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Abstract
A timeline provides a total ordering of events and times, and is useful for a number 
of natural language understanding tasks. However, qualitative temporal graphs that 
can be derived directly from text—such as TimeML annotations—usually explic-
itly reveal only partial orderings of events and times. In this work, we apply prior 
work on solving point algebra problems to the task of extracting timelines from 
TimeML annotated texts, and develop an exact, end-to-end solution which we call 
tlex (TimeLine EXtraction). tlex transforms TimeML annotations into a collection 
of timelines arranged in a trunk-and-branch structure. Like what has been done in 
prior work, tlex checks the consistency of the temporal graph and solves it; how-
ever, it adds two novel functionalities. First, it identifies specific relations involved 
in an inconsistency (which could 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 dif-
ferent timelines. We provide detailed descriptions and analysis of the algorithmic 
components in tlex, and conduct experimental evaluations by applying tlex to 
385 TimeML annotated texts from four corpora. We show 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 corpora. A sampling evalua-
tion showed that tlex is 98–100% accurate with 95% confidence along five dimen-
sions: the ordering of time-points, the number of main timelines, the placement of 
time-points on main versus subordinate timelines, the connecting point of branch 
timelines, and the location of the indeterminate sections. We provide the extracted 
timelines for all texts, the manual corrections to the temporal graphs of the incon-
sistent texts, as well as code to reproduce our experiments.
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1  Introduction

A timeline is a data structure that organizes events and times in a total ordering. 
Timelines are useful for a number of natural language understanding tasks, such as 
question answering, which may require understanding the overall temporal order 
of events to produce the correct answer  (Saquete et al., 2004); cross-document 
event co-reference (CDEC) and cross-document alignment, whose accuracy can 
be improved by access to a total ordering of events (Navarro-Colorado & Saquete, 
2016); and summarization and visualization (Liu et al., 2012), where timelines can 
enhance human understanding of the events as well as the temporal structure of the 
texts.

Unfortunately, timelines are rarely explicit in text, and usually cannot be extracted 
directly. Instead, texts usually explicitly reveal only partial orderings of events 
and times. Such partial information can be used—either through automatic analyz-
ers (Verhagen et al., 2005), or manual annotation (Pustejovsky et al., 2003a), or some 
combination of both—to construct a temporal graph labeled in some temporal rep-
resentation language, such as a temporal algebra (Allen, 1983) or TimeML (Sauri et 
al., 2006).

For temporal graphs labeled with a temporal algebra (Barták et al., 2014), prior 
work in the field of Qualitative Spatial and Temporal Reasoning (QSTR) has shown 
how to extract an exact timeline (Gereveni & Schubert, 1995; Kreutzmann & Wolter, 
2014; van Beek, 1992) that represents one possible solution of total ordering. How-
ever, this approach does not work for natural language involving temporal infor-
mation 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 why schemes such as TimeML were developed. Also, natural 
language is often ambiguous, hence it is useful to know which portions of a timeline 
are indeterminate—that is, have multiple possible orderings all 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 solu-
tions fall short in dealing with all possible relations and can result in outputs that 
contain ordering errors (see Sect.  2.3). These errors are a natural consequence of 
using statistical approaches to solve the problem.

In this work, we apply the theoretical formalism and techniques from QSTR to 
TimeML annotated texts, formulate timeline extraction as a topological sort prob-
lem, and show that one can achieve a theoretically exact solution, unlike prior NLP 
approaches. Furthermore, our framework handles all possible temporal relations 
(including aspectual and subordination relations) and detects indeterminacy. Spe-
cifically, we present tlex (TimeLine EXtraction), a method for extracting a set of 
timelines from a TimeML annotated text, which handles all TimeML relations and 
achieves perfect accuracy modulo the correctness of an underlying TimeML graph. 
tlex outputs multiple timelines, one for each temporally connected subgraph, includ-
ing subordinated timelines, which represent possible (modal), counterfactual, or con-
ditional situations—essentially describing “possible worlds” rather than events that 
occurred in the real world. For example, someone recounting their day might mention 

1 3

10  Page 2 of 39



TLEX: an efficient method for extracting exact timelines from TimeML…

forgetting to go to the supermarket, and if they had gone, they could have bought 
some milk. While there is a temporal relationship between the going and buying 
events, they did not actually happen in reality. These subordinated events in subordi-
nated timelines, which we discuss in detail in Sect. 2.2.2, are connected to the main 
timeline in a trunk-and-branch timeline structure,1 Like prior work, tlex checks the 
TimeML graph for consistency and performs topological sorting to produce a time-
line. However, unlike prior approaches, TLEX extends inconsistency detection to 
include ALINKs and systematically identifies indeterminate sections of timelines, 
providing more comprehensive insights into temporal structures and supporting man-
ual corrections.

Ensuring total consistency in temporal graphs is critical for practical applications. 
Without full consistency, a global timeline cannot be extracted. Inconsistent tempo-
ral constraints create logical contradictions that prevent establishing any valid event 
ordering. Moreover, consistency checking serves as quality assurance for temporal 
annotations, as inconsistencies typically indicate annotation errors requiring cor-
rection. The importance of temporal consistency extends to numerous downstream 
tasks. In question answering systems, inconsistent temporal information leads to 
contradictory answers about event sequences. For cross-document event coreference 
and narrative understanding, consistent timelines are essential for accurately merging 
events and maintaining coherent plot structures. Temporal consistency analysis also 
has forensic applications. For instance, detecting temporally inconsistent testimony 
that might indicate deception, or identifying contradictions in witness statements and 
legal documents that warrant further investigation. In clinical settings, inconsistent 
medical timelines could reveal documentation errors affecting patient care decisions.

We provide a formal proof of tlex ’s correctness, as well as experimental evalua-
tions using 385 manually annotated texts comprising 129,860 words across four cor-
pora. This revealed 123 inconsistent temporal graphs, for which we provide manual 
corrections. We also checked five different features of the extracted timelines using 
a sampling evaluation. Our measurements show that tlex achieves an accuracy of 
98–100% with 95% confidence on all these measurements. In prior work we have 
released reference implementations of the tlex algorithm in both Python and Java 
(Ocal et al., 2023; Singh et al., 2024). Using that code, we further provide (a) the 
timelines extracted from the corpora, (b) corrections to the corpora, and (c) code to 
reproduce our experiments.2

There are four main contributions of this work. First, we describe the tlex algo-
rithm in detail, providing a clear explanation of how it works, a formal proof of 
its correctness, and a reference implementation. Second, we introduce a new inde-
terminacy marked trunk-and-branch timeline structure as tlex ’s final output. This 
structure separates main timelines (the “real world” or the trunks) from subordinated 
timelines (the “possible worlds” or the branches). This explicit recognition of the 

1 It is worth mentioning that, although tlex is the first system that converts a TimeML graph into trunk-
and-branch timeline structure, the idea of separating subordinated events in annotations was previously 
introduced in the multi-axis annotation scheme model (Ning et al., 2018) in which the authors defined dif-
ferent axis for different types of events in the annotations such as intention/opinion events (on an orthogo-
nal axis), generic events (on a parallel axis), negations (not on an axis), and static events (other axis).

2 https://cognac.cs.fiu.edu/jtlex/.
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separation between “real world” and other types of events is important in the seman-
tics of natural language and has not been dealt with in TimeML-to-timeline con-
version work before. The identification of indeterminacy in timelines is also novel. 
Third, we demonstrate a new technique for identifying the specific temporal links 
that contribute to temporal inconsistency, which allows targeted manual correction 
of inconsistent TimeML annotations. Last, we experimentally evaluate tlex on four 
TimeML corpora. Through a sampling evaluation, tlex ’s performance is found to be 
accurate within error bounds, confirming our theoretical results.

The rest of this paper is organized as follows. First, we discuss related work, which 
we build upon and extend (Sect. 2). Second, we provide a detailed description of 
tlex, breaking the procedure into five main steps, and present proof of correctness 
and time complexity analysis for each step (Sect. 3). We then describe our experi-
mental evaluations and results (Sect. 4). We conclude with a discussion of possible 
future work (Sect. 5) and a list of the contributions (Sect. 6).

2  Background and related work

Temporal reasoning is a fundamental aspect of natural language understanding, 
enabling systems to infer event orderings, durations, and dependencies within a given 
text. Various formal frameworks have been developed to model temporal relation-
ships, ranging from qualitative approaches like Allen’s interval algebra to hybrid 
annotation schemes such as TimeML. While these frameworks provide structured 
ways to represent temporal information, extracting a coherent timeline from anno-
tated texts remains a challenge due to inconsistencies, ambiguities, and gaps in tem-
poral graphs. This section provides an overview of the key theoretical foundations 
and prior work relevant to timeline extraction. We begin with a discussion of tempo-
ral algebras and reasoning (Sect. 2.1), followed by a detailed examination of TimeML 
and its role in temporal information extraction (Sect. 2.2). Finally, we review previ-
ous approaches to timeline extraction (Sect. 2.3) and highlight the limitations that 
motivate the development of TLEX.

2.1  Temporal algebras and reasoning

2.1.1  Interval algebra

Allen’s interval algebra (Allen, 1983) is a calculus for temporal reasoning that defines 
possible relations between a pair of time intervals and the inference rules for rela-
tion compositions. Allen’s algebra was one of the first attempts to computationally 
model temporal knowledge and temporal reasoning. In this formalism, every event 
is abstracted as a time interval I, which comprises a start point (I−) and end time-
point (I+), where the start point comes strictly before the end point (I− < I+). Two 
intervals can be related by a set of 13 mutually exclusive basic temporal relations: 
before, meets, overlaps, starts, during, and finishes, their inverses, and equal. Allen’s 
interval algebra allows any subset of these 13 basic relations to form a general rela-
tion (hence there are in total 213 relations); two intervals A and B can be related by a 
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basic relation as A before B, or by a more complex relation such as A {before, during, 
starts} B when we are less certain about their temporal relation. Allen presented a 
composition table for composing pairs of temporal relations, which can be used to 
infer the temporal relation between intervals A and C given the relation between A 
and B and the relation between B and C. A fundamental question in Allen’s algebra 
is the following satisfiability problem: given n interval I1, . . . , In and m pairwise 
relations among these intervals, does there exist a configuration of intervals3 that 
satisfies all the relations? Unfortunately, it was shown that the satisfiability problem 
is NP-complete (Vilain & Kautz, 1986; Vilain et al., 1990).

Using Allen’s algebra, we can construct a temporal graph from texts by viewing 
events and times as intervals and representing them as the vertices of the graph, and 
translating the relations between two events/times expressed in natural language into 
Allen’s temporal relations and representing them as the labels of the edges in the 
graph. Allen’s approach is referred to as a qualitative temporal algebra because it 
does not represent exact times or durations. A special type of temporal graph called 
an atomic temporal graph, in which all edge labels are basic relations, is of particular 
importance for our purposes.

In a great deal of later work, Allen’s qualitative framework was generalized and 
extended to the quantitative case, where time-points and durations are given specific 
metric values. Researchers have proved quite a number of formal results concerning 
both qualitative and quantitative formalisms (reviewed in Barták et al., 2014). Of par-
ticular importance are those results related to checking the consistency of temporal 
graphs, because a timeline can only be constructed for consistent temporal graphs. 
To check the consistency of graphs constructed using his algebra, Allen developed 
a polynomial time, constraint-propagation type algorithm that repeatedly uses the 
composition table to reconcile the relation between every pair of vertices, to ensure 
that their relation is consistent with those relations imposed by all length-two paths 
between them (so-called path consistency) (Allen, 1983). However, the algorithm 
does not detect all inconsistencies, and it was later shown that checking the consis-
tency of general temporal graphs with all Allen relations is NP-complete (Vilain & 
Kautz, 1986; Vilain et al., 1990), which makes the task intractable under the com-
monly believed P ̸= N P  assumption.

Because the full power of Allen’s interval algebra is likely to be intractable, many 
researchers introduced tractable subclasses of Allen’s algebra (Freksa, 1992; Nebel 
& Bürckert, 1995; Vilain et al., 1990). In a celebrated paper  (Nebel & Bürckert, 
1995), a subclass called ORD-HORN is shown to be the unique maximal tractable 
subclass of the full Allen algebra: its consistency can be checked in polynomial time 
by the path-consistency algorithm while checking any subclass that is greater than the 
ORD-HORN subclass is NP-complete.

3 A configuration for a finite set of intervals I = {I1, . . . , In} is a set of n bounded and closed intervals 
(Ligozat, 2013, p. 9). More formally, a configuration is a function C : I → R × R satisfying the prop-
erty that, for every 1 ≤ i ≤ n, if C(Ii) = ⟨ai, bi⟩ (i.e., if interval Ii is mapped to the closed interval 
[ai, bi]) then −∞ < ai ≤ bi < ∞.
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2.1.2  Point algebra

Introduced by Vilain and Kautz (1986), the point algebra (PA) is a symbolic calculus 
intended to work with qualitative ordering constraints between pairs of time-points; 
for systematic treatments, see Barták et al. (2014) and references therein. PA defines 
three basic temporal constraints between two time-points: <, >, and =. If there is no 
information between two time-points a and b, then we say a {<, >, =} b. Temporal 
reasoning in PA is much more efficient since it has only three basic relations. For 
instance, the CSPAN algorithm checks the consistency of a PA temporal graph in 
O(n2) time, where n is the number of time-points in the graph (van Beek, 1992).

An interval sub-algebra of Allen’s algebra is called pointisable if its relations 
can be equivalently defined by a PA on the start and end points of the intervals 
involved  (Leeuwenberg & Moens, 2019). For example, it is easy to check that A 
before B is equivalent to the constraints imposed by the PA temporal graph in which 
A−, A+, B− and B+ are the nodes and each of the 12 edges is labeled with an 
appropriate basic < or > relation (according to the ordering A− < A+ < B− < B+). 
Moreover, it can be easily verified that all basic relations are pointisable. However, 
one can also show that A {before, before_inverse} B cannot be represented as PA 
constraints on the same set of 4 time-points. In fact, it is known that there are only 
167 pointisable relations among all 213 − 1 non-null relations in Allen’s algebra. The 
translation of the basic Allen’s algebra relations into PA relations is shown in Table 1.

Allen’s algebra TimeML Point algebraa

A Before B A before B (A+ < B−)
A After B A after B (B+ < A−)
A Meets B A ibefore B (A+ = B−)
A MetBy B A iafter B (B+ = A−)
A Starts B A begins B (A− = B−) ∧ (A+ < B+)
A StartedBy B A begun_by B (A− = B−) ∧ (B+ < A+)
A Finishes B A ends B (B− < A−) ∧ (A+ = B+)
A FinishedBy B A ended_by B (A− < B−) ∧ (A+ = B+)
A During B A includes B (A− < B−) ∧ (B+ < A+)
A DuringInverse B A is_included B (B− < A−) ∧ (A+ < B+)
A Equals B A simultaneous B (A− = 

B−) ∧ (A+ = 
B+)

A identity B (A− = B−) ∧ (A+ = B+)
A during B (B− = A−) ∧ (A+ = B+)
A during_inv B (A− = B−) ∧ (B+ = A+)
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_in-

cluded B
A reinitiates B Same as A is_in-

cluded B

Table 1  Translation of the 
Allen’s Algebra relation and 
TimeML temporal and aspectual 
relations into basic 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 I− and 
the end point is denoted by I+

a Here we omit the trivial 
relations I− < I+ for all 
intervals I involved to save 
space
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Allen’s interval algebra and point algebra (PA) are actually subclasses of a more 
general problem called Temporal Constraint Satisfaction Problems (TCSPs) (Dech-
ter et al., 1991). In a TCSP, time-points are represented as a set of variables, and 
temporal information is represented by a set of unary or binary constraints over these 
variables, each specifying a set of permitted intervals. A special case of TCSP, Simple 
Temporal Problem (STP), was also proposed and studied in Dechter et al. (1991). The 
input to an STP is a set of time-point variables together with constraints that bound 
the difference between pairs of these variables, and the output is required to be a suc-
cinct representation of the set of all possible assignments to time-point variables that 
meet those constraints. Because STP is solvable in polynomial time and at the same 
time captures much of the characteristics of temporal constraint problems in real life, 
it has been extensively studied and applied in a wide range of fields, such as planning, 
scheduling, robotics, and control theory. For more background on STP and recent 
extensions, interested readers are referred to (Ostuni et al., 2021).

2.2  Temporal information extraction and annotation in text

2.2.1  TIDES

Because of the utility of temporal frameworks for reasoning about time, and also the 
relevance of time to understanding natural language, researchers in Natural Language 
Processing (NLP) have sought to apply temporal algebras to text understanding. 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.

Time expressions (TIMEXes) are sequences of tokens (words, numbers, or char-
acters) in text that denote time, including expressions of when something happens, 
how often something occurs, or how long something takes. Starting from the early 
2000s, researchers developed a sequence of TIMEX annotation schemes (Ferro et 
al., 2001; Pustejovsky et al., 2003b; Setzer, 2001). This allows the annotation of 
expressions such as at 3 p.m. (when), or for 1 h (how long). Because events are also 
involved in temporal relations, these approaches were extended into schemes for 
capturing both times and events. For example, the Translingual Information Detec-
tion, 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 relations between events, therefore it 
provides only limited temporal information from texts.

2.2.2  TimeML

Deficiencies in TIDES led to the development of TimeML (Sauri et al., 2006), another 
markup language for annotating temporal information, originally designed for news. 
As shown in Table 1, TimeML contains all Allen’s basic temporal relations. TimeML 
does not have Allen’s overlaps and overlapped_by relations directly, however, 
these relations can be expressed in the temporal representation of a TimeML docu-
ment by combinations of other relations (Llorens et al., 2015). TimeML adds addi-
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tional representational facilities. First, Allen’s equals relation indicates two intervals 
have the same start and end time. In contrast, TimeML offers more refined relations: 
simultaneous represents two events that happened simultaneously, during repre-
sents an event persists throughout a temporal expression (duration), and identity 
represents event coreference relation between two events. Furthermore, TimeML 
includes relations for expressing sub-event structure (aspectual relations) and rela-
tions of conditional, hypothetical, or counterfactual nature (subordinating relations). 
Because the input to tlex is a TimeML graph, we give here a detailed exposition of 
the representational structure of TimeML.

TimeML uses TIMEX3 expressions, which introduce additional attributes and 
features to capture more complex temporal expressions accurately. These features 
include quantifiers (“quant”), frequencies (“freq”), anchoring for relative expressions 
(“anchorTimeID”), and comments for additional information. While TIMEX3 retains 
the three basic types of temporal expressions from TIMEX - dates (DATE), times 
(TIME), and durations (DURATION) - it also introduces a new type, “SET,” to rep-
resent recurring events (e.g., twice a week).

TimeML has three different types of links: temporal (tlink), subordinating 
(slink), and aspectual (alink). tlinks comprise 14 different types of temporal rela-
tions between events and times. Figure 1 graphically shows all types of tlinks in 
TimeML. The following example represents one of the tlinks, called is_included. 
This tlink represents that the event (went) is_included in (on) the time (Monday). 

Fig. 1  The 14 temporal and 5 aspectual TimeML link types. Temporal links can hold between two 
events, an event and a time, and two times
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The visual representation of this tlink and the other examples can be seen in Fig. 2. 
1 is the first node of the link, 2 is the second node of the link, and X is the TimeML 
link type.

(1)	 David went1 to the school on Monday2. (is_included) alinks represent the 
relation between an aspectual event and its argument event. There are five types 
of alinks (shown in Fig. 1): initiates, reinitiates, terminates, culminates, and 
continues. The following example shows the aspectual relation between events, 
where the first event (started) initiates the second event (study).

(2)	 Mike started1 to study2. (initiates) Note that some alinks and tlinks may 
have the same temporal constraints (Table  1), but semantically they are dif-
ferent in TimeML. For example, initiates and begins have the same temporal 
constraints, however, initiates happen between an aspectual event and its argu-
ment event while begins does not require an aspectual event. slinks 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 
merely a possibility and has not actually happened yet.

(3)	 Cindy promised1 him to buy1 some nachos. (modal) The factive relation 
marks an entailment of an event’s veracity. On the other hand, a counter_fac-
tive 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 demonstrate the 
difference between these two SLINKs.

(4)	 Katy forgot1 that she was1 in Miami last year. (factive)
(5)	 Katy forgot1 to buy1 some chocolate. (counter_factive) evidential rela-

tions are introduced by reporting events asserting that the argument event hap-
pened. Similarly, negative_evidential relations are introduced by reporting 
events asserting that the argument event did not happen. The following examples 
show these two slink types.

(6)	 Colin said1 he went2 to the store. (evidential)
(7)	 Darius denied1 that he has coronavirus2. (negative_evidential) Finally, 

the conditional relation identifies two events linked in a conditional manner, 
for example, with a signal such as “if”.

(8)	 If Sydney marries1 him, she will be happy2. (conditional)

Language introducing an slinks does not always entail a temporal relation, but if it 
does, a tlink representing that relation should be added to the graph as well. Further-
more, three types of slinks explicitly indicate that the event is presumed to not have 

Fig. 2  The visual representation of a generic link of TimeML: node 1 and node 2 represent two inter-
vals, and X represent the TimeML link type between the two intervals
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happened in the “real world” of the text. Therefore, ignoring subordinating relations 
or treating them as normal temporal relations gives an incorrect and impaired view of 
the temporal structure of the text.

Out of the three types of TimeML links, alinks and tlinks represent temporal 
information in documents, while slinks indicate non-temporal relations. On the other 
hand, slinks and alinks can only connect two events, while tlinks can relate two 
events, two times, or an event and a time.

A well-formed TimeML graph will have at most a single tlink and a single alink 
relation between two nodes. This is a consequence of the TimeML rule, which says 
that between two event instances (or between an event instance and a time expres-
sion), there cannot be two or more tlink or alink types. If there is both a tlink 
relation and an alink relation, they must be temporally consistent (Pustejovsky et 
al., 2003a, 2003b).4 As a consequence, TimeML graphs are atomic temporal graphs, 
hence a member of the tractable subclass of the interval algebra (Valdes-Perez, 1986, 
1987) (atomic graphs are called “singleton networks” in these papers). Another way 
to see this is by combining the fact that atomic temporal graphs can be equivalently 
transformed (in linear time) into their corresponding PA temporal graphs, and that 
consistency of PA temporal graphs can be checked in O(n2) time (van Beek, 1992).

2.2.3  TimeML annotations

There are a number of manually and automatically annotated TimeML corpora. In 
this work, we tested our approach on 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, words, events, temporal 
expressions, and relations are listed in Table 2. TimeBank 1.2 is drawn from various 
sources such as ABC, CNN, and the Wall Street Journal (Pustejovsky et al., 2003a). 
The ProppLearner corpus was developed to enable the machine learning of Vladi-
mir Propp’s morphology of Russian hero tales and has 18 different layers of syntax 
and semantics annotated on it, including TimeML (Finlayson, 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). Finally, the NewsReader 
MEANTIME corpus is a semantically annotated corpus of English Wikinews arti-
cles (Minard et al., 2016) (the corpus also includes TimeML annotations of article 
translations in Italian, Spanish and Dutch), covering four news topics: “Airbus and 
Boeing”, “Apple”, “the Stock market” and “General Motors, Chrysler and Ford.”

4 As can be seen in Fig. 4, there’s at most a single ALINK and a single TLINK between every node.

Table 2  Summary of the corpora used in the experiments
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 183 68,555 7,935 1,414 9,615 Newswire, biography, etc
Total 385 129,860 15,814 2,430 18,964
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Automatic TimeML annotation can be done via temporal information extraction 
systems for TimeML temporal expressions, events, and temporal relations (Bethard, 
2013; Chambers et al., 2014; Mirza & Tonelli, 2016; Verhagen et al., 2005), or via 
temporal dependency parsers (Zhang & Xue, 2018). While not perfect, these auto-
matic TimeML annotators attain a reasonable, even good, level of performance under 
some conditions. Because our goal in this paper is to present details of the tlex 
method for extracting timelines in an exact manner, we leave as future work the prob-
lem of applying our approach on automatically generated TimeML graphs.5

2.3  Prior approaches to timeline extraction

The goal of timeline extraction under quantitative (i.e., metric) frameworks is to 
produce timelines for temporal networks with metric temporal information for all 
times, events, and relations (i.e., numerical durations of nodes and edges in the tem-
poral graph). Note that 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 information in natural language 
is non-metrical.

2.3.1  Qualitative spatial and temporal reasoning approaches

In the field of qualitative spatial and temporal reasoning (QSTR), researchers have 
given significant attention to timeline extraction. van Beek (1992) presented an 
approach that transformed Allen’s interval algebra temporal graphs into a point alge-
bra network and solved them using backtracking techniques. Gereveni and Schubert 
(1995) built a “timegraph” given a set of point algebra relations and solved the time-
graph using their own algorithm. Later, Wallgrün et al. (2006) presented the SparQ 
(Spatial Reasoning done Qualitatively) tool, which comprises a set of modules to 
provide different services for qualitative spatial reasoning, which is a similar prob-
lem to qualitative temporal reasoning. SparQ transforms a quantitative descrip-
tion 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, Gantner et al. (2008) built the Generic Qualitative Reasoner 
(GQR) to solve binary qualitative constraint graphs, which takes a temporal calculus 
description and one or more constraint graphs as input and solves them using path 
consistency and backtracking. To check the consistency of large qualitative spatial 
networks, Sioutis and Condotta (2014) presented Sarissa, which produces random 
scale-free-like qualitative spatial networks using the Barabási-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 

5 We could have used LLM-generated annotations; however, in our current work, we tested GPT-3.5 with 
unseen data, and it had a worse F1 score on tlink detection than ML-based systems. Additionally, 
the generated annotations resulted in highly disconnected graphs, meaning that using LLM annotations 
would not contribute substantially to our approach.
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programming (LP) and mixed integer linear programming (MILP) to solve qualita-
tive graphs, a set that includes graphs represented in Allen’s algebra.

2.3.2  NLP approaches

In the NLP field, researchers have explored different methods for timeline extraction 
in general, and from TimeML-annotated texts in particular. A prominent example of 
general timeline extraction is the news timeline summarization (TLS) task. Starting 
from the seminal work of Allan and his collaborators (Allan et al., 2001; Swan & 
Allan, 2000), timeline summarization focuses on finding specific date mentions in 
texts and organizing the text or its subpart along a timeline indexed by date. TLS 
has attracted much attention in the past two decades; for the latest developments, 
see Ghalandari and Ifrim (2020) and references therein. While this is a useful task 
for many purposes, it is much different from (and much more granular than) the task 
we set ourselves here, which is organizing all the events and times mentioned in a 
text into a (non-metric) timeline. That said, our approach can still contribute to TLS 
research. Many TLS systems, such as those in  Ghalandari and Ifrim (2020), rely on 
collecting and processing mentions of prior events in news articles under the assump-
tion that the more frequently an event is referenced, the more important it is. Prior 
work in multiple timeline summarization (e.g., ; Mansouri et al., 2023; Yu et al., 2021) 
has largely relied on surface-based detection, representation, and clustering of event 
mentions, whereas our method provides a deeper, structurally informed approach 
that more accurately captures event orderings and dependencies. By improving event 
representation and linking through our structured timeline extraction, TLEX could 
enhance event clustering and ranking for TLS applications.

With regard to approaches that seek to extract timelines from TimeML annotated 
texts, we can divide these methods into two categories: (1) ML-based approaches that 
start from raw text, or raw text annotated only with events and time expressions (i.e., 
no links); and (2) temporal reasoning on fully TimeML annotated document.
 
ML-based methods

For the first category, researchers build a model to parse documents, predict 
TLINKs, and infer the interval-based order. Mani et al. (2006) demonstrated a 
machine learning method to annotate events and partially order them using a quali-
tative temporal graph generated using Allen’s temporal relations. However, this 
model only predicted three relations—before, after, and simultaneous—and thus 
excludes large portions of TimeML, and only achieves roughly 75% ordering accu-
racy. Do et al. (2012) generated the same three relations to obtain a full ordering, 
achieving a similar 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. Finally, 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. 
Achieving 70% accuracy, their model generated six temporal relations—before, 
after, includes, is_included, identity, overlap—again, only a subset of the full 
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possible set of temporal relations. Similarly, Zhang and Xue (2018) built a parser to 
extract dependency trees, which can easily be transformed into a timeline. They used 
LSTM in their pipeline and achieved 76% accuracy. Later, Ocal and Finlayson (2020) 
showed that temporal dependency trees omit temporal information. Using CNNs and 
LSTMs, Leeuwenberg and Moens (2020) demonstrated a deep learning model to pre-
dict events’ start time-point, duration, and end time-point. Their model extracts three 
types of tlinks between events (before, after, and overlaps), achieving 77% accu-
racy. Mathur et al. (2022) built a temporal parser to extract a temporal dependency 
graph and maintain the temporal order of the events using contextual features such 
as BERT. They achieved 77% accuracy on four tlinks—before, after, includes, 
and overlaps. As can be seen these ML-based approaches have only been applied 
to partial TimeML annotations (3–6/25 TimeML links) with imperfect performance 
(70–77% accuracy).

More recently, researchers explored LLM-based approaches to extract timelines 
from TimeML annotations. Hasegawa et al. (2024) developed TimeSET, a timeline 
construction evaluation dataset and proposed an evaluation framework comparing 
LLMs to construct timelines from single documents, finding that NLI formulation 
with Flan-T5 (3B) Chung et al. (2024) achieved the strongest performance with a 
median F1 score of approximately 0.5 across prompt templates on three tlinks—
before, after, and simultaneous. In the clinical domain, Wang and Weiss (2025) 
developed an LLM-based framework for extracting relative timelines from PubMed 
Open Access case reports, finding that O1-preview achieved moderate event recall 
(0.80) but high temporal concordance (0.95) on two tlinks—before and after. And 
finally, Wei et al. (2025) introduced a multi-level benchmark for temporal reasoning 
across 11 fine-grained sub-tasks and 3 real-world scenarios (knowledge-intensive, 
dynamic news events, and multi-session dialogues), evaluating LLMs on temporal 
relation types before, after, and simultaneous, with the best-performing system 
(o3-mini on TIME-LITE) achieving accuracies ranging from 29.90% to 93.33% 
across different task types, demonstrating that temporal reasoning remains challeng-
ing for current LLMs despite test-time scaling improvements.
 
Temporal reasoning-based methods

In the second category—i.e., temporal reasoning-based methods—Verhagen et 
al. (2006) introduced Tango, a TimeML parser tool to parse the TimeML annotated 
documents and create a TimeML graph. Using the TIMEX values, Tango displays the 
graph in a timeline form, where each section of the timeline contains a TIMEX and 
all the events connected to the TIMEX, however, it doesn’t provide the global order 
of events. Although Tango checks the consistency of the TimeML graphs using path 
consistency, it didn’t report any inconsistencies for their test corpus (the TimeBank 
corpus). Similar to Tango, Verhagen (2007) introduced TBOX, a TimeML parser. 
TBOX also generates a TimeML graph from a TimeML annotation, but it further 
removes the temporal closure links to display a simplified TimeML graph. TBOX 
displays each event in a box shape and places each box based on the temporal rela-
tion to present the timeline (e.g., if event A is before event B, then boxA would be on 
the left of boxB). However, this representation is problematic, considering temporal 
indeterminacy is already high in TimeML annotations (Verhagen, 2007). Although 
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these two tools use all 14 types of tlinks, they ignore slinks and alinks. Therefore, 
many events would not be correctly displayed in the timeline structure.

Additionally, Ning et al. (2018) introduced a multi-axis annotation framework 
aimed at categorizing intention, opinion, hypothetical, generic, and negation events 
into distinct axes to distinguish them from static and recurring events. This innova-
tive annotation approach led to the development of the MultiAxis Temporal Relations 
for Start-points (MATRES) corpus.

Summarizing these approaches for timeline extraction, we see that on the one 
hand, QSTR approaches transform Allen’s interval algebra graphs into constraint 
graphs and 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 subordinating relations, and 
they also do not detect or represent indeterminacy, nor do they help with correcting 
inconsistencies. ML-based approaches, on the other hand, have been limited by the 
number of relations considered and provide inexact solutions, presumably because of 
the noise inherent in a statistical solution. Finally, the TimeML parsers do not provide 
global orders for all events since they ignore aspectual and subordinating events.

tlex addresses both of these sets of deficiencies by drawing on both QSTR and 
NLP to provide a technique for extracting exact timelines from full TimeML graphs. 
Unlike prior approaches, tlex provides a timeline extraction method using all tem-
poral relations, including aspectual and subordinating relations. It also exposes inde-
terminacy in ordering, which is a natural consequence of the ambiguity of natural 
language, and also clearly identifies the sources of inconsistency to enable manual 
correction. Expanding Ning et al. (2018)’s comprehensive multi-axis annotation 
framework, tlex creates a trunk-and-branch timeline structure that also effectively 
segregates counter-factive and negative evidential events from real-life events.

3  TLEX algorithms

In this section, we present tlex, our novel approach for extracting exact timelines 
from TimeML temporal graphs. Unlike previous methods, tlex provides a complete, 
end-to-end solution that ensures theoretical correctness while handling all tempo-
ral, aspectual, and subordinating relations. We describe the core algorithmic steps 
of tlex, from partitioning the temporal graph into subgraphs to transforming it into 
a point algebra representation, checking for consistency, generating timelines, and 
detecting indeterminate sections. Each step preserves the integrity of the original 
annotations while enabling the construction of a trunk-and-branch timeline structure. 
Through a combination of constraint satisfaction techniques and formal guarantees, 
our approach produces an exact solution, unlike prior work, which provided only par-
tial, statistical solutions. The following subsections provide a detailed breakdown of 
each stage of the algorithm, along with proofs of correctness and complexity analysis.
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3.1  Overview of our approach

3.1.1  Problem statement

Recall that our task is to, by taking all possible temporal relations (including aspec-
tual and subordination relations) into consideration, extract from a TimeML anno-
tated text a complete set of timelines that are consistent with the TimeML temporal 
graph, identify which portions of the timelines are indeterminate, and organize those 
timelines into a trunk-and-branch structure.

Without loss of generality, we may view the input TimeML temporal graph to 
tlex as a connected,6 directed graph GT M = (VT M , ET M ), where the vertex set 
VT M  are events and time expressions, and there is a directed edge from vertex u 
to vertex v if there is a TimeML link from u to v (note that there can be more than 
one link, hence multiple relations corresponding to a single edge of G). That is, 
ET M = {(u, v) : u, v ∈ VT M and there is a tlink, slink, or alink from u tov} . 7 
Let n = |VT M | be the number of intervals in the input TimeML temporal graph and 
m = |ET M | be the number of edges of GT M . As GT M  is connected, m ≥ n − 1; 
and since there can be at most one link of each type between an (ordered) pair of 
temporal intervals, the number of links in the TimeML temporal graph is at most 3m.

3.1.2  Structure of the algorithm

tlex consists of the following five steps:

1.	 Partitioning, in which the input TimeML temporal graph is partitioned into 
subgraphs connected with only temporal and aspectual links;

2.	 Transforming, in which each TimeML temporal subgraph is transformed into a 
PA constraint subgraph with time-points as vertices and basic temporal relations 
(<, =) as edge labels;

3.	 Consistency Checking, in which the consistency of each PA constraint sub-
graph is checked, a maximal list of inconsistent cycles is output for manual cor-
rection and only consistent PA constraint subgraphs are passed on to the next 
step;

4.	 TimelineGeneration, in which the minimum timeline for all the time-points in 
each PA constraint subgraph is generated;

5.	 IndeterminacyDetection, in which each pair of time-points in the generated 
timeline can be checked whether there is any ordering indeterminacy,8 between 
them.

6 Because if the TimeML temporal graph is not connected, then we can simply run tlex on each of its 
connected components separately.

7 A simple way to implement this would be to assign a 10-bit vector for each edge as follows. First 
use 0 vector to denote no relation exists for each of the three types of links. The type of tlink rela-
tion of an edge can thus be represented with ⌈log2(14 + 1)⌉ = 4 bits; similarly, slink relation needs 
⌈log2(5 + 1)⌉ = 3 bits and alink relation needs ⌈log2(6 + 1)⌉ = 3 bits.

8 More precisely, by indeterminacy we mean the possibility of generating some other timeline in which the 
ordering of the two time-points is reversed.
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Figure 3 presents the overall structure of the TLEX algorithm. At the center, it high-
lights the three main components: Extracting Timeline (combining Steps 1, 2, and 
4), Consistency Checking (Step 3), and Indeterminacy Detection (Step 5). On the 
left, the figure shows the step-by-step process of the Extracting Timeline component: 
first partitioning the TimeML graph into subgraphs (Step 1), then transforming each 
subgraph into a PA constraint graph (Step 2), and finally extracting the corresponding 
timeline (Step 4). The upper right portion illustrates the consistency checking pro-
cess (Step 3), which ensures that the PA graph is fully consistent; if inconsistencies 
are found, Step 3 returns the offending constraint links, which can be projected back 
onto the TimeML graph, with inconsistent links shown in red. The lower right portion 
depicts Indeterminacy Detection (Step 5), which identifies regions of the graph where 
the ordering between nodes is indeterminate—for example, where the order between 
events 2 and 3 cannot be fixed—and shows how this indeterminacy is represented in 
the resulting timeline.

In the following sections we provide detailed descriptions and analysis of each 
step, using the following text as a running example: 

(9)	 After working1 in the morning2 John came back3 home. He wished4 that he 
didn’t go5 to work, so he could be happy6. Later, his phone rang7 and he 
answered8 it. As soon as he picked up9, Paul started10 complaining11. He was 
quickly bored12, but realized13 that if he hung up14, Paul would be mad15 for 
the entire weekend16. So he continued17 to listen18. Then he remembered19 he 
ignored20 Paul’s text in the morning2.

In this example, each event is underlined and given a numerical subscript for refer-
ence. One thing notable about this example text is that events 14 and 15 did not 
happen in the “real world” of the story: because John did not hang up14 the phone, 
Paul didn’t get mad15. These two events are related to the “real world” timeline by 
subordinating links and should be isolated onto their own “subordinated” timeline.

We 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. Simi-
larly, we 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 up14 and would be mad15 belong to a subordinated timeline. It is possible 
that there are multiple main timelines in a text; we treat this possibility formally in 
Sect. 4.3.

Fig. 3  Overview of the TLEX algorithm, showing the Extracting Timeline component (Steps 1, 2, and 
4), Consistency Checking (Step 3), and Indeterminacy Detection (Step 5)
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3.1.3  Depth first search (DFS)

We will need the standard depth first search (DFS) algorithm to explore a directed 
graph and detect cycles in the graph. For completeness, we provide the notation 
and the pseudo-code of the DFS version presented in Section 20.3 of Cormen et al. 
(2022), omitting the time field as we do not use it.

Specifically, on an input directed graph G = (V, E) stored as an adjacency list, 
DFS initially colors all vertices as white. When DFS begins to explore the neighbor-
hood of a vertex u (by recursively calling DFS-Visit on each vertex v which is in u’s 
adjacency list G.Adj[u] and whose color is still white), it changes u’s color to gray. 
When DFS finishes examining u’s neighbors, it changes u’s color to black and the 
color of u will never be changed again after that. Apart from color, each vertex also 
has a field π, which is used to store its parent node in the DFS forest constructed in 
the process of graph exploration. It is known that DFS runs in linear time, namely 
O(n + m) where n = |V | is the number of vertices and m = |E| is the number of 
edges of the graph G.

3.2  Partitioning

In this step, tlex partitions the TimeML graph into subgraphs that are connected 
only with temporal and aspectual relations. The reason is that temporal and aspectual 
relations represent temporal information about the text, while subordinating relations 
do not.

To do this, we first transform the input graph GT M = (VT M , ET M ) into an undi-
rected graph G′

T M = (VT M , E′
T M ) by keeping the same vertex set and adding an 

(undirected) edge (u, v) between two vertices u and v if there is a temporal or aspec-
tual relation from u to v, or a temporal or aspectual relation from v to u. That is, we 
ignore all slink relations and view tlink and alink relations as undirected edges. 
This can clearly be done in O(n + m) time. Next, we run DFS as illustrated in Algo-
rithm 1 on G′

T M = (VT M , E′
T M ) and partition it into connected subgraphs. Since 

the transformed graph G′
T M = (VT M , E′

T M ) has |E′
T M | ≤ |E′

T M |, the DFS runs in 
O(n + m) and hence the total running time of Partitioning is also O(n + m). We 
denote the resulting subgraphs as G(1)

T M , . . . , G
(k)
T M .
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Algorithm 1  dfs(G)

Figure 4 illustrates Partitioning on the TimeML graph corresponding to Exam-
ple (9). Subgraphs are separated with dashed lines. Since there are no temporal or 
aspectual links between event pairs 5 and 6 and 14, 15 and 16 with the rest of the 
graph (but the graph is otherwise connected), tlex partitions the graph into three 
temporally connected subgraphs: the main, or “real world” subgraph (1–2–3–4–7–8-
9–10–11–12–13–17–18–19-20) and the subordinated subgraphs (5–6 and 14–15-16). 
tlex will subsequently extract a separate timeline from each of these subgraphs.

Fig. 4  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. This is the first step of the algorithm, where the temporal graph is initially structured before 
transformation. It is directly connected to Figs. 5 and 9, which illustrate the subsequent transformation 
into a PA constraint graph and the final extracted timeline
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After the partitioning, tlex stores the connecting points between the main sub-
graphs and subordinated subgraphs (these points can be easily found by scanning the 
subordinating links: if a subordinating link (u, v) connecting one vertex from a main 
subgraph and one vertex from a subordinated subgraph, then both vertices u and v 
are connecting points). Connecting points will be used later to build the trunk-and-
branch timeline. The connecting points in Example (9) are 4 & 5 and 13 & 14.

3.3  Transforming

In TimeML, DATE, DURATION, and SET temporal expressions are regarded as 
temporal intervals, with starting and ending time points.9 TIME temporal expressions 
represent a specific moment in time, such as 9:46 pm or 1 am. Unlike intervals, they 
don’t have a duration and simply pinpoint a single time-point in PA (Barták et al., 
2014). We transform each temporal intervals and time stamps of TimeML subgraph 
G

(i)
T M  into a point algebra (PA) constraint graph G

(i)
P A = (V (i)

P A, E
(i)
P A), for every 

i = 1, . . . , k.

Let G(i)
T M = (V (i)

T M , E
(i)
T M ) be any of the interval TimeML subgraphs. Note that we 

still view G(i)
T M  as a directed graph following the same definition as the original graph 

GT M ; that is, there is a directed edge from vertex u to vertex v in G(i)
T M  if and only if 

there is a tlink relation or an alink relation between them.

Recall that each vertex v ∈ V (i) actually represents a temporal interval Iv, so we 
first replace each interval v with two time-points, the start time-point t−

v  and the end 
time-point t+

v  of the interval Iv. More formally, we let

	 V
(i)

P A = {t−
v : v ∈ V

(i)
T M } ∪ {t+

v : v ∈ V
(i)

T M }.

Now we construct the edges of G(i)
P A (i.e., basic PA constraints) as follows. First, 

we add the constraint t−
v < t+

v  for every v ∈ V (i). Using the fact that each tlink or 
alink can be represented as a simple conjunction of the basic temporal constraints 
less than (<) and equals (=) as shown in Table 1, we next, for each directed edge in 
E

(i)
T M , add its corresponding basic PA constraints to E(i)

P A. More formally, if we use 
ϕ(u, v, t+

u , t−
u , t+

v , t−
v ) to denote the set of PA constraints, as specified in Table  1, 

between {t+
u , t−

u } and {t+
v , t−

v } which are imposed by the TimeML constraint of an 
edge (u, v) in G(i)

P A, then

	
E

(i)
P A =

(
∪

v∈V
(i)

T M

{t−
v < t+

v }
) ∪ (

∪(u,v)∈E
(i)
T M

ϕ(u, v, t+
u , t−

u , t+
v , t−

v )
)

.

9 Note that reinitiates occurs between a continuous event and a reinitiating trigger word (such as resum-
ing or renewing). If the event is not continuous, then there will be two different event instances instead 
of one, and the second event instance will be initiated by the trigger word.
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It is easy to check that the blowup of PA constraint graph size is at most a constant 
factor, namely |V (i)

P A| = 2|V (i)
T M | and |E(i)

P A| ≤ |V (i)
T M | + 2|E(i)

T M |. In the following we 
write

	 ni := |V (i)
P A|

for the number of vertices in the ith PA constraint subgraph and

	 mi := |E(i)
P A|

for the number of edges in the ith PA constraint subgraph. Note that 
∑k

i=1 ni = 2n 
and 

∑k
i=1 mi ≤ n + 2m. It follows that Transforming takes linear time O(n + m) 

to compute. While certain temporal details like verb tense and specific linguistic sig-
nals are lost during the transformation of the TimeML graph to the PA graph, the 
information pertaining to the global order of events and times remains intact.

Figure 5 illustrates the transformed PA constraint graph from the TimeML tempo-
ral graph shown in Fig. 4.

3.4  Consistency checking

Our inconsistency detection process applies to all tlink and alink relations, ensur-
ing that aspectual dependencies are accounted for when checking the coherence of 
the temporal graph. Unlike previous methods that primarily focused on tlink consis-
tency, tlex identifies cycles and contradictions across both temporal and aspectual 
links. However, our approach does not examine inconsistencies in event mention 
coreference or missing temporal links, as these require external knowledge beyond 
the TimeML annotation.

Fig. 5  The three PA constraint subgraphs transformed from the three temporally and aspectually 
connected subgraphs in Fig. 4. These are produced by replacing each node I with its start and end 
time-points I− and I+, and replacing each temporal or aspectual link with the set of basic temporal 
relations shown in Table 1
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A timeline for a PA constraint graph GP A = (VP A, EP A) is a function L that maps 
each time-point in VP A to a (not necessarily unique) point on the real axis such 
that all time-point constraints imposed by EP A are satisfied. A PA constraint graph 
GP A = (VP A, EP A) is consistent if there exists a timeline L for G. Therefore we 
need to check the consistency of each PA constraint subgraph before passing it on for 
timeline generation.

It was shown by van Beek (1992) that a PA constraint graph is consistent if and 
only if it does not have any of the following three types of inconsistent cycles.

Definition 3.4.1  (Inconsistent Cycle) An inconsistent cycle is a cycle in a PA con-
straint graph with one of the following types (for simplicity of notation, we use “̸=
” as shorthand for the relation “<” or “>” and use “≤” as shorthand for the relation 
“=” or “<”) : 

(i)	 v = · · · = w ̸= v;
(ii)	 v ≤ · · · ≤ w ≤ · · · ≤ v ̸= w;
(iii)	v < · · · < w < · · · < v, where all but one of the < can be ≤ or = (Note that this 

case also covers the case of self-loops, v < v).

An example of an inconsistent cycle is shown in Fig. 6.
In the third step of tlex, namely Consistency Checking, given a PA constraint 

subgraph G(i)
P A = (V (i)

P A, E
(i)
P A), our task is to check if G(i)

P A is consistent; moreover 
if G(i)

P A is inconsistent, output a Maximal List of Inconsistent Cycles (MLIC) which 
includes the set of all inconsistent cycles detected in our checking procedure. This 
list of TimeML links that correspond to these points can then be provided to human 
annotators for manual corrections. Although there has been some research in the field 
of qualitative spatial reasoning focused on automatically correcting inconsistencies 
in point algebra constraint graphs in a minimum or approximate manner (Condotta 
et al., 2016; Iwata & Yoshida, 2013), these approaches cannot be applied to TimeML 
graphs. Inconsistencies in TimeML graphs usually come from incorrect or 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 methods for 
automatically correcting these inconsistencies, but we will leave the exploration of 
this for future work. This means that any inconsistencies discovered by tlex need to 
be manually corrected before proceeding. We discuss more specific cases of incon-
sistencies in selected corpora in Sect. 4.

Consistency Checking comprises the following three parts.

Fig. 6  Example of an inconsistent cycle gener-
ated by A before B and B before A
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3.4.1  Merging equal time-points into “compound” time-points

In this part, we merge time-points that are inter-connected by equals (=) relations. 
Specifically, we keep only the = relations in the PA constraint subgraph and view it 
as an undirected graph. We then run DFS on the modified graph to partition the ver-
tices in V (i)

P A into connected components V1, . . . , Vℓ (Note that some Vi may contain 
a single vertex; indeed that should be the case for most Vi’s when the PA constraint 
graph is generated from a real-world text corpus). Time-points in each Vi are inter-
connected by = relations and hence they should be equal to each other. We call each 
such Vi a “compound” time-point. Since running DFS on (a subgraph of) each PA 
constraint subgraph takes time at most linear in its size, the total running time for 
processing all PA constraint subgraphs takes O(m + n) time.

In the example, PA constraint graph in Fig. 5, 8− and 9− will be merged into one 
“compound” time-point, 8+, 9+ and 11− will be merged into another “compound” 
time-point, and the remaining time-points will be singleton “compound” time-points.

3.4.2  Building “compound” PA constraint graph, detecting type (i) and type (ii) 
inconsistency

We now build a “compound” PA constraint graph G̃(i)
P A = (Ṽ (i)

P A, Ẽ
(i)
P A): the vertex 

set Ṽ (i)
P A is just the set of “compound” time-points created in the previous part, and 

the labels of the edges will be of less than (<) relation only and can be generated by 
scanning the set of less than (<) labeled edges in E(i)

P A. More specifically, we first 
associate a new field “compound index” (an integer between 1 and ℓ) to each vertex 
in V (i)

P A, indicating to which “compound’ time-point the corresponding time point 
belongs. We then create an ℓ × ℓ Boolean-valued table T whose (i,  j)-entry stores 
whether “compound” time-point i is less than “compound” time-point j. We now go 
through all less than (<) labeled edges in E(i)

P A and update the entries of T accord-
ingly. During this process, we also detect inconsistency cycles as follows:

detecting type (i) inconsistency: If there is a constraint u < v and u, v both belong 
to the same “compound” time-point, then a type (i) inconsistency cycle is found, 
and we add all time-points in this “compound” time-point to the MLIC;
detecting type (ii) inconsistency: For every constraint u < v where u belongs to 
“compound” time-point i and v belongs to “compound” time-point j, we update 
the (i, j)-entry of T to true. We then check the (j, i)-entry of T and a type (ii) incon-
sistency cycle is detected if that entry is also true. If so, we add all time-points in 
both “compound” time-point i and “compound” time-point j to the MLIC.

Note that now the “compound” PA constraint graph has ℓ ≤ ni vertices, at most mi 
directed edges and all edges are label with less than (<) relations. As we need to build 
the table T, the running time is O(n2 + m).
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3.4.3  Cycle-finding in “compound” PA constraint graph—detecting type (iii) 
inconsistency

To detect type (iii) inconsistency in G̃(i)
P A = (Ṽ (i)

P A, Ẽ
(i)
P A), we apply the well-known 

cycle-detection method of DFS. Run the DFS described in Algorithm 1 on G̃(i)
P A with 

the following slight modifications: if when vertex u explores its neighboring vertices 
in Line 9 and finds that v’s color is gray, then a cycle is detected. Proof of the cor-
rectness of this method is well-known, but for completeness we provide a sketch 
here. Let v1 < v2 < · · · < vp < v1 be a cycle in G̃(i)

P A and without loss of generality 
v1 is the first vertex to be discovered by DFS. By the White-path Theorem (Cormen 
et al., 2022, Theorem 20.9), vp is a descendant of v1 in the DFS forest generated by 
the algorithm; it follows that when vp is discovered in Line 12, the color of v1 is still 
gray, hence the cycle will surely be detected. On the other hand, if a vertex u finds 
that v’s color is gray when exploring its neighbors, then v is an ancestor of u, mean-
ing that there is a directed path from v to u. But v is a neighbor of u implies there is an 
edge from u to v. Therefore there must be a cycle containing both u and v.

To detect all possible type (iii) inconsistency cycles, each time a cycle is detected 
we remove edge (u, v) from G̃(i)

P A to break the cycle, add the cycle to the MLIC (the 
cycle can be found by tracing back recursively the parent vertex u.π starting from u 
until we reach vertex v), and keep running the DFS algorithm till it finishes. The run-
ning time of this part is O(m + n)

 
Summary of Consistency Checking.

From our analysis in each of the three parts, the overall running time of Consis-
tency Checking is clearly O(m + n2). Note that, if the algorithm does not detect 
any inconsistency in the “compound” PA constraint subgraph G̃(i)

P A and passes it on 
to next step, then the “compound” PA constraint subgraph satisfies 

1.	 G̃
(i)
P A is a directed acyclic graph (DAG);

2.	 All the constraints are less than (<) relations; that is, if (u, v) is an edge in G̃(i)
P A 

then for any timeline L satisfying G̃(i)
P A, L(u) < L(v).

3.5  Timeline generation

3.5.1  Normal form timeline

The two properties listed at the end of last section of the “compound” PA con-
straint subgraph allow ordering linearly, namely topological sort, all the time-points 
involved. Recall that a topological sort of a directed acyclic graph G = (V, E) is a 
linear ordering of all its vertices such that if G contains an edge (u, v), then u appears 
before v in the ordering. However, our goal in Timeline Generation is slightly dif-
ferent: for every “compound” PA constraint subgraph G̃(i)

P A, we want to generate a 
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shortest timeline for time-points in G̃(i)
P A, for which we provide a more formal defini-

tion now. We prioritize generating the shortest timeline among potentially multiple 
solutions to establish a reference point for subsequent indeterminacy calculations. 
This allows for an equitable distribution of indeterminacy scores across all timeline 
segments, as detailed in Sect. 3.6. To keep notation simple, in the rest of this section 
we use a general PA constraint graph G = (V, E) instead of G̃(i)

P A as the input to 
Timeline Generation.

First, in order to make notation simple and eliminate unnecessary ambiguities, we 
require the values of a timeline to be positive integers, hence the notion of normal 
form timelines. Let N = {1, 2, . . .} denote the set of natural numbers.

Definition 3.5.1  (Timeline and normal form timeline) Let G = (V, E) be a PA con-
straint graph. A function L : V → R, which maps every time-point in V to a real 
number, is called a timeline of V(G) if all the temporal constraints imposed by E are 
satisfied. A timeline is said to be in normal form if the range of the timeline L is fur-
ther restricted to be N. The length of a normal form timeline is the maximum value 
of the timeline ℓ(L) = maxu∈V L(u). A timeline L is called a minimal normal form 
timeline of G if for any normal form timeline L′ of V(G), ℓ(L) ≤ ℓ(L′). Finally, a 
timeline L is called a minimum normal form timeline if for any normal form timeline 
L′ of V(G) and every vertex u in V, L(u) ≤ L′(u).

It follows immediately from the definitions that if a timeline L is a minimum normal 
form timeline then it is also a minimal normal form timeline. However, the converse 
is in general not true. The motivation behind our definitions is the following. It is pos-
sible that there are multiple normal form timelines of a PA constraint graph that all 
have the minimum possible length. In order to eliminate such ambiguity, we further 
require the timeline should map every time-point to its minimum possible value in 
any consistent timeline. Indeed, one can show that for any PA constraint graph G, the 
minimum normal form timeline for G is unique10 and hence it is justified to call a 
timeline the minimum normal form timeline for G.

Consider the example shown in Fig. 7, one possible normal form timeline (after 
transforming the original Allen algebra on temporal intervals into PA on time-points) 
L1 is to map interval I1 to [1, 2], interval I2 to [3, 4], interval I3 to [5, 6], interval I4 
to [7, 8], and interval I5 to [9, 10], with ℓ(L1) = 10. Another normal form timeline 

10 The uniqueness follows by inspecting the Greedy Kahn’s algorithm (Algorithm  2) and proving the 

unique optimality of its output timeline by an induction on time-points that are added to set S at iteration t.

Fig. 7  A TimeML graph with an indeterminacy. While the order between interval I4 and interval I5 is 
fixed, the relative order between interval I2 and interval I3 is indeterminate
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L2, as shown in Fig. 8, maps interval I1 to [1, 2], both interval I2 and interval I3 to 
[3, 4], interval I4 to [5, 6], and interval I5 to [7, 8], with ℓ(L2) = 8. It is not hard to 
be convinced that L2 is the minimum normal form timeline for the original TimeML 
graph.

tlex assumes, in the absence of additional information, that the minimum normal 
form timeline is the best.

3.5.2  Minimum normal form timeline generation algorithm

3.5.2.1  Kahn’s topological sort algorithm  We first review the classic Kahn’s algo-
rithm (Kahn, 1962) for topological sort as it is the basis of our minimum normal form 
timeline generation algorithm. It is helpful to view topological sorting vertices in V 
as a scheduling problem (for example, taking courses to complete an undergraduate 
degree), and think edges in E as scheduling constraints (if there is an edge from u to 
v, it means course u is a prerequisite for course v). Kahn’s topological sort algorithm 
for an acyclic directed graph (DAG) G = (V, E) is to repeatedly find a vertex of 
in-degree 0, output it, and remove it and all of its outgoing edges from the graph. 
The key observation of the algorithm is that, as long as the in-degree of a vertex 
becomes 0, it is free, and we can safely schedule it. Once it is scheduled, the con-
straints it imposes on other vertices can be removed, and this potentially frees more 
vertices to schedule. The correctness of the algorithm follows from the fact that there 
always exists some vertex of in-degree 0 in a DAG.11 Note that removing a vertex 
of in-degree 0 and deleting all its outgoing edges from a DAG can never create new 
cycles; therefore, the algorithm will proceed until all vertices are put in a topologi-
cal ordering. The running time of Kahn’s algorithm is O(m + n) by the following 
analysis. First, we maintain a queue which is set to be empty initially for the vertices 
of in-degree 0. Second, in the preprocessing stage, by scanning all edges in E, we 
can compute the in-degree of every vertex, and place all in-degree 0 vertices in the 
queue; this takes O(m + n) time. Last, after removing a vertex u of in-degree 0 from 
the queue, we go through u’s outgoing edges, delete them from E, and update the 
in-degrees of u’s out-neighbors, and insert any vertex into the queue if its in-degree 

11 To see this, suppose this is not the case. Then every vertex has at least one incoming edge. Now starting 
from any vertex u of G, repeatedly trace along (in the opposite direction) any of its incoming edges. Since 
every vertex has at least one incoming edge, this process will keep running. But graph G is finite, therefore 
the path of this process must eventually visit some vertex it has visited before. That is, there must exist 
a cycle in this path. Reversing the direction of each edge in this path gives rise to a cycle in the original 
graph G, thus a contradiction.

Fig. 8  The minimum timeline extracted from the TimeML graph in Fig. 7, with the indeterminate sec-
tion highlighted
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becomes 0. Note that we need to process each edge only once and process each vertex 
O(1) times in the whole algorithm, so this part also takes O(m + n) time.

3.5.2.2  Greedy Kahn’s algorithm for minimum normal timeline  Note that the Kahn’s 
algorithm described above already provides a normal form timeline for time-points in 
V. What we do next is to slightly modify the algorithm so that it outputs the minimum 
normal form timeline.

Since a normal form timeline can only schedule time-points at t = 1, 2, . . . , we 
partition our timeline construction into stages accordingly: at stage i, the algorithm 
determines which time-points the timeline L should map to value i. A simple idea to 
construct a minimum normal form time is, therefore to greedily schedule as many 
time-points as allowed by the PA constraint graph. What is the maximal set of time-
points that can be scheduled first, i.e. mapped to value 1? Clearly, since all time-
points with in-degree 0 do not have any constraint on them, thus can all be mapped to 
value 1. Following the idea of Kahn’s algorithm, after mapping these time-points to 
1, we delete their out-going edges (this will create some new time-points of in-degree 
0 as argued in the preceding paragraph) and map all new in-degree 0 time-points to 
value 2. We keep repeating this process until all time-points have been scheduled.

Algorithm 2  GreedyKahn’s algorithm

The pseudo-code of our greedy Kahn’s algorithm is listed in Algorithm 2. It is easy 
to see, following the same argument as that of the original Kahn’s algorithm, the run-
ning time of Greedy Kahn’s algorithm is O(m + n). The correctness of the algorithm 
follows from the following lemma.
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Lemma 3.5.1  For any consistent PA constraint graph G = (V , E), Greedy Kahn’s 
Algorithm generates the minimum normal form timeline for G.

Proof  Let L be the normal form timeline generated by Greedy Kahn’s Algo-
rithm and let L′ be any other normal form timeline. We claim that for any u ∈ V , 
L(u) ≤ L′(u), hence by definition L is the minimum normal form timeline.

Note that Greedy Kahn’s Algorithm partitions the time-points in V 
into ℓ disjoint sets, V =

∪̇ℓ

i=1Si, where 
∪̇

 stands for disjoint set union and 
Si := {u ∈ V : L(u) = i} for every 1 ≤ i ≤ ℓ. We prove the claim by induction on 
the index number i of {Si} to which a time-point belongs. The claim is certainly 
true for every time-point in S1. Now for the inductive step, suppose the claim is 
true for all time-points in S1 ∪ · · · ∪ Sk. That is, any other timeline L′ must have 
L′(u) ≥ L(u) for every time-point u in S1 ∪ · · · ∪ Sk. Let v be a time-point in Sk+1. 
Why can not v be in Sk? Because there must exist another (or more) time-point w 
such that (w, v) ∈ E and w ∈ Sk. So if L′ satisfies that L′(v) = k′ ≤ k, then we 
must also have L′(w) < k′ ≤ k = L(w), a contradiction. This completes the induc-
tive step of the proof and hence the proof of the lemma. � □

Note that van Beek (1992) developed an efficient algorithm that finds a consistent 
scenario (i.e. timeline) for a PA graph by first decomposing the original graph into 
strongly connected components (SCCs) and then applying topological sort on the 
simplified PA graph. However, our application of the greedy Kahn’s algorithm in 
solving PA graphs seems to be new.

The timeline for the running example is shown in Fig.  9. As before, there are 
two temporally and aspectually connected subgraphs, where the connection between 
them (the gray 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.

As we have noted, one major advantage of tlex is its ability to properly handle 
subordinating relations. Prior approaches to timeline extraction ignored subordinat-
ing relations. If they were alternatively treated as some sort of temporal relation, 
machine-learning-based techniques e.g., Verhagen et al. (2005), Bethard (2013) and 
Mirza and Tonelli (2016) would likely insert events 8 and 9 between or near time-
points 13− and 13+. That would indicate events 14 and 15 happened after events 
1–12 but before events 17–20, while in the story world, these events did not occur at 
all. This is clearly incorrect.

Fig. 9  Visualization of the timeline extracted from Fig. 5. The three subgraphs are arranged into a main 
timeline and subordinated timelines connected by a grey branch. The indeterminate sections (20 & 1) 
are highlighted
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3.6  Indeterminacy detection

Indeterminacy in tlex refers to portions of the timeline where multiple valid order-
ings exist due to ambiguous or underspecified TimeML relations. Our method detects 
such cases by analyzing the temporal constraints imposed by tlinks and alinks, 
highlighting where event ordering is not uniquely determined. This feature distin-
guishes tlex from previous timeline extraction methods, which assume a single fixed 
ordering without explicitly marking indeterminate regions.

In most cases, TimeML graphs lack enough information to uniquely specify the 
full ordering; a simple example is shown in Fig. 7. For that TimeML graph, only the 
orderings among the first event and the last two events in the timeline are uniquely 
determined; namely 1− < 1+ <  2 and 3 < 4− < 4+ < 5− < 5+. On the other hand, the 
ordering between events 2 and event 3 is indeterminate. In fact, there are 13 different 
possible scenarios, as shown in Fig. 10.

As another example, consider the following two events in Example  (9): John 
worked in the morning and John ignored the text in the morning. Both events hap-
pened in the morning; however, we do not have enough information to determine the 
order of these two events. It is possible he ignored the text before he started working 
and it is possible that he ignored it while he was working. Using the DFS algorithm 
to be developed in Lemma 3.6.1, we can highlight the temporal indeterminacy as 
shown in Fig. 9.

Therefore, in general, we would like to know whether there is any indeterminacy 
between two time-points in a timeline. Specifically, for any two time-points u and v 

Fig. 10  All possible solutions for the graph shown in Fig. 7, with indeterminate orderings highlighted
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for which u < v in a given minimum normal form timeline12 output by Algorithm 2, 
is there another timeline in which u = v or v < u? As part of tlex, we have an effi-
cient subroutine to check this.

Lemma 3.6.1  Let L be the minimum normal form timeline output by Algorithm 2 in 
Step 4 of tlex, and let u and v be two time-points in L with u < v. Then there is an 
algorithm with running time O(m + n) which checks whether there is another con-
sistent timeline in which u = v or v < u.

Proof  Observe that there exists a timeline L′ in which v = u or v < u if and only if 
there is no directed path from u to v in the PA constraint graph, as otherwise, u must 
precede v in any consistent timeline. But such a fact can be checked by running the 
DFS algorithm depicted in Algorithm 1 starting from vertex u. Note that the differ-
ence between our current algorithm and Algorithm 1 is that here we only run DFS-
Visit(G, u) (instead of exhausting all vertices in the graph) and terminate once the the 
DFS tree rooted at u is completely generated. If the DFS tree does not contain v, then 
there is no such path and there are other consistent timelines in which u and v mapped 
to the same time or v precedes u. Clearly, such a check takes at most the running time 
of the DFS algorithm, which is O(m + n). � □

Note that, in the worst case that we perform such indeterminacy checking 
for all pairs of time-points, the total running time of Step 5 of tlex is at most 

n(n−1)
2 · O(m + n) = O(mn2 + n3).

3.7  End-to-end main theorem

Informally, we call a timeline the “main” timeline if it contains events and times that 
actually happen in the “world” described in the text. Because we do not currently 
have an automatic way of identifying main timelines, we will rely on information 
external to tlex to identify the main timelines. 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.

Before stating our main theorem, we need several definitions.

Definition 3.7.1  (Trunk-and-Branch Timeline) Let GT M = (VT M , ET M ) be a 
consistent TimeML graph with temporally and aspectually connected subgraphs 
{G

(1)
T M , . . . , G

(k)
T M } and corresponding timelines TL = {L1, . . . , Lk}, and let 

12 We only need to check the case that one time-point is in front of another time-point, since if these two 
time-points are mapped to the same time t in the minimum normal timeline L, then the problem has a 
trivial solution. To see this, consider the following two possibilities. First, u and v belong to the same 
“compound” time-point. This means that there is an equality constraint between them, therefore these two 
time-points must always be mapped to the same time in any consistent timeline. Second, u and v do not 
belong to the same “compound” time-point. Since they are mapped to the same time t in the minimum 
normal timeline, there does not exist any (direct or indirect) constraint between u and v. Hence we can 
construct a timeline in which u < v and another timeline in which v < u.
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TM ⊂ TL be the set of main timelines. A trunk-and-branch timeline for GT M  is a 
tuple TBT (GT M ) = ⟨GT BT , TM ⟩, where GT BT  is the graph obtained from con-
catenating13 all timelines in TL together and combined with the set of subordinat-
ing TimeML links between timelines; namely, V (GT BT ) = VT M = ∪k

i=1V (G(i)
T M ), 

E(GT BT ) =
(∪k

i=1 E(Li)
) ∪

ES , and ES  is the set of subordinating links between 
timelines.

Definition 3.7.2  (Minimum normal form trunk-and-branch timeline) Let 
TBT (GT M ) = ⟨GT BT , TM ⟩ be a trunk-and-branch timeline for a consistent 
TimeML graph GT M  with temporally connected subgraphs {G

(1)
T M , . . . , G

(k)
T M } and 

corresponding timelines TL = {L1, . . . , Lk}. We say TBT (GT M ) is a normal form 
trunk-and-branch timeline if every timeline in TL is a normal form timeline. Further-
more, we say TBT (GT M ) is the minimum normal form trunk-and-branch timeline 
if every timeline in TL is a minimum normal form timeline.

By combining the algorithms and running time analysis in Sects. 3.2, 3.3, 3.4, 3.5 and 
3.6, we finally arrive at the following end-to-end main theorem of tlex:

Theorem 3.7.1  On an input of TimeML graph GTM = (VTM , ETM ), with tempo-
rally connected subgraphs {G(1)

TM , . . . , G(k)
TM}. Let VM ⊂ VTM  be a subset of events 

or times which are identified as on “main timelines”. Then tlex produces one of the 
two following outputs:

	● if all {G
(i)
T M }i∈[k] are consistent, tlex outputs 

1.	 the minimum normal-form trunk-and-branch timeline 
TBT (GT M ) = ⟨GT BT , TM ⟩ for GT M , and every i ∈ [k] such that 
V (Li) ∩ VM ̸= ∅ is identified as a main timeline; and

2.	 a list of indeterminacy tables {ID1, . . . , IDk} such that table IDi stores 
whether there is indeterminacy between each pair of time-points in timeline 
Li.

	● If some G(i)
T M  is inconsistent, tlex outputs a Maximal List of Inconsistent Cycles 

(MLIC) for each inconsistent temporally connected subgraph.

Moreover, the running time of tlex is at most O(n2 m + n3 ), where n is the num-
ber of events or time expressions and m is the number of TimeML links in the input 
TimeML graph.

13 The concatenation of two normal form timelines L1 and L2, of graph G1 = (V1, E1) and 
G2 = (V2, E2) respectively, is defined in a natural way as follows. Suppose, without loss of gener-
ality, that timeline L1 precedes timeline L2, and the length of L1 is ℓ. Then the concatenated time-
line between L1 and L2, denoted L = L1 ◦ L2 with L : V1(G1) ∪ V2(G2) → N, is defined to 
be L(v) = L1(v) if v ∈ V1(G1) and L(v) = ℓ + L2(v) if v ∈ V2(G2). More generally, if 
L1, L2, . . . , Lk  is a sequence of normal form timelines arranged in temporally-increasing order, then 
their concatenation is defined to be L = L1 ◦ L2 ◦ · · · ◦ Lk .
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4  Experimental evaluation

We now discuss our experimental evaluations and show that tlex performs as 
expected on real data. We evaluated tlex on the four corpora described previously 
in Table 2. As described in Sect. 3.4, we ran Consistency Checking 14 across all 
inconsistent texts and manually corrected those TimeML graphs with reference to the 
original text. To emphasize the importance of alinks, we performed inconsistency 
detection on TimeML graphs with and without alinks. Table 3 shows the number of 
inconsistent files in corpora. Without alinks, tlex determined that 30 texts across 
the four corpora had inconsistent TimeML graphs. Importantly, these inconsisten-
cies are exactly the same 30 as those found by Derczynski and Gaizauskas (2010), 
which checks the consistency of the TimeML graphs by transforming them into PA 
graphs and applying their closure algorithm. But more importantly, the number of 
inconsistent texts increases significantly when alinks are included. To correct these 
inconsistencies, we removed self-loops automatically and manually corrected larger 
cycles. All manual corrections were by reference to the original texts. We produced 
fully consistent TimeML graphs for all 385 texts. In some cases, we corrected incon-
sistencies by removing an incorrect link in the original TimeML graph; in other cases 
by changing an incorrectly labeled link. The details of the corrections to TimeBank 
are reported elsewhere (Ocal et al., 2022).

After correction, we extracted the minimum normal form timeline for each text 
using the tlex TimelineGeneration step and identified their indeterminate sections 
using tlex Indeterminacy Detection. Table 4 shows statistics on the length of the 

14 Experimental evaluation showed that the inconsistency detection algorithm successfully detected all 
inconsistencies. In other work we used the detected inconsistencies to manually correct TimeBank, a sub-
set of the corrections provided in this paper (Ocal et al., 2022).

Table 4  Details of the timelines extracted from the four corpora
Corpus Length of main 

timeline
No. of subordinated branches/
text

No. of indeterminate 
sections/text

Min Avg. Max Min Avg. Max Min Avg. Max
TimeBank 4 8.1 18 1 16.0 142 0 5.3 11
N2 Corpus 6 24.7 72 1 19.3 106 0 10.2 21
ProppLearner 128 180.5 290 33 82.7 134 0 28.8 63
MEANTIME 4 7.3 13 0 2.0 7 0 3.8 7
Total 4 17.5 290 0 14.8 142 0 6.6 63

Corpus Total files Inconsistent files Inconsistent files
(tlinks only) (tlinks & alinks)

Timebank 183 30 65
N2 Corpus 67 10 11
ProppLearner 15 9 11
MEANTIME 120 36 36a

Total 385 85 123

Table 3  Details of the inconsis-
tencies of the four corpora

aThe MEANTIME corpus does 
not have alinks
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minimum main timelines (i.e., the number of time steps in the minimum solution), 
the number of subordinated timelines, and the number of indeterminate sections.

Our experiments took less than a minute for the entire 385 TimeML annotated files 
from four corpora on a current, standard consumer laptop (2.4 GHz 4-core Intel i7 
3630QM with 8 GB of RAM).

4.1  Sampling evaluation

As we do not have gold-standard annotated timelines against which to compare, we 
cannot directly compute recall, precision, or F1 for the output of tlex. Therefore we 
performed a sampling evaluation to check the extracted timelines, where we selected 
aspects of timelines at random to check against the original texts. We used Simple 
Random Sampling (SRS) (Saunders et al., 2009, p. 222) wherein every member of a 
population has an equally likely chance of being selected. In SRS, we check the cor-
rectness of a specific feature of a set of n members randomly selected from a popula-
tion 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:

	
n = n0

1 + n0−1
N

where n0 = Z2

4c2

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

Evaluation experiments were performed by the first author and an independent 
annotator that we hired. Both the annotator and the first author performed SRS sepa-
rately, and we calculated the inter-annotator agreement (IAA) score based on their 
results. We evaluated our extracted timelines via simple random sampling, checking 
five features: (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 connecting point of subordinated timelines, and (5) whether indeterminate 
sections are truly indeterminate with respect to the underlying TimeML graph.

4.2  Time-point ordering

Time-point ordering was the first feature we evaluated. We randomly picked neigh-
boring 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 we examined a pair of neighboring points labeled A+ and B−, we exam-
ined the paths in the TimeML graph between A and B to determine if this ordering 
was correct. Using SRS, we 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. Both the independent annotator and the first author 
evaluated the correctness of the ordering, and found each pair to be correctly ordered 
with respect to the original text (IAA kappa score κ = 1). Since the confidence inter-
val is 2%, this results in an estimated accuracy of 98–100% with 95% confidence. 
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Unlike prior approaches, tlex achieves a perfect ordering accuracy, modulo sam-
pling error and correctness of the TimeML graph, using all relation types.

4.3  Number of main timelines

Identification of the main timelines requires identification of at least one event or 
time on each main timeline, which is a laborious process. We approximated this iden-
tification, therefore, by identifying as main timelines all timelines that did not have 
incoming subordination links from another timeline in the trunk-and-branch timeline.

With this identification in hand, we assessed whether multiple main timelines 
actually corresponded to temporally disjoint and otherwise unrelatable graphs. In 
texts with multiple main timelines, we define the breaking pair between two time-
lines as the pair of events, times, or an event and time, one from each timeline, which 
are closest in the text measured by number of intervening words. Because the popula-
tion size (1,241) was not substantially larger than the sample size (818), we manu-
ally checked all breaking pairs in our extracted timelines, and whether they actually 
indicated disjoint timelines. Both the annotator and the first author observed that all 
of the breaking pairs corresponded with true disjoint breaks between timelines in the 
texts (IAA kappa score κ = 1).

For some cases, we observed that sometimes a text had multiple timelines which 
were disjoint, 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 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 text, meaning the TimeML annotation was incorrect. We 
observed this situation for 181 texts, which is another dimension along which the 
TimeML annotations for these corpora might be improved. In our other work, we 
investigated the disconnectivity in TimeML graphs and showed that these discon-
nectivities mainly occur by a missing link between two subgraphs due to a manual 
annotation error (Ocal et al., 2022). We corrected these erroneous disconnections in 
other work (Ocal et al., 2022).

4.4  Time-point placement

We evaluated whether time-points were correctly placed on main versus subordi-
nated timelines, using our approximation for main timelines as indicated previously. 
The first author and the annotator checked to see if a time-point placed on a subor-
dinate timeline did not occur in the “real world” described in the text. 11,474 time-
points were on subordinated timelines, and we sampled 1,986 time-points across the 
corpora, again in proportion to their number in each corpus. Again, all samples were 
correct (IAA kappa score κ = 1), giving an estimated accuracy of 98–100% with 
95% confidence.
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4.5  Subordinated connecting points

We checked to confirm that subordinated timelines were connected to the correct 
time-points on the identified main timelines. There are 5,701 subordinated timelines 
in our data, and every one was connected to a main timeline with at least one subor-
dinating link. The first author and the annotator checked 1,690 connections, observ-
ing that every connection was correctly placed (IAA kappa score κ = 1), giving an 
estimated accuracy of 98–100% with 95% confidence.

4.6  Indeterminate sections

Finally, the first author and the annotator checked whether indeterminate sections 
were truly indeterminate with respect to the TimeML graph. There are 2,541 indeter-
minate sections, comprising 11,688 pairs of time-points. We randomly selected 1,992 
time-point pairs from the indeterminate sections. In all cases the pairs were truly 
indeterminate (IAA kappa score κ = 1), meaning an estimated accuracy of 98–100% 
with a 95% confidence.

Our evaluation demonstrates that tlex successfully detects inconsistencies across 
tlink and alink relations, providing a broader coverage than prior methods that 
focused solely on tlink consistency. Moreover, the identification of indeterminate 
sections adds a new layer of interpretability to extracted timelines, making it pos-
sible to distinguish between fully ordered sequences and ambiguous event structures. 
These features make tlex a more comprehensive tool for analyzing temporal struc-
tures in narrative texts.

5  Future work

Our work naturally suggests several interesting directions of future research.
Our investigation showed that manually annotated TimeML texts often contain 

errors that result in temporal inconsistencies; 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 that automatically suggest corrections to 
the maximal list of inconsistent cycles identified in the Consistency Checking step. 
Both rule-based and supervised machine learning-based approaches could be devel-
oped to address this problem.

Finally, it is interesting to investigate the performance of tlex on automatically 
generated TimeML graphs. Indeed, tlex may be applied in this way to measure the 
quality of the timelines extracted, which provides a good indication of how useful 
automatic TimeML extraction is in practice.
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6  Contributions

In this work, we developed tlex (TimeLine EXtraction), an exact, end-to-end solu-
tion which extracts timelines from TimeML annotated texts. The novel features of 
tlex include identifying specific relations that are involved in an inconsistency 
(which can then be manually corrected) and determining sections of the timelines 
that have indeterminate order, which is critical for downstream tasks such as aligning 
events from different timelines. We provide efficient algorithms which implement 
the tasks within tlex and conduct experimental evaluations by applying tlex to 385 
TimeML annotated texts from four corpora. We provide a reference implementation 
of tlex, the extracted timelines for all texts, and the manual corrections to the tem-
poral graphs of the inconsistent texts.
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