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Abstract. Event relations specify how different event flows expressed within the 
context of a textual passage relate to each other in terms of temporal and causal 
sequences. There have already been impactful work in the area of temporal and 
causal event relation extraction; however, the challenge with these approaches is that 
(1) they are mostly supervised methods and (2) they rely on syntactic and 
grammatical structure patterns at the sentence-level. In this paper, we address these 
challenges by proposing an unsupervised event network representation for temporal 
and causal relation extraction that operates at the document level. More specifically, 
we benefit from existing Open IE systems to generate a set of triple relations that are 
then used to build an event network. The event network is bootstrapped by labeling 
the temporal disposition of events that are directly linked to each other. We then 
systematically traverse the event network to identify the temporal and causal 
relations between indirectly connected events. We perform experiments based on the 
widely adopted TempEval-3 and Causal-TimeBank corpora and compare our work 
with several strong baselines. We show that our method improves performance 
compared to several strong methods. 
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1 Introduction 

Learning temporal and causal relationships between events that have been mentioned in a text 
is an important task in information extraction towards deeper language understanding (Qian et 
al., 2019; Zhang et al, 2018; Navarro-Colorado et al., 2016, Zheng et al., 2019, Ye et al., 2019, 
Fan et al., 2019). Temporal and causal relations can happen both between events within the same 
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sentence and between events across sentences in a document. Understanding relations between 
events in a document is beneficial to various Natural Language Processing applications such as 
question answering (Abacha et al., 2016; Ji et al., 2013; Qian et al., 2019), document 
summarization (Ji et al., 2013; Verhagen et al., 2010, Kim at al., 2018) and textual entailment 
(UzZaman et al., 2013; Verhagen et al., 2010). Moreover, identifying the causal and temporal 
relation between events is an important step in predicting occurrence of future events, and can be 
beneficial in risk analysis as well as proactive decision making (Hogenboom et al., 2016). 

 

 
 

Figure 1. Examples of direct event relations and indirect event relations in a textual document. 
 

An increasing amount of recent work has focused on recognizing temporal and causal event 
relations within a document, but mostly limited to identifying intra sentences causal relations 
with explicit causal indicators. Mirza & Tonelli (2014a) and Laokulrat et al. (2015) have 
reported that incorporating temporal information can improve the performance of a causal 
relation classifier. These authors have developed and annotated a causal corpus (Causal-
TempBank) based on the TempEval-3 corpus (Mirza and Tonelli, 2014a) for the task of causal 
event relation. Mirza and Tonelli (2016a) built both a rule-based multi-sieve approach and a 
feature-based classifier to recognize causal relations in Causal-TimeBank. These approaches to 
temporal and causal relation classification use machine-learning-based classifiers (Laokulrat et 
al., 2013; Laokulrat et al., 2015; Mirza et al., 2014; Miraza et al., 2016a) that are trained based 
on a predefined, finite and fixed schema of relation types. The common strategy of these 
techniques is to generate linguistic features based on syntactic, dependency, or shallow semantic 
structures of the text. Based on these features, supervised learning methods are used to identify 
pairs of events that are related to each other and can be classified into pre-defined relation types. 
However, the state-of-the-art approaches (Laokulrat et al., 2015; Mirza et al., 2016a) suffer from 
two key drawbacks. First, they are focused on a limited subset of features, which might not, in 
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many cases, be present in every sentence or be sparsely available. Second, training on linguistic 
structures such as the output of syntactic and dependency parsers does not necessarily identify all 
possible types of event relations when they are presented in different sentences or different 
documents. 

One of the challenges for obtaining comprehensive temporal and causal relations is that such 
event relations are possible in pair of events from sentences that are not similar in a document. 
The challenge is especially true for identifying cross-sentence temporal and causal event 
relations and they have no clear indicators in their relationships. For instance, considering the 
three sentences shown Figure 1, the events in both <e2-e3>, <e5-e8> are related to each other by 
the “BEFORE” temporal relation type. Here, while e2 and e3 are present in the same sentence, 
events e5 and e8 are in different sentences. As such, sentences that rely on features based on 
grammatical parsers can fail to identify correct relation types. We observe that events occur in 
action flows that happen throughout the documents. Therefore, for improving event relation 
identification, we consider an event network representation that involves the connections 
between event flows of a document and can capture cross-sentence event relations in a 
document. We address these challenges by adopting an Open Information Extraction (Open IE) 
approach (Corro et al., 2013; Vo & Bagheri, 2018), which is able to extract relations and their 
arguments without the need to restrict the search to predefined relation types, in order to build 
the event network for event relation extraction. We consider and incorporate all identified Open 
IE patterns that consist of at least one event instance in the event network, which is then 
systematically traversed for identifying temporal relations. As an example in Figure 1, both <e2-
e3> and <e5-e3> relations can be extracted from two Open IE patterns, namely (“President Bush”, 
“has approved”, “duty-free treatment for imports”) and (“Timex”, “had requested”, “duty-free 
treatment”), respectively. The event network is built based on such patterns identified and 
extracted by Open IE where each triple will be represented as two vertices connected by an edge. 
The traversal of this event network allow us to identify indirect relations through event 
coreference relations in the network. Furthermore, we employ a shortest path strategy to 
determine the event flow between two events based on the constructed event network. 

1.1 Research objective and contributions 

The main objective of this paper is to address the main two limitations of earlier work that 
rely on supervised methods at the sentence level for extracting event relations. To this end, our 
work is completely unsupervised and operates at the document level given its exploitation of 
Open IE techniques. We propose an event network representation that will be used for 
systematically extracting causal and temporal event relations. Our most significant contributions 
can be enumerated as follows: 

● We propose an event network structure primarily based on information from Open IE 
systems for extracting temporal and causal relations between events. The event network is 
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the basis for systematically exploring the event flow between events by considering how 
events can be reached from one another. 

● We present a method to measure the weight of event flows to detect shortest paths between 
events. Through the weight, shortest paths are identified that can ultimately lead to higher 
confidence event relation extractions. 

● We present algorithms for temporal and causal relation extraction that make it possible to 
reason over the set of relations observed in the event flow to make a determination about the 
relation between two events. Indirect relations are inferred through transitive inferences 
over direct relations. 

● Our approach works at the document level and hence can identify event relations between 
events that have been expressed across different sentences. This is made possible due to the 
linking of different events in the proposed event network whose linking transcends 
individual sentences and forms a representation of events in the document. 

The rest of this paper is organized as follows: literature related to the concept of event relation 
extraction is presented in Section 2. Section 3 offers detailed description of our proposed 
approach to construct an event network for event extraction.  Following that, we present the 
methods used for causal and temporal relation extraction. Section 4 offers an in-depth analysis of 
our experiments for temporal and causal event extraction where the results obtained from our 
proposed approach are compared to strong baseline methods. In the last section, we draw 
conclusions about the merits of our work and offer ways to advance our work in the future. 

2 Related work 

In the recent years, several approaches for temporal and causal relation extraction have been 
proposed that include those that employ linguistic patterns (Girju et al., 2009; Hashimoto et al., 
2014; Laylavi et al., 2017), statistical measures (Beamer and Girju, 2009; Hu et al., 2017; Hu and 
Walker, 2017; Do et al., 2011; Hashimoto et al., 2014; Ozdikis et al., 2016), lexical semantics of 
events (Riaz and Girju, 2013, 2014b; Hashimoto et al., 2014) and supervised classifiers (Mirza et 
al., 2014b, Mirza et al., 2016a, Zhao et al., 2018, Fei et al., 2019; Li et al., 2019), primarily with 
the goal of identifying event knowledge from a text corpus. In this study, we propose to build an 
event network based on Open IE in order to extract event relations on both (1) events that are 
directly related to each other, and (2) those that can be indirectly linked to each other through 
links in the event network. In this section, we present several studies that are related to our work. 

2.1 Event extraction 

Grishman et al. (2002), Tanev et al., (2008) and Fukui et al., (2019) present pattern-based 
approaches for event extraction that identify events in free text such as news, emails and health 
reports and derive detailed information about who did what to whom, where and when. 
Grishman et al. (2002) also built a complete system that automatically extracts and updates an 



 - 5 - 

event database of infectious disease outbreaks. The system has an extraction engine that is based 
on text zones including headline, date, text body to extract events using predefined event 
patterns. Tanev et al. (2008) identified syntactic patterns to extract events on violent and natural 
disaster news. Their method used several components in a pipeline to learn patterns through a 
semi-automatic pattern acquisition technique consisting of a small corpus that was manually 
annotated with event information. Regarding supervised learning, several approaches (Hardy et 
al., 2006; Ahn, 2006; Bethard and Martin, 2006; Ji and Grishman, 2008; Abebe et al., 2019; Fan 
et al., 2019; Ye et al., 2019, Zhang et al., 2019) train one or more classifiers that can extract 
events from textual documents. Ahn (2006) proposed a series of classification sub-tasks such as 
event anchor identifier, argument identifier, attribute assigner and event core reference module 
for event extraction. Bethard and Martin, (2006) designed an event extraction method using 
sequence tagging with the BIO (Begin-Inside-Outside) schema. The schema is used to trained 
features based on Support Vector Machines (SVM) over the TimeBank corpus (Pustejovsky et 
al., 2003). Furthermore, Ji et al. (2008) and Wang et al. (2017) train event relation classifiers 
based on the words and phrases of relation arguments that evoke events in the text. Li et al. 
(2011) used topic modeling to improve the process of event extraction. Their method operates by 
recognizing topic clusters for event extraction. Ye et al. (2019) proposed a general ranking based 
multi-label learning framework combined with convolutional neural networks to seek latent 
connection between relation types for event extraction. Zhang et al. (2019) presented a hybrid 
approach by combining semantic role labelling frames and lexicon of event nouns and Levin’s 
verb classes for event extraction over 20 event types related to socio-economic phenomena. 

2.2 Temporal event extraction 

Temporal event relations specify how different events expressed within the context of a 
textual passage relate to each other in terms of time sequence. Allen (1983) first introduced a 
transitivity table of temporal intervals for reasoning about events, e.g., the table determines if 
event e1 happens before event e2 and e2 happens before e3 that e1 happens before e3. Supervised 
methods (Chambers et al., 2008; Mani et al., 2007) have focused on formulating temporal 
features ordering around event pairs to formulate a classification task.  Mani et al., (2007) as well 
as Tatu and Srikanth (2008) have curated training data by exploiting external temporal resources 
to improve supervised learning for temporal relation extraction. Chambers and Jurafsky (2008b), 
UzZaman and Allen (2010) and Yoshikawa et al. (2009) take advantage of external information 
to enhance temporal logic transitivity constraints for pariwise classification. These methods face 
limitations related to the sparseness of event relations in a corpus (Chambers and Jurafsky, 
2008). 

Furthermore, Amigo et al., (2011) and Denis and Muller, (2011) presented an inference 
method over time graph to address limitations of constraint space to improve the identification of 
temporal relations. The time graph is built for representing temporal entities with edges as 
relations to predict the relationship between entity nodes. Moreover, UTTime (Laokulrat et al., 



 - 6 - 

2013) and NavyTime (Chambers, 2013) exploit data-driven analysis using syntactic information 
and lexical semantic information for classifying temporal relation types. These systems only 
exploited features at the sentence-level such as predicate-argument structure of relations in a 
sentence. Mirza et al. (2014b) and Mirza et al. (2016a) have proposed hybrid classification 
models (Chambers et al., 2014; D’Souza and Ng, 2013; Navarro-Colorado et al., 2016) for 
temporal event classification. They integrate rule-based and data-driven classifiers in a sieve-
based architecture for temporal ordering. The classifiers are ordered by their individual precision. 
After each classifier proposes a label, the architecture infers transitive links from the new labels, 
adds them to the temporal label graph and informs the next classifier about this decision. Hoang 
et al. (2018) have presented a method to predict a location and time in a tweet by enhancing 
tweet representation with prepositions before a proper noun. Regarding deep learning methods, 
Han et al. (2019) have proposed a deep structured learning framework to learn scoring functions 
for pair-wise relations and employed a structured support vector machine for temporal relation 
extraction. Zhang et al. (2019) have introduced a method to incorporate word and character level 
information by using features extracted from a deep neural model for event relation extraction. 
Junuthula et al. (2019) present a block point process model (BPPM) for continuous-time event-
based dynamic networks to analyze temporal relations between events in on-line social networks. 

2.3 Causal event extraction 

Recognizing causal relations between any two events is as challenging as detecting their 
temporal relation. In this context, Bethard et al. (2008) have collected conjoined event pairs from 
the Wall Street Journal corpus which described cause-effect relations for causal classification. 
Rink et al. (2010) improved Bethard et al.'s work by identifying relation types as a feature and 
proposed textual graph classification for causal event relation classification. Do et al. (2011) and 
Peng et al., (2016) have presented a method to measure causality on event triggers, e.g., relations 
on verb-verb, verb-noun and noun-noun between two events by using pointwise mutual 
information. They also used discourse information from trained corpus, e.g., connective types on 
Penn Discourse TreeBank (Do et al., 2011), as discourse connectives towards identifying 
causality between events. Ittoo and Bouma (2011) proposed causal patterns based on syntactic 
structure analysis in order to extract explicit and implicit causal relations. On other hand, Riaz 
and Girju (2013) extracted causal relations based on analyzing verbs between events. Recently, 
Mirza et al. (2014b) and Mirza et al. (2016a) presented a data-driven approach with rules to 
extract (explicit) causal relations between events from a text. The rule-based system relies on an 
algorithm that, given a term w belonging to affect, link, causative verbs or causal signals, looks 
for specific dependency where term w is connected to the two observed events. If such 
dependencies are found, a causal link (CLINK) is automatically set between the two events. Negi 
et al. (2019) have trained syntactic and dependency features in order to classify the causal 
relationship between drugs and medical conditions such as suspect drug or non-suspect drug. Li 
et al. (2019) have used a Knowledge-oriented Convolutional Neural Network (K-CNN) model 
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that incorporates human knowledge to capture the causal relationship, and a causal-oriented 
direction in order to learn cause-effect features for causal relation extraction. Fei et al. (2019) 
have proposed a method to use a recursive neural network that automatically learns syntactic 
features from dependency trees in order to represent global dependencies for biomedical event 
detection. 

2.4 Open Information Extraction 

Existing Open IE systems (Corro et al., 2013; Xu et al., 2013; Mausam et al., 2012; Vo & 
Bagheri, 2018) are able to automatically extract a set of relatively stable relations from a textual 
corpus based on some heuristic patterns such as through the analysis of the grammatical structure 
of sentences using dependency or syntactic parsing or part of speech tagging. In this paper, we 
exploit triple relations extracted by Open IE in order to construct an event network without the 
need to restrict the search to pre-specified semantic relations. We will cover a broader literature 
that is immediately related to Open IE system in this section. 

The emergence of a pioneering Open IE system such as TextRunner following the seminal 
work of Banko et al. (2007) brought a myriad of techniques to the fore in recent years with the 
stated aim of improving upon the original TextRunner. Currently, the majority of Open IE 
systems use a shallow syntactic representation (Banko et al., 2007; Wu et al., 2010; Fader et al., 
2011) or dependency parsing (Wu et al., 2010; Massan et al., 2012; Corro et al., 2013; Nebot et 
al., 2014) in the form of verbs or verbal phrases and their arguments. TextRunner (Banko et al., 
2007) and ReVerb (Fader et al., 2011) use automatically generated training data and syntactic 
analysis while WOEpos (Wu et al., 2010) trains the corpus automatically by procuring infoboxes 
from Wikipedia. TextRunner trains a Bayes classifier in an offline phase and consequently 
applies it for the efficient extraction of propositions in the online phase. To address the problem 
of incoherent and uninformative extractions, Fader et al. (2011) developed ReVerb, which 
effectively applies syntactical and lexical constraints. In the unique approach adopted by 
ReVerb, verbal relation sequences are initially extracted based on a set of POS patterns as 
opposed to extracting entities. The entities are subsequently identified around the relation 
sequences, sanctioning the system to extract all potential relation tokens between two entities. 
Using dependency parsing, WOEparse (Wu et al., 2010) expands on this and uses automatically 
generated training data to learn extraction patterns on dependency parsing. Mausam et al. (2012) 
present OLLIE based on various heuristics to obtain propositions from dependency parsers. 
Additionally, hand-labeled data is used to create a training set consisting of millions of relations 
extracted by ReVerb (Fader et al., 2011). OLLIE learns relation patterns from the dependency 
path and lexicon information engendering a space where relations that match the identified 
patterns can be extracted. On other hand, OIE approaches (Mirrezaei et al., 2015; Gamallo at al., 
2012; Schmidek and Barbosa, 2014) generally tend to exploit the information available on 
Wikipedia, DBpedia or Freebase for Open IE. Mirrezaei et al. (2013) address the failure of 
systems like ReVerb or OLLIE to extract noun mediated relations by proposing a promising 
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approach based on collecting patterns from texts by using Wikipedia, DBpedia, and Freebase to 
build sets of sentences illustrating the occurrence of particular relations. Gamallo at al. (2012) 
adopt a weakly-supervised rule-based approach with the goal of simplifying the linguistic 
structure of a sentence through partial dependency parsing. This is followed by the application of 
generic semantic extraction rules over the results which have been obtained via the distant 
supervision strategy. Schmidek and Barbosa (2014) propose to simplify sentences leveraging 
clauses, which are NER tagged. Through the use of the Naive Bayes classifier, the authors 
determine existing relationships between chunks for the purpose of connecting or disconnecting 
them at a lower computational cost in comparison to parsing.  

More recent Open IE systems, ClausIE (Corro et al., 2013) and Vo & Bagheri (2018) use 
dependency parsing and a small set of domain-independent lexica without any post-processing or 
training data. At the outset, the approaches exploit linguistic knowledge about the grammar of 
the English language to first detect clauses in an input sentence and to subsequently identify each 
clause type based on the grammatical function of its constituents. As a result, these methods are 
able to generate high-precision extractions and can be flexibly customized to adapt to the 
underlying application domain. 

3 Overview of the proposed approach 

Traditional methods for event relation extraction are primarily developed at the sentence level 
(Zhou et al., 2010; Mirza et al., 2016a) and hence do capture longer event relations that span 
over multiple sentences or across a document. In order to address this issue, we build our work 
on Open IE systems that are able to automatically extract triples in the form of (arg1, rel, arg2) 
representing basic propositions or assertions from text. The main benefit of using Open IE 
systems is that they are not limited to a sentence level restriction and can operate over a 
document. As such, we intend to address the limitation of earlier work by exploiting the 
characteristics of Open IE systems for identifying event relationships. To this end, we benefit 
from Open IE to build an event network that can capture temporal and causal event relations 
across different sentences at the document level. The proposed event network aims at identifying 
the temporal and causal event relations in a document, both within a sentence with direct links 
and across sentences with indirect links. Our method captures event relations from event flows 
by detecting paths in the event network. We present algorithms to analyze event flows in the 
proposed event network that will be used to identify temporal and causal event relations. An 
overview of our proposed approach is illustrated in Figure 2. As shown in the figure, we first 
exploit an Open IE system to extract relation triples in a document in order to build an event 
network (Figure 2a). For each triple extracted by the Open IE system, each of the two entities 
will form a node in the event network and an edge will be connecting the two nodes to each other 
(Figure 2b). Once the network is fully built, we identify potential temporal or causal relations 
between two nodes of the event network by performing specific forms of traversal on the event 
network (Figure 2c). 
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Figure 2. An overview of the proposed approach with (a) Open IE extraction, (b) event 
network construction, and (c) event flow extraction. 

 

3.1 Graph-based event network 

Our proposed graph-based event network is built directly from triples generated by Open IE 
systems. Two events that are present in the same extracted pattern are considered as two event 
nodes in the event network that are directly connected to each other with an edge. The 
collections of all the extracted Open IE triple patterns are used to complete the event network. 
Let us denote an event network as a graph G(V, E) where each vertex denotes an event and each 
edge denotes a relation. Based on the event network, the objective is to determine the existence 
and type of relation between two event nodes such as (X, Y) expressed as R(X, Y). In the event 
network, identifying temporal and causal event relations will involve the consideration of event 
flows in the form of network paths. For example, given a network with set of relation nodes (e2, 
e3), (e3, e11), (e11, e12), (e2, t1) shown in Figure 2b, in order to determine the relation (e2, e12), we 
need to identify the network path (e2 → e3 → e11 →e12) between e2 and e12. It can be observed 
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that the relations between (e2, e3), (e3, e11) and (e11, e12) are informative indicators for predicting 
the relation (e2, e12). Based on such a network path and if we know that event e2 began 
concurrently with event e3, and e12 started before the occurrence of event e11 and e3, then we can 
determine that event e2 happened after e12. 
 

 

Figure 3. Building a sample event network with events e2, e3, e11, e12 and e10. (a) Open IE 
relation triples; (b) constructing the event network with matching arguments; (c) finalizing the 

construction of the event network after matching. 
 
Let us first cover the process through which we build the event network. The basic idea 

behind building the event network is that it operates based on a set of Open IE triples and a set of 
events representing the arguments of these triples. Summarily, we process each triple produced 
by the Open IE system by creating a matching vertex for each of the triple’s arguments in the 
event network. The two vertices corresponding to the triple arguments would then be linked 
together through an edge in the event network. It should be noted that a matching method is used 
in order to ensure that events already identified in previous triples do not represent new vertices 
and are matched to existing vertices in the event network, e.g.  events e3 and e11 shown in 
Figures 3a and 3b are matched with each other as they both reference “duty-free treatment”. 
After processing each individual triple and creating corresponding vertices and edges, as well as 
ensuring that similar vertices are folded into one to avoid duplicates, the resulting graph forms 
our intended event network.  

Now given this event network and by considering the shortest path between each pair of 
nodes in the network (Olya et al., 2014), it is possible to infer the type of the event relation 
between source and target nodes based on the set of event relations observed on the shortest path. 
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Indirect event relations can be inferred through transitivity of relations (Allen, 1984; Laokulrat et 
al., 2015) on direct relations as shown in Figure 4. For instance, consider events e1 and e4 in 
Figure 4a. Given the fact that the shortest path between events e1 and e4 passes through e2, it is 
possible to infer that because event e1 happened before e2 and e2 occurred prior to event e4 that e1 
also happened before e4. 

 

 
Figure 4. Inferred relations; (a) Inferred sample relations in a three node path (e1-e4, e2-e3, e1-

e5, e4-e5) with b: before; i: includes; a: after; (b) Recursively inferred relations. 

 
 

Input:     Graph G = (V, E) 
                Pair of events {X, Y} 
Output:  Type of relation R(X, Y) 
   
  1:   if Direct(X, Y) ∈"G then 
  2:          R(X, Y) ← Rules(E{X, Y}, G)"
  3:          Update(G) 
  4:   else if Indirect(X, Y) ∈"G then 
  5:                 R(X, Y) ← Time{X,Y} ⊕"Tense{X,Y} 
  6:                 Update(G)  
  7:          if  R(X, Y)=NULL then 
  8:                         Event-flow{X,Y} ← Shortest-path({X, Y}, G)) 
  9:                         Rules(Event-flow{X,Y}, G)  
10:                         R(X, Y) ←Infer(Event-flow{X,Y}) 
11:                         Update(G) 
12:          end if 
13:  return R(X, Y) 

Algorithm 1. The outline of the process for identifying temporal relations. 
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3.2 Temporal relation identification 

According to the TempEval-3 task description (Mirza et al., 2016a and Laokulrat et al., 2015), 
two pairs of temporal events can be related to each other through one of four groups, namely 
Timex-Timex, Event-DCT, Event-Timex and Event-Event where DCT denotes Document 
Creation Time and Timex denotes Temporal Expressions. A pair of temporal entities, including 
events and temporal expressions, annotated as a temporal relation, is called a TLINK. Temporal 
relation recognition is the task of classifying TLINKs into temporal relation types. It uses a 
complete set of TLINK relations, which consists of 13 types of temporal relations shown in 
Table 1.  

In this paper, we present a method to extract both direct and indirect temporal event relations 
in the event network. The objective is to determine the existence and type of temporal relation 
between two event nodes such as (X, Y) expressed as R(X, Y) in the event network. Algorithm 1 
presents the pseudo-code for our proposed algorithm for identifying temporal relations. The 
basic idea behind our algorithm is that it takes a Graph G(V, E) and a pair of events (X, Y) and 
subsequently determines relation R(X, Y). Our algorithm distinguishes between relations whose 
nodes are directly connected to each other in the network, denoted by Direct(X, Y), and those 
events whose nodes are not directly connected, shown as Indirect(X, Y). If the relation is 
concerned with two directly connected events, we employ a rule-based model to determine the 
type of the relationship. 

 
Table 1. Temporal relation types1. 

Relation Description 
BEFORE One before the other 
AFTER One after the other 
BEGINS One being the beginning of the other 
BEGUN_BY One being begun by the other 
DURING One holding during the duration of the other 
END_BY One being ended by the other 
ENDS One being the ending of the other 
IBEFORE One immediately before the other 
IAFTER One immediately after the other 
IDENTITY Referring to the same event 
INCLUDES One including the other 
IS_INCLUDES One being included in the other 
SIMULTANEOUS One is simultaneous with the other 

                                                             
1 http://www.timeml.org 
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Determining temporal relation types for direct relations 

Inspired by the work in Chambers et al. (2014) and Mirza et al. (2016a), the temporal rule-
based model relies on hand-crafted rules. In the rule-based model, we separate temporal 
constructs containing temporal features of event relations. Some of the relations between the 
events are captured based on morpho-syntactic information from their textual expression. Several 
relations are based on semantic information such as typical event duration while other relations 
are computed independently based on dependency paths. We also include rules for predicting 
relations between reported events (Timex and DCT events) and other events based on their time 
characteristics and syntactically captured tense. We introduce four categories of rules as follows: 

 
Timex-Timex (T-T).  For Timex-Timex  relations, we take temporal expressions such as DATE, 
TIME and DURATION into consideration and then identify the relation types based on their 
normalized values. For example, the day after last Monday will be normalized into 15-Jan-2019 
if last Monday was 16-Jan-2019. 

 
Event-DCT (E-DCT). To predict relation types of Event-DCT event pairs, the rules are based 
on tense and aspect of entity events. For instance, the event entity “will attackE”, which is in the 
future tense will be recognized as “AFTER”. We define separate rules as follows: 

 

 if e ∈ Tense(PAST) then label(BEFORE) 
 if e ∈ Tense(PRESENT) and Tense_Progressive (E, D) then 
label(INCLUDES) 
 if e ∈ Tense(FUTURE) then label(AFTER) 

 
Event-Timex (E-T).  The rules built for Event-Time exploit the senses of prepositions 
(Litkowski and Hargraves, 2006; Litkowski, 2014). We consider extracting the dependency path 
between an event e and a timex t via modifiers. Six types of time prepositions are defined for 
constructing the rules such as STARTTIME (e.g., from, since), ENDTIME (e.g., until), 
DURATION (e.g., during), FOLLOWTIME (e.g., after), PRECEDINGTIME (e.g., before), and 
POINTTIME (e.g., in, on, at). For instance, when t is presented in the POINTTIME form and its 
dependency modifier is compound, the event relation will be recognized as ‘IS INCLUDED’. 
These rules are defined as follows: 

 

 if DP NMOD(E, T) ∈ STARTTIME then label(BEGUN_BY) 
 if DP NMOD(E, T) ∈ ENDTIME then label(END_BY) 
 if DP NMOD(E, T) ∈ DURATIONTIME then label(DURING) 
 if DP NMOD(E, T) ∈ FOLLOWTIME then label(AFTER) 
 if DP NMOD(E, T) ∈ PRECEDINGTIME then label(BEFORE) 
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 if DP NMOD(E, T) ∈ POINTTIME then label(IS_INCLUDED) 
Event-Event (E-E). The rules for event pairs (e1,e2) are constructed in two sets based on 
dependency paths and the verbs surrounding the events. We extract the dependency path between 
event e1 and event e2 to build the first set of rules. For the second set, the rules are built based on 
the tense aspects of events e1 and e2. For instance, if event e2 is the logical subject of e1 as in 
“...the chain reaction touchede1 off by the collapsee2 of Soviet Union”, events e1 and e2 are 
connected by an AFTER relation. The following rules are based on the tense aspect of each event 
as follows: 
 

  if DP LGS-PMOD(e1, e2) and VERB-AUXPASS(e1) then label(AFTER)  
  if DP LOC-PMOD(e1, e2) and AVERB-LOC(e1) then label(IS_INCLUDED) 
  if DP XCOMP(e1, e2) and PROGRESSIVE(e1) then label(SIMULTANEOUS) 
  if DP XCOMP(e1, e2) and VERB-TERMINATION(e1) then label(ENDS) 
  if DP XCOMP(e1, e2) and VERB-INITIATION (e1) then label(BEGIN) 
  if DP XCOMP(e1, e2) and VERB-CONT(e1) then label(INCLUDES) 
  if DP XCOMP(e1, e2) then label(BEFORE) 

Determining temporal relation types for indirect relations 

Once the type of relations for the events that are directly connected to each other in the event 
network are determined based on the introduced rule sets, we determine the relation types for 
indirect relations based on their event flow. Algorithm 1 proceeds to detect types of each event 
relations primarily based on transitivity between direct relations in the shortest path between any 
given two events as shown in Figure 4a. It is possible to reason over the set of temporal relations 
observed on the shortest path to make a determination about the type of temporal relation 
between the two source and target events. In our work, indirect relations are inferred through 
transitivity of temporal relations (Allen, 1983; Laokulrat et al., 2015). The possible transitive 
inferences for temporal relations are shown in Table 2. The table shows how a transitive 
inference will be made given the temporal relations shown on the columns and rows of the table. 
For instance, if event X occurs BEFORE event E and event E happens immediately BEFORE 
event Y, we can infer a new temporal relation “X happens BEFORE Y” based on transitive 
inference in Table 2 (the cell at the intersection of the BEFORE column with the BEFORE row). 
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Table 2. Transitive inference for determining of indirect temporal relation types. UNDEF denotes undefined relation. 

 BEFORE AFTER IBEFORE IAFTER IDENTIFY INCLUDES IS_INCLUDED DURING SIMULTANEOUS BEGINS BEGUN_BY END END_BY 
BEFORE BEFORE UNDEF BEFORE UNDEF BEFORE BEFORE UNDEF BEFORE BEFORE BEFORE BEFORE UNDEF BEFORE 
AFTER UNDEF AFTER UNDEF AFTER AFTER AFTER UNDEF UNDEF AFTER UNDEF AFTER AFTER AFTER 
IBEFORE BEFORE UNDEF BEFORE UNDEF IBEFORE BEFORE UNDEF UNDEF BEFORE BEGIN BEGIN UNDEF BEFORE 
IAFTER UNDEF AFTER UNDEF AFTER IAFTER AFTER UNDEF UNDEF AFTER UNDEF AFTER IAFTER IAFTER 
IDENTIFY BEFORE AFTER IBEFORE IAFTER INDENTIFY INCLUDES IS_INCLUDED DURING SIMULTANEOUS BEGINS BEGUN_BY END END_BY 
INCLUDES UNDEF UNDEF UNDEF UNDEF INCLUDES UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF 
IS_INCLUDED BEFORE AFTER BEFORE AFTER IS_INCLUDED UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF 
DURING BEFORE AFTER BEFORE AFTER DURING UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF 
SIMULTANEOUS UNDEF UNDEF UNDEF UNDEF SIMULTANEOUS UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF 
BEGINS BEFORE AFTER BEFORE IAFTER BEGINS UNDEF UNDEF UNDEF UNDEF BEGINS UNDEF UNDEF UNDEF 
BEGUN_BY UNDEF AFTER UNDEF END_BY BEGUN_BY UNDEF UNDEF UNDEF UNDEF UNDEF BEGUN_BY UNDEF UNDEF 
ENDS BEFORE AFTER IBEFORE AFTER END UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF END UNDEF 
END_BY BEFORE UNDEF IBEFORE UNDEF END_BY UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF UNDEF END_BY 
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Input:     Graph G = (V, E) 
                Pair of events {X, Y} 
                List of CA Verbs K 
Output:  Type of relation R(X, Y) 
 
  1:   if Direct(X, Y) ∈"G then 
  2:          R(X, Y) ←Causal-Rules(K, E{X, Y}, G)"
  3:          Update(G) 
  4:   else if Indirect(X, Y) ∈"G then 
  5:                    Event-flow{X,Y} ← Shortest-path({X, Y}, G)) 
  6:                    Causal-Rules(K, Event-flow{X, Y}, G)  
  7:                    R(X, Y) ←Infer(Event-flow{X, Y}) 
  8:                    Update(G) 
  9:           end if 
10:  return R(X, Y) 

Algorithm 2. The process for identifying causal event relations. 

3.3 Causal relation identification 

Similar to temporal relations, we propose an algorithm for identifying causal relations 
(CLINK/CLINK-R) based on the proposed event network shown in Algorithm 2. The process for 
identifying causal relations follows the same flow as that of determining temporal relations. We 
distinguish between direct and indirect relations.  

Determining causal relation types for direct relations 

In the case of direct relations, we identify terms that belong to affect, link or causative verbs 
and find specific dependent structures in which such terms are associated with two directly 
related events. For instance, one could determine a causal relation between a pair of events (e1, 
e2) when there exists a causal verb v, for which e1 is the subject of verb v, and e2 is either object 
of v or complement of v. Such relations between events and causal verbs are usually expressed 
syntactically; therefore, we define rules for identifying pairs of events being related to a causal 
verb in a causal construct by looking at their dependency paths. If such dependencies are found, 
a CLINK/CLINK-R is automatically set between the two events. Table 3 shows the details of 
dependency paths for this purpose. We consider three types of interactive causal verbs between 
events as Subject → Verb, Verb → Object and Verb → Verb in order to define the rules. For 
example, in the case of Subject → Verb and Verb → Object, an event e1 is predicate complement 
of cause verb v whose object is event e2 showing dependencies PRD-IM and OBJ, 
respectively. For instance, in the sentence “The assessmente1 was to stopv their investmente2 ...”, 
‘e1 causes e2’ because PRD-IM(assessment, stop) and OBJ(stop, investment). 
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Table 3. Dependency paths between two events with causal verbs. 
 

Types Dependency path 
Subject(e1) → Verb  
     + e1 is subject of v SBJ 
     + v is predicative complement of e1 PRD-IM 
     + v is modifier of e1 (nominal) NMOD 
     + v is apposition of e1 APPO 
     + v is general adverbial of e1 ADV 
     + v is adverbial of purpose/reason of e1 PRP-IM 
Verb → Object(e2)  
     + e2 is object of v OBJ 
     + e2 is logical subject of v (passive verb) LGS-PMOD 
     + e2 is predicative complement of v (raising/control verb) OPRD, OPRD-IM 
     + e2 is general adverbial of v ADV-PMOD 
     + e2 is adverbial of direction of v DIR-PMOD 
     + e2 is modifier of v (adjective or adverbial) AMOD-PMOD 
Verb(e1) → Verb(e2)  
     + v2 is predicate of v1  XCOMP 

 
Our work differentiates itself from Mirza et al. (2016a), which uses a predefined set of causal 

verbs that could face limitations when used in an open domain. In our work, we define the causal 
verbs for the rules presented in Table 3 by measuring the causality association (cause-effect) 
between a pair of events e1 and e2 (Do et al., 2011). In order to calculate cause-affect association, 
we measure pointwise mutual information (PMI) using two separate components between events 
with verbs, where we denote Ppp by measuring the association between event predicates, and Ppa 
by measuring the association between the predicate of an event and the arguments of the other 
event. Specifically, we measure cause-affect association (CA) as follows:  

 
!" !!, !! = !!! !!, !! + !!" !!, !! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(1) 

where !!! !!, !!  is defined as: 

!!! !!, !! = !"# !!! ,!!! ×!"# !!! ,!!! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(2) 
 

which takes into account the PMI between verbs !!! and !!!of event e1 and e2, respectively. In 
Suppes’ Probabilistic theory of Causality (Suppes, 1970; Do et al., 2011), the author showed that 
the first event e1 is a possible cause of the second event e2, if e1 happens more frequently with e2 
than by itself, i.e. P(e1) > P(e2). This can be easily rewritten as P(e1, e2)/P(e1)P(e2) > 1, similar to 
the definition of PMI: 

!"# !!! ,!!! = log ! !!! ,!!!
! !!! ! !!!!

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(3) 

and,  



 - 18 - 

!"# !!! ,!!! = log !
1+ ! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(4) 

where T is the total triple tuples and N is the number of triple tuples that contains !!! ,!!!. 

We further define !!,! !!, !!  as follows: 

!!" !!, !! = 1
!!!

!"# !!! ,! +
!∈!!!

1
!!!

!"# !!! ,!
!∈!!!

!!!!!!!!!!!!!!!!!!!(5) 

 

where !!! and !!! are the list of arguments from T that contain e1 and e2, respectively. 
 

Determining causal relation types for indirect relations 

Now for indirect causal relations, on the basis of the transitivity process proposed by Allen 
(1983), we construct a set of inference relations in order to determine the transitivity of causal 
relations on both causal relation → causal relation (CLINK→CLINK) and causal relation → 
temporal relation (CLINK→TLINK) as shown in Figure 5. Regarding the transitive process for 
CLINK→CLINK (Figure 5a), we base it on the characteristics of causal relations such that if 
event e1 causes event e2 and event e2 causes event e3, then e3 will be considered to depend on e1. 
Therefore, a transitive relation will be made between e1 and e3 as e1 causes e3. Regarding 
CLINK→TLINK relations, the first part of the relation represents a causal dependency between 
two events while the second part of the relation expresses a temporal relation. In such cases 
(Figure 5b), similar to CLINK→CLINK, a new transitive causal relation can be generated 
between events in causal and temporal relations. For instance, when event e1 causes event e2 and 
event e3 has a temporal relation with event e2, this could, in the case of reverse temporal 
dependent relations, mean that event e3 is dependent on event e1. Consequently, event e1 will 
cause event e3. Similar to Mirza et al., (2016b), we classify these reverse temporal dependent 
relations where e3 is dependent on e2 as IDENTITY, DURING, INCLUDES, BEGINS, ENDS 
and SIMULTANEOUS. For the case of temporal dependent relation in CLINK→TLINK’ 
(Figure 5c), although e2 is dependent on e1 but e3 is not dependent on e2. Therefore, a relation, 
expressed as “UNDEF”, is defined between e1 and e3. The list of temporal dependent relation 
where a clear causal relation cannot be inferred from them include IAFTER, IBEFORE, 
IS_INCLUDED, BEGUN_BY and ENDED_BY. In summary, the details of the transitive 
inference process is presented in Table 4. We exploit our proposed event network to detect 
CLINK between e1 and e2 and TLINK between e2 and e3 for predicting a causal relation between 
e1 and e3 by following the set of transitive inference rules that are listed in Table 4, e.g., if e1 
CLINK e2 and e2 IDENTITY e3, then we infer a new causal relation ‘e1 CLINK e3’. 
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Figure 5. Transitivity process of causal relation. a) Causal relation (CLINK) → causal relation 
(CLINK); b) Causal relation (CLINK) → temporal reverse dependent relation (TLINK); c) 

Causal relation (CLINK) →temporal dependent relation (TLINK’). 
 

Table 4. Transitive inference of causal relation types. UNDEF specifies undefined relation. 

 CLINK  CLINK-R 
Causal link   

  CLINK CLINK UNDEF 
  CLINK-R UNDEF CLINK-R 

Reverse temporal dependent link   
  IDENTITY CLINK CLINK-R 
  DURING CLINK CLINK-R 
  INCLUDES CLINK CLINK-R 
  BEGINS CLINK CLINK-R 
  ENDS CLINK CLINK-R 
  SIMULTANEOUS CLINK CLINK-R 

Temporal dependent link   
  IAFTER UNDEF UNDEF 
  IBEFORE UNDEF UNDEF 
  IS_INCLUDED UNDEF UNDEF 
  BEGUN_BY UNDEF UNDEF 
  ENDED_BY UNDEF UNDEF 

4 Performance Evaluation 

We have proposed methods to extract event relations based on the proposed event network 
aiming at two tasks: 1) Temporal event extraction and 2) Causal event extraction. In this section, 
to carry out evaluations for these tasks, we conduct experiments on several benchmark datasets 
and compare the performance of our proposed work with strong baseline methods. Particularly, 
in the first task, we use TempEval-3 corpora. Furthermore, Causal-TimeBank corpora, developed 
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by Mirza et al. (2014a), will be used for the second task. We employ LS3RyIE (Vo & Bagheri, 
2018) and Open IE 52, which are Open IE systems, to extract relation instances for constructing 
the event network: 

• Open IE 5. This IE system, which is a combination of the OLLIE (Masam et al., 2012), 
RelNoun (Pal et al., 2018), CALMIE (Saha et al., 2018) and SRLIE (Christensen et al., 
2016) methods, performs deep analysis on the identified verb-phrase relations and then 
extracts all relations mediated by verbs, nouns, and adjectives, among others.  

• LS3RyIE. This IE system is an extension of the work by ClausIE (Corro et al., 2013) and 
exploits linguistic knowledge about the grammar of the English language to detect 
clauses based on the grammatical function of its constituents. 

Note that, we only consider triples which contain event entities for building the network. Note 
that, reference mapping was also applied to enhance node matching in the event network. We 
calculated the context from the Open IE patterns using cosine similarity on term frequency 
vector then merged those nodes with a score ≥ 0.5 We will show how our proposed work can 
identify temporal and causal relations and reduces the number of erroneous relation types 
compared to previous baseline approaches. 

4.1 Temporal event relation extraction 

4.1.1 Experimental dataset 

For benchmarking our approach in this task, we have conducted experiments on the 
Tempeval-3 corpora task C. TempEval-3 (Pustejovsky et al., 2006) consists of an annotated 
corpus of temporal relations that was created following the TimeML specification (Sauri et al., 
2006). It contains news articles with 183 training documents and 20 testing documents, with just 
over 61,000 non-punctuation tokens, coming from a variety of news reports, specifically from 
outlets such as ABC, CNN, PRI, VOA, Wall Street Journal and newswire from AP and NYT. 
The task of TempEval-3 corpus has been designed by UzZaman et al. (2013) at SemEval-2013, 
with a complete set of 13 TLINK types. We use the same training and test data released in the 
context of Tempeval-3 for evaluation. The distribution of the relation types in training and test 
datasets is shown in Table 5. 

Table 5. Details of the TempEval-3 corpus. 
 

Corpus Documents  Open IE 5 
triples 

LS3RyIE triples #relations 

Training dataset 183 2,398 2,537 2,191 
Testing 20 896 968 1,173 

 
                                                             
2 https://github.com/dair-iitd/OpenIE-standalone 
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Sentence 1: “Imports of the types of watchese20 that now will be eligiblee21 for duty-free 
treatmente25 totaled(event3) about $ 37.3 million in 1988txm2, a relatively small share of the $1.5 
billion in U.S. watch imports that yeartmx3, according to an aide to U.S. Trade Representative 
Carla Hills”. 
!

Open IE 5: 
t1$1:!(the!$!1.5!billion!in!U.S.;!watch;!imports;!T:that!year)!

t1$2:!(Imports!of!the!types!of!watches;!totaled;!about!$!37.3!million;!T:in!1988;!

according!to!an!aide!to!U.S.!Trade!Representative)!

t1$3:!(watches;!will!be;!eligible!for!duty$free!treatment;!T:now)!

t1$4:8!(Carla!Hills;![is]!Trade!Representative![from];!United!States)!

!

LS3RyIE: 
t1$5:!("Imeports!of!the!types!of!watches!",!"will!be",!"eligible!now")!

t1$6:!("Imports!of!the!types!of!watches!",!"will!be",!"eligible!for!duty$free!

treatment")!

t1$7:!("Imports!of!the!types!of!watches!",!"will!be",!"eligible")!

t1$8:!("Imports!of!the!types!of!watches",!"totaled",!"about!$!37.3!million!in!1988!a!

relatively!small!share!of!the!$!1.5!billion!in!U.S.!watch!imports!that!year!

according!to!an!aide!to!U.S.!Trade!Representative!Carla!Hills")!

t1$9:!("Imports!of!the!types!of!watches",!"totaled",!"about!$!37.3!million!a!

relatively!small!share!of!the!$!1.5!billion!in!U.S.!watch!imports!that!year!

according!to!an!aide!to!U.S.!Trade!Representative!Carla!Hills")!

t1$10:!("Imports!of!the!types!of!watches",!"totaled",!"about!$!37.3!million")!

 
Sentence 2: “Polls have showne31 public supporte32 for a republic increasinge33, risinge34 from 
about 35 percent several years agotmx10 to about 51 percent this yeartmx11, as pro-monarchist 
sentiment diminishes.” 
!

Open IE 5: 
t2$1:!(Polls;!have!shown;!public!support!for!a!republic!increasing)!

!

LS3RyIE: 
t2$2:!("Polls",!"have!shown",!"public!support!for!a!republic!increasing!rising!from!

about!35!percent!several!years!ago!to!about!51!percent!this!year!as!pro$monarchist!

sentiment!diminishes")!

t2$3:!("a!republic!increasing",!"be!rising",!"from!about!35!percent!several!years!

ago!to!about!51!percent!this!year")!

t2$4:!("a!republic!increasing",!"be!rising",!"from!about!35!percent!several!years!

ago!as!pro$monarchist!sentiment!diminishes")!

t2$5:!("a!republic!increasing",!"be!rising",!"from!about!35!percent!several!years!

ago")!

t2$6:!("pro$monarchist!sentiment",!"diminishes") 

Table 6. Extraction samples on Open IE 5 and LS3RyIE systems. 
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Figure 6. Samples of event networks from LS3RyIE and Open IE 5; a) Event network on 
document wsj_0026; b) Event network on document nyt_20130322; and c) Event network on 

document APW19980301.0720. 

LS3RyIE: #events: 26; #fragments: 
3 

Open IE 5: #events: 20; #fragments: 
3 

LS3RyIE: #events: 29; # fragments: 
2 

Open IE 5: #events: 24; # fragments: 
2 

LS3RyIE: #events: 87; # fragments: 4 Open IE 5: #events: 87; # fragment: 5 

(A) 

(B) 

(C) 



 - 23 - 

We compare our method with several strong baseline approaches designed for Task C of 
TempEval-3 named UTTime (Laokulrat et al., 2013), TRelPro (Mirza et al., 2014b), Laokulrat et 
al. (2015) and CATENA (Mirza et al., 2016a). UTTime (Laokulrat et al., 2013) exploited 
features at the sentence-level such as predicate-argument structure of relations in a sentence 
using syntactic information and lexical semantic information to classify temporal relation types 
by SVM. TRelPro (Mirza et al., 2014b) employed an SVM classifier based on event linguistic 
features such as POS tags, chunking, and dependency paths. Laokulrat et al. (2015) extracted 
temporal event relations using time graphs and stacked learning. Staked learning is a supervised 
learning framework that performs temporal inference based on local and non-local features for 
temporal relation classification. CATENA (Mirza et al., 2016a) integrated rule-based models and 
data-driven classifiers using linguistic features based on the analysis of the syntactic features, 
dependency features, and shallow semantic structure of text. The system predicts temporal 
relation types using three supervised classification models on E-D, E-T, E-E using SVM. 

4.1.2 Evaluation Results 

We evaluate our algorithm on both training and testing datasets for predicting event relations 
because our approach is unsupervised in nature. We first extracted triple patterns from Open IE 
systems to construct the proposed event network in each document. We built the event network 
based on the generated Open IE triples extracted by the LS3RyIE and Open IE 5 systems. As a 
result of this process, 968 and 2,537 triples were generated by LS3RyIE while Open IE 5 
generated 2398 and 916 triples that were then used to build the event network for the testing and 
training sets, respectively. Several sample triples extracted from similar sentences using Open IE 
5 and LS3RyIE are shown in Table 6. In light of the fact that LS3RyIE explores the clause 
structure of the sentence, the system has extracted a higher number of triples. In the process of 
exploring the clause structure, the adverbials in a clause are considered in addition to the verb or 
verbal phrases adverbials for extraction. LS3RyIE generated 4 triples and 6 triples in Sentence 1 
and Sentence 2, respectively. Regarding Open IE 5, the system extracts verb phrase-based 
relations building a set of syntactic and dependency constraints to identify relations based on 
verb phrases then finds a pair of arguments for each identified relation phrase. Open IE 5 
extracted 4 triples and 1 triples in Sentence 1 and Sentence 2, respectively. We observed that 
number of extractions of LS3RyIE and Open IE are seemly similar in Sentence 1. However, 
Open IE 5 focuses on the main verb and the information surrounding it that could limit the 
identification of the subject and object when faced with a long sentence. For example, the system 
fails to identify the subject and object in the structure between “republic” and “rising” in 
Sentence 2. Consequently, several events that describe entity events or temporal events, e.g., 
“rising”, “year ago”, “this year” and “diminishes”, are missing from the extracted triples from 
Open IE 5. In the process of building the event network, an event network is effectively 
constructed when most of events are extracted and fully presented in the network based on 
extracted triples from Open IE systems. One of the important considerations that impacts the 
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quality of relations between events is the coherence in the network. An effective network will 
show a strong coherence of events when it has fewer fragments with a high number of extracted 
events. Figures 6 shows some samples of event networks based on the extracted triples from 
LS3RyIE and Open IE 5. LS3RyIE has fewer fragments with a higher number of extracted 
events compared to Open IE 5 when building an event network for the same three documents. 
The networks have (#events=26; #fragments=3), (#events=29; #fragments=2), and (#events=87; 
#fragments=4) for documents wsj_0026, nyt_20130322 and APW19980301.0720 based on 
LS3RyIE, respectively. Using Open IE 5, the networks have with (#events=20; #fragments=3), 
(#events=24; #fragments=2), and (#events=87; #fragments=5) for documents wsj_0026, 
nyt_20130322 and APW19980301.0720, respectively. 

 

Table 7. Experimental results on four relation types on the TempEval-3 corpus. 

Categories Open IE 5 LS3RyIE 
Precision Recall F-measure Precision Recall F-measure 

Training set       
      BEFORE 58.51 44.44 50.51 75.74 62.77 68.65 
      AFTER 55.97 36.95 44.51 76.56 59.80 67.15 
      BEGINS 21.05 14.29 17.02 62.50 52.63 57.14 
      BEGUN_BY 20.00 12.50 15.38 75.00 50.00 60.00 
      DURING 18.42 13.72 15.73 75.00 64.29 69.23 
      END_BY 15.79 11.11 13.04 36.36 36.36 36.36 
      ENDS 25.00 20.00 22.22 55.55 55.55 55.55 
      IBEFORE 100.00 60.00 75.00 83.33 50.00 62.50 
      IAFTER 60.00 30.00 40.00 85.00 70.00 76.77 
      IDENTITY 43.75 26.42 32.94 66.67 50.54 57.50 
      INCLUDES 49.71 37.83 42.96 57.89 49.25 53.22 
      IS_INCLUDED 64.95 49.44 56.14 72.65 59.44 65.38 
      SIMULTANEOUS 30.98 19.13 23.65 57.35 48.75 52.70 
Testing set       
      BEFORE 69.80 45.82 55.32 77.54 60.17 67.76 
      AFTER 62.93 39.25 48.35 74.03 59.07 65.71 
      BEGINS 66.66 66.66 66.66 50.00 50.00 50.00 
      BEGUN_BY 50.00 33.33 40.00 80.00 75.50 77.68 
      DURING 50.00 50.00 50.00 66.66 25.00 36.36 
      END_BY 100.00 50.00 66.67 50.00 33.33 40.00 
      ENDS 50.00 33.33 40.00 100.00 66.66 80.00 
      IBEFORE 50.00 33.33 40.00 66.66 66.66 66.66 
      IAFTER 60.00 50.00 54.55 70.33 43.25 53.56 
      IDENTITY 09.09 09.09 9.09 33.33 40.66 36.63 
      INCLUDES 48.07 34.25 40.00 64.52 53.34 58.40 
      IS_INCLUDED 72.80 52.30 60.87 83.01 69.39 75.59 
      SIMULTANEOUS 24.39 14.93 18.52 40.81 28.57 33.61 
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It should be noted that unlike the baselines that are supervised temporal relation extraction 
methods, our work is completely unsupervised and as such we do not require separate training 
and testing datasets. For this reason, we report the performance of our work on the data available 
in both sets. Table 7 shows the detailed performance of our proposed approach over 13 relation 
types. Among the relation types, our approach obtains high performance in BEFORE, IBEFORE, 
and IS_INCLUDED temporal relation types. The BEFORE relation type yielded 68.65% and 
67.76% of F-measures based on LS3RyIE and 50.51% and 55.32% of F-measures based on 
Open IE 5 on the two parts of the dataset and the IS_INCLUDED relation type obtained 65.38% 
and 75.59% of F-measures in LS3RyIE and 56.14% and 60.87% of F-measures in Open IE 5 in 
training and testing datasets, respectively. Our method is successful in recognizing event relation 
types due to the use of transitivity between direct and indirect links in the event network. We 
observed that several relations are affected or dependent on other relations in the event flow, e.g., 
it is possible to predict  BEFORE(e1→e3) in the path e1→e2→e3 when it is presented as 
BEORE(e1→e2), and IS_INCLUDED(e3→e2). This explains also the large number of positively 
predicted temporal relation types in our work. 

However, our method obtained lower results in a few relations such as DURING, END_BY, 
and SIMULTANEOUS. Upon further exploration of these relations, we found that the Open IE 
systems used in our experiments struggles to identify the required triples for these relation types 
primarily due to the sparseness of the DP link in these events. For instance, when predicting the 
SIMULTANEOUS relation between e1 and e2 in the following sentence “… refere1 to U.N. 
resolution 425 in a speech …that would not be attacked, Yitzhak Mordechai saide2 at that time.”, 
the Open IE system could not extract the direct triple (e1, e2), (“a speech”, “said”) or (“a 
speech”, “time”) because there were no dependency parsing (DP) links  between them. As such, 
these events were not directly connected to each other in the event network and therefore the 
relation type was not subsequently identified. 

Table 8. Experimental results on four types of temporal event relations. 

Categories Open IE 5 LS3RyIE 
Precision Recall F-measure Precision Recall F-measure 

Training set       
   E-E 37.28 22.46 28.03 60.63 41.81 49.49 
   E-T 64.12 42.25 50.94 84.82 73.21 78.58 
   E-D 66.25 61.92 64.01 88.24 87.50 87.86 
   T-T 41.30 25.00 31.15 62.50 62.50 62.50 
   Overall 53.32 37.28 43.88 69.58 57.18 62.77 
Testing set       
   E-E 46.06 26.29 33.47 60.51 47.21 53.04 
   E-T 81.43 60.17 69.20 82.37 60.06 69.47 
   E-D 68.48 62.43 65.32 70.63 68.75 69.68 
   T-T 42.86 30.00 35.30 77.77 68.62 72.91 
   Overall 59.75 40.47 48.26 72.92 57.54 64.32 
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We have also performed a more detailed evaluation by dividing temporal relations into four 
categories of temporal event types as shown in Table 8. In the training set, our approach 
achieved F-measures of 49.49%, 78.58%, 87.86%, and 62.50% based on LS3RyIE and F-
measures of 28.03%, 50.94%, 64.01%, and 31.15% based on Open IE 5 for Event-Event (E-E), 
Event-Time (E-T), Event-DCT (E-DCT), and Time-Time (T-T), respectively. On the training set, 
our work obtained F-measures of 53.04%, 69.47%, 69.68% and 72.91% based on LS3RyIE and 
F-measures of 33.47%, 69.20%, 65.32%, and 35.30% based on Open IE 5 for Event-Event, 
Event-Time, Event-DCT and Time-Time, respectively. Particularity, E-T yielded the highest 
results while E-E obtained the weakest results compared to the others. This confirms that the 
structure of the E-E relation is more complex than other categories because events in such 
relations can be expressed in several different relation types when they are in similar 
grammatical forms. For example, e1-e2 is presented in the form of ‘IS_INCLUDED’ in the 
sentence “John usede1 the phone when drivinge2 a car.” while e3-e4 is presented as 
‘SIMULTANEOUS’ in the sentence “John diede3 when bombinge4 the hotel.”. In contrast, other 
event types such as Time can be expressed with fewer language forms such as a limited number 
of prepositions or time nouns, e.g., time with preposition ‘in, at, and on’ or time of day in the 
week or year. Hence, they are easier to be detected. 

 
S10:  He's not tellingee14 the truth. 
       OIE triples: (“He”, “is not telling”, “the truth”) 
S12: She was shote20 with a rifle. 
       OIE triples: (“She”, “was shot with”, “a rifle”) 

Figure 7. Sample triples obtained through Open IE. 

Table 9. Performance comparison. 

 Precision Recall F-measure 
UTTime (Laokulrat et al., 2013)  55.60 57.40 56.50 
TRelPro (Mirza et al., 2014b)  58.48 58.80 58.17 
Laokulrat et al. (2015)  57.60 57.90 57.80 
CATENA (Mirza et al., 2016a)  62.60 61.30 61.90 
Proposed method (Open IE 5) 57.51 39.36 46.73 
Proposed method (LS3RyIE) 70.82 57.31 63.35 

 
Table 9 shows the comparison between our proposed method and baseline approaches 

(UTTime; TRelPro; Laokulrat et al., 2015; and CATENA). The numbers reported in Table 9 are 
the results of 5-fold cross-validation evaluation strategy for the baselines because the baselines 
are supervised. The evaluation shows that our proposed method, which is completely 
unsupervised, shows a competitive performance to the supervised baselines, i.e., better 
performance on precision and f-measure and competitive on recall on LS3RyIE system. We note 
that the proposed event network structure is dependent on the performance of the underlying 
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Open IE system and hence in cases when the Open IE system cannot extract event mentions, the 
corresponding event nodes will not be created in the event network and hence event relations 
will be missed. The lower recall of our method with LS3RyIE, noted in Table 7, can be 
explained on this basis. For example, in our experiments, the Open IE system extracted triples in 
which only one event is present as shown in Figure 7. In such cases, it would not be possible to 
add any edges to the event network given the lack of extracted events. Consequently, our 
approach will not be able to recognize any additional relations based on such event instances. 

Our approach benefits from the relation patterns extracted by Open IE to build the initial 
event network and bootstraps the temporal event extraction process by determining the type of 
temporal relation between two directly linked events. The advantage of our proposed work is two 
folds: 1) it is completely unsupervised and hence does not require any hand-annotated samples 
and infers indirect temporal relation types between events by systematically traversing the event 
network, and 2) it works at the document level and not sentence level and hence can identify 
temporal relations between events that have not been expressed in the same sentence. This is 
made possible due to the linking of different events in the network whose linking transcends 
individual sentences and forms a representation of events in the document. 

Table 10. Details of the Causal-TimeBank and Causal-TimeBank Ext corpora. 

Corpus # docs Causal-TimeBank Causal-TimeBank Ext 
#CLINKs Mean CLINKs #CLINKs Mean CLINKs 

ABC 3 9 3 16 (77%) 5.33 
AP 2 20 10 48 (140%) 24 
APW 11 25 2.27 39 (56%) 3.54 
CNN 4 5 1.25 5 (0%) 1.25 
EA 1 4 4 5 (25%) 5 
NYT 6 22 3.66 30 (36%) 5 
PRI 2 3 1.5 4 (33%) 2 
SJMN 1 2 2 2 (0%) 2 
VOA 2 6 3 6 (0%) 3 
WSJ 78 236 3 347 (47%) 4.45 
Total 110 332 3.02 502 (51.2%) 4.5 

4.2 Causal relation extraction 

4.2.1 Experimental dataset 

 
For benchmarking our approach in the second task, we use the Causal-TimeBank and its 

extended version described in Table 10. Causal-TimeBank has been developed by Mirza et al. 
(2014a), whose annotations for causality are taken from TempEval-3 corpus, containing 183 
documents with 6,811 golden events in total. In the Causal-TimeBank dataset, according to 
Mirza et al. (2014a), a total number of 332 event pairs for CLINK/CLINK-R can be identified 



 - 28 - 

from 2,519 events available in the original TimeBank corpus. Besides, not all documents contain 
causality relations between events; from the total number of documents in TimeBank, only 110 
(around 60%) of them contain explicit causal links. In Table 8, we report the statistics of causal 
relations found in the Causal-TimeBank dataset, along with the corresponding numbers of 
CLINKs associated with them. Regarding its extension (Causal-TimeBank Ext), different from 
Mirza et al. (2016a) that only uses cause-effect verbs around temporal events, we expand the 
dataset with new CLINKs based on combining CLINKs and TLINKs in the event network. We 
note that all expanded causal relations are based on original CLINKs and TLINKs in Causal-
TimeBank, which were annotated using the CAT tool (Lenzi et al., 2012) by two annotators with 
Dice’s coefficient of 0.73. As a result, based on the event network, we annotated an additional 
170 causal relation events, which we refer to as Causal-TimeBank Ext. This increased the 
number of annotated CLINKs by 51.2%. The mean number of CLINKs are 3.02 and 4.5 in 
Causal-TimeBank and Causal-TimeBank Ext, respectively. 

4.2.2 Evaluation Results 

We first extract patterns from Causal-TimeBank and its extension based on LS3RyIE and 
Open IE 5 systems to build the event network. Note that, we consider both causal links 
(CLINKs) and temporal links (TLINKs) on related causal events. As a result of this process, 638 
and 930 triples were generated based on LS3RyIE and 592 and 884 triples were generated based 
on Open IE 5 that were then used to build the event network for both Causal-TimeBank and 
Causal-TimeBank Ext datasets, respectively. We select top ranking of 30 for casual-association 
verbs. Note that, we base on mean scale (λ) of score to remove noised verbs if they are larger 
than 2*λ (Do et al., 2011). Table 11 shows the detailed performance of our proposed method on 
both datasets. In Causal-TimeBank, our proposed method obtained 76.45% and 73.91% on F-
measure for WSJ and APW compared to 66.67% on AP based on LS3RyIE while using Open IE 
5, the system obtained 70.33%, 71.43% and 44.44% on F-measure for WSJ, APW and AP. 
Regarding WSJ, APW and AP in Causal-TimeBank Ext, our approach yielded 71.76%, 70.77% 
and 56.67% for F-measure based on LS3RyIE while the system obtained 64.62%, 66.67.77% and 
33.33% for F-measure using Open IE 5, respectively. In both datasets, it should be noted that 
WSJ and APW account for a high proportion of the total documents while AP has a more 
complex event network with a higher number of CLINKs. In Causal-TimeBank, WSJ corpus 
contains 78 documents with mean CLINKs of 3 and APW has 11 documents with mean CLINKs 
of 2.27. While AP only has 2 documents with mean CLINKs of 25. Regarding Causal-TimeBank 
Ext, the mean CLINKs of WSJ is 4.45 and APW has a mean CLINKs of 3.5 while AP has a 
mean CLINKs of 24. In order to show how the performance of our proposed approach compares 
to the baseline system, known as CATENA (Mirza et al., 2016a), Table 12 presents a 
comparison on both Causal-TimeBank and Causal-TimeBank Ext corpora. CATENA exploits 
event linguistic features such as POS tags, chunking, and dependency paths to train a causal 
event relation classifier using SVM. Our method outperforms the baseline in both datasets. Our 
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method yields 75.27% and 70.72% on F-measure based on LS3RyIE and 68.11% and 62.14% on 
F-measures based on Open IE 5 while CATENA obtained 62.20% and 58.47% for F-measure in 
Causal-TimeBank and Causal-TimeBank Ext, repetitively. Different from CATENA, our method 
is unsupervised and operates at the document level and so traverses the event network to identify 
the causal relations between indirectly connected events while CATENA is a supervised method 
that relies on sentence-level textual features to identify causal relations. 
 

S7:  The U.S. maintains that under the U.N. charter, the Kuwaiti request 
triggers stepse54 for the collective enforcement of international 
sanctione55. 
… 
S9: In a statement, the White House said it would do “Whatever is 
necessary” to ensure compliancee66 with the sanctionse67. 
Output: 
e55 → e67 IDENTITY 
e54 → e55 CLINK 
e67 → e66 CLINK 
e54 → e66 CLINK 
e54 → e67 CLINK 

Figure 8. Identified samples based on transitive inference across multiple sentences. 

Table 11. Experimental result in Causal-TimeBank and Causal-TimeBank Ext. 

Corpus Open IE 5 LS3RyIE 
Precision Recall F-measure Precision Recall F-measure 

Causal-TimeBank       
   ABC 87.50 77.77 82.35 77.78 77.78 77.78 
   AP 54.55 37.50 44.44 71.43 62.50 66.67 
   APW 88.23 60.00 71.43 77.27 70.83 73.91 
   CNN 100 33.33 50.00 66.67 66.67 66.67 
   EA 100 80.00 88.88 100 100 100 
   NYT 62.5 41.67 50.00 63.63 63.63 63.63 
   PRI 100 66.66 80.00 66.67 66.67 66.67 
   SJMN 100 50.00 66.66 100 50.00 66.67 
   VOA 83.33 83.33 83.33 83.33 83.33 83.33 
   WSJ 82.14 61.49 70.33 83.88 70.23 76.45 
Causal-TimeBank Ext       
   ABC 66.67 62.50 64.52 84.61 68.75 75.86 
   AP 43.33 27.08 33.33 73.91 45.95 56.67 
   APW 87.50 53.84 66.67 76.67 65.71 70.77 
   CNN 100 40.00 57.14 80.00 80.00 80.00 
   EA 100 80.00 88.89 100 100 100 
   NYT 72.72 42.10 53.33 66.67 63.16 64.87 
   PRI 75.00 75.00 75.00 75.00 75.00 75.00 
   SJMN 50.00 50.00 50.00 100 50.00 66.67 
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   VOA 83.33 83.33 83.33 83.33 83.33 83.33 
   WSJ 79.20 54.57 64.62 79.71 65.26 71.76 

 
Figure 8 shows several extracted relations from a sample document (document wsj900813-

0157 from the WSJ corpus). In sentences S7 and S9 in this figure, a few temporal and causal 
event relations can be extracted by using rules based on syntactic and dependency features used 
in CATENA (Mirza et al., 2016a) such as “e55-IDENTIFY-e67” and “e54-CAUSE-e55”, and “e67-
CAUSE-e66”. However, CATENA fails to correctly determine event relations such as e54-e66 and 
e54-e67. This is primarily due to the fact that events in such relations have no DP connections with 
each other as they are not present in the same sentence. As such, CATENA cannot extract 
features pertinent to relations such as (e54, e66) and (e54, e67) and hence fails to identify such 
relations. In contrast, these relations have been detected in our approach because of the 
application of transitive inference on the event network, e.g., e54-CAUSE-e66 and e54-CAUSE-e67 
could be determined via e54-CAUSE-e55-IDENTIFY-e67 and e54-CAUSE-e67-CAUSE-e66, 
respectively. As a result, our approach shows up to 13% improvement on F-measure over the 
baseline. 

Table 12. Performance comparison in Causal-TimeBank and Causal-TimeBank Ext. 

 Precision Recall F-measure 
Causal-TimeBank    
     CATENA (Mirza et al., 
2016a) 

73.70 53.80 62.20 

     Proposed method (Open IE 5) 79.72 59.45 68.11 
     Proposed method (LS3RyIE) 81.19 70.16 75.27 
Causal-TimeBank Ext    
     CATENA (Mirza et al., 
2016a) 

71.56 49.43 58.47 

     Proposed method (Open IE 5) 76.47 52.33 62.14 
     Proposed method (LS3RyIE) 78.54 64.31 70.72 

4.3 Discussion 

In our work, we proposed to build an event network based on triples from Open IE systems. 
We have used LS3RyIE because this system is able to generate high-precision extractions and 
can be flexibly customized to the underlying application domain compared to other Open IE 
systems (Vo & Bagheri, 2018). LS3RyIE exploits linguistic knowledge about the grammar of the 
English language to first detect clauses in an input sentence and to subsequently identify the type 
of each clause according to the grammatical function of its constituents to extract relations with 
minimal domain-dependent background knowledge and the least amount of annotated training 
data. Regarding the overall performance, our system outperforms supervised methods such as 
CATENA (Mirza et al., 2016a), Laokulrat et al., (2015), TRelPro (Mirza et al., 2014b), and 
UTime (Laokulrat et al., 2013). These supervised methods exploit grammatical features such as 



 - 31 - 

syntactic and dependency features, but are limited to identifying intra sentence relations with 
explicit temporal and causal indicators. Our approach does not require any hand-annotated 
samples for inferring indirect temporal and causal relation types between events by 
systematically traversing the proposed event network. The network is built based on directly 
observable temporal and causal relations at the document level. It is possible to predict direct and 
indirect relations by linking different events in the event network whose linking transcends 
individual sentences and forms a representation of events across sentences. Hence our method 
can determine event relations both within the same sentence and across sentences in the whole 
document. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

                               (a)                                                                                  (b) 
 

Figure 9. Examples of event networks: a) A sparse network; b) A complex network. 
 
Now from a performance perspective, we note that the results produced by the event network 

can depend on the structure of the network including the number of event nodes, the number of 
relation edges and their connections in the network. Figure 9 shows two sample event networks 
extracted from documents APW19980227.0487 and APW19980227.0425 in the APW corpus 
used in our experiments. As seen in the figure, one event network is quite sparse (Figure 9a) 
while the other event network is quite dense (Figure 9b). We find that when the event network is 
sparse, our approach is not effective in that it would not have sufficient number of edges in the 
network to perform inference. As result, our approach cannot identify a sufficient number of 
relations in such a case, e.g., relations R(e1, e35) and R(e1, e27), which should have been 
extracted, were not identified in Figure 9a due to missing edges in the event network. On the 
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other hand, the dense event network consists of a higher number of edges connecting the event 
nodes to each other and hence provides the opportunity for a higher number of inferred causal 
and temporal relations. For instance, the relation R(e33, e41), which is difficult to extract, was 
identified by traversing a long path consisting of e33→e38→e41, e33→e43→e41, e33→e34→e41, 
e33→e38→e13→e41. Based on this observation, we believe that our approach faces some 
limitations: 1) in light of the sparse event networks, our proposed approach is dependent on the 
performance of the underlying Open IE system and hence in cases when the Open IE system 
cannot extract event mentions, the corresponding event nodes will not be created in the event 
network and hence relations will be missed. 2) our method relies on reference mapping to 
identify similar event nodes in the event graph, which is currently performed through cosine 
similarity between the textual description of the events. However, more complex text matching 
methods for event types can be used in the future to improve the reference mapping process that 
can lead to better overall performance. The source code of our system is available at 
https://bitbucket.org/thuanvd/eventnetwork/. 

5 Concluding remarks and future work 

In this paper, we have presented an unsupervised method for extracting temporal and causal 
relations between events by building an event network structure primarily based on information 
from Open IE systems. The event network is the basis for systematically exploring the possible 
temporal relations between events by considering how events can be reached from one another. 
We performed comparative benchmarking of our proposed method using the TempEval-3, 
Causal-TimeBank, Causal-TimeBank datasets and compared our work against several strong 
baselines. The results reveal that our method outperforms not only in temporal event extractions 
but also causal event extraction over other strong baselines.  

Our future work will consist of addressing the two limitations of our work, namely quantifying 
the impact of the performance of the Open IE systems on our work and also exploring more 
systematic ways for performing reference mapping.  We are also interested in extending our 
work in two other exciting directions in the future: 

 
● The first direction we would like to explore is to see whether other forms of inference on the 

graph can result in the identification of better causal or temporal relations. For this purpose, 
we will explore graph distance and traversal methods such as random walks to establish a 
measure of relevance between events in the network. 
 

● The second direction that we will explore is the application of neural embedding methods 
(Bagheri et al., 2018) for representing events, and using such representations for building 
the event network. We will explore how neural embedding-based event representations can 
be used to enrich the matching between vertices in the event network in order to optimize 
the weight of the shortest path in the network.  
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