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Narratives contain a lot of temporal information. To capture the temporal information in
texts, natural language processing researchers developed TimeML, the temporal markup
language to annotate temporal information. Temporal graphs can be derived directly from
TimeML annotations and can reveal partial ordering of events and times. However, for
many purposes, a global order (timeline) is more useful.

The first component of my work focused on timeline extraction from TimeML an-
notations. Prior approaches have presented machine learning-based systems, which have
certain limitations such as imperfect scores, ignoring subordinated relations, and being
unable to handle all types of temporal relations. I addressed these issues and presented a
constraint satisfaction problem-based solution that achieved state-of-the-art performance.

One way to generate TimeML annotation in texts is to perform manual annotation.
However, manual annotations contain human-made errors. In the second component of
my work, I built a system to detect errors in the gold-standard annotations and to help
users fix them. I tested the system on the TimeBank corpus and provided corrections for
the entire corpus.

Another way to generate TimeML annotations is to use automatic annotation systems.
In the third component of my work, I developed a novel suite of methods to evaluate

the performance of automatic annotators that measures the information loss during the



automatic annotation process. I presented eight metrics and evaluated four state-of-the-
art automatic annotation tools.

In the last component, I successfully implemented a duration extraction system. This
work resulted in a large dataset that contains hundreds of thousands of possible event
durations. Combining this work with the timeline extraction system, I was able to extract

the duration of entire narratives.
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CHAPTER 1
INTRODUCTION

1.1 Motivation

Narratives are part of our lives. We can see narratives in many fields such as medicine,
law, psychology, cognitive science, and artificial intelligence. |Genette et al.| (1982) de-
fines narrative as “the representation of an event or of a sequence of events”. Because
narrative is a sequence of events, one important way to understand narratives is to in-
terpret the events’ order (i.e. timeline). Timelines are useful for many natural language
understanding tasks such as question-answering, narrative summarization, and narrative
representation. However, timelines are not explicit in texts and cannot be directly read
off from texts. Instead, texts reveal partial orderings of events and times. Such informa-
tion can be used to construct a temporal graph using a temporal representation language
(e.g. TimeML). The main goal of this dissertation is to extract timelines from TimeML
temporal graphs (Chapter 3).

One way to generate TimeML annotation on documents is annotating raw texts manu-
ally according to the TimeML annotation guide (Sauri et al.,[2006). However, this process
may include human-made errors. Gold-standard TimeML annotations have been used
in Natural Language Processing (NLP) research, including event detection (Sauri et al.,
2005; [Farber and Rettinger, 2015), temporal expression recognition (Chang and Man-
ning, 2013} Strotgen and Gertz, 2010), and temporal relation extraction (Mirroshandel
and Ghassem-Sani, [2011; [Mirza and Tonelli, 2016). If the manual annotation contains
errors, it may affect all the work that uses it. The second main goal is to evaluate gold-
standard TimeML annotations for errors and fix them (Chapter 4)).

TimeML document annotation can also be achieved using state-of-the-art automatic

TimeML annotators (Verhagen et al., 2005 (Chambers et al., 2014; |Bethard, [2013). Al-



though automatic TimeML annotators have reported good F1 scores for each individual
subtask of TimeML annotation such as event detection, temporal expression recognition,
and relation extraction, the overall performance combining these subtasks hasn’t been
tested. The third main goal is to evaluate automatic TimeML annotators and measure the
information loss during the process (Chapter [5).

It is also crucial for narrative understanding is to estimate a narrative’s duration, mean-
ing the time that passes within the narrative. If I have an approximation of the lower bound
and upper bound duration of each event in a narrative, combining these durations with the
timeline of the narrative, I can estimate the duration of the narrative. The fourth and final

goal is to generate a large dataset that consists of duration statistics of events (Chapter [6).

1.2 Problem Statement and Research Components

My research problem is to perform a temporal analysis of narratives, including four re-
search components: timeline extraction, gold-standard TimeML evaluation, TimeML an-

notator evaluation, and duration extraction.

1.3 Component 1: Timeline Extraction

The first step of the temporal analysis of narratives is to extract their timeline. Timelines
are not explicit in texts and cannot be extracted directly. Texts reveal partial information
that can be used to construct a temporal graph using TimeML. There have been prior ma-
chine learning-based approaches to extracting timelines from TimeML annotations (Mani
et al., 2006} Do et al., 2012; [Kolomiyets et al., 2012). However, these approaches have
limitations. For example, they do not handle all possible temporal relations, they ignore

subordinated events, and they have imperfect scores. Addressing these problems, I built



TimeLine EXtraction (TLEX), a constraint satisfaction problem (CSP)-based solution to
extract the exact timeline from TimeML annotations. TLEX takes a TimeML graph as
input and first, it partitions the TimeML graph into temporally connected graphs. Second,
it transforms the temporally connected graphs into point algebra (PA) graphs. Third, it
solves the PA graph by assigning real numbers for each node on the PA graph using CSP
solvers and sorts the real numbers to obtain a global order of events and times (i.e. a time-
line). Fourth, TLEX detects inconsistency and helps annotators fix them in the case when
a timeline cannot be extracted due to temporal inconsistency. Fifth and finally, TLEX
detects temporal indeterminacy if the global order of events and times is indeterminant.
I provided a formal proof of TLEX’s correctness, and I also conducted an experimen-
tal evaluation by applying TLEX to 385 TimeML annotated texts from four corpora. I

showed that TLEX achieved state-of-the-art performance (Chapter |3)).

1.4 Component 2: Evaluation of Gold-Standard TimeML Annota-
tions

The input of the TLEX algorithm is TimeML annotation. One way to generate TimeML
annotation is to annotate raw texts manually according to the TimeML annotation guide
(Sauri et al., 2006). The TimeBank corpus is a reference corpus for TimeML and con-
tains rich gold-standard TimeML annotations. TimeBank has been used for many NLP
research projects and if TimeBank contains human-made errors, it may affect all of the
work that uses it. For the second step of my dissertation, I built a suite of methods to
detect and correct redundant, missing, and incorrect annotations. First, I performed an
automatic guideline checking where I checked whether the annotations follow the strict
TimeML annotation guide rules. Second, my system automatically checked the consis-

tency of annotations. Third, it checked disconnectivity in TimeML graphs extracted from



annotations. Fourth and finally, I performed a manual comparison with the output of

state-of-the-art automatic annotators to identify missing annotations.

1.5 Component 3: Evaluation of Automatic TimeML Annotation Tools

Another way to generate TimeML annotation is using state-of-the-art automatic TimeML
annotators (Verhagen et al., [2005; Bethard, |2013; |Chambers et al., 2014). Although au-
tomatic TimeML annotation is challenging, there has been notable progress, with Fls
of 0.8-0.9 for events and time detection subtasks, and Fls of 0.5-0.7 for relation ex-
traction. Individually, these subtask results are reasonable, even good, but when com-
bined to generate a full TimeML graph, is overall performance still acceptable? For the
third step of my dissertation, I present a novel suite of eight metrics, combined with
a new graph-transformation experimental design, for a holistic evaluation of TimeML
graphs. I apply these metrics to four automatic TimeML annotation systems: TARSQI
(Verhagen et al., 2005), ClearTK (Bethard, [2013),CAEVO (Chambers et al., 2014), and
CATENA(Bethard, 2013]).

1.6 Component 4: Duration Extraction

As I mentioned earlier, by combining event duration with the timeline of a narrative, I
can estimate the duration of the entire narrative. Therefore, for the fourth and final part
of my dissertation, I built a pipeline structure to extract possible duration for each event
from large raw data to build a large dataset that contains event duration statistics. My
pipeline has four steps: First, it performs preprocessing by cleaning the data and splitting

sentences. Second, it detects temporal expression in each sentence. Third, using a rule-



based system, it mines temporal patterns (10 patterns). Finally, it performs temporal

reasoning to obtain minimum, maximum, and most likely duration for each event.

1.7 Dissertation Contributions

My work presented in this dissertation has the following major contributions, resulting

from the four research components.

Timeline Extraction

My contributions in this work are eight-fold. First, I introduced a new trunk-and-branch
multi-timeline structure for organizing TimeML temporal information. This structure
could be used in any domain that uses narrative summarization and representation. Sec-
ond, I demonstrated (and released my code for) TLEX, an approach to extracting these
timelines that uses all available information in the TimeML graph, and identifies inde-
terminate sections of the timelines. With this, multiple different temporal orderings can
be represented in a single timeline, which helps for narrative visualization. Third, I
demonstrated a new technique for identifying the specific links that contribute to tempo-
ral inconsistency, and used it to make corrections to four TimeML corpora that restore
the consistency of the annotations. This technique can be used for corpus validation in
the TimeML annotation task. Fourth, I provided a formal proof for the TLEX’s correct-
ness, including formal definitions of a number of objects and relationships of interest, in
particular timelines, including normal-form and shortest subtypes; tempomorphisms and
tempomorphic equivalence; indeterminacy maps; and trunk-and-branch timelines. These
formal proofs and definitions connect the Quantitative Spatial Reasoning (QSR) work
with the NLP work and help to explore how QSR techniques can be applied to the NLP

tasks. Fifth, I experimentally evaluated TLEX using Simple Random Sampling (SRS)



on five features, and observed that TLEX achieved 98-100% accuracy with 95% confi-
dence on all measures. I further identified several common classes of errors observed in
the corpora under study. TLEX represents not just a significant improvement over the
state of the art but also a theoretically exact solution to the problem of timeline extraction
from non-metric temporal graphs. Sixth, I released a Java library of the TLEX algorithm
(JTLEX) as an open-source library that is free for non-commercial use. Therefore, the
TimeML community can use the TLEX algorithm on their TimeML annotations. Sev-
enth, I presented an algorithm that transforms temporal graphs into full or abstracted
Temporal Dependency Trees (TDT). This allows a direct comparison of TimeML and
TDT formalisms because although there are several corpora with TimeML annotations,
there are as yet no corpora annotated with both TimeML graphs and TDTs. This also
allows the TimeML community to extract TDTs from their TimeML annotation without
having any temporal dependency parsers. Eighth, by transforming TimeML graphs and
TDTs into timelines, I showed that the TDTs are significantly more temporally indetermi-
nant than TimeML graphs: anywhere from 24% to 109% more indeterminate depending
on the corpus (average increase of 32%). This increase in indeterminacy is attributable to
the omission of a mere 2.4% of temporal relations from TDTSs. This suggests that in the
NLP tasks where information on the global ordering of events and times is important, full

TimeML representation is perhaps called for.

Gold-Standard TimeML Annotation Evaluation

My contributions in this work are three-fold. First, I presented a comprehensive evalua-
tion of the TimeBank corpus comprising 10 different automatic or semi-automatic checks.
This evaluation method can be used for correcting annotations for the TimeML commu-
nity. Second, I showed that the TimeBank corpus has 1,630 incorrect or missing annota-

tions. This suggests that the systems that use TimeBank to detect events, recognize times,



and extract relations could be potentially affected and their accuracy might be lower than
reported. Third, I provided corrections for all TimeBank corpus incorrect or missing an-
notations and I released patch files as well as my code for use by other NLP researchers

in the field.

TimeML Annotator Evaluation

My contributions in this work are three-fold. First, I presented eight metrics for eval-
uating the quality of temporal graphs—four graph-based and four timeline-based—and
used these metrics to evaluate four mainstream, state-of-the-art temporal analysis sys-
tems. This helps NLP works that use these systems (or NLP researchers who consider
using them) by showing the information loss during the annotation process. Also, these
metrics can be used as an alternative accuracy measurement in the temporal information
extraction tasks. Second, I showed that, beyond a certain point, small errors in the detec-
tion of events, times, or relations result in rapid degradation of the consistency of the final
graph. This shows the NLP community how small errors in the subtasks can dramatically
affect the overall performance. Third, I showed that current automatic TimeML annota-
tors are far from optimal, and significant further improvement is needed. I released the

code and data to enable the reproduction of the results for other NLP researchers.

Duration Extraction

I made two major contributions in the area of duration extraction. First, I presented a
suite of methods to extract the duration of events from raw data. Second, I created a large
dataset that contains event durations and I will release it as open source. This dataset

provides an extensive source for commonsense knowledge extraction tasks.



1.8 Outline

This dissertation is organized as follows: First, I discuss the background information,
datasets, and prior work that is related to this dissertation (. Second, in Chapter 3] I
present my approach to extracting timelines from TimeML graphs, called TLEX. I pro-
vide mathematical proofs for TLEX (§3.3) as well as experimental evaluation (§3.4). 1
also discuss the Java library that I created for TLEX (§3.5]) and the TLEX application to
compare temporal data structures (§3.6). Third, I present a suite of methods to find errors
in gold-standard TimeML annotations and fix them (§E]). Fourth, I describe a novel suite
of eight metrics, combined with a new graph-transformation experimental design, for the
holistic evaluation of automatic TimeML annotators (§5). Fifth, I discuss a pipeline that
extracts the duration of events from large raw data (§@. Sixth and finally, I end with a
conclusion that revisits contributions and results for each research component and discuss

the future directions of the work presented in this dissertation (§7).



CHAPTER 2
RELATED WORK

In this chapter, I discuss related work. First, I provide background information about
temporal analyzing tasks such as temporal algebra (§2.1]), TimeML and TimeML anno-
tated corpora (§2.2), automatic TimeML annotators (§2.3), and temporal data structures

(§2.4). Then, I review the prior work on timeline extraction (§2.5), TimeML evaluation
(§2.6), and duration extraction (§2.7).

2.1 Temporal Algebra

One important part of understanding narratives is the interpretation of the order of the
events. This interpretation first requires temporal algebra. Allen’s interval algebra (Allen,
1983)) is a calculus for temporal reasoning that defines possible relations between time
intervals and the inferences sanctioned by combinations of relationships. Allen’s algebra
was one of the first attempts to computationally model temporal relationships between
time intervals and is useful for describing the temporal relationships expressed in text. In
Allen’s approach, a time interval I comprises a start (/) and end time point (I ™), where
the start point comes strictly before the end point (/= < It). Intervals can be related
by disjoint sets of 13 primitive temporal relations: before, meets, overlaps, starts, during,
and finishes, their inverses, and equal. Allen presented a composition table for composing
pairs of temporal relations, which can be used to infer the temporal relationship between
intervals A and C given relationships between A and B and B and C'. Using Allen’s al-
gebra, temporal graphs can be constructed from texts by representing events and times as
intervals, and representing the relationships expressed in natural language using Allen’s
temporal relations. Allen’s approach is referred to as a qualitative temporal algebra, be-

cause it does not represent exact times or durations.



Another qualitative framework is the point algebra (PA), which is a calculus for de-
termining qualitative ordering constraints between time points (Bartak et al., 2014} §2).
PA defines only three possible primitive relations between a pair of time points: <’ if the
first time point is before the second time point, =" if the time points are identical, and
>’ if the first time point is after the second time point. This information can be used to
construct a PA graph, which is a graph where nodes are time points and edges are primi-
tive temporal constraints. A temporal graph can be transformed into a PA graph with the
correct mapping between Allen’s temporal relations and temporal primitive constraints.
This specific transformation is discussed in

In a great deal of later work, the qualitative framework was generalized and extended
to the quantitative frameworks in which time points and durations are given specific met-
ric values. These frameworks are namely Simple Temporal Problems (STPs), Temporal
Constraint Satisfaction Problems (TCSPs), Disjunctive Temporal Problems (DTPs), and
Temporal Networks with Alternatives (TNAs). These types of temporal frameworks al-
low precise reasoning about the temporal distance between time points as represented in
graphs. While quite useful for planning and scheduling problems, quantitative frame-
works are less useful for natural language text (especially items like narratives and news),
which usually do not contain a great deal of precise information about the duration of
temporal intervals or relationships.

Theorists have proved a number of formal results concerning both qualitative and
quantitative formalisms (reviewed in |Bartak et al., 2014). Of particular importance are
those results related to checking the consistency of temporal graphs. Whether quantita-
tive or qualitative, temporal graphs often need to be checked for consistency. To check
the consistency of graphs constructed using his algebra, Allen developed an algorithm
that uses the shortest path algorithm and the composition table to check path consistency

(Allen, |1983). Like shortest path algorithms, this approach is a polynomial-time algo-
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rithm; however, Vilain et al. (1990) showed that Allen’s algorithm is not sufficient to
ensure global consistency, and they showed by reduction to 3-SAT that complete check-
ing of the consistency of a qualitative temporal graph is NP-complete.

It was also shown that Allen’s interval algebra was just a specific example from a
larger set of interval algebras, varying in the types of relations and the number of relations
and their combinations allowed between intervals. Nebel and Biirckert (1995) introduced
the ORD-HORN subclass, which is the subclass of all pointisable interval algebras: a
pointisable interval algebra is an interval algebra whose consistency can always be shown
by polynomial-time path consistency algorithms. A temporal graph that has only a single
temporal relation on its edges is a member of the ORD-HORN subclass.

Many other theoretical results also pertain to solving a temporal graph (Bartdk et al.,
2014; |Derczynski and Gaizauskas, | 2010), which means assigning specific time values to
every time point in the graph (start and end points of all intervals). Such an assignment
can be computed by treating this as a constraint problem, and is formally the same as
extracting a timeline. Importantly, if a graph can be solved, it must be consistent; but
showing that temporal graph is consistent does not necessarily produce an explicit solu-

tion.

2.2 TimeML & Annotated Corpora

Because of the utility of temporal frameworks for reasoning about time, and also the
relevance of time to understanding natural language, researchers in NLP have sought to
apply temporal algebras to text understanding. To do this requires annotation schemes
that would allow a person or a machine to annotate a text for the time points, events, and

temporal relations expressed.
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With regard to time expressions themselves, which include expressions of when some-
thing happens, how often something occurs, or how long something takes, researchers
developed a sequence of TIMEX annotation schemes (Setzer, 2001}, |[Ferro et al., 2001}
Pustejovsky et al., [2003a). This allows the annotation of expressions such as at 3 p.m.
(when), every 2 days (how often), or for I hour (how long). Because events are also in-
volved in temporal relations, these approaches were extended into schemes for capturing
both times and events.

The Translingual Information Detection, Extraction, and Summarization scheme -
TIDES - (Ferro et al., 2001) integrates TIMEX2 expressions as well as a scheme for
annotating events. TIDES includes annotations for temporal expressions, events, and
temporal relations. TIDES uses only six temporal relation types to represent the relation-
ship between events, therefore it gives only a limited view of temporal information from
texts.

Deficiencies in TIDES led to the development of TimeML (Sauri et al., 2006), an-
other markup language for annotating temporal information, originally designed for news.
TimeML added facilities for representing not just Allen’s classic temporal relations but
also added event coreference (i.e., the identity relation), as well as relations for express-
ing sub-event structure (aspectual relations) and relations of conditional, hypothetical, or
counterfactual nature (subordinating relations).

TimeML has three different types of links: temporal (TLINK), aspectual (ALINK), and
subordinating (SLINK). TLINKs comprise 14 different types of temporal relationships be-
tween events and times. Figure[2.T|graphically shows all types of TLINKs in TimeML. The
following example represents one of the TLINKs, called IS_INCLUDED. This TLINK rep-

resents that the event (went) is included in (on) the time (Monday).

(1) Kai went to the school on Monday. (IS_.INCLUDED)
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ALINKs represent the relationship between an aspectual event and its argument event.
There are five types of ALINKs (shown in Figure [2.1)): INITIATES, REINITIATES, TER-
MINATES, CULMINATES, and CONTINUES. The following example shows the aspectual
relationship between events, where the first event (started) INITIATES the second event

(study).

) Mike started to study. (INITIATES)

SLINKSs are used for contexts introducing possible (modal), counterfactual, or conditional
relations between two events, spanning six types: MODAL, FACTIVE, COUNTER_FACTIVE,
EVIDENTIAL, NEGATIVE_EVIDENTIAL, and CONDITIONAL. The MODAL relation intro-
duces a relation to a possible event. In the following example, the event (buy) is a mere

possibility and has not actually happened yet.

3) Cindy promised him to buy some nachos. (MODAL)

The FACTIVE relation marks an entailment of an event’s veracity. On the other hand, a
COUNTER_FACTIVE relation marks a presupposition about the event’s non-veracity. In
other words, FACTIVE indicates a presupposition as to whether the event happened in the
real world and COUNTER_FACTIVE indicates a presupposition as to whether the event did
not happen in the real world. The following examples show the difference between these

two SLINKSs.

4) Katy forgot that she was in Miami last year. (FACTIVE)

&) Katy forgot to buy some chocolate. (COUNTER_FACTIVE)

EVIDENTIAL relations are introduced by reporting events asserting that the argument

event happened. Similarly, NEGATIVE_EVIDENTIAL relations are introduced by reporting
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events asserting that the argument event did not happen. The following examples show

these two SLINK types.

(6) Colin said he went to the store. (EVIDENTIAL)

(7) Darius denied that he has monkeypox. (NEGATIVE_EVIDENTIAL)

Finally, the CONDITIONAL relationship identifies two events linked in a conditional man-

ner, for example, with a signal such as “if”.

8) If Amanda marries him, she will be happy. (CONDITIONAL)

SLINKs do not necessarily entail a temporal relationship, but if they do, a TLINK repre-
senting that relationship should be added to the graph as well. Furthermore, three types
of SLINKs explicitly indicate that the event is presumed to not have happened in the “real
world” of the text. Therefore, ignoring subordinating relations or treating them as normal
temporal relations gives an incorrect and impoverished view of the temporal structure of
the text.

Out of the three types of TimeML links, only ALINKs and TLINKS represent temporal
information in documents, while SLINKs indicate non-temporal relationships. SLINKs and
ALINKs can only be present between two events; TLINKs, on the other hand, can relate
two events, two times, or an event and a time.

There are two ways to generate TimeML annotations: using automatic TimeML anno-
tators to generate them automatically (discussed in Section [2.3]), and manually annotating
TimeML in documents following the TimeML annotation guide (Saur1 et al., 2006).

There are a number of manually annotated TimeML corpora. In this work, I used four
manually annotated TimeML corpora: TimeBank 1.2, the N2 corpus, the ProppLearner

corpus, and the NewsReader MEANTIME corpus, all in English. The number of texts,
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Corpus Name Texts Words Events TIMEXs Links Text Types

ProppLearner 15 18,862 3,438 142 2,778 Russian Hero tales

N2 Corpus 67 28,462 2,345 349 4,854  Religious Texts, Magazine
MEANTIME 120 13,981 2,096 525 1,717  Wikinews Articles
TimeBank 1.2 183 68,555 7,935 1,414 9,615  Newswire, Biography, etc.
Total 385 129,860 15,814 2,430 18,964

Table 2.1: Summary of the corpora used in the experiments.

words, events, temporal expressions, and relations are listed in Table TimeBank

1.2 is drawn from various American news sources such as ABC, CNN, and the Wall

Street Journal (Pustejovsky et al., |2003b). The ProppLearner corpus was developed to

enable the machine learning of Vladimir Propp’s morphology of Russian hero tales and

has 18 different layers of syntax and semantics annotated on it, including TimeML (Fin-

layson, 2017)). Similarly, the N2 corpus is a collection of narratives relating to Islamic

Extremism with 14 layers of annotation including TimeML (Finlayson et al., 2014)). Fi-

nally, the NewsReader MEANTIME corpus is a semantically annotated corpus of English

Wikinews articles (Minard et al., 2016)). The corpus also includes TimeML annotations of

articles’ translations in Italian, Spanish, and Dutch), covering four news topics: “Airbus

and Boeing,” “Apple,” “the Stock market,” and “General Motors, Chrysler, and Ford.”
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2.3 Automatic TimeML Annotators

As 1 mentioned in TimeML annotation can be achieved by manually annotating
raw texts. However, this is extremely time consuming. To avoid that, NLP researchers
have worked on automatic TimeML annotation. Automatic TimeML annotation from
texts includes three subtasks: temporal expression (time) detection, event detection, and
TimeML link extraction. There has been quite a lot of work addressing each of these
subtasks individually (Verhagen et al., 2006; Seker and Diri, 2010; |[Lenz1 et al., 2012,
for example), but there are only a few systems that can provide integrated capabilities.

Systems that tackle an individual subtask include the following:

Time Expressions HeidelTime recognizes temporal expressions using regular expres-
sions as well as part-of-speech (POS) tags and handcrafted rules, achieving 0.86 F}
(Strotgen and Gertz, 2010). SUTime, part of the Stanford CoreNLP pipeline, recognizes
and normalizes times in documents using regex rules, POS tags, and named entity tags,
and achieves 0.92 F; (Chang and Manning, 2013). SynTime is also a rule-based time
recognition tool, additionally using token types to achieve 0.92 F} (Zhong et al., 2017).
PTime generates patterns and selects them using the Extended Budgeted Maximum Cov-
erage (EBMC) model, achieving 0.93 Fj on tweets and 0.87 F; on a TimeML annotated

corpus (Ding et al., 2019).

Events NavyTime detects events using POS tags, n-grams, lemmas, WordNet events,
parse path, and typed dependencies with a MaxEnt Classifier, achieving 0.80 F; (Cham-
bers, 2013)). [Sprugnoli and Tonell1 (2019) detect events using a Conditional Random Field
(CRF) classifier with lemma, POS tags, and text genre as features, achieving a 0.83 F}

in historical texts. Multilingual Sequence Tagger (M-LiST) is a deep learning model that
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uses word alignment, a feature encoder, and a sequence tagger and achieves 0.86 F; on

event recognition (Goud et al., [2019).

Temporal Relations Galvan et al. (2018]) presented a bidirectional Long Short-Term
Memory Recurrent Neural Network (LSTM-RNN) end-to-end neural model for medi-
cal domain texts to extract five types of TLINKs: BEFORE, BEGINS, INCLUDES, ENDS,
and OVERLAP. The system uses event attributes as features and achieves 0.62 F}. Ning
et al. (2019) implemented a semi-supervised system combining a structured perceptron
algorithm and constraint-driven learning (CoDL) to extract TLINKs from documents. The
system achieves 0.67 I on event to event relations on five TLINKS: BEFORE, AFTER,
INCLUDES, IS_INCLUDED, and SIMULTANEOUS—notably, the system does not extract

event to time or time to time relations.

Integrated Systems There are four systems that integrate multiple subtasks. TARSQI (Ver-
hagen et al., 2005) takes raw texts as input and recognizes time expressions and normal-
izes their values using a component called GUTIME. TARSQI recognizes events using
a component called EVITA, which is a domain-independent event tagger, and identi-
fies SLINKS, ALINKS, and TLINKs between temporal entities using supervised classifi-
cation models. TARSQI merges the links using its SPUTLINK component, which applies
constraint propagation algorithms to obtain a consistent annotation. TARSQI generates
all types of SLINKs and ALINKs. It also generates 9 types of TLINKS: BEFORE, AF-
TER, INCLUDES, IS_INCLUDED, SIMULTANEOUS, IDENTITY, BEGUN_BY, ENDS, and
ENDED_BY.

CLEARTK (Bethard, 2013) ranked first for temporal relation identification on TempEval-
2013, and comprises three modules. The first module identifies events in texts and de-
termines their attributes using event text, stem, part-of-speech tags, n-grams, and other

related features. The second module identifies time expressions as well as time type and
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value using time-related features and the temporal type of each alphanumeric sub-token
of time words. The third module predicts (only) TLINKs between each event and the
Document Creation Time (DCT), between events and times in the same sentence, and be-
tween events in the same sentence. CLEARTK generates four types of TLINKsS: BEFORE,
AFTER, INCLUDES, and IS_INCLUDED.

CAEVO (Chambers et al., |2014) works similarly to TARSQI across four substeps: (1)
time expression detection, (2) event detection, (3) temporal relation extraction, and (4)
transitive inference over TLINKs. CAEVO uses the SUTIME to extract times, and NAVY-
TIME to extract events. CAEVO then extracts (only) TLINKs between temporal entities in
the same sentence and neighboring sentences using a supervised classifier. It also extracts
TLINKSs between the DCT and every temporal entity. Finally, it applies transitive rules on
TLINKSs to extract dense TimeML annotation. CAEVO produces five types of TLINKS:
BEFORE, AFTER, INCLUDES, IS_INCLUDED, and SIMULTANEOUS.

Finally, CATENA (Mirza and Tonelli, 2016) is a state-of-the-art sieve-based system
for temporal relation extraction that takes texts pre-annotated with times and events and
generates TLINKs between all event-event, event-time, DCT-event, and DCT-time pairs
using a Support Vector Machine (SVM) and a temporal reasoner. CATENA generates 10
types of TLINKS: BEFORE, AFTER, INCLUDES, IS_INCLUDED, SIMULTANEOUS, BEGINS,

BEGUN_BY, ENDS, ENDED_BY, and DURING.

2.4 Temporal Data Structures

After a TimeML annotated file is parsed, the TimeML objects (such as events, time ex-
pressions, links, signals, etc.) need to be recorded in a data structure. For that purpose,

NLP and QSR researchers developed temporal graphs and temporal trees.
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Temporal Graph A temporal graph is a graph in which nodes are intervals (events and
time expressions) and edges are temporal relations. Temporal graphs can be derived from
texts that are annotated with temporal representation languages such as Allen’s temporal
algebra (Allen, 1983), TIDES (Ferro et al., 2003), or TimeML (Sauri et al., [2006). A
TimeML graph is an example of a temporal graph and a visualization of a TimeML graph
is shown in Figure[3.1]in Chapter[3] As can be seen in Figure temporal graphs can be

used for inference or determining partial orders of events and times.

Temporal Tree Temporal Trees were introduced due to deficiencies of temporal graph.
For example, the generality of temporal graphs makes many operations on them compu-
tationally hard and they are less than ideal for visualization purposes, as they are difficult
for people to read and understand. In response to these limitations, Cheng et al.| (2007)
introduced the idea of the TDT, a more computationally efficient representation where
all events are arranged in a tree using only three temporal relation types: BEFORE, AF-
TER, and OVERLAPS. Both Kolomiyets et al. (2012) and |[Zhang and Xue (2018)) further
improved TDTs with more precise definitions and increased expressivity. TDTs have
the advantage that they can be easily computed using adapted dependency parsers, and
extracting timelines from TDTs is much easier than from temporal graphs.

Nevertheless, it is intuitive that TDTs should suffer from temporal information loss
relative to temporal graphs. TDTs are restricted to a tree form, and so certain temporal
relationships that can be expressed in a graph cannot be expressed in the tree (e.g., cycles).
Furthermore, all TDT approaches restrict the types of temporal relationships, eliminating
even more information. These omissions and restrictions should intuitively result in more
indeterminacy in the global ordering of times and events. I investigate this problem in

§3.6]and present a quantitative comparison between temporal graphs and temporal trees.
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2.5 Timeline Extraction

There have been at least three efforts to provide timeline extraction for quantitative (i.e.,
metric) frameworks (Conte et al., 2014; Tran et al., 2015} Laban and Hearst,, 2017). These
approaches provide timeline extraction in the case of temporal networks with metric tem-
poral information for all times, events, and relationships (i.e., numerical durations of
nodes and edges in the temporal graph). Unfortunately, a solution for a quantitative
framework does not immediately extend to a solution for qualitative cases such as Allen’s
algebra or TimeML. This is because qualitative frameworks explicitly allow the use of
non-metric information in their temporal graphs; indeed, most of the temporal informa-
tion in natural language is non-metric.

In the field of QSR, researchers have given significant attention to timeline extraction.
van Beek| (1994)) presented an approach that transformed Allen’s interval algebra tempo-
ral graphs into a point algebra network and solves them using backtracking techniques.
The approach of |Gereveni and Schubert (1995) built a “timegraph” given a set of point al-
gebra relations and solved the timegraph using their own algorithm. Later, Wallgriin et al.
(2006) presented the SparQ (Spatial Reasoning done Qualitatively) tool that comprises a
set of modules to provide different services for qualitative spatial reasoning, which is a
similar problem to qualitative temporal reasoning. SparQ transforms a quantitative de-
scription of a spatial configuration into a qualitative description, applies the operations in
the calculi to spatial relations, and finally performs computations on constraint networks.
Similarly, to solve binary qualitative constraint graphs, Gantner et al.| (2008)) built the
Generic Qualitative Reasoner (GQR), which takes a temporal calculus description and
one or more constraint graphs as input and solves them using path consistency and back-
tracking. To check the consistency of large qualitative spatial networks, Sioutis and Con-

dotta (2014) presented Sarissa, which produces random scale-free-like qualitative spatial

20



networks using the Barabdsi-Albert (BA) model and uses a hash table-based adjacency
list to efficiently represent and reason with them. Finally, Kreutzmann and Wolter (2014)
showed how to use AND-OR linear programming (LP) and mixed integer linear program-
ming (MILP) to solve qualitative graphs, a set of which includes graphs represented in
Allen’s algebra.

In contrast to QSR approaches, NLP researchers have explored machine learning
methods for timeline extraction from TimeML annotated texts. Mani et al. (2006)) pre-
sented a machine learning method to partially order events from a qualitative temporal
graph generated using Allen’s temporal relations. However, that method was demon-
strated only with three relations—BEFORE, AFTER, and SIMULTANEOUS—and thus ex-
cludes large portions of TimeML and only achieves roughly 75% ordering accuracy. Do
et al.| (2012)) used the same three relations to generate a full ordering, achieving a simi-
lar accuracy of 73%. In addition to the imperfect performance of these systems, in both
cases, the methods only consider intervals, rather than start and end points, and so lose
much detailed temporal information. Kolomiyets et al. (2012) presented two models for
extracting timelines from qualitative temporal graphs, one based on shift-reduce parsing,
and one based on graph parsing. Both approaches take a sequence of event words as
input and produce a tree structure. Although they achieved 70% accuracy in event or-
dering, their work only deals with six temporal relations—BEFORE, AFTER, INCLUDES,
IS_INCLUDED, IDENTITY, and OVERLAP—again, only a subset of the full possible set of
temporal relations. Finally, Leeuwenberg and Moens| (2020) combined event durations
into their supervised machine learning-based system to extract timelines. However, the
duration dataset that they used in their system has only a 44% inter-annotator agreement
score and they only handle three temporal relations BEFORE, AFTER, and OVERLAP.

Summarizing these approaches for timeline extraction, it can be seen that on the one

hand QSR approaches transform Allen’s interval algebra graphs into constraint graphs and
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solve them using constraint satisfaction techniques. Although these approaches provide a
solution for solving qualitative temporal graphs, their methods cannot be applied directly
to TimeML graphs because of the presence of subordinating relationships, and they also
do not detect or represent indeterminacy, nor do they help with correcting inconsistencies.
Machine learning-based approaches, on the other hand, have been limited by the number
of relations considered, not least because of the noise inherent in a statistical solution, and

provide inexact solutions.

2.6 Evaluation of TimeML Annotation

Automatic TimeML annotations contain errors due to imperfect scores on each TimeML
object detection such as events, times, and relations. On the other hand, manual anno-
tations comprise human-made errors that are introduced during the annotation process.
Several previous works have provided different types of analysis for TimeBank annota-
tions.

Boguraev and Ando|(2006) evaluated the first version of the TimeBank corpus (Time-
Bank 1.1). They presented a quantitative analysis of the TimeBank corpus such as the
distribution of relations, event classes, Timex types, and TimeML components. They
showed that the annotation tool used to construct TimeBank caused a systematic shift by
a single character. They also showed that for the same Timex signal, TimeBank 1.1 had
different types of (or missing) Timex tags.

Similarly, Boguraev et al. (2007) presented a quantitative analysis not only for Time-
Bank 1.1 but also for TimeBank 1.2, which allows them to compare the two corpora.
They selected a random document from the corpora and evaluated it manually to compare
the number of errors between TimeBank 1.1 and TimeBank 1.2. Based on their results,

the chosen document contained 96 errors (8 timex, 32 events, 43 links, and 13 signals) in
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TimeBank 1.1 and 28 errors (1 timex, 10 events, and 17 links) in TimeBank 1.2, suggest-
ing that TimeBank 1.2 was indeed an improvement over the prior version.

Caselli and Morante (2018)) presented a detailed error analysis for automatic temporal
processing systems that were submitted to TempEval-3. They manually evaluated 15% of
the TimeBank corpus to check why automatic temporal processing systems failed to de-
tect temporal relations in the corpus. The results showed that plenty of gold-standard tem-
poral relations are either wrong or in dispute, with the resulting suggestion that annotators
consider events’ tense and aspect while annotating gold-standard temporal relations.

Inel and Aroyo|(2019) compared the TimeBank corpus with other TimeML annotated
corpora by manually evaluating events in each sentence. The results showed that Time-
Bank contains sentences that do not have any events, and there are a number of events that
are not consistent with annotation guidelines. The results also showed that in some cases,
the same phrases are tagged differently in different corpora. For example, “election day”
was annotated as TIMEX3 in TimeBank while in other corpora “election” was labeled
as an event. Finally, the comparison showed that the TimeBank corpus has only a single
token for events while other corpora have multi-token events as well.

Ocal and Finlayson| (2020) extracted timelines from the TimeBank corpus and pre-
sented a quantitative analysis of the timelines as well as an evaluation of the temporal
indeterminacy of the timelines. They reported that the timelines extracted from Time-
Bank have an average of 9.3 time steps and 51.1 time points. Additionally, the timelines
have a 67.9% indeterminacy score.

The Corpus Analysis and Validation for TimeML (CAVaT) tool (Derczynski and
Gaizauskas, 2010) is the most similar work to that presented here. CAVaT is a sanity
check system for TimeML annotated corpora that checks the temporal consistency of
TLINKs, identifies disconnected subgraphs (TLINKs only), and detects self-loops. Ad-

ditionally, CAVaT prints out the TLINK distribution and shows how many TLINKs are
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triggered by temporal signals. CAVaT was run over the TimeBank corpus and detected 30
inconsistent texts and 26 self-loops, and showed that no text has a fully connected TLINK
graph. In my work, I go further than CAVaT by checking the consistency of not only
TLINKS, but of the entire TimeML graph. In contrast to CAVaT I check the disconnectiv-
ity of entire TimeML graphs (again, not just TLINKS), and moreover provide automatic

corrections for them.

2.7 Duration

Because narrative is a sequence of events, inferring duration of events is critical for narra-
tive understanding. For event duration prediction/extraction, two types of classifications
are defined. Coarse-grained classification is to predict whether the event takes less than
a day or more than a day, while fine-grained classification is to predict whether the event
takes seconds, minutes, hours, days, weeks, months, or years.

For duration prediction, earlier NLP researchers have presented supervised learning-
based solutions. Pan et al. (2006) presents a max. entropy system that uses tokens, lem-
mas, POS tags, and subject-object relations as features, achieving 73.5% accuracy on
coarse-grained classification and 61.9% on fine-grained. Similarly, Gusev et al. (2011)
also uses a max. entropy classifier but goes further by adding named entities, verbs, verb
types, and verb dependencies as features, achieving 74.8% accuracy on course-grained
classification and 66% on fine-grained. Later, Vempala et al. (2018) presents a neu-
ral networks-based system with a set of features that consists of event class, POS tags,
named entities, and dependencies, achieving 83.2% accuracy on coarse-grained classifi-
cation. Recent prior work presents rule-based systems instead of machine learning-based
systems. Zhou et al.|(2020) defines trigger words such as *for’, ’since’, and on’ for their

rule-based system. Using a pre-defined list, semantic role labeling (SRL), their system
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achieves 84.1% accuracy on coarse-grained classification. Finally, |Yang et al.| (2020)
defines temporal patterns such as *for’, ’take’, ’spend’, ’last’, ’lasting’, ’duration’, and
‘period’, and performs temporal pattern extraction, achieving 76.9% on coarse-grained
classification and 76.2% on fine-grained classification.

These approaches have used two existing duration datasets: the McTaco dataset and
the TimeBank duration dataset. The McTaco dataset is built by giving crowdsourcers a
sentence and asking them how long did the event in the sentence take Zhou et al. (2019).
Based on the answers, they defined a possible range for each event. However, it should
be noted that the dataset contains only a few hundred event durations. The TimeBank
duration dataset contains 58 news articles in which each event is annotated with lower-
bound and upper-bound duration (Pan et al., 2011). However, the corpus has a 44% inter-
annotator agreement score for fine-grained classification. because duration is relative and
can be inferred in multiple ways I also note that the reason why prior approaches have high
accuracy when the agreement score is low is that they use relaxed matching to evaluate
their accuracy. For example, if the targeted event has [3 hours, 3 months] as lower and
upper bound duration, the relaxed matching will accept the system’s prediction as correct

if the system’s output is hours, days, weeks or months.
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CHAPTER 3
EXTRACTING TIMELINES FROM TIMEML GRAPHS

3.1 Motivation

A timeline is a data structure that organizes events and times in a total ordering. Time-
lines are useful for a number of natural language understanding tasks, such as ques-
tion answering, which can require understanding the overall temporal order of events
to produce the correct answer (Saquete et al., 2004), cross-document event coreference
(CDEC) and cross-document alignment, which can be improved by access to a total
ordering of events (Navarro-Colorado and Saquetel 2016), and summarization and vi-
sualization (Liu et al.| [2012)), where timelines can enhance human understanding of the
event and temporal structure of texts.

Unfortunately, timelines are rarely explicit in texts, and usually cannot be extracted
directly. Instead, texts usually explicitly reveal only partial orderings of events and times.
Such information can be used to construct a temporal graph by using a temporal represen-
tation language such as a temporal algebra (Allen, |1983)) or TimeML (Saur1 et al., 2006),
either through automatic analyzers (Verhagen et al., 2005), manual annotation (Puste-
jovsky et al., 2003b), or some combination of the two.

If a temporal graph is encoded using a temporal algebra (Bartak et al., 2014), then
prior work in the field of Qualitative Spatial Reasoning (QSR) has shown how to ex-
tract an exact timeline (Kreutzmann and Wolter, 2014} ivan Beek, [1994; |Gereveni and
Schubert, [1995) that represents one possible total order solution. However, natural lan-
guage involves temporal information that cannot be encoded in a strictly temporal algebra
(i.e., expressions of possible, counterfactual, or conditional worlds—called subordinated

events here), which is the reason schemes such as TimeML were developed. Also, natural
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language is often ambiguous, so it is useful to know what portions of a timeline are inde-
terminate, that is, have multiple possible orderings consistent with the temporal graph.

There has been some prior work in the field of Natural Language Processing (NLP)
on extracting timelines from TimeML graphs using machine learning, but these solutions
fall short in that they do not deal with all possible relations and result in output that can
contain ordering errors (see §2.5). These errors are a natural result of using statistical
approaches to solve the problem.

In contrast, I merge work from QSR with TimeML to formulate timeline extraction
as a constraint satisfaction problem, showing I can achieve a theoretically exact solution,
unlike prior NLP approaches. Furthermore, I handle all possible temporal relations (in-
cluding aspectual and subordination relations) and detect indeterminacy. Specifically, I
present TLEX (TimeLine EXtraction), a method for extracting a set of timelines from a

TimeML annotated text.

3.2 Approach

TLEX begins with a TimeML annotated file and it builds a TimeML graph from the file.
TLEX uses the whole graph: events, time expressions, and all links, including temporal,
aspectual, and subordinating. TLEX has five steps. First (§3.2.1), TLEX partitions the
TimeML graph into subgraphs connected only with temporal and aspectual links; each
of these subgraphs will correspond to an individual timeline (either a main timeline or
a subordinated timeline). Second (§@), following prior work, TLEX transforms each
subgraph into a point algebra graph, where the nodes represent time points and the edges
represent the primitive temporal relations of less than (<) or equals (=). Third (§3.2.3),
TLEX solves each separate point algebra graph, using constraint solving, to obtain a time-

line. Fourth (§3.2.4), because some subgraphs are inconsistent and cannot be solved,
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TLEX automatically finds the inconsistent subgraphs, which allows me to manually cor-
rect them. Fifth and finally (§3.2.5), TLEX identifies sections of the timelines that have an
indeterminate order. The output of this five step process on a consistent TimeML graph is
a set of timelines organized in a trunk-and-branch structure, with indeterminate sections
marked, representing the full and exact temporal order of events and times in the text. In
this section, I provide a detailed description of TLEX along with pseudocode for important
steps and provide a time complexity analysis for each step individually as well as for the
overall technique. I provide formal definitions of all relevant objects and a formal proof
of the correctness of the technique in

Below I consider each step in detail, using the following text as a running example:

(1) Rebecca’s phone rang;, and she answered, it. As soon as she picked up;, John

started, complainings. She was quickly boredg, but realized; that if she hung upsg,

John would be mady. So she continued; to listen;;.

In this example, each event is underlined and given a numerical subscript for reference.
One notable thing about this example text is that events 8 and 9 did not happen in the
“real world” of the story: because Rebecca did not hang upg the phone, John didn’t get
mady. These two events are related to the “real world” timeline by subordinating links
and should be isolated onto their own “subordinated” timeline.

I informally define a “main” or “real world” timeline as a timeline that contains the
events and times that actually happen in the “world” described in the text. Similarly I
informally define “subordinated” timelines as containing events that did not occur in the
world described in the text. As noted, in the example text, the events hang upg and would
be mady belong to a subordinated timeline. It is possible that there are multiple main

timelines in a text; I treat this possibility formally in §3.3.3|
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Figure 3.1: Visualization of the TimeML graph from the example. Numbers correspond to
the events in the text, and arrows correspond to the temporal, aspectual, or subordinating
links. The two temporally and aspectually connected subgraphs are separated by dashed
lines, and links on the “real world” timeline are bolded.

3.2.1 Partitioning

First TLEX partitions the TimeML graph into subgraphs that are connected only with
temporal and aspectual relations. The reason for that is temporal and aspectual relations
represent temporal information about the text while subordinating relations do not. As
noted previously, the edges in a TimeML graph represent temporal, aspectual, or subor-
dinating TimeML links, whereas the nodes represent events and temporal expressions. A
TimeML graph corresponding to Example [(T)]is shown in Figure [3.1] The 14 temporal
and 5 aspectual TimeML link types are illustrated in Figure [2.1] and the presence of one
of these links between two nodes implies that the nodes must lie on the same timeline.
Partitioning the TimeML graph into connected subgraphs is straightforward and can
be achieved by walking the graph. TLEX can then further partition these connected sub-
graphs into subgraphs connected only with temporal and aspectual links. Importantly, the
semantics of TimeML is such that a well-formed TimeML graph will have at most a sin-
gle TLINK and a single ALINK relationship between two nodes. This is a consequence of
the TimeML rule that says that between two event instances (or between an event instance
and a time expression), there cannot be two or more TLINK or ALINK types. If there is
both a TLINK relationship and an ALINK relationship, they must be temporally consis-

tent Pustejovsky et al. (2003a,b). This means that TimeML graphs are atomic temporal
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graphs, which makes them a member of the pointisable subclass of the interval algebra
Ligozat/(1998)), and so they are solvable in polynomial time, a fact I make use of in §3.2.3]

This two-step partition results in a collection of temporally or aspectually connected
subgraphs (each corresponding to a single timeline) that are only connected to other sub-
graphs through subordinating links (if at all). Figure [3.1] shows this partitioning with
dashed lines. Because there are no temporal or aspectual links between events 7 and 8
and the rest of the graph (but the graph is otherwise connected), TLEX partitions the graph
into two temporally connected subgraphs: the main, or “real world” subgraph (1-2-3-4-
5-6-7-10-11) and the subordinated subgraph (8-9). TLEX will extract a separate timeline

from each of these subgraphs.

Time Complexity Because partitioning only requires walking the graph, the time com-
plexity of the first step is O(m + n) where m is the number of nodes and n is the number

of edges.

3.2.2 Transforming

Before applying constraint solving to derive a timeline from a temporally and aspectu-
ally connected TimeML subgraph, TLEX must first transform each subgraph into a point
algebra (PA) graph. While a PA graph is formally defined in Definition I explain
it conceptually here. First, note that every node v in the TimeML graph represents a
temporal interval (an event or time expression) with a start time point ¢, and end time
point ;. Also, each TLINK and ALINK can be represented as a simple conjunction of the
primitive temporal constraints less than (<) and equals (=), as shown in Table 3.1 The
substitutions are straightforward and follow directly from the definitions of the TimeML
link types. Given these facts, in this step TLEX replaces each node v with its start and end

time points, and replaces each temporal or aspectual link with the corresponding primitive
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temporal constraints, adding also the constraint ¢, < ¢ for each interval. The PA graph
for the running example is shown in Figure [3.2] and corresponds to the transformation of

Figure [3.1| using the substitutions given in Table 3.1}

Time Complexity In this step, TLEX replaces each node with two nodes and each edge
with two or three edges. These replacements therefore require at most 2m+-3n operations,
where m is the number of nodes and n is the number of edges. Therefore, the time

complexity of the transformation step is O(m + n).

A BEFORE B (AT < B7)

A AFTER B (BT < A7)

A IBEFORE B (At =B7)

A TAFTER B (BT =A")

A BEGINS B (A= =B7)A (AT < BY)
A BEGUN_BY B (A= =B )A (Bt < A")
A ENDS B (B~ < A" )A (AT =BT)
A ENDED_BY B (A= < B7)A (AT =BT)
A DURING B (B-=A")A (AT =BY)
A DURING_INV B (A-=B7)A (BT = A")
A INCLUDES B (A= < B7)A (Bt < AT)
A IS_INCLUDED B (B~ < A")A (AT < BY)
A SIMULTANEOUS B (A~ =B~ )A (AT =B™)
A IDENTITY B (A= =B7)A (AT =BY)
A INITIATES B same as A BEGINS B

A CULMINATES B same as A ENDS B

A TERMINATES B same as A ENDS B

A CONTINUES B same as A IS_INCLUDED B
A REINITIATES B same as A IS_.INCLUDED B

Table 3.1: Translation of the TimeML temporal and aspectual relations into primitive
temporal relations between interval start and end points. For an interval I (an event or a
time), the start point of the interval is denoted by 7~ and the end point is denoted by /.

3.2.3 Solving

TLEX generates a timeline by solving the PA graph. A solution to a PA graph consists of

an assignment of a single integer to each node, where the assignment is consistent with
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Figure 3.2: The two point algebra (PA) graphs corresponding to the temporally and as-
pectually connected subgraphs shown in Figure These are produced by replacing
each node I with its start and end time points /~ and I, and replacing each temporal or
aspectual link with the set of primitive temporal relationships shown in Table

all the constraints (<, =) in the graph. The order of the integers then represents the order
of the time points on the timeline. There are numerous existing software packages that
can solve constraint problems; for example, my reference implementation of TLEX gen-
erates solutions using the Java Constraint Programming solver (JaCoP; Kuchcinski and
Szymanek, |2013)), which is open source and offers a rich set of primitive, logical, con-
ditional, and global constraints as well as configurable solution search methods. JaCoP
uses a backtracking search algorithm that performs depth-first traversal of a search tree,
where branches are alternative solutions that the algorithm may have to examine to find
a solution, and constraints are used to eliminate subtrees with no solutions. Backtracking
algorithms guarantee to find a solution if a solution exists. There are two main reasons
that I choose JaCoP. (1) Unlike many other CSP solver tools, JaCoP is able to generate
random solutions which I used in § (2) JaCoP finds a solution faster than other
CSP-solver tools (Benavides et al., [2005)).

For this step, my implementation uses the JaCoP setting that finds the smallest so-
lution, which starts at 1 and which represents each time point difference as a difference
of 1. The timeline for the running example is shown in Figure [3.3] As before, there
are two temporally and aspectually connected subgraphs, where the connection between
them (the grey bar) represents the FACTIVE subordinating link. As can be seen, this is
a trunk-and-branch multi-timeline structure, where the trunk is (in this case) the “main”

timeline and the branch is the subordinated timeline.
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Figure 3.3: Visualization of the timeline extracted from the PA graphs shown in Fig-
ure[3.2] The two subgraphs are arranged into a main and subordinated timeline connected
by a grey branch.

As I have noted, one major advantage of TLEX is the proper handling of subordi-
nating relations. Prior approaches to timeline extraction ignored subordinating relations,
and so were unable to represent such a trunk-and-branch timeline structure. If, for ex-
ample, the subordinating relation were assumed to be some sort of temporal relationship,
machine-learning-based techniques (e.g.,|Verhagen et al., 2005} Bethard, 2013} Mirza and
Tonelli,2016) would likely insert events 8 and 9 between or nearby time points 7~ and 7.
That would indicate events 8 and 9 happened after events 1, 2, and 3 but before events 10

and 11, while in the story world, these events did not occur at all.

Time Complexity Nebel and Biirckert| (1995) showed that the time complexity of solv-
ing an atomic temporal graph is O(n?) where n is the number of edges in the graph. If
TLEX extracts k£ atomic point algebra graphs from a TimeML graph, then the time com-

plexity of the solving step is at most O(kn?).

3.2.4 Correcting

Step 3 of TLEX only completes if each temporally connected TimeML graph (and there-
fore each corresponding PA graph) is consistent. This follows from |Bartak et al.| (2014,

p- 20), who showed that there is a solution (i.e., assignment of real numbers to time points)
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QOO
Figure 3.4: Example of an inconsistent cycle generated by A BEFORE B and B BEFORE
A.

that satisfies the point algebra graph if and only if the graph is consistent. On the other
hand, if the solver determines that there is no solution, I must first correct the inconsis-
tencies before TLEX can solve the graph. Zaidi (1999, p.5) showed that a PA graph is
inconsistent if and only if the graph contains an inconsistent cycle of relations. There are
three possible types of inconsistent cycles (including inconsistent self-loops; see Defini-
tion[3.3.277)), with the result that in each case there is one time point in an overall less than
relationship with itseliﬂ An example of an inconsistent cycle is shown in Figure

TLEX uses the novel Algorithm [Ia|to detect inconsistent cycles (including self-loops).
The algorithm is split into four steps (a—d). Step (a) finds all self-loops; step (b) finds
a single edge per inconsistent cycle; step (c) finds all other edges in each inconsistent
cycle; and step (d) returns the completed set of cycles. The relations in these cycles can
be traced back to their originating TimeML links to enable manual correction. A detailed
explanation of the algorithm follows.

In step (a), the algorithm first detects all self-loops, which are single-edge inconsistent
cycles where a node is less than itself (v < v). All detected self-loops are recorded in the
set B;.

In step (b), it finds one edge per inconsistent cycle. For all edges in the PA graph,
line 9 adds each edge in turn to an initially empty set of edges E. After each edge
is added, TLEX checks the consistency of the (partial) graph (Vp, E) (line 10). If the

partial graph is inconsistent, then the last added edge is a part of an inconsistent cycle.

Note that for a cycle to be inconsistent, its less than relations must all be in the same direction.
For example, in Figure there is a cycle of less than relations involving the 10—, 10%, 117, and
117 time points, however, their directions differ.
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The algorithm therefore removes that edge from (Vp, Ey) to break the cycle (line 11),
and records it in the breaking set Fp (line 12). After this loop completes I have a fully
consistent (partial) graph (Vp, Fy), along with excluded non-self-loop edges (E£p) that
are part of inconsistent cycles. Because the algorithm breaks each cycle as it finds it,
every inconsistent non-self-loop cycle has exactly one edge in Ep.

Step (c) finds all remaining edges that participate in each inconsistent non-self-loop
cycle. For each edge e, in the breaking set Ez, the algorithm performs an exhaustive
search for all cycles that include e, via the function SEARCHFORCYCLES (line 17). For
each cycle found, the algorithm tests it using the function ISCYCLECONSISTENT to see
if it is a consistent cycle (line 19); if not, the edges in that cycle are recorded in the
inconsistent set £ (line 20). At the end of step (c) the set E; contains all edges that
participate in non-self-loop inconsistent cycles.

The SEARCHFORCYCLES function finds all cycles that include a particular edge e,.
The algorithm adds e, and its nodes to an initially empty path £y (line 5-7), and it pushes
Ey to the stack @ (line 8). Then, in a while loop, it pops @; if the popped path is a cycle
(line 11), then it adds the cycle to X, the set of cycles found (line 12), and restarts the
loop. If the popped path is not a cycle, the path is extended by one edge in all possible
directions (lines 16-23), excepting already visited edges (lines 18-19), and those new
paths are placed on the stack (line 24).

The ISCYCLECONSISTENT function checks whether the cycle in the PA graph is
consistent by testing whether at least one < edge in the cycle points oppositely to the other
< edges. The algorithm starts from a random < edge e, (line 2), then walks forward along
the cycle (lines 3—7), testing whether each < edge points in the same direction as eq. If
a < edge is found that points in the opposite direction, the cycle is necessarily consistent
(lines 8-9). If all < edges point in the same direction, then the cycle is inconsistent. It

returns false (line 13).
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Finally, in step (d) the algorithm finds the set of all maximal connected inconsistent
subgraphs (line 22), which are the connected subgraphs made up solely of the inconsistent

cycles or self-loops in graph (see Definition [3.3.28).

Algorithm 1a Detect all inconsistent cycles in a connected PA Graph

1: procedure FINDALLINCONSISTENTCYCLES(Vp, Ep)
Require: Vp > all nodes in the connected PA graph
Require: Ep > all edges in the connected PA graph

Step (a): Segregate self-loops

2: Ep <0 > set of edges that are inconsistent self-loops
3: for alle € Ep do
4: if ISINCONSISTENTSELFLOOP(¢) then
5: Er.add(e)
Step (b): Find one edge per inconsistent cycle
6: En <+ 0 > empty graph used to test for consistency
7 Ep <+ 0 > breaking set: set of edges that break cycles
8: foralle € Ep/EL do > examine all edges not known to be self-loops
9: En.add(e) > add each edge one-by-one
10: if ~ISCONSISTENT(Vp, En) then > test to see if that edge causes inconsistency
11: En.remove(e) > if so, set it aside to break the cycle
12: Ep.add(e) > save breaking edges in the breaking set
Step (c): Find all other edges in each inconsistent cycle
13: Er«+ 0 > inconsistent set: set of all edges in inconsistent cycles
14: X« 0 > cycle set: set of all cycles containing a specific edge
15: Ey «+ 0 > a cycle, expressed as a set of edges
16: foralle, € Ep do > for each single edge in the breaking set
17: X < SEARCHFORCYCLES(ep, Ep/EL)> perform exhaustive search for cycles with
ey
18: for all £y € X do > find each inconsistent cycle
19: if "ISCYCLECONSISTENT(FEy ) then © test each cycle to see if it is inconsistent
20: Er.addAll(Ey.getEdges()) > if inconsistent, save the edges
Step (d): Return a set of maximal inconsistent connected PA subgraphs
21: Vi < {v | (v=e.source Vv = e.target) Ve € {Ef UEL}} > nodes for inconsistent
edges
22: return FINDCONNECTEDSUBGRAPHS(V7, Er U Er)

Once the maximal inconsistent subgraphs are found, these can be used to find and

correct errors in the original TimeML annotation. In cases where the natural language
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Algorithm 1b Search for all cycles starting with a particular edge
1: procedure SEARCHFORCYCLES(¢ey, EQ)

Require: ¢, > an edge involved in an inconsistent cycle
Require: Fg > all non-self-loop edges in the PA graph
2: X« 0 > initialize the return set
3: @ < empty stack > initialize the search queue
4: Ey + empty list > create the seed path
5: Ey .add(ep.source)
6: Ey.add(eb)
7: Ey .add(ep.target)
8: Q.push(Ey) > seed the queue
9: while —=Q.isEmpty() do > while the queue has more elements, continue searching
10: Ey < Q.pop() > get the topmost path
11: if ISCYCLE(FEYy) then
12: X.add(Ey) > add it to the return set if it is a cycle
13: continue
14: Uprev < Ey.getLast() > Get the last node. ..
15: eprev < By .getSecondToLast() >...and edge in the path
16: E 4 <~ GETADJACENTEDGES(vprev, i) D get all edges adjacent to the last node
17: foralle, € E4/eprey do
18: if By .contains(e,) then
19: continue > do not reuse any edge
20: Ez < empty list > for all other adjacent edges, initialize a new path
21: Ez.addAll(Ey)
22: Ez.add(eg)
23: Ez.add(GETOTHERENDPOINT(e,, Uprey))
24: Q.add(Ey) > add the newly extended path to the queue
25: return X > return all cycles found

itself describes a consistent graph, these corrections will result in the graph being made
consistent, and so Step 3 of TLEX can now continue.

Because every edge in the PA graph can be traced back to one and only one link in the
TimeML graph, the TimeML links and nodes corresponding to the maximal inconsistent
graphs can be provided directly to human annotators for correction. Although there has
been some research in the field of qualitative spatial reasoning focused on automatically
correcting inconsistencies in point algebra graphs in a minimum or approximate manner
Iwata and Yoshida (2013); Condotta et al.| (2016), these approaches cannot be applied

to TimeML graphs. Inconsistencies in TimeML graphs usually come from incorrect or
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Algorithm 1c¢ Check if the cycle is consistent
1: procedure ISCYCLECONSISTENT(Fy)

Require: Fy > a cycle represented as an alternative sequence of nodes and edges
2: eg < PICKRANDOMNONEQUALSEDGE(Fy) > pick a random < starting edge
3: Eprev < €0
4. Uprev < €o.target
5: do
6: enext < GETNEXTEDGE(Uprey, Ey) > Get the next edge. ..
7 Unegt < GETNEXTNODE(Enert, Fy) > ...and next node
8: if ISLESSTHANEDGE(€pezt) A €next-target == vpre, then
9: return true > if any < points opposite to eg, the cycle is consistent

10: €prev < Cnext > move the focus to the next edge and node

I1: Uprev <~ Unext

12: while e, # € > continue until I return to the starting edge

13: return false > if all the < edges point in the same direction, the cycle is inconsistent

incomplete annotations; more rarely, there may be fundamental inconsistencies in the
meaning of the language. Therefore, errors need to be fixed by reference to the original
text. It is possible that one could develop other knowledge- or inference-based artificial
intelligence (AI) or NLP methods for automatically correcting these inconsistencies, but
I will leave the exploration of this for future work. This means that any inconsistencies
discovered by TLEX need to be manually corrected before proceeding. I discuss specific

cases of inconsistencies for my selected corpora in Section[3.4]

Time Complexity Step (a) involves checking a property of each edge in the graph,
which is a complexity of O(n), where n is the number of edges in the graph. For step
(b), Nebel and Biirckert|(1995)) showed that checking the consistency of a temporal graph
expressed via a tractable subclass of Allen’s algebra (i.e., the pointisable subclass, of
which TimeML is a member) can be done via the path consistency algorithm with time
complexity of O(n?). Therefore, the ISCONSISTENT function is O(n?). Step (b) of
the algorithm checks the consistency of n graphs because there are n edges (n* opera-
tions), and so its time complexity is O(n*). In step (c), the SEARCHFORCYCLES func-

tion conducts an exhaustive depth-first search of paths in the graph starting at e;, keeping
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only those paths that are cycles, and such a search has a worst-case time complexity of
O(n + m), where m is the number of nodes in the graph. According to Ahrens| (1897)
there are at most 2"~ — 1 cycles in a connected graph. The function ISCYCLECON-
SISTENT is linear in the size of the cycle, as all this function must do is walk the cycle
and keep track of the direction of the less than edges, and so has a time complexity of at
most O(n); it is run for every cycle found. So the overall time complexity of step (c) is
o2 —1)*x(n+m+mn)) = O((2"™ — 1) * (n + m)). The time complexity of
finding connected subgraphs is linear in the size graph, so step (d) is O(n). Therefore, the

worst-case time complexity of Algorithm [Tais

On+n*+ (2™ —1) % (n+m) +n)
= O(n*+ (2" —n) + (M2 —m)) (3.1
= O(n* +n2"™™ + m2"™)

where n is the number of edges in the graph, and m is the number of nodes.

3.2.5 Identifying Indeterminacy

In most cases, TimeML graphs lack enough information to uniquely specify the full or-
dering; a simple example is shown in Figure [3.5] For that TimeML graph, the uniquely
determined orderings include the first and last sections of the timeline, namely 1~ <17<2
and 3<4~ <47 <5 <5". On the other hand, the order of 2 and 3 is indeterminate. There
are 11 possible orders, shown in Figure @

Many constraint solver implementations can produce all possible solutions for a con-
straint problem. TLEX assumes, in the absence of additional information, that the shortest
normal form timeline (corresponding to the smallest solution, and formally defined in
Definition is the best. To determine which portions of the shortest normal form

timeline are of indeterminate order, TLEX compares the shortest normal form timeline
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Figure 3.5: A TimeML graph with an indeterminacy. While the order of 4 and 5 is fixed,
the relative order of 2 and 3 is indeterminate.

M1 <1 <2 <2°<8 <8 <4<4<5 <5
)1 <17 <83 <8 <2 <2<4<4<5«<5
B)1T <17 <2 <2°=3<3 <4<4<5 <5
41T <1 <8 <38 =2<2"<4<4<5 <5
B)1T <1 <2 =8 <2"<3 <4<4<5 <5
6) 17T <17 <2 =38 <8 <2"<4<4<5 <5
M1 <1 <3 <2 <2223 <4<4<5 <5
@) 1T <1 <2 <3 <2°=3<4<4 <5 <5
91T <1 <2 <8 <38 <2<4<4<5«<5
(10)1<1+<3<2<2+<3+<4<4+<5<5+
M 1T <1 <2 =3 <2223 <4<4<5 <5

Figure 3.6: All possible solutions for the graph shown in Figure with indeterminant
orderings highlighted.

with alternative timeline solutions using Algorithm 2] This algorithm iterates through all
adjacent time point pairs in the shortest timeline and checks to see that these two points
are adjacent in some selection of other timelines. If they are not always adjacent, the
order of that pair is indeterminate. With these results, I can visualize the indeterminate

sections, as shown in Figure 3.7

Time Complexity For a temporal graph with m nodes, there are at most 2m distinct
time points in the largest timeline. For 7 time points there are ¢! possible distinct orderings
of time points (timelines). That means for a temporal graph with m nodes, there are at
most (2m)! + (2m — 1)l + ... +1 = 32" 2! timelines. Each timeline with p distinct

time points has p — 1 adjacent time point pairs, which means there are at most 2m — 1

pairs to inspect, corresponding to O(m). This means that the worst case time complexity
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Figure 3.7: The shortest timeline extracted from the TimeML graph in Figure with
the indeterminate section highlighted.

of Algorithm [2| is O(m Zi’zl x!). This is quite large. I can limit my exploration of
alternative timelines to a constant number (lines 3—4 in Algorithm 2, producing a lower-
bound estimate for time point pairs that are indeterminate. Limiting the computation in

this way produces a time complexity of O(m) for this step.

Algorithm 2 Identify Indeterminant Pairs
1: procedure FINDINDETERMINATESECTIONS(s, T, 1)

Require: s > shortest timeline
Require: T > set of all other timelines
Require: [ > integer constant for limiting search; < 0 means no limit
2: D+ 0 > indeterminacy map
3: while [ > 0 A T.size > [ do REMOVERANDOMELEMENT(T') © reduce timeline set to
size
4 for all p < (s;, s;+1) € s do> for each neighboring pair of times in the shortest timeline
5 D(p) < false
6: forallt € T'do
7: if "ISPAIRADJACENT(p, t) then
8 D(p) « true > if the pair are not neighbors in one timeline, it is
indeterminate
9: return D

Overall Time Complexity In sum, the time complexity of the overall TLEX algorithm
is as follows. For m nodes and n edges in the TimeML graph with £ temporally and
aspectually connected subgraphs, the partitioning step has order O(m + n), transforming
has O(m + n), solving O(kn?), correcting O(n* + n2"~™ + m2"~™), and finding inde-
terminacies O(m 32", x!) in the exhaustive case or O(m) in the limited case. Therefore
in the exhaustive case TLEX has a time complexity of O(m fozl x!), and in the limited

case O(n* + n2"~™ 4+ m2nm),
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3.3 Formal Proofs of TLEX’s Correctness

TLEX is a procedure that takes a TimeML graph as an input and returns, for each tempo-
rally connected subgraph C; of the TimeML graph, either (a) the timeline corresponding
to C;, with indeterminate sections marked, or (b) a subgraph J; C P; containing all prim-
itive temporal constraints in the PA graph P, corresponding to C;. In the case where all
C; are consistent, the timelines can be arranged into a trunk-and-branch structure where
the timelines are connected to each other by subordinating TimeML relations. TLEX has
5 steps (partitioning, transforming, solving, correcting, and identifying indeterminacies),
and I prove the correctness of each step in the theorems below. Note that I provide a

comprehensive list of all notation and its meaning in Table

3.3.1 Proof of Step 1: Partitioning

I begin with the formal definition of the TimeML graph, which is the input to TLEX.

Definition 3.3.1 TimeML Graph. A TimeML graph is a graph T = (Vp, Er), where
Vi is a set containing temporal intervals—TimeML events and time expressions—and
Er is a set of TimeML links | = (u,v,w), a tuple where u,v € Vi and w € £, where
L = LU LyULs is a set containing all 25 link types in TimeML, including 14 temporal

(TLINK, %), 5 aspectual (ALINK, £4), and 6 subordinating (SLINK, .Zs) types.

In Step 1, TLEX partitions the TimeML graph into temporally connected subgraphs,
in other words, TimeML graphs that are connected only by TimeML links (TLINKs and
ALINKs, which are the only links with temporal semantics). To do that, TLEX walks the
graph, partitioning the graph into subgraphs by removing SLINKs. The formal definition

of the temporally connected TimeML graph is as follows:
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Definition 3.3.2 Temporally Connected TimeML Graph. A temporally connected TimeML
graph is a connected TimeML graph C = (Vo, Ec) where for every TimeML link | =
(u,v,w) € Ec, w € Lra, where Lra = Lr U Z4 is a set containing only the 19 link
types with temporal semantics in TimeML, namely, the 14 temporal (TLINK, Z7) and 5

aspectual (ALINK, Z4) types.

The theorem of Step 1 is as follows:

Theorem 3.3.3 On the input of a TimeML graph T, Step 1 of TLEX will give as output (i)
a set of temporally connected TimeML graphs T = {C4, Cy, ... Cy} that are subgraphs
of the original TimeML graph, the union of which contain all the TLINKS, ALINKS, events,

and times in the original graph; and (ii) Ts, the set of all SLINKs in the original graph.

Proof. Part (i): Given a TimeML graph T' = (V, E7), Step 1 of TLEX first creates
an empty graph C; = (V¢,, E¢,) and then conducts a breadth-first search of 7', starting
from a randomly selected node, following only TLINK or ALINK edges to other connected
nodes. Each link traversed in this search is removed from £ and placed in £, and each
node traversed is removed from V7 and placed in V. C; is therefore by construction a
temporally connected TimeML graph. When the search completes, TLEX creates a new
Ci11, and starts a new search from a new randomly selected node, performing the same
removals, until all nodes in V have been removed. As a result, TLEX constructs a set of
temporally connected graphs T = {C}, Cs, ... Cy}, the union of which contains all the
events, times, and TLINK and ALINK edges present in the original 7.

Part (i1): To assemble the list of subordinating links, TLEX starts with an empty set T’s

and iterates over Fp, adding only SLINK edges to Ts. [
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3.3.2 Proof of Step 2: Transforming

In Step 2, TLEX transforms each temporally connected TimeML subgraph into a point
algebra (PA) graph that expresses the temporal semantics of the TimeML subgraph as
primitive constraint relations (UzZaman and Allen, 2011). The formal definition of a

point algebra graph is as follows:

Definition 3.3.4 Point Algebra (PA) Graph. A point algebra (PA) graph is a graph
P = (Vp, Ep) where Vp is a set of time points t;, and Ep is a set of temporal constraints

¢; = (u,v,w), a tuple where u,v € Vp and w € {<,=}.
The theorem of Step 2 is as follows:

Theorem 3.3.5 On input of a vector of temporally connected TimeML graphs Tx =
(Cy,Cy,...Cy), Step 2 of TLEX will give as output a vector of point algebra graphs
Tp = (P, Py, ... Py) in which each P; is connected, and also corresponds to the primi-

tive temporal semantics of C.

Proof. [Van Beek and Cohen| (1990, p. 23) showed that the pointisable subset of Allen’s
interval algebra (IA) can be translated into a PA graph. The temporal subset of TimeML
(including only TLINK and ALINK relations) is a pointisable subset of Allen’s IA because
it is atomic, meaning there is only one relation between any two nodes, and atomic in-
terval algebras are a subset of pointisable algebras (Ligozat, 1998, p. 1). To perform the
translation, for each temporally connected TimeML graph C; = (Vg,, E¢,), TLEX con-
structs an empty PA graph P, = (Vp,, Ep,). For every TimeML event and time expression
v € Vi, where t~ and ¢ are the start and end time points of v, respectively, TLEX adds
t~ and t* to Vp, and adds (t7, ¢, <) to Ep,. Then, for every [ € E¢,, TLEX adds the one
or two primitive temporal relations corresponding to the primitive temporal semantics of
that TLINK or ALINK as listed in Table @ Therefore, at the end of the step I have con-

structed a vector of PA graphs Tp = { Py, Ps, ... P} in which each P; corresponds to the
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full primitive temporal semantics of each original temporally connected TimeML graph

CieTe. O

3.3.3 Proof of Step 3: Solving

In Step 3, TLEX extracts a timeline from each consistent PA graph P; by assigning inte-
gers to each node on the graph using constraint solving. The case where a PA graph is
inconsistent is covered in Step 4. Bartak et al.| (2014, p.15) defined a consistent PA graph

as follows:

Definition 3.3.6 Consistent PA Graph. Given a PA graph P = (Vp, Ep) with Vp =
{t1,ta,...}, I say that a vector of real numbers S = (ry,rq,...) is a solution to a PA
graph if and only if the values of t; = r; satisfy all the constraints from Ep. I then say

that P is a consistent PA graph if and only if a solution exists.

Definition 3.3.7 Consistent Temporally Connected TimeML Graph. A temporally con-

nected TimeML graph C' is consistent if and only if its PA graph P is consistent.

A timeline associates sets of time points in a PA graph with the ordered set of solution

values in the solution set. I construct the definition of a timeline as follows.

Definition 3.3.8 Ordered Solution Set. Let P = (Vp, Ep) be a PA graph, with Vp =
{t1,ta,...}, andlet S = (11,79, ...) be a vector of real numbers which is a solution of P.
Let Og = (r1,73,...) be the set of unique real numbers that are contained in S, ordered

according to the natural order of the reals R. I say Og is the ordered solution set of P

and S.

Definition 3.3.9 Anchor Set. Let P be a PA graph with solution S. Let A; C Vp be a
subset of time points that share a real number assignment r; € S. I say A; is an anchor

setof P and S.
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Definition 3.3.10 Timeline. Let P be a PA graph with solution S and ordered solution set
Og. Let Ap = {Ay, Ag, ...} be the set of all anchor sets for P and S. Let L : Og — Ap
be a function where each s; € Og is mapped to the A; that contains the time points to

which s; is assigned. I call L a timeline for P.
Lemma 3.3.11 A timeline L : Og — Ap is a bijective function.

Proof. Let P = (Vp, Ep) be a PA graph with solution S and ordered solution set Og,
and let L : Og — Ap be a timeline corresponding to S. To show that L is bijective
I must show that L is injective (every element in Ap is paired with one and only one
element in Og) and surjective (every element in Ap is paired with some element of Og).
To prove L is injective, suppose there are two 7;,r; € Og such that L(r;) = L(r;) = A.
By the definition of a timeline and anchor set, every time point in A; shares the same
assignment 7; € Og, and time points cannot have multiple assignments, and so necessarily
r; = r;. Thus L is injective. By construction, L is surjective, because every timepoint in
P receives an assignment in S and so is included in some anchor set Ap, which is mapped

by construction in L. Therefore, L is a bijective function. [J

I deal next with the problem that there are an uncountably infinite number of timelines
that all represent the same ordering of timepoints in a PA graph. For any given timeline
L:Og — Ap with Og = (r1,rs .. .), there exist an uncountably infinite number of other
timelines whose ordered solution sets are order-isomorphic to Og while maintaining the
correct mapping of values in Og to anchor sets in Ap. In cases where there is no direct
metric temporal information in the original TimeML annotated text, for most practical
purposes any one of these timelines can be substituted for another. Therefore it is useful
to identify a “normal form” for timelines that simplifies the process of comparison. To

establish this normal form I first define the following equivalence relation:
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Definition 3.3.12 Tempomorphic Equivalence. Let P be a consistent PA graph with
distinct solutions Sy and Sy that share Ap, a set of anchor sets for P. Let L, : Og, — Ap
and Ly : Og, — Ap be timelines for P where there exists a bijective, strictly order-
preserving function f, : Os, — Og,. I say that L, and Ly are timeline isomorphic—or
tempomorphic, or tempomorphically equivalent—if for every r € Og, and f,(r) € Osg,,

the equality Ly (r) = Ly(f,(r)) holds. I express this relationship as L, ~ Ls.
Lemma 3.3.13 Tempomorphic equivalance ~ is an equivalence relation.

Proof. To show that ~ is an equivalence relation it is sufficient to show it is reflexive,

symmetric, and transitive.

* Reflexivity: Let L : Og — Ap be a timeline. The identity function [ is a bijective,
order-preserving function I : Og — Og. Therefore, for every r € Og, I(r) € Og

and L(r) = L(I(r)), and so L is tempomorphic with itself. Therefore ~ is reflexive.

e Symmetry: Let L, and L, be timelines for the same PA graph P with L; ~ L.
This means there is a bijective, order-preserving function f,, such that L(r) =
Ly(f,(r)). Because f, is bijective, it must have an inverse f, ', and Lo(r) =

Li(f;(r)), and so Ly ~ L. Therefore ~ is symmetric.

* Transitivity: Let Ly, Lo, and L3 be timelines for the same PA graph P, and L, ~ Lo
and L, ~ L. This means there exists two bijective, order-preserving functions fpa
and f,, such that L(r) = Lo(f,,(r)) and Ly(r) = Ls(f,,(r)). By substitution I
also have Ly(r) = Lo(fp, (1)) = Ls(fp,(fp.(r))). Because both f, and f,, are
bijective and order-preserving, the composition of f,, o f,, is also bijective and

. L L . .o .
order-preserving, and so L; ~ Ls. Therefore ~ is transitive.

o, . L . . . o, . L . .
As it is shown above, ~ is reflexive, symmetric, and transitive. Therefore ~ is an equiva-

lence relation. [
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Definition 3.3.14 Tempomorphic Equivalence Set. Let P be a consistent PA graph with
a timeline L. Let 1L be a set of all timelines that are tempomorphic with L. I say then that

L is a tempomorphic equivalence set for P, and the tempomorphic equivalence set for L.

Definition 3.3.15 Neighboring Assignment Pair. Let L : Os — Ap be a timeline for a
PA graph P = (Vp, Ep). Let t;,t; € Vp be two time points in the PA graph, let r; and
r; be the assignments of t; and t; in Og, respectively, and let A;, A; € Ap be the anchor
sets for t; and t;, namely, t; € A; and t; € A;. Therefore L(r;) = A; and L(r;) = A;.
If there does not exist any v € Og such that r; < r < rj, I call (r;,r;) a neighboring

assignment pair of Og, which I can also write (1;,7;11).

I am now able to define a unique object that captures a single possible ordering of

timepoints from a solution to a PA graph.

Definition 3.3.16 Normal Form Timeline. Let P be a consistent PA graph, and 1L be a
tempomorphic equivalence set for P. Let Ly € 1L be the timeline whose ordered solution
set Og,, contains only integers, whose first element is 1, and for which every neighboring
assignment pair is of the form (r;, r; + 1); that is, the difference between every r; and r; 1
is exactly 1. Then I call Ly a normal form timeline for P and the normal form timeline

for L.

Definition 3.3.17 Normal Form Solution. Let Ly be a normal form timeline for P, and
let Sn be the solution that underlies Ly and that consists of positive integers only, with
each neighboring assignment pair differing by exactly 1. Then I call Sy a normal form

solution.

Lemma 3.3.18 There exists a single unique normal form timeline Ly for each tempo-

morphic equivalence set L.
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Proof. (a) Existence. By Definition there exists at least one timeline L; € L
that has an ordered solution set Og, = (rq,72,...,7;). I can construct a second ordered
solution set Og, = (1,2,...,...,7) as well as a new timeline L, : Os, — Ap. By
construction, Og, is order-isomorphic to Og,, and so replacing every 7; in S; with its
corresponding integer index ¢ is also a solution to the PA graph P for L. This means that
Ly € L, and L» is by construction a normal form timeline.

(b) Uniqueness. Assume that Ly,, Ly, € L are both normal form timelines for a
tempomorphic equivalence set. Because Ly, and Ly, are tempomorphically equivalent,
there exists a bijective order-preserving function f,, that relates their ordered solution sets
Og, and Og,; this means |Og, | = |Og, |, namely, they are the same size. Further, because
Ly, and Ly, are normal form timelines, the smallest element in Og, and Og, is 1, with
all subsequent elements in each set being the integers greater than one up to the size of
each set. Therefore Og, = Og, = Og. Moreover, for each r € Og, let L;(r) = A,, and
Ly(r) = A,,. Because f, is bijective and order-preserving and Og, = Og,, f, must be

the identity function, and so Ly (r) = Lo(f,(r)) = La(r) = A,. Therefore, L1 = L. O

Definition 3.3.19 Timeline Length. Let L : Og — Ap be a timeline. Then the number

of elements in Og (i.e., |Og|) is called the length of the timeline L. Because a timeline is

a bijective function, the length is also the same as the size of Ap. I will denote the length

of Las|L|.
Lemma 3.3.20 Every timeline L € IL has the same timeline length.

Proof. Let L1, Ly € L be timelines where Ly : Og, — Ap and Ly : Og, — Ap. By
Definition [3.3.12] there exists a bijective function f, that relates Og, and Og,. Therefore

|Os,| = |Os,| and so L; and L, have the same length. [

Definition 3.3.21 Shortest Tempomorphic Equivalence Set. Let P be a consistent PA

graph, and let Lp be the set of all tempomorphic equivalence sets for P. Let . € Lp
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be a tempomorphic equivalence set that contains a shortest timeline. I call L.° a shortest

tempomorphic equivalent set for P.

Definition 3.3.22 Shortest Normal Form Timeline. Let 1.° be a shortest tempomorphic
equivalent set for P. 1 will call the normal form timeline of .° the shortest normal form

timeline for P, or L°.

Because every timeline length is at least 1, I know that there exists at least one shortest
tempomorphic equivalence set and at least one shortest normal form timeline. It remains
to be shown, then, that the shortest normal form timeline is unique: namely, that for any
PA graph there is a single solution that is both normal form and strictly smaller than any

other solution.

Lemma 3.3.23 Existence of Unique Smallest Positive Integer Solution. Let P be a PA
graph, and let S be the set of all possible positive integer solutions to P. Then there exists
a unique single smallest positive integer solution Sy = (So1, So2, - - - Soj), such that for any

other solution S; € S, for each value s;; € S; of time point ty, in S;, Sor < Sig.

Proof. 1 shall proceed by contradiction. Assume S; = (S11,812,...,51;) and Sy
= (821, S22, . . ., S9;) are distinct smallest positive integer solutions to P. Because they
are distinct, they must differ at at least one assignment, namely si; # so; for some 1,
which means that either s1; > $o; Or s1; < So;. In either case one of the two solutions is

not a smallest positive integer solution, in contradiction to my original assumption.  [J

Lemma 3.3.24 Unique Smallest Positive Integer Solution is Normal Form. Let P be a
PA graph, and let Sy be the unique smallest positive integer solution. Then Sy is a normal

form solution.

Proof. 1shall proceed by contradiction. Assume Sy is not normal form. That means there

is a neighboring assignment pair that is not of the form (r;,7; + 1), which means that
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there is at least one integer r; such that r; < r; < 1,41, but r; ¢ Sy. I can construct a
new assignment S; by subtracting 1 from all r; € Sy where r; > r;. Because r; was not
in Sy, this new assignment still satisfies all the constraints in P, and so is a solution to P.
But that means that Sy was not a smallest positive integer solution, because for all indices
that were assigned an integer > 7 in .Sy, they have a smaller positive integer assignment

is 5. Therefore S, must be a normal form solution. [

I have now established that there is a single, unique shortest normal form timeline L°

for every consistent PA graph P. The theorem for Step 3 now follows:

Theorem 3.3.25 On an input of a vector of consistent, connected PA graphs Tp =
{P,P,,...P}, Step 3 of TLEX will output a vector TY = (LY, LS,...L%) in which

each LY is the shortest normal form timeline for P;.

Proof. By Definition[3.3.6] a PA graph is consistent if and only if it has a solution. There-
fore, a solution to a consistent PA graph must exist. [Pear]l and Korf] (1987) showed that
solving a CSP can be formulated as depth-first search on a finite graph, which means that
a procedure exists that will eventually find the single unique smallest solution S° contain-
ing only positive integers for that CSP Zhuk (2020, p. 7). For each PA graph P, € Tp,
TLEX uses that procedure to find the smallest solution SY, as well as the corresponding
ordered solution set Og0 = (r; | 7 € SY) that contains all the numbers in S? in their
natural order. TLEX then creates an empty timeline L;, and for each s; € S; creates an
empty anchor set A; and adds the ordered pair (s;, A;) to L,. Then, for every pair t; = r;
in the assignment, TLEX adds ¢, to the A; corresponding to ;. L; is then, by construction,
a timeline for P,. Because each solution S is the smallest positive integer solution, by
Lemma each SY is also a normal form solution, which means that each L; is a nor-
mal form timeline. Therefore, I have shown that the timelines 7} generated by TLEX in

Step 3 are all the shortest normal form timelines for the PA graphs in 7p. O
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3.3.4 Proof of Step 4: Correcting

The success of the third step requires that each PA graph be consistent. However, de-
pending on how the TimeML graph was generated or the semantics of the underlying
language, the TimeML graph (and so the corresponding PA graph) might not be consis-
tent. To address this possibility TLEX uses Algorithm [lafin its fourth step to detect the
specific sources of inconsistency in the PA graph so that it may be manually corrected (if

possible). [Zaidi (1999) defines inconsistency of a point algebra graph as follows:

Definition 3.3.26 Inconsistency in a PA Graph. If a PA graph is inconsistent—that is, no
solution exists according to Definition [3.3.61—then it must be the case that at least two
different order relationships (drawn from the set {<,=, >}) must hold between the same

two time points t and s. That is, both tR;s and t R;s must simultaneously be true, where

R; # R;.

In the fourth step, TLEX detects a set of connected sub-graphs of the PA graph that
is responsible for one or more inconsistencies. These subgraphs, and their associated
TimeML relations and text, can be presented to human annotators, which allows them to
fix inconsistencies manually. The proof of the fourth step begins with the definition of an

inconsistent cycle.

Definition 3.3.27 Inconsistent Cycle. An inconsistent cycle is a cycle in a PA graph with

one of the following forms \van Beek|(|994):

l.v=..=w#v
2. v< .. <w < ... <v# w, where some or all of the < could be = or <

3. v < ... <w < .. <, where all but one of the < can be < or = (Note that this

case also covers the case of self-loops, v < v.)
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Algorithm (l1a] produces a set of subgraphs, each of which is potentially a union of
multiple overlapping inconsistent cycles. I call these maximal inconsistent connected PA

subgraphs:

Definition 3.3.28 Maximal Inconsistent Connected PA Subgraph. A maximal inconsis-
tent subgraph I = (Vr, Et) is a connected subgraph of a PA graph P in which every edge
e € Ly is part of an inconsistent cycle in P, and for every inconsistent cycle c; of which

e is a part, all the edges and nodes of c; are contained in I.

Building on these definitions, the proof of Step 4 (Algorithm[Ta) is as follows.

Theorem 3.3.29 On an input of an inconsistent PA graph P = (Vp, Ep), Step 4 (Al-
gorithm of TLEX will give as output a graph J containing the union of all maximal

inconsistent connected PA subgraphs present in the graph.

Proof. Step (a): This step identifies all self loops. Detecting a self loop is trivial: each
edge can be directly inspected to see if its endpoints are equal, and whether the edge is a
less than edge (<). Therefore at the end of step (a) £, contains all self-loop edges.

Step (b): van Beek]| (1994) shows that a PA graph is inconsistent if and only if there
is an inconsistent cycle in the graph. If an edge is removed from a cycle, the rest of
the edges can be satisfied because there is no longer a cycle. Step (b) begins with an
empty set of edges Ey, and adds all non-self-loop edges (Ep/FEp) to Ey one by one,
testing consistency of the graph (Vp, E) after each addition. If, after the addition of
each edge (Vp, E) is found inconsistent, it must be the case that the last added edge
induced inconsistency; this edge is thus removed from Ey and added to Ep. In this
way, at the end of step (b), (Vp, En) is a consistent graph, Ez contains one edge per
inconsistent cycle, and the union of £y and Ep contains all the edges in the original

graph (Ey U Ep = Ep).
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Step (c): The addition of any edge e, € Ep to Ex will induce inconsistency in
(Vp, En), completing any inconsistent cycles of which e, is a member. Therefore each e,
is added back to E/y in turn, and the function SEARCHFORCYCLES performs an exhaus-
tive Depth-First Search (DFS) starting from e;, without repeating edges, discarding any
paths that are not cycles that end on ¢;, and adding found cycles to X. Therefore, X must
contain all possible cycles containing e;,. For each cycle Fy that is found, ISCYCLECON-
SISTENT walks the cycle, keeping track of whether or not less than relations all point in
the same direction; if not, it is an inconsistent cycle, and it is added to £;. Therefore,
at the end of step (c), £y contains all and only the edges involved in inconsistent cycles
involving the edges in Ep.

Step (d): I can easily extract the nodes involved in all edges in E; U E}, to produce
Vi. Because £ U Ep, contains all edges involved in inconsistent cycles, the graph J =
(Vi, E; U Ep) is equal to the union of all maximal inconsistent connected PA subgraphs

nP. O

3.3.5 Proof of Step S: Identifying Indeterminacy

In the fifth step, TLEX detects indeterminate sections on the timeline using Algorithm [2]
I begin the proof of this step by defining order-equivalence and order-uniqueness with

respect to ordered solution sets.

Lemma 3.3.30 The existence of a bijective, order-preserving function f, between two or-
dered solution sets defines an equivalence relation, which I will call the order-equivalent

. . @]
equivalence relation ~.

Proof. To show that ~ is an equivalence relation it is sufficient to show that it is reflexive,

symmetric, and transitive.
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* Reflexivity: Let Og be a solution set for a PA graph P. The identity function /
is a bijective, order-preserving function I : Og — Og. Therefore, Og is order-

equivalent relative to itself.

» Symmetry: Let Og, and Og, be ordered solution sets for a PA graph P, and let
Og, N Os,. This means there exists a bijective order-preserving function f, be-
tween Og, and Og,. Because f, is bijective, it must have an inverse f, " that is also

bijective and order-preserving. Therefore Og, ~ O, .

* Transitivity: Let Og,, Og,, and Og, be ordered solution sets for a PA graph P,
and let Og, N Og, and Og, N Og,. This means there exists two bijective, order-
preserving functions f,, and f,, such that f, : Os, = Og, and f,, : Og, — Og,.
Because both functions are bijective and order-preserving, the composite function

fpa (fp,) is also bijective and order-preserving, meaning Og, N Og,.

o . . .
Therefore ~ is an equivalence relation. [J

Definition 3.3.31 Order-Uniqueness. Let O be a set of ordered solution sets and let
0, € O. If O; is not order equivalent to any other 0, € O I say that O; is order-unique

with respect to 0.

Algorithm [2| constructs an indeterminacy map that identifies which time points have

indeterminate order.

Definition 3.3.32 Canonical Neighboring Time Point Pair. Let t;,t; € Vp be a pair of
time points for a PA graph P = (Vp, Ep). Let Ly : Og — Ap be the shortest normal form
timeline for P, and let r;,r; € Og be the assignments for t; and t;, namely, Ly(r;) = A;
where t; € A;, and Ly(r;) = Aj where t; € Aj. p = (t;,t;) is a canonical neighboring

time point pair for P if (r;,r;) is a neighboring assignment pair relative to L.
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Definition 3.3.33 Indeterminacy Map. Let P be a PA graph. Let Nyp be the set of
all canonical neighboring time point pairs p; = (t;,t;) for P. An indeterminacy map
D : Nop — {true, false} is a function where for every canonical neighboring time
point pair p; € Nap, p; is mapped to true if there exists some timeline L for P such
that the assignment pair (r;,1;) for p; relative to L is not a neighboring assignment pair.

Otherwise, p; is mapped to false.

The indeterminancy map captures whether or not two time points in the PA graph P
are found next to each other in all possible timelines for P.

The theorem for the fifth step is as follows.

Theorem 3.3.34 On an input of a vector of consistent, connected PA graphs Tp =
{P1, P, ... Py}, Step 5 (Algorithm[2) of TLEX will output a vector Tp = { D1, Ds, . .., Dy}

in which each D; is the indeterminacy map for each P,.

Proof. Gent and Smith/ (1999) demonstrated a procedure for finding one solution of a
CSP from each equivalence class of solutions defined by a generic symmetric relation
g. By Lemma [3.3.30] the order-equivalent relation is a symmetric relation, and so the
procedure of |(Gent and Smith| can be used to find one order-equivalent solution from each
order-equivalent equivalence class for the CSP. TLEX uses such a procedure to produce
these solutions Sp, = {S;1, Si, ...} for each P;, with corresponding ordered solution
sets Op, = {Os,,,Os,,, ...} and timelines Lp, = {L;1, L2, ...}. By construction, each
ordered solution setin Og,; € Op, is order-unique with respect to Op,, which means there
does not exist a bijective, order-preserving function f, that maps any Og,, € Op, to any
other ordered solution set in Op,. This means no timeline in Lp, is tempomorphically
equivalent to any other timeline in L p,, which means every timeline L;; € Lp, is drawn

from its own unique tempomorphic equivalent set L;;. Because every timeline from every
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possible tempomorphic equivalent set is present in Lp,, this means that the union of all
the tempomorphic equivalence sets for each timeline in Lp, is equal to L P,

Recall that Theorem showed that for a set of connected PA graphs Tp =
{Py, Py, ..., P,} where each P, is also a CSP, Step 3 of TLEX will output a vector of short-
est normal form timelines 7}, = {Lq,, Lo,, - - ., Lo, }. Algorithm 2| creates an empty in-
determinacy map D; for each timeline in 7. Then, for every canonical neighboring time
point pair p; in each L,, the algorithm checks whether that pair is a neighboring assign-
ment pair in each timeline in Lp,. If so, it adds (p;, false) to D;, meaning the time point
pair is determinate. Otherwise, it adds (p;, true), meaning the time point pair is indeter-
minate. At the end, TLEX returns a set of indeterminacy maps Tp = {D1, Ds, ..., D,}

for a set of connected consistent PA graphs Tp = {P, P,,... F,}. O

3.3.6 End-to-End Proof

I informally defined a “main” timeline as a timeline containing events and times that
actually happen in the “world” described in the text. Because I do not currently have
an automatic way of identifying main timelines, I will rely on information external to
TLEX to identify the main timeline. For this, it is sufficient for a person to identify at least

one event or time that occurs on every disjoint main timeline for the text.

Definition 3.3.35 Trunk-and-Branch Timeline Let'l" be a consistent TimeML graph with
temporally connected subgraphs Tc = {C1,Cs,...,C,} and corresponding timelines
T, = {L1,La,...,L,}, and let Tyy C T}, be the set of main timelines. A trunk-and-
branch timeline for T is a pair By = (G, Tyr) where Gg = (Ty, Es) is a graph where

the edges Eg are subordinating TimeML links between timelines.

Definition 3.3.36 Normal-Form Trunk-and-Branch Timeline Let By = (Gg,Ty;) be a

trunk-and-branch timeline for a consistent TimeML graph T’ with temporally connected
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subgraphs Tc = {C4,Cy, ..., C,} and corresponding timelines Ty, = {Ly, Lo, ..., L, }.
I say Br is a normal-form trunk-and-branch timeline if every timeline in T, is a normal-

form timeline.

Definition 3.3.37 Shortest Trunk-and-Branch Timeline Let By = (G, Ty) be a trunk-
and-branch timeline for a consistent TimeML graph T with temporally connected sub-
graphs Tc = {C1,Cs, ..., C,} and corresponding timelines Ty, = {Ly, Lo, ..., L,}. 1
say Br is a shortest trunk-and-branch timeline if every timeline in Ty, is a shortest time-

line.

My end-to-end theorem is as follows:

Theorem 3.3.38 On an input of TimeML graph T = (Vr, Er), with temporally con-
nected subgraphs Tc = {C1,Cs, ..., C,}, with a subset of events or times Vy; C Vrp
identified as being on a “main timeline,” TLEX produces one of the two following out-
puts: (a) If all C; € T are consistent, TLEX outputs (i) the shortest normal-form
trunk-and-branch timeline By = (Go,Tw) for T, with Vi C U Ve,,, where each
Cy; = {Veu,., Ecy,} € Tc is the temporally connected subgmpzh associated with a
main timeline Ly;,; and (ii) a vector of indeterminacy maps Tp = {D1, Ds, ..., D,}
corresponding to each timeline in Ty,. (b) If any C; € T is inconsistent, TLEX outputs a
vector Ty = (J1, Jo, ..., Jp) of unions of all maximal inconsistent PA subgraphs, where

each J; corresponds to the union of maximal inconsistent PA subgraphs in each C;.

Proof. Part (a): By Theorem [3.3.3] on input of a TimeML graph 7', TLEX Step 1 outputs
a set of temporally connected TimeML graphs 7 and a set of all subordinating links
Es. By Theorem [3.3.5] TLEX Step 2 transforms T¢ into a vector 7 of point algebra
graphs. By Theorem if every P, € Tp is consistent, and so every T; € T is

consistent, TLEX Step 3 outputs a vector of 77, of shortest, normal-form timelines for

58



Tp. I can identify which C; has nodes in V), and thus identify each L, € T7,. By
Theorem [3.3.34] TLEX Step 5 outputs a vector 7, of indeterminacy maps for Tp. I can
then construct Gy = (717, Fs) and By = (Go, T ).

Part (b): Steps 1 and 2 are same as for Part (a). However, in this case, there exists
one or more P; € Tp that are inconsistent. For each inconsistent P, by Theorem [3.3.29]
TLEX Step 4 will produce J;, a union of all maximal inconsistent subgraphs for F;, and for
each consistent P;, J; = (). These can be concatenated into a vector J = (Jy, Ja, ..., J,).

O

3.4 Experimental Evaluation

The prior section shows the formal correctness of TLEX; here I report an experimental
evaluation and show that TLEX performs as expected on real data. I evaluated TLEX on
the four corpora described previously in Table As described in §3.2.4] I ran Algo-
rithm [Ta across all inconsistent texts and manually corrected those TimeML graphs with
reference to the original text. To emphasize the importance of ALINKS, I performed in-
consistency detection on TimeML graphs with and without ALINKs. Table [3.2]shows the
number of inconsistent files in the corpora. Without ALINKs, TLEX determined that 30
texts in the TimeBank corpus. Importantly, these inconsistencies are exactly the same 30
as those found by |Derczynski and Gaizauskas| (2010). But more importantly, this number
is increased significantly after the consideration of ALINKs. To correct these inconsisten-
cies, I removed self-loops automatically and manually corrected larger cycles. All manual
corrections were performed by reference to the original texts. I produced fully consistent
TimeML graphs for all 385 texts. In some cases, I corrected inconsistencies by removing
an incorrect link in the original TimeML graph; in other cases by changing an incorrectly

labeled link.
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Corpus Total Files Inconsistent Files Inconsistent Files
(TLINKS only) (TLINKS & ALINKS)

Timebank 1.2 | 183 30 65

N2 67 10 11

ProppLearner | 15 9 11

MEANTIME | 120 36 36*

Total | 385 85 123

Table 3.2: Details of the inconsistencies of the four corpora. *The MEANTIME corpus
does not have ALINKSs.

Length of # Subordinated | # of Indeterminate
Main Timeline Branches / Text Sections / Text
Corpus Min Avg Max | Min Avg Max | Min Avg Max
TimeBank 1.2 | 4 8.1 18 1 16.0 142 | 0 53 11
N2 6 247 72 1 193 106 | O 102 21
ProppLearner | 128 180.5 290 | 33 8277 134 | 0 28.8 63
MEANTIME | 4 7.3 13 0 20 7 0 38 7

Total |4 175 290 |0 148 142 |0 6.6 63

Table 3.3: Details of the timelines extracted from the four corpora.

After correction, I extracted all the timelines for all texts using TLEX Steps 1-3 and
identified their indeterminate sections using Step 5. Table shows statistics on the
length of the shortest main timelines (i.e., the number of time steps in the shortest solu-

tion), the number of subordinated timelines, and the number of indeterminate sections.

3.4.1 Sampling Evaluation

As I do not have gold-standard annotated timelines against which to compare, I cannot
directly compute recall, precision, or F} for the output of TLEX. Therefore I performed a
sampling evaluation to check the extracted timelines, where I selected aspects of timelines
at random to check against the original texts. I used Simple Random Sampling (SRS;

Saunders et al., 2009, p. 222) wherein every member of a population has an equally likely
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chance of being selected. In SRS, I check the correctness of a specific feature of a set of
n members randomly selected from a population with size N to obtain an estimate of the
correctness of that feature over all the data. The formula for calculating sample size for a
finite population is the following:

un Z2
n=——— Wwhere ny= —
1+ =0 4c

Where c is the confidence interval, Z is the Z-score for the confidence level, and N is
the population size. For all experiments, I used a ¢ of 0.02 (2%) and a confidence level of
0.95 (95%), which corresponds to a Z-score of 1.96.

I evaluated the extracted timelines via simple random sampling, checking five fea-
tures: (1) the ordering of time points with respect to each other, (2) the number of main
timelines, (3) the placement of events on main versus subordinated timelines, (4) the at-
tachment point of subordinated timelines, and (5) whether indeterminate sections are truly

indeterminate with respect to the underlying TimeML graph.

Time Point Ordering

Time point ordering was the first feature I evaluated. I randomly picked neighboring pairs
of time points from the TLEX-generated timelines and compared them to the TimeML
graph to ensure that the timeline and the graph were consistent. For example, if I ex-
amined a pair of neighboring points labeled A* and B~, I examined the paths in the
TimeML graph between A and B to determine whether this ordering was correct. Using
SRS I selected 2,264 pairs of time points out of 39,534 possible neighboring assignment
pairs, sampled from each corpus in proportion to the total number of time points in each.
I found each pair to be correctly ordered with respect to the original text. Because the
confidence interval is 2%, this results in an estimated accuracy of 98—100% with 95%

confidence. I can compare this result with three pieces of prior work. Mani et al.| 2006,
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as described above, used only three types of temporal relations, achieving an ordering
accuracy of roughly 75% for events, while Kolomiyets et al. 2012 worked with only six
temporal relations, achieving an ordering accuracy of 70%. In contrast, TLEX achieves a
perfect ordering accuracy, modulo sampling error, and correctness of the TimeML graph,

using all 25 relation types.

Number of Main Timelines

The number of main timelines was the second feature I evaluated. Identification of the
main timelines requires the identification of at least one event or time on each main time-
line, which is a laborious process. I approximated this identification, therefore, by identi-
fying all timelines that did not have incoming subordination links from another timeline.

With this identification in hand, I assessed whether multiple main timelines actually
corresponded to temporally disjoint and otherwise unrelatable graphs. In texts with multi-
ple main timelines, I define the breaking pair between two timelines as the pair of events,
times, or an event and time, one from each timeline that is closest in the text measured
by the number of intervening words. Because the population size (1,241) was not sub-
stantially larger than the sample size (818), I manually checked all breaking pairs in the
extracted timelines, and whether they actually indicated disjoint timelines. I observed that
all of the breaking pairs corresponded with true disjoint breaks between timelines in the
texts.

In some cases, I observed that sometimes a text had multiple timelines that were dis-
joint, but should have been collected together into a single main timeline because they
were temporally relatable. This is because the annotation of the text is missing a relation-
ship between one group of events or times and another group of events or times, but in
both cases, those events occur in the “real world” of the text. In other words, the TimeML

graph was disconnected in a way that was inconsistent with the actual semantics of the
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text, meaning the TimeML annotation was incorrect. I observed this situation for 181
texts, which is another dimension along which the TimeML annotations for these corpora

might be improved.

Time Point Placement

The third feature 1 evaluated was whether time points were correctly placed on main
versus subordinated timelines, using my approximation for main timelines as indicated in
the last subsection. I checked to see whether a time point placed on a subordinate timeline
did not occur in the “real world” described in the text. A total of 11,474 time points were
on subordinated timelines, and I sampled 1,986 time points across the corpora, again in
proportion to their number in each corpus. Again, all samples were correct, giving an

estimated accuracy of 98—100% with 95% confidence.

Subordinated Attachment Points

The fourth feature I checked was to confirm that subordinated timelines were connected
to the correct time points on identified main timelines. There are 5,701 subordinated
timelines in my data, and each one was connected to a main timeline with at least one
subordinating link. I checked 1,690 connections, observing that every connection was

correctly placed, giving an estimated accuracy of 98—100% with 95% confidence.

Indeterminate Sections

The fifth and final feature I checked was whether indeterminate sections were truly in-
determinate with respect to the TimeML graph. There are 2,541 indeterminate sections,
comprising 11,688 pairs of time points. I randomly selected 1,992 time point pairs from
the indeterminate sections. In all cases the pairs were truly indeterminate, meaning an

estimated accuracy of 98—100% with a 95% confidence.
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3.5 JTLEX: A Java library for TimeLine EXtraction

TLEX has been used for several NLP tasks such as corpus validation, evaluating tem-
poral dependency parsers, and narrative representation (Ocal et al., 2022a)b; Ocal and
Finlayson, 2020). To enable better access to this approach for the community, we have
implemented jJTLEX, an open-source Java implementation of TLEX for other researchers
in the field to use.

TLEX provides several types of functionality. In its canonical usage, JTLEX takes a
TimeML annotated file as input, then (1) parses the annotations into TimeML objects,
(2) builds a TimeML graph, (3) partitions the TimeML graph into temporally connected
graphs to separate real-life events and subordinated events, (4) transforms the temporally
connected graphs into point algebra (PA) graphs, and (5) solves the PA graphs to extract
a timeline. If a timeline cannot be extracted, meaning the graph is temporally inconsis-
tent, (6) it detects the minimum inconsistent subgraph and returns it to the annotator to
fix it. Finally, if the order of events and times are indeterminant (multiple possible order-
ing), (7) it calculates the temporal indeterminacy. These steps correspond to steps of the
TLEX algorithm as described earlier.

We (the jJTLEX capstone team and I) have tested jTLEX on the entire TimeBank
corpus Pustejovsky et al.|(2003b), which is a reference corpus for TimeML that contains
183 TimeML annotated news articles. For each file, JTLEX took no longer than 1 second
to extract all timelines on a currently available, standard consumer laptop (3.0 GHz Intel

Core 17-1185G7 with 32GB of RAM).

2As mentioned in the Acknowledgments, the jTLEX capstone team contributed to the jTLEX
implementation.
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3.5.1 Library Overview
User Input

JTLEX processes and allows the manipulation of all the information available in a TimeML
annotation. JTLEX can read in preexisting TimeML annotations from a . tm1 file, accept
TimeML annotations directly via a JavaScript Object Notation (JSON)-style TimeML en-
coding, or accept the raw text of TimeML annotations as a Java String object. TimeML
annotations can be generated via manual annotation by following the TimeML annota-
tion guide (Sauri et al., 2006) or by using state-of-the-art TimeML annotators such as
TARSQI (Verhagen et al., [2005), ClearTK (Bethard, 2013), CAEVO (Chambers et al.,
2014)), or CATENA (Mirza and Tonelli, 2016)). Note that there are limitations when using
automatic TimeML annotators such as information loss and temporal inconsistency (Ocal

et al., 2022a). Fortunately, JTLEX can detect inconsistencies and help users to fix them

as explained in Section

TimeML Parser

TimeML is a standard generalized markup language (SGML)-based annotation scheme
to annotate temporal information in texts. TimeML defines tags for events, temporal ex-
pressions, temporal signals, event instances, and links between events and times, namely
TLINK, ALINK, and SLINK. Each tag has attributes that contain information about a
TimeML object. For example, the "polarity” attribute of <MAKEINSTANCE> in-
dicates whether an event is negated and it contains either POS or NEG values.

JTLEX provides a TimeML parser that can parse TimeML annotations into a set of
TimeML Java objects, including events, times, and links. Additionally, it can strip the
TimeML tags and return the raw text. The TimeML annotation guide identifies optional

and non-optional attributes for each TimeML tag. If the input to JTLEX is missing a non-
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optional attribute, the parser returns an error message to the user about which attribute is
missing for which object. Therefore, JTLEX’s TimeML parser can be used to check the

compliance of annotations to the TimeML standard.

Graph Constructor

A TimeML graph is a graph in which nodes are events and times, and edges are TimeML
links (as shown in Figure[3.). After JTLEX parses a TimeML annotation into the TimeML
objects (events, times, links, etc.), it builds a TimeML graph. Any information about the
graph can be then programmatically queried, such as the set of links, the set of nodes, a
link by ID, a node by ID, a list of incoming or outgoing links, and more.

JTLEX allows users to directly modify the TimeML graph if they wish. Users can
add or remove links or nodes to the graph, and can also build their own custom graph by
creating an empty graph and adding events, times, and links. The graph implementation
has a method that returns a JSON output of the graph. This allows users to take advan-
tage of existing graph visualization systems such as React Flow (So, [2018)) to inspect the

TimeML annotations.

Partitioner

TLEX Step 1 partitions the graph into temporally connected graphs. JTLEX implements
this with its partitioner class. The partitioner has two steps: JTLEX walks the graph to
partition the TimeML graph into connected subgraphs. Then it further partitions these
connected subgraphs into subgraphs connected only with temporal and aspectual links.
We name the subgraph(s) that contain “real world” events main subgraph(s), and sub-

graphs that connect to main subgraphs via subordination links subordinated subgraphs.
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Transformer

As prescribed by the TLEX algorithm, JTLEX transforms each temporally connected sub-
graph into a PA graph. This transformation is necessary because the timeline is generated
by solving the temporal constraint satisfaction problem (TCSP) represented by the PA

graph, as discussed in the next section.

Solver

After the transformer transforms each temporally connected subgraph into a PA graph,
JTLEX assigns integers to each time point in the graph using Java Constraint Program-
ming (JaCoP) library (Kuchcinski and Szymanek, [2013)). The library then obtains a time-
line after sorting the assigned integers. JTLEX by default produces the smallest solution,
which starts at 1 and which represents each time point difference as a difference of 1.
Users can also use JTLEX to produce a random solution.

When run over all the PA graphs, JTLEX produces an exact trunk-and-branch timeline
where the trunk is the main timeline corresponding to the main subgraph and branches are
subordinated timelines corresponding to the subordinated subgraphs. Therefore, the main
timeline consists of the global order of “real world” events and times, while subordinated
branches consist of subordinated events. Users can retrieve the length of the timeline,
the first and last time points, the main timeline, subordinated branches, the number of
subordinated branches, the number of time points, and the list of attachment time points
where subordinated branches are connected to the main timeline. Users can also retrieve
the JSON output of the timeline, and therefore they can visualize the timeline using a

third-party graph visualizer application.
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Inconsistency Detector

As described in the TLEX work (§3.2.4), the solver can only extract a timeline of the
TimeML annotation if the annotation is temporally consistent. If the integer assignment
is not possible, then it means the TimeML graph has temporal inconsistency (Bartak
et al., 2014). jJTLEX provides an inconsistency detector to detect inconsistent cycles in
the TimeML graph.

The inconsistency detection algorithm detects self-loops, where the start and end node
of an edge is the same such as A-AFTER— A. This can be removed automatically as users
request. For other non-self-loop cycles, it detects the minimum inconsistent subgraph in
the TimeML graph. Further, in the case when two or more inconsistent subgraphs overlap
(have a shared edge), it can distinguish the subgraphs and return each inconsistent cycle
to the users. A jJTLEX output of an inconsistent cycle is shown in Section[3.5.2]

Users can use JTLEX to check whether their annotation is temporally consistent. If the
annotation is not consistent, JTLEX returns the links that cause inconsistency, therefore,
users can fix the inconsistent annotation. This could be used for corpus validation after

NLP researchers create a corpus.

Indeterminacy Calculator

JTLEX uses TLEX’s Step 5 to measure temporal indeterminacy in a timeline. Using
JTLEX, users can retrieve the indeterminant sections of a timeline. JTLEX also provides

a standard way of scoring the amount of indeterminacy present in a particular timeline.

3.5.2 Use Cases

Here I illustrate an approach for one of the TimeML annotations of the TimeBank corpus,

called ws3.0006.tml in Chapter [5). This file and the rest of the corpus can be
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Link: {ID = 1, LinkTag = TLINK, Syntax = "", Temporal Relation =

BEFORE, Origin = null

Signal: {Id = sidl2, String = "by"}

Related to event - Timex: {tID = tl1l0, Type = DATE, Value =
1989-12-31 , Mod = null, Temporal Function = true,
AnchorID = t9, Begin Point = t0, End Point = t0, Quantity

= null, Frequency = null}

Event Instance - Event Instance:

{ID eiid80, Tense = PRESENT, Aspect = NONE, Part of Speech
= VERB, Polarity = POS, Modality = "null", Cardinality =
"null", Signal = null
EVENT: eid = e7, class = ASPECTUAL, stem = complete}

}

Listing 3.1: jJTLEX parser output for printing the information about the first link of the
graph.

obtained from the LDC websitell

Users can read the file and create the TimeML graph as follows:

File tmlFile = new File (fName);

ITimeMLGraph graph = GraphReader.TimeMLGraph (tmlFile);

Here, fName is the path to the file. Users can retrieve any information about the graph
such as links (all or one by ID), nodes (all or one by ID), incoming links, outgoing links,
JSON output, number of nodes, number of links, number of link types, etc. Using the

following code, users can retrieve the information of the first link:
System.out.print (graph.getLinkById (1)) ;

The output will be as shown in Listing As can be seen, JTLEX provides all the
available information in the TimeML annotation about the link and its components using
the TimeML parser.

After the TimeML graph is created, users can create a TLEX object to perform the

timeline extraction including partitioning, transforming, solving, inconsistency detection

3https://catalog.ldc.upenn.edu/LDC2006T08
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https://catalog.ldc.upenn.edu/LDC2006T08

Main Timeline: {
eiid75- =
eiid75+ =
eiid74- =
elid74+ =
eiid73- =
eiid76- =
eiid73+ =
eiid76+ =
t9- =7
t9+ = 8

oY oY U U1 W W DN

}

Attachment Points: {eiid77->eiid78, eiid77->eiid80, eiid76—->
eiid77, eiid78->ei1id79}

Subordinated Timelines: {

[e1id81- = 1, ei1id80- = 2, eiid81+ = 3, eiid80+ = 3, tl1l0- = 4,
t10+ = 5],

[e1id79- = 1, eiid79+ = 27,

[eiid78- = 1, eiid78+ = 2],

[eiid77- = 1, eiid77+ = 2]}

Listing 3.2: jTLEX timeline output for the wsj_0006 . tml file.

(if the graph is inconsistent), and temporal indeterminacy. Creating the TLEX object is as

follows:

TLEX tlex = new TLEX(graph);

Users can retrieve the exact trunk-and-branch timeline structure using the following:

tlex.getTimeline () ;

The output will be as shown in Listing As can be seen, JTLEX returns the main
timeline, subordinated timelines, and the attachment points for each subordinated time-
line.

Because the graph of ws 7_0006 . tm1 is consistent, JTLEX’s inconsistency detection
method returns an empty set. We illustrate the inconsistency detection algorithm using a

temporally inconsistent file from the TimeBank corpus, called wsj_-1011.tml.
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[Graph Type: Main Graph
Nodes Count 2

Links count 2
TLinkType: 2

ALinkType: O

SLinkType: O

Nodes:

eiid2048, t57

Links: (From —> To)

(t57 BEFORE e11d2048)
(e1id2048 BEFORE t57)

1

Listing 3.3: JTLEX inconsistent subgraph output for the wsj_1011.tml file.

After running the method for graph construction and creating the TLEX object, users
can simply call the method tlex.getInconsistentSubGraphs () and retrieve
the inconsistent cycle. For this file, JTLEX returns the output shown in Listing [3.3] As
can be seen from the output, JTLEX returns the inconsistent subgraph along with the

information about the subgraph.

3.6 TLEX Application: Evaluating Information Loss in Temporal
Dependency Trees

As I mentioned in §2.4] Temporal Dependency Trees (TDTs) have emerged as an alter-
native to full temporal graphs for representing the temporal structure of texts, with a key
advantage being that TDTs can be straightforwardly computed using adapted dependency
parsers. Relative to temporal graphs, the tree form of TDTs naturally omits some frac-
tion of temporal relationships, which intuitively should decrease the amount of temporal
information available, potentially increasing temporal indeterminacy of the global order-
ing. Using TLEX, I demonstrated an approach that measures the temporal link omission

during the TDT construction and compares the timelines extracted from both TDTs and
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TimeML graphs based on the global orders of events and times, inconsistency, and inde-
terminacy.

In order to evaluate what is lost when moving from TimeML temporal graphs to TDTs,
I needed texts that have both TimeML and TDT annotations. This data could be gener-
ated in several ways. First, I could automatically generate TimeML and TDT annotations
for texts using TimeML and TDT parsers. This is problematic because of a great deal of
noise introduced by even state-of-the-art TimeML and TDT parsers, which then obscures
which deficiencies are a result of the TDT representation as opposed to parser perfor-
mance. Second, I could use a dataset that has gold-standard annotations of TimeML and
TDTs; unfortunately, these do not yet seem to exist. There are numerous corpora with
gold-standard TimeML annotations, but I was unable to find even a single manually an-
notated, publicly available TDT corpus that also had TimeML annotations. One corpus,
the Temporal Dependency Tree Corpus (Zhang and Xue, |2018), has automatically gener-
ated TDT annotations, but no TimeML. The TDT Corpus is an automatically annotated
collection of Chinese news reports and fairy tale stories. The TDTs in that corpus were
generated using an adapted dependency parser (Robaldo et al.,|2011), but the texts do not
have corresponding TimeML graphs. I use this corpus only to compare the raw indetermi-
nacy of automatically computed TDTs to my TimeML-derived TDTs. The third option,
which I use here, is to generate TDTs programmatically from gold-standard TimeML
annotated texts. This approach guarantees that I will have both gold-standard TimeML
annotations as well as the best possible TDT for every annotation, therefore, they can be

directly compared.
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3.6.1 Generating TDTs

Because I'm automatically generating TDTs from TimeML graphs, and not generating
TDTs using a TDT parser, there is a question as to whether the TDTs are faithful to the
original TDT scheme. I first provide a brief description of how TDT parsers work, so
that it can be seen that my generation algorithm (Algorithm (3) intuitively follows the
automatic TDT parsing and thus produces a “best possible” TDT.

A TDT parser, as described by (Zhang and Xue, |2018), starts by initializing a TDT
with a ROOT node that represents the document creation time (DCT), and which has four
children (the meta-nodes): PAST_REF, PRESENT_REF, FUTURE_REF, and ATEMPORAL.
The parser then proceeds through the text in reading order. Every time the TDT parser
detects a new event or time expression, it attempts to find a relationship between that
event or time and an existing node in the TDT in a breadth-first manner. If a relationship
(link) is found to an existing node (by running a link classifier, e.g., an SVM), the new
event or time is added as a child to that node, with the appropriate link type, and removed
from further consideration. If no relationship is found, it is set aside and checked for a
relationship with each new node that is later added to the tree. If, at the end of the text,
there are still nodes that have no relationship to any other nodes in the tree, they are added
as children of the ATEMPORAL meta-node.

To illustrate the TDT structure, I introduce here a snippet from the TimeBank 1.2
text APW19980213.1320.tml (Pustejovsky et al., 2003b), which I will use as an example
throughout the remainder of this chapter. In this snippet, the underlined text refers to a
marked TimeML event or a temporal expression, and is labeled with its ID (e.g., e; or
t44) from the annotation. To enhance understandability, I only show events and times
related to the FUTURE _REF meta-node, which corresponds to one top-level branch of the

resulting TDT.
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DCT: 1998-02-13;,,

Qantas will almost double. its flights between Australia and India by August,,,

in the search for new markets untouched by the crippling Asian financial cri-

sis. This move.,, comes barely a month,,, after Qantas suspended,.. a num-

ber of services.,, between Australia, Indonesia, Thailand and Malaysia in the
wake of the Asian economic crisis.,,. The airline has also cut.. all flights..,

to South Korea.

The temporal graph for this snippet is shown in Figure [3.8)(a). I can generate a TDT
from this temporal graph by following Zhang and Xue’s definition and procedure. During
the process, I generate two types of TDTs: first, TDTs that use the full set of TimeML
temporal and aspectual links (full TDTs). Then I apply the abstraction mappings shown
in Table [3.4]to produce TDTs that use only Zhang and Xue’s four types (abstract TDTs).

The algorithm for generating full TDTs from TimeML graphs is shown in Algo-
rithm [3] It follows the TDT parsing procedure almost exactly, but rather than using a
classifier to determine whether there is a relationship between a new node and the TDT,
it queries the TimeML graph. I begin by initializing a FIFO queue with all events and
times in the TimeML graph such that they will be returned in text order (line 2). I next
initialize an empty TDT with a ROOT node and add all four meta-nodes to the tree as
children of the root (lines 3—7). I then pop an event or a time from the queue (I call this
event or time n; lines 8-20), first looking through the tree in a breadth-first manner for
an event or time to which n is linked (line 11). The presence of a link is determined by
querying the TimeML graph. Note that in a consistent TimeML graph no two nodes will
be connected by more than one temporal or aspectual link. If n is not found to link to an
existing node (line 12), then n is added to the unlinked set for future processing (line 13).
If n is found to link to an existing node, it is added as a child to that node (line 15) and all

unlinked nodes are checked for relationships to the new node (lines 16-20). Any events
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Zhang and Xue| (2018))
TimeML Link Types | Abstracted Link Types

A BEFORE B
A IBEFORE B A BEFORE B
B TERMINATES A

A AFTER B

A TAFTER B A AFTER B

A BEGINS B

A BEGUN_BY B

A ENDS B

A ENDED_BY B

A SIMULTANEOUS B
A IDENTITY B

B INITIATES A

B CULMINATES A

A OVERLAPS;4; B

A INCLUDES B
A DURING_INV B A INCLUDES B
B CONTINUES A

A IS_.INCLUDED B
A DURING B B INCLUDES A
B REINITIATES A

Table 3.4: Mapping of 19 TimeML temporal and aspectual link types into 4 abstract
temporal link types used by [Zhang and Xue|(2018).
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FUTURE_REF FUTURE_REF

DEPENDS_ON DEPENDS_ON

(o)

OVERLAPS

ENDED_BY

©

IDENTITY

AFTER AFTER AFTER AFTER
NC INC
\ IDENTITY \OVERLAPS
(a) (b) (©)

Figure 3.8: Temporal structures for the example snippet, including (a) the full TimeML
temporal graph, (b) a temporal dependency tree that uses all link types (full TDT), and
(c) a temporal dependency tree that uses only the abstract link types (abstract TDT).

or times that remain unrelated to any other nodes at end of the text are added as children
to the ATEMPORAL meta-node (line 21).

When this procedure is applied to the example temporal graph in Figure [3.8(a), it
produces the full TDT shown in Figure[3.8(b). As can be seen, 3 of the original 11 links
in the TimeML graph are omitted in the TDT. One of my main questions is how much
temporal information is lost in this process, which I measure directly in Section[3.6.3]

During the transformation, I iterate events and times in text order. I also experimented
with other orders to determine whether the order of iteration mattered. While different
specific links were omitted for different orders (e.g., reverse text order, or random), it
resulted in the same average loss of temporal information. The main reason for this is
that to transform a graph into a tree, the algorithm must ultimately remove one edge

from every cycle. After generating full TDTs, I generated abstract TDTs by applying
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Algorithm 3 Generating a Full TDT

1: procedure GENERATEFULLTDT(G)

Require: G
Require: N
Require: U
2: N.pushAll(G.V)
3: T + ROOT
4: T.ROOT.addChild(PAST_REF)
5: T.ROOT.addChild(PRESENT_REF)
6: T.ROOT.addChild(FUTURE_REF)
7: T.ROOT.addChild(ATEM PORAL)
8: while | N.isEmpty() do
9: n < N.pop()
10: for all v € T, do
11: [ < GETLINK(G, n, v)
12: if | = () then
13: U.add(n)
14: else
15: v.addChildWithLink(n,l)
16: forallw € U do
17: | + GETLINK(G, n, u)
18: if [ # () then
19: n.addChildWithLink(u, )
20: U.remove(u)
21: ATEMPORAL.addChildren(U)
22: return 7'

> TimeML graph

> FIFO queue

> set of as-yet unlinked events and times
> Add all events and times in text order
> initialize TDT with the ROOT node

> add meta-nodes

> iterate over tree breadth-first
> identify link, if any

> check all as-yet unlinked

77



the mappings shown in Table Figure [3.8(c) shows the abstract TDT for the example

snippet.

3.6.2 Applying TLEX

I can precisely compare the information lost in moving from TimeML graphs to TDTs
by converting both the TimeML graphs and TDTs into a uniform representation, namely,
timelines. To extract a timeline, I first translate the TimeML or TDT into a temporal
constraint graph using primitive temporal relations and then solve the graph.

If the TimeML graphs were inconsistent this meant there was an error in the manual
annotation; I corrected these graphs by hand using the original text as a reference. There
were 11, 11, and 65 inconsistent texts in the ProppLearner, N2, and TimeBank corpora
respectively. Because the TDT Corpus is in Chinese, which I do not speak, I was unable
to correct these annotations, so I discarded inconsistent TDT Corpus annotations. Out of
235 TDT Corpus texts, 25 were inconsistent and were discarded.

Once I have integer assignments to time points for the TimeML graph or TDT, I can
sort these integers to obtain the corresponding timeline. Because the same integer might
be assigned to different time points, the length of timelines can be measured in two ways:
the number of time points, which is directly proportional to the number of events and
times, or the number of time steps, which is the number of integers in the solution to
the temporal constraint problem. For instance, the timelines extracted from the TimeML
graph, full TDT, and abstract TDT for my example snippet are shown in Figure The
timeline for the TimeML graph has 10 time steps and 18 time points. In this example, the
TimeML and TDT timelines both have the same number of time points, but the number of
time steps in the TDT case is smaller on account of discarded temporal information. In the

general case, because TimeML graphs encode subordinating relations that are completely
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Figure 3.9: Timelines corresponding to the (a) TimeML graph and (b) full and abstract
TDT.

disregarded by TDTs, certain events and times might be removed from the TDT timeline
altogether, and so the number of time points in TDT timelines can be smaller than in the
equivalent TimeML timeline.

Finally, I compare the information loss between timelines by computing the indeter-
minacy of time point orderings relative to the original temporal graph or tree. Temporal
graphs or trees often do not have enough information to identify a unique timeline. I call
sections of the timeline that have multiple possible solutions indeterminant. Similarly,

time points or time steps involved in these sections are also called indeterminant.

3.6.3 Information Loss Results
Omitted Temporal Relations

Using Algorithm [3]I transformed the TimeML graphs from the 265 texts (including cor-

rected texts) in the TimeBank, N2, and ProppLearner corpora into full TDTs. The overall
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Corpus # TimeML #Links %

Links Omitted Omitted
ProppLearner 3,900 24 0.6%
N2 Corpus 3,273 98 3.0%
TimeBank 5,058 166 3.3%
Total or Average 12,231 288 2.4%

Table 3.5: Counts of temporal relations present in the TimeML graphs and omitted in the
TDTs.

counts of TimeML relations and omitted links is shown in Table[3.5] and on average 2.4%
of temporal relations are omitted. The two reasons for these omissions are (1) tree nodes
may only have one parent, and (2) the TDT representation ignores subordinating links.
This observation emphasizes that in the general case TDTs cannot represent all of the

temporal information in a text.

Increase in Indeterminacy

After extracting full TDTs from the corpora I generated abstract TDTs as described at
the end of Section |3.6.1] and extracted timelines from the TimeML graphs, full TDTs,
and abstract TDTs. Table 3.6 shows various characteristics of the timelines so extracted,
including their average length in terms of both time steps and time points (first and second
groups of columns), the total number of time points (third group), and average percentage
decrease of TDT timeline lengths relative to TimeML timelines in terms of time steps
(last group). In the last group of columns, I see that overall timeline lengths in full and
abstract TDTs decrease by anywhere from 3.4% to 14.7% on average.

I applied Algorithm [2] to these timelines to identify indeterminate sections and time
points; Table shows the results. I can compare the relative indeterminacy of timelines
by computing the percentage of time steps that are assigned an indeterminate time point

(last group of columns). Transformation of TimeML graphs into full TDTs increases the
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Avg. Len. of Avg. Len. of Avg. % | in

Main Timeline Main Timeline Total # of Time Timeline Len.
in Time Steps in Time Points Points / Corpus in Time Steps
TimeML Full Abs. TimeML Full Abs. TimeML Full  Abs. Full  Abs.

Corpus Graphs TDTs TDTs | Graphs TDTs TDTs | Graphs TDTs TDTs TDTs TDTs
TDT Corpus - - 67.2 - - 72.6 - - 17,081 | - -
ProppLearner | 123.5 108.7 108.7 238.7  230.6 230.6 3,580 3,460 3,460 11.9% 14.7%
N2 Corpus 17.7 17.1 171 40.2 35.6 35.6 2,694 2,390 2,390 34% 6.7%
TimeBank 9.3 85 85 51.1 48.2 482 9,349 8,821 8,821 8.6% 10.8%

Total 15,623 14,671 14,671 ‘

Table 3.6: Characteristics of the timelines extracted from the corrected corpora. The TDT
Corpus is included for comparison only and includes only abstract TDTs, with inconsis-
tent TDTs (25 texts) excluded.

temporal indeterminacy by 76%, 16%, and 22% (average 22%) for the ProppLearner, N2,
and TimeBank corpora, respectively. These percentages are computed by dividing the
numbers in the second-to-last column of Table by those in the third-to-last column.
Similarly, transformation of TimeML graphs into abstract TDTs increased indeterminacy
by 109%, 51%, and 25% (average 32%). Overall, 11,437 out of 14,671 (78%) time points
are indeterminate for abstract TDT timelines and 10,023 out of 14,671 (70%) are inde-
terminate for full TDT timelines, compared with 8,769 out of 15,623 (56%) for TimeML
timelines. Thus, even full TDTs increase temporal indeterminacy significantly compared
to TimeML graphs. In contrast to time points, on average 52.2% of time steps in TimeML
timelines are indeterminate, compared with 67.2% and 78.1% of time steps in full and
abstract TDT timelines. This increase in indeterminacy is potentially important to down-
stream NLP stages; for example, for a question answering (QA) system that is addressing
temporal or causal questions, the text may provide enough information to produce a sin-
gle answer, but a TDT representation may not include all of that information, making it

impossible for the QA system to answer unambiguously.
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Total # Ind. Total # of Ind. Average # of Ind. Avg. % of Time Steps in

Time Points / Corpus Sections / Corpus Sections / Text Timelines that are Ind.

TimeML Full ~ Abs. TimeML Full Abs. TimeML Full  Abs. TimeML Full ~ Abs.
Corpus Graphs TDTs TDTs Graphs TDTs TDTs Graphs TDTs TDTs | Graphs TDTs TDTs
TDT Corpus - - 11,444 | - - 10,081 | - - 429 - - 63.7%
ProppLearner | 1,066 1,892 2,159 432 669 910 36.8 59.5 67.8 29.8% 54.7% 62.4%
N2 Corpus 1,355 1,568 1,816 683 770 944 8.9 11.2 13.0 50.3% 65.6% 76.0%
TimeBank 6,348 6,563 7,462 970 1,079 1,976 6.3 63 72 67.9% 74.4% 84.6%
Total | 8769 1002311437 | 2085 25183830 | Weighted Avg.  61.3% 71.1% 81.2%

Table 3.7: Indeterminacy in timelines extracted from TimeML graphs vs. TDTs. The
TDT Corpus is included for comparison only and includes only Abstract TDTs, with
inconsistent TDTs (25 texts) excluded. Sections are defined as unbroken sequences of
indeterminate time points or steps. The weighted average was computed by weighting
with time points.

3.7 Discussion

In this chapter, I have presented both a formal proof of the correctness of TLEX and an
experimental evaluation of various features of interest. My investigation has emphasized
that manually annotated TimeML texts often contain errors that result in temporal in-
consistencies; automatic methods for generating TimeML annotations are currently even
more noisy and error-prone. Because of this, a logical next step is to develop methods
for automatically suggesting corrections to maximal inconsistent PA subgraphs identi-
fied by Step 4. One can imagine both rule-based and supervised machine learning-based
approaches to this problem.

I have also presented “JTLEX” which is a programming library that provides a Java
implementation of the TLEX algorithm, along with utilities for programmatic manipula-
tion of TimeML graphs. I have released the software as open source with a free license
for non-commercial use.

Using TLEX, I have presented an evaluation method to measure information loss in
TDTs. My study showed that TDTs result in up to a 109% increase in temporal inde-

terminacy over their corresponding temporal graphs for the three corpora I examine. On
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average, the increase in indeterminacy is 32%, and I show that this increase is a result
of the TDT representation eliminating on average only 2.4% of total temporal relations.
This result suggests that small differences can have big effects on temporal graphs, and the
use of TDTs must be balanced against their deficiencies, with tasks requiring an accurate
global temporal ordering potentially calling for use of the full temporal graph.

For future work, I would like my system to automatically suggest additional links
to increase graph connectivity, especially in the case of multiple main timelines. In my
observations of the corpora under study, one of the most common annotator errors is that
a main timeline is accidentally split into two disconnected parts. I imagine that this could
be relatively easily detected with high precision, and new connecting links automatically
suggested; I provide a method for this in §4.3.2]

Finally, the performance of TLEX on automatically generated TimeML graphs is of
interest, and TLEX can be used in this case to measure the quality of the timelines so
extracted. This will give a good indication of how useful automatic TimeML extraction

ultimately is in practice. I investigate this in Chapter [5]
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CHAPTER 4
EVALUATION OF GOLD-STANDARD TIMEML ANNOTATIONS

4.1 Motivation

The input of the TLEX algorithm is TimeML annotations. There are two ways to produce
TimeML annotations from raw texts: (1) Annotating raw texts manually or (2) using
state-of-the-art automatic TimeML annotators to generate annotations (which I discuss in
the next chapter). In this chapter, I discuss the first option, which is annotating raw text
manually by following the TimeML annotation guide (Sauri et al., 2006).

The TimeBank corpus was released as a reference corpus for TimeML and provides
extensive manually annotated data for training and testing temporal analysis systems that
produce TimeML (Pustejovsky et al.l 2003b). The TimeBank corpus has been used in
much Natural Language Processing (NLP) research, including works on event detec-
tion (UzZaman and Allen, 2010; |[Farber and Rettinger, 2015} Bansal et al., 2018} |Veyseh
et al.,|2021), temporal expression recognition (Kolomiyets and Moens, 2009} Zhong et al.,
2017; (Chen et al., [2019), and temporal link extraction (Mani et al., 2006; Mirroshandel
and Ghassem-Sani, 2011} |[Kadir et al., 2016; Ning et al., 2018). If there are errors in
TimeBank, they could potentially affect the accuracy of all works that use it.

In my prior work, I have used TimeBank as a starting point for developing methods for
detecting temporal inconsistency, measuring temporal indeterminacy, and automatically
correcting and enriching temporal graphs. In the course of that work, I have identified
a number of previously unrecognized issues in the TimeBank corpus as I discussed in
Chapter [3] including numerous violations of TimeML annotation guide rules, incorrectly
disconnected temporal graphs, as well as inconsistent, redundant, missing, or otherwise

incorrect annotations.
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In this chapter, I describe these issues and present a suite of methods for detecting

errors in the gold-standard annotations and correcting them.

4.2 Methodology

For this experiment, I used the TimeBank corpus (Pustejovsky et al.,[2003b). My system
contains methods for detecting the errors in the gold-standard annotations and correcting
them. First, I implemented a system to check whether TimeBank follows the TimeML
annotation guidelines, which can be formulated as strict, syntactic, no-exceptions rules.
Second, for each annotated file I checked overall temporal consistency, which revealed
additional problems not described in prior work. This includes checking for redundant or
inconsistent self-loops in the graphs. Third, I analyzed the connectivity of the TimeML
graphs, and this analysis showed that numerous TimeML graphs were improperly discon-
nected. Finally, I used an automatic TimeML parser (CAEVO) to parse raw TimeBank
files and manually compared those automatic annotations with the gold-standard annota-
tions, thereby identifying a number of places where the TimeBank corpus misses events,

times, and relations.

4.2.1 Strict TimeML Annotation Rules Checker

The first category of corrections I examine are rules from the TimeML annotation guide
that are strictly syntactic with no exceptions. These rules can be checked for compliance
automatically, without reference to the semantics of the text. I identified 5 rules this in

the annotation guide (Sauri et al., 2006) that satisfy this requirement.
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Evidential Link Rule

As described in Section[2.2] EVIDENTIAL links are a type of SLINK, typically introduced

by reporting and perception events such as see, say, tell, etc.:

(1) He said he played basketball.

(said —EVIDENTIAL— played)

Similarly, NEG_EVIDENTIAL links are typically introduced by reporting and perception

events but with negative polarity:

2) She denied that she went to Miami.

(denied —NEG_EVIDENTIAL— went)

According to the TimeML annotation guideline (Sauri et al., 2006, p.53), perception
events will always introduce SLINKs of type EVIDENTIAL or NEG_EVIDENTIAL. This

rule can be checked automatically.

Conditional Link Rule

As discussed in Section[2.2] a CONDITIONAL link is a type of SLINK that holds between

two events and is usually introduced by a signal such as if... then:

3) If she gets the medicine, she’ll feel better.

(gets —CONDITIONAL— feel)

The TimeML annotation guideline (Sauri et al., 2006, p. 54) specifies that the conditional
conjunctions (if-clauses) will always introduce CONDITIONAL SLINK. Based on the rule,

I can automatically detect whether each if-clause is associated with a CONDITIONAL link.
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Causative Event Rule

The TimeML annotation guideline (Sauri et al., 2006, p.7), specifies that any construc-
tion of the structure ”subject event + causative event + object event,” must introduce an

IDENTITY TLINK between the subject event and the causative event. For example,

@) The rains caused the flooding.

(rains —IDENTITY— caused)

For this rule, I implemented a system that identifies the “subject event + causative event
+ object event” where the causative event has a head word that is any inflected form of
cause, then checks whether an IDENTITY TLINK is defined between the subject event and

the causative event.

ALINK Replacement Rule

As described in Section[2.2] an ALINK occurs between an aspectual event and its argument
event. The TimeML annotation guidelines (Sauri et al., 2006, p.58) specify that the
eventInstancelD attribute of an ALINK must contain the ID of the aspectual event
while relatedToEvent Instance attribute indicates the ID of the argument event.

For example,

5 He finished; watching, The Office.

<ALINK eventlnstancelD="1" relatedToEventInstance="2" rel Type="TERMINATES”"/>

For ALINK replacement rules, I implemented a system that goes through every ALINK

and checks the event InstanceId to ensure compliance.
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ALINK-SLINK Incompatibility Rule

An ALINK occurs between an aspectual event and its argument event while an SLINK
occurs between a subordinated event and its related event (§2.2). A TLINK can be intro-
duced along with an ALINK. Similarly, a TLINK can also be introduced with an SLINK.
However, by definition an ALINK and an SLINK cannot hold between the same pair of
events. For example, in Example said and played are related by an EVIDENTIAL
subordination relationship. They also have an AFTER temporal relationship that indicates
said happened after played. This is an instance where TLINK and SLINK can be present
simultaneously. Similarly in Example [(5)] between finished and watching there is both a
TERMINATES aspectual link and an ENDS temporal link. For this rule, I implemented a

system that checks every pair of nodes in the TimeML graph for compliance.

4.2.2 Graph Rules Checker

As discussed previously, a TimeML graph is a graph where the nodes are events and tem-
poral expressions, and edges are TimeML links. TimeML graphs are useful for visualiz-
ing TimeML annotations. I evaluated the graphs in TimeBank for temporal inconsistency,

graph disconnectivity, and unnecessary self-loops.

Temporal Inconsistency

Although developers of the TimeBank corpus claimed that the corpus is fully consis-
tent, |Derczynski and Gaizauskas (2010) found 30 inconsistent annotations. However,
they considered only TLINKs when computing consistency. Here I consider both TLINKs
and ALINKs when computing overall temporal consistency because ALINKs also indicate

temporal relationships.
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For this evaluation method, I used TLEX, the method described in Chapter[3] This part
of TLEX is a system for producing timelines from TimeML graphs; as one of its substeps,
it implements a method for checking graph consistency. TLEX proceeds as follows. First,
it partitions the TimeML graph into a set of temporally connected subgraphs (subgraphs of
the full graph whose nodes are connected to each other via TLINKs and ALINKS). Second,
TLEX transforms temporally connected subgraphs into point algebra (PA) graphs. Then
finally, it assigns real numbers for each node in the PA graph. Bartak et al.| (2014) showed
that there is a solution (i.e., assignment of real numbers to time points) that satisfies the PA
graph if and only if the graph is consistent. If the real number assignment is not possible,
then the graph is inconsistent [Bartak et al.|(2014). Therefore, TLEX tells us whether the

graph is consistent.

Graph Disconnectivity

A TimeML graph extracted from a single annotated file might comprise multiple discon-
nected subgraphs. This is because the annotators sometimes forget to annotate TimeML
links between events and temporal expressions. Therefore multiple disconnected sub-
graphs in a single annotated file suggest the possibility of missing links, which can be
manually checked. Disconnectivity can be easily detected by walking the graph. In Figure
I show the TimeML graph of the TimeBank file ws5_0991 . tm1l. When the graphs
are compared with the text, one can identify one missing link (t23—BEFORE—t19) that
connects the subgraph in the upper left to the subgraph on the right. The subgraph in the

lower left is correctly disconnected from the other two subgraphs.

Redundant Self-Loops

A self-loop is a link from a node to itself and they are always incorrect in the TimeML

scheme. There are two types of self-loops: inconsistent self-loops and redundant self-
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Figure 4.1: Visualization of a disconnected graph. The numbers indicate the event in-
stance IDs or time IDs (start with 7). The file contains three disconnected graphs, there-
fore, potentially two links are missing.

loops. Any ALINK or TLINK (except SIMULTANEOUS or IDENTITY) from a node to itself
is an inconsistent self-loop and will be detected when evaluating the graph for incon-
sistency as described in Section #.2.2] On the other hand, a redundant self-loop is a
SIMULTANEOUS or IDENTITY TLINK self-loop. While they do not cause inconsistency,

they also do not provide any useful information. Therefore, they are redundant.

4.2.3 Missing Annotations Detector

My final check involved comparing the gold-standard TimeBank annotations with auto-
matically generated annotations in an attempt to find missing annotations. As described
in Section[2.3] CAEVO is an automatic TimeML parser that can take raw text as an input
and generate TimeML annotations. Because it has the best score on detecting events and
temporal expressions, I used CAEVO to generate annotations for comparison with the
TimeBank corpus.

I processed raw TimeBank texts with CAEVO, using it to detect events and temporal

expressions. I then manually compared the output with the gold-standard annotations,
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judging whether events and times detected by CAEVO, but not in TimeBank, were cor-
rect. Because CAEVO is not perfect, not all events and times detected by CAEVO are
correct; indeed, approximately half of the events detected by CAEVO but not in Time-
Bank were generic events, which should be excluded according to the TimeML annotation
guide (Sauri et al., 2006, p. 7). In the following example, driving should not be tagged as

an event because it’s a generic event, however, CAEVO will tag it as an event.
(6) Driving under influence is illegal.

For temporal expressions, CAEVO cannot correctly filter some proper names, and so
labels them incorrectly. In the following example, SEC represents the US Security and

Exchange Commission. However, CAEVO detects SEC as a second.
@) Through his lawyers , Mr. Antar has denied allegations in the SEC suit.

For the manual comparison process, w did a double annotation. First, we compared the
events and times separately, which allowed us to calculate the inter-annotator agreement
score as 0.67. The inter-annotator agreement score is relatively low because of disagree-
ments over whether particular events were generic, which is often a subtle judgement.
Then, we conferred on the annotations, examining disagreements one by one and com-
paring them to the text. When we discovered a missing event or temporal expression to
be added, we also added any missing links to connect the event or temporal expression to
the rest of the graph. We didn’t compare the CAEVO-annotated links with the TimeBank
links. This is because (a) CAEVO has only a 0.51 F1 score on extracting TLINKs, (b) it
can only generate 5 types of TLINKs and does not generate ALINKs or SLINKs, and (c) it

uses transitive closure to generate links, which creates noisy graphs with extra links.

!Jared Hummer helped me with the manual comparison process.
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4.3 Results & Corrections

4.3.1 Results of Evaluation for TimeML Annotation Rules

I built a system that checks the strict TimeML annotation rules defined in Section 4.2.1]
Table lists the results for each of the five rules. As can be seen in the table, there are

109 instances that violate the TimeML annotation guidelines rules.

Evidential Link Rule My system detected 48 perception events in the corpus. Only 18
of them are involved in an EVIDENTIAL link. For the rest of the perception events, 15 of
them have different types of SLINKs and the other 15 of them have no SLINKs at all. I
also noted that, out of 18 perception events with EVIDENTIAL links, two have negative
polarity, meaning, they should introduce NEG_EVIDENTIAL instead of EVIDENTIAL. An
example from ea980120.1830.0071.tml that violates the evidential link rule is

shown below. The perception event is underlined and in bold.

8) Cubans want to know what we’re going to tell Americans, in many cases, what

their relatives in the United States are going to hear. (No EVIDENTIAL SLINK)

For the missing annotations where the evidential link rule applies, I define the necessary
EVIDENTIAL or NEG_EVIDENTIAL links based on polarity with the new linkID. And if
an SLINK was incorrect, I corrected it with a proper SLINK. For the example, I define an

EVIDENTIAL link between hear and tell.

Conditional Link Rule My system detected 64 conditional conjunctions and 45 of
them have CONDITIONAL links. The rest of the 19 conditional statements have no SLINKs
at all. An example that violates this rule from ws j_0586 . tml is as follows. I added any

missing CONDITIONAL links.
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) If you take away the outside influences, the market itself looks very cheap. (No

CONDITIONAL SLINK)

Causative Event Rule My system detected 14 “subject event + causative event + object
event” cases and only four of them correctly introduced IDENTITY TLINK between the
subject event and the causative event. One of the 10 cases that violate the rule (from
€a980120.1830.0071.tml) is shown below. For each of the 10 cases, I added
the missing IDENTITY link between the subject event and the causative event. For the

example, I define IDENTITY TLINK between concern and caused.

(10) Well, this is the eve of the Pope’s visit to one of the last bastions of Communism
anywhere in the world, and it is already causing enormous expectations. (No

IDENTITY TLINK)

ALINK Replacement Rule Out of 265 ALINKS, my system took the first eventID and
traced it back to the annotations to see if the event is an aspectual event. The results
showed that 46 of them are not aspectual events, meaning 46 ALINKS violate the rule. In
the following example from WSJ900813-0157.tml, annotators put the ALINK in the

reverse order.

(11) Iraq’s Saddam Hussein, his options for ending the Persian Gulf crisis growing

increasingly unpleasant. (crisis —TERMINATES-> ending)

ALINK-SLINK Incompatibility Rule I checked whether there are any cases that violate
the rule. My system found four violations where there was a TLINK, SLINK, and ALINK
between the same two nodes. All four cases involved the verbs launched, offer, suit,
or bid, in a BEGINS, FACTIVE, or INITIATES relationship. For the four examples, I

removed the SLINKS to follow the rule.
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(12) Acquisition has launched a suit in a Delaware court.

(13) Dow Jones launched the offer on Sept. 26.

(14) A unit of DPC Acquisition Partners launched a $10-a-share tender offer for the

shares.

(15) Before the bid was launched, he sought approval to boost his Paribas stake above

10%.

Total # of
Rules Instances Violations
EVIDENTIAL Link 48 30
CONDITIONAL Link 64 19
Causative Event 14 10
ALINK Replacement 265 46
ALINK-SLINK Incompatibility - 4
Total 109

Table 4.1: Results of Evaluation for TimeML Annotation Rules. The number of instances
that match the rule are given in Total Instances, while the number of those matches that
violate the rule are given in # of Violations.

4.3.2 Results of Evaluation for Graph Rules

I checked the TimeBank graphs against the graph rules that are defined in Section 4.2.2]

and the results are summarized in Table

Temporal Inconsistency I showed that 65 texts have inconsistent graphs, roughly 1/3
of the TimeBank corpus. As can be seen in Table {.2] 30 inconsistent files were caused
by TLINKs, which matches the results reported by (Derczynski and Gaizauskas, 2010).
However, a slightly greater number of inconsistencies were caused by ALINKs (35 texts),

which were not investigated previously. In total, I detected 110 inconsistent subgraphs
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across 65 texts. Additionally, I showed that 15 of those inconsistencies were caused by
inconsistent self-loops, which can be easily fixed by simple removal of the self-loops.
Other inconsistencies required a more careful comparison of the annotations with the

text. An example of an inconsistency from wsj_1011.tml is as follows.

(16) [DCT:10/26/1989,57] The latest results.;yp4s include a $2.6 million one-time pay-

ment from a ”foreign entity.”
t57—BEFORE—>¢€i2048

€i2048 —BEFORE—>t57

Graph Disconnectivity My system showed that only 35 texts have a single fully con-
nected graph. The remainder of the files contained anywhere from 2 to 34 disconnected
subgraphs, suggesting the same number of potentially missing links, for an overall total
of up to 739 missing links. Upon manual inspection, I found only 625 missing links,
with the remaining 108 subgraphs being correctly disconnected from the other graphs in
the file because of the lack of temporal information in the text. Note that Derczynski
and Gaizauskas| (2010) reported that all files were disconnected, however, they did not
consider ALINKs and SLINKSs in their system. I also found 65 singleton nodes (all tem-
poral expressions) that had no incoming or outgoing links, all of which should have been
connected to some other node in the file.

To resolve some disconnections, I implemented a system that automatically suggests
links between temporal expressions in disconnected subgraphs. To do that, my system se-
lects a temporal expression from the main graph (timex-1) and from the subgraph (timex-
2), then, it normalizes their value. Finally, it creates a TLINK based on their value such
as timex-1 —BEFORE— timex-2. This allows me in many cases to achieve connectivity

automatically and correctly.
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Rules # of Files # of Violations

Inconsistency (TLINKs) 30 38
Inconsistency (all) 65 110
Disconnectivity 148 625
Redundant Self-loops 9 10
Total 783

Table 4.2: Results of checking the Graph Rules. The number of files that contained a
violation of the rule is given in # of Files, while the number individual violations across
all files is given in # of Violations.

Redundant Self-loops My system detected 10 redundant self-loops. Redundant self-

loops can be removed automatically.

4.3.3 Results of Evaluation for Missing Annotations

I processed the raw TimeBank texts with CAEVO, which detected 947 events not present
in the gold-standard TimeBank annotations. Then, I performed the double annotation
process (described in Section and I identified 317 missing events in the TimeBank
corpus. The reason for the significant difference between the number of detected events
and those determined to be correct is that (a) CAEVO is not perfect (0.81 F3 score in
event detection) and (b) CAEVO is especially weak in the detection of generic events,
which are explicitly excluded by the TimeML scheme.

For temporal expressions, CAEVO detected 93 different temporal expressions not
present in TimeBank. After the manual annotation process, I determined 52 of these
were correct. The main reason for 41 false positive temporal expressions is that CAEVO
detected some proper names as temporal expressions such as “the SEC,” “USA Today,”
etc.

Each missing event or temporal expression also potentially implied missing links to

connect the node to the main graph. I added the missing links based on my understanding
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of the text. For all corrections, I strictly followed the TimeML annotation guidelines rules.
The total number of each type of correction is shown in Table [4.3]

Because TimeBank 1.2 is distributed under license by the Linguistic Data Consortium
(LDC), I do not directly provide the corrected corpus. Instead, I provide patch files that

can be applied to the original TimeBank 1.2 using the standard Linux or Unix diff

command.
Rules Events Times TLINK ALINK SLINK Total
TimeML Rules - - 10 46 53 109
Graph Rules - - 722 61 - 783
Missed Annotations 317 52 369 - - 738
Total Corrections 317 52 1,101 107 53 1,630
Total # Objects

in TimeBank 1.2 7935 1414 6,418 265 2,932 18,964
% Total Corrected 3.9% 37% 172% 40.8% 19%  8.6%

Total # Objects
in Corrected TimeBank 8,252 1,466 7,351 271 2,982 20,322

Table 4.3: Summary of corrections to the TimeBank 1.2 corpus, split into categories.

4.4 Discussion

In this chapter, I presented a semi-automatic evaluation of the TimeBank 1.2 corpus. In
particular, I show that TimeBank has 109 instances that violate the strict TimeML an-
notation guidelines rules. I also show that roughly 1/3 of the TimeBank annotated files
result in an inconsistent cycle in the extracted TimeML graphs, which includes 15 incon-
sistent self-loops. Additionally, I detected on average 8.1 disconnected graphs per file,
which suggested potentially up to 4 missing temporal relations per file. I also discovered
10 redundant self-loops (a loop that doesn’t cause inconsistency but also doesn’t pro-

vide additional information, and is not signaled in the text). After I manually compared
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the gold-standard annotations and CAEVO-based annotations, I identified that the gold-
standard annotations had 317 missing events, 52 missing temporal expressions, and 369
additional missing TimeML links.

The detected errors in the TimeBank corpus are the result of either incorrect or miss-
ing annotations. As I have shown through extensive experimentation elsewhere, errors
such as those described above can have dramatic effects on the quality of the final graphs
and downstream tasks (Ocal et al., [2022al). W corrected the errors by adding or chang-
ing the necessary event, temporal expression, or TimeML link. The correction process
was a double annotation process. First, we took the CAEVO-generated patch file and
annotated it separately. Then, together we went through each annotation one by one. In
total, I corrected 317 events, 52 temporal expressions, and 1,265 TimeML links, which
correspond to 4%, 4%, and 13% of the totals. I released both my analysis code and diff
files that allow other researchers in the field to apply my corrections to their own copies
of TimeBank.

I showed that TimeBank has 1,630 incorrect or missing annotations, for which I pro-
vide corrections. These misannotations are mainly caused by manual annotation mis-
takes. There are many other gold-standard TimeML corpora that might suffer from the
manual annotation process. The complexity of the schema suggests that any gold-standard
TimeML annotations should, as a best practice, use such an evaluation approach to ensure

the highest quality annotations.

2Jared Hummer helped me with the correction process.
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CHAPTER 5
EVALUATION OF AUTOMATIC TIMEML ANNOTATION TOOLS

5.1 Motivation

In Chapter 4} I discussed the human-made errors during the manual TimeML annotation
process. The other way to produce TimeML annotations is using state-of-the-art auto-
matic TimeML annotators to generate annotations.

Automatic TimeML annotation is a challenging task, not only because it comprises
three subtasks (time expression detection, event detection, and TimeML relation extrac-
tion), but also because temporal information is often implicit in the commonsense mean-
ing of the language. There are several systems that can automatically generate TimeML
graphs by combining the output of components that each focus on one of the individual
subtasks. When evaluated in isolation, the components perform well on event detection
(0.80-0.85 F} score) and time expression detection (0.82—-0.93 F score), while automatic
relation extraction trails both in performance (0.50-0.63 F7) and coverage (4—11 out of 25
relation types extracted). Despite these respectable individual performances, the question
remains of how the performance of the individual components relates to overall perfor-
mance, and how that affects a logical next task, namely, timeline extraction. Limited
coverage of relation types is especially problematic because while a reported £ for rela-
tion extraction might be respectable, even good, all extant systems only extract a subset
of relation types, and how these omissions affect later tasks has not been evaluated. Fur-
thermore, running each component in isolation and then combining the results does not
attend to the question of consistency, which is critical to the utility of the final TimeML
graphs.

In this chapter, I present a new suite of methods for evaluating automatically gener-

ated annotation based TimeML graphs (automatic graphs) and, consequently, measuring
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the holistic performance of existing TimeML annotation suites. My evaluation methods
include four graph-based metrics (relation distribution, number of closure links, edit-
distance from the gold-standard graph, and the overall consistency of the graph) and four
timeline-based metrics (timeline length, missing times and events, subordination struc-
ture, and temporal indeterminacy). I also combine five of these metrics with a novel
graph-transformation experimental design that allows me to investigate how the metrics

vary as TimeML graphs degrade.

5.2 Metrics

I present eight different metrics: four graph-based metrics, where I assess (1) relation
distribution, (2) closure links, (3) edit-distance from the gold standard, and (4) graph con-
sistency; and four timeline-based metrics, where I assess (5) timeline length, (6) missing
time points, (7) subordination structure, and (8) temporal indeterminacy.

To illustrate some metrics, I will use the text shown in Example[(T)} which is a snippet
of the TimeML-annotated text from the TimeBank corpus. The TimeML graph corre-
sponding to the snippet is shown in Figure[5.1] where nodes of the graph are either events

or times, and the edges are TimeML relations (DCT = Document Creation Time).

(D) [DCT:11/02/89,]: Pacific First Financial Corp. said, shareholders approved; its
acquisition, by Royal Trustco Ltd. of Toronto for $27 a share, or $212 million.

The thrift holding company saids it expectse to obtain; regulatory approvalg and

complete, the transaction, by year-end;. [from WSJ.0006.tml1]

Running the TLEX algorithm, I can obtain the timeline that corresponds to the TimeML

graph and is shown in Figure[5.2]
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Figure 5.1: Visualization of the gold-standard TimeBank TimeML graph for Example
TLINKs and ALINKs are in bold, and SLINKSs are in italic. Numbers correspond to events
and times numbered in the example. The five temporally and aspectually connected sub-
graphs are separated by dashed lines.

5.2.1 Metric 1: Relation Distribution

This metric computes the difference between the number of TLINK, ALINK, and SLINK re-
lations in the automatic graph and the gold-standard graph, expressed as a fraction of the
number of links in the gold-standard graph. A positive fraction means there are more re-
lations in the target (automatic graph); negative means fewer. This metric can be broken
into 28 sub-metrics: 3 measuring TLINK, ALINK, and SLINK categories overall, and 25

metrics each corresponding to each individual relation type (BEFORE, AFTER, etc.).

5.2.2 Metric 2: Closure Links

This metric is the number of closure links that can be generated from a graph. In tem-
poral algebra, transitive closure is a relationship between three time points z, y, and 2
where the temporal link from x to z is inferable from the temporal links = to y and y to

z. For example, if x is AFTER y and y is AFTER z, I can infer x is AFTER z. Unlike
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Figure 5.2: Visualization of the timeline of the gold-standard TimeML graph. Grey areas
indicate subordinated timelines.

gold-standard annotations, automatic TimeML annotators use transitive closure to pro-
duce more TLINKs. If the existing two links are incorrect, transitive closure can produce
another incorrect link. While the existing links are correct, transitive closure generates
a link that does not provide any additional information to global order, overall consis-
tency, or temporal indeterminacy. I exclude links generated by transitive closure when
comparing the automatically generated graphs with the gold-standard graphs because the
gold-standard graphs do not have transitive closure links.

To compute this metric, I followed Chambers et al. (2014)’s transitive closure rules
and implemented a system that counts the extra links (which also allows me to eliminate
them during other comparisons). Figure [5.4]illustrates the case where there are two extra
links that are generated by transitive closure: 2—AFTER—4 (because 2 is AFTER 3 and 3

1S AFTER 4) and 5—BEFORE—>7 (because 5 is IS_LINCLUDED 6 and 6 is BEFORE 7).
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5.2.3 Metric 3: Edit Distance

The third metric captures the edit distance of the target from the gold-standard graph,
represented as a fraction: the number of graph edits required to transform a target graph
into the gold-standard graph divided by the number of nodes and edges in the gold stan-
dard. This metric will always be positive. To compute the raw edit distance, I compute
the maximum common subgraph between the target and the gold-standard graphs (Bunke
and Shearer, 1998)). Next, I count both (a) the number of relations and nodes present in
the target, but not in the gold standard, and (b) the number of relations and nodes present
in the gold standard, but not in the target. The edit distance is the sum of these.

To illustrate this, compare the example gold-standard graph (Figure[5.I)) with the au-
tomatic graph computed using CAEVO (Figure [5.4). The maximum common subgraph
between these two graphs comprises Nodes 2—-10 and AFTER3_.4. There are seven rela-
tions (all other relations) in the target that are not present in the gold standard, however,
two of them are extra links and they are eliminated by the previous process, therefore, five
remain. There are two nodes and thirteen relations that are present in the gold standard

but not in the target. This means that the edit distance is 20.

5.2.4 Metric 4: Graph Consistency

Bartak et al.| (2014)) showed that a timeline can be extracted if and only if the temporal
graph is inconsistent. If the timeline cannot be extracted, that means the graph is consis-
tent. [Zaid1 (1999) showed that temporal consistency is caused by a cycle of relations that
indicates no assignment is possible for the graph.

Using the algorithm provided in I calculated the number of each automatic
TimeML annotator’s files that were inconsistent as well as the total number of inconsistent

cycles of relations that automatic annotations have.

103



4- 4+ 3= 3+ 2= 24

10- 9- 9+ 10+
6- 5 5+ 6+ 7- 7+

Figure 5.3: Visualization of the timeline of the CAEVO annotated TimeML graph. There
are three different timelines for three temporally connected subgraphs.

5.2.5 Metric 5: Timeline length

This metric computes the difference in length between the longest timeline of a target
TimeML graph and that of the gold standard. For example, the longest timeline of the
gold-standard graph of the example text (Figure has a length of eight while the longest
timeline of the CAEVO annotated graph (Figure [5.3)) has six, which means the target

timeline is two units shorter than the gold-standard timeline.

5.2.6 Metric 6: Missing Timepoints

This metric computes the difference between the number of unique timepoints across all
timelines of a target graph and that of the gold standard. For example, according to the
timeline of the gold-standard graph of the example text (Figure [5.2)), the timeline of the
CAEVO annotated graph (Figure [5.3) does not contain the time points of 1—, 14, 11—,
and 11+4. And according to Metric 6, the timeline of the CAEVO annotated graph misses

four time points.
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5.2.7 Metric 7: Subordination Structure

This metric computes the number of subordinated timelines, which can be compared with

the number of subordinated timelines in the gold standard.

5.2.8 Metric 8: Temporal Indeterminacy

As described earlier, I provide an algorithm for computing temporal indeterminacy given
all possible solutions to a temporal graph (§3.2.5). This relies on the ability of most
constraint solvers to produce both the smallest solution as well as all possible solutions
for a constraint graph. The algorithm determines whether the order of a pair of adjacent
timepoints is the same in all possible timelines as in the smallest timeline. If they are not
always adjacent or in the same order, this pair is marked as indeterminate time points,
allowing visualization of indeterminate sections of the timeline as shown in Figure

for the temporal graph shown in Figure

5.3 Experimental Results

5.3.1 Generating TimeML Graphs

The TimeBank corpus (Pustejovsky et al., 2003b) has 183 texts in three formats: raw text,
pre-annotated texts, and gold-standard annotated texts. Gold-standard annotated texts are
files where each TimeML component (events, times, links, etc.) is labeled with TimeML
tags while pre-annotated texts have only TimeML tags for events and times. Later work
showed that 30 texts had errors and provided corrections (Derczynski and Gaizauskas,

2010); I used the corrected versions.
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Figure 5.4: The TimeML graph generated by CAEVO when run on Example Numbers
correspond to events and times numbered in the example. Underlined TLINKs indicate
closure links.

To generate baseline TimeML graphs for evaluation, I used four annotators. I ap-
plied CAEVO, CLEARTK, and TARSQI to the raw TimeBank texts to generate TimeML-
annotated texts. Only TARSQI has the capability of producing SLINKs and ALINKS be-
tween events. Because CATENA only generates TLINKs (it does not detect events and
times) I gave CATENA pre-annotated texts as input. Similar to CAEVO and CLEARTK,
CATENA also can’t generate SLINKS or ALINKs between events. I provided an illustration
of the TimeML graph that is extracted from the CAEVO annotation of our example text
(Example [(T)) in Figure[5.4]

Comparing Figures [5.1] and [5.4] several important differences are evident. First, the
gold-standard graph is a single connected graph while the generated graph comprises
three separate graphs. Second, the generated graph contains no SLINKS or ALINKS be-
cause CAEVO, like nearly all automatic TimeML annotators, does not generate those link
types. Third, the generated graph has more TLINKs than the gold-standard graph, because
automatic annotators use transitive closure to generate links consistent with automatically
detected links. For example, in Figure event 2 is BEFORE event 3, which is BEFORE

event 4; consequently, CAEVO adds a BEFORE link between events 2 and 4.

106



5.3.2 Results of Graph-Based Metrics

First, I analyzed how many types of TLINK automatic TimeML graphs have and how many
total TLINKs they contain (shown in Table . Second, I calculated the closure links and
set them aside for comparison. Then, as it’s described in Section @ I calculated the
average distance between automatic graphs and gold-standard graphs. The results are

shown in Table[5.2]

Metric 1: Relation Distribution The distribution of TLINK types in the graphs is
shown in Table I note that automatic graphs have many more BEFORE and AFTER
links than the gold-standard graphs. While only 35.9% of gold-standard links are BEFORE
and AFTER, this number goes up to 76.9% in CAEVO graphs, 78.4% in TARSQI graphs,
69.8% in CATENA graphs, and 76.8% in CLEARTK graphs. This means the automatic
annotators tend to generate BEFORE and AFTER TLINKs more than any other TLINK type,
meaning they miss a large portion of TLINK types.

I note that TimeML graphs of automatic annotations don’t have every TLINK type.
The state-of-the-art TLINK detection system, CATENA, produces 10 types of TLINKs while
CLEARTK only produces four types of TLINKs. This means they’re missing a significant
amount of temporal relations. I also note that although automatic systems produce fewer
types of TLINKs, they produce more total TLINKs than gold-standard annotation. While
the gold-standard graphs have only 6,418 TLINKs, CLEARTK and CAEVO graphs have
more than 9,000 TLINKs. One reason is that is automatic systems use transitive closure
when they produce TLINKs. As I mentioned earlier, while automatic TimeML annotators
use transitive closure as a feature in their systems, gold-standard annotations do not nec-
essarily include closure links. This results in automatic annotations having more TLINKS
than gold-standard annotations. However, even without closure, automatic annotators

generate many more TLINKs than gold-standard annotations. For example, CATENA an-
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TARSQI  47.6% 30.8% 0.8% 92% 3% 8.4% - 01% - 003% -
CATENA  44.5% 253% 6.6% 39%  18.6% 02% 02%  02% 03%  02%
CLEARTK  53.8% 23% - 28%  204% - - - - -

Table 5.1: Metric 1: Relation Distribution (TLINKs only). GS means gold standard

Metric 1: Metric 2:  Metric 3: Metric 4:

Annotations #of TLINK  Total Total Total Closure Avg. Edit Distance  # of Inconsistent

types TLINKS  ALINKS  SLINKs Links to GS Graphs Main Graphs
Gold-Standard 14 6,418 265 2,932 - - -
CAEVO 5 9,062 - - 876 125.26 72
TARSQI 8 6,366 93 1,325 268 77.54 9
CATENA 10 16,875 - - 1,085 138.47 159
CLEARTK 4 9,015 - - 67 94.49 34

Table 5.2: Metrics 1-4: Summary Counts, Closure Links, Edit Distances, and Graph
Consistency.

notated graphs have two times more TLINKS than gold-standard graphs do. This suggests

automatic annotators generate many incorrect TLINKS.

Metric 2: Closure Links [ calculated the extra links implied by temporal closure. As
shown in Table @ CAEVO generated 876 extra links, 9.7% of its total links. In the
meantime, TARSQI generated 268 extra links (4.2%), CATENA generated 1085 (6.4%),

and CLEARTK generated only 67 (0.7%).

Metric 3: Edit Distance I calculated the edit distance between gold-standard graphs
and automatic graphs. Table shows that on average, each automatic graph requires
more than 77 steps to generate gold-standard graphs. Although CATENA is the state-of-
the-art for TLINK identification, CATENA graphs are the most distant graphs among all
automatic graphs. This is because CATENA produces a large number of TLINKS, most of

which are incorrect.
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Metric 4: Graph Consistency In some cases, I cannot extract timelines from target
graphs because they are temporally inconsistent. Inconsistency in the original gold-
standard TimeBank annotations is the result of annotators’ mistakes, and for the timeline
metrics later I use corrected TimeBank gold-standard files where each inconsistency is
manually fixed by Ocal and Finlayson| (2020). For this metric, I measured how many in-
consistent graphs exist for the 183 annotated texts. As mentioned previously, there were
65 inconsistent annotated files in the original gold-standard TimeBank corpus; I use the
corrected versions for comparison in my experiments. Although CATENA has the high-
est F7 score for TLINK detection, CATENA annotations have 159 inconsistent annotated
files out of 183. TARSQI annotations introduce less inconsistency than the gold-standard

annotations.

5.3.3 Results of Timeline-Based Metrics

Metric 5: Timeline Length Some automatic annotators compute shorter timelines
than gold-standard timelines while others output longer timelines. I report Root Mean
Square Error (RMSE) measures for timeline length over the corpus for each system, and
it can be clearly seen that RMSE scores for automatic annotations are high. Timelines
of CATENA annotations are very different from those other annotations. The main reason
some automatic annotation timelines are longer than gold-standard annotation timelines is

that some automatic annotations produce a high number of BEFORE and AFTER relations

(See §5.3.2)).

Metric 6: Missing Timepoints My results show that although automatically generated
timelines have a similar number of time points to gold-standard timelines, the RMSE is

high. This is because state-of-the-art systems detect incorrect events and times and miss a
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Annotations Metric 5: Avg. Main. Metric 6: Avg. Time Metric 7: Avg. Sub.  Metric 8: %

183 files Timeline Len. (RMSE) Pts/ Timeline (RMSE)  Branches (RMSE) Indeterminacy
Gold-Standard  8.61 130.79 16.02 67.9%

CAEVO 8.32 (3.10) 138.41 (10.40) 0 (N/A) 92.2%

TARSQI 6.49 (3.85) 100.39 (37.24) 7.28 (17.09) 80.7%
CATENA 12.85 (7.56) - 0 (N/A) 66.7%
CLEARTK 9.62 (3.04) 94.55 (14.96) 0 (N/A) 91%

Table 5.3: Metrics 5-8: Timeline Length, Missing Timepoints, Subordination Structure,
and Temporal Indeterminacy (* excluded because it uses the gold-standard events and
times).

large number of correct ones. Because CATENA uses pre-annotated texts, I didn’t include

it in the table.

Metric 7: Subordination Structure SLINKSs are critical for timeline extraction: with-
out them I will include events that may not happen in the real world in the main time-
line. Among state-of-the-art TimeML annotators, only TARSQI detects SLINKs between
events. Based on TARSQI’Ss RMSE score for the number of subordinated branches, my

result shows that TARSQI misses a significant number of SLINKSs.

Metric 8: Temporal Indeterminacy I measured a 67.9% overall indeterminacy score
on gold-standard annotations. The reason the indeterminacy score is already high for
gold-standard annotation is that natural language texts usually don’t specify the order of
some events. However, as can be seen in Table the automatic annotators increased in-
determinacy significantly. CAEVO annotations have a 92.2% indeterminacy score, while

CLEARTK annotations have 91% indeterminacy.

5.3.4 Effect of TimeML Graph Degradation

I also investigated how errors in the detection of events, times, and relations affect the

quality of resultant timelines. To do this I took advantage of the ability to transform one
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graph into another by incrementally removing or adding nodes and links (the total number
of steps between a gold-standard graph and an automatically generated graph is captured
by the edit distance metric). To measure this, I began with the gold-standard graph and
transformed it into the automatically generated graph step-by-step in a random order, at
each step either (i) removing a link or node that is not present in the automatic graph,
or (ii) adding a link or node that is not present in the gold-standard graph. After each
editing step, I ran Metrics 4—8 on the new graph, which allowed me to chart the change in
those metrics as the graphs degrade. I can average these measures over multiple random
sequences of edits.

I started with the 183 gold-standard graphs and transformed them into the 734 au-
tomatically generated graphs (734 = 183*4, one generated graph for each of the four
systems). I show the results for Metric 4 (Inconsistency) and Metric 8 (Indeterminacy)
in Figure [5.5 and [5.6] respectively. As can be seen in Figure [5.5] for CAEVO, CATENA,
and CLEARTK, the number of inconsistent graphs increases non-linearly: the number
of inconsistencies increases relatively slowly and linearly until a breakpoint is reached
(roughly 35-55% changed), after which the number of inconsistent graphs increases
rapidly. TARSQI is an outlier to this pattern, I suspect because TARSQI imposes con-
sistency checks in its pipeline; ultimately TARSQI only generates 9 inconsistent graphs.

In contrast, it can be seen that the increase in indeterminacy follows a smoother, more
linear pattern for CAEVO, TARSQI, and CLEARTK. CATENA is the outlier here, because
CATENA generates an extremely large number of links (see Table [5.2] CATENA’s Metric
1, which is 16,875, more than twice of those the other systems), and so when gradually
adding in these links indeterminacy temporarily surges, before falling back to the ultimate
level found in the automatically generated graphs.

Note that although this graph transformation technique does work for Metrics 5, 6,

and 7, I do not show those results for several reasons. First, Metric 5 (average main time-
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Figure 5.5: Increase in inconsistency during gradual stepwise transformation of gold-
standard graphs (left side of each chart) to automatically generated graphs (right side).
Charts represent the number of inconsistent graphs for (a) CAEVO, (b) TARSQI, (c)
CATENA, and (d) CLEARTK. Each X-axis indicates the percentage of completed trans-
formation, and each Y-axis indicates the raw number of graphs that are inconsistent. The
scale for each Y-axis is different because the total number of inconsistent graphs gener-
ated by each system is different.
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Figure 5.6: Change in average indeterminacy score during gradual, stepwise transforma-
tion of gold-standard graphs (left side of each chart) to automatically generated graphs
(right side). Charts represent the average indeterminacy across all graphs for (a) CAEVO,
(b) TARSQI, (c) CATENA, and (d) CLEARTK. Each X-axis indicates the percentage of
completed transformation, and each Y-axis indicates the average indeterminacy score.
Each Y-axis has the same scale.

113



line length) and Metric 6 (average number of time points) do not reveal any interesting
patterns: the graphs are mainly flat with some noise. This means that when the graphs are
transformed, the average main timeline length and the average number of time points stay
roughly constant. For Metric 7, only TARSQI generates subordinating links, and I could
discern no pattern: its graph is extremely noisy, as the number of subordinated branches
should almost directly correlate with the number of subordinating links, and so addition

or removal of those links will immediately change that metric.

5.4 Discussion

In this chapter, I presented a suite of evaluation metrics for automatic TimeML annotators
and I evaluated four mainstream state-of-the-art automatic TimeML annotators. The re-
sults showed that automatic TimeML annotators generate many inconsistent annotations,
which does not necessarily correlate with the raw performance of the annotator: for ex-
ample, even though CATENA has the best F1 performance for TLINK extraction (Mirza
and Tonelli, [2016), it generates 159 inconsistent files, many more than TARSQI, which
has worse TLINK detection performance but only 9 generates inconsistent files.

Unlike the gold-standard annotations, automatic annotations have much more BE-
FORE and AFTER links (70-80% of total TLINKs). This is mainly because the automatic
TimeML annotators generate only a limited number of TLINK types, therefore, many links
are mislabeled.

Three of the four of the automatic TimeML annotators do not generate SLINKS, and so
they don’t distinguish real-life events from possible, conditional, or modal subordinated
events in their timelines. The system that does generate SLINKS, TARSQI, misses more

than half of the ALINKs and SLINKS.
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As expected, mislabeled events, times, and links resulted in graphs that are very differ-
ent from gold-standard graphs (78—139 edits distant). I investigated how various metrics
will change during gradual transformation from the gold standard to the automatically
generated. This showed that, for inconsistencies, the relationship is not linear; in particu-

lar, beyond a certain point inconsistencies rapidly increase.
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CHAPTER 6
DURATION EXTRACTION

6.1 Motivation

A narrative is a sequence of events and for narrative understanding, it’s critical to infer
event durations. Because the timeline of a narrative gives the global order of events and
times, combining the timeline with the event durations will give the duration of the entire
narrative.

There are two datasets for event duration. The McTaco dataset contains only a few
hundred of event durations (Zhou et al., 2019). The TimeBank duration dataset contains
58 news articles with a 44% inter-annotator agreement score for the fine-grained task of
duration prediction. Both datasets have only a limited number of event durations and
have low agreement scores for a wide range of event durations. This suggests that a large

dataset that contains more accurate event durations is needed.

6.2 Methodology

I present a pipeline to extract event durations from large data. The pipeline consists
of four steps. First, I clean the data and split the texts into sentences. Second, using
SynTime, I detect temporal/time expressions (TIMEX) in each sentence. Third, using my
own rule-based system, I perform temporal pattern mining and categorize possible event
durations into 10 categories. Finally, I apply duration reasoning to extract the minimum
and maximum duration of each event along with the most observed duration. In the end,
I build a large dataset that contains all detected possible durations for each event, as well

as statistical information about the event durations.
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6.2.1 Data Preprocessing

For this experiment, I used two datasets: The motif dataset and the intelligent Web (iWeb)
corpus. The motif dataset contains 8,059 texts about folktales from Irish, Puerto Rican,
and Jewish cultures (Yarlott et al., 2022). On the other hand the iWeb corpus is web-based
corpus and contains nearly 14 billion words from 22 million web pages (Davies and Kim,
2019). Because the iWeb corpus is already too large, in my experiment, I used the first 14
million sentences of the corpus.

First, for both datasets, I removed the irrelevant content such as headlines, usernames,
XML tags, phone numbers, and website names. Next, for each text, I split the sentences
using Spacy. Spacy is a python library to perform NLP tasks such as tokenization, sen-
tence splitting, name entity recognition, dependency parsing, and much more (Vasiliev,

2020). Finally, I removed the duplicate sentences.

6.2.2 Temporal Expression Recognition

Now that I have millions of sentences, the next goal is to extract sentences that contain
the possible duration of an event. Because durations are temporal expressions, using
SynTime, I performed temporal expression recognition. SynTime is a light-rule-based
temporal expression detector. It identifies the time tokens from raw text, then looks for
modifiers and numerals next to time tokens to form time segments, and finally merges the
time segments into time expressions (Zhong et al., 2017).

An example of SynTime output for one of the sentences in the dataset (“The three

hotels are all within about 6 to 10 minutes peaceful walk to Consulate.”) is shown below.

(1) The three hotels are all within about <TIMEX3 tid="tl” type="DURATION”

value="PT6M”>6</TIMEX3> to <TIMEX3 tid="t2” type="DURATION”
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value="PT10M”>10 minutes</TIMEX3> peaceful walk to the Consulate.

Here, PT6M and PT10M are normalized TIMEX values, indicating 6 minutes and 10
minutes respectively.
After the temporal expression recognition, I eliminated the sentences that did not have

<TIMEX> tags because they did not have any duration candidate.

6.2.3 Temporal Pattern Mining

After the temporal expression recognition step, I obtained sentences with temporal ex-
pressions. However, this doesn’t mean every remaining sentence was useful for duration
inference. The following example contains a temporal expression (5 pm), however, it

does not imply anything about the duration of the event (playing basketball).

2) He played basketball after 5 pm.

On the other hand, we cannot apply the same duration extraction logic for each temporal
expression. In the below examples, there are two sentences that require two different

methods for duration extraction.

3) Each quarter of the basketball game takes 12 minutes.

4) He’s been working since Monday.

In example the event’s duration is the exact value of the TIMEX. However, in ex-
ample [(4)] the event’s duration is at least that from the TIMEX value to the document
creation date. As can be seen, each duration candidate requires different types of dura-
tion extraction methods. Therefore, I defined 10 temporal patterns to categorize duration

candidates, shown below with an example for each temporal pattern.
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10.

. for + TIMEX

He took a walk for 45 minutes.

between + TIMEX + and + TIMEX

The power went out between 4 pm and 6 pm.

. TIMEX1 + “to” + TIMEX2

He played soccer from 1 pm to 2.30 pm.

. last + TIMEX

The dinner lasted 40 minutes.

. take + TIMEX

Each class in middle school in Turkey takes 40 minutes.

on/in/at + TIMEX

The picnic is on Wednesday.

The movie comes out in October.

The robbery happened at twilight.

. daily

He works out daily.

. each/every + TIMEX

He plays video games every day.

He ate croissants each morning when he was in Paris.

. per/once/twice/... times + TIMEX

She watches a movie once a day.

Muslims pray five times a day.

since + TIMEX

She’s been doing the puzzle since 2 pm.
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Corpus For Between .. to.. Last Take on/ daily each/ per/ since Total

in/at every times Duration
Motif 3,126 239 825 28 243 18,523 351 745 426 962 25,468
iWeb 72,943 4,229 8,228 860 5439 268,247 10,038 17,739 13,923 18,121 419,767
Combined 76,069 4,468 9,053 888 5,682 286,770 10,389 18,484 14,349 19,083 445,235

Table 6.1: Results of temporal pattern mining for categories 1-10. The combined row is
the statistics for the duration dataset that I created.

Using regular expressions (RegEx), I performed temporal pattern mining on the sen-
tences with TIMEX. I classified duration candidates into 10 categories. The quantitative

result of this temporal pattern mining is shown in Table [6.1]

6.2.4 Duration Reasoning

As explained in the previous subsection, each duration candidate may require a different
duration extraction method. I have defined 10 duration categories. Categories 1 to 5 can
return the exact duration of the mentioned event. For instance, the example sentence for
category o indicates that the duration of a middle school class in Turkey is 40 minutes.

Categories 6 to 9 return the upper-bound duration. If there’s an event that has no
duration candidate in categories 1 to 5, I can check the duration candidates for that event
in categories 6 to 9. Assume picnic falls under this situation and we have a duration
candidate in category 6: “The picnic is on Wednesday.” This duration candidate indicates
that the picnic takes less than a day. Finally, the last category (10) returns the lower-bound
duration of the mentioned event.

My duration reasoning starts as follows. First, I extract the exact duration of events
from the candidates in categories 1-5. For 1, 4, and 5 the event duration will be the
normalized TIMEX value. For 2 and 3, the event duration will be TIMEX?2 value minus

TIMEX] value. For example, for “He played soccer from 1 pm to 2.30 pm.” the duration

of playing soccer will be 2.30 - I = 1.5 hours (PT1.5H).

120



Then, with the exact duration candidates, I calculate the minimum duration and max-
imum duration. And again using the normalized TIMEX value, finally, I extract the most
frequent exact duration of an event. Let’s illustrate this for the event walking. In the dura-
tion dataset that I created, for walking, there are 54 event durations from 37 sentences that
fall under categories 1 to 5. These 37 sentences can be seen in the Appendix. Figure[6.]]
is the bar graph representation of these 54 exact event durations. My duration reasoning
system would indicate that walking takes between 3 minutes and 3 days, and most likely
it takes 30 minutes because 30 minutes is the most frequent value.

Walking

8 B times

# of instance
'S

3M 6M 15M 256M 40M 50M 75M 2H 10H 1.5D 3D
5M 10M 20M 30M 45M 60M 90M 3H 1D 2D

Duration

Figure 6.1: The bar graph of exact duration candidates for the event walking. The X-axis
is the exact duration (M, minutes; H, hours; D, days) and the Y-axis is the number of
instances of the duration.

If there’s no event duration in categories 1-5, my duration reasoning system checks
for categories 6—-10 to extract lower-bound and upper-bound durations. Categories 6 and
8, the upper bound duration will be the normalized TIMEX value. For 7, the upper bound

duration will be P24H because the TIMEX is always daily. For 9, the upper bound du-
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ration will be the normalized TIMEX value divided by repeating number. For example,
once a day: P24H / 1 = P24H, twice a day: P24H /2 = P12H, three times a day: P24H / 3
= P8H, etc. On the other hand, category 10 gives the lower-bound duration and it’s DCT

minus the normalized TIMEX value. For example, “The construction has been going on

since Monday (DCT=Friday)”. Here the lower-bound duration for construction is Friday
- Monday = P4D.

6.3 Combining Durations with Timelines

By combining event durations with the timeline, one can estimate the duration of the nar-
rative. In I present a dataset that contains over 400,000 possible event durations,
and in §6.2.4] I present a duration reasoning to extract duration statistics for each event
including minimum, maximum, and most likely duration. Combining these two with the
timeline of a narrative, I can obtain a possible minimum, maximum, and most likely du-
ration of the narrative. To illustrate this on a natural language text, I will use the text
in Exampld(5)} which is a snippet of the TimeML-annotated text from the ProppLearner

corpus. In this text, each event is underlined.

5) The fox ran.; home. “Bukhtan Bukhtanovich, have you any clothes? Put them
ong.” He dressed.; and, accompanied.s by the fox, went.s to the tsar. They
walked,s along the market place and had to cross ong; a board over a muddy ditch.

The fox gave Bukhtan a push.s and he felleg into the mud. The fox rane;o to him.

”What is the matter with you, Bukhtan Bukhtanovich?” Saying.,; this, the fox

smeared.;» him with mud all over. ”Wait. 3 here, Bukhtan Bukhtanovich, I shall

run. 4 to the tsar.” The fox came,s to the tsar and said.;s: “Tsar, I was walking.;

with Bukhtan Bukhtanovich on a board over a ditch - it was a wretched little
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board; we were not careful enough and somehow felle;g into the mud. Bukhtan

Bukhtanovich is all dirty and unfit to come,;o to town; have you some clothes you
could lend.,y him?” ”Here, take these.” The fox took the clothes and came.,; to

Bukhtan Bukhtanovich. "Here, change.,, your clothes, Bukhtan, and let us goe,3.”

For each event in this text, I extracted minimum, maximum, and most frequent duration

from the duration dataset, and they are shown below. Note that’"MF’ means most frequent

in the dataset.

Running: [15mins—30mins] (MF:20mins)
Dressing/changing/putting clothes on: [few mins—morning] (MF:morning)
Being accompanied: [Ssecs—few days] (MF:15mins)
Going: [2secs—39years] (MF:15mins)

Walking: [3mins—3days] (MF:30mins)

Crossing on: [55secs—1day] (MF:1min)

Pushing: [1sec—1day] (MF:1min)

Falling: [1sec—1year] (MF:few seconds)

Smearing: [few seconds—1M] (MF:few seconds)
Saying: [3secs—24H] (MF:seconds)

Waiting: [20secs—25years] (MF:40mins)

Coming: [5secs—1year] (MF:1min)

Lending: [2days—10months] (MF:few days)
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Main Timeline:

el- =1
el+ = 2
e3—- =3
e3+ = 4
ed— =5
eb—- =5
e6—- = 5
el7- =5
el7+ = 6
e6+ = 6
el- =17
e7+- = 8
eb+ = 8
ed+ = 8
e8— = 9
e8+ = 10
e9- = 11
el8- = 11
e9+ = 12
el8+ = 12
el0- = 13
el0+ = 14
ell- = 15
ell+ = 16
el2—- = 17
el2+ = 18
el5- = 19
el5+ = 20
ele—- = 21
elo+ = 22
e2l- = 23
e2l+ = 24

}

Attachment Points:
Subordinated Timelines:

{

[el9- =1, el9%+ =
[el3- =1, eld- =
[e22— =1, e22+ =
[e2—- = 1, e2+ = 2

2’

2’

2/
]

e23-

{el->e2, el2->el3, el6—>e20,

{

e20- = 3, e20+ = 4],
eld+ = 3, el3+ = 4],
= 3, e23+ = 4],

e2l1->e22}

Listing 6.1: JTLEX timeline output for the example text.
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The timeline of this text is shown in Listing Here I used the jTLEX’s output
(described in §3.5)).

By combining all of the most likely durations together, we could say that this narrative
most likely takes I hour (PT20M + PTIM + PT15M + PTIM + PTSS + PTSS + PT20M
+ PT5S + PT5S + PTIM + PT3S + PTIM).

6.4 Discussion & Future Work

I presented a suite of methods to extract event durations from large raw data. I also created
a duration dataset that contains over 400,000 event durations.

Prior work performed fine-grained classification and they classified event durations
into seconds, minutes, hours, days, weeks, months, and years. Even though this is a sim-
ple classification, the inter-annotator agreement score is very low because time is relative
and so is duration. For example, the duration of a wedding in Europe is a couple of hours.
However, the same event takes a few days in South Asia.

I also note that prior work’s inter-annotator agreement score is between only two
people. A third annotator can decrease the inter-annotator score dramatically even though
the score is already low. This suggests that there may not be a duration that is acceptable
for everyone, even for sports. For example, in Europe, each quarter of a basketball game
takes 10 minutes; meanwhile, in the US, each quarter of an NBA game takes 12 minutes,
and in the NCAA, there are no quarter (two halves that are 20 minutes each).

Another reason for a poor agreement score is duration depends on the context. While
walking takes minutes, walking with God can take years. And as can be seen in this
example, the subject or the object of the event can completely change the event duration.

In future work, I would like to address this problem by including the subject and object
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of the events in temporal reasoning in order to have more reasonable event durations for

each context.
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CHAPTER 7
CONCLUSION

As I discussed in Chapter I} my research problem is analyzing narratives temporally
and this temporal analysis consists of four main tasks: Timeline extraction, gold-standard
corpus evaluation, automatic TimeML annotator evaluation, and duration extraction.

In Chapter 2] I explained the existing work related to temporal analysis of narratives,
including definitions, prior approaches, and the datasets that I use for my experiments.

In Chapter |3} adapting prior work on solving point algebra problems to the task of
extracting timelines from TimeML annotated texts, I demonstrated an exact, end-to-end
solution, which I call TLEX (TimeLine EXtraction). TLEX transforms TimeML anno-
tations into a collection of timelines arranged in a trunk-and-branch structure. As has
been done in prior work, TLEX checks the consistency of the temporal graph and solves
it; however, it adds two novel functionalities. First, it identifies the specific relations in-
volved in an inconsistency (which can then be manually corrected) and, second, TLEX
performs a novel identification of sections of the timelines that have indeterminate order,
information critical for downstream tasks such as aligning events from different time-
lines. I provided formal proof of TLEX’s correctness, and I also conducted an experi-
mental evaluation by applying TLEX to 385 TimeML annotated texts from four corpora.
I showed that 123 of the texts are inconsistent, 181 of them have more than one “real
world” or main timeline, and there are 2,541 indeterminate sections across all four cor-
pora. A sampling evaluation showed that TLEX is 98—100% accurate with 95% confi-
dence along five dimensions: the ordering of time points, the number of main timelines,
the placement of time points on main versus subordinate timelines, the attachment point
of branch timelines, and the location of the indeterminate sections. I provided a reference
implementation of TLEX, the extracted timelines for all texts, and the manual corrections

to the temporal graphs of the inconsistent texts.
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Using TLEX, I compared TDTs with temporal graphs and showed that generating
TDTs results in up to a 109% increase in temporal indeterminacy over their correspond-
ing temporal graphs for the three corpora I examined. On average, the increase in inde-
terminacy is 32%, and I showed that this increase is a result of the TDT representation
eliminating on average only 2.4% of total temporal relations. This result suggests that
small differences can have big effects in temporal graphs, and the use of TDTs must
be balanced against their deficiencies, with tasks requiring an accurate global temporal
ordering potentially calling for use of the full temporal graph.

Finally, I presented JTLEX, an open-source Java library to extract exact timelines
from TimeML annotated texts. JTLEX provides many useful methods for the TimeML
community such as TimeML parsing, graph extraction, timeline extraction, inconsistency
detection, and temporal indeterminacy calculation. JTLEX can be used on any TimeML
annotations in any domain of natural language. I released jJTLEX as an open-source
library that is free for non-commercial use.

In Chapter ] I described methods for detecting and correcting errors in the TimeBank
corpus: (a) automatic guideline checking (109 violations); (b) automatic inconsistency
checking (65 inconsistent files); (c) automatic disconnectivity checking (625 incorrect
breakpoints); and (d) manual comparison with the output of state-of-the-art automatic
annotators to identify missing annotations (317 events, 52 temporal expressions). I pro-
vided the code as well as a set of patch files that can be applied to the TimeBank corpus
to produce a corrected version for use by other researchers in the field.

In Chapter [5] I presented a novel suite of eight metrics, combined with a new graph-
transformation experimental design, for the holistic evaluation of TimeML graphs. I ap-
plied these metrics to four automatic TimeML annotation systems (CAEVO, TARSQI,
CATENA, and ClearTK). I showed that on average 1/3 of the TimeML graphs produced

using these systems are inconsistent, and there is on average 1/5 more temporal indeter-

128



minacy than the gold standard. I also showed that the automatically generated graphs are
on average 109 edits from the gold standard, which is 1/3 toward complete replacement.
Finally, I showed that the relationship between individual subtask performance and graph
quality is non-linear: small errors in TimeML subtasks result in rapid degradation of final
graph quality. These results suggest current automatic TimeML annotators are far from
optimal and significant further improvement would be useful.

In Chapter|[6] I presented a pipeline system to extract the durations of events and build
a large event duration dataset. I applied my system to the iWeb corpus and the Motif
corpus and extracted over 400,000 event durations. With these events with durations, I

created the duration dataset and I will release it open source.
7.1 Future Work

In this dissertation, I presented a temporal analysis system for narratives including time-
line extraction, gold-standard TimeML evaluation, automatic TimeML annotator evalu-
ation, and duration extraction. The detailed analysis of results revealed several major

limitations that are useful for the future directions.

Timeline Extraction

The results of the TLEX algorithm suggest that many TimeML annotations contain tem-
poral inconsistency. Algorithm [Ta] in §3.2.4] finds the inconsistent subgraphs in the PA
graph, which helps annotators to fix them manually. For future work, I would like to
develop a method that removes or changes the links to fix the temporal inconsistency au-
tomatically. This could be done in several ways. First, many inconsistencies introduced
by ALINKSs showed that annotators accidentally assign the aspectual event as the second
node of the ALINK. A rule-based system can make sure the aspectual event is the first

node of the ALINK and fix the broken ALINKSs. Second, 40 out of 110 detected inconsis-
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tencies were caused by two different temporal relations between two events in the same
sentence. A supervised learning-based system can infer the correct relation between these
two events and remove the incorrect relation. Third, the results showed many inconsisten-
cies were in a cycle form, comprising three or more links. A hybrid system (supervised
learning and rule-based) can detect the problematic link and correct it to break the cycle.

Another limitation of the TLEX algorithm is that it only detects if the two intervals
are indeterminate. However, the results showed that the temporal indeterminacy between
two intervals can be weak (only two possible orders), strong (two to seven possible or-
ders), or fully indeterminate (all possible orders). Weak indeterminacy can be fixed easily
with a rule-based system. However, with the current algorithm (algorithm 2] in §3.2.5),
all timelines need to be extracted in order to detect weak indeterminate intervals. This
is computationally expensive considering there are Zi’jl x! possible timelines. There-
fore, I would like to implement an algorithm to detect the temporal indeterminacy on
the TimeML graph itself, using temporal closure rules, instead of extracting all possible

timelines from the graph.

Gold-Standard TimeML Evaluation

I implemented a suite of methods to evaluate the TimeBank corpus and showed the cor-
pus has 1,630 incorrect or missing annotations due to manual annotation mistakes. Con-
sidering there are many other manually annotated corpora that might suffer from these
mistakes, I would like to build an automatic sanity check algorithm that works for any
TimeML annotated corpora. As described in Chapter @] the automatic sanity check algo-
rithm will also check TimeML rules, inconsistency, redundancy, and disconnectivity but
go further by checking the markup language format (TEI, XML, and SGML), grammars,

typos, irrelevant tags (such as CoreNLP tags), and non-optional/obligatory attributes.
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TimeML Annotator Evaluation

I designed a suite of metrics to evaluate four state-of-the-art automatic TimeML annota-
tors and the results showed that these systems generate incorrect links and inconsistent
annotations and do not produce many types of TimeML links. Therefore, I would like to
build an automatic TimeML annotator addressing these problems. In addition to the su-
pervised learning-based part, first, I would like to integrate TLEX’s inconsistency correc-
tion algorithm into my system to obtain fully consistent annotations. Second, I would like
to use the disconnectivity detector (presented in to have fully connected graphs.
Third, using TimeML rules checker in §4.2.1] my system will produce annotations that
follow the TimeML rules. Fourth, my system will annotate SLINKs automatically using
a rule-based system that uses event classes. Finally, my system will use the pre-defined

trigger words such as in, on, at, during, for, while, and since to extract temporal relations.

Duration Extraction

I presented an event duration extraction system. The results showed that the duration
range for an event can be from seconds to years. The reason is that the arguments of
the event such as subjects and objects can increase or decrease the duration significantly.
Therefore, I would like to use the entity that performs the event as a feature for my event
duration extraction system. Similarly, the entity affected by the event will be considered
during the event extraction process. For this, I could take advantage of semantic role

labeling.
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APPENDIX A
APPENDIX

Duration Sentences for “Walking”

The following list contains the sentences for the event walking in the duration dataset

discussed in
1. It took about 30 minutes of walking along the road with our thumbs up before a van

10.

pulled over and offered us a ride most of the way.

I walked for 45 minutes, and mynetdiary records 250 calories burned.

. I walked in the 90-degree heat for 30 minutes and realized I had no idea where I

was going.

. Back in his home, the Viscount walked for several minutes up and down his room

with long quick strides.”

. He walked on for a quarter of an hour or twenty minutes, so stupefied that he no

longer thought of anything.

We walked up and down the river for about 3 hours.

. I had walked up a creek bed for about 30 minutes or so in the Currumbin Valley.

. The grade ones walked for 45 minutes on Tuesday, May 30th.

Once there, Shackleton, Frank Worsley and Tom Crean walked almost non-stop for
36 hours without equipment across the ice-capped, mountainous island to reach the

whaling station at Stromness and help.

Walked through water for 20 minutes with water almost up to the edge of my boot,

and only got a few drops in.
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11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Back then you walked 10-15 minutes back to your house and ate lunch for 15-20

minutes and then you went back.

My dog is walked twice a day for 40 mins each time, work it out, good value for

money | walked for another hour and got back to my hovel.
Bath has free guided walking tours lasting two hours

The walk lasts about 90 minutes and then you will repair to an atmospheric pub for

more magic and story-telling, and maybe a little discussion.
It is about 50 km long, and lasts about 3 days walking and 2 days by horse.
The walks last 75-minutes and cost $10 per person.

After running, this could be as simple as slowing down then walking for three to

five minutes, sometimes lengthening your stride or lifting your knees very high.
As soon as you’re feeling up to it, I recommend walking daily for 30 to 60 minutes.
A brisk walk or bike ride for 40 to 50 minutes is usually enough.

The area is filled with mature leafy trees and is within a 15 to 20 minute walk to the

city centre, if you are going to Stephens Green.

The location of the Croke Park Hotel is not city centre, however it is within walking

distance, for those who like to walk - between 20 to 30 minutes or so.
A walk up Arthur’s seat can take, at a good pace, two to three hours in total.

There is a circular walk around the woodland which takes approximatley 20 to 25
minutes to complete, ensure you’re wearing wellies or walking boots though, as
the woodland surface can become very muddy in places, especially after rain in the

winter!

The complex is about a 10 to 15 minute walk from the project offices and there is a

bus for the volunteers to use for transportation as they wish.
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25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

“Exercise could be anything like walking around campus for 10 to 15 minutes,”

Andrew Nation, sophomore in athletic training, said.
The three hotels are all within about 6 to 10 minutes peaceful walk to the Consulate.

Driving to the location can take 25-45 minutes and the walk to the ice cave can take

from 5 to 60 minutes.

Located in the heart of Kensington with great transport links, including Ladbroke

Grove, Latimer Road and Westbourne Park all within 5 to 10 minutes walk.

They walked and ran for 20 to 30 minutes until Lai finally declared he was going

home.

To get your digestion moving again, fit in some aerobic exercise, such as 30 to 45

minutes of brisk walking or another activity that raises your heart rate.

For humans, that would probably translate into walking 30 to 45 minutes a day five.
Apparently, there’s this night walk between 10PM until 8AM.

At a relaxed pace, walking the entire span of the waterfront could take a few hours.
It takes about 3 days walking or 2 days by horse to get there from the nearest place

Those were the days when collectors would take Friday afternoons off to learn all

they could by walking around museums and galleries

The trail officially launches later this month and walking the whole thing will usu-

ally take two days.

Once you’ve taken a walking tour, which would take about two hours if you were

really ambling, youve really seen it.
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m,n

¢ = (u,v,w)

I = (u,v,w)
weL

Z;

r, Lr, Ls C L
Lra =L UL

TimeML link types are in small caps

general indices

number of temporally and aspectually connected subgraphs
in a TimeML graph

number of nodes and edges in a graph, respectively

a tuple representing a temporal constraint

a tuple representing a link in a TimeML graph

type of a TimeML link

set of TimeML link types

set of TimeML temporal, aspectual, and subordinating link types
set of TimeML temporal and aspectual link types

TRy a relation between two objects x and y
T a real number
S an integer
tt, tt a time point, and beginning and ending time points of an interval
G=(V,E) a graph is made up of a set of nodes (V') and a set of edges (F)
veV,eeE a node or edge in a graph, respectively
e.source, e.target the source and target node of an edge, respectively
T = (Vr,Er) a TimeML graph
C = (Ve,Ec) temporally connected TimeML graph
= (Vp, Ep) a Point Algebra graph
= (W, Ey) an inconsistent cycle in a PA graph
I =V, Ey) a maximal inconsistent PA subgraph

J:UIi:(VJ,EJ)

Te = (Cy, Cs, ... C;)

Tp = (P, P,...P)

Ty = (1, Jo, ... J;)

Ty, = (L1, Lo, ... Ly)

Ty = {LM17LM27~--LMi)
Tp = (D1, Ds, ..., D;)
Eg = (Dy,Ds,...,D;)

union of maximal inconsistent PA subgraphs

vector of temporally connected TimeML graphs

vector of PA graphs

vector of unions of maximal inconsistent PA subgraphs
vector of timelines

set of main timelines

vector of indeterminacy maps

set of subordination links

S = (7“1,’['2,...”)
OS = (7“1,’/“2,...’/“1')
(rj,7j+1) C Os

a vector of real numbers, solution to a PA graph
an ordered set of real numbers (an ordered solution set)
neighboring pair in an ordered set of real numbers
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Ly

|L| or |Og| or |Ap|
LO

Ly

pj = (tj;tj+1) C Vp

Naop

D : Nop — {true, false}
Gp = (T1, Es)

Br = (G, Ty),

BO

set of time points anchored to same real number assignment
(an anchor set)

set of anchor sets for a PA graph P

a timeline

bijective, strictly monotonically increasing, order-preserving
function

order-equivalent equivalence relation over ordered solution sets

tempomorphic equivalence relation over timelines
tempomorphic equivalence set

shortest tempomorphic equivalence set

set of all tempomorphic equivalence sets for a PA graph P
normal form timeline

length of a timeline

shortest normal form timeline

main timeline

neighboring time point pair from a timeline for a PA graph
P = (Vp., Ep)

set of all neighboring time point pairs for a timeline for a
PA graph P

indeterminacy map

a timeline graph where timelines are related by subordinating
edges in Fg

trunk-and-branch timeline for a TimeML graph T’

shortest normal-form trunk-and-branch timeline

Table A: List of Symbols
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