to simulate user behaviour and provide negative exam-
ples. With manually defined rules the number of generated examples is significantly
higher (23K vs 5K generated with RuDiK), however the results are very similar since
a small number of significant examples is enough to provide complete evidence for the
training. This confirms the main finding of this experiment: as long as we have an
external source of information with a decent coverage over the input articles, users do

not need to worry about providing rules to generate negative examples.
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Figure 6.5: DeepDive Application 1M articles
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6.4.4 Internal Evaluation

In this last set of experiments we measured the impact of RuDiK relevant features in
order to quantify the benefit of three main aspects in rules discovery. We run RuDiK
on DBPEDIA with different settings than the standard ones. We report results on the
same top-H predicates of Section for both positive and negative rules.

With Literals Without Literals
Type Run Time Precision Run Time Precision
Positive Rules | ~35min 63.99% ~54min 60.49%
Negative Rules | ~20min | 92.38% (499) | ~25min | 84.85% (235)

Table 6.8: Rules Accuracy without Literals on DBPEDIA.

Effect of Literals. Since previous KB rules discovery approaches exclude literals
from the mining [15], 38, [84], we wanted to quantify the impact of having literal rules.
Thus we run RuDiK excluding all literal values. Table reports the output precision
with and without literals. Including literal values in the mining has a considerable
impact on final accuracy, both for positive and negative rules. The effect is particu-
larly evident for negative rules, where excluding literals involves finding less than half
potential errors (numbers in brackets) with a lower precision. founder is the most
evident example: RuDiK discovers 79 potential errors with a 95% precision with literal
rules, while there are not output errors for rules without literals.

Surprisingly, including literals reduces also the running time. This is due to the
pruning effect of the A* algorithm: if we include literals the algorithm can find rather
soon valid literal rules, which causes the pruning of several paths on the graph. If we
excluded literals instead these paths cannot be pruned and needs to be inspected by
the algorithm, which entails a bigger search space.

Rules Length Impact. The maxPathLen parameter fixes the maximum number
of atoms allowed in the body of a rule. Low values for max PathLen may exclude from
the search space meaningful rules, while high values may exponentially increase the
search space and consequently the running time. Table reports accuracy values
and run times for different maxPathLen settings. If we set maxPathLen = 2 we
observe a significant improvement in running time, at the expense of loosing several
meaningful rules. In particular we loose all the rules that involve literals comparison,
as these require a minimum of three atoms in the body. This is particularly evident

for negative rules, where we spot a fewer number of errors (in round brackets) with

Table 6.9: maxPathLen Parameter Impact on DBPEDIA.

maxPathLen = 2 maxPathLen = 3 maxPathLen = 4
Type Run Time | Precision | Run Time Precision Run Time | Precision
Positive | ~3min 49.17% ~35min 63.99% > 24h 66%
Negative | ~56sec | 90% (131) | ~20min | 92.38% (499) > 24h | 92.71% (302)
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a lower precision. At the other side of the spectrum, with maxPathLen = 4 the
search space explodes and RuDiK was not capable of finishing the computation within
24 hours for each predicate. We therefore report the accuracy of rules discovered
in 24 hours of computation. The results are comparable to those computed with
maxPathLen = 3, provided the absence of rules that might have been discovered after
24 hours. Furthermore, we did not notice any new discovered correct rule with body
length equal to 4. Rules with length 4 are usually very complex to understand, and
when executed over the KB they often return an empty result (i.e., they are useless
both for discovering additional information and for identifying inconsistencies). Here

a couple of examples of output rules with length 4:

birthPlace(a,vg) A areaTotal(vp,v1) A viafId(b,v2) Av1 < vg = —academicAdvisor(a,b)

foundingYear(a, v2) A birthPlace (b, vg) A foundingYear(vi,v2) A foundationPlace(vy,vo) = founder(a,b)

We therefore decided that maxPathLen = 3 is a good compromise between a reason-
able running time and a good output accuracy.

Negative Examples Generation. A key point in RuDiK is the generation of
negative examples with a modified version of the LCWA (Section [6.2.1]). We therefore
evaluate two different strategies to generate negative examples. Given a target pred-
icate p from a KB IC, we call f, the most common type of entities that are subject
of p, and t;, the most common type for the object. As an example, if p =founder,
te = Company and t, = Person. We define k as the number of triples having p as
predicate in K — k is the cardinality of the positive examples set. The first alternative
negative examples generation strategy is Random: we randomly select k pairs (x,y)
from the cartesian product of all entities = of type t, and all entities y of type t;, such
that the triple (x, p,y) ¢ K. The second generation strategy, named LCW A_Random,
leverages on the LCWA. In LCW A_Random we randomly pick k pairs (z,y) from the
cartesian product of all entities x of type t, and all entities y of type t,, such that:
(i) (x,p,y) € K, with ' # y; (ii) («/,p,y) € K, with 2’ # w; (ii) (x,p,y) ¢ K.
LCW A_Random is equivalent to RuDiK generation strategy, minus the constriction
that x and y must be connected by a predicate different from p. The constraint of
having k examples aims at reducing the size of the cartesian product that can easily
explode otherwise.

Table reports the accuracy of discovering negative rules with the three dif-
ferent generation strategies (RuDiK is our modified LCWA strategy). Random and

Table 6.10: Effect of Negative Examples Generation Strategy on DBPEDIA.

Strategy # Potential Errors | Precision
Random 247 95.95%
LCWA_Random 263 95.82%
RuDiK 499 92.38%
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LCWA_Random strategies show very similar behaviours, with a slightly better pre-
cision than RuDiK. This is because whenever we randomly pick examples from the
cartesian product of subject and object, the likelihood of picking entities from a dif-
ferent time period is very high, and negative rules pivoting on time constraints are
usually correct. As an example, a correct rule for the target predicate child is
birthDate(a,vy) AbirthDate(b,v;) Avy > vy = —child(a,b), stating that whenever
a person a is born after a person b, then b cannot be child of a. The likelihood of
randomly picking some pairs of persons (z,y) where z is born after y is very high,
hence such kind of rules will often be discovered. However these are the only kind of
rules that random generation strategies are able to find, as shown from the smaller
number of errors that they can identify. Instead, the constriction of forcing  and y to
be connected by a different predicate generates negative examples with heterogeneous
properties that lead to different results. Rules such as parent (a,b) = —spouse(a,b)
are very unlikely to be generated with random strategies, since the likelihood of pick-
ing two people that are in a parent relation is very low. The generation strategy we
adopt in RuDiK allows the discovery of more types of rules, and not only rules involving
time constraints. This has multiple benefits: on the one hand, we discover more rules,
which entails discovering a higher number of errors (Table [6.10); on the other hand,
different rule types lead to high quality negative examples, that can be used in several

applications such as training Machine Learning algorithms (see Section |6.4.3)).

6.5 Related Work

Our work is inspired by Inductive Logic Programming, but uses techniques from depen-
dencies discovery in relational databases, KBs construction, and mining graph patterns.
We review a few of the most relevant works below.

Relational Database Constraints. A significant body of work has addressed the
problem of discovering constraints over relational database sources. Functional Depen-
dencies (FDs), a formalism to express relations and dependencies among attributes,
has been studied in constraints discovery literature for more than 20 years [17], with a
recent focus on performance [16]. FDs can be grouped into two strands: the schema-
level approaches [97] (similar to our positive rules discovery), and the instance-driven
approaches [153]. More recently, Conditional FDs extend standard FDs by enforcing
patterns of semantically related constants [71]. In the context of inconsistencies dis-
covery for relational data, Denial Constrains (DCs) are the current state-of-the-art
techniques [41]. DCs are a universally quantified first order logic formalism to express
constraints over relational data, and they are directly related to our negative output
rules. Efficient DCs algorithms have been proposed for data cleaning and consistent

query answering [26, [42].
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Despite being directly related to our output and expressing a richer language, FDs
and DCs cannot be applied to RDF databases for three main reasons: (i) the schema-
less nature of RDF data and the closed world assumption which no longer holds on
RDF KBs; (ii) FDs and DCs techniques rely on the assumption that data is either
clean or has a negligible amount of errors; (7ii) scalability issues on large RDF dataset:
applying relational database techniques on RDF KBs would imply to materialise all
possible predicate combinations into relational tables. Some FDs approaches focus on
dataset with erroneous data [14], [103], however they are still inapplicable to RDF data
due to scalability problems.

KBs Rule Mining. Recently, the focus for constraints and rule discovery is
moving towards RDF databases. The closest works to ours are AMIE [84] and OP
algorithm [38], which discovers positive Horn Rules from RDF KBs with same language
biases. They both uses the same discovery algorithm: it first loads the entire KB into
memory and then, working one predicate at time, tries to expand rules by connecting
a predicate to others that share common variables. Rules are ranked according to
a confidence measure that leverages on KBs partial closed world assumption. Our
graph generation and navigation technique is similar to their approach, however our
examples generation allows us to discover rules on just a small fraction of the KB.
This is beneficial not only from a scalability point of view (see Section [6.4.2)), but also
from the language perspective: neither of the two approaches can afford smart literals
comparisons. We have not tested our running time against [38] because we could not
find an implementation of it, however it requires a powerful cluster of several machines
to split the KB into multiple nodes. We showed in the experimental section how RuDiK
outperforms AMIE both in final accuracy and running time.

[15] is an instance-level approach that discovers new facts for specific entities rather
than generic variables. We showed in the experimental section that RuDiK is capable
of generating more facts with a better precision with just a single rule. [75] is a modern
system to discover Conditional Denial Constraints (CDCs) from RDF Data. Differently
from other systems, it includes literals in its language. CDCs can be directly mapped
to our negative rules, however there is not a general correlation between CDCs and
positive rules. Another major difference of our setting is the hardware: our disk-based
approach is designed to handle large KBs with limited memory resources, while [75]
works on a distributed environment with a total of 832 GB RAM memory.

To the best of our knowledge, RuDiK is the first approach that is generic enough to
use the same algorithm to discover both positive and negative rules in RDF KBs.

Inductive Logic Programming. Inductive Logic Programming (ILP) is a sub-
field of Machine Learning and Logic Programming which investigates the inductive
construction of first-order Horn Rules from examples and background knowledge, usu-

ally expressed through logic formalisms [120]. RuDiK can be seen as an ILP system
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where the KB is the background knowledge, and the generation and validation sets
correspond to positive and negative training examples.

WARMR is an ILP system that discovers frequent patterns (expressed through DAT-
ALOG queries) that succeed with respect to a sufficient number of examples [58]. When
translated to databases, such patterns correspond to conjunctive queries. ALEPH]is
an available ILP system that is based on Prolog Inverse Entailment [119]. ALEPH works
iteratively, by selecting examples from the background knowledge. It first constructs
the most specific clause that entails the example selected (bottom clause), and then
searches for some subset of the literals in the bottom clause that has the best score in
order to define more general rules. The system allows the user to choose among several
scoring functions. ILP systems such as WARMR and ALEPH are designed to work with
a closed world assumption, and always require the definition of positive and negative
examples. AMIE clearly outperforms these two systems [84], showing evident scalabil-
ity issues when dealing with medium-size KBs. Moreover, one of the main limitations
of classic ILP systems is the assumption of having high-quality, errors-free training
examples. We showed how this assumption does no longer hold on incomplete and
erroneous KBs.

Sherlock [I33] is an interesting ILP system that learns first-order Horn Rules from
Web text. One of the key advantage of Sherlock is being unsupervised: it does not
require negative training examples. It uses statistical significance and statistical rel-
evance in order to discover rules that exceed a given threshold. Differently from our
setting, Sherlock is specifically designed to learn Horn Rules from open domain facts
that are extracted from the Web. An interesting future direction is to adapt RuDiK
to discover rules from relations extracted from free text rather than on a well-defined
KBs.

ILP systems take inspiration from Association Rule Mining [I§], where given a
database of costumer transactions the goal is to discover all frequent itemsets, i.e., all
combinations of items that are found together with some minimum confidence. A well
known example in a supermarket database could state that 90% of transactions that
purchase bread and butter also purchase milk. As previously mentioned, adapting such
a relational database setting to KBs would require the materialisation of all possible
predicate combinations into relational tables.

Eventually, most of the ILP and KBs rule discovery systems rank rules according to
a support value, and output only those rules that exceed a given threshold. We showed
in Section that properly setting such thresholds is not trivial, as often good rules
are preceded in rank by meaningless ones. RuDiK does not use any threshold and
outputs rules only when coverages over generation and validation sets are considered

acceptable.

Uhttp://www.cs.ox.ac.uk/activities/machinelearning/Aleph/aleph
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Relation to other areas. Our examples generation strategy leverages on the
Local Closed World Assumption (LCWA). When dealing with incomplete KBs, the
LCWA is a popular technique that replaces the canonical Closed World Assumption
of standard relational databases. The LCWA has been used in Google Knowledge
Vault to estimate the quality of extracted triples [62} [60], AMIE [84] uses the LCWA to
penalise discovered rules, and sometimes the LCWA is used to evaluate the quality of
a target KB [63]. We see our examples generation strategy as complementary to our
approach. It is possible to run RuDiK with any input examples, no matter how such
examples have been generated.

Our graph-based rule discovery approach is close in spirit to mining graph pat-
terns [66], [162], where given a (big) input graph the goal is to discover the most frequent
patterns (subgraphs) according to some scoring functions. Our setting presents a key
difference: we primary look at edge labels and we are not interested in node labels,
since nodes are mapped to variables when translating subgraphs to Horn Rules. More-
over, given the portion of the graph between two entities x and y, we are interested
in discovery all possible subgraphs between z and y, which makes the problem easily
solvable with BFS-like techniques.

Another interesting setting is the one of SpiderMine [I60]. SpiderMine looks for
the top-K largest patterns in a graph, where each node in the pattern is at most at
distance r from a head vertex u. In our setting we do not have a single head vertex,
but rather many vertexes (starting nodes) from which we begin the path computation.
Furthermore our goal is not to find graph patterns (subgraphs), but we are simply
interested in all possible paths between a pair of vertexes.

Fan et. al. [74] laid the theoretical foundations of Functional Dependencies on
Graphs (GFDs). They also propose parallel algorithms for GFDs computation and
evaluate the accuracy on YAGO and DBPEDIA. Despite existing a natural correlation
between FDs and Horn Rules, the language they propose covers only a portion of our
negative rules to detect inconsistencies in graph databases. Moreover their language
does not include smart literals comparisons, shown to be vital when detecting errors
in KBs.

6.6 Main Takeaways

In the last part of this thesis we studied the problem of discovering positive and negative
rules over RDF KBs. We showed that despite being largely incomplete and erroneous,
KBs carry a big amount of hidden information that can be extremely beneficial to dis-
cover. We presented a system that discovers such hidden information by inducing rules
that, when instantiated over the KB, can both enrich the KB with implicit data and
also discover erroneous facts and contradictions. We showed how the classic database

closed world assumption does not longer hold on KBs, and how we can overcome this
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limitation by exploiting the LCWA to compute positive and negative examples for a
given predicate. We implemented these techniques in RuDiK, a fast and scalable disk-
based solution for rules discovery that does not rely on the assumption that the KB
has to fit in main memory. RuDiK overcomes both in quality and running time all com-
petitor systems. Eventually we gave several example applications of rules discovery,
including the improvement of Machine Learning algorithms by providing meaningful

training examples.
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Chapter 7

Conclusion

This thesis work focuses on the automated discovery of repairing rules for web infor-

mation extraction: rules that can repair erroneous and misaligned data extracted from

the Web, adjusting the extraction process where possible such that future executions

will produce clean data. We inspected the problem from three different angles with

the following fundamental results:

(1)

(2)

(3)

An extensible framework for knowledge-aware integration of entity extractors that
considers each entity extractor as a “black-box” and does not assume any prior
knowledge about their performance or competence w.r.t. a certain set of entities.
We implemented a fully unsupervised system, namely ROSeAnn, to integrate and
reconcile semantic annotations on top of semantic entity extractors. We showed
that current entity extractors suffer from serious accuracy deficiency (Chapter [2)),
and that we can benefit from the integration of several systems both in terms of a

larger vocabulary and in terms of a significant boost in accuracy (Chapter [3)).

Though many works have addressed the problem of extracting and repairing data
extracted from the Web, most of these works leverage on instance-level, cross-
site redundancy that seriously limits their scalability (Chapter . We proposed
WADaR, an unsupervised approach that replaces redundancy with the ensemble
of entity recognisers encoded in ROSeAnn (Chapter . Such entity recognisers
are used to discover hidden attribute structures in web extracted relations and
construct relation-wide repair rules that can adjust both the extracted relation
and the extraction program where possible. WADaR can improve the quality of
web extracted data by 15%-60%, being both independent of the involved extraction
system and of the target vertical domain. Moreover, we showed how inducing most
likely attribute sequences cope well with annotators noise and ambiguity, resulting

in high quality repairs even when the recall of the input annotators is below 20%.

Despite alleviating most of the restrictions due to redundancy-based methods, im-

plementing and maintaining annotators is still a tedious work that often requires
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domain experts. Therefore in the last part of the thesis we dropped the assump-
tion of relying on semantic annotators and we exploited entity-level relationships
extracted from the Web in order to discover hidden and conflicting pieces of in-
formation. We presented RuDiK, a scalable system for the discovery of declarative
rules over knowledge-bases (Chapter @ RuDiK output is not limited to rules that
rely on “positive” relationships between entities, but it discovers also “negative”
rules, i.e., patterns that lead to contradictions in the data. While the former class
is fundamental to infer new relationships in the KB, the latter class is crucial
for other tasks, such as error detection in data cleaning. We introduced a lan-
guage with a higher expressive power w.r.t. competitive systems and encoded the
problem to allow the discovery of approximate rules that are robust to errors and

incompleteness in the KB.

With the advent of big data a major issue in web information extraction concerns
scalability. We showed how the presented techniques that encode cross-site redundancy
with an ensemble of entity recognisers scale well with the number of input sources, and
how the identification of representative examples allows fast and scalable discovery of
positive and negative rules in KBs, no matter what the size of the KB is. In this thesis
we presented three innovative techniques that are not only capable of clearly outper-
forming state-of-the-art systems both in terms of precision and recall, but that are also

significantly faster and less resource demanding than any other available competitor.

7.1 Future Directions

Obviously, there are still numerous open questions that we did not address in this thesis
and that we would like to further investigate in the near future. We briefly highlight

some interesting future works.

(1) Semi-Unsupervised Annotation Aggregation. We outlined in ROSeAnn an
aggregation technique that does not require any per-annotator/per-concept super-
vision. However, we briefly showed how supervised techniques can deliver better
performances when training data is available. An interesting open direction is how
to combine these methods, and more specifically, how to make the system aware of
which concepts could benefit from supervision and which can be easily integrated
without. ROSeAnn currently produces an aggregate annotation without producing
a measure of confidence for each annotation. We are currently investigating a mod-
ification in the output such that concepts that have several annotators supporting

them would be associated with a strong signal of correctness.

(2) Automated Ontology Creation. Another interesting direction in ROSeAnn is
how to automatically adjust the merged ontology whenever concept classes are

added /removed from annotator vocabularies. At the moment our system can only
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(3)

(4)

(5)

(6)

report when a new class is not recognised in the ontology, leaving to the user the
burden of manually updating the ontology. We could leverage on similar known
annotations occurring on the same text span to automatically infer the semantic

meaning of newly discovered classes.

More NLP Capabilities. Entity recognition is the most-widely supported func-
tion among online annotators, however some of them offer more NLP capabilities
such as entity disambiguation or relation extraction. Such additional functions
could be well coupled with the techniques showed both in WADaR and RuDiK.
However, our algorithm would need to be adapted to more complex reasoning
than simply subsumption and disjointness, since the ontology may have richer
constraints (e.g., part-of, foreign keys) that would break the polynomial assump-

tion proved in Theorem [I]

Bootstrap Annotators. The most likely sequences we identify in WADaR are
capable of dropping wrong annotations, as well as inferring annotation concepts on
unannotated span texts. We could use such repairs to incrementally learn entity
recognisers, both in terms of precision (elimination of wrong annotations), and in
terms of recall (discovery of new attribute values through regex generalisation).
We showed how our approach delivers high quality repairs even when annotators’
recall is below 20%. We could hence manually create an annotator that identifies

just few correct instances and expand its capabilities from there.

Semantic XPath. The repair rules output of WADaR has the same expressive
power of regular expressions. We can easily identify subcontent based on the
syntax, such that these expressions can be directly encoded in XPath wrappers.
Oftentimes, we noticed a semantic regularity in the extracted relations rather
than a syntactic regularity. A very promising future direction would be to extend
XPath with entity recognition capabilities, to identify for example that COUNTY
is usually after CITY and before POSTCODE in a given extracted attribute.
Such an extension on the one hand would increase the expressive power of the
language, on the other hand it would also increase the complexity of the language

and of the evaluation of these semantic expressions.

Multivalued Attributes. Currently WADaR is designed to work only with
single-value attributes, and it does not handle situations where an attribute can
have multiple values for a single entity (e.g., actors of a movie). We are planning
to extend our approach to also be robust to multivalued attributes, in particular to
allow sequences having multiple nodes with the same attribute label. This essen-
tially translates to allowing multiple text spans labelled with the same attribute

value within the same attribute content.
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(7)

(8)

(9)

RuDiK Optimisation Techniques. The size of the example generation set has a
relevant impact on rule discovery algorithm in RuDiK. We are currently investigat-
ing smart sampling techniques to reduce the size of the generation set even further,
as we noticed that just a few examples are enough for the discovery of meaningful
rules. We believe that we can significantly reduce the search space by sampling
examples based on measures such as diversity and popularity [70]. Furthermore,
we noticed that navigating similar paths within the same example graph is often
redundant. For example, “United States” is connected to more than 600K entities
in WIKIDATA via the predicate livesIn. It is not necessary to navigate all of the
600K edges, as most of them identify equivalent paths that translate to equivalent

rules.

Temporal and Local Rules. Another interesting future direction is to discover
more expressive rules that can exploit temporal and local information through
smarter analysis of literals [14]. For instance, “if two people are not born in the
same century, then they cannot be married” is an example rule that requires non-
trivial analysis of temporal information. Furthermore, we discovered rules that
are not universally valid but become valid within a certain period or within a
certain location. The rule “two people with same gender cannot be married” is
not universally valid, however it was valid until few decades ago or it is still valid

in countries like Russia.

Combine Positive and Negative Rules. We approach the discovery of positive
and negative rules in isolation. A current ongoing work aims at combining them.
In fact if a positive and a negative rule for the same target predicate both identify
shared instances over the KB, then one of them must be wrong. We could use
such signals to drive the search and prune those paths covered by contradictory

rules.
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