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Abstract. One of the key requirements to facilitate the semantic analytics of information regarding contemporary and historical
events on the Web, in the news and in social media is the availability of reference knowledge repositories containing compre-
hensive representations of events, entities and temporal relations. Existing knowledge graphs, with popular examples including
DBpedia, YAGO and Wikidata, focus mostly on entity-centric information and are insufficient in terms of their coverage and
completeness with respect to events and temporal relations. In this article we address this limitation, formalize the concept of a
temporal knowledge graph and present its instantiation - EventKG. EventKG is a multilingual event-centric temporal knowledge
graph that incorporates over 690 thousand contemporary and historical events and over 2.3 million temporal relations extracted
from several large-scale knowledge graphs and semi-structured sources and makes them available through a canonical RDF rep-
resentation. Whereas popular entities often possess hundreds of relations within a temporal knowledge graph such as EventKG,
generating a concise overview of the most important temporal relations for a given entity is a challenging task. In this article
we demonstrate an application of EventKG to biographical timeline generation, where we adopt a distant supervision method to
identify relations most relevant for an entity biography. Our evaluation results provide insights in the characteristics of EventKG
and demonstrate the effectiveness of the proposed biographical timeline generation method.
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1. Introduction ing language-specific and community-specific views
on historical and contemporary events (examples of

Motivation: The amount of event-centric informa- such studies can be seen in [4, 5]). Furthermore, event-
tion regarding contemporary and historical events of centric knowledge graphs can facilitate the reconstruc-
global importance, such as the US elections, the 2018 tion of histories as well as networks of people and
Winter Olympics and the Syrian Civil War, constantly organizations over time [6]. One of the pivotal pre-
grows on the Web, in the news sources and within so- requisites to facilitate effective analytics of contempo-
cial media. Efficiently accessing and analyzing large- rary and historical events is the availability of know-

ledge repositories providing reference information re-

scale event-centric and temporal information is cru- - ¢ - ’
garding events, involved entities and their temporal re-

cial for a variety of real-world applications in the ) ) X ] ; )
fields of Semantic Web, NLP and Digital Humani- lations (i.e. relations valid over a time period).

ties. In Semantic Web and NLP, these applications Limitations of the existing sources of event-centric
include timeline generation [1, 2] and Question An- and temporal information: Currently, event represen-

swering [3]. In Digital Humanities, multilingual event tations and tempora% relations are spread across hetero-
Lo o . geneous sources. First, large-scale knowledge graphs
repositories can facilitate cross-cultural studies analyz-

(KGs) (i.e. graph-based knowledge repositories [7]
such as Wikidata [8], DBpedia [9], and YAGO [10])
*Corresponding author. E-mail: demidova@L3S.de. typically focus on entity-centric knowledge. Event-
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centric information included in these sources is often
not clearly identified as such, can be incomplete and
is mostly restricted to named events and encyclopedic
knowledge. For example, as discussed later in Section
6.1, out of 322, 669 events included in EventKG, only
18.70% are classified using the dbo:Event class in the
English DBpedia. Furthermore, event descriptions in
the existing knowledge graphs often lack the key pro-
perties such as times and locations. For example, cur-
rently only 33% of the events in Wikidata provide tem-
poral and 11.70% spatial information. Second, a vari-
ety of manually curated semi-structured sources (e.g.
the Wikipedia Current Events Portal (WCEP) [11] and
multilingual Wikipedia event lists) contain informa-
tion on contemporary events. However, the lack of
structured representations of events and temporal rela-
tions in these sources hinders their direct use in real-
world applications, e.g. through semantic technolo-
gies. Third, recently proposed knowledge graphs con-
taining contemporary events extracted from unstruc-
tured news sources (such as [6]) are potentially highly
noisy (e.g. [6] reports an extraction accuracy of 0.55)
and are not yet widely adopted. Overall, a compre-
hensive integrated view on contemporary and histori-
cal events and their temporal relations is still missing.
The provision of a temporal knowledge graph such as
EventKG will help to overcome these limitations.

A temporal knowledge graph & EventKG: In this
article we formalize the concept of a temporal know-
ledge graph that interconnects real-world entities and
events using temporal relations. Furthermore, we
present an instantiation of a temporal knowledge graph
- an EventKG knowledge graph. EventKG takes an
important step to facilitate a global view on events
and temporal relations currently spread across entity-
centric knowledge graphs and manually curated semi-
structured sources. EventKG extracts and integrates
this knowledge in an efficient light-weight fashion,
enriches it with additional features such as indica-
tions of relation strengths and event popularity, adds
provenance information and makes all this informa-
tion available through a canonical RDF representa-
tion. Through the light-weight integration and fusion
of event-centric and temporal information from dif-
ferent sources, EventKG enables to increase coverage
and completeness of this information. For example,
EventKG increases the coverage of locations and dates
for Wikidata events it contains by 14.43% and 17.82%,
correspondingly (see Table 9 in Section 6.1 for more
detail). Furthermore, relation strengths and event po-
pularity provided by EventKG are the characteristics

that gain the key relevance given the rapidly increasing
amount of event-centric and temporal data on the Web
and the resulting information overload.

EventKG was first introduced in [12]. Compared to
[12], in this article we formally introduce the concept
of a temporal knowledge graph, provide more details
on the algorithms adopted for the EventKG generation
and the corresponding evaluation results. Furthermore,
we present a distant supervision method that facilitates
a novel application of a temporal knowledge graph to
biographical timeline generation. We make EventKG,
including the dataset, a SPARQL endpoint, the code
and evaluation data, as well as the benchmarks created
for the biographical timeline generation available on-
line!.

Generation of Biographical Timelines using a Tem-
poral Knowledge Graph: A popular entity such as
an influential person, a city or a large organization
can impose hundreds of temporal relations within a
temporal knowledge graph. For example, the entity
Barack Obama possesses 2, 608 temporal relations in
EventKG. Identifying the most important temporal re-
lations within the temporal knowledge graph to pro-
vide a concise overview for a given entity becomes a
challenging task in these settings.

Timelines are an effective method to provide a vi-
sual overview of entity-centric temporal information,
such as temporal relations in a knowledge graph [1].
In particular, biographical timelines describe signifi-
cant happenings in a person’s life and typically include
events of major relevance from the personal perspec-
tive such as birth, education, career, etc. Figure 1 il-
lustrates a biographical timeline for Barack Obama,
which includes places where Barack Obama lived (first
Chicago and then the White House), important events
he was involved in (e.g. the Iraq War) and the major
political positions he held (e.g. the President of the
United States). This timeline also indicates the tempo-
ral validity of these relations.

In this article we present an approach for the gen-
eration of entity-centric biographical timelines from a
temporal knowledge graph. To generate biographical
timelines, we propose a distant supervision method,
where we train the relevance model using exter-
nal sources containing biographical and encyclopedic
texts. With that model, we extract the most relevant
biographical data from the temporal knowledge graph
concisely describing a person’s life, while using fea-

Thttp://eventkg.13s.uni-hannover.de/
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Figure 1. Excerpt of an example timeline for Barack Obama, learned from Wikipedia abstracts of other entities.

tures such as relation strength and event popularity in-
formation contained in EventKG, as well as predicate
labels. The results of our user evaluation demonstrate
that this approach is able to generate high quality bio-
graphical timelines while significantly outperforming
a state-of-the-art baseline for timeline generation: our
timelines were preferred over the baseline’s timelines
in approx. 68% of the cases.

Overall, our contributions in this article are as fol-
lows:

1 We formally define the concept of a temporal
knowledge graph T KG that incorporates entities,
events and temporal relations.

2 We present an instantiation of TKG: EventKG
- a multilingual RDF knowledge graph that in-
corporates over 690 thousand events and over
2.3 million temporal relations in V1.1. We pro-
vide insights in the extraction and fusion meth-
ods adopted to generate the EventKG knowledge
graph and their quality.

3 We define the problem of biographical timeline
generation from a temporal knowledge graph and
present our method based on distant supervision.

4 We demonstrate the effectiveness of the proposed
timeline generation method in a user study.

The remainder of this article is organized as follows:
First, in Section 2 we motivate the need for a temporal
knowledge graph and introduce a running example. In
Section 3, we formally define the concepts of a tem-

poral knowledge graph and a biographical timeline.
Then, in Section 4, we describe the EventKG know-
ledge graph, including its RDF datamodel and the ex-
traction pipeline. Our approach towards biographical
timeline generation is presented in Section 5. In Sec-
tion 6, we provide statistics and evaluation results of
the data contained in EventKG, followed by the expe-
rimental setup and evaluation of the biographical time-
lines generated with our approach in Section 7. Related
work is discussed in Section 8. Finally, we discuss our
findings and provide a conclusion in Section 9.

2. Motivation

Our society faces an unprecedented number of
events that impact multiple communities across lan-
guage and community borders. In this context, effi-
cient access to event-centric multilingual information
originating from different sources, as facilitated by
EventKG, is of utmost importance for several scientific
communities, including Semantic Web, NLP and Dig-
ital Humanities and a variety of applications, includ-
ing timeline generation, question answering, as well
as cross-cultural and cross-lingual event-centric analy-
tics.

Timeline generation is an active research area [1, 2],
where the focus is to generate a timeline (i.e. a chrono-
logically ordered selection) of events and temporal re-
lations for entities from a knowledge graph. In this ar-
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Table 1

All events connected with Barack Obama in EventKG that started between November 4 and November 16, 2011.

Start Date H Sources Description
Nov 4 YAGO, Wikidata, DBpediagn, | 2011 G20 Cannes summit
DBpediapr, DBpediary
Nov 11 YAGO, Wikidata, DBpediagn 2011 White House shooting
Nov 16 Wikipediagn The President of the United States Barack Obama visits Australia
to commemorate the 60th anniversary of the ANZUS alliance.
Table 2
Most linked events in the English (EN) and the Russian (RU) Wikipedia.
| Rank [[  Event (EN) #Links (EN) Event (RU) #Links (RU)

1 ‘World War I1 189,716 ‘World War II 25,295

2 World War I 99,079 World War I 22,038

3 American Civil War 37,672 October Revolution 7,533

4 FA Cup 20,640 Russian Civil War 7,093

Table 3
Top-4 persons mentioned jointly with the financial crisis (2007-2008) per language.
| Rank || EN FR DE RU PT

1 Barack Obama Kevin Rudd Barack Obama Michael Moore Barack Obama
2 George W. Bush | John Howard Geir Haarde Roman Abramovich | José Sdcrates
3 Joseph Stiglitz Don Cheadle George W. Bush Adam McKay Pope Benedict XVI
4 Ben Bernanke Ben Bernanke | Wolfgang Schiuble | Mikhail Prokhorov Gordon Brown

ticle we focus on the application of EventKG to the
automated generation of timelines representing peo-
ple biographies, where relevant events and relations
of a timeline entity (i.e. an entity of user interest) are
identified based on a model trained using a distant su-
pervision approach. In this task, information regard-
ing event popularity and relation strength available in
EventKG in a combination with a benchmark extracted
from external biographical sources can enable the se-
lection of the most relevant timeline entries (i.e. tem-
poral relations of the timeline entity).

EventKG facilitates the generation of detailed time-
lines containing complementary information originat-
ing from different sources, potentially resulting in
more complete timelines and event representations.
For example, Table 1 illustrates an excerpt from the
timeline for the query “What were the events related
to Barack Obama between November 4 and Novem-
ber 16, 2011?” generated using EventKG. The last
event in the timeline in Table 1 about Obama vis-
iting Australia extracted from an English Wikipedia
event list (“2011 in Australia”) is not contained in any
of the reference knowledge graphs used to populate
EventKG (Wikidata, DBpedia, and YAGO). The re-

ference sources of the other two events include com-
plementary information. For example, while the “2011
White House shooting” is assigned a start date in Wiki-
data, it is not connected to Barack Obama in that
source.

As for cross-cultural and cross-lingual analytics, the
event popularity and relation strength between events
and entities varies across different cultural and linguis-
tic contexts. For example, Table 2 presents the top-4
most popular events in the English vs. the Russian Wi-
kipedia language editions as measured by how often
these events are referred, i.e. linked to in the respective
Wikipedia language edition. Whereas both Wikipe-
dia language editions mention events of global impor-
tance, here the two World Wars, most frequently, the
other most popular events (e.g. “October Revolution”
and “American Civil War”) are language-specific. The
relation strength between events and entities in spe-
cific language contexts can be inferred by counting
their joint mentions in Wikipedia. For example, Table
3 lists the persons most related to the financial crisis
in the years 2007 and 2008 in different Wikipedia lan-
guage editions. With the provision of EventKG, it be-
comes possible to answer questions, such as “Which
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events related to Bill Clinton happened in Washington
in 1980?” and “What are the most important events
related to Syrian Civil War that took place in Aleppo?”
that are of interest for cross-cultural and cross-lingual
event-centric analytics (e.g. illustrated in [13], [5])
and question answering applications [3, 14, 15]. An
EventKG application to cross-lingual timeline gener-
ation was presented in [2]. In this context, EventKG-
empowered interfaces can be used as a starting point to
identify events controversial in their cross-cultural as-
pects. Such events can then be analyzed in more detail
using tools such as MultiWiki [16].

2.1. Running Example: A Biographical Timeline of
Barack Obama

As a running example throughout this article, we
will use the task of biographical timeline generation
for the entity Barack Obama. First, we will illustrate
the heterogeneity of data about Barack Obama avail-
able in the reference knowledge graphs used to popu-
late EventKG (Wikidata, DBpedia, YAGO and Wiki-
pedia), and the extraction and integration of this data
into a canonical RDF representation in EventKG. As
mentioned above, this process leads to 2, 608 temporal
relations involving Barack Obama. In order to gene-
rate a biographical timeline of Obama, the relevance of
these relations to his biography needs to be assessed.
We will describe the distant supervision approach and
the features adopted to this task, which finally leads to
the timeline depicted in Figure 1.

3. A Temporal Knowledge Graph and a
Biographical Timeline

A temporal knowledge graph TKG connects real-
world entities and events using temporal relations, i.e.
relations valid over a time period.

Definition 1. A temporal knowledge graph TKG : (
E, R, ) is a directed multigraph. The nodes in E, =
E UV are temporal entities, where E is a set of real-
world entities and V is a set of real-world events. The
directed edges in R, represent temporal relations of the
temporal entities in E,.

A temporal entity e € E represents a real-world en-
tity such as a person, a location, an organization or a
concept. A temporal entity e € V represents a real-
world historical or contemporary event. Examples of
events include cultural, sporting or political happen-

ings. The temporal entities in TKG are characterized
through their existence time (for real-world entities) or
happening time (for events).

Definition 2. A temporal entity e € E; represents a
real-world entity or event. e is annotated with a tuple (
Curis €rime ), Where ey,; is the unique entity identifier and
rime = |€start> €ena| denotes the existence time of the
entity (for e € E) or the happening time of the event
(fore V).

A temporal entity e € E; can be assigned further
properties, such as an entity type, a label and a textual
description.

A temporal relation is a binary relation of the tem-
poral entities valid over a certain period of time. More
formally:

Definition 3. A temporal relation r € R, represents
a binary relation between two temporal entities. r is
annotated with a tuple (Fyi, Tiime, €i, €j), Where ry,; is
a unique relation identifier, e; and e; are the tempo-
ral entities participating in the relation r and Ve =
[starts Fena) denotes the validity time interval of the tem-
poral relation.

The relation identifier r,,; reflects the semantics of
the temporal relation and is typically specified as a vo-
cabulary term.

Given a temporal knowledge graph TKG : (E,, R,),
we denote the temporal entity of user interest e € E;
for which the biographical timeline is generated as a
timeline entity.

A biographical timeline is a chronological list of
temporal relations involving the timeline entity and
relevant to that entity’s biography.

Definition 4. A biographical timeline TL(e, bio) =
(r1,-..,74) of a timeline entity e is an ordered list of
timeline entries (i.e. temporal relations involving e),
where each timeline entry r; is relevant to the entity bi-
ography bio: Vr; € TL(e, bio) : relevance(e, r;, bio) =
1. The list of timeline entries in TL(e, bio) is ordered
by time: Vri,rj € TL(e,bio) : i < j & Ti, < P

An entity connected to e via a timeline entry r; is
referred to as a connected entity in the following.

4. EventKG Knowledge Graph

EventKG is a knowledge graph that instantiates the
temporal knowledge graph defined in Definition 1, and
at the same time facilitates the integration and fusion
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of a variety of heterogeneous event representations
and temporal relations extracted from several reference
sources:

A reference source is a source such as a knowledge
graph (e.g. Wikidata or YAGO) or a collection of texts
(e.g. the French Wikipedia) that is used to populate
EventKG.

In the following, we present the RDF data model
of EventKG in Section 4.1 and its transformation into
a TKG in Section 4.2. Following that we present the
EventKG generation pipeline in Section 4.3 and illus-
trate these steps with our running example of Barack
Obama in Section 4.4.

4.1. EventKG RDF Data Model

The goals of the EventKG RDF data model are to
facilitate a light-weight integration and fusion of he-
terogeneous event representations and temporal rela-
tions extracted from the reference sources, as well as
to make this information available to real-world appli-
cations through an RDF representation. The EventKG
data model is driven by the following objectives:

— Define the key properties of events through a
canonical representation.

— Represent temporal relations between events and
entities (including event-entity, entity-event and
entity-entity relations).

— Include information quantifying and further de-
scribing these relations.

— Represent relations between events (e.g. in the
context of event series).

— Support an efficient light-weight integration of
event representations and temporal relations orig-
inating from heterogeneous sources.

— Provide provenance for the information included
in EventKG.

EventKG schema and the Simple Event Model: In
EventKG, we build upon the Simple Event Model
(SEM) [17] as a basis to model events in RDF. SEM
is a flexible data model that provides a generic event-
centric framework. Within the EvenKG schema, we
adopt additional properties and classes to adequately
represent the information extracted from the reference
sources, to model temporal relations and event rela-
tions as well as to provide provenance information.
The schema of EventKG is presented in Figure 2 and
the used RDF namespaces are listed in Table 4.

Events and entities: SEM provides a generic event
representation including topical, geographical and

Table 4
All namespaces used in EventKG’s RDF model.

’ Namespace H URL
so: http://schema.org/
dbo: http://dbpedia.org/ontology/
rdf: http://www.w3.0rg/1999/02/22-rdf-syntax-ns#
rdfs: http://www.w3.0rg/2000/01/rdf-schema#
dcterms: http://purl.org/dc/terms/rdfs:
sem: http://semanticweb.cs.vu.nl/2009/11/sem/
eventKG-s: http://eventKG.13s.uni-hannover.de/schema/
eventKG-r: http://eventKG.13s.uni-hannover.de/resource/
eventKG-g: http://eventKG.13s.uni-hannover.de/graph/

temporal dimensions of an event, as well as links
to its actors (i.e. entities participating in the event).
Such resources are identified within the namespace
eventKG-r. Thus, the key classes of SEM and of the
EventKG schema are sem:Event representing events,
sem:Place representing locations and sem:Actor to
represent entities participating in events. Each of these
classes is a subclass of sem:Core, which is used to
represent all entities in the temporal knowledge graph.
(Note that entities in EventKG are not necessarily
actors in the events; temporal relations between two
entities are also possible). Events are connected to
their locations through the sem:hasPlace property. A
sem:Core instance can be assigned an existence time
denoted via sem:hasBeginTimeStamp and sem:-
hasEndTimeStamp. In addition to the SEM repre-
sentation, EventKG provides textual information re-
garding events and entities extracted from the refe-
rence sources including labels (rdfs:label), aliases
(dcterms:alternative) and descriptions of events
(dcterms:description).

The set of temporal relations in EventKG includes
event-entity, entity-event and entity-entity relations.
Temporal relations between events and entities typ-
ically connect an event and its actors (as in SEM).
A typical example of a temporal relation between
two entities is a marriage. Temporal relations be-
tween entities can also indirectly capture informa-
tion about events [6]. For example, the DBpedia pro-
perty http://dbpedia.org/property/acquired can
be used to represent an event of acquisition of one
company by another. Temporal relations in SEM are
limited to the situation where an actor plays a specific
role in the context of an event. This yields two lim-
itations: (i) there is no possibility to model temporal
relations between events and entities where the entity
acts as a subject. For example, it is not possible to di-
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rdf:Resource sem:hasBegin

TimeStamp

dcterms:alternative

dcterms:description

rdfs:label

sem:
hasSubEvent

dbo:

previousEvent dbo:nextEvent

sem:hasPlace

rdfs:label

sem:RoleType

A
sem:roleType

sem:hasBeginTimeStamp

sem:hasEnd sem:Role ) 3| Literal |
TimeStamp sem:hasEndTimeStamp

rdf:subject

eventKG-s:
Relation

rdf:object
eventKG-s:links

sem:Place )

so:containedInPlace

eventKG-s:mentions

Figure 2. The EventKG schema based on SEM. Arrows with an open head denote rdfs:subClassOf properties. Regular arrows visualize
the rdfs:domain and rdfs:range restrictions on properties. Terms from other reused vocabularies are colored green. Classes and properties

introduced in EventKG are colored orange.

rectly model the fact that “Barack Obama” participated
in the event “Second inauguration of Barack Obama”,
as the entity “Barack Obama” plays the subject role
in this relation; and (ii) a temporal relation between
two entities such as a marriage can not be modeled
directly. To overcome these limitations, EventKG in-
troduces the class eventKG-s:Relation that links two
sem:Core instances (each representing an event or an
entity). This relation can be annotated with a valid-
ity time and a property sem:RoleType that character-
izes the relation. This way, arbitrary temporal relations
between entity pairs or relations involving an entity
and an event can be represented. Figure 3 visualizes
the example mentioned above using the EventKG data
model.

Indirect temporal relations: The temporal validity of
arelation is not always explicitly provided, but can of-
ten be estimated based on the existence times of the
participating entities or events. For example, the va-
lidity of a “mother” relation can be determined using
the birth date of the child entity. Therefore, in addi-
tion to temporal relations with known validity times,
EventKG also includes temporal relations where the
validity time can be derived based on the existence
times of the participating entities or the happening time
of the event. In the following we refer to such temporal
relations as indirect temporal relations.

Other event and entity relations: Relations between
events (in particular sub-event, previous and next event
relations) play an important role in the context of
event series (e.g. "Summer Olympics"), seasons con-
taining a number of related events (e.g. in sports), or
events related to a certain topic (e.g. operations in a
military conflict). Sub-event relations are modeled us-
ing the so:hasSubEvent property. To interlink events
within an event series such as the sequence of Olympic
Games, the properties dbo:previousEvent and dbo:-
nextEvent are used. A location hierarchy is provided
through the property so:containedInPlace.

Towards measuring relation strength and event po-
pularity: Measuring relation strength between events
and entities and event popularity enables answering
question like “Who was the most important participant
of the event e?” or “What are the most popular events
related to e?”. We include two relevant factors in the
EventKG schema:

1. Links: This factor represents how often the de-
scription of one entity refers to another entity. Intu-
itively, this factor can be used to estimate the po-
pularity of the events and the strength of their re-
lations. In EventKG the links factor is represented
through the predicate eventKG-s:links in the domain
of eventKG-s:Relation. eventKG-s:links denotes
how often the Wikipedia article representing the rela-
tion subject links to the entity representing the object.
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rdf:type
eventKG-r: rdf:subject eventKG-r:
entity_11973762 eventkg_relation
_ 370140

rdfs:label sem:roleType
sem:hasBeginTimeStamp S
"Barack
Obama"@en 4 August 1961 Wdt:P793
S|gn|f‘ icant
event"@en

em: hasBeglnTlmeStamp

rdf:type "Second

rdf:object eventkKG-r: rdfs:label Inaugg;atlon
event_67844 Barack

Obama"@en

sem:hasEndTimeStamp

Ny

I 21 January2013 I I 21 January 2013 I

sem:roleType

sem:RoleType

Figure 3. Example of the event representing the participation of Barack Obama in his second inauguration as a US president in 2013 as modeled

in EventKG.

2. Mentions: eventKG-s:mentions represents the
number of relation mentions in external sources. In-
tuitively, this factor can be used to estimate the rela-
tion strength. In EventKG, eventKG-s:mentions de-
notes the number of sentences in Wikipedia that men-
tion both, the subject and the object of the relation.

Provenance information: EventKG provides the fol-
lowing provenance information: (i) provenance of the
individual resources; (ii) representation of the refe-
rence sources; and (iii) provenance of statements.

Provenance of the individual resources: EventKG
resources typically directly correspond to the events
and entities contained in the reference sources (e.g. an
entity representing Barack Obama in EventKG corre-

eventKG-g:dbpedia__pt dcterms:created "2016-
10-01"""xsd:date).

Provenance information of statements: A statement
in EventKG is represented as a quadruple, containing
a triple and a URI of the named graph it belongs to.
Through named graphs, EventKG offers an intuitive
way to retrieve information extracted from the individ-
ual reference sources using SPARQL queries.

4.2. EventKG as a Temporal Knowledge Graph
A named graph such as eventKG-g:event_ kg

can be transformed into a temporal knowledge graph
TKG : ( E;, R, ) as follows:

sponds to the DBpedia resource http://dbpedia.org/page/Barack _ Obama).

In this case, the owl:sameAs property is used to in-
terlink both resources. EventKG resources can also
be extracted from a resource collection. For example,
philosophy events in 2007 can be extracted from the
Wikipedia event list at https://en.wikipedia.org/wiki/
2007_in_philosophy. In this case, the EventKG pro-
perty eventKG-s:extractedFrom is utilized to es-
tablish the link between the EventKG resource and
the resource collection from which it was extracted.
Through the provenance URIs, background knowledge
contained in the reference sources can be accessed.
Representation of the reference sources: EventKG
and each of the reference sources are represented
through an instance of void:Dataset’. Such an in-
stance in the namespace eventKG-gincludes specific
properties of the source (e.g. its creation date as in:

2The VoID vocabulary https://www.w3.org/TR/void/.

— Each instance of sem:Core is a temporal entity
e € E, and each instance of sem:Event is an
eventv € V, such that E = E, \ V is the set rep-
resenting real-world entities.

— For each temporal entity ¢ = (eu, €ime) € Ers
e,ri 1s the instance’s EventKG URI, ey, is set ac-
cording to the sem:hasBeginTimeStamp value
assigned to that instance in the named graph and
eenq 18 set according to the sem:hasEndTime-
Stamp value, correspondingly.

— Each instance of eventKG-s:Relation that has
a start or end time in the named graph is trans-
formed into a temporal relation r = (ryi, Ftime> €i
e;) € R,, where r,,; is the instance’s EventKG
URI, ¢; is the entity connected to the eventKG-
s:Relation instance via rdf:subject, ¢; is the en-
tity connected via rdf:object and r,, is set ac-
cording to the connected sem:hasBeginTime-
Stamp and sem:hasEndTimeStamp relations.


https://en.wikipedia.org/wiki/2007_in_philosophy
https://en.wikipedia.org/wiki/2007_in_philosophy
https://www.w3.org/TR/void/
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— Each instance of eventKG-s:Relation that rep-
resents an indirect temporal relation is trans-
formed into a temporal relation r; = (¥, Ftime> €i
ej) € Ry, Tiime = €j,,,-

4.3. EventKG Generation Pipeline

The EventKG generation pipeline is shown in Fig-
ure 4.

Input: First, the dumps of the reference sources are
collected.

Identification and Extraction of Events: Event in-
stances are identified in the reference sources and ex-
tracted, as follows:

Step la: Identification and extraction of events.

— Wikidata [8]: We identify events as subclasses of
Wikidata’s “event” (temporary and scheduled events
like festivals or competitions) and “occurrence”
(happenings like wars or ceremonies). Some of the
identified subclasses are blacklisted manually (e.g.
the class “song” is blacklisted because of the sub
class hierarchy song > musical form > art form >
format > arrangement > act > process > occur-
rence).

— DBpedia [9]: For each language edition, we iden-
tify DBpedia events as instances of dbo:Event or
its subclasses.

- YAGO [10]: We do not use the YAGO ontology for
event identification due to the noisy event subcate-
gories (e.g. event > act > activity > protection
> self-defense > martial__art). YAGO events are
identified later in Step Ib.

— Wikipedia Event Lists: For each language, we ex-
tract events from the Wikipedia event lists whose ti-
tles contain temporal expressions, such as “2007 in
Science” and “August 117, using methods similar to
[18].

— WCEP: In the Wikipedia Current Events Portal,
events are represented through rather brief textual
descriptions and refer to daily happenings. We ex-
tract WCEP events using WikiTimes [11].

Step Ib: Using additional event identification heuris-
tics to increase recall. First, we propagate the informa-
tion regarding the identified events across the reference
sources using existing owl:sameAs links. Second, we
use Wikipedia category names that match a manually
defined language-dependent regular expression (e.g.
English category names that end with “ events”) as an
indication that a KG entry linked to such an article is
an event.

Extraction of Event and Entity Relations: We ex-
tract the following types of relations: 1) Relations with
temporal validity are identified based on the availabil-
ity of temporal validity information. Temporal rela-
tions are extracted from YAGO and Wikidata. DBpe-
dia does not provide such information. 2) Relations
with indirect temporal information: we extract all re-
lations involving events as well as relations of enti-
ties with known existence time. 3) Other event and en-
tity relations: we use a manually defined mapping ta-
ble to identify predicates that represent event relations
in EventKG such as so:hasSubEvent (e.g. we map
Wikidata’s “part of” property (P361) to so:hasSub-
Event in cases where the property is used to connect
events), dbo:previousEvent and dbo:nextEvent as
well as so:containedInPlace to extract location hi-
erarchies. We extract information that quantifies rela-
tion strength and event popularity based on the Wiki-
pedia interlinking for each pair of interlinked entities
containing at least one event.

Integration: The statements extracted from the re-
ference sources are included in the named graphs,
each named graph corresponding to a reference source.
In addition, we create a named graph eventKG-
gevent _kg. Each sem:Event and sem:Core in-
stance in the eventKG-g:event__kg integrates event-
centric and entity-centric information from the re-
ference sources related to equivalent real-world in-
stances. For the instances extracted from the KGs,
known owl:sameAs links are used for integration.
Events extracted from the semi-structured sources are
integrated using a rule-based approach based on their
descriptions, times and links.

Fusion: In the fusion step, we aggregate tem-
poral, spatial and type information of eventKG-g:
event__kg events using a rule-based approach.

Time fusion: For each entity, event or relation with a
known existence or a validity time stamp, the time fu-
sion is conducted using the following rules: (i) ignore
the dates at the beginning or end of a time unit (e.g.
January, 1st), if alternative dates are available; (ii) ap-
ply a majority voting among the reference sources; (iii)
take the time stamp from the trusted source (in order:
Wikidata, DBpedia, Wikipedia, WCEP, YAGO).

Location fusion: For each event in eventKG-g:
event__kg, we take the union of its locations from
the different reference sources and exploit the so:con-
tainedInPlace relations to reduce this set to the mini-
mum (e.g. the set {Paris, France, Lyon} is reduced to
{Paris, Lyon}, while France can still be induced as a
location using so:containedInPlace transitively).
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Figure 4. The EventKG generation pipeline.

Type fusion: We provide rdf:type information ac-
cording to the DBpedia ontology (dbo), using types
and owl:sameAs links in the reference sources.

Output: Finally, extracted instances and relations are
represented in RDF according to the EventKG data
model (see Section 4.1). As described above, the in-
formation extracted from each reference source and
the results of the fusion step are provided in separate
named graphs.

4.4. Running Example: Barack Obama

Table 5 provides some exemplary data items involv-
ing Barack Obama extracted from Wikidata, YAGO
and different language editions of Wikipedia and DB-
pedia.

Identification and Extraction of Events. The first
data item is extracted from the English Wikipedia
event list in the article “2018 in the United States”.
The entities “first inauguration of Barack Obama”,
“United States presidential election, 2012” and “Death
of Osama bin Laden” are identified as events using the
class hierarchies in the reference sources. In this ex-
ample, Obama’s first inauguration is identified as an
event, because it is an instance of “United States pres-
idential inauguration”, which can be tracked back to
inauguration > key event > occurrence in Wiki-
data. Thus, the textual event from data item #1 and the
event “first inauguration of Barack Obama” are stored
as event instances with additional values such as a de-
scription for the former and a title for the latter event.

Extraction of Event and Entity Relations. Given the
set of events, we can now detect relations between
them and other entities. For example, the statement
that Barack Obama was involved in his own inaugura-
tion as US president is extracted from Wikidata. This
statement represents an indirect temporal relation, as
it alone does not provide the required temporal valid-
ity information, which needs to be extracted from a re-
lated fact about the event. Similarly, we can extract the
information that he was a candidate of the US elections
in 2012 from the French DBpedia.

With the help of Wikipedia links, we connect Barack
Obama to the death of Osama bin Laden (data item
#5). Given the relation ?relation that links to
Barack Obama as the subject and to the event “Death
of Osama bin Laden” as the object, the link informa-
tion is modeled as follows, using a named graph:

eventKG-g:wikipedia_pt {
?relation eventKG-s:1linksTo 1

Another type of information is coming from the
temporal relations between two temporal entities:
Here, the spouse relation between Barack and Michelle
Obama is directly assigned a temporal validity time by
Wikidata.

Integration. The entities “Election présidentielle
américaine de 2012” and “United States presidential
election, 2012,” are modeled as the same event re-
source in EventKG, using DBpedia’s owl:sameAs
link.

Fusion. There are two different dates provided for
the first inauguration of Barack Obama (data item #2).
While both dates are stored in EventKG together with
their provenance information (i.e. as named graphs for
Wikidata and YAGO), a single happening time for that
event is created with our rule-based fusion approach
(see Section 4.3). As the majority voting is not suf-
ficient here, we take the date from the higher trusted
source. In this case, Wikidata’s date (20 January 2009)
is selected for EventKG’s named graph.

With that time information, the indirect temporal re-
lation about Obama’s participation in his own inaugu-
ration can be transformed into the following temporal
relation in the TKG generated from the named graph
event _kg:

Barack Obama,

significant event:

first inauguration of Barack Obama
[2009-01-20,2009-01-20]1
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Table 5
Example data items about Barack Obama extracted from different reference sources.
Reference
# Data Item Related Data Items
Source
1 Wikipediagny | 8 May 2018: President Trump announces his intention | —
to withdraw the United States from the Iranian nuclear
agreement. In a statement, former U.S. President Barack
Obama calls the move "a serious mistake".
Wikidata: first inauguration of Barack Obama, point
in time, 20 January 2009
YAGQO: first inauguration of Barack Obama, was cre-
_ . . . ated on, 17 July 1981
2 Wikidata Barack Obama, significant event, first inauguration of . . . .
Barack Obama Wikidata: first inauguration of Barack Obama, in-
stance of, United States presidential inauguration
Wikidata: United States presidential inauguration,
subclass of*, occurrence
3 Wikidata Barack Obama, spouse, Michelle Obama .
start time: 3 October 1992
DBpediapgr: Election présidentielle américaine de
2012 owl:sameAs United States presidential election,
4 DBpediagr Barack Obama, prop-fr:candidat, Election présiden- | 2012
tielle américaine de 2012 Wikidata: United States presidential election, 2012,
point in time, 6 November 2012
5 Wikipediapr [The Portuguese Wikipedia page of Barack Obama links | Wikidata: Death of Osama bin Laden, point in time, 2
to the page “Death of Osama bin Laden” once.] May 2011

5. Generation of Biographical Timelines

In this section, we show how EventKG can be ap-
plied as a temporal knowledge graph for the task of
generating biographical timelines.

First, we present our approach based on distant su-
pervision in Section 5.1 and the features used in the
relevance model introduced in Section 5.2. Subse-
quently, we describe the benchmarks involved in our
process to generate biographical timelines in Section
5.3 and how the model is used to generate them (Sec-
tion 5.4). Finally, we illustrate these steps on our run-
ning example of Barack Obama’s timeline in Section
5.5.

5.1. Approach

Given a timeline entity e, the number of candidate
timeline entries (i.e. temporal relations involving e)
is potentially very large, especially for popular enti-
ties and a large-scale temporal knowledge graph. In
fact, for our set of popular persons described later in
Section 7.1, EventKG contains 272.75 temporal rela-
tions per person entity on average. In order to deter-
mine the relevance of a temporal relation to the time-
line entity we propose a classification approach using

distant supervision. The key idea of our approach is
to learn the relevance model for temporal relations us-
ing the occurrences of these relations extracted from
biographical sources. Examples of such biographical
sources include collections of biographical or ency-
clopedic articles. We adopt a distant supervision ap-
proach, i.e. we assume that the particular temporal re-
lation r is relevant for the entity’s biography if it oc-
curs in a known biographical source. An overview of
the training phase and the timeline generation is de-
picted in Figure 5, which illustrates the role of the
TKG, the biographical and reference sources and the
benchmark. Initially, we use the temporal knowledge
graph and a biographical source to create a benchmark.
This benchmark provides relevance judgments for can-
didate timeline entries. We train the prediction model
with features extracted for each candidate timeline en-
try. This includes type and interlinking information in-
cluded in the named graphs corresponding to the re-
ference sources of EventKG. If the user queries for a
timeline entity e, we collect its candidate timeline en-
tries R, from the TKG and identify the relevant ones
using the trained model.
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Figure 5. Creating a timeline for a timeline entity e, after training a model from a biographical source to predict the relevance of temporal

relations in the TKG for biographical timelines.
5.2. Relevance Model

In our approach we learn a classification model that
identifies the relevance of a temporal relation towards a
biography of a temporal entity e, i.e. a candidate time-
line entry. To learn the classification models, we adopt
a range of features in several categories reflecting the
characteristics of the timeline entity, the connected en-

¢’ in the context of the reference collections by using
linkage counts, similar to Thalhammer et al. [19].

CEF-M Connected entity mentions: The set of features,
each reflecting the number of mentions of the
connected entity ¢’ in a reference collection.

CEF-MR Connected entity mentions rank: For each refe-
rence collection, we rank the connected entities
by their number of mentions.

tity, the relation between these two entities and timeCEF-MRR Connected entity mentions relative rank: We nor-

information.

To exemplify the features described in the follow-
ing, we provide values and explanations for the can-
didate timeline entry about Barack Obama’s participa-
tion in his own second inauguration (see Figure 3) in
Table 6.

Timeline Entity Features

The timeline entity features (TEF) reflect the spe-
cific characteristics of the timeline entity e. These fea-
tures address the intuition that the relevance of the par-
ticular temporal relation r for a given timeline entity
e depends on the specific characteristics of e. For ex-
ample, winning an award may be more important for
athletes or actors than for politicians. Based on this in-
tuition, we introduce the timeline entity features:

TEF-C Timeline entity characteristics: A set of binary
features denoting if the entity is an instance of the
specific type (e.g. a politician or an actor).

Connected Entity Features

The connected entity features (CEF) take into ac-
count characteristics of the connected entity ¢’. In par-
ticular, we consider indications of the importance of

malize the CEF-MR rank by its maximal rank,
such that this relative rank is in [0, 1], where a
score of 0 denotes the entity that is linked most
frequently.

CEF-E Connected entity represents a real-world event:
A binary feature denoting whether the connected
entity is an event (i.e. ¢/ € V).

Features of Temporal Relations
The features of temporal relations (TRF) reflect the
specific characteristics of the temporal relation.

TRF-PI Property identifier: Temporal relations possess
property identifiers r,,; that express semantic re-
lations such as "spouse" or "acquired". Each pro-
perty identifier is modeled as a binary feature.

TRF-M Relation mentions: The number of co-mentions
of both entities involved in the temporal relation
in a reference collection.

TRF-MR Relation mentions rank: We rank the connected
entities by their numbers of co-mentions in a tem-
poral relation.

TRF-MRR Relation mentions relative rank: We normalize

the TRF-MR rank by its maximal rank, such that
this relative rank is in [0, 1], where a score of 0
denotes the most frequent co-mentions.
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Temporal Features

The temporal features (TF) reflect the relevance of
the temporal relations based on the time information.
This includes the temporal difference in the existence
time of the entities or happening times of the events
involved in the relation. For example, Barack Obama
gave a speech related to World War II - a historical
event finished before Obama’s birth date in 1961. Here,
the temporal difference in the existence times of both
entities can be an indication of the low relevance of
this speech for Obama’s biography. Therefore, we at-
tempt to learn to discard the temporal relations involv-
ing events that happened too early for the entity time-
line. This had been also observed by Althoff et al.
[1] who manually implemented a rule to discard too
early relations. Additionally to that, our temporal fea-
tures could help to learn whether some events may be
more relevant at specific stages of the entity’s life or
existence. Furthermore, temporal features include the
provenance of the temporal information by denoting
whether a relation was induced from an indirect tem-
poral relation or not.

To capture this intuition, we introduce the following
temporal features:

TF-TDS Temporal distance (start): The temporal distance

between the beginning of the existence times of
the timeline entity and the start of the relation’s
validity time eqr — Tstare-

TF-TDE Temporal distance (end): The same feature as TF-

TDS, but using the entity’s existence end time

€end — Vstart-

TF-TP Time provenance: This categorical feature speci-

fies the provenance of the relation validity time.
If the relation has initially been a temporal rela-
tion, the feature value is set to 3. If the temporal
validity was induced from an event’s happening
time (e; € V), then the feature value is set to 2; 1
otherwise (¢; € £').

5.3. Benchmarks for Distant Supervision

To facilitate supervised model training, we require a
benchmark that provides relevance judgments for tem-
poral relations. These judgments can be obtained from
the specific biographical source.

Definition 5. A benchmark B is a mapping of the form:
relevance(e;, rj, bio) — J,J € {0,1}, where e; is a
temporal entity, r; is a temporal relation involving e;
and J is a relevance judgment.

Given the large number of entities and temporal re-
lations in the existing knowledge graphs, manual re-
levance judgments appear infeasible. Therefore, we
adopt an automatic approach to benchmark generation.
We extract entities and temporal relations contained in
the biographical sources and map them to the temporal
relations in 7 KG using an automatic procedure involv-
ing source-specific heuristics (described later in Sec-
tion 7.1). Temporal relations extracted from the bio-
graphical sources are considered relevant.

Although the resulting benchmarks can potentially
contain noisy relevance judgments due to the auto-
matic extraction and mapping methods, our experi-
mental results demonstrate that these benchmarks,
used as a training set in a distant supervision method,
facilitate the generation of high quality timelines.

The benchmarks created in this work are publicly
available online®.

5.4. Model Training and Timeline Generation

We address the relevance estimation for a timeline
relation r with respect to the timeline entity e as a clas-
sification problem. For each biographical source BS,
we build a classification model using the features pre-
sented in Section 5.2 and a Support Vector Machine
(SVM) classifier. Our benchmark is equally divided
into a training and a test set of person entities, so that
the relevance judgments are obtained from the train-
ing set. We adopt a binary notion of relevance. The
datasets used as biographical sources to build the clas-
sification models are presented in Section 7.1.

We use the resulting classification model to build
a timeline TL(e, bio). Each candidate timeline entry
(i.e. a temporal relation involving the timeline entity
e in TKG) is classified using the classification models
learned from a biographical source. The classification
function relevance(e, r, bio) uses this model to classify
the temporal relations of the timeline entity e as either
0 (non-relevant) or 1 (relevant). As seen in Figure 5,
the timeline is generated by ordering the timeline en-
tries classified as relevant by their start time.

5.5. Running Example: Barack Obama

As shown in Section 4.4, EventKG contains many
relations involving Barack Obama. In order to create a
timeline of his life, we collect all relations with Obama
as a subject or an object, together with their temporal

3http://eventkg.13s.uni-hannover.de/timelines.html
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Table 6

Selected feature values for the candidate timeline entry “’Barack Obama, significant event, Second inauguration of Barack Obama” for the
timeline entity “Barack Obama”.

Feature
Feature Value Note
Instance
Politician 1 | Barack Obama is an instance of dbo:Politician.
TEF-C President 1 | Barack Obama is an instance of dbo:President.
Scientist 0 | Barack Obama is not an instance of dbo:Scientist.
CEF-M CEF-MEgN 84 | The inauguration is linked 84 times in the English Wikipedia.
CEF-MR CEF-MRgN 361 | Among all entities connected to Obama in the English Wikipedia, the inauguration is
linked the 361st most times.
CEF-MRR | CEF-MRgn 0.817 | Among all entities connected to Obama in the English Wikipedia, there are 442 different
CEF-MREy scores, such that inauguration’s relative rank is % ~ 0.817.
CEF-E CEF-E 1 | The inauguration is an instance of sem:Event.
TRE-PI wd:significantEvent 1 | Obama is connected to the inauguration through Wikidata’s “significant event” property.
wd:spouse 0 | Barack Obama is not connected to the inauguration through Wikidata’s “spouse” property.
TRF-M TRF-Mpt 4 | In the Portuguese Wikipedia, there are 4 sentences mentioning both Barack Obama and
the inauguration.
TRF-MR TRF-MRpr 18 | Among all co-mentions of Barack Obama and an event, the co-mention with the inaugu-
ration is the 18th most frequent one the Portuguese Wikipedia.
TRF-M TRF-MarL 36 | In all the five involved Wikipedia language editions together, there are 36 sentences men-
tioning both Obama and the inauguration.
TRF-MR TRF-MRa1 L 39 | Among all co-mentions of Barack Obama and an event, the co-mention with the inaugu-
ration is the 39th most frequent one in all the five involved Wikipedias together.
TF-TDS TF-TDS 18798 | The inauguration started 18798 days (51 years) after Barack Obama’s birth.
TF-TDE TF-TDE 18798 | The inauguration ended 18798 days (51 years) after Barack Obama’s birth.
TF-TP TF-TP 2 | The validity time assigned to this temporal relation is induced from the happening time
of an event instance.

validity. One example is the temporal relation about
Obama’s first inauguration shown at the end of Section
4.4.

Due to the more than 2, 500 candidate timeline en-
tries for Obama, we now need to apply the previously
trained model to determine the timeline entries rele-
vant for a biography. To this end, we train the SVM that
predicts whether a candidate timeline entry is relevant
given a biographical source, i.e. whether it is probable
to be part of a biography extracted from Wikipedia ab-
stracts. All candidate timeline entries that are classified
as relevant by this model are inserted into the timeline
in chronological order.

As described before, Figure 1 provides a visual
representation of Obama’s timeline obtained using a
model trained on a Wikipedia abstracts dataset. Seve-
ral major events in Obama’s biography are present on
that timeline, including the one derived from data item
#2 of Table 5.

6. EventKG Characteristics & Evaluation

To demonstrate the quality of the data extraction, the
integration and fusion steps, we first show characteris-
tics of EventKG and provide several comparisons to
its reference sources in Section 6.1. Then, we provide
evaluation results based on user annotations in Section
6.2.

6.1. Characteristics

In EventKG V1.1, we extracted event representa-
tions and relations in five languages — English (EN),
German (DE), French (FR), Russian (RU) and Por-
tuguese (PT) — from the latest available versions of
each reference source as of 12/2017. EventKG uses
open standards and is publicly available under a per-
sistent URI* under the CC BY 4.0 license’. Our ex-
traction pipeline is available as open source software

“https://doi.org/10.5281/zenodo. 1112283
Shttps://creativecommons.org/licenses/by/4.0/
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on GitHub® under the MIT License’. A description of
EventKG and example SPARQL queries are online®.
Two example SPARQL queries are also presented in
Appendix A.

Table 7 summarizes selected statistics from the
EventKG V1.1, released in 03/2018. Overall, this ver-
sion provides information for over 690 thousand events
and over 2.3 million temporal relations. Nearly half
of the events (46.75%) originate from the existing
KGs; the other half (53.25%) is extracted from semi-
structured sources. The data quality of the individual
named graphs directly corresponds to the quality of
the reference sources. In eventKG-g:event__kg, the
majority of the events (76.21%) possess a known start
or end time. Locations are provided for 12.21% of the
events. The coverage of locations can be further in-
creased in the future work, e.g. using NLP techniques
to extract locations from the event descriptions. Along
with over 2.3 million temporal relations, EventKG
V1.1 includes relations between events and entities for
which the time is not available. This results in overall
over 88 million relations. Approximately half of these
relations possess interlinking information.

6.1.1. Comparison of EventKG to its Reference
Sources

We compare EventKG to its reference sources in
terms of the number of identified events and complete-
ness of their representation. The results of the event
identification Step Ia in Section 4.3 are shown in Ta-
ble 8. EventKG with 690, 247 events contains a signif-
icantly higher number of events than any of its refe-
rence sources. This is especially due to the integration
of KGs and semi-structured sources.

Table 9 presents a comparison of the event represen-
tations in EventKG and its reference knowledge graphs
(Wikidata, YAGO, DBpedia). As we can observe,
through the integration of event-centric information,
EventKG: 1) enables better event identification (e.g.
we can map 322,669 events from EventKG to Wiki-
data, whereas only 266, 198 were identified as events
in Wikidata initially - see Table 8), and 2) provides
more complete event representations (i.e. EventKG
provides a higher percentage of events with specified
temporal and spatial information compared to Wiki-
data, that is the most complete reference source). The

Shttps://github.com/sgottsch/eventkg
7https://opensource.org/licenses/MIT
8http://eventkg.13s.uni-hannover.de/

most frequent event types are source-dependent (see
Table 10).

6.1.2. Relation & Fusion Statistics

Over 2.3 million temporal relations are an es-
sential part of EventKG. The majority of the fre-
quent predicates in EventKG such as “member of
sports team” (882,398 relations), “heritage designa-
tion” (221,472), “award received” (128,125), and “po-
sition held” (105,333) originate from Wikidata. The
biggest fraction of YAGO’s temporal relations have
the predicate “plays for” (492,263), referring to foot-
ball players. Other YAGO predicates such as “has won
prize” are less frequent. Overall, about 93.62% of the
temporal relations have a start time from 1900 to 2020.
81.75% of events extracted from KGs are covered by
multiple sources. At the fusion step, we observed that
93.79% of the events that have a known start time
agree on the start times across the different sources.

6.1.3. Textual Descriptions

EventKG V1.1 contains information in five lan-
guages. Overall, 87.65% of the events extracted from
KGs provide an English label whereas only a small
fraction (4.49%) provide labels in all languages. Among
the 367, 578 events extracted from the semi-structured
sources, just 115 provide a description in all five lan-
guages, e.g. the first launch of a Space Shuttle in 1981.
This indicates potential for further enrichment of mul-
tilingual event descriptions in future work.

6.2. Evaluation of EventKG

6.2.1. Event Identification

We manually evaluated a random sample of the
events identified in the event identification step Ia of
EventKG (Section 4.3). For each reference source, we
randomly sampled 100 events and manually annotated
whether they represent real-world events or not. The
results are shown in Table 11.

For DBpedia and Wikidata, where we rely on the
event types and type hierarchies, we achieve a preci-
sion of 98% on average. On a random sample of 100
events extracted from the category names in the En-
glish and the Russian Wikipedia, we achieve 94% and
88% precision, correspondingly. One example for an
entity wrongly identified as an event is the canceled
project “San Francisco Municipal Wireless”, which
was part of the “Cancelled projects and events” cate-
gory in Wikipedia.


https://github.com/sgottsch/eventkg
https://opensource.org/licenses/MIT
http://eventkg.l3s.uni-hannover.de/
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Table 7

Number of events and relations in eventKG-g:event _kg.

H #Events H Known time | Known location
Events from KGs 322,669 163,977 84,304
Events from semi-structured sources 367,578 362,064 not extracted
Relations 88,473,111 2,331,370 not extracted

Table 8
Number of events extracted from the reference sources (Step Ia).
DBpedia Wikipedia event lists
Wikidata EN | FR | DE | RU | PT EN | FR | DE | RU | PT WCEP

[ 266,198 | 60307 [ 43495 [ 9383 [ 5730 [ 14,641 [ 131,774 | 110879 [ 21191 [ 44025 | 18792 | 61,382 ]

Table 9
Comparison of the event representation completeness in the source-specific named graphs (after Step Ib).
DBpedia
[ EventKG [[ Wikidata | YAGO EN | FR | DE | RU | PT
#Events with 322,669 322,669 | 222,325 | 214,556 78,527 | 62,971 47,304 | 35,682
Location (L) 26.13% 11.70% | 26.61% 6.21% 832% | 4.03% | 10.60% | 6.15%
Time (T) 50.82% 33.00% | 39.02% 7.00% | 17.21% | 2.00% 1.35% | 0.08%
L&T 21.97% 8.83% | 19.02 % 4.29% 0.00% | 4.84% 1.18% | 0.08%
Table 10
The most frequent event types extracted from the references sources and the percentage of the events in that source with the respective type.
DBpedia
|| Wikidata | EN | FR | DE RU PT
Military Sports Tennis Military Soccer
dbo:type season . .
Conflict Event Tournament | Conflict | Tournament
Events, % 11.37% 6.31% | 21.86% 33.00% 11.87% 16.17%
Table 11

User-evaluated precision for the identification of events with selected reference sources.

|[ Wikidata | DBpediapg | DBpediagy | DBpediapy | Wikipediagy | Wikipediagy |

Precision || 96% | 100% |

100% |

98% | 94% | 88% |

6.2.2. Time Fusion

To evaluate the quality of the proposed rule-based
time fusion approach, we randomly sampled 100
events from EventKG, where each event has at least
two reference sources that differ in the event’s happen-
ing time (i.e. start and/or end time). Three users have
annotated this sample by providing a start and end time
for at least 20 events each. Additionally, we asked the
users to denote which source they used to research the
event dates. For our evaluation, we then checked how
many of the user-given start and end dates are available
in the reference sources and the joint EventKG named
graph, and we computed how many of them are correct
with respect to the user annotations.

Table 12 provides the results: As the time fusion
does always adopt accessible time information from
any reference source, all events in our sample possess
time information. Wikidata and YAGO provide the
next highest coverage of time information. In terms of
precision, EventKG outperforms these two reference
sources by 21% (Wikidata) and 49% (YAGO), which
confirms the quality of the proposed rule-based time
fusion approach.

Table 13 provides an overview of the sources most
often used for finding the event dates by the users
participating in the evaluation. In 69% of the cases,
the users used Wikipedia pages in different languages
as their source. When the users did not use Wikipe-
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dia, either the information presented on the search en-
gine’s result page was sufficient (18.5% of the cases)
or domain specific web sites such as www.singapore-
elections.com or www.un.org were used.

6.2.3. Location Fusion

To evaluate the correctness of the extracted loca-
tions, we extracted a random sample of 100 events
with at least one location. In case of locations, multiple
correct values are possible, for example South Amer-
ica, the United States of Colombia and the Colombia-
Ecuador border as valid locations for the Ecuadorian-
Colombian War. We presented all locations from each
reference source to the users and for each location
asked the users to verify whether that location is cor-
rect or not. Four users have annotated that sample.

Table 14 provides the result for our evaluation
of the location fusion. We distinguish between the
locations directly provided by EventKG and those
which could be inferred using sub-location informa-
tion via so:containedInPlace. We refer to this ex-
tended knowledge graph as EventKG* throughout this
evaluation. EventKG and EventKG* have by far the
highest coverage of locations (EventKG* finds 78.13%
more event locations than YAGO and 159.10% more
than in Wikidata), while keeping the number of wrong
locations low (approx. 7%), although it also inherits
wrong locations as provided by the reference sources
due to the location fusion mechanism.

Table 15 lists the sources used by the users in this
task. Similarly to the evaluation of the time fusion,
Wikipedia and Google were the most frequently used
sources, followed by domain-dependent ones such as
kicker.de for locating football matches. However, in
26.51% of the cases in this task, the users did not use a
source at all, mainly because many event locations are
self-explanatory or contained in the event names. For
example, no source was needed to verify the locations
Monaco and Circuit de Monaco for the 1956 Monaco
Grand Prix.

7. Setup and Evaluation of the Biographical
Timeline Generation

In this section we first describe the biographical
sources and the set of timeline entities used to create
our biographical timeline benchmark used to train the
classification models (Section 7.1) and to run our ex-
periments described in Section 7.2. Then, we evaluate
our approach against a baseline (Sections 7.3 and 7.4).

7.1. Benchmark: Entities and biographical Sources

We collect a dataset P that contains 2, 760 time-
line entities of the type Person, including subtypes
like politicians, actors, musicians and athletes. These
2,760 entities are represented in each of the biograph-
ical sources described now.

To train the relevance models for the biographical
timeline generation, we consider the following bio-
graphical sources:

BS-BIO Biographical articles;
BS-ENC Encyclopedic articles;

Biographical articles (BS-BIO):

Biographies of important entities (e.g. famous peo-
ple) are available in form of textual descriptions from
dedicated Web sources. We collect data from two pub-
licly accessible biographical web sources (Thefamous-
people.com’ and Biography.com'?). After collecting
the biographical texts from both websites, they are pre-
processed as follows: 1) The texts are split into sen-
tences using the Stanford Tokenizer [20]. 2) Time ex-
pressions are collected from each sentence using Hei-
delTime [21]. 3) Entity mentions are identified us-
ing DBpedia Spotlight [22]. Table 16 illustrates exam-
ple annotations in the BS-BIO and BS-ENC datasets
extracted for the entity Barack Obama, including his
birth, education and political activities. In order to map
the extracted information to the temporal relations in
the TKG, we use the following rule-based approach:
An annotated sentence in the biographical article is
mapped to the temporal relation in TKG if they both
happened on exactly the same date, or if they share
both entities and time. A special case is given if one
of the linked entities is an event in V. In that case,
temporal overlap is not required, as events are typi-
cally inherently connected to a validity time span. The
mapped temporal relations from the 7T KG are added to
the Bpg _pjo benchmark.

Encyclopedic articles (BS-ENC):

Wikipedia is a rich source of encyclopedic informa-
tion. Wikipedia articles usually provide an abstract -
a brief overview of the specific entity (e.g. person’s
life) that typically contains important biographical sen-
tences [23, 24]. From these abstracts, we extract all the
event mentions, i.e. links to the event articles, as these
represent significant events in the entity’s life. For ex-

9www.thefamouspeople.com
104 ww.biography.com


www.thefamouspeople.com
www.biography.com
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Table 12

Evaluation of EventKG’s time information. For EventKG and the reference sources, the percentage of correct, wrong and missing event dates
with respect to the user annotations in our sample is shown. These are based on the random sample of events where the reference sources show

disagreement between time information provided.

‘ ‘ Start Dates End Dates Start and End Dates
Source Correct | Wrong | Missing | Correct | Wrong | Missing | Correct | Wrong | Missing | Precision
EventKG 71 25 0 73 23 0 144 48 0 0.75
Wikidata 40 33 23 33 29 34 73 62 57 0.54
YAGO 21 60 15 20 57 19 41 117 34 0.26
DBpediagn 12 5 79 13 4 79 25 9 158 0.74
DBpediapg 0 2 94 2 0 94 2 2 188 0.5
DBpediapr 6 17 73 15 8 73 21 25 146 0.46
DBpediary 0 2 94 0 2 94 0 4 188 0
Table 13 Table 15

Time Fusion Evaluation: The most frequent sources used by the
users to lookup event start and end dates.

Source H #Uses ‘ Percentage
en.wikipedia.org 117 58.5%
www.google.com 37 18.5%
de.wikipedia.org 14 7.0%
no source used 7 3.5%
fr.wikipedia.org 6 3.0%
www.singapore-elections.com 2 1.0%
WWwWw.un.org 2 1.0%

Table 14
Evaluation of EventKG’s location information. For each event in the
sample, users judged for each location in EventKG and the reference
sources whether it is correct.

Source H Correct ‘ Wrong ‘ Precision
EventKG* 116 7 94.31%
EventKG 87 4 95.60%
YAGO 64 2 96.97%
Wikidata 44 2 95.65%
DBpediagn 15 1 93.75%
DBpediapr 7 0 100.0%
DBpediapg 1 0 100.0%
DBpediary 4 1 80.0%
DBpediapt 3 1 75.0%

ample, Table 16 shows selected events for the entity
Barack Obama based on BS-ENC. In contrast to the
annotations in Bgg _ g0, these events are more focused
on the political happenings with major public impact.
The benchmark Bgs_ gnc includes all relations of the
specific entity to the events linked from the abstract of
the Wikipedia article representing this entity.

Location Fusion Evaluation: The most frequent sources used by the
users to lookup event locations.

Source H #Uses ‘ Percentage
en.wikipedia.org 58 43.94%
no source used 35 26.51%
de.wikipedia.org 7 5.3%
www.google.com 5 3.79%
everipedia.org 3 2.0 %
fr.wikipedia.org 3 2.0 %
www.kicker.de 2 1.51%

Statistics of the entity-related information for the
entities contained in the dataset P in the biographical
sources, including in particular the number of relevant
entity links and time expressions are provided in Table
17.

We generate a benchmark Bpg for each biographi-
cal source BS considered in this work. The statistics
regarding these benchmarks are presented in Table 18.

Table 19 provides the percentage of person types
in the benchmarks. Actors and musical artists are the
most frequent person types in both the training and test
set.

7.2. SVM Setup

We trained our SVM classifier on the training data
(1, 380 person entities), with input data normalization,
an increased weight of 3.0 for predicting relevant in-
stances, and a linear kernel, using Weka’s LibSVM im-
plementation [25]. From the training data, a balanced
set of relevant and irrelevant instances is given to the
SVM.
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Table 16
Example data extracted from the biographical sources for Barack Obama.
[ BS-BIO [ BS-ENC
Source :)li:farr"rllit};;(e):)l;le.com Wikipediagy abstracts
1961-8-4, {Honolulu} 1961, {Honolulu}
Example 1979, {Punahou School, Basketball} 2013, {US presidential election 2012, Mitt Romney,
Data 2000, { Democratic Party, Bobby Rush} Second inauguration of Barack Obama}
2010-8, {War in Afghanistan, Iraq} 2009, {Nobel Peace Prize}
Table 17 their complexity. In EventKG, the events are con-
Statistics of the dataset P involving 2, 760 entities of type person. nected to the entities directly via temporal rela-
thefamous- | biogra- | Wikipedia tions. To facilitate the comparison, we adopt the
people.com | phy.com | Abstracts TM baseline such that so-called "simple events"
Time expressions 50,919 41,318 18,099 in the TM-terminology are generated. Such "sim-
Entity links 107,126 92,149 32,516 ple events" in TM directly correspond to the tem-
poral relations in EventKG.
Table 18 — In the original TM approach, the maximal num-

Benchmark statistics: the number of entities and relevant temporal
relations (temp. rel.).

. #Relevant Tem- Avg. # Temp.
#Entities
poral Relations | Rel. per Entity
Bgs_pio 2,760 55,612 20.15
Bps —ENC 2,760 33,106 12.00
Table 19
Percentage of top-5 entity types in the training and test set.
H Training Test

Actor 27.73% | 28.57%

Musical Artist 13.32% | 16.17%

Athlete 10.50% 6.16%

Politician 10.35% | 10.44%

Writer 6.95% | 11.31%

7.3. The TM Baseline Algorithm

We compare our proposed approach with the state-
of-the-art Time Machine (TM) approach for timeline
generation proposed by Althoff et al. [1]. The TM ap-
proach creates events from the entity-entity relations
in a KG, where one entity possesses a property with
a time value. Resulting events are filtered using fre-
quency and existence time heuristics; then a greedy al-
gorithm selects the events that maximize a relevance
score. To facilitate a fair comparison, we perform the
following adjustments to implement the TM baseline:

— The TM approach in [1] was initially proposed for
entity-centric KGs such as Freebase. Therefore,
events in TM-terminology mean link structures
in an entity-centric KG that vary with respect to

ber of temporal relations on the timeline is re-
stricted due to the visualization constraints; i.e.
these relations are ranked by their relevance and
retrieved until the visualization constraint is met.
Our goal is to provide all relevant relations, such
that we do not enforce any visualization-based
constraints on the number of relations. To facili-
tate comparison, we retrieve an equal number of
relations from the baseline and our approach.

— TM was initially evaluated on the Freebase dataset,
and the relevance scores were computed using
a search engine query log and a textual corpus.
We apply all methods on the EventKG data; we
use the same reference sources (i.e. Wikipedia ar-
ticles) to estimate the parameters related to the
global importance of entities, their occurrences
and temporal relations for all baselines and ap-
proaches evaluated in this article.

7.4. Evaluation of the Timeline Generation

The goals of the evaluation of the timeline gener-
ation are to assess the effectiveness of the proposed
method for timeline generation and the role of the re-
ference and biographical sources.

In particular, we assess:

G1 Quality of the generated timelines in comparison
to the baseline (in a user evaluation).

G2 Impact of the individual features on the timeline
generation (using correlation measures).

G3 Relevance of the timeline entries with respect
to the biographical source (by measuring perfor-
mance of the classification model).
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G4 Coverage of the timeline entries with respect to
the reference sources (by measuring the mean co-
verage of the temporal relations in the reference
sources).

7.4.1. Timeline Quality Evaluation

In order to evaluate the timeline quality we per-
formed a user evaluation. We generated timelines for
60 popular entities of the types actors, athletes, musi-
cal artists, politicians and writers for both biographi-
cal sources BS-BIO and BS-ENC. These entities were
selected from the persons in the test set described in
Section 7.1 based on their popularity (measured as the
link count of the corresponding Wikipedia article).

In each task, the user was presented: (i) a task de-
scription, (ii) a timeline entity including its label and
a Wikipedia link, and (iii) a pair of timelines in a ran-
dom order. One timeline in the pair was generated by
a configuration of our approach, another timeline was
generated by the TM baseline described in Section 7.3.
We asked the users to vote for their preferred timeline
in the pair. We provided four options: two options to
vote for one of the timelines, a neutral option indicat-
ing no preference for a specific timeline, and a "don’t
know" option. In addition, a possibility to write com-
ments regarding the decisions was provided. We en-
couraged the users to research the timeline entity (e.g.
using Wikipedia) before evaluating the timeline pair, if
necessary.

Each pair of timelines was rated by three or four
users each. Then, majority voting was applied. In to-
tal 11 users (graduate students) participated in the user
evaluation. A user evaluated 42 timeline pairs on aver-
age. On average, the users took 69 seconds to decide
between two timelines.

We compute the rater preference RPref score
adopted from [1] as the fraction of votes for the par-
ticular method, based on the annotation that is most
frequent among the three users per timeline entity. The
results of the user evaluation are presented in Table 20.
The timelines generated by both biographical sources
(BS-BIO and BS-ENC) were preferred over the base-
line by the users most of the time, for all entity types.
For example, all of the 16 timelines for politicians ge-
nerated by our approach with BS-ENC were preferred
over the TM timelines. In total the timelines from BS-
BIO were preferred in 67.21% of the cases and the BS-
ENC timelines were preferred in 69.35% of the cases.

7.4.2. Feature Impact
In order to better understand the impact of the indi-
vidual features on the timeline generation, we compute

the correlation between the features and the bench-
mark judgments using the Pearson Correlation Coeffi-
cient (PCC € [—1,1], with PCC = 0 corresponding
to no linear relationship), shown in Table 21.

For both biographical sources, the highest PCC is
achieved for the property “born” (PCC = 0.39 for BS-
ENC, PCC = 0.25 for BS-BIO). The “died” property
and the time provenance feature TRF-TP are of simi-
lar relevance in both biographical sources, followed by
the features related to relation mentions. In contrast,
properties like “cover artist” and “draft team” are not
correlating with the relation importance at all. One in-
teresting difference between the biographical sources
is the property “spouse” that is highly relevant in the
biographical source BS-BIO, but less high ranked in
BS-ENC. Such personal happenings are often not in-
cluded in Wikipedia’s rather encyclopedic abstracts.

7.4.3. Relevance of the Timeline Entries

We evaluated the performance of the classification
models for predicting the relevance of the individual
temporal relations with respect to the benchmarks pre-
sented in Section 7.1. The results of this automated
evaluation using a 10-fold cross validation are pre-
sented in Table 22. In general, our models learned
from the training set are generalizable to the test set,
reaching F-measure values of 0.827 in the case of BS-
ENC and 0.738 for BS-BIO. Across the biographical
sources, the usage of all features combined leads to
the best precision and recall scores. The removal of
selected features leads to a decrease in performance:
leaving out property labels or the features based on
mentions leads to the biggest performance decrease.

7.4.4. Coverage of the Reference Sources

To demonstrate the gain of integrating data from
multiple reference sources into EventKG, we assess
the coverage of temporal relations in the biographical
sources. That means, for each person in our bench-
mark, we compute the percentage of benchmark rela-
tions that are found in the temporal relations of a refe-
rence source. Table 23 shows the results, measured by
mean coverage per person entity. For example, 27.45%
of the relations extracted from BS-ENC can be mapped
to a temporal relation in Wikidata. Additionally, we
compute the coverage for extended reference sources,
i.e. we still only consider relations from the specific
source, but use the fused information about tempo-
ral entities (i.e. existence and happening times) from
EventKG.

The results show that there is a higher coverage for
BS-ENC than for BS-BIO across all reference sources.



S. Gottschalk and E. Demidova / EventKG - the Hub of Event Knowledge on the Web - and Biographical Timeline Generation 21

Table 20
RPRef scores from user ratings for different timeline configurations and entity types. As users could also give a neutral rating or skip a rating,
the RPRef scores do not necessarily sum up to 100%.

Biographical Source [| BS-BIO I BS-ENC
Method BS-BIO | TM baseline BS-ENC | TM baseline
Actor 81.82% 9.09% 72.73% 9.09%
Athlete 75.00% 8.33% 58.33% 25.00%
Musical Artist 70.00% 0.00% 50.00% 30.00%
Politician 53.33% 13.33% 100.00% 0.00%
Writer 61.54% 30.77% 53.85% 25%
Total 67.21% 13.11% 69.35% 14.52%
Table 21
PCC correlation coefficient between top-5 features and the benchmark judgments, sorted by the absolute PCC values.
BS-BIO BS-ENC
Rank Feature PCC Feature PCC
1 TRF-PI: born 0.25 TRF-PI: born 0.39

TF-TP: Time provenance 0.21 TRF-PL: died 0.27

TRF-PI: died 0.19 TF-TP: Time provenance 0.23

2

3

4 TRF-MR: Relation mentions rank, EN | -0.19 TRF-MR: Relation mentions rank, EN | -0.19
5 TRF-MR: Relation mentions rank, all -0.18 TRF-MR: Relation mentions rank, all -0.18

10 H TREF-PL: spouse ‘ 0.13 H TRF-MR: Relation mentions rank, RU ‘ -0.14

65 || TRE-PL director | 0.03 || TRF-PI: spouse | 0.03

410 TRE-PI: cover artist 0.00 TREF-PI: military rank 0.00

411 TRE-PL: illustrator 0.00 TRE-PL: draft team 0.00
Table 22

Weighted precision and recall scores for both classes (relevant and irrelevant) for predicting the benchmark labels of the temporal relations using
a 10-fold cross validation. Additionally, the F-measure as harmonic mean of precision and recall is reported. T All language-dependent features
except for EN are omitted.

BS-BIO BS-ENC
Omitted . ..
Features Precision | Recall | F-Measure Precision | Recall | F-Measure
Features
all features / 0.796 0.749 0.738 0.848 0.829 0.827
no property labels | TRF-PI 0.753 0.691 0.671 0.822 0.802 0.799
no mentions TRF-RM 0.769 0.700 0.679 0.802 0.734 0.719
TF-TP,
no temporal
TF-TDS, 0.795 0.747 0.736 0.847 0.829 0.827
features
TF-TDE
English only t 0.791 0.737 0.724 0.843 0.821 0.819
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Table 23
Mean coverage of the temporal relations in the benchmarks per reference source and biographical source.
BS-BIO BS-ENC
Mean coverage (%) Mean Coverage (%) Mean Coverage (%) Mean Coverage (%)
(extended) (extended)

Wikidata 14.39 16.09 36.15 38.64
YAGO 11.96 12.34 37.90 38.40
Wikipediagn 0.51 14.56 0.80 23.65
Wikipediapg 0.34 11.04 0.61 18.96
Wikipediapg 0.16 0.86 0.40 16.66
Wikipediapy 0.00 8.61 0.16 15.73
Wikipediagy 0.22 8.68 0.43 15.41
Wikipedia 0.86 15.08 1.37 23.74
DBpediagn 5.05 9.27 27.94 34.97
DBpediapg 4.10 7.27 22.01 28.40
DBpediapg 4.48 6.41 25.69 28.90
DBpediapy 0.0 2.60 0.0 475
DBpediagy 0.0 1.48 0.0 2.64
DBpedia 5.73 14.53 30.02 45.10
EventKG 23.29 — 55.09 —

This can be explained by the fact that the texts from
BS-BIO are longer and less event links are provided:
not only does the BS-BIO benchmark rely on named
entity recognition, as this source does not contain any
links, but events are also harder to recognize as they
can be described in several ways (e.g. “first inaugura-
tion of Barack Obama” and “Barack Obama was sworn
in as the president on January 20, 2009”). In gen-
eral, YAGO and Wikidata clearly outperform Wikipe-
dia and DBpedia (as DBpedia does not have statements
with validity times). Through the integration and fu-
sion in EventKG, the coverage increases to more than
50% in BS-ENC.

8. Related Work

In this section, we discuss related work in the areas
of event knowledge graphs and the task of biographical
timeline generation.

8.1. Event Knowledge Graphs

To the best of our knowledge, currently there are
no dedicated knowledge graphs aggregating event-
centric information and temporal relations for histo-
rical and contemporary events directly comparable to
EventKG. The heterogeneity of data models and vo-
cabularies for event-centric and temporal information

(e.g. [6, 17, 26, 27]), the large scale of the existing
knowledge graphs, in which events play only an in-
significant role, and the lack of clear identification of
event-centric information, makes it particularly chal-
lenging to identify, extract, fuse and efficiently ana-
lyze event-centric and temporal information and make
it accessible to real-world applications in an intuitive
and unified way. Through the light-weight integration
and fusion of event-centric and temporal information
from different sources, EventKG enables to increase
coverage and completeness of this information. Fur-
thermore, existing sources lack structured information
to judge event popularity and relation strength as pro-
vided by EventKG - the characteristic that gains the
key relevance given the rapidly increasing amount of
event-centric and temporal data on the Web and the re-
sulting information overload.

Data models and vocabularies for events: Several
data models and the corresponding vocabularies (e.g.
[6, 17, 26, 27]) provide means to model events. For ex-
ample, the ECKG model proposed by Rospocher et al.
[6] enables fine-grained textual annotations to model
events extracted from news collections. The Simple
Event Model (SEM) [17], schema.org [27] and the
Linking Open Descriptions of Events (LODE) ontol-
ogy [26] provide means to describe events and inter-
link them with actors, times and places. In EventKG,
we build upon SEM and extend this model to repre-
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sent a wider range of temporal relations and to provide
additional information regarding events.

Extracting event-centric and temporal information:
Most approaches for automatic knowledge graph con-
struction and integration focus on entities and related
facts rather than events. Examples include DBpedia
[9], Freebase [28], YAGO [10] and YAGO+F [29]. In
contrast, EventKG is focused on events and tempo-
ral relations. In [11], the authors extract event infor-
mation from WCEP. EventKG builds upon this work
to include WCEP events. For the extraction of tem-
poral information, there are several approaches to an-
notate both textual data [30] and relations [31, 32]
with temporal scopes inferred from external sources.
In EventKG, we rely on the temporal information al-
ready contained in the reference sources, which gives
highly precise values as shown in Section 6.2. Increas-
ing the coverage for temporal annotations in case of
missing values by using external resources is a poten-
tial extension for future work, as well as the introduc-
tion of uncertain temporal data as an extension of the
proposed time fusion [33].

Extraction of events and facts from news: Recently,
the problem of building knowledge graphs directly
from plain text news [6], and extraction of named
events from news [34] have been addressed. These ap-
proaches apply Open Information Extraction methods
and develop them further to address specific challenges
in the event extraction in the news domain. State-of-
the-art works that automatically extract events from
news potentially obtain noisy and unreliable results
(e.g. the state-of-the-art extraction approach in [6] re-
ports an accuracy of only 0.551). In contrast, contem-
porary events included in EventKG originate from ma-
nually curated sources such as WCEP and Wikipedia
event lists.

8.2. Biographical Timeline Generation

Existing work on timeline generation from know-
ledge graphs has mainly focused on the selection of
relevant events or relations. The works of Althoff et al.
[1] and Tuan et al. [35] come closest to our task def-
inition. In [1], the authors create timelines for politi-
cians, actors and athletes from the Freebase knowledge
graph, adding visual and diversity constraints on the
generated timelines. In [35], person timelines are ge-
nerated by ranking relations extracted from Wikipe-
dia and YAGO KGs. Similarly, in [19] entity summa-
rizations are created based on link counts, but with-
out taking temporal data into account. In difference to

our work, in both these approaches the feature weights
are handcrafted and no machine learning is involved.
[23] and [24] aim at generating biographies in a natu-
ral language, that means to generate textual summaries
for people, by mapping facts from knowledge graphs
to one-sentence biographies. Both works incorporate
neural models to learn text, but the biographies are lim-
ited to few facts such as birth dates and entity types.

Other approaches generate timelines for different
use cases, for example to get an overview over news
articles over a large time span [36, 37] or for depict-
ing singular events such as football matches in a very
fine-grained manner [38]. For visualization, there are
approaches to transform relationship paths from know-
ledge graphs into sentences [1, 39] and different in-
teraction models that let a user explore the timeline
[1, 37, 40]. In this article, we focus on the generation
of timelines containing relevant temporal relations and
do not limit the approach by any visual constraints.
This way, the models obtained by our methods can be
used in a broader range of interfaces and application
scenarios.

One important subtask of the timeline generation is
to judge whether a temporal relation is relevant in a
certain context. This task has been addressed by other
works using classification and ranking approaches. For
example, to rank news articles related to a query entity,
Singh et al. [41] employ a diversified ranking model
based both on the aspect and temporal dimension. Ap-
proaches such as the one proposed by Setty et al. [42]
impose methods to rank the importance of events, but
without taking into account the specific timeline entity.
In comparison to these approaches, the task addressed
in our work is more specific, as it considers the rele-
vance of individual temporal relations to a timeline en-
tity.

9. Conclusions

In this article we presented the concept of a tem-
poral knowledge graph that interconnects real-world
entities and events using temporal relations. Further-
more, we presented an instantiation of the temporal
knowledge graph - EventKG. EventKG is a multilin-
gual knowledge graph that integrates and harmonizes
event-centric and temporal information regarding his-
torical and contemporary events. EventKG V1.1 in-
cludes over 690 thousand event resources and over
2.3 million temporal relations. Unique EventKG fea-
tures include the light-weight integration and fusion of



24 S. Gottschalk and E. Demidova / EventKG - the Hub of Event Knowledge on the Web - and Biographical Timeline Generation

structured and semi-structured multilingual event rep-
resentations and temporal relations in a single know-
ledge graph, as well as the provision of information to
facilitate assessment of relation strength and event po-
pularity, while providing provenance. The light-weight
integration enables to significantly increase the cove-
rage and completeness of the included event represen-
tations, in particular with respect to time and location
information.

We analyzed the characteristics of the resulting
knowledge graph and observed a significant increase
in coverage compared to the reference sources. For ex-
ample, EventKG contains 50K more events than iden-
tified in Wikidata and more than 262K events than
identified in the English DBpedia. Additionally, 360K
events are extracted from semi-structured sources. The
quality of this resulting dataset was confirmed in a
manual evaluation that indicated high precision for the
event identification step (with an average precision of
96%), the time fusion step (with precision of 75% for
the events that had a disagreement regarding their time
information in the reference sources) and the precision
of the location fusion (94.31%).

Furthermore, in this article we addressed the prob-
lem of biographical timeline generation from a tem-
poral knowledge graph. In order to generate biograph-
ical timelines from a large-scale temporal knowledge
graph, we proposed a method based on distant super-
vision. This method uses features extracted from the
temporal knowledge graph as well as a benchmark
extracted from external biographical sources to train
an effective relevance model. Our evaluation includes
the results of a user study and an automatic evalu-
ation and demonstrates the effectiveness of the pro-
posed method. Our method significantly outperforms
the baseline in the biography generation. According to
the rater preference score, our method achieves 68%
on average, in contrast to the baseline that achieves
only 14%.

We make the datasets described in this article pub-
licly available to stimulate further research in this area.

In the future work, we plan to further extend
EventKG to include additional sources (e.g. news ar-
ticles). We would also like to explore timeline gener-
ation including further contexts, e.g. language-specific
timelines.
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Appendix A. Example Queries

Here, we present example SPARQL queries to illus-
trate the retrieval of particular event and entity chara-
cteristics.

A.l. Query 1: Provenance and Event Locations

The SPARQL query in Listing 1 uses the named
graph notation to find the locations of the event “Se-
cond inauguration of Barack Obama” in any source.
This is done using the sem:hasPlace predicate intro-
duced in Section 4.1. Table 24 lists the query results.
While YAGO has the United States Capitol and Wash-
ington D.C. as location, Wikidata has Washington D.C.
only. There are no locations for this event found in
any of the DBpedia language editions. After fusion,
the union of potential locations (United States Capi-
tol, Washington, D.C.) is reduced to the United States
Capitol only, which is located in Washington D.C'!.
Fused locations are placed within EventKG’s named
graph.

Table 24
Locations of the first inauguration of Barack Obama in EventKG.

?location ?named_ graph

dbr:United_States_Capitol
dbr:Washington,_D.C.
dbr:United_States_Capitol
dbr:Washington,_D.C.

eventKG-g:event_kg

eventKG-g:wikidata

eventKG-g:yago

eventKG-g:yago

This information could be inferred using so:containedIn-
Place®.

A.2. Query 2: Important Events of an Entity

The second query shown in Listing 2 employs the
relation strength information contained in EventKG.
It returns a list of events connected to Barack Obama,
sorted by the number of common mentions (eventKG-
s:mentions) with Barack Obama in the English Wiki-
pedia (GRAPH eventKG-g:wikipedia_en). Addi-
tionally, if there is an event start date available, this is
returned as well, using the named EventKG graph to
retrieve the fused date. The results in Table 25 reveal
that the United States presidential election of 2008 is
the event mentioned most often together with Barack
Obama.

Table 25

Events that are most often mentioned together with Barack Obama.

l 7event l ?cnt l ?startDate

dbr:United_States_presidential_election,_2008 719 2008-11-04

dbr:United_States_presidential_election
_in_New_Jersey,_2012

530 2012-11-06

dbr:United_States_presidential_election
_in_New_Jersey,_2008

522 2008-11-04

2009-01-20

dbr:First_inauguration_of_Barack_Obama [ 68
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SELECT ?location ?named_graph

WHERE {
?event owl:sameAs dbr:First_inauguration_of_Barack_Obama

GRAPH ?named_graph {
?event sem:hasPlace ?loc

GRAPH eventKG-g:dbpedia_en
?loc owl:sameAs ?location

}

ORDER BY ?named_graph

Listing 1: SPARQL query for retrieving the locations of the first inauguration of Barack Obama using
sem:hasPlace, together with their named graph for provenance information.

SELECT ?event ?cnt ?startDate

WHERE
?obama owl:sameAs dbr:Barack_Obama

?relation rdf:subject ?obama
?relation rdf:object ?eventEKG

GRAPH eventKG-g:wikipedia_en {
?relation eventKG-s:mentions ?cnt

?eventEKG rdf:type sem:Event

GRAPH eventKG-g:dbpedia_en {
?eventEKG owl:sameAs ?event

OPTIONAL ({
GRAPH eventKG-g:event_kg {
?eventEKG sem:hasBeginTimeStamp ?startDate

}
ORDER BY DESC (?cnt)

Listing 2: SPARQL query for retrieving the events that are most often mentioned together with Barack Obama.
Instances of event KG-s:Relation are searched who are connected to Barack Obama as their subject and an instance

of sem:Event as their object.
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