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Zusammenfassung
Wissensdatenbanken, wie DBpedia, YAGO und Wikidata, speichern Informationen
über nennenswerten Entitäten und deren Beziehungen zueinander. Eine Wissensdatenbank kann als Instanziierung einer Ontologie bezeichnet werden. Eine Ontologie
ist eine formale Spezifikation von Wissen und besteht aus Konzepten, Relationen,
und Axiomen zur Validation. Dadurch wird das Modellieren, das Teilen und der
Austausch von Informationen, sowie das Herleiten neues Wissens , ermöglicht Die
Taxonomie, auch Konzept- oder Klassenhierarchie genannt, ist ein grundlegender
Bestandteil einer Ontologie. In einer Taxonomie, werden Klassen hierarchisch angeordnet, und durch eine Unterklassenrelation verbunden. Vollständige Taxonomien
haben hierbei genau eine allgemeinste Klasse, welche zum Beispiel in Wikidata Entität genannt wird. Diese Wurzelklasse ist dadurch ausgezeichnet, dass sie als einzige
Klasse keine Superklassen besitzt. Jedoch ist die Taxonomie von Wikidata in Hinblick auf diese Eigenschaft unvollständig. Waisenklassen sind Klassen, welche nicht
die Wurzelklassen sind, aber trotzdem keine Superklassen besitzen. Damit verstoßen Waisenklassen gegen die Einzigartigkeit der Wurzelklasse.
Das Ziel dieser Bachelorarbeit ist die Entwicklung und Evaluation einer Methode zur Klassifikation von Waisenklassen in der Wikidata-Taxonomie. Das gegebene
Klassifikationsproblem stellt eine besondere Herausforderung an die entwickelte
Lösung, da theoretisch jede Klasse in der Taxonomie eine mögliche Superklasse für
eine gegebene Waisenklasse darstellt. In Wikidata bedeutet dies ein Klassifikationsproblem mit über 100.000 möglichen Klassen.
Die Wikidata-Taxonomie hat einen hohen Grad an Vollständigkeit in Bezug auf
das Waisenklassenproblem. Nur ∼0, 3% der Klassen sind nicht Unterklassen der
Wurzelklasse. Aufgrund des automatisierten Hinzufügen von Klassen zu Wikidata aus Fremdquellen wie Gen- und Proteindatenbanken, sind nur ∼15% der Taxonomie relevant für menschliche Nutzer. Daher bezieht sich die Entwicklung und
Evaluation des Algorithmus nur auf diese relevante Teilmenge.
Die entwickelten Hybridalgorithmen verwenden Word-Embeddings zur Repräsentation von Entitäten der Wissensdatenbank. Word-Embeddings verschlüsseln
die semantischen und lexikographischen Eigenschaften von Worten in Text als Vektoren. Dies ermöglicht den Einsatz von weitverbreiteten vektorbasierten Methoden, wie zum Bespiel Regression und neurale Netzwerke. Das Repräsentieren der
Aussagen in Wikidata als Tripel ermöglicht die Anwendung von Word2Vec, welches Word-Embeddings aus Sequenzen generiert. Die Klassifikation der Waisenklassen wird anschließend mithilfe von Word-Embeddings durchgeführt. NächsteNachbarn-Klassifikation, lineare Projektion, und nicht-lineare Regression via neuralen Netzwerken wurden als Klassifikatoren implementiert. Mit einer Genauigkeit
von 22, 83% erreicht Nächste-Nachbarn-Klassifikation die beste Performanz der entwickelten Hybridalgorithmen.

Abstract
Knowledge bases, such as DBpedia, YAGO, and Wikidata, store information about
notable entities and their relationships. A knowledge bases can be considered an
instantiation of an ontology. An ontology is a formal specification of knowledge
consisting of concepts, relations and axioms for validation. The ontology enables
the modeling, sharing and exchange of information, as well as the derivation of new
knowledge. The taxonomy, also called concept or class hierarchy, is a fundamental
component of an ontology. In a taxonomy, classes are arranged hierarchically linked
by a subclass-of relation. Complete taxonomies have exactly one most common
class, called the root class. In Wikidata, the root class is the class entity. The root
class is unique, as it is the only class, which has no superclasses in the taxonomy.
However, Wikidata’s taxonomy is incomplete in regard to this property. Orphan
classes are classes, which are not the root class, but still do not have superclasses.
Thereby, orphan classes violate the uniqueness of the root class.
The aim of the thesis is the development and evaluation of a method for the
classification of orphan classes in the Wikidata taxonomy. The classification problem poses a particular challenge to the developed solution, since theoretically every other class in the taxonomy represents a possible superclass for a given orphan
class. In Wikidata, the classification problem therefore has over 100, 000 possible
superclasses.
The Wikidata taxonomy has a high degree of completeness with regard to the
orphan class problem, as only ∼0.3% of classes are not subclasses of the root class.
Due the automated addition of classes from foreign sources, such as protein and
gene databases, only ∼15% of the taxonomy are relevant to human users. Therefore, the development and evaluation of the algorithms focuses only on the relevant
subset.
The developed hybrid algorithms use word embeddings to represent entities
of the knowledge base. Word embeddings encode the semantic and lexicographical properties of words in text as vectors. This allows the application of widely
used vector-based methods such as regression and neural networks. The representation of Wikidata statements in triples enables the application of Word2Vec, which
maps Wikidata entities to embeddings. The classification of orphan classes can then
be performed using embeddings. Nearest-neighbors classification, linear projection, and non-linear regression via neural networks were implemented as classifiers.
With an accuracy of 22.83%, nearest-neighbor classification is the best performing
hybrid algorithm.
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Introduction

Knowledge bases (KB) like DBpedia, YAGO and Wikidata store information about
notable entities and the relations between those entities. For example, in Wikidata
entities are considered notable, if it either has a sitelink to a Wikimedia page, or
is clearly identifiable and has relevant, public references, or is required for structural purposes [5]. Approaches in populating the KBs with new information differs.
Wikidata employs mainly human collaboration for the creation and curation of new
information [20]. YAGO in comparison extracts data from Wikipedia data boxes
[20]. The issue of incompleteness arises in this context, as it is not realistic to assume
that every bit of knowledge can or should be captured in the KBs. Ontologies are
necessary for modeling, sharing, and exchanging knowledge [25], and are therefore
integral in the functioning of a KB [55]. An ontology is a formal specification of
knowledge consisting of concepts, relations and axioms for validation [39]. Therefore it describes a domain and how knowledge for the domain can be stored [55].
Each knowledge base explicitly or implicitly follows an ontology and can be considered an instantiation of an ontology [55]. A main component of ontologies is the
class hierarchy, also called taxonomy. A taxonomy describes the subclass-superclass
or child-parent relations between classes. The superclass of a class is thereby a more
general concept. Obtaining an ontology with a detailed as possible taxonomy is desirable, since it allows more detailed representation of knowledge, as well as better
reasoning about this knowledge [55]. Types of ontologies range from lightweight
ontologies like glossaries and taxonomies to heavyweight ontologies like data models and description logics [55].

Figure 1: Classification of orphan class in Wikidata’s taxonomy
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The goal of this thesis is the development and evaluation of approaches to increase the completeness of ontological taxonomies. Specifically, the problem of classifying orphan classes is solved. Orphan classes are classes in a taxonomy, which
have no superclasses (parents) and are not the root of the taxonomy. A class without
superclasses is interpreted as a most general concept in a taxonomy, since it has to
be assumed that no further generalizations are possible. Because this is not the case
for orphan classes, which are less general than the root class, e.g.entity (Q35120) in
Wikidata, orphan classes should not exist in a taxonomy. An example, for such a
classification problem is given in Figure 1. An extract of the Wikidata taxonomy
is shown. The class reversal film is an orphan class in the taxonomy, since it is has
no superclass. A possible solution is represented by the dotted arrow, which places
photographic film as superclass of reversal film. It has to be noted that additionally
all superclasses of photographic film are also valid solutions to the problem for the
orphan class reversal film, since the subclass-of relationship is transitive. A solution
to the problem should find the most specific superclass for a given orphan class
[16]. I develop an algorithm with the task of classifying such orphan classes into
a given taxonomy. The algorithm uses neural word embeddings, as developed by
Mikolov et al. [41]. This is motivated by the effectiveness of neural networks in
other context-sensitive tasks like language processing [41] [30] [7], image generation [23] etc. Neural word embeddings are interesting, because they are able to
represent the semantics and lexicographic properties of words [41] and graphs [9]
as low-dimensional vectors. Thereby application of existing general-purpose methods such as classifiers, like kNN or SVM, regression models, or neural networks are
enabled for complex, contextual entities. Representation of ontological classes with
word embeddings is discussed in the thesis to enable the classification of orphan
classes. Existing applications of neural word embeddings have shown great effect
in the construction of taxonomies [19], graph representation [9] and semantic similarity tasks [42] [34]. Different approaches in using neural word embeddings for
classification of orphan classes are considered and evaluated in this work.
In this work, the taxonomy of Wikidata is considered as case example, as it provides a high number of entities (24, 507, 102 in 2016/11/07 [3]), and a big taxonomy
consisting of 1, 299, 501 classes [3]. At this time, Wikidata’s taxonomy is mostly
maintained by human editors. The solution developed by the thesis should be able
to support the editors in improving the completeness of the taxonomy by reducing the number of orphan classes and refining the existing taxonomic relations between classes. The refinement process, supported by the algorithm, would be semimanual. Editors would have to confirm or correct the output of the algorithm to
ensure that no wrong information is added to Wikidata.
The thesis is structured as follows. In Chapter 2 the problem will be formally
defined (2.1, 2.2, 2.3, 2.4) and related work in the fields of neural networks (2.6) and
ontology learning (2.7) discussed for the use in this work. Section 2.6 introduces the
notion of neural networks and discusses work dealing with neural word and graph
embeddings. Section 2.7 compares the problem, solved by the thesis, to related work
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in the field of ontology learning. Subsequently, the problem is classified, solutions to
similar problems analyzed and the novelty of the work justified. Chapter 3 describes
the Wikidata data set used as case example for the implementation and evaluation
of the proposed hybrid algorithm. Chapter 4 describes the components of the developed baseline algorithm and variations, which potentially improve the effectiveness
of the method. Chapter 5 describes the evaluation methodology and presents the results. The baseline algorithm and proposed improvements are evaluated.
Formatting of text obeys the following rules to distinguish between defined concepts, Wikidata entities, and different types of citations. Italic text indicates Wikidata entities like entity (Q35120) or instance of (P31). Bold text indicates the first
occurrence of a relevant concept, such as orphan class. Such concepts are described
in the following sentences and, if necessary, formally defined. In-line quotes are
indicated by quotation marks. The corresponding citation is placed after the quote.
Multi-line quotes are indented and framed with a solid line. The quote is introduced
by a short sentence, which contains the reference.

3

2
2.1

Background and related work
Wikidata

Wikidata is an open, free, multilingual and collaborative knowledge base (KB). It
is a structured knowledge source for other Wikimedia projects. It models the real
world, such as concepts, objects, people, events, etc. Wikidata is mostly edited and
extended by humans, which in general improves the quality of entries compared to
fully-automated systems, because different editors can validate and correct occurring errors. However, Wikidata, as an continuously growing KB, is incomplete in
terms of missing facts about different entities [14]. Due to the inherent incompleteness of Wikidata, as it is never possible to completely model all information, it is operated under the Open World Assumption (OWA). OWA states that if a statement
is not contained in a knowledge base, it is not necessarily false but rather unknown
[20].
In Wikidata items and properties exist. Items are the aforementioned concepts,
objects, etc. Properties are used to make claims about items, e.g. photographic film
(Q6293) is a subclass of (P279) data storage device (Q193395) (see Figure 2). Each item
and property has an unique identifier, which starts with the letter Q for items and
the letter P for properties and is followed by a numeric code. The identifiers in
Wikidata are essential to avoid ambiguity and make it possible to refer to interact
with Wikidata independent of language constraints, which is a supporting factor in
allowing the multilingualism of Wikidata.
Items are described by labels, aliases and descriptions in different languages.
Sitelinks connect items to their corresponding pages of Wikimedia projects like Wikipedia
articles. Most importantly, an item is described by statements. Statements are in
their simplest form a pair of property and value, assigned to a specific item. A value
is either a literal value or another item. It should be noted that an item can have
multiple statements with the same property. The set of statements with the same
property is called statement group. Statements can be annotated with qualifiers,
which specify the context of the statement, e.g. population at a certain point of time.
Additionally, references can be used for statements to include its source.
Figure 2 shows an example for a Wikidata item. The item has the label "photographic film" and the unique identifier "Q6239". Below the label and identifier,
the description (short sentence describing the item) can be found. The alias "film"
follows in the next line. An item can have multiple aliases. Statements are grouped
into statement groups (blue boxes) by their property. In this example, two statement groups with properties topic’s main category (P910) and subclass of (P279) are
shown. Each statement can have a value (orange box), references (green box), and
qualifiers. In this example, the only statement with property topic’s main category
(P910) has the value Category: Photographic film (Q8363301) and a reference, which
consists of a property imported from (P143) and a value Chinese Wikipedia (Q30239).
References refer to the sources and other meta-data about the source of the statement. The statement with property image (P18) has a qualifier with property media
4

legend (P2096) and a corresponding string value "Kodak Porta 160 film (English)",
which is a description for the corresponding image Kodak Portra 160.jpg. A common
use for qualifiers is the annotation of statements with time stamps, if the a different
value is true for different points in time e.g. population of a country over time.

Figure 2: Example excerpt of Wikidata item: photographic film (Q6239). An item
consists of a label, aliases, description, and statement group. Each statement group
is associated with a specific property such as subclass of (P270) and can have multiple statements. The provenance of a statement can be signified by one or multiple
references. Qualifiers add additional details about statements.
Following, the concepts of item and statement are formally defined:
Definition 1 (Item). An item is a tuple (id , label , aliases, description, sitelinks):
• id ∈ N is the numerical item ID;
• label ∈ String is the English label of the item;
• aliases ∈ P(String) is the set of English synonyms for the label;
• description ∈ String is a short sentence describing the item;
5

• sitelinks ∈ String × String is a set of tuples (site, title), where site refers to a
specific site of the Wikimedia projects, e.g. enwiki, and title is the corresponding article title of the item on this site.
For example, the item photographic film (Q6239) (Figure 2) can be formally represented, as follows:
(
6239,
"photographic film",
{"film"},
"sheet of plastic coated with light-sensitive chemicals",
{("enwiki", "Photographic film"), ("dewiki", "Fotografischer Film"), . . . }
)
Definition 2 (Statement). A statement is a tuple (itemid , pid , value, refs, qualifiers):
• itemid ∈ N is a numerical item ID, to which the statement belongs;
• pid ∈ N is a numerical property ID;
• value is either a constant value like string, int, etc., or an item ID;
• refs is a set of references, containing the source of information for the statement;
• qualifiers is a set of qualifiers, which further specifies the statement.
The statement with property topic’s main category (P910) of the item photographic
film (Q6239) can be formalized:
(6239, 910, Q30239, {. . . }, ∅)
In Wikidata, there is no strict distinction between classes and instances. Both
groups are represented as items. This leads to the issue, that recognizing, whether
an item is a class or instance is not trivial. Based on which statements connect two
items, a distinction can be made. A class is any item, which has instances, subclasses
or is the subclass of another class. In Wikidata, the properties instance of (P31) and
subclass of (P279) exist, which describe these relations between items. Therefore to
identify whether an item is a class, it needs to be checked, whether the items fulfills
any of the three mentioned criteria. These criteria for classes are formally defined,
as follows:

6

Definition 3 (Class). Given a set of items I and a set of statements R. c = (classid , _, _, _, _) ∈
I is a class, if at least one of the following assertions are true:
∃i = (instanceid , _, _, _, _) ∈ I ∃s = (itemid , pid , value, _, _) ∈ R :
instanceid = itemid ∧ pid = 31 ∧ value = classid (has instance)
∃s = (itemid , pid , _, _, _) ∈ I : itemid = classid ∧ pid = 279 (is subclass)
∃i = (subclassid, _, _, _, _) ∈ I ∃s = (itemid, pid, value, _, _) ∈ R :
itemid = subclassid ∧ pid = 279 ∧ value = classid (has subclass)
_ is used as an anonymous placeholder, for the purpose of not naming unused
elements in tuples. For example, photographic film (Q6293) (Figure 2) is a class, because it is the subclass of three other classes.

2.2

Taxonomy

“Ontologies are (meta)data schemas, providing a controlled vocabulary of concepts,
each with an explicitly defined and machine processable semantics” [39]. Additionally it is possible for ontologies to contain axioms used for validation and constraint
enforcement. Ontologies enable the modeling and sharing of knowledge in a specific domain and support the knowledge exchange via web by extending syntactic
to semantic interoperability [25]. In comparison, a KB like Wikidata can be seen as
an instantiation of such an ontology, since every KB has to be conceptualized by an
ontology [55]. Different types of ontologies can be grouped by their level of formality and expressiveness. Wong et al. [55] differentiates ontologies as lightweight
and heavyweight ontologies (see Figure 3). Taxonomies are concept or class hierarchies. They typically represent a parent-child structure, which can be formalized with a single relationship called for example subclass-of in the case of Wikidata.
The observed taxonomy in Wikidata belongs to the category of lightweight ontologies, specifically principled, informal hierarchies, as the only enforced rule for the
subclass-of relation is that it should connect two entities [1].
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Figure 3: The spectrum of ontology kinds (extracted from [55])
For the purpose of developing a formal definition of the thesis’ problem statement the notion of taxonomy needs to be formalized. Cimiano defines a heavyweight ontology, which includes a taxonomy, as follows [12]:
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Definition (Ontology). An ontology is a structure
O := (C, ≤C , R, σR , ≤R , A, σA , T )
consisting of
• four disjoint sets C, R, A, and T whose elements are called
concept identifiers, relation identifiers, attribute identifiers and
data types, respectively,
• a semi-upper latice ≤C on C with top element rootC , called
concept hierarchy or taxonomy,
• a function σR : R → C + called relation signature,
• a partial order ≤R on R, called relation hierarchy, where r1 ≤R
r2 implies |σR (r1 )| = |σR (r2 )| and πi (σR (r1 )) ≤C πi (σR (r2 )), for
each 1 ≤ i ≤ |σR (r1 )|, and
• a function σA : A → C × T , called attribute signature,
• a set T of datatypes such as strings, integers, etc.
Hereby, πi (t) is the i-th component of tuple t. [...] Further, a
semi-upper lattice ≤ fulfills the following conditions:
∀x(x ≤ x) (reflexive)
∀x∀y(x ≤ y ∧ y ≤ x =⇒ x = y) (anti-symmetric)
∀x∀y∀z(x ≤ y ∧ y ≤ z =⇒ x ≤ z) (transitive)
∀xx ≤ top (top element)
∀x∀y∃z(z ≥ ∧z ≥ y ∧ ∀w(w ≥ x ∧ w ≥ y =⇒ w ≥ z)) (supremum)
So every two elements have a unique most specific supremum.
This definition by Cimiano [12] can be mapped to Wikidata. In the Wikidata
context, C is the set of classes (see Definition 3 (Class)), R is the set of properties,
which target other items, and A is the set of properties, which target literals like
strings.
As shown in the preceding definition by Cimiano [12], a taxonomy can be modeled as a semi-upper lattice ≤C . This induces two important assumptions about the
structure and to some degree completeness of the observed taxonomies. First, there
is only one root class, top element of the lattice, of which every other class is (transitively) a subclass. Second, because of the supremum property, the taxonomy is fully
connected, which implies that every class has at least one root class, excluding the
root class rootC . Wikidata’s taxonomy does therefore not fulfill the definition, as it
is not fully connected.
In the following, definitions will be presented, which attempt to model an in9

complete taxonomy based on the already presented data model and structure of
Wikidata. Refer to Appendix A for the necessary definitions on graphs.
In Wikidata, a class can have multiple superclasses, therefore a tree structure is
not sufficient to model the taxonomy. However a directed acyclic graph (DAG),
can model the taxonomy. The acyclic constraint is necessary to ensure that no class
is transitively a subclass of itself.
Definition 4 (Taxonomy). A taxonomy T = (C, S) is a DAG, where C is a set of
class identifiers, and S is the set of edges, which describe the subclass-of relation
between two classes. such that c1 is the subclass of c2 , if (c1 , c2 ) ∈ S.
Definition 5 (Subclass-of relation). The transitive binary relation CT on the taxonomy T = (C, S) represents the transitive subclass relationship of two classes in T .
Given c1 , c2 ∈ C, c1 CT c2 applies, if there is a walk W = (c1 , . . . , c2 ) with length
n ≥ 1, which connects c1 and c2 . CT is transitive, ∀c1 , c2 , c3 ∈ C : c1 CT c2 ∧ c2 CT
c3 =⇒ c1 CT c3 .
If the taxonomy defined by Cimiano [12] is mapped on this graph-based taxonomy model, the following assumption is true, for T = (C, S):
|{c ∈ C | ¬∃s ∈ C : c CT s}| = 1

(1)

Only one class in this taxonomy has no superclasses. This class is called root class.
However in the case of Wikidata, this assumption does not hold true. The following
state is the case:
|{c ∈ C | ¬∃s ∈ C : c CT s}| ≥ 1

(2)

There are classes other than the root class, which also have no superclasses. These
classes will be called orphan classes.
Definition 6 (Root class). Given a taxonomy T = (C, S), the root class rootT is a
specific, predefined class with no superclasses in T . For rootT , |succT (root T )| = 0
applies.
Definition 7 (Orphan class). Given a taxonomy T = (C, S) with a root class root T ,
a class u ∈ C is called orphan class, if u 6= root T ∧ |succ T (u)| = 0.
In Wikidata, the root class is entity (Q35120) [2]. All other classes, which are not
subclasses of entity (Q35120), are therefore either orphan classes, or subclasses of
orphan classes. In Chapter 3, it is shown that 97% of all classes are subclasses of
the root class entity (Q35120). This set R = {c ∈ C|c CT root T ∨ c = root T } will be
referred to as root taxonomy in later sections.
In Figure 4 the defined concepts of taxonomy, subclass-of relation, root class,
orphan class and root taxonomy are illustrated. A taxonomy T = (C, S) with root
class rootT = 1 can be defined as DAG (see Definition 4). Each node represents a
class with its class identifier. The directed edges represent the subclass-of relation
10

between the classes. Node 1 is the root of the taxonomy. All gray-colored nodes are
connected to rootT and therefore part of the root taxonomy. It can be seen that the
white-colored classes 7 and 8 are not connected to rootT = 1, therefore they do not
belong to the root taxonomy. Class 7 is an orphan class, since it is not the root class
and has no outgoing edges.

Figure 4: Example: Taxonomy DAG with root class 1 and orphan class 7. The classes
7 and 8 don’t belong to the root taxonomy.

2.3

Similarity

For the task of ontology learning [25] as well as classification, e.g. k-nearest-neighbors
and SVM [10], the concept of similarity is of importance. A similarity measure computes the similarity between two objects [54]:
Definition 8 (Similarity measure). sim : Ω × Ω 7→ [0, 1] is called similarity measure
for a set of objects Ω. Given two objects A, B ∈ Ω, sim(A, B) = 1 if A = B and
sim(A, B) < 1 if A 6= B.
Lin [37] states three intuitions, which a similarity measure between two objects
A and B should fulfill:
• "The similarity between A and B is related to their commonality. The more
commonality they share, the more similar they are." [37]
• "The similarity between A and B is related to the differences between them.
The more differences they have, the less similar they are." [37]
• "The maximum similarity between A and B is reached when A and B are
identical, no matter how much commonality they share." [37]
Therefore a similarity measure sim(A, B ) should return 1 only if A = B and 0 if
the A and B share no commonalities. A similarity measure should factor in both
commonalities and differences to compute the similarity between objects [37].
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Different types of information can be encoded as feature vectors in Rd , e.g. words
[36] [41], graphs [50] [9], etc., where d ∈ N is the dimension of the vector space.
The similarity between feature vectors can be measured using a distance measure
between two vectors p~, ~q ∈ Rd [54]. Distance measures δ have the signature: δ :
Rd × Rd 7→ R+
p, ~q) = 0 implies sim(~
p, ~q) = 1, while δ(~
p, ~q) → ∞ implies
0 . δ(~
sim(~
p, ~q) = 0. Therefore it is necessary to find a mapping of distance to similarity, if a distance measure should be used as similarity measure. A typical distance
measure is the LS -Norm [54]:
v
un−1
uX
S
LS : δS (~
p, ~q) = t
|~
pi − ~qi |S
(3)
i=0

with S ∈ R+ . For example, the L2 -Norm is the euclidean distance:
v
un−1
uX
L2 : δ2 (~
p, ~q) = t |~
pi − ~qi |2

(4)

i=0

Similarity between vectors can now be defined by mapping the distances to similarity values using a correspondence function [54]:
Definition 9 (Correspondence function). h : R+ 7→ [0, 1] is a correspondence function, if it fulfills the following properties:
1. h(0), h(∞) = 0,
2. ∀x, y : x > y =⇒ h(x) ≤ h(y)
Aggarwal et al. [6] show that LS distance measures especially suffer the curse
of dimensionality for increasing values of S. The curse of dimensionality implies
that ”the ratio of the distances of the nearest and farthest neighbors to a given target
in high dimensional space is almost 1 for a wide variety of data distributions and
distance functions” [6]. Aggarwal et al. [6] also show that for increasing dimensions,
the distance between the nearest and farthest neighbors converges against ∞ for L1 ,
against some constant c ∈ R for L2 , and for higher LS -norms the distance converges
against 0. This implies that LS norms with higher S are bad at contrasting between
vectors in high-dimensional space [6]. Therefore the distance-based kNN used in
the thesis should use either the L1 - or the L2 -norm as distance measure to avoid the
low contrast associated with the other LS measures.
In ontology learning, semantic similarity is used to great effect, e.g for clustering objects to create hierarchies[25] [55] or mapping between different ontologies
[16] [51]. Semantic similarity compares the semantic content of objects or documents . This can be achieved by comparing which features can be found in both
objects (commonalities) and which features are unique to the compared objects (differences). Rodríguez and Egenhofer [51] develops a semantic similarity measure for
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comparing entity classes in ontologies. Given two objects a, b ∈ Ω, A and B are their
corresponding descriptions sets, e.g. for Wikidata the aliases and statements. α is
a function, which defines the importance of differences between a and b. A ∩ B is
the set of commonalities, and A/B the set of differences between the a and b. The
defined similarity function is not symmetric, sim(a, b) 6= sim(b, a).
sim(a, b) =

|A ∩ B|
|A ∩ B| + α(a, b)|A/B| + (1 − α(a, b))|B/A|

(5)

for 0 ≤ α ≤ 1 [51].
Calculating the similarity between vectors is advantageous to calculating the
similarity between objects in an ontology, because vectors abstract from the specific
objects and their relations to other objects in the ontology. Using neural word or
graph embeddings, which are presented in Sections 2.6.2 and 2.6.3, enables the representation of classes and instances in ontologies as feature vectors. The mentioned
curse of dimensionality is a non-issue as it applies, if the the number of irrelevant
of features is high. This is typically solved by reducing the dimension of the feature
vectors to include only relevant features [17]. Neural embeddings however seem to
implicitly capture only relevant features [41], therefore no dimensionality reduction
is necessary, if neural embeddings are used.

2.4

Problem statement

The task of this thesis is the classification of orphan classes in Wikidata. In other
words a function is needed, which given an orphan class u of a taxonomy T = (C, S)
with a root class rootT , finds an appropriate superclass for u.
An optimal similarity function sim opt is assumed for the definition of the problem statement. Let s ∈ C be the most specific, appropiate superclass of u. The
following property should be fulfilled by sim opt :
∀c ∈ C \ {s}1 = sim opt (u, u) > sim opt (u, s) > u, c

(6)

This definition implies that the most similar class to u in the taxonomy T , other than
u itself, is the most appropiate superclass s of u.
The thesis’ problem is defined as follows:
Definition 10 (Problem definition). Given a taxonomy T = (C, S) with root class
rootT and a similarity function sim over T , find a function f : C 7→ C, which, given
an orphan class u ∈ C, returns a class s = f (u), fulfilling the following criteria:
∀p ∈ P : ¬(p CT u) no children

(7)

s = max(simmsp (u, c)) most specific parent

(8)

s∈C

The stated problem induces several challenges, which is listed here, but addressed in later sections.
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1. High number of labels. An orphan class has to be assigned to a class in the
root taxonomy. The only restricting condition is that the chosen class cannot
be a subclass of the orphan class. As shown in Section 3, 195, 124 classes of the
taxonomy are considered as relevant to the classification task. Classification
methods, like SVM or neural networks, usually classify with a small number
of labels. But in the context of this thesis, a method is required, which is able
to handle over 100, 000 labels.
2. Representation of items. Items in Wikidata are structured information, similar to nodes in RDF graphs and Wikidata can be represented as such [50] [18].
Application of existing methods, such as classifiers, like kNN, or regression
models, or neural networks, requires the representation of items as real-valued
vectors. Therefore an approach to map items to vectors is necessary.

2.5

k-nearest-neighbors classification

Based on the characteristics of the classification problem, described by the problem statement, and the challenges attached to it, the k-nearest-neighbor algorithm
(kNN) seems like an appropriate tool for solving the task. Nearest-neighbors classification is a lazy method, as it does not require training before testing. This is useful
for applications with high amounts of data, large numbers of classes, and changing
data [56] [10]. For the considered use case of classification in Wikidata, these are
very important strengths, as the number of classes in the taxonomy is very high and
Wikidata is being constantly edited.
kNNs can be defined as a similarity-based classification method. kNN uses a
pairwise similarity or distance measure (see Section 2.3). Access to the features of
the classified objects is therefore not required [10].
Given a set of classified objects Φ ⊂ Rn with the set of classes C, where the
function h : Φ 7→ C returns the class for a given object. Given an unclassified object
~u ∈ Rn , the parameter k defines the number of nearest neighbors {n~i ∈ Φ|k =
1, . . . , k} of ~u, which are considered for the classification decision. The unknown is
classified by a vote. Each nearest neighbor ni votes for its own class ci = h(ni ). The
class, which has the majority vote, is then chosen as the class of ~u.
The votes of each neighbor can be weighted based on different criteria. Uniform weights give each vote the same weight, therefore the distance between the
neighbors to the unknown is not relevant for this weighting scheme.
Results produced by uniform weighted kNN are not always desirable. Assume
the case, in which the parameter k was chosen too high for a given unknown, which
leads to the problem that very dissimilar objects could be part of the k nearest neighbors. Using uniform weighting would be problematic, since the dissimilar objects
would negatively influence the majority vote. Votes of distant objects are not as relevant to the classification as close objects [10]. This leads to the criteria of affinity,
which states that similar neighbor should be given larger weights [10]. A typical
weighting approach to achieve affinity is distance-based weighting. The distance
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between each neighbor and the unknown is computed. For example in Rn , the euclidean norm δ2 could be used. Each neighbor n~i of ~u is assigned the inverse distance as weight wi = δ2 (~u, n~i )−1 . Therefore the weight of each neighbor is directly
proportional to its similarity to ~u.

Figure 5: Example for kNN with uniform weights.
Figure 5 describes a classification using kNN with uniform weights. kNN considers only the closest k neighbors in its classification decision. In this example, the
circle with name u is the unknown class, which has to be classified. 10 other objects,
where each belongs to one of the 3 classes (square, pentagon, octagon), are present.
Different weighting schemes are used by kNN. Each neighbor votes on the class of
u. The weight controls to what degree a single neighbor can influence the class of
u. The simplest approach is uniform weighting, which is used in this example. Uniform weighting assigns each object the same weight. Therefore, the distance of the
neighbors to u does not matter in the classification decision.
If k = 4 then all objects in the inner circle are considered. 2 objects have the class
pentagon, while the classes square and octagon are represented with 1 object each
in the 4 neighbors. Using uniform weighting, the class pentagon gets 2 votes and
therefore u would be classified as pentagon.
Changing the parameter k has influence on the results produced by kNN. If k
would be set as 10 instead of 4, all object in the outer dashed circle would be considered. The classes square and pentagon have each 3 objects in this set of neighbors,
while the class octagon has 4 objects in the set. Using uniform weights would therefore classify u as octagon.
It could be argued that the classification result using k = 10 may be inaccurate, since all objects of class octagon have a high distance to u in comparison to
the objects in class pentagon. Therefore the decision made by k = 4 may be more
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accurate. This problem can be solved by applying other weighting schemes than
uniform weights to kNN. A typical approach, which was described in this section,
is distance-based weights. This approach assigns higher weights to closer neighbors
and could therefore solve the previously mentioned inaccuracy.

2.6

Neural networks

The notion of neural networks is introduced with the example for feedforward networks with backpropagation. The task of representing semantic information encoded in text and graphs as feature vectors using neural embeddings is then discussed. Solutions for generating word and graph embeddings by Mikolov et al.
[41], Ristoski and Paulheim [50], Cao et al. [9] are presented.
2.6.1

Introduction to neural networks

A neural network is a triple (N, C, W ), where N are neurons, C = {(i, j)|i, j ∈ N }
is a set of connections between neurons, and W are the weights corresponding to
the connections, where Wij is the weight for the connection (i, j) ∈ C [32]. Each
neuron has an activation function fact , which commonly is the Fermi function
fact =

1
1 + e−x

(9)

mapping values to the interval of (0, 1). This function is non-linear and therefore
allows the neural network to solve non-linear problems. Input neurons typically
use the identity function id as activation function [32]. The output of a neuron is
computed by summing up the products of weights and inputs of the neuron, which
is called net input, and applying the activation function on this value:
n
X
wki oi )
oi = fact (

(10)

k=1

The input for input neurons (neurons on the first layer) are the inputs of the network.
A feedforward neural network consists of an input layer with si input neurons, an output layer with so output neurons and d hidden layers with h neurons
per layer. A neural network with many hidden layers is called deep neural network.
The connections in a feedforward network only connect the neurons of a layer i with
the next layer i + 1. This means that a neuron can never influence itself. Networks,
which allow this, are called recurrent neural networks. Figure 6 shows a feedforward neural network with input dimension si = 2, output dimension so = 1, depth
d = 1, and hidden layers h = 2. The connection weights are already initialized.
Forward propagation pushes an input through all layers of the network in a
step-wise manner (layer per layer). In the first step, the input vector ~x is pushed to
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Figure 6: Example for feedforward neural network
the hidden layer and outputs of the hidden layer are computed, which results in a
vector ~h in the hidden layer:


~h = fact ( w1,3 w2,3 ~x)
(11)
w1,4 w2,4
In the second step, the output of the hidden layer is pushed to the output layer
resulting in the output y ∗ :


y ∗ = fact ( w3,5 w4,5 ~h)
(12)
Assuming the expected output for an input ~x is y, the error function is defined as
1
E = (y − y ∗ )2
2

(13)

Training objective is to minimize the error function E. This can be accomplished
by adjusting the weights wij ∈ W . Rather than brute-forcing the optimal weights
for a network, backpropagation using gradient descent is applied in training. The
idea of gradient descent is to look at the slope of the error function in respect to
the current weights and adjust the weights into the descending direction. To do so
the partial gradient in respect to each weight wi j has to be derived from the error
function [43]:
∂E
= δj oi with
∂wij
∂E ∂oj
δj =
∂oj ∂net j

(14)
(15)

∂E
to each correSubsequently, the weights can be updated by adding ∆wij = −α ∂w
ij
sponding weight [43]. Repeating the backpropagation for a set of training samples
will train the neural network to approximate a specific function.
In the following subsections, the concept of embeddings will be used to generate
word and graph vector representations. By learning a certain task like predicting
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the probability for a certain word to appear in a context, a neural network implicitly
learns hidden embeddings for the inputs. Embeddings are, in the case of Word2Vec
[41], the connection weights between the input and hidden layer. More specifically,
if the weights are represented as a matrix (e.g. see Equation 11), each row is an
embedding for the corresponding input neuron.
2.6.2

Word embeddings

Mikolov et al. [41] introduce two neural network language models, Continuous
Bag-of-Words (CBOW) and Skip-gram (SG), which have proven to be very effective at creating word embeddings. The generated word embeddings of both models
encode the semantics and linguistic regularities of words. Words, which are semantically close, are also close in the word embedding vector space. Calculating
the offset between words makes it possible to answer more complex semantic questions. It is possible to answer more complex questions than similarity about the
relationship between words. For example, the question ”What is the word that is
similar to small in the same sense as biggest is similar to big?” can be answered by
calculating the offset between big and biggest and adding the vector of small to it:
vector (”biggest”) − vector (”big”) + vector (”small”) [41].
Further research in this topic has shown that SG with negative sampling (SGNS)
is generally more effective in generating high-quality word embeddings than CBOW
[41] [42] [36], as it is better in representing rare words. Therefore only SGSN will be
introduced in this thesis. The following description is based on work by Mikolov
et al. [41] [42], Levy and Goldberg [34] [35] [22], Rong [52], and Levy et al. [36].
SGNS uses a word corpus w ∈ VW and the corresponding context corpus c ∈
WC . VW and VC are vocabularies. Given a sequence of words w1 , . . . , wn , e.g. a text
corpus like a Wikipedia text dump, the context to a word wi are the 2 ∗ L words
around it: wi−L , . . . , wi−1 , wi+1 , . . . , wi+L . L ∈ N is the size of the context window.
The network (see Figure 7) is trained for the task of predicting the context of an input
word. Each word w ∈ VW is mapped to an embedding vector w
~ ∈ Rd , and each
d
context c ∈ VC is mapped to an embedding vector ~c ∈ R , where d is the embedding
size. Both embeddings are parameters, which are learned by the network. The
embeddings can be represented as matrices W ∈ R|VW |×d and C ∈ R|VC |×d , where
W maps the word input to the projection layer and C maps the projection to the
output layer, and therefore the context of the entered word [52].
Given a word w and a context c the model wants to maximize the probability
p(D = 1|w, c), that (w, c) is in the data D. The probability distribution is modeled as
[34]:
p(D = 1|w, c) =

18

1
~ c
1 + e−w·~

(16)

which leads to the maximization objective [35]:
max
w,~
~ c

X

log

(w,c)∈D

1
~ c
1 + e−w·~

(17)

This problem has a trivial solution with ~c = w
~ and ~c · w
~ = K, for a large enough
K [35] [34]. Using negative sampling solves the problem of having a trivial solution and also benefits the quality of word embeddings, as it increases the distance
between word-context pairs, which do not occur in the data. Negative sampling
is represented with the probability p(D = 0|w, c) = 1 − p(D = 1|w, c), that a pair
(w, c) does not occur in the data D. The negative sampling training objective can be
written as [35]:
X
X
log σ(−~c · w))
~
(18)
log σ(~c · w)
~ +
max(
w,~
~ c

(w,c)∈D0

(w,c)∈D

, where D0 is a set of negative training samples, which are not in D, and σ(x) =
1
0
1+ex . For this objective p(D = 1|w, c) needs to produce small values for (w, c) ∈ D
and high values for (w, c) ∈ D, which counteracts the trivial solution possible for
objective 17.

Figure 7: Skip-gram model. Given a context window of size 2 and a word sequence
(w(t + i)|i = −2, · · · , 2). The skipgram model is trained on the task of predicting the
skipgram (w(t − 2), w(t − 1), w(t + 1), w(t + 2)) given the word w(t). An by-product
of this training are word embeddings, e.g. w
~ t is the embedding for the word w(t).
Additionally Mikolov et al. [41] introduces parameters to further influence the
quality of word embeddings. Rare words that occur less than a certain threshold are
not considered as words or context. Additionally very frequent words are downsampled (occur less often). This is done before context generation and increases the
effective size of context windows [34], which improves the quality of word embeddings [42].
Research has shown that the effectiveness of word embeddings is highly dependent on the choice of hyperparameters [36] [42]. Experiments by Levy et al. [36]
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indicate that SGNS prefers a high number of negative samples. Additionally subsampling of very frequent words (e.g. ”in”, ”a”) benefits the embeddings, since
these words provide less information than less frequent words [42].
SGNS has a log-linear computational complexity O in respect to the vocabulary
size V
O = E × T × C × (D + D × log2 (V ))

(19)

where E is the number of training epochs, T is the number of words in the training
set, C is the context window, and D is the word embedding size [41].
2.6.3

Graph embeddings

Similar to generating vector embeddings for words, it is beneficial to create graph
embeddings. As it allows the extraction of useful information about vertices in its
graph context [9].
Where sentences are directly representable as linear sequences and can therefore
be directly used in SGNS, this is not the case for graph structures like RDF graphs
or protein networks. Ristoski and Paulheim [50] proposes the use of graph walks to
generate linear sequence samples. Given an directed, weighted graph G = (V, E),
graph walk will generate all graph walks Pv of depth d starting in vertex v, for all
vertices v ∈ V . Breadth-first search is used for generating the graph walks. This
results in a set of sequences of the format vi → eij → vj → . . . , where vi , vj ∈ V
and eij ∈ E. The number of generated walks increases exponentially with depth
d. Therefore, instead of generating all graph walks for each vertice, a random walk
approach as developed by Perozzi et al. [46] is used, where the number of walks
per vertice is limited. A random walk Wv rooted at vertice v consists of random
variables Wv1 , Wv2 , . . . , Wvk . Wvi+1 is a vertice, which is chosen randomly from the
neighbors of Wvi . Random walking allows an easier parallelization, since multiple workers can simultaneously generate walks in different parts of the graph [46].
Evaluation results show that this approach outperforms standard feature generation
approaches [50].
Cao et al. [9] develop a deep neural network for graph representation (DNGR).
Instead of generating graph walks, a random surfing model similar to Google’s
PageRank is used to generate a probabilistic co-occurrence matrix, which indicates
the probability of reaching a vertice j after a number of steps k from a starting vertice vi . Similar to PageRank a teleportation probaility α is used, which indicates the
chance whether the random surfing continues or is reset to the starting vertice. A
row pk of the co-occurrence matrix is therefore defined as follows [9]:
pk = α · pk−1 A + (1 − α)p0

(20)

with p0i = 1, p0j = 0, j 6= i. Based on the co-occurrence relation, a vector representation r can be defined. It can be assumed that vertices, which are close to the
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original vertice should have higher weight than distant vertices. This leads to the
vector representation r for the starting vertice vi [9]:
r=

K
X

w(k) · p∗k

(21)

k=1

with p∗k = p∗k−1 A = p0 Ak being the probabilities of arriving in exactly k steps, if no
random restart occurs, and w being a decreasing weight function. Finally a stacked
denoising autoencoder is used to produce a non-linear mapping from the representations to low dimensional vectors. Stacked implies that the autoencoder has
multiple hidden layers (deep neural network), which allows the learning better embeddings with each layer [9]. The neural network encodes and decodes the inputted
vectors, which performs a meaningful dimension reduction by removing redundant
information and noise [9]. Evaluation with comparison to other word embedding
approaches like SGNS [41], DeepWalk [46], etc. show that the combination of random surfing and deep neural networks is effective, as the approach performs better
than the other baselines. However, the approach has a linear complexity in regards
to the number of vertices in the graph, while SGNS has a log-linear computational
complexity [41]. This is problematic in the thesis’ use case, since Wikidata contains
over 20 million vertices.
Random surfing has multiple advantages to sampling approaches like graph
walking. Linear sequences have finite lengths and can therefore fail to capture relevant contextual information. Using random surfing overcomes this problem as it
is able to consider walks of every length. Additionally, a desired property of embedding approaches is the ability to weight context based on its distance to original
word or vertice [41] [9]. Random surfing allows, similarly to Word2Vec (see Section 2.6.2, the weighting of words based on its distance, which is important to create
good word representations [9].

2.7

Ontology learning

Manually building ontologies is an expensive, tedious and error-prone process [25].
Maedche and Staab [39] recognize that the manual construction of ontologies results
in a knowledge acquisition bottleneck, which motivates the research into the field
of ontology learning (OL). The field of OL supports ontology engineers in the construction and maintenance of ontologies by providing OL techniques in the form of
tools like OntoEdit [39]. The process of OL can be divided into different subtasks. OL
tools consist of different components, which automatically or semi-automatically
support this process. The field of ontology learning exploits different research fields
like natural language processing, machine learning, ontology engineering, etc. [11].
The process of OL and the components of a generic OL architecture are summarized and the task of the thesis is categorized. Following, basic algorithms for
learning taxonomic relations are summarized. Both subsections are based on work
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by Cimiano et al. [11], Maedche and Staab [39], and Hazman et al. [25]. Finally, related work, which exploits neural networks, is analyzed and compared to the thesis’
task. The novelty and additional benefits of this work are justified.
2.7.1

Process and architecture for ontology learning

The process of OLg can be divided into subtasks. Maedche and Staab [39] define a
ontology learning cycle, consisting of the following steps:
1. Import/Reuse is the merging of existing structures and mapping between the
structures and the target ontology.
2. Extraction defines the modeling of the target ontology by feeding from web
documents.
3. Prune takes the generated model and adjusts the ontology to its purpose.
4. Refine completes the ontology at a fine granularity.
5. Apply applies the resulting ontology on its target application. This serves as
a measure of validation.
These 5 steps can be repeated as often as necessary to include additional domains
and updating it with new content. The thesis’ task can be classified as a part of the
Refine step, as its goal is to improve the completeness of an existing ontology.
Cimiano et al. [11] introduces a generic OL architecture and its major components. The described tool is semi-automatic, meaning that it support an ontology
engineer rather than fully automatizing the process of ontology construction and
maintenance. The architecture consists of the following components:
1. Ontology management component provides an interface between the ontology and learning algorithms. Learned concepts, relations and axioms should
be added to the ontology using this component. It is also used for manipulating the ontology. More specifically, for the importing, browsing, modification,
versioning and evolution of ontologies.
2. Coordination component is the user interface, which should allow the ontology engineer to choose input data, learning and resource processing methods.
3. Resource processing component allows the discovery, import, analysis and
transformation of unstructured, semi-structured and structured input. For this
purpose the component needs different natural language processing components to parse and analyze input on different levels, word to sentence-level.
4. Algorithm library component contains the algorithms, which are applied for
the purpose of ontology learning. These algorithms are generic standard machine learning methods, as well as specialized OL methods. Additionally, different similarity and collocation measures should be available.
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In the context of Wikidata, there exists no single comprehensive OL tool. However,
in the Wikimedia technology space different tools exist, which mainly support the
task of refining and maintaining the current ontology. For example, Stratan [53]
develops a taxonomy browser for Wikidata, which is able to evaluate the quality
of the taxonomy by detecting different types of cycles, redundancies, errors and
unlinked classes. This tool is an ontology learning component, as it provides the
ability to browse and evaluate the ontology of Wikidata.
2.7.2

Approaches for learning taxonomic relations

A subgroup of algorithms for OL is concerned with learning taxonomic relations.
The following approaches, categorized by Cimiano et al. [11], use text as input.
Lexico-syntactic patterns are word patterns, which are used to identify hypernymhyponym pairs (superclass-subclass pairs) in natural text. For example, such a pattern is
NP hyper such as {NP hypo , }∗ {(and | or)} NP hypo
, where NP stands for noun phrase, and NP hyper is a hypernym or superclass, while
NP hypo are hyponyms or subclasses. Applying the aforementioned pattern on the
sentence ". . . disciples including sciences such as biology, chemistry, ecology, neuroscience and physics . . . ", which is extracted from Wikipedia [4], would result in
the hypernym "sciences" with hyponyms "biology", "chemistry", "ecology", "neuroscience", "physics". These patterns provide reasonable results, but the manual
creation of patterns is involve high cost and time investments [55].
Clustering uses some measure of similarity to organize objects into groups. This
can be achieved by representing the words or terms as vectors [13], on which different distance or similarity measures can be applied. Clustering methods can be
categorized to two different types. Agglomerative clustering initializes each term
as its own cluster and merges in each step the most similar terms into one cluster.
Divisive clustering approaches the problem the opposite way by starting with a single cluster, containing all words, and then dividing them into smaller groups. Both
approaches generate hierarchies. Agglomerative clustering is doing so bottom-up
and divisive clustering top-down.
Phrase analysis analyses noun phrases directly. It is assumed that nouns, which
have additional modifiers are subclasses of the noun without modifiers. For example, this could be applied on the labeled unlinked classes of Wikidata. For example
the classes Men’s Junior European Volleyball Championship (Q169359) and Women’s Junior European Volleyball Championship (Q169956) could be subclasses of European Volleyball Championship (Q6834). In this case, phrase analysis interprets Men’s Junior and
Women’s Junior as modifiers, which denote these classes as specialization to Q6834.
Classification-based approaches can be used, when a taxonomy is already present.
In this case, classification can be used to add unclassified concepts to the existing hierarchy. Because taxonomies may consists of thousands of classes, as is the case
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for the Wikidata taxonomy, classical classification methods such as SVM are not
suited for the problem for the task, since these methods usually use small numbers
of classes. Specific algorithms, which only consider, a subset of relevant classes are
necessary to carry out an efficient classification. For example, Pekar and Staab [45]
solve this problem by exploiting the taxonomy’s tree structure using tree-ascending
or tree-descending algorithms.
The algorithm developed by this thesis uses a classification-based approach,
since a large taxonomy is already given. Instead of exploiting the hierarchic structure of the taxonomy, a variant of k-nearest-neighbors is used to address the "high
number of labels" problem (mentioned in Section 2.4).
2.7.3

Neural networks in ontology learning

Fu et al. [19] develop a method to construct a semantic hierarchy (taxonomy) given a
hyponym (subclass) and a list of corresponding hypernyms (superclasses), as shown
in Figure 8. In this example, the input is the subclass computer (Q68) and its superclasses tool (Q39546) etc. Fu et al. [19]’s solution uses neural word embeddings, as
discussed in Section 2.6.2, to construct a more specific and precise concept hierarchy.
For this example, the direct superclasses of computer (Q68) are tool (Q39546) and electrical apparatus (Q2425052), while the other superclasses are transitive superclasses
to computer (Q68).

Figure 8: Construction of semantic hierarchy in Fu et al. [19].
The approach proposed by Fu et al. [19] exploits the linguistic regularities of neural word embeddings. It is assumed that there is a subclass vector offset between
the subclass and its superclass embeddings, which behaves similar to the prominent
example by Mikolov et al. [41]: Queen = King − Man + Woman. Computing such
subclass offsets for random subclass-superclass pairs for Fu et al.’s dataset as well as
the Wikidata dataset [3] analyzed in this thesis (see Section 4.3.2) shows that clusters
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of very similar subclass offsets exist. Analysis by Fu et al. reveals that the offsets in
one cluster refer to similar topic, e.g. single cluster concerned about people’s occupations [19]. The subclass offsets in the Wikidata dataset reveal similar characteristic
(see Section 4.3.2).
Fu et al. [19] conclude that the subclass-of relation is too complex to be described by a translation. Instead a linear projection is trained by minimizing the
mean squared error between projection of the subclass ~x ∈ Rd and the actual superclass ~y ∈ Rd , where d is the embedding size. The following minimization problem
is thereby solved:
Φ∗ = min
Φ

1 X
kΦ~x − ~y k2
N

(22)

(~
x,~
y)

where N is the number of (~x, ~y ) subclass-superclass pairs in the training data [19].
The problem described by this minimization problem is a multivariate linear regression problem [19].
Fu et al. argues that because of the varied types of subclass-of relations, a single
matrix is not adequate at fitting all subclass-superclass pairs. Therefore piecewise
linear projection is implemented. The subclass-superclass pairs are clustered by
their subclass-of offsets and a projection for each cluster is trained. Piecewise linear
projection learns a projection matrix Φk for each identified cluster in the data set
[19]:
Φ∗ = min
Φk

1
Nk

X

kΦk ~x − ~y k2

(23)

(~
x,~
y )∈Ck

where Nk is the amount of word pairs in the k th cluster Ck [19]. The number of
clusters is fine-tuned based on the data set [19].
To determine whether a given pair of concepts ~x, ~y ∈ Rd have a subclass-superclass
relation, the cluster k, which has the closest cluster center to the subclass offset
~y − ~x, is chosen and the projection Φk ~x computed [19]. The pair (~x, ~y ) is a subclasssuperclass pair, if either the distance between the projection Φk ~x and ~y falls below a
certain threshold δ or if there exist another concept ~z, which is superclass of ~x and
subclass of ~y , and therefore allows the use of the transitivity of the subclass-of relation [19]. This approach allows one subclass to have multiple superclasses and is
also able to identify the case, in which no valid subclass-of relation exists.
Fu et al. evaluated the piecewise linear projection on a test set of 418 subclasses
and their superclasses. The embeddings are trained on a 30 million Chinese sentence
corpus and the projection is trained on 15247 hypernym-hyponym word pairs. The
approach achieves an F-score of 73.74% on a manually labeled dataset, and outperforms existing state-of-the-art methods.
As argued in Chapter 2.6, the use of neural word embeddings seems promising, which is supported by the good results of Fu et al.’s work. A similar approach,
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which is presented in Chapter 4, can be applied in the given task. The main difference in the problems is the expected input, which is one of the reasons why Fu et al.
[19]’s approach works so well. Fu et al. assumes that a subclass and its superclasses
are given as input. This is advantageous for multiple reasons. Only a small set of
classes has to be considered for the classification decision, which are all related to
subclass and are therefore related to similar topics. Additionally, the input already
provides a set of correct subclass-of relations. In this thesis, the only given input is
the subclass. Therefore every class in the taxonomy has to be assumed as a possible superclass rather than a small subset. The problem statement requires that for
each class a superclass has to be found, because for each entered orphan class a connection to the root taxonomy should be made. Consequently the identification of
subclass-of relations by Fu et al. is not applicable anymore and another approach
has to be implemented. Although piecewise linear projection is still a promising approach to use neural word embeddings for the subclass classification, the difficulty
of the given problem implies worse results than in the presented work by Fu et al.
[19].
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3

Analysis of the Wikidata taxonomy

For the task of developing an algorithm, which takes orphan classes as input, it
is necessary to know, what information the classes carry and if there are common
characteristics among classes.
The taxonomy contained in the Wikidata dump of 2016/11/07 [3] was analyzed.
It contains a total of 24, 507, 102 items, of which 1, 299, 501 are classes. Classes were
recognized as defined in Section 2.1.

3.1

Root taxonomy

The state of the taxonomy was captured in regards to the root class entity (Q35120)
(see Figure 9). 1, 260, 842 classes are currently subclasses of entity (Q35120). 97% of
all classes are therefore nodes in the root taxonomy. This implies a high agreement
in the Wikidata community on which class is considered root, and thereby also supports the modeling decision made in Section 2.2, which assumes that a taxonomy
only has one root, and this root is entity (Q35120) in Wikidata.

Figure 9: Distance of subclasses to root class entity (Q35120). Wikidata (2016/11/07)
In Figure 9, the levels of the root taxonomy tree are represented. Most classes
have a shortest distance between 6 and 10 to the root. While the highest distance
to the root is 20. The most distant classes generally belong to concepts of biological
taxonomies. The most distant classes are subclasses of the genus Homo (Q171283).
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The developed algorithm will with high probability place orphan classes into
the same levels of the taxonomy, in which most classes already reside. If the algorithm places classes in levels close to the root, it would indicate that the classification
method is not specific enough. On the opposite, placing classes into distant levels
would indicate incorrectness of the algorithm, since only a small subset of classes
occurs in these levels.

3.2

All classes

All 1, 299, 501 classes were analyzed. 98.2% of all classes have an English label. In
Figure 10, the percentage of classes with a specific amount of instances is shown. It
can be seen that a majority of classes have no instances. The median of instances
per class is 0, while the average is ∼15. The high average in comparison to the low
median implies that there are some classes with a very high amount of instances.
Figure 11 shows the percentage of classes with a specific amount of subclasses. The
median of subclasses per class 0, while the average is ∼1.3. Most classes do not have
subclasses or instances. Subsequently, this implies that almost all classes should
have the subclass of (P279), since the other two criteria used to identify classes do
not apply. In Figure 12, the percentage of classes with a certain amount of properties is shown. The median of properties is 7, while the average is ∼6.65. The
similar median and average implies that few outliers exist. Figure 13 supports this
conclusion that the majority of classes have the subclass of (P279) property. Other
very common properties like found in taxon (P703), Entrez Gene ID and UniProt ID
(P637) indicate that at least ∼80% of all classes are related to genes and proteins. The
set of classes identified with these properties is mostly entered by bots, which map
information from other knowledge bases like NCBI Entrez to Wikidata [47]. The
characteristics of these classes is dissimilar to the human curated part of Wikidata,
which is shown in the following Section 3.3. Additionally, the method developed
by this thesis should find practical application by supporting humans in improving
Wikidata’s taxonomy. Therefore, the set of classes related to proteins and genes is
not of relevance to the problem, and should not be considered in the development
of an solution. Following, the set of relevant classes, which are of interest to human
editors, is analyzed.
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Figure 10: Percentage of all classes with specific amount of instances (2016/11/07).

Figure 11: Percentage of all classes with specific amount of subclasses (2016/11/07).
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Figure 12: Percentage of all classes with specific amount of unique properties
(2016/11/07).

Figure 13: Frequency of properties in all classes (2016/11/07).
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3.3

Relevant classes

Following the observations in the previous section, the set of relevant classes was
analyzed. A class is considered relevant, if it does not have an irrelevant property.
The properties considered irrelevant identify classes representing genes and proteins. The following properties are irrelevant:
• Entrez Gene ID (P351)

• molecular function (P680)

• genomic start (P644)

• RefSeq RNA ID (P639)

• genomic end (P645)

• Mouse Genome Informatics ID (P671)

• strand orientation (P2548)

• Ensembl Transcript ID (P704)

• UniProt ID (P352)

• HGNC gene symbol (P353)

• NCBI Locus tag (P2393)

• HomoloGene ID (P593)

• encoded by (P702)

• Gene Ontology ID (P686)

• encodes (P688)

• InterPro ID (P2926)

These properties were handpicked mostly based on the property frequency in
Figure 13. The properties are considered irrelevant, because they belong to a very
specific and narrow domain and due to their high share in the taxonomy create an
inbalance. The developed algorithm should be applicable on a general taxonomy
and therefore the aforementioned properties are removed.
A total of 195, 124 classes are relevant classes, which is ∼15.01% of all classes. Of
all relevant classes 87.92% have an English label, which is ∼10% percent less than
the ratio of all classes. The distribution of instances and subclasses is similar to the
set of all classes (Figures 14 and 15). Both the percentage of classes with 0 instances,
as well as the classes with 0 subclasses, are about 15% lower than all classes. Accordingly the instance average increases from ∼15 to ∼99.5, and the subclass average increases from ∼1.3 to ∼7.02. The median remains unchanged at 0 for both instances
and subclasses. Comparing the distribution of properties of all classes (Figure 12)
to relevant classes (Figure 16) shows a shift to the left, which implies a decrease of
properties per class in the set of relevant classes. The average decreased from ∼6.65
to 4.82 and the median decreased from 7 to 4. Genes have simultaneously occurring
properties, e.g. genomic end (P645), genomic start (P644), strand orientation (P2548),
and Entrez Gene ID (P351), which results in a high percentage of classes having a
similar number of properties, which is 7 for the set of all classes. Removing these
classes consequently lowers the property median. The property frequency (see Figure 17) shows a range of different properties, which are not concerned with the same
subject, as it was the case for the set of all classes. The property frequency shows
that classes concerned with countries (country (P17)) and sports (sport (P641)) are
relatively common. But even the most common topic related properties occur with
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a frequency of less than 30%, therefore it is concluded that the data is not biased to a
certain topic, as it was for the set of all classes. As a result, the hybrid algorithm will
be developed and evaluated in regards to relevant classes rather than all classes.

Figure 14: Percentage of relevant classes with specific amount of instances
(2016/11/07).
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Figure 15: Percentage of relevant classes with specific amount of subclasses
(2016/11/07).

Figure 16: Percentage of relevant classes with specific amount of unique properties
(2016/11/07).
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Figure 17: Frequency of properties in relevant classes (2016/11/07).

3.4

Orphan classes

Orphan classes were identified by checking whether a class does not have the subclass of (P279) property. The final goal of the thesis is to develop a method, which
is able to classify orphan classes with a good accuracy. Given the lack of an existing gold standard for orphan classes, they cannot be used for testing the method.
Classes with existing subclass-of relations can be used for training and testing. The
existing subclass-of relations can then be considered as gold standard. To ensure
that the gold standard evaluation is relevant to the given problem, the set of orphan
classes has to be analyzed and compared to the set of relevant classes. If the characteristics of both sets are similar, the gold standard evaluation is directly relevant to
the performance in classifying orphan classes.
16, 373 classes were identified as orphan classes, which is ∼1.26% of all classes.
∼84.33% of all orphan classes have an English label, which is only ∼5% lower than
the relevant classes. The distribution of instances for orphan classes (Figure 18 is
very different to the relevant classes (Figure 14). The majority of orphan classes have
at least 1 instance rather than 0 instances. Consequentially, the median of instances
per class is 1 for orphan classes and the average is ∼4.66, which is much lower than
the average ∼86.34 of relevant classes. This, in combination with the higher median
for orphan classes, implies that orphan classes have none to very few outliers in regards to many instances. Additionally, it can be hypothesized that orphan classes
are often created for the purpose of classifying single instances by human editors,
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as a mean to provide a better description for the instance, but the orphan class itself is not further described. The subclass distribution (Figure 19) shows that ∼25%
of orphan classes have at least 1 subclass, which is ∼20% higher than the relevant
classes. However, the median of subclasses per class remains 0, while the average
is ∼0.852 and therefore lower than the average 6.5 of relevant classes, which indicates very low or not existing amount of outliers in the set of orphan classes. The
same behavior was already observed for the instance distribution. The distribution
of properties per class (Figure 20) is very similar to the relevant classes (Figure 16).
The only difference is the percentage of classes with 0 properties, which is ∼12.5%
for orphan classes and lower than 1% for relevant classes. This observation supports the previously made hypothesis, which claims that orphan classes are mainly
created for the purpose of classifying instances, since 12.5% of orphan classes is not
described at all. The corresponding property median remains at 3 and the average
is ∼4.78, which is almost identical to the relevant classes. The most frequent properties for orphan classes, as shown in Figure 21, shows very similar properties to
the relevant classes (Figure 17). This, in addition to the similar property median,
is a good indicator that orphan and relevant classes have common characteristics,
since their descriptions are similar. Therefore, it can be concluded that the set of
relevant classes should be adequate at representing the set of orphan classes in the
implementation and evaluation of the thesis’ hybrid algorithm.
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Figure 18: Percentage of orphan classes with a specific amount of instances
(2016/11/07).

Figure 19: Percentage of orphan classes with a specific amount of subclasses
(2016/11/07).
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Figure 20: Percentage of orphan classes with a specific amount of unique properties
(2016/11/07).

Figure 21: Frequency of properties in orphan classes (2016/11/07).
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4

Hybrid algorithm

As motivated in the previous chapters, a hybrid algorithm using neural word embeddings is implemented to solve the defined problem. In this chapter, the required
components for the algorithm are presented. For each component, possible implementations are proposed and implemented. Additionally, only relevant classes, as
described in Section 3.3, are considered in this chapter. Therefore training of the
algorithm uses only of relevant classes and their corresponding instances.

4.1

Components

The hybrid algorithm exploits neural word embeddings to solve the classification
task, which is motivated by the power of word embeddings in similarity tasks [41]
and in taxonomy construction [19].
For the task of computing word embeddings, the SGNS model (Section 2.6.2) will
be used, which has shown to generate effective word embeddings relatively fast [41]
[36]. It has been proven through theoretic analysis as well as experiments that SGNS
creates very effective word embeddings, if its hyperparameters are chosen well [41]
[36].
Based on Levy et al. [36], Mikolov et al. [41] [42] and Baroni and Dinu [8] the
following hyperparameters are used:
• Embedding size: 300
• Subsampling frequency: 10−5
• Context window: 2
• Negative samples: 15
The original paper by Mikolov et al. [41] uses context windows of size 2. Bigger context windows show slight improvements in the quality of word embeddings [36].
However triple sentences (see Section 4.2.1) only have a maximum context of 2, e.g.
w1 w2 w3 the maximum distance between words in the same sentence is 2. Therefore
triple sentences would not benefit from bigger context sizes. To preserve comparability between variations of the algorithm, the same context size is also used for
all types of SequenceGen components. The implementation of SGNS in the gensim
library by Řehůřek and Sojka [49] is used.
Two additional components can be identified for the hybrid classification algorithm using SGNS. The data flow and IO of the components is visualized in Figure 22.
1. SequenceGen. SGNS requires a linear sequence of words as input (see Section 2.6.2). The SequenceGen component transforms any possible kind of data
into a set of sentences, which can be used for training the SGNS. Possible data
sets include Wikidata and Wikipedia. Wikidata’s highly interlinked structure
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Figure 22: Data flow between components
is more alike to an RDF graph [18]. Using Wikidata therefore requires an approach, which maps the graph to linear sequences. If the encyclopedic text
provided by Wikipedia is used, a different challenge has to be solved. Since
the gold standard consists of pairs of subclass-superclass pairs, which were acquired from Wikidata [3], a mapping from words to Wikidata IDs would have
to be implemented.
2. Classification. The classification component is trained on subclass-superclass
pairs. It uses the word embeddings generated by SGNS to make a classification decision. The word embeddings produced by SGNS group similar words
close to each other and preserve linguistic regularities. These properties can be
exploited by different classifiers. kNN can exploit the first characteristic using
a similarity or distance measure. The second characteristic can be exploited
by computing the vector offset or learning a linear projection representing the
subclass-of relationship between two classes [19]. The classification component should implement a single-label multiclass classification.

4.2

SequenceGen

SequenceGen is the first interchangeable component in the proposed hybrid algorithm. SGNS is trained on a set of word sequences (or sentences). Purpose of the
SequenceGen component is the generation of sentences, where the words represent
Wikidata IDs. In this work, the input for SequenceGen is a Wikidata JSON dump
[3], as it directly uses Wikidata IDs and is structured data, therefore easy to automatically process. It is possible to use other knowledge bases as input, if a mapping
to Wikidata can be found. For example, an incomplete mapping between Wikidata
and DBpedia exists in DBpedia via the owl:equivalentProperty and owl:equivalentClass
properties [28].
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4.2.1

Triple sentences

Triple sentences uses Wikidata as input data set. Statements in Wikidata can be
represented as triples of (source, property, target), where source is a Wikidata item
ID, property is a Wikidata property ID, and target is either a Wikidata item ID or
a literal. These triples represents simple 3-word sentences, which are sufficient as
training input for Word2Vec. Appereances of literals are removed from the generated sentences to reduce the amount of noise in the data. In comparison to natural
text, the triple sentence contain a very low amount of noise, which may improve the
quality of embeddings in comparison to using for example Wikipedia as data set.
Figure 23 shows an example mapping of Wikidata to triple sentences. Edges between entities, e.g. (Q42, P 31, Q5), are expressed as triple sentences, e.g. ”Q42 P31
Q5”, while edges between an entity and a literal, e.g. (Q42, P 1559, ”Douglas Adams”),
ignore the literal and are therefore double sentences, e.g. ”Q42 P1559”.

Figure 23: Generation of triple sentences from Wikidata
4.2.2

Graph walk sentences

A graph walk, developed by Ristoski and Paulheim [50] and explained in Section 2.6.3, can be used for generating longer sentences instead of triple sentences.
The longer sequences are able to better capture contextual information than triples.
This is achieved by creating walks of a depth d, starting from each class. Evaluation
of RDF2Vec shows that Skip-gram and CBOW both produce better word embeddings using graph walk [50]. Therefore it is expected that graph walk will also
improve the performance of the hybrid algorithm. Computing all walks for each
vertex is however not feasible, since the number of walks for each vertex is potentially exponential [50]. The exponential runtime can be counteracted by computing
a limited number of random walks instead of computing all walks [46]. Additionally, the starting vertices for each walk will be sampled from the set of classes rather
than the set of all items. The quality of word embeddings in regards to classes is
a major concern, while the word embeddings for other items are only optional for
the task of classification. The proposed measure will ensure that each class occurs at
least once in the graph walk sequences and the frequency of classes in the generated
set will be higher than by random sampling from all items.
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The set of random walk sequences will be combined with the set of triple sentences, which are used in the baseline, to constitute a new training data set for the
SGNS. The following parameters are used for the graph walk :
• Depth of walks: 4
• Maximum number of walks per vertice: 200
These parameters are given by Ristoski and Paulheim [50] and have provided effective embeddings, which performed well in similarity tasks.
Figure 24 shows an excerpt of the Wikidata graph. 2 random walks of depth 4 are
generated beginning at the node Q42. The walks by the Arabic and Roman numerals. The walk indicated by Arabic numerals has a length of 3 and ends at the node
Q223557. If no further successors can be found from a given node, the walk ends
prematurely. The walks indicated by roman numerals has a length of 4 and ends at
node Q215627. The Wikidata graph contains cycles, as is shown between nodes Q5
and Q8205328. The random walks can therefore also display cycles and therefore
visit nodes multiple times. The output of graph walk sentences with 2 maximum
walks and depth 4 with source node Q42 (based on Figure 24 is the following:
• "Q42 P31 Q5 P1542 Q8205328 P279 Q223557" (1, 2, 3, 4)
• ""Q42 P31 Q5 P1542 Q8205328 P170 Q5 P279 Q215627" (I, II, III, IV, V)

Figure 24: Two random graph walks in Wikidata with depth 4.
Multiple test runs with graph walk-based classification have shown that embeddings trained on graph walks produced worse results than the trivial baseline
algorithm described in Section 5.1. This stands in contradiction to intuition and experiments by Ristoski and Paulheim [50]. The following is a list of possible issues,
which may be responsible for the unexpected bad results:
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• Incorrect implementation of random graph walk. The most likely reason at
this time is errors in the implementation of the random graph walk, which
lead to the generation of ”bad”, duplicate or otherwise suboptimal walks.
• Common words are dis-proportionally overrepresented. Random graph walks
are more likely to capture common words like properties such as instance of
(P31). Classes are relatively rare words, and will therefore occur even less often in the graph walk sentences than in triple sentences, because they are captured less often by the graph walks. Consequently the generated embeddings
for classes are less expressive and contain less semantic information.
Due to time constraints, the graph walk sentence component is dropped in the following evaluation.

4.3

Classification

The purpose of the classification component is the prediction of a superclass for
a given orphan class, as defined in the problem statement (see Section 2.4). The
classification component is trained of subclass-superclass pairs, which consist of
their IDs and their respective word embeddings generated by the SGNS component.
Generally, a classifier assigns an unknown object a label from a given finite list of
labels. The unknown object is the word embedding of the orphan class and the
output is the Wikidata ID of a superclass. The kNN algorithm, which is described
in Section 2.5, is an example for a classification algorithm. Instead of predicting
the label directly, another approach would be predicting the word embedding of a
superclass. Then the label of the closest existing superclass embedding is chosen as
output of the classifier. Predicting continuous values instead of discrete values is
accomplished by regression methods. Two of these indirect regression approaches,
linear projection (see Section 4.3.3) and non-linear regression via neural networks
(see Section 4.3.4), are described in this section.
4.3.1

k-nearest-neighbors

Similar classes are grouped close to each other in the embedding vector space. Intuitively a kNN classifier (see Section 2.5) should be able to use this property to great
effect.
Distance-based kNN using the euclidean norm is implemented as classification
component. The kNN implementation provided by the scikit-learn library [44] is
used.
4.3.2

Vector offset

A possible approach for classification is to exploit the linear regularities encoded in
the word embeddings. As shown in Section 2.6.2, it is possible to answer semantic questions by applying algebraic operations on word embeddings [41]. Given a
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subclass-superclass pair with word embeddings ~x, ~y ∈ Rd and the word embedding
~u ∈ Rd of an unknown class, the superclass with word embedding p~ ∈ Rd of ~u could
be calculated, as follows
p~ = ~y − ~x + ~u
where d ∈ N is the embedding size. The subclass-of relationship is represented by
the offset ~y − ~x. Using the subclass offsets would simplify the difficult task of classifying an unknown class in a big taxonomy to a vector addition, which represents
a translation. This is however only possible, if the subclass-of offset is similar for all
existing subclass-superclass pairs [19].
For the use case of Wikidata, it can be shown that the offsets do not fulfill this
criteria. It can rather be seen that different clusters of similar subclass-of offsets
exist. Using the word embeddings created by SGNS trained on triple sentences,
the subclass-of offsets for 204, 158 subclass-superclass pairs were computed. The
subclass-superclass pairs were extracted from the set of relevant classes (Section 3.3).
The offsets were clustered using KMeans with K = 15 clusters.

Figure 25: Subclass-of offsets of 240, 789 subclass-superclass pairs. Each cluster is
identified by a specific color. The offsets are clustered into 15 clusters using KMeans
clustering.
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Using Principal Component Analysis (PCA), the 300-dimensional vectors were
reduced to 2-dimensional vectors, which are shown in Figure 25. 204, 158 subclasssuperclass pairs were retrieved from the set of relevant classes (Section 3.3). For
~
~
each pair, the offset superclass
− subclass
∈ R300 was computed using triple sentence
word embeddings (Section 4.2.1). The offsets were clustered into 15 clusters using
KMeans clustering. PCA was applied on the clustered offsets for plotting. The legend indicates the color of each cluster k ∈ [0, 14]. Table 1 shows the corresponding
percentage of offsets in each cluster, as well as the type of offsets in the cluster.
The clusters 1 (9.9%), 6 (23.27%) and 13 (45.06%), which attribute to 78.23% of
all offsets, contain a variation of different subclass-of relation types, which is most
likely the case because 15 clusters are not sufficient to separate all different types
of subclass-of relations. Therefore algorithms like piecewise linear projection [19],
which exploit the similarity of specific types of subclass-of relations, need to use
more clusters K . The other clusters show very specific types of offsets. It can be
seen in Figure 25, that the clusters 2, 7 and 10 have very different orientations in
respect to the origin (0, 0) than the other clusters. Therefore directly using vector
offsets would not be applicable, as offsets can not represent the complex subclass-of
relation.
Fu et al. [19] reached a similar conclusion and proposes the use of linear projections as means to represent the subclass-of relation. Additionally, it can be concluded that 15 clusters is too low for usage in piecewise linear projection, since 3
clusters, representing 78.23% of all offsets, exist, which do not have specific topics.
Therefore higher cluster sizes K should be considered as parameter for piecewise
linear projection. In the following section, the approach by Fu et al., which is described in Section 2.7.3, is adjusted for usage in the hybrid algorithm.
4.3.3

Linear projection

Following the idea of using vector offsets to find the correct superclass p~ ∈ Rd for
a given unknown ~u ∈ Rd , the translation represented by the subclass offset can be
extended by adding a linear projection matrix Φ ∈ Rd×d . This follows the idea of Fu
et al. [19], who uses linear projection without translation to find the superclasses for
a given unknown. The superclass p~ for an unknown ~u is accordingly computed:
 

 ~u
(24)
p~ = Φ~u + ~v = Φ ~v
1
where ~v ∈ Rd is a translation

 vector. Combining the translation and projection into
a single matrix T = Φ ~v enables the use of Fu et al. [19]’s approach for finding
T ∗ ∈ Rd×d , which is the best fit for the given subclass-superclass pairs. T ∗ can be
computed by minimizing the following mean squared error [19]:
T ∗ = arg min
T

1 X
kT ~x − ~y k2
N
(~
x,~
y)
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(25)

k
2

perc.
0.42%

topic
cheeses

3

7.61%

badminton tournaments

4
5
7

0.32%
1.18%
3.16%

chemicals
diseases
locomotives, military aircrafts

8
9
10
11
12

3.94%
0.41%
0.67%
1.8%
1.22%

Alcalde (Spanish mayors)
automobiles
food
aircrafts
wine (mostly Italian wines)

14

0.42%

RNA

15

0.65%

ambassadors

example
Rigotte de Sainte-Colombe C cow’smilk cheese
1987 Swiss Badminton Championships C badminton tournament
Actinomycin C chemical compound
African swine fever C disease
GWR 103 President C tender locomotive Heinkel He 50 C military aircraft
mayor of Granollers C Alcalde
Acura TLX C automobile
Sour cream doughnut C food
Bell XH-15 C aircraft
Greek wine C wine, Alghero frizzante
rosato C wine
Small nucleolar RNA SNORD86 C
RNA
Ambassador of the Republic of China
to the United States

Table 1: Topics of subclass-of offset clusters (K=15); total = 204, 158.
where N is the number of (~x, ~y ) subclass-superclass pairs in the training data [19].
Fu et al. [19] proposes an improvement to the linear projection. As shown in
Figure 25, the subclass offsets appear in clusters, therefore it is intuitive to assume
that training a matrix Tk ∈ Rd×d for different clusters k increases the accuracy of
the method [19]. However, the approach by Fu et al. [19] is not applicable for the
given problem. In Fu et al.’s stated problem, a an unknown class can have zero, one,
or multiple superclasses, but in the thesis’ problem an unknown class is always assigned one superclass. Additionally, the input for the thesis’ classification is a single
unknown class, therefore it cannot be decided in which subclass-of offset cluster the
unknown class belongs. Instead of using subclass-of clusters to train the piecewise
projections, the subclass-superclass pairs (~x, ~y ) are clustered by their input vector ~x.
This leads to the following training objective for piecewise linear projections [19]:
Tk∗ = arg min
Tk

1
Nk

X

kTk ~x − ~y k

(26)

(~
x,~
y )∈Ck

where Nk ∈ N is the amount of word pairs in the k th cluster Ck = {(x~i , y~i )|x~i in cluster k, i ∈
[1, N ]} [19]. Both training objectives describe multivariate linear regression tasks. Fu
et al. [19] uses stochastic gradient descent (SGD) to solve the objective. SciPy’s SGD
regressor [29] is used to train the linear projection matrices.
The projection for a given unknown ~u using piecewise linear projection can be
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computed as follows:
p~ =

Tk∗

 
~u
1

(27)

where ~u in cluster k. The appropiate superclass is subsequently the closest class
embedding to the computed projection.
The thesis’ evaluation will show whether linear projection is superior to the
distance-based kNN in the given task, and to what degree it benefits from word
embeddings using graph walk sentences instead of triple sentences.
4.3.4

Non-linear regression via neural nets

The linear projection approach uses linear regression to predict a superclass embedding from a given unknown embedding. The complexity of the subclass-of relation
is simplified by clustering the embeddings and computing a linear regression for
each cluster. However, it is possible that a linear regression is not sufficient for capturing all correlations between the input and output embeddings. Leshno et al. [33]
states that a neural network with a non-polynomial activation function is able to
approximate any function. Therefore it is possible to use a neural network to implement a non-linear regression, which is able to better model the subclass-of relation.
The expressiveness of such a network is dependent on the number of neurons and
hidden layers of the network [26]. Increasing the number of layers and neurons can
theoretically maximize the expressiveness of a deep neural network [48], but also
increases the memory usage and runtime, as well as the required amount of training data necessary to train the model [48]. In the following a multi-network model
for non-linear multi-variate, multi-target regression is proposed.
The rectifier is well-suited as an activation function for non-linear regression, as
it has multiple favorable characteristics in comparison to the classically used sigmoid and tanh functions [38] [21]. The rectifier is defined as a maximum function
f (x) = max(0, x), which either returns the input or zero. Glorot et al. [21] states
that this function allows the network to learn sparse representation of inputs, since
only a subset of neurons are activated for each input, because the rectifier returns
0 for all negative inputs. The remaining active neurons describe a linear function,
which prevents gradient vanishing [21] and makes computations and backpropagation cheaper [21] [38].
Neurons using rectifier as activation are called Rectified Linear Units (ReLU).
The output of a densely connected layer of ReLU neurons is computed, as follows:
(
W ~x + ~b for W ~x + b > 0
ReLU (~x) = max(W ~x + b, 0) =
0 else
where ~x is the input, the output, W the input edge weights and ~b the corresponding
bias.
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Figure 26: Multi-network regression model
Regression tasks involve predicting a single target value from a given input vector. The thesis’ tasks however requires the prediction of a d-dimensional vector from
a given d-dimensional vector, where d is the dimension of the word embeddings.
The recommended configuration, as stated in Section 4.1, sets d as 300. Training 300
networks to predict each of the single targets to a suitable accuracy requires either
a high memory capacity to train 300 networks in parallel or a long training time to
train the networks sequentially. A compromise can be reached by training a smaller
number of networks to predict multiple targets at once and then combining the results into the final d dimensional output.
The multi-network model (see Figure 26) consists of N hidden deep neural networks with H ReLU layers (including input and output layer). Each hidden network predicts o = Nd targets of the complete target vector. The output of each hidden network is concatenated, which results in the model’s d dimensional output.
The model is defined by the following parameters:
• N ∈ N: number of hidden networks
• H ∈ N: number of layers per hidden network
• d ∈ N: dimension of word embeddings (input and output dimensions of full
model)
• h ∈ N: dimension of hidden layers of hidden networks (number of neurons in
each hidden layer)
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• o=

d
N

∈ N: output dimension of hidden networks

The trainable variables are the weights and biases of the fully connected layers
of the hidden networks and the output layer, which are defined as follows:
• Wi,1 ∈ Rh×d , i ∈ {1, · · · , N }: input weights of hidden networks, maps word
embeddings to hidden layer, with corresponding biases ~bi,1 ∈ Rh .
• Wi,j ∈ Rh×h , i ∈ {1, · · · , N }, j ∈ {2, · · · , H − 1}: weights between hidden
layers with corresponding biases ~bi,j ∈ Rh .
• Wi,H ∈ Ro×h , i ∈ {1, · · · , N }: output weights for hidden networks with corresponding biases ~bi,H ∈ Ro .
• Wcon ∈ Rd×d : concatenation output layer with corresponding bias ~bcon ∈ Rd .
Let ~u ∈ Rd be the input word embedding and ~s ∈ Rd the predicted superclass
embedding. ~s is computed from ~u, using ReLU as activation, as follows:
~vi,1 = max(0, Wi,1 · ~u + ~bi,1 )
~vi,j = max(0, Wi,j · ~vi,j−1 + ~bi,j ) for j ∈ {2, · · · , H − 1}
~vi,H = max(0, Wi,H · ~vi,H−1 + ~bi,H )


~s = Wcon · ~v1,H · · · ~vN,H + ~bcon
with i ∈ {1, · · · , N }.
The proposed network has a higher expressiveness than the previously described
linear projection approach. The expressiveness of the model can be experimentally
optimized by adjusting the different hyperparameters like depth and width of the
hidden networks [48] [26]. Additionally the network uses rectifier as activation
function, which is non-polynomial, and therefore, according to Leshno et al. [33],
able to model an arbitrary function. In comparison, the linear projection approach
can only model a linear function and has limited reconfigurability with only one
hyperparameter, the number of clusters. Therefore I make the hypothesis that the
non-linear neural regression model will perform better than linear projection.
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5
5.1

Evaluation
Method

The hybrid algorithms are evaluated using a gold standard. The gold standard is
fetched from the set of relevant classes (Section 3.3) in the 2016/11/07 Wikidata
dump [3]. 208, 502 classes and their corresponding superclasses were retrieved.
The gold standard test set G consists of sample tuples (ci , Si ), where ci ∈ R is a
subclass and Si = succ(ci ) is the set of direct superclasses of ci , where R is the set
of relevant classes and i ∈ [1, |G|]. Because it is assumed that every class, except the
root class, should have a superclass, |Si | > 0 applies for all gold samples (ci , Si ) with
i ∈ [1, |G|]. Therefore only true positives and false positives may occur during classification, since the algorithm will always predict a superclass. Consequently the
F1 -score is not applicable as an evaluation measure. Instead the first applied evaluation measure is the accuracy acc alg , which is calculated as follows for an algorithm
alg:
acc alg

(
|G|
1 X 1,
=
|G|
0,
i=1

for palg (ci ) ∈ Si
for palg (ci ) ∈
/ Si

(28)

where palg : R 7→ R is the prediction function of alg, which returns the predicted
superclass of alg given an unknown class.
However, accuracy alone is not sufficient in evaluating a classification in a hierarchical context like taxonomies [31]. Accuracy ignores the taxonomy and other
possible dimensions, as it only measures how often the algorithm is able to correctly guess the superclass. Dellschaft and Staab states that a good measure should
"allow[s] to evaluate an ontology along multiple dimensions" [15]. Another dimension, next to the accuracy of the algorithm, which can be observed is the taxonomic
relation between the predictions and their corresponding gold standards. The quality of false predictions can further be assessed in regards to their taxonomic similarity to the gold standard. Two algorithms with equal accuracy may differ greatly
in their taxonomic dimension. An algorithm, which places false predictions closely
to the correct solution, is preferred. Therefore the taxonomy dimension should be
included in the evaluation. For this the taxonomic overlap measure, defined by
Dellschaft and Staab [15], is also used in the evaluation. The taxonomic overlap
counts how many superclasses are shared by the prediction and the gold standard
for each sample. This is called the semantic upwards cotopy sc defined as follows
by Dellschaft and Staab [15]:
sc(c, T ) = {ci |ci , c ∈ C ∧ c CT ci }

(29)

where T = (C, _) is a taxonomy and c ∈ C is a class in the taxonomy T . Based on
the semantic upwards cotopy, the taxonomic overlap to sc between classes c1 and c2
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in C is defined as follows by Dellschaft and Staab [15]:
to sc (c1 , c2 , T ) =

|sc(c1 , T ) ∩ sc(c2 , T )|
|sc(c1 , T ) ∪ sc(c2 , T )|

(30)

The taxonomic overlap between two classes ranges between 0, if the classes have
no common superclasses, and 1 if the classes are identical or all direct superclasses
are identical. To apply the taxonomic overlap in the evaluation, the overlaps for all
prediction-gold pairs have to summed up, which leads to the average taxonomic
overlap ato sc,alg for an algorithm alg:
|G|

ato sc,alg =

1 X
max(to sc (palg (ci ), s, T ))
s∈Si
|G|

(31)

i=1

where G is gold standard, which samples (ci , Si ) with i ∈ [1, |G|] and palg the prediction function of an algorithm alg. The maximum overlap between prediction
and gold is chosen, if there are multiple possible superclass for a sample, since the
taxonomic overlap is a function, which should be maximized by the algorithm [31].
A trivial baseline algorithm is implemented. Evaluated algorithms should yield
better accuracies and taxonomic overlaps than the baseline. The baseline algorithm
is the most-frequent classifier, which assigns the most frequently occurring class
from the training data to all unknowns. Due to the characteristics of the problem
statement, no comparable state-of-the-art methods could be found at the time of
writing. Therefore no state-of-the-art methods could be used as baseline, which
would be preferable.
Each possible combination of components is evaluated as a separate hybrid algorithm. For each classification component different hyperparameters are tested
to find a good configuration. A naming scheme is used to uniquely identify each
hybrid algorithm with their corresponding hyperparameters. Because the SGNS
configuration is constant over all hybrid algorithms, an algorithm combination can
be identified by their classification component, as well as their classification hyperparameters. Consequently, hybrid algorithms have the following name format:
<classification>(<hyperparameters>)
To shorten the identifiers, the following abbreviations for components are used:
component
most-frequent classifier
distance-based kNN
piecewise linear projection
non-linear regression multi-network

abbreviation
baseline
distknn
linproj
concatnn

Table 2: Abbreviations for components
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I implemented as described in Chapter 4. The non-linear regression multi-network
model is called concatnn due to its concatenation layer.
The following hybrid algorithms are evaluated:
• baseline
• distknn(k =?) with k = 5, 10, 15, 20
• linproj(c =?) with c = 1, 25, 50
• concatnn(net =?, h = 3, n = 1200) with k = 1, 10, 20
where k, c, net, h, n are hyperparameters of classification algorithms. For kNN, k is
the number of nearest neighbors. For linear projection, c is the number of clusters
used. For non-linear regression multi-network model, net is the number of hidden
networks, h is the number of hidden layers for each hidden network, and n is the
number of neurons per hidden layer.
By varying hyperparameters for classifiers, their influence on the algorithm’s
performance can be experimentally analyzed, and previously stated hypothesis’ can
be proven.
It can be answered whether clustering is important to linear projection and how
many clusters are required to optimize the performance of linear projection. In Section 4.3.2, it is observed that more than 15 clusters are needed to fully cluster the
subclass offsets. Therefore it is assumed that more than 15 clusters are needed to
achieve a good performance with linear projection.
Performance of the multi-network model should be correlated to the depth,
width and number of networks in the model. Existing work has already proven
that width and depth can increase the performance of networks given an appropriate amount of training data [48] [26]. Therefore the influence of the parameters h
and n are not further explored. The design decision to use multiple separate networks to compute the non-linear regression should be evaluated. This is done by
comparing three models with different numbers of hidden networks.

5.2

Datat

The Wikidata dump from 2016/11/07 [3] was used in the evaluation. The gold
standard is retrieved from the set of relevant classes (Section 3.3). A total of 178, 771
gold sample tuples (ti , Si ) was retrieved. 10, 000 or 10% of the samples are used for
testing, the 168, 771 remaining samples are used for training.
Figure 27 depicts the extraction of gold samples from the Wikidata taxonomy.
A subclass, e.g. province of Ireland (Q202156), and its direct superclasses are retrieved from Wikidata. The numeric item ids are extracted from these classes, e.g.
Q202156 7→ 202156, and yields the gold sample (202156, {3356092, 1620908, 34876}) ∈
G, where G is the set of all gold test samples.
The most frequent class in the training data set is badminton tournament (Q13357858).
This is consistent with the subclass-of offset analysis (Section 4.3.2), which has shown
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that offsets corresponding to badminton tournament are the most frequent offsets. The
baseline will therefore assign badminton tournament to all test samples based on the
training data.
A total of 109, 267, 818 triple sentences were extracted from the Wikidata dump
[3]. All entities, which have irrelevant properties, as defined in Section 3.3, were
excluded. All sentences representing test sample subclass-of relations were also
excluded. Figure 27 shows an example extraction of a gold standard tuple from
Wikidata.
Due to memory limitations, SGNS is only able to capture a certain vocabulary
size of 5, 000, 000 words. Less frequent words have therefore no embeddings. This
also affects a small number of relevant classes, which occur in the test samples.
Therefore only 8, 943 out of 10, 000 test samples can be used in the evaluation.

Figure 27: Example for creating a gold standard sample.

5.3

Results

The hybrid algorithms with the previously described parameters were executed.
The accuracies and average taxonomic overlaps are listed below in Table 3:
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algorithm
baseline
distknn (k = 5)
distknn (k = 10)
distknn (k = 15)
distknn (k = 20)
linproj (c = 1)
linproj (c = 25)
linproj (c = 50)
concatnn (net = 1, h = 3, n = 1200)
concatnn (net = 10, h = 3, n = 1200)
concatnn (net = 20, h = 3, n = 1200)

accuracy
8.8%
21.38%
22.26%
22.62%
22.83%
8.54%
11.90%
13.09%
18.75%
18.79%
18.92%

taxonomic overlap
31.26%
45.27%
46.17%
46.56%
47.10%
20.04%
26.68%
28.65%
34.23%
34.92%
36.46%

Table 3: Evaluation results for all hybrid algorithms. Best performing hybrid algorithm is highlighted.
Figure 28 displays the accuracy (green) and taxonomic overlap (blue) of the
best performing algorithm for each group with distinct classification component.
distknn(k = 20) is the best performing algorithm with an accuracy of 22.83% and
an overlap of 46.56%. distknn algorithms perform better than the regression-based
methods, linproj and concatnn. linproj(c = 50) is the best linear projection algorithm
with an accuracy of 13.09% and an overlap of 28.65%. concatnn(net = 20, h = 3, n =
1200) is the best multi-network model algorithm with an accuracy of 18.92% and an
overlap of 36.46%.

Figure 28: Comparison of best performing classifier of each method: distknn(k =
20), linproj(c = 50), concatnn(net = 20, h = 3, n = 1200)
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As stated in Section 5.1, accuracy and taxonomic overlap are to some degree correlated. For the baseline, taxonomic overlap equals ∼4 times the accuracy, while for
all other algorithms the taxonomic overlap equals ∼2 times the accuracy. Additionally, taxonomic overlap for linear projection algorithms is lower than the baseline.
This implies that the implemented algorithms tend to place an unknown class far
from its correct position, if a misclassification occurs. Observing the local taxonomic
overlaps between all prediction and gold standard pairs supports this hypothesis.
Figure 29 shows the local taxonomic overlap histogram for the best performing algorithms of each classification component and the baseline.

Figure 29: Comparison of local taxonomic overlaps for best performing classifier of each method. distknn = distknn(k = 20), linproj = linproj(c = 50),
concatnn=concatnn(net = 20, h = 3, n = 1200)
It can be seen that classes are either correctly classified and thereby have a local
taxonomic overlap of 1 or are completely misplaced and have a local taxonomic
overlap between 0 and 0.1. All methods are able to place ∼5% of classes very close
to the correct position in the case of misclassification, since the values in the bucket
of 0.9 to 1.0 are ∼5% higher than the corresponding accuracy for each algorithm.
Distance-based kNN is a superior classification component in comparison to the
regression-based methods. The regression task requires the prediction of multiple
targets, while kNN only has to predict a single target, which is the label. The corresponding label of the regression is the closest superclass embedding to the predicted
embedding. Intuitively, the regression-based algorithms have a higher complexity
and are therefore more susceptible to errors. For example, overfitting may occur for
the multiple regression, if not all values in the embedding are required to represent
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the target fully. The corresponding coefficients could in this case randomly affect
the target results, and thereby worsen the performance [24].
Because all evaluated algorithms ignore the taxonomy in the classification process, it is unsurprising that the taxonomic overlaps are low. Future algorithms
may use taxonomy-based classification approaches, which were mentioned in Section 2.7.2. Using these classifiers as classification components is likely to result in
higher taxonomic overlaps and may improve the accuracy.

5.4

Influence of hyperparameters on classification

Choosing good hyperparameters is critical for producing good embeddings with
SGNS [34]. Accordingly, choosing good hyperparameters may also be important in
the classification process. kNN and linear projection have one hyperparameter each,
k neighbors and c clusters. The performance (accuracy, taxonomic overlap) can be
defined as a function with a single hyperparameter as one-dimensional input, which
enables a relatively simple analysis of the influence of the hyperparameter. For the
multi-network model, the hyperparameter depth h, width n and number of networks net exist. Existing research already shows that increasing width and depth of
a network generally improves the performance of a model with diminishing returns
[48] [26]. For this reason, the evaluation only considers the number of networks as
a variable hyperparameter.
Distance-based kNN’s hyperparameter k is the number of nearest neighbors.
Increasing k shows only little improvements of accuracy and taxonomic overlap,
which is shown in Figure 30. Because class embeddings are very clustered as shown
in Section 4.3.2, an unknown class is likely to belong to a cluster. Increasing k would
either add classes of the same cluster to the neighbors, which does not change the
classification decision, or add classes from different distant clusters to the neighbors,
which would also not change the decision, because weights are distance-based.
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Figure 30: Comparison of kNN classifier with different neighbors k = 5, 10, 15, 20)
Number of clusters c is the hyperparameter for linear projection. Figure 31
shows the accuracy and taxonomic overlap for different cluster numbers c.

Figure 31: Comparison of linear projection classifier with different cluster counts
c = 1, 25, 50)
As previously predicted, increasing the number of clusters improves the performance of the algorithm. Linear projection with c = 1 performs worse than the
baseline algorithm, which implies that the subclass-of relation is not linear. This
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follows the argumentation by Fu et al. [19] and the observed clustering of subclass
offsets in Section 4.3.2.
The multi-network model has the hyperparameters depth h, width n, and number of networks net. Because the influence of the first two parameters is already
known [48] [26], only the influence of net is analyzed. Figure 32 shows the accuracy
and taxonomic overlap for different numbers of networks net.

Figure 32: Comparison of multi-network regression classifier with different network
counts c = 1, 10, 20)
Only a minuscule increase of 0.17% in accuracy can be observed for an increase
of networks from 1 to 20. The increase of the taxonomic overlap is comparably
higher with 2.23%. Increasing the number of networks has a very low payoff, as it
involves a linear increase in memory usage and training time for each added network, while almost no increase in performance occurs. A simple deep neural network (net = 1) achieves a performance very similar to a model consisting of 20 deep
networks. The proposed multi-network model can therefore be considered a failure,
since its drawbacks far outweigh its minor benefits.
In conclusion, only the linear projection gains relevant performance improvements with increasing values of its hyperparameter. Clustering enables the linear
projection to model the non-linear subclass-of relation more accurately. In contrast,
kNN and non-linear regression are already modeling non-linear functions, therefore
no such performance increase can exist for these classifiers.

5.5

Characteristics of correct and incorrect predictions

By analysing the characteristics of correctly and incorrectly labeled inputs, insight
may be gained on where the application of the developed method is useful. The
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predictions of the best performing algorithm distknn (k = 20) were analyzed for this
purpose. Significant differences between correctly and incorrectly labeled classes
can be observed in regards to the number and type of properties.
Correctly labeled classes have an average of ∼6.08 and a median of 5 properties, while incorrectly labeled classes have an average of ∼4.51 and a median of
4. Figure 33 and Figure 34 show the distribution of properties for both groups of
classes. For correctly labeled classes, it can be seen that ∼30% have 4 properties and
∼15% have 9 properties. In comparison, ∼50% of incorrectly labeled classes have
4 or less properties. A higher number of properties is directly related to the number of triple sentences, in which the class occurs. Thereby the embedding trained
on these triple embeddings can represent the corresponding class more effectively,
since more training data is available.

Figure 33: Percentage of correctly labeled classes with specific amount of unique
properties (2016/11/07)
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Figure 34: Percentage of incorrectly labeled classes with specific amount of unique
properties (2016/11/07)
Analysis of the properties, which occur with high frequency in the correctly labeled classes, shows that subgroups of classes exist, for which the algorithm generates good results. Figure 35 and Figure 36 show the frequency of properties of correctly and incorrectly labeled classes respectively. Other than the subclass of (P279)
and instance of (P31) properties, the two groups do not share significant common
properties. The temporal properties follows (P155), point in time (P585), . . . indicate
events, which in combination with the sport (P17) properties, implies that sport
events are a group of classes, which are predicted correctly with high likelihood.
This agrees with the results about subclass-of offset clusters (Section 4.3.2) and the
labeling choice of the most-frequent baseline classifier. Both results show that sport
events belong to the most frequent group of classes in the dataset with an ∼8%
share. Another frequent property is country (P17), events have this property, but
other classes such as wines, Alcalde, and ambassadors, which are also relatively
common classes (as shown in Section 4.3.2), may also have this property. For incorrectly labeled classes, no such observations about very frequent properties can
be made. The most common properties, ignoring subclass of (P279) and instance
of (P31), are Freebase ID (P646), Commons category (P373), and topic’s main category
(P910), which do not give any information about the type of classes, which are labeled incorrectly.
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Figure 35: Frequency of properties in correctly labeled classes (2016/11/07).

Figure 36: Frequency of properties in incorrectly labeled classes (2016/11/07).
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It is concluded, that the algorithm performs well for classes with 4 or more properties and which have other related classes with shared properties. Such classes
occur more often in the training data set, thereby allowing SGNS to create more
effective embeddings [50].

5.6

Discussion

The problem of classification with a very high number of labels (> 100, 000) is very
difficult. Comparable state-of-the-art methods were not found at the time of writing.
Therefore the trivial most-frequent classifier was used as baseline. The executed
evaluation is able to at show, whether the proposed solutions are able to support
users in enriching Wikidata’s taxonomy and which of the implemented algorithms
should be used in practical application.
With an accuracy of 22.83% in testing, distknn(k = 20) is able to correctly predict
the superclass of an orphan class in approximately 1 out of 4 cases. distknn(k = 20)
outperforms the baseline by 14.03%. Based on these results, it is concluded that
the proposed solutions are able to support a user in enriching Wikidata’s taxonomy
by providing suggestions for given orphan classes and if a practical application is
implemented to provide such suggestions distknn(k = 20) should be used, as it is
the best performing algorithm.
The following problems could be identified, which future work could attempt to
solve.
The implemented linear projection classifier is flawed. Because subclass-superclass
pairs are clustered by subclasses and each subclass may have multiple superclasses,
different types of subclass-of relations are grouped into one cluster. This leads to
problems in training the corresponding projection, since dissimilar offsets have to
represented by a single projection and therefore the projection cannot converge to an
optimal solution. In the context of this thesis, I decided to solve this by ignoring additional superclasses in the training data. Instead clustering by subclass-of offsets,
as suggested by Fu et al. [19], could provide better results, if an effective method for
identifying the correct cluster for an unknown class can be found. Since subclassof clusters are related to single topics as shown in Section 4.3.2, it may be feasible
to identify the correct cluster for an unknown class by analyzing its properties and
matching it to the most common properties in a subclass-of cluster.
A classification problem with over 100k labels is difficult to solve. Approaches
in reducing the number of possible superclasses should be considered. Most classes
have a distance of 6 to 10 to the root class (Section 3.1), therefore it may be applicable
to only consider classes with distance 5 to 9 as superclasses. A topic-based reduction of possible superclasses may have benefits, since classes with similar topics are
closely related in the taxonomy, it may be sensible to only observe a certain excerpt
of the taxonomy for each classification decision. This approach would however require a method of clustering the taxonomy into topic-based subgraphs.
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6

Conclusion and future work

In this thesis, hybrid algorithms using neural word embeddings for taxonomy enrichment were developed. Algorithms were developed in consideration of the Wikidata knowledge base as use case. Because Wikidata is mainly curated and extended
by users, the developed algorithms should be able to support Wikidata users in the
taxonomy enrichment task by suggesting super classes for orphan classes, thereby
adding new taxonomic relations to Wikidata’s taxonomy. The work consists of two
main results: An analysis of Wikidata’s taxonomy and hybrid algorithms for taxonomy enrichment on a real data set extracted from Wikidata.
Insights for possible future work with Wikidata was gained. Automated mapping of other specialized knowledge bases like the Entrez Gene knowledge base [40],
which contains information about fully sequenced genomes, skews the distribution
of classes. Classes, which are relevant to human editors, have a low share of ∼15%
in the taxonomy. Future work on Wikidata should therefore consider removing every entitity, which has undesirable properties, as a measure for improving validity
of evaluation results. An incomplete list of undesirable properties in regards to
Wikidata’s taxonomy is given in Section 3.3. The taxonomy is in a good state, since
most classes (∼97%) are in the root taxonomy. Additionally, it can be argued that
the constant curation by human editors improves the quality of content in Wikidata.
Therefore using Wikidata’s taxonomy as an easy to retrieve gold standard may be
applicable for future work.
The enrichment task was modeled as a classification task with over 100, 000 labels. The taxonomy was enriched by adding new subclass-of relations between orphan classes and classes in the root taxonomy. The developed hybrid algorithm
consisted of three sequential components. SequenceGen, which generates word
sequences given a data source, e.g. Wikidata. A Word2Vec neural network [41],
specifically SGNS, is trained on the SequenceGen output to produce embeddings
for all relevant classes. Finally, a classification component, trained on subclasssuperclass pairs, exploits the characteristics of word embeddings to classify orphan
classes. Distance-based kNN, linear projection, and non-linear regression multinetwork model were implemented as classification components. Linear projection
and multi-network model are regression-based approaches, which predict the superclass embedding instead of the label.
Evaluation has shown that kNN outperforms the other classifiers, which are
non-linear regression via neural networks and linear projection. Distance-based
kNN with 20 neighbors achieves an accuracy of 22.83%. Further analysis has shown
that the algorithm performs well for classes, which are well described and which
have related classes. Thereby classes with more frequent properties, such as sport
(P17) and country (P17), can be accurately predicted. Therefore it can be concluded
that the hybrid algorithm can support Wikidata users in orphan class labeling for
classes, which have frequently occurring properties.
The use of word embeddings in ontology learning is promising. Subclass-of re-
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lations in a taxonomy can be represented by embedding offsets. Different types of
subclass-of relations, which are topically related, exist in Wikidata’s taxonomy. The
successful use of kNN also shows that embeddings effectively represent classes,
since similar classes were grouped close together. Further exploration on how embeddings can represent entities in knowledge bases could be beneficial. For example, the thesis’ approach could be adjusted for the classification of instances and
other relations, e.g. occupation (P106). This would be done by replacing the subclasssuperclass pairs by e.g. instance-class pairs for instance of (P31) or person-job pairs
for occupation (P106). Word embeddings abstract from the actual implementation of
data in the knowledge base. Entities are replaced by corresponding word embeddings, thereby allowing the exploitation of a wide range of general purpose algorithms. As shown in this work, abstraction via embeddings allows the application
of classification methods, such as kNN, linear regressions, and neural networks.
Different data sources can also be exploited with word embeddings. This requires
an existing mapping between Wikidata’s ontology and the ontology of other knowledge bases or a mapping between Wikidata IDs and words in natural text.
Ontology learning can benefit from using word embeddings, because they are
able to effectively represent entities. This abstraction opens ontology learning to an
existing wide range of methods, which operate on vectors, such as neural networks,
regression methods and general classifiers. Insights on the usage of Wikidata for
ontology learning were gained. Wikidata has a high degree of completeness in regards to connectedness, as only ∼3% are not connected to the root taxonomy. Due
to automated mapping of specialized knowledge bases, only a small percentage of
classes can be considered as relevant for the Wikidata taxonomy.
Future work in regards to improving the algorithm for the given classification
task could entail multiple venues, such as improving the generation of input sequences for SGNS or other neural networks, applying other networks for word embeddings, and usage of taxonomy-based classification algorithms.
Sequences were generated by directly translating Wikidata statements into triple
sentences. Other more complex approaches may provide better training data for
more effective word embeddings. Creating sequences with random graphs walks
was motivated in the thesis, but preliminary experimentation with graph walk sentences produced unexpected, bad results. Other research, such as Ristoski and Paulheim [50], provides contradictory results. Ristoski and Paulheim [50] shows that
embeddings generated with graph walks produces higher quality embeddings than
triple sentences. Assuming the implementation was not at fault for the experienced
failure, further experiments and analysis may answer, why graph walk sentences
failed in the taxonomy enrichment task.
Replacing the SGNS model with another model for word embeddings may also
improve the performance of the hybrid algorithms. Recurrent or deep neural networks could provide more effective embeddings [7] [27]. Deep neural graph embeddings may either replace or enrich the word embeddings generated by other models
[9].

63

All developed hybrid algorithms were performing badly in regards to taxonomic
overlap. Improving the taxonomic overlap may also improve the accuracy. Using
taxonomy-based classifiers as classification component is likely to result in higher
taxonomic overlaps, since the current algorithms disregard the taxonomy.
In conclusion, the representation of ontological classes and instances is an interesting and promising approach, which enables the application of a variety of
existing general purpose algorithms. Further research in the capabilities of word
embeddings in ontology learning is recommended. Wikidata’s data is freely available, represents a general ontology, and is of good quality, due to human curation,
therefore it is well suited as use case for ontology learning. However, filtering of
the dataset is necessary to remove automatically added, domain-specific knowledge
from third-party KBs, which is irrelevant to most real life applications of ontology
learning.
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Appendices
A

Appendix: Graphs

Definition 11 (Directed graph). A directed graph G is an ordered pair G = (V, E),
where V is a set of vertices, and E = {(v1 , v2 ) | v1 , v2 ∈ V } is a set of ordered pairs
called directed edges, connecting the the vertices.
Definition 12 (Subgraph). Let G = (V, E) and H = (W, F ) be directed graphs. H is
called subgraph of G, if W ⊆ V and F ⊆ E.
Definition 13 (Predecessor). Let G = (V, E) be a directed graph. v1 ∈ V is a predecessor of v2 ∈ V , if there exists an edge so that (v1 , v2 ) ∈ E. Let v ∈ V be a vertice of
G, then pred G (v) = {w | (w, v) ∈ E} is the set of predecessors of v.
Definition 14 (Successor). v1 ∈ V is a successor of v2 ∈ V , if there exists an edge so
that (v2 , v1 ) ∈ E. Let v ∈ V be a vertice of G, then succ G (v) = {w | (v, w) ∈ E} is the
set of successors of v.
Definition 15 (Walk). Let G = (V, E) be a directed graph. A walk W of length n ∈ N
is a sequence of vertices W = (v1 , . . . , vn ) with v1 , . . . , vn ∈ V , so that (vi , vi+1 ) ∈
E ∀i = 1, . . . , n − 1.
Definition 16 (Connected (Vertice)). Let G = (V, E) be a directed graph. Vertices
u, v ∈ V are connected, if u = v, or u 6= v and there is walk between u and v or v
and u.
Definition 17 (Connected (Directed graph)). Let G be a directed graph. G is connected, if every pair of vertices in G are connected.
Definition 18 (Cycle). A walk W = (v1 , . . . , vn ) of length n is called a cycle, if v1 =
vn .
Definition 19 (Directed acyclic graph). A directed graph G is called directed acyclic
graph, if there are no cycles in G.
Definition 20 (Directed weighted graph). A directed weighted graph G is an ordered pair G = (V, E), where V is a set of vertices, and E = {(v1 , v2 , ev1 v2 ) | v1 , v2 ∈
V }, where ev1 v2 is the edge weight between the vertices v1 and v2 .

B

Appendix: Source code

Source code is available under https://github.com/AlexBaier/bachelorthesis.
Code is written in Python3. Used third party libraries are listed in requirements.txt.
Each module refers to a specific chapter, as follows:
• Taxonomy analysis (see Chapter 3) is implemented in data_analysis.
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• Algorithm components (see Chapter 4) is implemented in algorithm.
• Execution and evaluation of algorithms (see Chapter 5) is implemented in evaluation.
• Scripts, which are used to execute the above functionality is placed in scripts.
Input and output of scripts is configured in paths_config.json. Hyperparameters and
combinations of hybrid algorithms are configured in in algorithm_config.json.
The list of irrelevant properties as defined in Section 3.3 is stored under irrelevant_properties.txt.
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