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• Timeline-Summarization erzeugt 
aus Dokumenten eine 
strukturierte Timeline-Darstellung 
von Ereignissen


• Ereignisse werden einem Datum 
zugeordnet und 
zusammengefasst


• Ziel: Zeitliche Übersicht über ein 
Ereignis erlangen
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Abstract

Timeline summarization (TLS) automatically
identifies key dates of major events and pro-
vides short descriptions of what happened on
these dates. Previous approaches to TLS have
focused on extractive methods. In contrast, we
suggest an abstractive timeline summarization
system. Our system is entirely unsupervised,
which makes it especially suited to TLS where
there are very few gold summaries available
for training of supervised systems. In addition,
we present the first abstractive oracle exper-
iments for TLS. Our system outperforms ex-
tractive competitors in terms of ROUGE when
the number of input documents is high and the
output requires strong compression. In these
cases, our oracle experiments confirm that our
approach also has a higher upper bound for
ROUGE scores than extractive methods. A
study with human judges shows that our ab-
stractive system also produces output that is
easy to read and understand.

1 Introduction

Many newsworthy events are not isolated inci-
dents but part of long-lasting developments. For
example, the events of the Syrian civil war in 2019
are intrinsically linked to events that happened
during the beginning of that war in 2011. As the
amount of reporting grows, it can be difficult to
keep track of important events that may have hap-
pened a long time ago. Timeline summarization
(TLS) alleviates this problem by providing users
with automatically generated timelines that iden-
tify key dates in a larger development along with
short summaries of the events on these dates. Ta-
ble 1 shows an example of a timeline.

Prior TLS systems are extractive, i.e. they
identify important sentences in a corpus and copy
them directly to the timeline (Nguyen et al., 2014;
Chieu and Lee, 2004; Yan et al., 2011b,a; Wang

2011-03-15

First protests after calls on Facebook for a
“Day of Dignity.”
2011-08-18

US President Barack Obama and his allies
urge Assad to quit. Western and Arab states
later impose sanctions on his regime.
2011-10-02

Creation of the opposition Syrian National
Council SNC.

Table 1: Beginning of an example timeline about the
Syrian civil war. (Source: Crisis dataset (Tran et al.,
2015))

et al., 2016; Tran et al., 2015, 2013b,a; Martschat
and Markert, 2018). However, TLS aggregates
information from input corpora that are orders
of magnitude larger than for traditional multi-
document summarization (MDS) tasks. In addi-
tion, documents typically come from many differ-
ent sources. In this setting, it might be advanta-
geous to generate abstractive summaries that com-
bine information from different sentences. While
the state of the art in abstractive summarization is
achieved by neural networks (Celikyilmaz et al.,
2018), these systems require many document/gold
summary pairs for training. TLS datasets, on the
other hand, have many input documents, but only
contain very few gold-standard timelines (between
19 and 22) (Tran et al., 2015, 2013b). Thus,
very few input/gold timeline pairs are available for
training.

We therefore introduce an unsupervised ab-
stractive TLS system that is inspired by the abstrac-
tive MDS system in Banerjee et al. (2015). We
make the following contributions:

1. We introduce the first abstractive system for
TLS and show that it outperforms current ex-
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Projektidee

• TLS wird auf fixen Datensätzen aus Dokumenten mit Gold-Timelines evaluiert


• Systeme sind i.d.R. relativ unflexibel implementiert


• Projektziel: Setze ein TLS-System in die Praxis um



Projektziele

• Reimplementiere einen TLS-Ansatz und evaluiere auf Standard-Datensätzen


• Integriere Ansatz in eine nutzbare Oberfläche für TLS


• Nutzer gibt Query (=Thema der Timeline), Zeitraum und Länge an


• System erzeugt Timeline basierend auf Angaben


• Mögliche Datenquellen:


• Feststehendes Corpus (z.B. kleines Subset von Common Crawl, gigaword)


• Wikipedia Current Events Portal


• Search-API + Eigenes Crawling



Herausforderungen

• Auswahl eines passenden Algorithmus für Anforderungen


• Reimplementation unter Rücksichtnahme auf die verschiedenen 
Einsatzszenarien (Evaluation/Validierung auf Standarddaten vs. Einsatz im 
System)


• Umgang mit voraussichtlichen Usability-Problemen (z.B. lange Zeiten für 
Generierung)


• Identifikation von Performanzverbesserungen (Parallelisierbarkeit etc.)



TLS-Algorithmen

• TLS wird meistens unsupervised gelöst


• Martschat and Markert (2018): globale Optimierung mit submodularen 
Funktionen basierend auf Satzähnlichkeiten und Datumshäufigkeiten 

• Ghalandari and Ifrim (2020) geben eine gute Übersicht über Ansätze 

• Datumsweise Zusammenfassung


• Cluster-basierte Zusammenfassung auf Event Ebene
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Heideltime Reimplementierung

• Heideltime (Strötgen und Gertz, 2012) ist ein Time Expression Tagger


• Findet beispielsweise für TLS Verwendung


• Verwendung mit Python ist aber umständlich und integriert nicht gut mit 
Python Workflow


• Projektziel: Reimplementierung von Heideltime in Python/Python-Extension



Heideltime

• Heideltime ist ein regelbasiertes System


• Muster identifizieren Ausdrücke, zweites Muster regularisiert


• Bestimmte Muster haben zusätzlich Part-of-Speech Restriktionen


• Beispiel für February 25, 2009


• EXTRACTION=„(%reMonthLong|%reMonthShort)(%reDayNumberTh|
%reDayNumber)[\s]?,? %reYear4Digit(, %reWeekday)?“ 

• NORM_VALUE="group(7)-%normMonth(group(1))-
%normDay(group(4))"



Projektziele

• Reimplementierung von Heideltime mit Originalresourcen (s. https://
github.com/HeidelTime/heideltime) in Python Modul


• Implementierung entweder in reinem Python, oder als Python Extension


• Kooperation mit TLS Projekt möglich, aber nicht notwendig

https://github.com/HeidelTime/heideltime
https://github.com/HeidelTime/heideltime
https://github.com/HeidelTime/heideltime
https://github.com/HeidelTime/heideltime
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Extractive Summarization with Graphs

• Extraktive Summarization identifiziert relevante Sätze in einem Dokument als 
Zusammenfassung


• Viele Summarization Systeme repräsentieren Dokumente über 
Graphstrukturen (Radev, 2004, Mihalcea and Tarau, 2004),


• Modernerer Ansatz: Graphstruktur + NN = GNN


• Projektidee: Reimplementierung/Erweiterung eines Graph-basierten 
Summarization Systems



Heterogenous Graph NNs

• Eine Option: Heterogenous Graph Network (Wang et 
al., 2020)


• Wort/Satz Graph mit Graph Attention Network


• Mögliche Erweiterungen:


• Verbesserte Kantengewichte


• Topicmodelling
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Figure 1: Model Overview. The framework consists of
three major modules: graph initializers, the heteroge-

neous graph layer and the sentence selector. Green cir-
cles and blue boxes represent word and sentence nodes
respectively. Orange solid lines denote the edge feature
(TF-IDF) between word and sentence nodes and the
thicknesses indicate the weight. The representations of
sentence nodes will be finally used for summary selec-
tion.

Liu and Lapata, 2019b). Our goal is to predict a
sequence of labels y1, · · · , yn (yi 2 {0, 1}) for sen-
tences, where yi = 1 represents the i-th sentence
should be included in the summaries. The ground
truth labels, which we call ORACLE, is extracted
using the greedy approach introduced by Nallapati
et al. (2016) with the automatic metrics ROUGE
(Lin and Hovy, 2003).

Generally speaking, our heterogeneous summa-
rization graph consists of two types of nodes: basic
semantic nodes (e.g. words, concepts, etc.) as relay
nodes and other units of discourse (e.g. phrases,
sentences, documents, etc.) as supernodes. Each
supernode connects with basic nodes contained in
it and takes the importance of the relation as their
edge feature. Thus, high-level discourse nodes can
establish relationships between each other via basic
nodes.

In this paper, we use words as the basic seman-
tic nodes for simplicity. HETERSUMGRAPH in
Section 3.1 is a special case which only contains
one type of supernodes (sentences) for classifica-
tion, while HETERDOCSUMGRAPH in Section
3.5 use two (documents and sentences). Based on

our framework, other types of supernodes (such as
paragraphs) can also be introduced and the only
difference lies in the graph structure.

3.1 Document as a Heterogeneous Graph

Given a graph G = {V,E}, where V stands
for a node set and E represents edges between
nodes, our undirected heterogeneous graph can
be formally defined as V = Vw [ Vs and E =
{e11, · · · , emn}. Here, Vw = {w1, · · · , wm} de-
notes m unique words of the document and Vs =
{s1, · · · , sn} corresponds to the n sentences in the
document. E is a real-value edge weight matrix
and eij 6= 0 (i 2 {1, · · · ,m}, j 2 {1, · · · , n})
indicates the j-th sentence contains the i-th word.

Figure 1 presents the overview of our model,
which mainly consists of three parts: graph ini-

tializers for nodes and edges, the heterogeneous

graph layer and the sentence selector. The ini-
tializers first create nodes and edges and encode
them for the document graph. Then the heteroge-
neous graph updates these node representations by
iteratively passing messages between word and sen-
tence nodes via Graph Attention Network (GAT)
(Velickovic et al., 2017). Finally, the representa-
tions of sentence nodes are extracted to predict
labels for summaries.

3.2 Graph Initializers

Let Xw 2 Rm⇥dw and Xs 2 Rn⇥ds represent the
input feature matrix of word and sentence nodes re-
spectively, where dw is the dimension of the word
embedding and ds is the dimension of each sen-
tence representation vector. Specifically, we first
use Convolutional Neural Networks (CNN) (Le-
Cun et al., 1998) with different kernel sizes to cap-
ture the local n-gram feature for each sentence lj
and then use the bidirectional Long Short-Term
Memory (BiLSTM) (Hochreiter and Schmidhuber,
1997) layer to get the sentence-level feature gj .
The concatenation of the CNN local feature and
the BiLSTM global feature is used as the sentence
node feature Xsj = [lj ; gj ].

To further include information about the im-
portance of relationships between word and sen-
tence nodes, we infuse TF-IDF values in the edge
weights. The term frequency (TF) is the number
of times wi occurs in sj and the inverse document
frequency (IDF) is made as the inverse function of
the out-degree of wi.

Source: Wang et al. (2020)
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