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Abstract

For the last two decades, the focus on process mining has been increasing significantly. One of
the fundamental subjects of process mining is process modeling. There are majorly two types
of process modeling notations: the imperative type and the declarative type. Log skeleton is
a newly defined declarative modeling notation which has shown its much better performance
than those of the imperative approaches in process discovery and classification tasks of the
recent Process Discovery Contests. However, the log skeletons appeared to have a relatively
poor understandability in comparison with the latter.

Therefore, in this thesis we present a conversion from a log skeleton to an imperative
model, aiming to combine the strengths of both. An evolutionary approach, i.e., Evolution-
ary Tree Miner (ETM) [5], is employed by us with three novel quality metrics that evaluate
the alignment between a log skeleton and a process tree. We name this evolutionary conver-
sion Evolutionary Tree Miner for discovering a process from a log skeleton (ETMdls). This,
together with its evaluation alone, is supported with an implementation on the process mining
toolkit ProM and an assessment experiment.

Keywords: Log skeletons; Process trees; Evolutionary Tree Miner; Process model con-
version; Declarative modeling
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Chapter 1

Introduction

Process mining is a growing domain that provides techniques and tools to discover, monitor
and improve the business processes in an organization, based on historical event data that has
been recorded by its information system [2, 3]. Nowadays process mining is applied in many
areas such as banking, telecommunications, and health care that heavily employ information
systems to support the execution of their business processes. It is also a very exciting field
for researchers as it sits between data mining on the one hand, and business process modeling
and analysis on the other hand.

In all perspectives of process mining, the concept of process models is fundamental. A
process model in an organization defines the business process and determines the way by which
the cases (i.e. process instances) are handled [2, 3, 5]. A mature process model serves for all
stakeholders with respect to the process, such as the process execution engine, the process
researchers, the business process managers, and even the resources (i.e. staff and devices)
that work on the process. Based on event data recorded from the process executions, many
process discovery algorithms can facilitate the construction of a process model. Examples
of existing process discovery algorithms are the α-algorithm [1], the Genetic Miner [14], the
Heuristic Miner [22], the ILP Miner [23], the Inductive Miner [13], and the Evolutionary
Tree Miner (ETM) [5, 7].

Despite that each aforementioned process discovery algorithm has its own superiority and
preferable application context, all of these algorithms generate a process model in imperative
modeling languages (e.g. BPMN, EPCs, Causal Nets, and Petri nets). The advantage of those
imperative process modeling notations is that they define a process strictly by specifying the
step-by-step workflow during the execution. Obtained process models from those approaches
are highly structured as most decisions concerning the execution have been already determined
during the process modeling phase. As a result, the process model often can be visualized
in an intuitive manner. Even a reader with minor process mining background can catch the
general idea of such models quickly.

The considerable strength of imperative modeling comes with its fair share of downsides:
the variability of such an imperative approach is inferior. An imperative model is rigid, and
it assumes that any behavior is forbidden unless stated otherwise. If an event log reflects
a process with high changeability, e.g., clinical procedures in a hospital, the process model
discovered by any of above-mentioned algorithms becomes very complex in order to sufficiently
describe the process behaviors. Nonetheless, such a discovered model most likely still does not
fully represent the underlying process if the event log does not contain all possible behaviors

Discovering Process Models from Log Skeletons Using an Evolutionary Approach 1



CHAPTER 1. INTRODUCTION

allowed by the process, which unfortunately is often the case in reality.

In order to efficiently discover behavioral patterns in a process to which variability and
flexibility is vital, researchers have been developing a declarative approach with declarative
modeling languages [16, 17, 18, 21]. Contrary to an imperative approach, everything is allowed
in a declarative model unless stated otherwise [18]. For example, when applied to a discovery
of a clinical process, by extracting only behavioral constraints possessed in the process (which
can be regulations and policies), operation flexibility of each medical staff is released to its
full extent. In this way, the discovered process model can hold a high degree of generalization
while the precision is still guaranteed.

One of the declarative modeling languages is the log skeletons. It is a relatively new de-
clarative approach formally introduced in [21]. Apart from its inborn fundamental declarative
properties, it also shows its stunning performance in process discovery and classification tasks
of PDC 20161 and PDC 20172, where it scored as high as 195/2003 and 194/200 respectively.
These results are considerably better than those of the imperative models participated in the
contests, for example, the Inductive miner, which scored only (approximately) 147/200 in
PDC 2017.

In spite of the fact that log skeletons demonstrated the best classification results in PDC,
the contest jury appeared to still appreciate imperative models much better than declarative
models (the log skeletons) due to the model understandability. For that reason, we are
motivated to combine the strengths of both:

• the powerful classification of the Log skeletons

• the strong understandability of the imperative models

by adding a conversion from the former to the latter. As an extra bonus by doing this, the
log skeletons are able to also access the broad application of the the imperative models, given
that imperative modeling languages such as BPMN diagrams and Petri nets can be used to
serve for a completed life cycle of process mining analysis (i.e., discovery, conformance, and
enhancement).

The major obstacle for achieving the goal is that constructing any of the imperative
models from a declarative model in a structured manner from scratch seems to be extremely
complicated, not to mention to do so from a log skeleton. Therefore, we consider adopting an
evolutionary approach to discover an imperative model from a log skeleton. Fortunately, there
already exists a similar evolutionary approach which discovers process trees from event logs:
the ETMd algorithm. The produced process trees, which themselves are a type of imperative
model, can be easily transformed into other popular imperative modeling languages, such as
BPMN diagrams and Petri Nets. Hence, in this thesis, we aim to adapt the existing ETMd
in such a way that it will take a log skeleton as input instead of an event log.

We introduce a novel evaluation mechanism that measures the alignment between a log
skeleton and a process tree, which essentially requires extracting declarative relations (that
used in log skeletons) between activities in process trees. We construct our new quality
metrics into the ETMd, forming the extended ETMd algorithm that satisfies our need. We
name the new algorithm ETMdls which stands for Evolutionary Tree Miner for discovering
a process from a log skeleton.

1Process Discovery Contest 2016 http://www.win.tue.nl/ieeetfpm/doku.php?id=shared:edition_2016
2Process Discovery Contest 2017 http://www.win.tue.nl/ieeetfpm/doku.php?id=shared:process_discovery_contest
3Correctly classify 195 out of 200 traces.
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CHAPTER 1. INTRODUCTION

The the ETMdls algorithm and the alignment checking alone are implemented as a cluster
of plug-ins for the process mining framework ProM that can be obtained from www.promtools.org.
Further, an assessment is conducted on our implementation by performing the ETMdls plug-
in in ProM on 20 log skeletons that were participated in PDC 2016 and PDC 2017. The
results suggest that the ETMdls algorithm has a fairly good performance, especially when it
needs to convert a log skeleton with recurrent activities.

This thesis is structured as follows: Chapter 2 provides explanations regarding the log
skeletons, the process trees, and the other preliminary notions that are used throughout this
thesis. Then Chapter 3 briefly describes the framework of genetic algorithms and that of the
ETMd algorithm, followed by an introduction of the ETMdls algorithm and the difference
between the ETMdls to the former. In Chapter 4, the concepts of execution certainty and
execution counting are introduced, leading the formal definition of the alignment evaluation
between a log skeleton and a process tree. An example application of the alignment checking is
illustrated in the end of the chapter. Next, Chapter 5 explains the use and the implementation
of the proposed alignment evaluation and the ETMdls algorithm. In Chapter 6, the results
of an assessing experiment on the implementation are presented and discussed. Furthermore,
this chapter also discusses the effectiveness of the ETMdls algorithm on the input models
which have different behavioral characteristics, and the fitness replay on the resulting process
trees. In the end, Chapter 7 concludes the thesis.

Discovering Process Models from Log Skeletons Using an Evolutionary Approach 3
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Chapter 2

Preliminaries

In this chapter, We explain the preliminary notions used throughout this thesis. In section 2.1
we first describe event logs and extended logs. Then in section 2.2, we interpret the concept
of log skeleton. Following that the notation of process tree is explained in section 2.3.

2.1 Event Logs

An event log stores the execution history of a single process. Multiple process instances (i.e.,
cases) may exist in an event log in which every event is associated with a process instance. An
event entry contains information with respect to, for example, its identifier, to which activity
name it is engaged, and to which case it refers. In addition, an event entry may also contain
attributes such as timestamp, resource usage, and cost. Chronologically, the sequence of
events that is recorded for a process instance is referred to as a trace. It is important to note
that an activity can be executed more than one time for the same process instance, resulting
in different events relating to the same activity in the case [3].

Formally, we define the concept of sequence, multisets, activity universe, trace and event
log as follows:

Definition 1 (Sequence). A sequence ρ can be denoted by listing its elements between angled
brackets, i.e., ρ “ xρ1, . . . , ρny where ρi represents the i-th element of the sequence and |ρ|
denotes the length of the sequence. x y refers to the empty sequence. Let S be a set. S˚ denotes
the set of all possible sequences from elements of the set S.

Definition 2 (Multisets). Let S be a set, a multiset M over S is a partial function M : S 9
Ně1. BpSq denotes the set of all multisets over S. We write e.g., M “ ta, b2u for a multiset
M over S where a, b P S,Mpaq “ 1 and Mpbq “ 2. Each of the Mp.q values means multiplicity
of the corresponding element.

Definition 3 (Activity Universe, Trace, Event log). Let A denote the activity universe. Let
A Ď A be a set of activities. A trace σ P A˚ is a sequence of activities. L P BpA˚q is an event
log, i.e., a multiset of traces.

For simplicity, in this thesis we adopt a rather abstract description of event logs, that
is, each process instance is interpreted by only activity names to which its events refer and
the chronological sequence among the activities, regardless other associated data elements as
mentioned; the activity names, furthermore, are abbreviated to single letters. Table 2.1 shows

Discovering Process Models from Log Skeletons Using an Evolutionary Approach 5
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Table 2.1: Example event log L1 in tabular form.

Trace Frequency

σ1 “ xa, b, ey 26
σ2 “ xa, d, c, ey 17
σ3 “ xa, c, d, ey 10
σ4 “ xa, b, e, f, ey 10
σ5 “ xa, d, c, e, f, ey 7
σ6 “ xa, c, d, e, f, ey 7
σ7 “ xa, b, e, f, e, f, e, f, ey 7
σ8 “ xa, b, e, f, e, f, ey 5
σ8 “ xa, d, c, e, f, e, f, ey 5
σ10 “ xa, b, e, f, e, f, e, f, e, fy 3
σ11 “ xa, c, d, e, f, e, f, ey 3

an example event log L1 in its abstract description. L1 consists of 512 events describing 100
process instances that follows 11 unique execution traces.

We also introduce the concept of an extended log [21] that serves for the definition of log
skeletons. Essentially, an extended log is an extension of its dependent event log, making the
latter more descriptive for the underlying process behaviors. It consists of extended traces
that add an artificial start activity and an artificial end activity into each trace of its relating
event log. The two artificial start and end activities together with all the activities originally
included in the event log form the extended set of activities of the event log. An activity in
the extended set of activities is called an extended activity. We formalize the definition of
extended log and its affiliates as follows:

Definition 4 (Artificial Start and End Activity, Extended Activity). We use the artificial
activity α to denote the start of a trace, and the artificial activity ω to denote the end of a
trace. Let A P A be a set of activities such that α, ω R A. A “ AYtα, ωu denotes the extended
set of activities. Let L be an event log over A. Then the activity a P A is an extended activity
of L.

Definition 5 (Extended Trace, Extended Log). Let σ “ xa, . . . , a1y be a trace over a set of
activities A P A such that α, ω R A. Then σ “ xα, a, . . . , a1, ωy is the extended trace of σ. Let
L be an event log over activity set A1 P A. Then L “ tσLpσq|σ P Lu is the extended log of L.

As examples, transforming the trace σ1 in our example event log L1 in Table 2.1 to be
an extended trace results in σ1 “ xα, a, b, e, ωy; the extended activities of event log L1 are
tα, a, b, c, d, e, f, ωu.

2.2 Log Skeletons

Log skeletons are a type of newly defined constraint-based language proposed in [21]. They
contain information on the structure in the event log using five types of relations and four
types of counters. As a form of declarative approach, log skeletons are closely related to
Declare constraint models. As such, a number of relations and counters in log skeletons can
also be found as constraints in Declare [16] [17] [21] . The main feature of log skeletons is
that they have shown to automatically classify very well in the Process Discovery Contest
(PDC) of 2016 and 2017 . Where, for example, the best fully automated imperative approach
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scored 153{200 (i.e., classify 153 out of 200 traces correctly) in PDC 2017, log skeletons scored
194{200.

Similar to Declare, log skeletons consist of a graphical visualization and a formal back-
end definition. Although we mainly consider its back-end (particularly three of the relations)
when conducting this thesis, for a better understanding on log skeletons we introduce the
both perspectives of log skeleton in a similar way as in [21]. Nonetheless, we present the
definitions in a more abstract manner for brevity, with the back-end definition at first followed
by corresponding graphical visualization. The classification check for log skeletons is beyond
this thesis so it is not included here. Interested reader please kindly refer to [21].

Definition 6 (Log Skeleton). The log skeleton of an event log L over some set of activities
A P A is denoted by SpLq and is defined as the composition of nine relations and counters,
i.e., (Req

L , Raa
L , Rab

L , Rnt
L , Rdf

L , Cdf
L , Csum

L , Cmin
L , Cmax

L ), in the range of L, where:

• Req
L denotes the equivalence relation such that

pa, bq P Req
L

if and only if activity a P A and activity b P A occur equally often in every extended
trace σ P L.

• Raa
L denotes the transitive and non-reflexive always-after relation such that

pa, bq P Raa
L

if and only if, in every extended trace σ P L, after n occurrences of activity a P A (where
n ě 1) activity b P A always occurs.

• Rab
L denotes the transitive and non-reflexive always-before relation such that

pa, bq P Rab
L

if and only if, in every extended trace σ P L, before n occurrences of activity b P A
(where n ě 1) activity a P A always occurs.

• Rnt
L denotes the symmetric never-together relation such that

pa, bq P Rnt
L

if and only if activity a P A and activity b P A do not occur together in any extended
trace σ P L.

• Rdf
L denotes the directly-follows relation such that

pa, bq P Rdf
L

if and only if an occurrence of activity a P A is directly followed by an occurrence of
activity b P A in some extended trace σ P L.

• Cdf
L is a directly-follows counter such that it returns for every pair of extended activities

how often the first activity is directly followed by the second activity in L.

• Csum
L is a sum counter such that it returns for every extended activity how often this

activity occurs in L.
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• Cmin
L is a min counter such that it returns for every extended activity the minimal

number of occurrences of this activity in any extended trace σ P L.

• Cmax
L is a max counter such that it returns for every extended activity the maximal

number of occurrences of this activity in any extended trace σ P L.

Figure 2.1: The full graph of log skeleton SpL1q.

(a) always-after (b) always-before

(c) equivalence (d) directly-follows

(e) never-together

Figure 2.2: Example log skeleton constraints regarding respective types.

In graphical front-end, a log skeleton is visualized as a composition of nodes and edges,
where nodes refer to the extended set of activities and edges correspond to the relations.
Figure 2.1 shows the graphical representation of the log skeleton on event log L1 with full
constraints. As can be seen, every node consists of two components: the upper part of the
node indicates the activity name, say a (α is denoted by |ą and ω is denoted by [ ]); the
bottom part of the node contains information, from left to right:

• the lexicographically smallest equivalent activity to a

• Csum
L paq, i.e., the number of times a occurs in the extended log.

• Cmin
L paq..Cmax

L paq, i.e., the interval with the minimal and maximal numbers of times the
activity has occurred in any extended trace. If Cmin

L paq “ Cmax
L paq, then only Cmin

L paq
is shown.
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The color of the nodes also indicates the equivalence class, that is, the activities share
identical color gradient are in the the same equivalence class, meaning that the activities have
the same smallest equivalent activity.

Various edges between nodes indicates one or more constraints the two relating activities
of the nodes concern. In some cases an edge can connect two identical nodes, in other words,
a node may have constraints related to itself. The always-after constraint is visualized by an
arrow with the open box at the tail, as shown in Figure 2.2a where indicates pα, aq P Raa

L1
.

In contrary to this, the always-before constraint is visually expressed by an arrow with the
open box at the head, as present in Figure 2.2b where takes pα, aq P Rab

L1
for example. Figure

2.2c shows equivalence relation between activity α and activity a. Note that equivalence has
nothing to do with arc and box in graphical representation. The fact that in our example both
nodes of α and a have the identical smallest equivalent activity in their bottom left corner
explicitly tells us that these two activities are equivalent. Furthermore, equivalence does not
necessarily guarantee always-after (or always-before) and vice versa. Alongside, Figure 2.2d
illustrates the visualization of pα, aq P Rdf

L1
in which the directly-follows constraint is visualized

by an open dot on the tail of the edge. Unlike the others, the never-together constraint is
graphically expressed by a black square on each end of the edge. An example of this is shown
in Figure 2.2e where pb, cq P Rnt

L1
and pb, dq P Rnt

L1
. Note that a log skeleton graph can be

visualized with only one or more types of relations selected by user, in which approach the
graph may provide more compact and valuable information.

2.3 Process Trees

As described in introduction, we employ process trees as an internal imperative process model
notation to capture the invisible control-flow information from a log skeleton and based on
which we construct a imperative model that is a Petri net or a BPMN diagram. Therefore,
the concept of process trees is crucial to this thesis.

Process trees are block-structured modeling notation which benefits itself to be inherently
sound. In the underlying control-flow of a process tree, every split has a corresponding join,
meanwhile no dependencies nor path incoming and outgoing in between the join and split
is allowed. This property advantages process trees for evolutionary approach as the search
space of a process tree does not include unsound process models and is thus smaller than
that of graph-based process modeling notation [5]. Furthermore, interpreting and modifying
the structure of a process tree is straightforward, which supports easy reasoning during the
process of the evolutionary algorithm.

Ñ

a ˆ

b ^

c d

	

e f τ

(a) Example Process Tree (b) BPMN translation

Figure 2.3: Example process tree and its PBPMN translation
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Figure 2.3a shows an example process tree in its graphical visualization. This process tree
is able to generate identical traces with those in the event log L1. The inner nodes of the
process tree are the operators; the leaf nodes represents activities. The process trees in this
thesis involve four types of operators that are all illustrated in Figure 2.3a: sequence operator
denoted by Ñ , exclusive-choice operator denoted by ˆ, parallelism operator denoted by ^,
and loop operator denoted by 	 . The activities are denoted by letters in process trees.
Specially, a silent activity is denoted by τ which cannot be observed during execution. One
root node is always provided by a process tree. The BPMN translation of the example process
tree can be seen alongside in Figure 2.3b.

A process tree can also be represented textually. For example, the graph in Figure 2.3a
describes the same process tree as:

Ñ pa,ˆpb,^pc, dqq, 	 pe, f, τqq

In textual expression, a process tree node, say ν, is denoted in the form of mpνqpν1, . . . , νnq
if ν is an operator, or simply mpνq if the ν is a leaf node, where mpνq indicates to which activity
or operator the node ν refers, and pν1, . . . , νnq represents the child nodes of ν in the same
order from left to right on the graphical representation, with brackets aside and commas in
between.

We formalize the process trees used in this thesis in a similar way as in [5].

Definition 7 (Process Tree). Let A P A be a set of activities. Let τ R A be the silent activity.
Let O “ tÑ , ˆ, ^, 	 u be the set of operator types. A process tree, denoted by T , is a tuple
such that T “ pN, r,m, cq, where:

• N is the non-empty set of nodes in the process tree, which consists of two sets: NL for the
leaf nodes and NO for the operator nodes, such that NL YNO “ N and NL XNO “ H.

• r P N is the root node.

• m PNÑ AYOYtτu is a mapping function that maps each node to an operator or an
activity:

mpνq “

#

a P AY tτu if ν P NL

o P O if ν P NO

• c P N Ñ N˚ is the child-relation function that preserves all existing children of a node
ν P N in a sequence such that,

|cpνq| “

$

’

&

’

%

0 if ν P NL

3 if ν P t	 u

n P Ně1 if ν P tÑ , ˆ, ^u

• d is a derived descendant function that provides all descending nodes of a node, that is,

dpνq “ tνu Y
ď

ν1Pcpνq

dpν 1q

• A tree cannot contain loops, that is, @ν P N ^ ν ‰ r : D!p P NO : ν P cppq ^ p R dpνq.
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In a process tree, each operator may have one or more child nodes with the exception of
	 -operators which have exactly three children. A leaf node does not have any child node.
Descendant function returns the set containing all nodes in the block of some node ν P N
where we also refer to as the ν-block. In addition, we refer to the child blocks of ν specifically
as the collection of ν1-block, ν2-block, . . ., and νn-block where cpνq “ xν1, ν2, . . . , νny. For
instance, the child blocks of node ˆpb,^pc, dqq are the b -block and the ^pc, dq-block (abbr.,
the ^-block).

Furthermore, note that it is always possible that the mapping function m maps multiple
nodes to the same activity or operator in a process tree. In other words, the same activity
may occur more than one time in a process tree; so does the same operator. For example,
process tree ^pa, a, aq demonstrates a parallel composition of three a activities; process tree
Ñpa, Ñpa, aqq models a sequence starts with activity a that is followed by a sequence of two
a activities. These two process trees are practically equivalent to Ñpa, a, aq, i.e., a sequence
of three a activities. Each of the three process trees has only one executable trace xa, a, ay.

Inductively interpret Definition 7. We can also conclude that: given an activity a P AYtτu,
the activity itself is a process tree T “ a; given n process trees T1, T2, . . . , Tn where n ě 2, for
an operator o P tÑ , ˆ, ^u, T “ o pT1, T2, . . . , Tnq is a process tree; given three process trees
T1, T2, T3, T “	 pT1, T2, T3q is also a process tree. That is to say, every block in a process
tree is again a process tree itself.

Next we formalize the semantics of process trees. To achieve this, we first define two
operations, i.e., concatenation (¨) and shuffle (˛), that are introduced from [3].

Let A P A be some set of activities. Concatenation of an activity a P A and a sequence
ρ P A˚ is denoted a ¨ ρ. Concatenation of two sequences ρ P A˚ and ρ1 P A˚ is represented by
ρ ¨ ρ1. Further, we generalize concatenation to sets of sequences. Let S1, S2, . . . , Sn be sets of
sequences over A. S1 ¨S2 “ tρ1 ¨ρ2 |ρ1 P S1^ρ2 P S2u. For instance, txay, xb, cyu¨txdy, xe, fyu “
txa, dy, xa, e, fy, xb, c, dy, xb, c, e, fyu. Typically, we use

Ä

1ďiďn Si “ S1 ¨ S2 ¨ ¨ ¨Sn to denote
concatenating an ordered collection of sets of sequences.

The shuffle operation can be used between two sequences, that is, ρ1˛ρ2, where ρ1, ρ2 P A
˚.

This generates the set of all interleaved sequences of the two. For instance, xa, by˛xc, dy “ txa,
b, c, dy, xa, c, b, dy, xa, c, d, by, xc, d, a, by, xc, a, d, by, xc, a, b, dyu. Note that the
elements’ ordering in the both original sequences is preserved, i.e, a always occurs before b,
and c cannot appear after d. The shuffle operation can also be generalized to sets of sequences.
S1 ˛ S2 “ tρ P ρ1 ˛ ρ2 | ρ1 P S1 ^ ρ2 P S2u. Furthermore, the shuffle operator is commutative
and associative, that is, S1 ˛ S2 “ S2 ˛ S1 and S1 ˛ S2 ˛ S3 “ pS1 ˛ S2q ˛ S3 “ S1 ˛ pS2 ˛ S3q.
Typically, we use 31ďiďn Si “ S1 ˛ ¨ ¨ ¨ ˛ Sn to represent interleaving n sets of sequences.

Definition 8 (Process Tree Language). Let A P A be an activity set. Let T “ pN, r,m, cq be
a process tree over A. The language of T, i.e., LpT q Ď A˚, is defined as the language of the
root node, i.e., Lprq. The language of a node ν in T is defined as:

• if mpνq “ τ, Lpνq “ tx yu;

• if mpνq “ a P A, Lpνq “ txayu;

• if mpνq “ Ñ , Lpνq “ LpÑ cpνqq “
Ä

1ďiď|cpνq| Lpνiq;

• if mpνq “ ˆ, Lpνq “ Lpˆcpνqq “
Ť

1ďiď|cpνq| Lpνiq;

• if mpνq “ ^, Lpνq “ Lp^ cpνqq “31ďiď|cpνq| Lpνiq;
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• if mpνq “ 	 , Lpνq “ Lp	 cpνqq “ tρ1 ¨ ρ2 ¨ ρ3 P A
˚| ρ1 P Lpν1q ^ ρ3 P Lpν3q ^ ρ2 P

fpν2, ν1qu with f : N ˆN Ñ A˚ : fpν2, ν1q “ tρ | ρ “ x y_ pρ “ ρ4 ¨ ρ5 ¨ ρ6 P A
˚ ^ ρ4 P

Lpν2q ^ ρ5 P Lpν1q ^ ρ6 P fpν2, ν1qqu.

Again take Figure 2.3a as an example. The language of node ^pc, dq is txc, dy, xd, cyu,
and then the language of ˆpb,^pc, dqq is txby, xc, dy, xd, cyu. The language of 	 pe, f, τq is
txey, xe, f, ey, xe, f, e, f, ey, . . .u1 that is infinite. Particularly, the three child blocks of an 	 -
operator can be seen as the do-, redo-, and exit-block respectively according to Definition 8.
Furthermore, the language of the entire process tree is txa, b, ey, xa, c, d, ey, xa, d, c, ey, xa,
b, e, f, ey, xa, c, d, e, f, ey, xa, d, c, e, f, ey, xa, b, e, f, e, f, ey, xa, c, d, e, f, e, f, ey, xa, d,
c, e, f, e, f, ey, . . .u which is also infinite due to the loop block it contains.

1Formally, this would be txe, τy, xe, f, e, τy, xe, f, e, f, e, τy, . . .u, but for sake of convenience (as τ is silent
and cannot be observed) we drop the occurrences of τ -s
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Chapter 3

Conversion Framework

In this chapter we aim to briefly explain the ETM framework. By doing so we are able to
have a general understanding of how this evolutionary process mining algorithm works, before
we dig deep into modifying its evaluation phase specifically in the next chapter. We begin
with introducing the background of genetic programming algorithms, as ETM can be seen as
an application of one of them. After that we interpret the life cycle of the ETM framework.
The last part of this chapter describes the ETM application variation, namely, the ETMdls
algorithm that we adopt for our case.

3.1 Genetic algorithms

A genetic algorithm (GA for short) is a metaheuristic that was inspired by the process of
natural selection that belongs to the larger class of evolutionary algorithms (EA). Similar to
the Darwin’s theory of evolution [9], the general idea of genetic algorithms is survival of the
fittest in a given context. They are commonly used to compute solutions to optimization and
search problems[wiki] by relying on bio-inspired operators in an unstructured manner [15].
In other words, no structured approach for solving the demanding problems is needed which
provides substantial flexibility to the type of algorithms. Due to this feature, it is also worth
noting that each launch of a genetic programming algorithm on a same problem with the
same input data may produce a dissimilar result from all the other launches. The “better”
solution is only in comparison to other solutions [11, 15].

Figure 3.1 presents the overall flow of the GA framework. As can be seen from the graph,
the very first step of an genetic algorithm is generating the original generation. Since the
main goal of this step is to initialize the evolutionary life cycle, the quality of those initial
population is unimportant. What should be concerned in this phase, however, is the diversity
of the population. Theoretically, by executing the initial creation algorithms infinitely the
entire search space should be covered.

On the next stage, each candidate in the population is evaluated. Based on the results
from the evaluation the population is sorted from the one with the highest fitness to the one
with the less. After that the evolutionary framework checks if the entire genetic algorithm
should be terminated. The decision is made based on criteria such as: whether the fixed
number of generation is reached; whether the quality of the best candidate hits above a given
minimum value; whether the quality of the best candidate does not improve significantly any
more. If the answer is no to all those criteria, the genetic algorithm continues. A collection
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Figure 3.1: The overall framework for genetic algorithms.

of the best candidates are then selected to be as the elites. These elites are temporarily
saved aside and will not be changed during the variation phase. Some other candidates with
high quality are subsequently selected from the population. Existing selection algorithms are
stochastic universal sampling and roulette-wheel selection, etc [11].

Next, the selected candidates besides the elites are evolved by different variation operators.
We introduce three types of variation operators that are the most typical, i.e., replacement,
mutation, and crossover. The replacement operator is straightforward which simply replace a
candidate with a newly created random candidate. This type of variation has direct effect on
broadening search space. Another operator that serves for ensuring the exploration range is
the mutation operator. Mutation is applied to a parent candidate and delivers a slightly mod-
ified mutant in a stochastic fashion. The crossover operator recombine two parent candidates
into one or two offspring candidates. The crossover operator is also a stochastic operator.

The further step of the genetic algorithm framework is to combine the elites collection
with evolved offspring, forming the population that is of the next generation. The new
population again goes through the evaluation process and further of the genetic algorithm.
This evolutionary computing iterates and will not terminate until one of the stop criteria is
satisfied.

3.2 Evolutionary process mining using ETM

A special case of GA is genetic programming (GP) in which computer programs are evolved to
solve, or approximately solve, problems [12]. In tradition, a genetic program is represented in
memory as a tree structure of actions and values [8]. This fact well provides the privilege for
some tasks that aim for discovering a process tree, which is also in a nested tree data structure
(see Chapter 2.3), from some input. One of the successful implementations regarding this is
the ETM framework proposed by [5].

The ETM framework can be used in many process mining scenarios, such as process dis-
cover, process model repair, process discovery of a configurable model, configuration discovery
using context, concept drift, and decision mining. The detailed discussion and some of the im-
plementations concerning these applications can be found in [5]. As we are aiming to convert
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Figure 3.2: The framework for evolutionary process discovery using the ETMd algorithm.

a log skeleton into a process tree, which can also be seen as a discovering task that discovers
a process tree from the log skeleton, here we sharpen our focus on the ETM application that
specifically for process discovery, i.e., the ETMd algorithm.

Figure 3.2 shows the overall flow of the ETMd algorithm. As the ETMd is derived
from genetic programming algorithms, We can see that the structure of the ETMd is much
aligned with the framework of genetic algorithms. Whereas, the input of the ETM framework
is specified as an event log. Based on this event log, the initial population consisting of
process trees are generated. During the evaluation phase, the input event log is also used as a
reference for computing the quality or so-called fitness value to each of the process trees in the
population. By following the steps that are basically identical to that of a genetic algorithm
and employing process trees as internal representation, the final output of the ETMd is a single
process tree that holds the best quality in one run of the evolutionary process discovery.

3.3 The ETMdls algorithm

We would like to employ the general scheme of the ETMd algorithm to serve for our ultimate
goal in this thesis which is discovering a process tree from a log skeleton. To do so, the ETMd
algorithm of course needs to be adapted at first. There are two fundamental modifications.
The first one is that the input is a log skeleton in our case instead of an event log. This
drives the necessity to modify the entire evaluation computation in the ETMd which is the
second major change. The other steps in the ETMd algorithm can be retained as process
trees are still able to be used as the internal representation under the ETM framework. Note
that the change of the input type does not affect the initialization of the evolution too much,
since in which the quality of the first generation is unimportant, using existing techniques to
construct random tree structures is sufficient.

We name our modified algorithm ETMdls that stands for the Evolutionary Tree Miner
for discovering a process from a log skeleton. Figure 3.3 illustrates the general framework of
ETMdls algorithm. Similar to other genetic algorithm frameworks [4, 12, 15], the most im-
portant as well as the most difficult phase for realizing the ETMdls life cycle is the evaluation,
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Figure 3.3: The ETMdls algorithm that is adapted for log skeletons.

specifically the evaluation (fitness) function that checks the alignment between a process tree
and a log skeleton. This is because the role of the evaluation function is to represent the
requirements the population should adapt themselves to meet [11, 15]. It is the foundation
for selection, which ultimately assists the improvement in the evolutionary context. In the
next entire chapter (Chapter 4), we provide an extensive explanation of our new evaluation
function and our newly defined quality metrics in the ETMdls.
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Chapter 4

An Evaluation for Process Trees to
Log Skeletons

As we have discussed, in our ETMdls algorithm, evaluating candidate solutions (process
trees) in the population is the most critical phase. That is to say, if the evaluation cannot
precisely provide the level of alignment between a process tree and a log skeleton, the final
outcome of the algorithm would be futile. In fact, along with ensuring the correctness of
such computing, we also need to consider other factors that are regarded as the requirements
of being a quality metric in evaluation, for example, practical time efficiency, high result
intuitiveness, clear specification, and being orthogonal to the other quality metrics [5]. In
this way, our algorithm with the other steps in the ETM framework can demonstrate the
authentic improvement of candidate solutions in an effective and efficient manner throughout
evolution and thus find an optimal process tree.

For evaluating the fitness of a process tree candidate to a log skeleton input, we assign
each candidate a number of quality scores. Each of these quality scores is calculated based on
two metrics that are commonly used in pattern recognition and information retrieval, namely
precision and recall, by comparing the same type of constraint relations that hold in the
log skeleton and in the process tree respectively. In this thesis, we employ three relations
from log skeletons respectively process trees for computing the precision and recall: always-
after, always-before and equivalence. The three relations are denoted by Raa

L , Rab
L , Req

L in log
skeletons (see Chap. 2.2) and can be denoted in a similar way by Raa

T , Rab
T , Req

T in process
trees (see Sect. 4.1). The remaining relations, such as directly-follows and never-together, are
considered for the purpose of intensifying the models so that they are shelved for efficiency in
this thesis. However, these remaining relations from the two languages can be incorporated
in future work.

Extracting Raa
L , Rab

L , Req
L from a log skeleton is trivial, as these relations define the log

skeleton. However, discovering Raa
T , Rab

T , Req
T is non-trivial due to non-declarative property

of process tree notation, especially when the process tree is of a large size. Therefore, we
lay great stress on identifying the three activity relations from process trees in this chapter.
We first introduce extended process trees and formalize the three relations Raa

T , Rab
T , Req

T in
Section 4.1. We then introduce the rules to extract always-after and always-before in the
process trees in Section 4.2. This is followed by Section 4.3 where we establish the rules for
identifying equivalence. After that, we explain how precision and recall are calculated for
quality metrics in Section 4.4. In the end, Section 4.5 presents an application of the proposed
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alignment checking technique on an example case.

4.1 Activity relations in Process Trees

For the purpose of the evaluation, we define three types of relations that may exist between
activities in a process tree, namely, Req

T , Raa
T , and Rab

T , to be the counterparts of Req
L , Raa

L ,
Rab
L in a log skeleton. Since the latter adopt extended activities in its definition for being

more informative than it is without, we correspondingly define extended process trees before
we formally introduce Req

T , Raa
T , and Rab

T .

Definition 9 (Extended Process Tree). Let T “ pN, r,m, cq be a process tree over a set of
activities A P A such that α, ω R A and A “ A Y tα, ωu. T “ Ñ pα, T, ωq is the extended
process tree of T over A.

Definition 10 (Activity Relations in Process Tree). Let T “ pN, r,m, cq be a process tree
over a set of activity A P A. Let a, b P A be two extended activities in T . The activity relations
in T form a tuple T “ pReq

T , R
aa
T , R

ab
T q where

• Req
T denotes equivalence relation in T such that

pa, bq P Req
T

if and only if a and b occur equally often in every sequence of LpT q, and the two extended
activities do occur in T .

• Raa
T denotes always-after relation in T such that

pa, bq P Raa
T

if and only if, in every sequence of LpT q, after n occurrences of a (where n ě 1) b
always occurs.

• Rab
T denotes always-before relation in T such that

pa, bq P Rab
T

if and only if, in every sequence of LpT q, before n occurrences of b (where n ě 1) a
always occurs.

We also write pa, bq P Raa
T prq to indicate that pa, bq P Raa

T in the process tree where r is
the root node. The same applies to pa, bq P Rab

T prq and pa, bq P Req
T prq.

The Req
T , Raa

T , and Rab
T relations in a process tree correspond to the Req

L , Raa
L , and Rab

L

relations in a log skeleton. We would like to stress that these relations are defined in terms
of the activities. In process trees, particularly, the relation between two activities does not
necessarily reflect on every possible pair of nodes they map to, as multiple nodes may be
mapped onto the same activity.
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4.2 Extract always-after and always-before from Process Trees

This section aims to define generic rules for discovering constrain relations that regards exe-
cution sequence of activities in process trees, namely Raa

T and Rab
T . The approach to Req

T is
discussed in the next section since Req

T describes activity correlations at a different angle.

By the definition of process trees, i.e., Definition 8, each type of operators indicates
respective execution ordering between its child blocks. In general, the Ñ and 	 -operators
suggest the apparent execution ordering. A Ñ -operator demonstrates that its child blocks
are executed sequentially from the left-most block to the right-most block. An execution
loop is indicated by a 	 -operator. A 	 -operator has do, redo and exit-blocks as its children
from the left to right. The do-block is always enacted firstly. Then it is optional to perform
the redo or exit-block. If the redo-block is enacted then the next execution goes back to the
do-block, which forms a loop. The loop ends if the exit-block is executed. In comparison to
these two operators, ^and ˆ-operators imply unapparent execution ordering between their
children. An ^-operator determines a parallelism of its child blocks such that the children
are executed in arbitrary order. Regarding the ˆ-operator, any one of its child blocks can be
exclusively executed.

Although execution sequence between two sibling process tree blocks can be acquired by
learning the operator type of their same parent, to further investigate the execution ordering
of two activities that each from a different sibling block is problematic. For instance, in the
process tree shown in Figure 4.1, The Ñ -operator is the root node which has three child
blocks, activity a, activity b, and the ˆ-block (from left to right). According to Definition
8, we can conclude that, for example, the ˆ-operator is executed always after the activity a
as well as activity b. The ˆ-operator has activity c and activity d as its children; however,
we should not derive that c or d is always after a or b. This is because c and d are executed
exclusively to each other due to their ˆ-operator parent. Nonetheless, the Ñ -operator is
blinded to the execution pattern of c and d since the latter are not its “direct” child nodes
but exist among one of its child blocks. Thus to avoid extracting the four incorrect affiliations,
i.e., pc, aq P Raa

T , pc, bq P Raa
T , pd, aq P Raa

T , and pd, bq P Raa
T from this process tree appears to

be troublesome by only knowing the language of process tree operators.

Ñ

a b ˆ

c d

Figure 4.1: Example multilevel process tree.

To address the insufficiency of determining the execution ordering between individual
activities only based on process tree definition, the information that indicates an activity is
executed for certain or not in a block seems to be demanded. For example, if the Ñ -operator
comprehends that activities c and d are not enacted for certain during the executions of its all
child blocks, then it is straightforward to conclude that pc, aq R Raa

T , pc, bq R Raa
T , pd, aq R Raa

T ,
and pd, bq R Raa

T (by Definition 10).

Therefore, in the followings of this section we first introduce the concept of the execution
certainty. This novel concept together with the definition of process tree language draws the
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rules of extracting Raa
T and Rab

T in the next. Whereas, we elaborate the approach and the
arguments for its correctness only for the former relation since which shares much similar (in
fact symmetric) mechanism with the latter. When introducing the latter, the counterparts
and difference between these two relations are explained.

4.2.1 Execution Certainty

We introduce a new concept, i.e., execution certainty set for each node in process trees. A
node’s certainty set contains activities that are executed for certain in the descendant with
the given node as root node. Formally, We define certainty set as follows:

Definition 11 (Certainty Set). Let A P A be an activity set. Let T “ pN, r,m, cq be a
process tree over A. ν1, ν2, . . . , νn denotes the child nodes of node ν resulted from child-relation
function c. Cpνq is the certainty set of node ν P N such that,

• if mpνq “ τ , Cpνq “ H

• if mpνq P A, Cpνq “ tmpνqu

• if mpνq “	, Cpνq “ Cpν1q Y Cpν3q

• if mpνq P tÑ,^u, Cpνq “ Cpν1q Y Cpν2q Y . . .Y Cpνnq

• if mpνq “ ˆ, Cpνq “ Cpν1q X Cpν2q X . . .X Cpνnq

In a process tree, if ν is a non-silent leaf node, then trivially when the block of ν is executed
the activity represented by ν is executed for certain; if ν is a Ñ - or ^-operator, every activity
in the certainty sets of ν’s child nodes is executed for certain when ν is executed; if ν is a
	 -operator, the sum of the certainty sets of its do and exit branch is the set of activities
always executed along with ν; it can also be the case that ν is an ˆ-operator, then only the
activities that exist in every certainty set of each ν’s children is executed for certain when ν
is executed.

In addition to the execution certainty set, we also define an execution universal set:

Definition 12 (Universal Set). Let A P A be an activity set. Let T “ pN, r,m, cq be a process
tree over A. Upνq is the universal set of node ν P N , containing all the activities in the block
of ν. That is, Cpνq “ tmpµq |µ P dpνqzNOu.

Use the process tree in Figure 4.1 as an example again. For each node representing
activity a, b, c and d respectively, its certainty set is consistent with its universal set that
only contains the activity itself. The certainty set of the ˆ-oprator, i.e., the node ˆpc, dq,
is Cpˆpc, dqq “ H; the universal set is Upˆpc, dqq “ tc, du. This leads to Cprq “ ta, bu and
Uprq “ ta, b, c, du regarding the entire process tree.

4.2.2 Always After

As discussed, with the help of execution certainty and process tree language, we are able to
discover the constrain relations in a process tree in respect of execution sequence, i.e., Raa

T and
Rab
T . We first address Raa

T . Consider that a process tree operator may possess Raa
T between

its child blocks; among its child blocks there may also exist Raa
T . Recall that the children
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of ˆ-operators execute exclusively to each other, and ^-operators hold random execution
sequence among its children. We accordingly list five scenarios that should be examined in
order to discover all possible Raa

T in a process tree: (1) the Raa
T implied between the child

blocks of a Ñ -operator; (2) the Raa
T received from each child block of a Ñ -operator; (3)

the Raa
T implied between the child blocks of a 	 -operator; (4) the Raa

T received from each
child block of a 	 -operator; and (5) the Raa

T received from each child block of an ^- or an
ˆ-operator. Scenario (1) and (2) together form the rule for extracting always-after relation
from a Ñ -block. Scenario (3) and (4) construct the rule for extracting always-after relation
from a 	 -block. Extracting always-after relation from an ˆ- or an ^-block only needs to
address scenario (5).

Scenario 1

In specific to scenario (1), the introductory idea is that among the children of aÑ -operator, a
further right child is always executed after a further left child (Definition 8). Incorporate with
the concept of the execution certainty. An inference can be drawn in an indefinite manner
that the activities in the certainty set of a further right child is always after the activities in
the universal set of a further left child. In fact, this is indeed the case for most of process trees.
One example of this is shown in figure 4.2a where pa, bq P Raa

T and pa, cq P Raa
T . However, such

inference is deficient when a process tree encountering duplicate activities. For example in
Figure 4.2b, the process tree has root node as theÑ operator which possesses two child nodes:
activity a to the left and the ^-operator to the right. The ^-operator owns three activities
a, b, and again an a as its children. As can be seen, the mapping function of the process
tree maps three leaf nodes to the same activity a. Although regarding the Ñ -operator we
obtain Upaq “ tau for its left child along with Cp^pa, b, aqq “ ta, bu for its right child, it is
incorrect to conclude that pa, bq P Raa

T because a and b can occur in arbitrary order in the
^-block thus for example trace xa, b, a, ay may appear during executions. The process tree in
Figure 4.2c shows an example of the other case that duplicate leafs have an effect on scenario
(1). Comparing to the process tree in Figure 4.2a, the Ñ -operator of this process tree has
the third child that is again an activity a to the right of the ^-operator. Whereas different
from the former we clearly should not draw that pa, bq P Raa

T nor pa, cq P Raa
T since a duplicate

activity a always occurs after the ^-block where b and c occur. Note that we do not consider
the case to be problematic: if duplicate a appears before the ^-block in the Figure 4.2a for
example. Because in that case the duplicate activities a are all before the activity b and
activity c respectively, the duplication do not invalidate pa, bq P Raa

T nor pa, cq P Raa
T .

Ñ

a ^

b c

(a)

Ñ

a ^

a b a

(b)

Ñ

a ^

b c

a

(c)

Figure 4.2: Example process trees may or may not contain Raa
T .

To address the dilemma cased by duplicate leaf nodes mapping to same activity, our
strategy is to first discover any activity pair, say pa, bq, such that a is in the universal set of
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the further left child of the Ñ -operator, and b is in the certainty set of the corresponding
further right child. Then we eliminate pa, bq if it matches the two special cases as we have
discussed in the examples in 4.2b and in 4.2c. That is, either activity a occurs again in the
same child block where activity b appears yet b is not always after a in that block, or a appears
again to the further right of the child block possessing b. The remaining pairs are recognized
to be related by Raa

T in the Ñ -block. The mathematical description of this approach is shown
in Condition c.1 embedded in the Rule 1.1.

Scenario 2

Scenario (2) also aims to find Raa
T in the block of Ñ -operators. While different from scenario

(1), scenario (2) does not intend to discover fresh Raa
T between the child blocks of any Ñ -

operator. Instead, it seizes eligible Raa
T that have been discovered in deep child blocks. We

define the mathematical expression of the scenario (2) as in Condition c.2. This expression
intends for that, if an always-after relation, say pa, bq P Raa

T , exists in one of the child blocks of
a Ñ -operator, the relation can be acquired by the Ñ -operator node if each of corresponding
further right child blocks meets one of the two criteria: it either also contains pa, bq P Raa

T , or
it does not contains activity a at all, provided that activity a is in the Ñ -block.

Scenario 3

Recall a 	 -operator always has three child blocks: do-block, redo-block and exit-block re-
spectively from left to right. The execution sequences of these three blocks are: Exit is
executed always after do as well as redo; do is executed always after redo every time the redo
is enabled. This suggests Raa

T may exist between child blocks of a 	 -operator. However, as
discussed in scenario (1), we cannot rashly conclude that the activities in the certainty set
of the block that is executed later is always after every activity in the block that is corres-
pondingly executed earlier. This is again because multiple same activities may appear in
the process tree causing intractability on execution traces. To solve this, we construct two
condition expressions c.3 and c.4 in a similar concept as in Condition c.1.

Condition c.3 describes the Raa
T between the exit-block on one hand and do or redo-block

on the other hand in the block of a 	 -operator. That is, for all activity pairs, say pa, bq, such
that activity a is in the universal set of the do- or redo-block, activity b is in the certainty set
of the exit-block, pa, bq P Raa

T if and only if in the exit-block either a never occurs again or b
is also always after a.

Condition c.4 interprets the Raa
T between the redo- and do-block. In this case, we draw

pa, bq P Raa
T , given that activity a appears in the redo-block but not in the exit-block, and

activity b is in the certainty set of the do-block, if and only if in the do-block either a never
occurs again or b is also always after a.

Scenario 4

A 	 -block may also receive Raa
T from each of its do-, redo- and exit blocks. Consider different

behavior of these three blocks in the 	 -block context, we derive their lineal Raa
T in separate

computation. Condition c.5 serves to represent the seizing of Raa
T in the exit-block. The 	 -

operator receives all possible Raa
T in its exit-block because this child block is always executed

in the last after do and redo, thus all Raa
T in it are not affected by duplicate activities appear

in the latter. Condition c.6 aims to help the 	 -operator receive valid Raa
T from its do-block.
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Due to the fact that the do-block occurs always after the redo-block provided the latter is
executed, and the exit-block appears always after the do-block, we seize always-after relation,
say pa, bq P Raa

T , from the do-block by ensuring that activity a does not appear again in the
exit-block. Note that it is possible that pa, bq P Raa

T appears both in the do-block and exit-
block. As this case can be well covered by Condition c.5 per se, we do not include this in
Condition c.6 again. The task of seizing Raa

T from the redo-block is expressed by Condition
c.7 which is more complex than the others. We receive always-after relation, say pa, bq P Raa

T ,
from the redo-block with the guarantee of activity a never occurs in the other child blocks
of the 	 -operator. This is because both the do and exit-block appear after the redo-block.
Again, changes are pa, bq P Raa

T may appear in the redo-block at the same time existing in
either do- or exit-block, or even appear in all three blocks. In these cases the pa, bq P Raa

T can
be seized by Condition c.5 and c.6 already.

Scenario 5

We have discussed that ˆ- and ^-operator do not hold any Raa
T between theirs child nodes

because of their property. Therefore we only focus on seizing Raa
T from each of their child

blocks. In fact, the approach is the same as the one applied for seizing eligible Raa
T in scenario

(2), whereas the context here is in respect of an ˆ-block or an ^-block instead of a Ñ -block
rooted by a Ñ -operator.

Rules extracting always-after

In the following we formally introduce three rules that serve for discovering Raa
T in process

trees. Rule 1 determines Raa
T in a Ñ -block with consideration of scenario (1) and (2). Rule

2 mines Raa
T in a 	 -block by considering both scenario (3) and (4). Finally Rule 3 aims to

discover Raa
T in any ˆ- and ^-block explained in scenario (5).

Rule 1. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that mprq “Ñ
and cprq “ xν1, ν2, . . . , νny. Let a, b P A be two nonidentical extended activities in T . If a and
b satisfy Condition c.1 or c.2, then pa, bq P Raa

T prq, where Conditions c.1 and c.2 are:

1 ď i ă j ď n : a P Upνiq ^ b P Cpνjq ^ rpa, bq P Raa
T pνjq _ a R Upνjqs ^

@k P rj`1, ns : a R Upνkq
(c.1)

a P Uprq ^ @k P r1, ns : rpa, bq P Raa
T pνkq _ a R Upνkqs (c.2)

Rule 2. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that mprq “	
and cprq “ xν1, ν2, ν3y. Let a, b P A be two nonidentical extended activities in T . If a and b
satisfy Condition c.3, c.4, c.5, c.6 or c.7, then pa, bq P Raa

T prq, where the conditions are:

ra P Upν1q _ a P Upν2qs ^ b P Cpν3q ^ ra R Upν3q _ pa, bq P Raa
T pν3qs (c.3)

b P Cpν1q ^ a P Upν2q ^ a R Upν3q ^ ra R Upν1q _ pa, bq P Raa
T pν1qs (c.4)

pa, bq P Raa
T pν3q (c.5)

pa, bq P Raa
T pν1q ^ a R Upν3q (c.6)

pa, bq P Raa
T pν2q ^ r@k P t1, 3u : a R Upνkqs (c.7)
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Rule 3. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that mprq P
tˆ,^u and cprq “ xν1, ν2, . . . , νny. Let a, b P A be two nonidentical extended activities in T .
If a and b satisfy Condition c.2, then pa, bq P Raa

T prq.

Arguments for correctness

In this subsection, we argue that the aforementioned rules can indeed seize all possible always-
after constrains that exist in a process tree.

We assume that activity a is always-after activity b in a process tree. Then possibly
a and b have the same parent. In this case, their parent can only be a Ñ -operator or a
	 -operator by Definition 8. Given that, the pa, bq P Raa

T can be discovered by scenario (1)
or scenario (3) according to their parent operator type. The relation can be received by
their further/hierarchically-higher parents by scenario (2), (3), or (4) again depending on the
operator type of that node. The other case is that a and b do not have the same parent.
Whereas then at least one node in the process tree can be seen as the root for both activities
according to Definition 7. As each node in the process tree has its execution certainty and
universal sets, this circumstance is also covered by scenario (1) and scenario (3). Therefore, by
implementing our rules in a bottom-up fashion we are able to discover all possible pa, bq P Raa

T

in the process tree.

We then assume that pa, bq P Raa
T is a constraint relation that is distinguished by our rules.

The relation of the two activities must be discovered by Conditions c.1, c.3, and c.4 in the
first place, and then received by their further/hierarchically-higher parents by Conditions c.2,
c.5, c.6 and c.7. As we consider the former three conditions do not seize any false always-
after constraint relations from the tree, and the latter four conditions are able to exclude
the always-after that no longer holds when concerning a bigger block in the process tree, the
discovered pa, bq P Raa

T can be regarded as indeed the case in the process tree.

4.2.3 Always Before

The approach for finding always-before relation is similar to that for discovering always-after
relation in process trees. In a symmetric manner, there are also five scenarios considered
by us: (1) the Rab

T implied between the child blocks of a Ñ -operator; (2) the Rab
T received

from each child block of a Ñ -operator; (3) the Rab
T implied between the child blocks of a

	 -operator; (4) the Rab
T received from each child block of a 	 -operator; and (5) the Rab

T

received from each child block of a ^- or a ˆ-operator.

Scenario (1) and (2) together describes Rab
T in Ñ -blocks. As has been mentioned, the

approaches to tackle them are comparable to the corresponding scenarios of Raa
T in process

trees. The only difference between mining Raa
T and Rab

T in a Ñ -block is that, for example,
when characterizing pa, bq P Rab

T we ensure activity b never occurs before a in any occasions,
instead of pledging a never appears after b in defining pa, bq P Raa

T . This variation also applies
to the approach finding Rab

T in 	 -blocks which regards scenario (3) and (4). In special, the
approach concerning scenario (3) is more straightforward than that of the counterpart in
finding Raa

T . This credit is given by the fact that only two always-before relations between the
child blocks of a 	 -operator exists, i.e., the do-block is always executed before the redo block
and the exit-block respectively, unlike the case for always-after relation of which three in total
can be distinguished (ref. scenario (3) of 4.2.2). For scenario (5) we seize Rab

T from each of
the child blocks of ˆ- and ^-operators using the similar way as for dealing with scenario (2).
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Rules extracting always-before

The rules for discovering Rab
T in process trees are formally introduced as follows. These rules

together tackle all the five scenarios that possible Rab
T may exist. Specifically, Rule 4 defines

Rab
T described by scenario (1) and (2). Rule 5 discovers Rab

T in a 	 -block considered in
scenario (3) and (4). Rule 6 defines Raa

T in any ˆ- and ^-block by considering only scenario
(5).

Rule 4. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that mprq “Ñ
and cprq “ xν1, ν2, . . . , νny. Let a, b P A be two nonidentical extended activities in T . If a and
b satisfy Condition c.8 or c.9, then pa, bq P Rab

T prq, where Conditions c.8 and c.9 are:

1 ď i ă j ď n : a P Cpνiq ^ b P Upνjq ^ rb R Upνiq _ pa, bq P Rab
T pνiqs ^

@k P r1, i´1s : b R Upνkq
(c.8)

b P Uprq ^ @k P r1, ns : rpa, bq P Rab
T pνkq _ b R Upνkqs (c.9)

Rule 5. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that mprq “	
and cprq “ xν1, ν2, ν3y. Let a, b P A be two nonidentical extended activities in T . If a and b
satisfy Condition c.10, c.11, c.12 or c.13, then pa, bq P Rab

T prq, where the conditions are:

a P Cpν1q ^ rb P Upν2q _ b P Upν3qs ^ rb R Upν1q _ pa, bq P Rab
T pν1qs (c.10)

pa, bq P Rab
T pν1q (c.11)

pa, bq P Rab
T pν2q ^ b R Upν1q (c.12)

pa, bq P Rab
T pν3q ^ r@k P t1, 2u : b R Upνkqs (c.13)

Rule 6. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that mprq P
tˆ,^u and cprq “ xν1, ν2, . . . , νny. Let a, b P A be two nonidentical extended activities in T .
If a and b satisfy Condition c.9, then pa, bq P Rab

T prq.

4.3 Extract equivalence from Process Trees

Dissimilar to the Raa
T and Rab

T , relation Req
T in a process tree is not suggested by the execution

ordering of the activities. Instead, to distinguish Req
T we need to count the number of times

each activity is executed in the process tree. If two activities occur equally often and more
than once during the executions, then they are equivalent. It is possible that multiple activities
are equivalent to each other.

Although the general idea for extracting Req
T seems to be straightforward, there are

obstacles for its actual implementation. Particularly, if activities are exclusive to each other,
i.e., their same parent is an ^-operator, it appears to be impossible to define the exact number
of execution for each of these activities: any one of these activities can be executed in one
execution run. Similar to exclusiveness pattern, it is also hard to count the activity executions
in a loop. For example, in the process tree showing in Figure 4.3b, although activity c is for
sure always executed once in this 	 -block, activity b can occur any number of times from
zero to infinite during executions. The execution frequency of activity a is affected by that
of activity b. If b occurs n times in the loop, then a occurs pn` 1q times.
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(a)

	

a b c
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Figure 4.3: Example process trees of an ˆ-block or a 	 -block .

Given that, we introduce two notations, χ and π, to represent the special number of activ-
ity occurrences during the execution of ˆ-blocks and 	 -blocks, respectively. For example, in
the ˆ-block in Figure 4.3a, activities s and t are the two children of the ˆ-operator. The
execution frequency of either of these two activities is considered to be χ, where χ denotes an
undefined number. In the 	 -block showing in Figure 4.3b, the number of executions of activ-
ities b (the redo) is regarded as π which can be simply understood as any number between
zero to infinite. Then accordingly, the execution frequency of activity a (the do) equals π`1.
The occurrence of activity c, however, is taken place one time in each execution run.

With the help of the χ and π, we are able to compute the execution frequency for each
activity in a process tree. In Section 4.3.1, we formally introduce the idea of the execution
counting that is of that purpose. In the next, Section 4.3.2 defines the rule for extracting Req

T .

4.3.1 Execution Counting

Execution counting is a multiset that contains the execution frequency of the descendant
with the given node as root node. This concept serves for seeking Req

T in the process trees.
The formal definition of the execution counting is provided in the following in this section.
Whereas, as a foundation for that, we first define the notations for expressing number of
occurrences for activities (or elements in general) in a set in a formal manner; we introduce four
operators, ‘, a, b and ~, which aim for operating accumulation, deduction, amplification
and intersection for the activities respectively.

Recall the definition of multiset (Definition 2). We introduce a similar notation: extended
multiset M˚. Let S be a set, and let X “ tπ1, π2, π3, . . .u Y tχu also be a set with π1 ‰
π2 ‰ π3 ‰ . . . where πi P Xztχu represents an arbitrary number between 0 to infinite, and
χ denotes a number that is quantitatively not defined. M˚ over S is a partial function
M˚ : S 9 Ně1 Y X, giving the multiplicity, i.e., the number of occurrences, of each element
s P S as the number M˚psq. Specially M˚psq “ πi indicates that element s may appear an
arbitrary number of times in M˚, and M˚psq “ χ means that the number of time s occurs in
the M˚ is undefined. We write, for example, M˚ “ ta, b2, cπi , dχu for an extended multiset
M˚ over S where a, b, c, d P S, M˚paq “ 1,M˚pbq “ 2,M˚pcq “ πi and M˚pdq “ χ. Note
that we omit the superscript of an element in extended multisets if multiplicity of the element
equals one.

Let M˚
1 ,M

˚
2 be two extended multiset over some set S. Let πi, πj P Xztχu. M˚

1 ‘M˚
2

accumulates two extended multisets. For example, ta, b, cu ‘ tb, c2 d2u “ ta, b2, c3, d2u. In
particular, taχu ‘ taeu “ taχu whereas taπiu ‘ taeu “ taπi`eu where e P Ně1YX. Example
for this is ta2, b2, c3, dπiu ‘ tbχ, cπj dπju “ ta2, bχ, cπj`3, dπi`πju. The accumulation operator
is commutative and associative.

Let M˚
2 ĎM˚

1 . M˚
1 aM

˚
2 deducts M˚

2 from M˚
1 . This operation also holds that taχuataeu

is still equal to taχu where e P Ně1YX. Another typical usage of this operation is the case
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that taπiu a tau “ taπi´1u which results in that a may occur any number of time starting
from and including zero. For instance, ttπi , oχ, i3u a tt, o2, i3u “ ttπi´1, oχu. The deduction
operator is associative but not commutative.

Let e˚ P X. Let M˚ “ tse11 , s
e2
2 , . . . , s

en
n u be an extended multiset over some set S where

s1, s2, . . . , sn P S and e1, e2, . . . , en P Ně1YX. e˚bM˚ is an amplification operation. χ bM˚

results in tsχ1 , s
χ
2 , . . . , s

χ
nu. The result of πi bM˚ depends on multiplicity of each element in

M˚. Suppose sekk is in M˚ where 1 ď k ď n. sekk stays the same after the πi bM˚ only
if ek “ χ, otherwise it is transformed into sekˆπik , i.e., the multiplicity of sk equals ek times
πi. For example, χ b ta, bπi , cχu “ taχ, bχ, cχu. Another example is πi b tm

3, g2, pχ, fπju “
tm3πi , g2πi , pχ, fπiˆπju.

In addition, we also introduce M˚
1 ~M

˚
2 that represents a particular intersection operation.

The result of the intersection between some multisets is again a multiset which contains only
the elements that exit in each input multiset and with exactly the same multiplicity. For
example, ta2, b3, cχu ~ ta2, bπi , cπj , d2u “ ta2u, tk3, sπi , tχu ~ tk3, sπi , p2u ~ tk3, sπi , p2u “
tk3, sπiu.

Definition 13 (Counting). Let A P A be an activity set. Let T “ pN, r,m, cq be a process tree
over A. ν1, ν2, . . . , νn denotes the child nodes of node ν resulted from child-relation function.
N pνq is an extended multiset over dpνq, i.e., all descending nodes of ν, representing execution
counting of node ν P N , such that,

• if mpνq “ τ , N pνq “ H

• if mpνq P A, N pνq “ tmpνqu

• if mpνq P tÑ,^u, N pνq “ N pν1q ‘N pν2q ‘ . . .‘N pνnq

• if mpνq “	, N pνq “ N pν1q ‘ pπν b pN pν1q ‘N pν2qqq ‘ N pν3q

• if mpνq “ ˆ, N pνq “ pχb ppN pν1qa Iq‘ pN pν2qa Iq‘ . . .‘pN pνnqa Iqqq ‘ I, where
I “ N pν1q~N pν2q~ . . .~N pνnq

	

a ˆ

c d

Ñ

e d

Figure 4.4: Example process tree for computing execution counting (1).

Computing execution counting is trivial for leaf nodes as every leaf counts one single oc-
currence of the activity it represents. Nonetheless the counting process is more complex when
it concerns operator nodes. In fact, different operators may have unlike counting patterns on
their descendants due to their different semantics.

We illustrate execution counting by using two example process trees. The first example
is relatively simple that is shown in Figure 4.4. In this process tree, the ˆ-operator has
N pˆpc, dqq “ tcχ, dχu because the number of occurrence of activity c respectively d is uncer-
tain due to exclusive pattern under ˆ-operators. In the block of the Ñ -operator, however,
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we can obtain that N pÑ pe, dqq “ te, du as activities e and d both for sure occur once in
sequence in every trace. This leads to N prq “ ta8i , cχ, dχ, eu for the root r where i can be
any arbitrary positive integer. This is also the execution counting regarding the entire process
tree.

The other example is a more complicated process tree to the first one, showing in Figure
4.5. As can be seen, the tree is rooted by a Ñ -operator that has four child blocks. The
first two child blocks on the left are two 	 -blocks. The execution counting for them is
N p	 pa, b, cqq “ ta8i , b8i´1, cu and N p	 pb, a, dqq “ tb8j , a8j´1, du, respectively, where
i ‰ j and i, j P Ně1. The two child locks to most right of the root have similar but slightly
different structure as well. The left one is with an ˆ-operator leading to two duplicate Ñ -
blocks, the right one is with an ˆ-operator that has two unlike Ñ -blocks. Accordingly,
N pˆpÑ ps, s, tq,Ñ ps, s, tqqq “ ts2, tu, and N pˆpÑ pp, q, qq,Ñ pp, p, qqqq “ tpχ, qχu. Given
that the root is a Ñ -operator, the executing counting of that root node can be obtained by
using accumulation operation on the execution counting of its child blocks. This results in
ta8i`8i´1, b8i`8j´1, c, d, s2, t, pχ, qχu.

Ñ

	

a b c

	

b a d

ˆ

Ñ

s s t

Ñ

s s t

ˆ

Ñ

p q q

Ñ

p p q

Figure 4.5: Example process tree for computing execution counting (2).

4.3.2 Equivalence

Similar to the always-after and always-before relations, equivalence relation can be discovered
between the child blocks of an operator, as well as can be seized from each child block of the
operator. By comprehending the execution frequency for each activity in a process tree, the
extracting rule for equivalence is stated in Rule 7.

Rules extracting equivalence

Rule 7. Let T “ pN, r,m, cq be a process tree over a set of activity A P A such that cprq “
xν1, ν2, . . . , νny. Let M˚ “ N prq be an extend multiset over A. Let a, b P A be two unequal
extended activities in T . If a and b satisfy Condition c.14 or c.15, then pa, bq P Req

T prq, where
Conditions c.14 and c.15 are:

M˚paq “M˚pbq ‰ χ (c.14)

M˚paq “M˚pbq “ χ ^ @νi P cprq : pa, bq P R
eq
T pνiq _ a, b R Upνiq (c.15)

Condition c.14 is straightforward. It reflects the equivalence relation that can be discovered
between the child blocks of an operator. This condition states that if the multiplicities of two
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activities are the same and are not equal to χ in the execution counting of the process tree
root, then we consider the two activities are equivalence in the tree.

If two activities have their multiplicities equal to χ regarding the execution counting of
the root node, however, it is still possible for them to be recognized as holding equivalent
relation. According to Condition c.15, if two activities are equivalent in any child block of a
process tree root that possesses the two activities, then the two activities are also equivalent
in respect of the root/entire process tree. Take the process tree in Figure 4.6a as an instance.
The execution counting of the root ˆ-operator is taχ, bχ, cχu in accordance with Definition 13.
Whereas we find that pa, bq P Req

T p^pa, bqq and pa, bq P Req
T pÑ pa, bqq where the ^-block and

the Ñ -block are the only two child blocks of the root that activities a and b exist. Therefore
we can conclude pa, bq P Req

T prq by Condition 15.

ˆ

^

a b

Ñ

a b

c

(a)

ˆ

^

a b

Ñ

a b

a

(b)

ˆ

ˆ

a b

Ñ

a b

c

(c)

Figure 4.6: Example process trees for explain Condition c.15.

Condition c.15, however, does not consider pa, bq P Req
T prq in the example process trees

showing in Figure 4.6b and Figure 4.6c. This is because in Figure 4.6b the right-most child
block of the tree root contains activity a where clearly a and b are not equivalence since no
b exists in that block; in Figure 4.6c pa, bq R Req

T pˆpa, bqq where ˆpa, bq is one of the child
blocks a and b exist although pa, bq P Req

T pÑ pa, bqq is discovered.

Arguments for correctness

Assume that activities a and b are equivalent in a process tree. Then we can categorize this
into two cases. The first case is that the two activities together do not fall in an ˆ-block
anywhere in the process tree. In this case, the pa, bq P Req

T can be successfully identified by
its alignment with Condition c.14. If the two activities do appear in one or more ˆ-blocks in
the process tree, which is the second case, we can still tell pa, bq P Req

T because they satisfy
Condition c.15.

We reversely assume that pa, bq P Req
T is discovered by Rule 7. Then apparently this can

also be characterized into two cases, i.e., Condition c.14 and Condition c.15. Condition c.14
cannot go wrong as long as the definition of execution counting is correct. We consider the
latter is true since execution counting is derived from process tree language and mathematical
facts. Condition c.15 has elaborated by examples in the previous where indeed shows that
false constraint relations are excluded. Therefore, we consider the detected pa, bq P Req

T is also
the case in the process tree.
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4.4 Quality metrics

Once we have obtained Raa
T , Rab

T , and Req
T from a process tree by applying aforementioned

rules, we then can compare them to the Raa
L , Rab

L , Req
L of the log skeleton that is for align-

ment testing. For each of the relations from the process tree, we compute the precision and
recall regarding the corresponding relation in the log skeleton. Formula 4.1 and Formula 4.2
illustrate the way how precision and recall are calculated, using always-after as an example.

PrecisionRaa
T
“

TPRaa
T

TPRaa
T
` FPRaa

T

(4.1)

RecallRaa
T
“

TPRaa
T

TPRaa
T
` FNRaa

T

(4.2)

In the above two formulas, TP , FP , and FN denote the true positive, false positive, and
false negative constraints in a process tree with respect to those in the given log skeleton,
respectively. In specific, a true positive constraint in the process tree is a constraint also
appears in the log skeleton, which means there is a perfect match between the two models
regarding this specific constraint. A false positive constraint, however, is only possessed by
the process tree yet cannot be found in the log skeleton. By contrary, a constraint that is
false negative is possessed by the log skeleton whilst is not in the process tree.

By averaging the values of precision and recall of each type of constraints, we are able to
output a single score as for the alignment level of each relation. This score can be considered
as a quality metric in ETMdls framework. As we consider three relations during alignment
checking, in total we possess three quality metrics for evaluation.

4.5 Example applications

In this section, we illustrate the alignment checking between a log skeleton and a process
tree that applies the rules introduced in the previous sections through an example. The
instance log skeleton we use is shown in Figure 4.7. We name it SpLeq. After transitive
deduction, SpLeq possesses in total eight pairs of activities in always-after relation. That
is also the number of pairs in always-before relation. Activity a always occurs once in very
trace while there is no other equivalence relation appears in the log skeleton. Process tree Te
that has exactly identical behavior as this log skeleton is shown in Figure 4.8. This process
tree possesses a Ñ -operator as its root node, leading three child blocks. All four types of
operators, i.e., Ñ -, ^-, ˆ-, and 	 -operator, exit in this process tree. If we perform our
alignment checking between Te and the example log skeleton SpLeq, the three quality metrics
regarding three different relations are all equal to one.

In order to present the effectiveness of our evaluation, we employ another process tree,
Tdev, showing in Figure 4.9a. This process tree deviates from Te. The differences are: the
entire do-block of the 	 -operator is replaced byÑ pc, b, dq, and the last child block of the root
node is now leaded by an ^-operator instead of an ˆ-operator. That is to say, the relations
in Tdev is surely not equivalent to the relations in SpLeq, thus the quality metrics gained from
aligning these two should result in decimals between zero and one.
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Before we diving into to computing the alignment level between the example log skeleton
SpLeq and process tree Tdev that is the candidate in our case, the first step is to extend Tdev
into its corresponding extended process tree. This is done on the basis of the Definition 9.
The resulting extended process tree T dev is shown in Figure 4.9b. In addition, here we also
provide the index of each node for clearness of explanation. For example, the node with
notation apn1q represents that the node is mapped to activity a with an index of 1. This node
can also be written as n1 for simplicity. Specially, |ąnst and [ ]nen

denote the artificial start
and artificial end activities respectively, and Ñ nr denotes the artificial root node.

Figure 4.7: The example log skeleton SpLeq.

Ñ

a 	

Ñ

^

ˆ

b c

b

d

e τ

ˆ

f g

Figure 4.8: The process tree Te that has identical behavior to the log skeleton SpLeq.
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Ñ

a 	

Ñ

c b d

e τ

^

f g

(a) The process tree Tdev

Ñ pnrq

|ąpnstq Ñ pn0q

apn1q 	 pn2q

Ñ pn3q

cpn4q bpn5q dpn6q

epn7q τpn8q

^pn9q

fpn10q gpn11q

[ ]pnenq

(b) The process tree T dev

Figure 4.9: The example process tree for checking the alignment with the example log skeleton.

Subsequently, by the definition of execution certainty and execution counting (Sec. 4.2.1
and Sec. 4.3.1), we are able to list the certainty set, universal set, as well as the counting
multiset of each node in the process tree. These (multi)sets with respect to the operators are
tabulated in Table 4.1.

Cpνq Upνq N pνq

ν “

n9 tf, gu tf, gu tf, gu
n3 tb, c, du tb, c, du tb, c, du
n2 tb, c, du tb, c, d, eu tb8i , c8i , d8i , e8i´1u

n0 ta, b, c, d, f, gu ta, b, c, d, e, f, gu ta, b8i , c8i , d8i , e8i´1, f, gu
nr t|ą, a, b, c, d, f, g, [ ]u t|ą, a, b, c, d, e, f, g, [ ]u t|ą, a, b8i , c8i , d8i , e8i´1, f, g, [ ]u

Table 4.1: The execution certainty, universal, counting of each operator in Tdev iPNě1 .

Based on the result in Table 4.1, we apply the rule(s) that we have defined to each of the
operators, according to their types, and the concerned relation for extracting. For example,
node n3 is a Ñ -operator, therefore we apply Rule 1 for extracting always-after relation, and
employ Rule 4 for extracting always-before relation from its block. Whereas to discover the
two types of relations for n2, we need to apply Rule 2 and Rule 5 instead. In regard to
discovering equivalence relation under an operator, we always apply Rule 7 regardless the
type of the operator. (ref. Sec. 4.2 and 4.3)

Concerning to apply Rule 1 to n3 for finding Raa
T dev

in specific, since all three child nodes of

n3 are leaf nodes, we could not seize any activities pair that satisfies Condition c.2 which looks
up Raa

T dev
in each of its child blocks. By contrast, we are able to distinguish pc, bq P Raa

T dev
pn3q,

pc, dq P Raa
T dev

pn3q, and pb, dq P Raa
T dev

pn3q, because they are qualified by Condition c.1 by the

fact that these three notes are in both Cpn3q and Upn3q. Another example is for extracting
Raa
T T dev from the block of n2. As it is a loop block, Rule 2 is applied. Firstly we examine

any activities pair that sits across the child blocks of n2. Since the exit-block is only a
salient activity, no pair satisfies Condition c.3. While we can extract that pe, bq P Raa

T dev
pn2q,

pe, cq P Raa
T dev

pn2q, and pe, dq P Raa
T dev

pn2q based on Condition c.4, given that activity e P Upn7q

and e R Upn8q, tb, c, du P Cpn3q, as well as tb, c, du R Upn7q. Since the do-block of the loop
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consists of n3-block, according to Condition c.6, we also seize the three Raa
T dev

held by n3. The

redo- and exit- block are both leaf nodes thus Conditions c.5 and c.7 are dissatisfied. As a
result, n2 possesses six Raa

T dev
in total.

In comparison to discovering Raa
T and Rab

T , finding Req
T is more straightforward. This is

also the case in T dev. Considering n3 as an example again, since it is a Ñ -operator node and
all its children are leaf nodes, we are able to draw tpb, c, dqu “ Req

T dev
pn3q based on Condition

c.14 of Rule 7, since Condition c.15 is not applicable in this case. When it comes to n2, we
can again obtain pb, c, dq P Req

T dev
pn2q from Condition c.14. Whereas Condition c.15 of Rule 7

also seizes pb, c, dq P Req

T dev
pn2q as it is from the do-block. As it has been already discovered

by Condition c.14 we do not count it in duplicate.

Tables 4.2, 4.3, and 4.4 present all the always-after, always-before, and equivalence re-
lations regarding each block in T dev respectively. Note that this result is with transitive
redundancy.

Raa
T dev

pνq

ν “

n9 H

n3 tpc, bq, pc, dq, pb, dqu

n2 tpc, bq, pc, dq, pb, dq, pe, bq, pe, cq, pe, dqu

n0 tpa, bq, pa, cq, pa, dq, pa, fq, pa, gq, pb, dq, pb, fq, pb, gq, pc, bq, pc, dq,
pc, fq, pc, gq, pd, fq, pd, gq, pe, bq, pe, cq, pe, dq, pe, fq, pe, gqu

nr tp| ą, [ ]q, p| ą, aq, p| ą, bq, p| ą, cq, p| ą, dq, p| ą, fq, p| ą, gq, pa, bq,
pa, cq, pa, dq, pa, fq, pa, gq, pa, [ ]q, pb, dq, pb, fq, pb, gq, pb, [ ]q, pc, bq,
pc, dq, pc, fq, pc, gq, pc, [ ]q, pd, fq, pd, gq, pd, [ ]q, pe, bq, pe, cq, pe, dq,
pe, fq, pe, gq, pe, [ ]q, pf, [ ]q, pg, [ ]qu

Table 4.2: The always-after relation possessed be each operator in T dev.

Rab
T dev

pνq

ν “

n9 H

n3 tpc, bq, pc, dq, pb, dqu

n2 tpc, bq, pc, dq, pb, dq, pb, eq, pc, eq, pd, equ

n0 tpa, bq, pa, cq, pa, dq, pa, eq, pa, fq, pa, gq, pb, dq, pb, eq, pb, fq, pb, gq,
pc, bq, pc, dq, pc, eq, pc, fq, pc, gq, pd, eq, pd, fq, pd, gqu

nr tp| ą, [ ]q, p| ą, aq, p| ą, bq, p| ą, cq, p| ą, dq, p| ą, eq, p| ą, fq, p| ą
, gq, pa, bq, pa, cq, pa, dq, pa, eq, pa, fq, pa, gq, pa, [ ]q, pb, dq, pb, eq, pb, fq,
pb, gq, pb, [ ]q, pc, bq, pc, dq, pc, eq, pc, fq, pc, gq, pc, [ ]q, pd, eq, pd, fq,
pd, gq, pd, [ ]q, pf, [ ]q, pg, [ ]qu

Table 4.3: The always-before relation possessed be each operator in T dev.
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Req

T dev
pνq

ν “

n9 tf, gu

n3 tpb, c, dqu

n2 tpb, c, dq, pequ

n0 tpa, f, gq, pb, c, dq, pequ

nr tp|ą, a, f, g, [ ]q, pb, c, dq, pequ

Table 4.4: The equivalence relation possessed be each operator in T dev.

After conducting transitive deduction on Raa
T dev

pnrq, R
ab
T dev

pnrq, and Req

T dev
pnrq, we are able

to obtain Raa
T dev

, Raa
T dev

, and Req

T dev
respectively as shown in the last column of Table 4.5. Then

we compare these relation constraints in T dev to corresponding Raa
Le

, Raa
Le

, and Req
Le

that we
gained from SpLeq, which is presented in the middle column of Table 4.5. By doing so, we can
calculate the precision and recall for each relation type, and finally our three quality metrics.

SpLeq T dev

always-after tp|ą, a, q, pa, bq, pb, dq, pc, dq,
pd, [ ]q, pe, bq, pf, [ ]q, pg, [ ]qu

tp| ą, a, q, pa, cq, pb, dq, pc, bq,
pd, fq, pd, gq, pe, cq, pf, [ ]q
pg, [ ]qu

always-before tp|ą, a, q, pa, bq, pa, cq, pb, dq,
pd, eq, pd, fq, pd, gq, pd, [ ]qu

tp| ą, a, q, pa, cq, pb, dq, pc, bq,
pd, eq, pd, fq, pd, gq, pf, [ ]q,
pg, [ ]qu

equivalence tp| ą, a, [ ]q, pbq, pcq, pdq, peq,
pfq, pgqu

tp| ą, a, f, g, [ ]q, pb, c, dq,
pequ

Table 4.5: The comparison of three relations possessed in SpLeq and T dev respectively.

The precision and recall for each relation type in our candidate process tree Tdev is calcu-
lated as follows:

PrecisionRaa
Tdev

“
4

4` 5
« 0.4444

RecallRaa
Tdev

“
4

4` 4
“ 0.5

PrecisionRab
Tdev

“
6

6` 3
« 0.6667

RecallRab
Tdev

“
6

6` 2
“ 0.75
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PrecisionReq
Tdev

“
1

1` 2
« 0.3333

RecallReq
Tdev

“
1

1` 6
« 0.1429

As discussed in Section 4.4, we further average the precision and recall for each relation
type. This results in 0.472, 0.708, and 0.238 which are the three quality scores regarding
always-after, always-before and equivalence relations respectively in our candidate process
tree Tdev, in regard to the alignment to SpLeq.
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Chapter 5

Implementation

We have implemented the alignment evaluation between a log skeleton and a process tree as a
self-standing plug-in in the open-source framework for process mining called ProM1,2 [10]. We
have also extended the Evolutionary Tree Miner package in ProM for realizing the ETMdls
algorithm, by adding our new alignment checking implementation into it. Details regarding
these implementations are explained in this chapter using the following structure. In the
beginning of Section 5.1, we first provide a walk-through of the graphical user interface for
our evaluation algorithm implemented in ProM. Then the second part of Section 5.1 further
discusses the usage of the underlying code. The implementation of the ETMdls algorithm is
described in Section 5.2.

5.1 Walk through of the Evaluation Algorithm

Before extending the evaluation phase of the ETM framework for effectuating our ETMdls
algorithm, we have implemented the alignment checking between a process tree and a log
skeleton as a stand-alone plug-in in ProM, separate from the ETM. One of the benefits for
doing this is that this way we are able to test and validate the evaluation process prior to
integrating it into the ETM framework. In addition, this also provides the possibility for
converting a log skeleton to a process tree in another evolutionary framework or even using a
completely different approach in the future. The graphical user interface of the implemented
plug-in in ProM is discussed in Section 5.1.1. The alignment evaluation can be of course also
executed via underlying code directly. This together with the explanation of some critical
parts of the code are presented in Section 5.1.2.

5.1.1 Usage via the GUI

After launching ProM, and loading a process tree as well as a log skeleton into it, we can use
the two process models together as the input for activating our alignment checking plug-in.
The name of the plug-in is Evaluate a process tree on its alignment with a log skeleton. Three
variants respecting this plug-in can be found, as can be seen in Figure 5.1. Currently the

1http://www.promtools.org/
2Although it has been implemented in ProM, the reader should be aware that our plug-in is not (yet)

available to the public in ProM as we needed to ’hack’ into the ETM.
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version with ‘default parameter’ is selected by us. The other two variants can be used when
extension is needed.

Figure 5.1: Plug-in for alignment checking between a process tree and a log skeleton in ProM.

As an example, we would like to reproduce the evaluation instance that we have discussed
in Section 4.5. By running the plug-in with process tree T dev and log skeleton SpLeq, we are
able to obtain the conformance metrics in output which is shown in Figure 5.2. As can be
seen, the output result from our plug-in is identical to the content shown in Table 4.5 and
its following calculation. Moreover, the plug-in output presents an overall alignment score in
the end that averages the three individual quality metrics. The constraint relations in the
two models that are either false positive or false negative are also provided for the respective
individual quality metrics.

5.1.2 Usage via code

Checking the alignment between a process tree and a log skeleton using the algorithm dis-
cussed in Chapter 4 can also be done via code in Java. This is realized by the CompareProcess-
Tree2LogSkeleton class in the ProM XiaoqingHu package. The essential steps for a user
to run the algorithm from the code is comparable to running the plug-in from the graphical
user interface, i.e, the user needs to first load a process tree and a log skeleton and then launch
the appropriate method with the loaded process tree and log skeleton as actual parameters.
The output in console after running the program via code provides similar information as from
the graphical user interface in ProM. Appendix A shows the output of running the alignment
evaluation between T dev and SpLeq through code as an example.
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Figure 5.2: Result from the alignment checking plug-in in ProM.

We also would like to explain some details of the underlying code. The implementation of
the alignment evaluation algorithm (i.e., the CompareProcessTree2LogSkeleton class)
includes mainly four parts. First, we convert the provided process tree into the native process
tree structure as used by the ETM framework, called NAry trees. (Appendix B provides
an example NAry tree and its corresponding process tree). Then, NAryTreeRegister
computes the required information for this NAry tree. That is, we compute the execution
certainty, execution universal, and execution counting for each node in the tree from the
largest index to the smallest index (i.e., from the bottom right node to the root). To do
so, we are able to extract the three activity relations, Raa

T , Rab
T and Req

T , corresponding to
each node-block in the original process tree, following the rules in Chapters 4.2 and 4.3.
The relations that hold for the process tree are then the relations that hold for its root
node. In the third step, we compute these relations for the provided log skeleton by calling
LogSkeletonRegister. This computes the Raa

L , Rab
L and Req

L relations for the log skeleton.
Lastly, the ConformanceMetric computes the three quality metrics for the provided process
tree and the provided log skeleton, based on the always-after, always-before, and equivalence
relations in the tree and skeleton.
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5.2 Walk through of the ETMdls Algorithm

Recall that the ultimate goal of this thesis is to propose an implementation that converts
a log skeleton into a process tree. That is, to realize our ETMdls algorithm introduced in
Chapter 3 and Chapter 4. In order to achieve this, we extend the existing ETMd algorithm,
which is an implementation of the ETM framework and has an existing implementation in
ProM, majorly with its quality metrics calculation. In the remainder of this section, we
discuss how we convert ETMd into ETMdls for the use of our purpose. We also provide a
brief walk-though for the ETMdls algorithm implemented in ProM as a plug-in.

5.2.1 Transforming a Log Skeleton into an XLog

The ETMd algorithm requires an event log (the XLog class)[5, 19, 20] as its input since it
is aimed to discover a process tree from this event log. In fact, the ETMd algorithm only
needs the event log for two tasks. Firstly to determine the set of possible activities for (re-
)constructing the population. Secondly to replay the event log on the process tree at hand for
evaluation. As we aim to replace the second use by our own log-skeleton-based evaluation,
to be able to reuse the other part of the ETMd implementation to the largest extent, we
only need the event log for the first purpose. Therefore, we introduce a transformation from
a log skeleton to a very simple event log, prior to extending the ETMd algorithm with our
log-skeleton-based quality evaluation.

The general idea of the transformation is straightforward: we create a log with a single
trace that contains every activity present in the log skeleton in some sequence. This proper but
small log together with the log skeleton itself forms a subclass of XLog, named XLogSkeleton.
We can then feed such an extended event log into the ETM. Only when evaluating the log
and the candidate process tree in ETMd, we need to evaluate the log skeleton contained in
the XLogSkeleton and the process tree instead in our ETMdls algorithm. We build a simple
plug-in in ProM that realizes aforementioned transformation. The name of the plug-in is
Convert Log Skeleton to XLogSkeleton (XLog). The underlying code regarding this function
can be found in XLogSkeleton class.

5.2.2 From ETMd to ETMdls

To construct the ETMdls algorithm, we extend the ETMd algorithm by implementing three
new quality metrics defined in Chapter 4. The LSAlwaysAfterAlignment, LSAlways-
BeforeAlignment, and LSEquivalenceAlignment classes implement the computation
of the three quality metrics. Following the extension rule stated in [5], each of the classes
extends the abstract quality metric Java class TreeFitnessAbstract in the ETM package,
and implements the getFitness method in the class based on its corresponding type of
relation. The actual steps of computing each quality metric are comparative to that in
CompareProcessTree2LogSkeleton class that we have discussed in Section 5.1.2. These
three classes for alignment quality metrics are added in the ETM/fitness/metrics package
imported locally3.

3We tried to add these metrics to the ETM by implementing them directly in our XiaoqingHu package
according to [5], but that that did not work as expected. As a result, we had to implement them in our local
copy of the ETM package
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Note that the original ETMd algorithm, or the ETM framework in general, allows for
other than the four process tree operators (i.e., Ñ , ^, ˆ, 	 -operators) included in this
thesis in its candidate process trees. For example, a process tree involved in ETMd may
contain an interleaved operator and/or an or operator. To avoid these additional operator
types create problems for our alignment evaluation, when registering an NAry tree through
NAryTreeRegister, we ensure that all those additional operator types are registered as an
^-operator instead.

It is possible to further extend our ETMdls algorithm by adding more quality metrics that
measure the alignment of other constrain relations in the models. If such implementation still
employs the concept of execution certainty and execution counting, then it could be more
straightforward to extend the algorithm in NAryTreeRegister than implementing one
or more another new algorithms. Whereas if it is not the case, separate implementation
of the new concept is needed. The newly added quality metrics should also in a format
stressed in [5], like LSAlwaysAfterAlignment or the other two, before being put into
the ETM/fitness/metrics package. If there is a need to modify/enhance the rules that
we introduced in Chapter 4.2 and 4.3 aiming to extract the three relations discussed in this
thesis, only the method computeRelations() in the NAryTreeNodeRegister class has
to be adapted accordingly.

5.2.3 Usage via the GUI

After implemented LSAlwaysAfterAlignment, LSAlwaysBeforeAlignment, and LS-
EquivalenceAlignment quality metric classes in the ETM, we are able to obtain our
ETMdls algorithm. The graphical user interface of the ETMdls algorithm is configured as
the plug-in called Mine a Process Tree from a Log Skeleton (in XLogSkeleton format) with
ETMdls in ProM.

We take the log skeleton SpLeq in Figure 4.7 as an example. We would like to mine a
process tree from SpLeq by using the plug-ins that we have implemented. The desired result
is supposed to be a process tree identical, or at least similar, to Te in Figure 4.8.

In the first stage of the discovery process, we transform the log skeleton SpLeq into an
extended log skeleton (XLogSkeleton) file as we have discussed in Section 5.2.1. Subsequently,
we use this extended log skeleton as the input of Mine a Process Tree from a Log Skeleton
(in XLogSkeleton format) with ETMdls plug-in. After we select ‘start’ to launch the plug-in,
a number of wizard screens pop up sequentially. The first wizard that requires user inputs
is for setting general parameters in respect of the ETM framework, as is shown in Figure
5.3a. In this example we set population size as 50 and elite count equals 12. The setting of
event classifier as well as message interval are left as default. Then, the next wizard, shown
in Figure 5.3b, allows us to configure the quality evaluation in the ETM. Since in our case we
are considering ETMdls specifically, we remove all the default quality metrics, which serves
for ETMd, by selecting ‘ˆ’ in each metric box, and add the three quality metrics required
for the ETMdls by selecting each of them from the drop-down box and then choosing the ‘+’
button. The wizard also allows us to assign different weights to respective quality metrics,
but in this case we maintain the equal weights between the three metrics. We also keep the
default setting concerning CPU usage during calculation. After that wizard screen, we are
led to another wizard that serves for setting termination requirements of the ETM. Figure
5.3c presents the default setting on this setting category. These all are left unchanged in our
example case, except maximum generation to which a value of 5000 is assigned. In the end,
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the last wizard screen, shown in Figure 5.3d, aims to specify all the evolutionary operators.
We set 0.5 to both rates of crossover and of random tree creation. The other parameters in
this wizard are left to default settings. (Kindly note that the more detailed configuration
concerning various parameters in ETMd algorithm can be found in [5].)

(a) general settings (b) quality evaluation settings

(c) termination settings (d) change operator settings

Figure 5.3: ETM parameter wizard screens.
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Figure 5.4: A process tree T 1e discovered from SpLeq using the ETMdls implementation.
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By selecting the ‘start’ bottom, our ETMdls plug-in starts executing immediately. During
the execution of the plug-in, the quality metrics of each generation throughout the evolution-
ary process can be seen from the Activity screen in ProM. Eventually, one of the optimal
results that is generated for our aforementioned input and settings may be the process tree
as shown in Figure 5.4. This process tree, T 1e, is perfectly aligned with SpLeq regarding
always-before relations and equivalence relations between its activities, since both of the cor-
responding quality metrics score at 1. Whereas this process tree holds 0.875 for both precision
and recall of its always-after relations. The deviations are: in the discovered process tree there
exists one false positive constraint pc, bq P Raa

T 1
e
, while pc, dq P Raa

SpLeq
is a constraint relation

that exists in the log skeleton SpLeq but it does not exist in T 1e.
It is worth noticing that as evolutionary algorithm is an unstructured/undeterministic

approach, it is most likely that each run produces a different result. That is to say, with
the same input log skeleton and the same parameters setting we may end up having different
process tree with varying qualities. Therefore, experiments are required to examine which
combinations of parameters are the best for the input model in terms of the average quality
of the final outputs as well as the time efficiency.
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Chapter 6

Assessment

In this chapter, we would like to investigate the effectiveness of the ETMdls algorithm in
ProM by conducting an experiment. Section 6.1 describes the input and settings of our
experiment. Then, the results of executing the ETMdls algorithm on the input log skeletons
are present and discussed in Section 6.2. This is followed by Section 6.3 where we investigate
the effectiveness of the ETMdls algorithm on the input models with different behavioral
characteristics. Lastly, analyses of how well the resulting process trees fit the original event
log and process models provided by PDC are illustrated in Sections 6.4 and 6.5.

6.1 Experiment Settings

We employ 20 different log skeletons: 10 resulting from the PDC of 2016, and 10 that actually
participated in the PDC of 2017. Each of these log skeletons was derived from the respective
event log1 provided by PDC. We number these log skeletons in accordance with the numbering
of their origin event logs, for example, Log skeleton 2017{1 refers to the log skeleton that is
derived from the first (training) event log from PDC 2017. The advantage of using these log
skeletons in our experiment input is that we can verify our ETMdls algorithm by replaying
the original event logs on the discovered process trees. In addition to this, PDC also provides
the process models (in BPMN diagram) that were used to generate the original (training)
event logs. These models can be our references to which we can compare our discovered
process trees. Since the performance of the log skeletons was nearly perfect in the process
discovery and classification tasks on these PDC event logs, we consider the process behaviors
in each original model to be practically equivalent with that in the derived log skeleton used
as our input. That is to say, if our ETMdls discovers a process tree with quality metrics all
equal to 1, then it could be expected that the process tree possesses mostly the same behavior
characteristics as its corresponding original process model.

As we have mentioned previously that due to the non-deterministic property of an evol-
utionary approach, the optimal solution we obtained from our ETMdls algorithm may vary
each each time we run it with the same input. To adequately examine our ETMdls algorithm,
we decide to run our ETMdls 10 times in succession on each of the 20 log skeletons, meaning
that 200 experiment runs are executed and the same numbers of process trees are generated
in total. For each experiment run, we set identical perimeters: population size is 100 with 25
elites; three quality metrics have equal weight to each other; maximally 10000 generations is

1Can be accessed from the PDC website consisting of training log and testing log
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allowed with crossover rate and random tree creation rate at 0.5 and 0.33 respectively. The
remaining parameters are left to default settings.

The discovered process tree of each experiment run is recorded together with its three
quality scores each consisting of precision and recall. An overall score taking the average of
these three quality scores is calculated as well where the three are equally weighted. When
interpreting the results, we always refer to the discovered process tree with a high overall
score as the result with high quality. In addition, the evolution log is recorded for each run
of ETMdls which contains the information regarding the quality metrics and time stamp of
each generation in the evolutionary process.

The experimental results presented in this chapter were obtained by running the ETMdls
algorithm on two dedicated machines. Experiments are conducted on servers with 2 ˆ Intelr

Xeonr processor E5-2407 v2 2.40 GHz. Each server contained 64 GB memory and ran
Windows Server 2016 (64-bit).

6.2 Discover Process Trees from PDC Log skeletons

Figure 6.1 shows the respective average quality score2 of the process trees discovered for each
of the 20 log skeletons, by applying the ETMdls algorithm with above-mentioned experiment
settings. As we can see, for most of the log skeletons, their corresponding process tree solutions
have mean quality scores of 0.7 or above. This leads to a general average at approximately
0.798 for all those 200 process trees. The process trees built on Log skeleton 2017/7 have the
best average quality which scores almost 1. Next to that, the process trees discovered from
Log skeletons 2016/6, 2016/8 and 2017/2 also possess high quality, scoring of above 0.9 on
average respectively. By contrast, the ten process trees converted from Log skeleton 2017/3
have the lowest average quality score that fails to reach 0.6.

In terms of the stability of the results, ETMdls algorithm, as an evolutionary approach,
shows a fairly reasonable performance. The quality scores of the process trees constructed
based on Log skeleton 2016/2 seems to have the largest fluctuation, with standard deviation
being higher than 0.1. The process trees transformed from Log skeletons 2016/3 and 2017/7
respectively appear to be the third and second steadiest clusters. The latter are also the results
with nearly perfect average quality, which suggests that the log skeletons of the similar type
may be particularly suitable for discovering a process tree from it using ETMdls algorithm. It
is, however, the opposite case for the log skeletons like 2017/3 which seemingly has identically
poor alignment with its resulting process trees: transforming this type of log skeletons to the
process trees using ETMdls may be not effective.

Figure 6.2 illustrates the distribution of the discovered process trees over the three quality
dimensions as well as the overall score. It is noteworthy that a great majority of the process
trees score between 0.8 to 1 whilst none has a score below 0.5 regarding the quality metric for
equivalence. This suggests that most of the equivalence constraints in the log skeletons are
well preserved through the conversions using ETMdls. However, the always-after and always-
before relations seem to be difficult to be evolved in some cases through the limited evolution
in our experiment, having more results score below 0.6 compared with that of the equivalence
relation. The distribution of the overall scores on the resulting process trees appears to be
in a unimodal shape (similar to a normal distribution). With the benefit of the guaranteed
conservation of equivalence relation, it falls in between 0.5 and 1 with a peak just close to 0.8.

2The detailed quality scores for the 200 discovered process trees are present in tables in Appendix C
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Figure 6.1: The average quality metric (˘1 standard deviation) for the process trees discovered
from each of the 20 log skeletons from PDC, using ETMdls.

Figure 6.2: Distribution of the 200 resulting process trees over the three quality scores,
regarding the constraint relations, as well as the overall quality score.
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It is worth noting that, like other evolutionary approaches, the quality of the solutions
produced by ETMdls algorithm most likely vary according to the experiment settings. For
example, it is logical to assume that if much more generation is allowed in the ETMdls with
other settings staying the same, the quality scores could be improved in comparison with the
results showing in Figures 6.1 and 6.2.

Figure 6.3: The execution time of each experiment run.
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The execution time of each experiment run is visualized in Figure 6.3. There are 200
nodes in the plot each represents one experiment run. The executions for each of the 20
log skeletons are clustered in one of the 20 rows. Recall that the ETMdls is run 10 times
consecutively in a single ProM-instance for each log skeleton. We use stepped color on a
node to indicate which run (from 1 to 10) is it for the log skeleton it aims at. As the figure
indicates, the running times for the 200 executions range from just few minutes to almost an
hour. The experiment runs for discovering process trees from Log skeleton 2017/7 appears
to have particularly less time cost than the others. These cases were terminated by the fact
that the target fitness (i.e., the overall score equals 1) is reached. Such terminations can also
be found in the executions that are based on Log skeletons 2016/6 and 2016/8. Beyond this
factor, roughly 30 minutes seems to be the average time running ETMdls on the majority of
the log skeletons. It can also be noticed that most of the “later” (5 to 10) runs took longer
time than the others. We consider this is most likely due to resource (e.g. memory) issues
but not the algorithm itself.

In the following, we choose to present four process trees that are discovered from Log
skeletons 2017/7, 2017/2, 2016/6, and 2017/3 respectively, as the examples among all 200
results. Figures 6.4 and 6.5 show the former two process trees which are among the best
solutions in the experiment concerning the alignment with the input log skeleton. As we can
see, either of the two process trees contains a rich tree structure, holding a depth of 7. This,
in a way, helps them to retain most of the constraint relations that hold in their respective
origin log skeletons. By contrast, the latter two process trees, showing in Figures 6.6 and 6.7,
can be considered being derived from the poorest conversions in the 200 experiment runs.
The result presenting in Figure 6.7, especially, appears to be uncommonly simple. Only two
activities and two operators existing in the tree makes it trivial, with a fairly low overall
quality score. In comparison, Figure 6.7 presents a process tree with similar richness to those
of the trees in Figures 6.6 and 6.5, whilst still scores relatively low, just slightly higher than
the score of the process tree in Figure 6.7.
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Figure 6.4: One of the process trees dis-
covered from Log skeleton 2017/7.
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Figure 6.5: One of the process trees dis-
covered from Log skeleton 2017/2.
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Figure 6.6: One of the process trees dis-
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Figure 6.7: One of the process trees dis-
covered from Log skeleton 2017/3.

3The overall quality score averaging the scores of always-after, always-before and equivalence. Same for
the other process trees.
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Figure 6.8 shows the overall quality development of the four aforementioned process trees
over the entire 10000 generations. Different from the two of the poorest runs, the two runs
for discovering the high-quality process trees demonstrated more aggressive climbing patterns
concerning the quality development in the first 1500 generations. The run that eventually
discovered the tree in Figure 6.6 also performed an increasing upward trend regarding the
result quality in the first 4000 generations; however, the rising was too gentle to counteract
the lag caused by its considerably low candidate quality at the beginning. The experiment
run that only discovered the trivial result in Figure 6.7 was suffering a stagnant evolution,
with a negligible progress in the early generations.

Figure 6.8: The overall quality evolution, in all 10000 generations, of the four experiment
runs resulting in the process trees showing in Figure 6.4, Figure 6.5, Figure 6.6 and Figure
6.7. These experiment runs aim for converting Log skeletons 2017/7, 2017/2, 2016/5, 2017/3,
respectively.
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Figure 6.9 provides a deeper insight of the overall quality development of the four process
trees in the beginning 1000 generations. In this figure, the different patterns of the four
different runs can be distinguished more visually than in Figure 6.8. It seems to suggest that
the experiment runs that ended up with a high quality process trees had already established
a good portion of their excellence, reaching 0.8 or above on the fitness quality, by the first
thousand generations of the the evolution.

Figure 6.9: The overall quality evolution, in the first 1000 generations, of the four experiment
runs resulting in the process trees showing in Figure 6.4, Figure 6.5, Figure 6.6 and Figure
6.7. These experiment runs aim for converting Log skeletons 2017/7, 2017/2, 2016/5, 2017/3,
respectively.
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6.3 Investigation on Different Application Effectiveness

In the above section, we have seen that when applying ETMdls algorithm on different input
log skeletons, the overall quality of the discovered process trees sometimes vary significantly. It
is worthy of attention that this possibly implies the ETMdls algorithm may have a preferable
application context, i.e., some types of log skeletons can be converted to corresponding process
trees of good behavior alignment using ETMdls, whilst for some others it is not the case.
Therefore, an investigation is conducted in this section.

PDC shares the documents4 that discuss the behavioral characteristics of the process mod-
els from which the provided event logs were generated. According the information, sequences,
exclusive choices and parallel executions are the three behaviors contained in all the models.
An exclusive choice, specially, can be further characterized by whether it is with balanced
paths or not. If an exclusive choice is balanced, each mutually exclusive set of activities has
equal probability of being executed in any run of the process. If it is unbalanced, then one set
has a 90% chance of being chosen and the other sets together have 10%, with each of them
having the same probability. In one process model, either all decision points are balanced or
they are not altogether.

Besides the optional balanced paths among exclusive choices, each of the models can also
optionally contain some other different behavior characteristics, such as loops and optional
activities. The complete elective behavior characteristics and patterns in the original process
models are listed in the following:

Loops (L)
Optional Activities (OA)
Inclusive Choices (IC)
Recurrent Activities (RA)
Long-term Dependencies (LD)
Balanced Paths (BP)

Table 6.1: The optional behavioral characteristics of the process models.

Based on the information provided by PDC, each event log is able to fully demonstrates the
behavioral characteristics of its origin process model. We summarizes what optional behavior
patterns are included in each of the PDC event logs in Table 6.2 below. Since our input log
skeletons are respectively derived from these event logs, the behavioral characteristics hold in
each event log (or the origin process model) are considered to be also reflected on the derived
log skeleton. By studying this table, we are able to have the approximate knowledge of what
characteristics does the input (log skeleton) of each experiment run possess. We list the log
skeletons by the order depending on the average quality of their resulting process trees. For
example, the process trees converted from Log skeleton 2017/7 have the best average quality,
thus we place this log skeleton on top of the others in the table. A dash line can also be seen in
the table, above which the 8 log skeletons are those can be converted to the process trees that
own an average score of 0.85 or above (which could be considered as decent results). It appears
to indicate that the ETMdls algorithm performs fairly well if it encounters recurrent activities.
For all the 8 log skeletons having recurrent activities, 5 are above the dash line. Similarly,
three fourth of the “top 8” log skeletons are with balanced path makes the latter one of the

4Can be found in Appendix D.
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Log skeleton
L OA IC RA LD Bp

/ Event log

2017/7 ‚‚‚ ‚‚‚ ‚‚‚

2017/2 ‚‚‚ ‚‚‚ ‚‚‚

2016/6 ‚‚‚ ‚‚‚ ‚‚‚

2016/8 ‚‚‚ ‚‚‚ ‚‚‚

2017/10 ‚‚‚ ‚‚‚

2017/5 ‚‚‚ ‚‚‚ ‚‚‚

2017/4 ‚‚‚ ‚‚‚

2017/8 ‚‚‚ ‚‚‚ ‚‚‚

2017/1 ‚‚‚ ‚‚‚

2017/9 ‚‚‚ ‚‚‚

2016/4 ‚‚‚ ‚‚‚

2016/2 ‚‚‚ ‚‚‚ ‚‚‚

2016/10 ‚‚‚ ‚‚‚

2016/1 ‚‚‚ ‚‚‚

2017/6 ‚‚‚ ‚‚‚ ‚‚‚

2016/3 ‚‚‚ ‚‚‚

2016/9 ‚‚‚ ‚‚‚

2016/7 ‚‚‚ ‚‚‚ ‚‚‚

2016/5 ‚‚‚ ‚‚‚ ‚‚‚

2017/3 ‚‚‚ ‚‚‚

Table 6.2: The optional behavioral characteristics that are included in each event log{log
skeleton. The event logs{log skeletons are listed in a descending order based on the average
quality of the process trees derived from them. The 8 log skeletons, from which the process
trees scored higher than 0.85 on average were discovered, place above the dash line.

other favorable factors of the ETMdls algorithm. Long-term dependencies, however, seems to
have a negative effect on the quality of the results yielded from the ETMdls, with none of the
“top 5” log skeletons having this behavioral pattern. We examine the original process models
provided by PDC that contain long-term dependencies. Evidently, these models all possess
a large number of nearly identical fragments, which are also enormous in size, being parallel
to each other. It is no wonder that this feature of the process models is difficult to be seized
by the ETMdls, since the probability to construct multiple large and almost same sub-trees
(i.e. blocks) would be extremely low through the evolutionary process. The other behavioral
characteristic that is possibly unfriendly to the ETMdls is optional activity. Nonetheless,
the log skeleton from which the second best 10 process trees were discovered also has this
characteristic. The remaining behavioral patterns on the table seems probably do not affect
the result quality of the ETMdls algorithm too much.
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6.4 Fitness Replay on the Best Process Trees Discovered

In this section, we aim for verifying the ETMdls algorithm. We would like to investigate
whether those resulting process trees with high quality scores are indeed possessing good
alignments with their original process models. Given that the input log skeletons nearly
perfectly represent the process behaviors in the PDC event logs5, we replay the event logs on
the corresponding discovered process trees. Such fitness replay (can be also called alignment-
based conformance checking) has many successful implementations existing on ProM. Among
them, the plug-in Replay a Log on Petri Net for Conformance Analysis (with ILP-based
replayer algorithm) is employed by us, after transforming the process trees into corresponding
Petri Nets6.

For simplicity, here we only present the fitness replays of the two process trees shown
in Figures 6.4 and 6.5. The two process trees were discovered from Log skeletons 2017/7
and 2017/2 respectively. In following that, the detailed scores regarding replay fitness, replay
precision and replay generalization for all the ten process trees discovered from each of the
two log skeletons are summarized in a table.

Figure 6.10 shows the overall result of the fitness replay on the process tree shown in Figure
6.4. As can been see in the resulting Petri net, each transition has a color bar underneath.
This color bar indicates frequency of the synchronous/nonsynchronous model move. The
ratio of the synchronous model move is indicated by the length of the green color whilst the
portion of the move only on the process tree is represented by the length of the red color.
Invisible transitions (i.e., salient transitions that are invisible by the executions) are colored
black. The places marked yellow are where move only on the log occurred.

Figure 6.10: The result of fitness replay on the process tree (Fig. 6.4) discovered from Log
skeleton 2017/7.

The result of the fitness replay generally demonstrates a very good move-model fitness
between the resulting model and the event log. It shows that almost every visible transition
in the resulting model is perfectly align with the behavior recorded in the event log, with most
of full green in the color bars. The only two visible transitions that are not in accordance with
the log move are the transitions h and e highlighting in red frames. Figure 6.11 magnifies
the segment of the process, where 34 out of 363 moves occurred on the transition h on the
model only. Beyond that, the transition e seems to be needless at this part of the process
model as all 93 moves only took place on the model. Regarding the move-log fitness in the

5The provided training event log excluding noisy trace
6The ProM plug-in Convert Process Tree to Petri Net written by S.J.J. Leemans is used
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Figure 6.11: The zooming-in result of fitness replay on the process tree (Fig. 6.4), showing
the two model move transitions particularly.

overall fitness replay, 5 out of 18 places in the resulting Petri net are colored in yellow, which
appears to indicate that although most of the moves occur in the event log also happen in the
process model synchronously, a portion of the behaviors in the log are barely demonstrated
in the model.

The result of replaying Event log 2017/2 on the process tree displayed in Figure 6.5 is
present below in Figure 6.12. Similar to the fitness result showing in Figure 6.10, a solid move-
model alignment is also demonstrated in this fitness replay. We can see that all the transitions
in the resulting Petri net have their corresponding move appear in the event log. However, 5
out of 11 places in the model that occur only on the log suggests that the discovered model is
slightly less representative from its original event log, in comparison with the previous process
model. This is indeed the case in regards to the quality scores showing in Figures 6.4 and 6.5
respectively.

Figure 6.12: The result of fitness replay on the process tree (Fig. 6.5) discovered from Log
skeleton 2017/2.

Table 6.3 presents specific scores of the alignment replays for all the executions runs on
Log skeletons 2017/7 and 2017/2. The last three columns highlighted in gray color are three

56 Discovering Process Models from Log Skeletons Using an Evolutionary Approach



CHAPTER 6. ASSESSMENT

LS Run
move-model move-log replay7 replay replay

fitness fitness fitness precision generalization
2017/7 1 0.981 0.777 0.857 0.997 1.000

2 0.975 0.738 0.797 0.485 0.999
3 0.989 0.717 0.811 0.992 0.999
4 0.839 0.742 0.782 0.887 0.999
5 0.856 0.842 0.836 0.893 1.000
6 1.000 0.709 0.794 0.380 1.000
7 1.000 0.792 0.877 0.958 1.000
8 0.698 0.757 0.708 0.815 0.975
9 0.875 0.742 0.801 0.824 0.999
10 1.000 0.795 0.879 0.921 1.000

2017/2 1 1.000 0.381 0.495 0.877 1.000
2 1.000 0.452 0.549 0.875 1.000
3 0.994 0.437 0.540 0.938 1.000
4 0.850 0.304 0.389 0.910 1.000
5 0.976 0.426 0.521 0.921 1.000
6 0.999 0.460 0.556 0.927 1.000
7 0.922 0.492 0.543 0.872 1.000
8 0.961 0.502 0.572 0.898 1.000
9 0.952 0.547 0.605 0.880 1.000
10 0.999 0.381 0.495 0.919 1.000

Table 6.3: The replay fitness in scores from the experiment on Log skeletons 2017/7 and
2017/2

of the principal scores [6] for indicating how good are the process models discovered by the
ETMdls algorithm aligning with the original process event logs provided by PDC. Among
these three, replay fitness is correlated with the scores of move-mode fitness and move-log
fitness. The latter are also listed in the table. Consistent with the results showing in Figures
6.10 and 6.12. We can see that most of the results have an excellent move-model fitness and a
relatively mediocre or even low move-log fitness. This suggests that the ETMdls algorithm is
able to accurately reproduce some portion of the cases recorded in the original event log but
not all of them. The superior scores of replay precision and replay generalization for almost
every resulting process model indicate that the ETMdls guarantees to allow only minimally
more behavior than seen in the original event log at the same time that it is able to reproduce
future behavior of the process.

6.5 Visual Comparison on the Best Process Trees Discovered

In addition to the fitness replay, as PDC also shares the process models from which the
aforementioned event logs were generated, we would like to visually compare the original
(i.e., “perfect”) process models to the models that are discovered from the log skeletons using
the ETMdls algorithm. Again, as examples, we present the visual comparison for the two of
the best results shown in Figure 6.4 and 6.5 that were converted from Log skeletons 2017/7

7Note that we refer to average trace fitness as replay fitness in the fitness replay.
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and 2017/2.

Figures 6.13 and 6.14 in the following respectively show the original process model in
BPMN diagram for Log skeleton 2017/7 and the BPMN diagram of the process tree in Figure
6.4 that is discovered from the same log skeleton, respectively. As can be seen, the beginning
parts of the two process models, each starting from the initial place to the first parallel join,
are exactly identical. The deviation of the discovered model starts with its first exclusive
gateway and towards the end. In comparison with the original model, these differences seem
to be mainly caused by the lack of the three pairs of inclusive gateways in the former. In
fact, inclusive choice operator is not included in the candidate process trees of our ETMdls
algorithm, although the resulting process trees or the process models in general may contain
the similar behavior of such inclusive patterns.

The original process model for Log skeleton 2017/2 is shown in Figures 6.15. In following
that, Figure 6.16 shows the corresponding BPMN diagram of the process tree in Figure 6.5,
converted from Log skeleton 2017/2. Obviously, the original process model of Log skeleton
2017/2 is in a horizontally long and narrow shape; however, the discovered process model in
the next figure is more expanded vertically. The major reason behind this appears to be the
different interpretation of the exclusive choices in the process. As can be seen, the discovered
process model offers more options for each exclusive choice than the original process model
does. The seemingly more significant difference between these two process models than that
of the previous two shown in Figures 6.13 and 6.14 is correlated with the quality scores as
well as fitness replays discussed in the preceding sections.

Figure 6.13: The original BPMN diagram corresponding to Log skeleton 2017/7, provided by
PDC
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Figure 6.14: The process tree (Fig. 6.4) discovered from Log skeleton 2017/7 in BPMN
diagram
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Figure 6.15: The original BPMN diagram corresponding to Log skeleton 2017/2, provided by
PDC

Figure 6.16: The process tree (Fig. 6.5) discovered from Log skeleton 2017/2 in BPMN
diagram
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Chapter 7

Conclusions

In order to convert a log skeleton to a process tree using an evolutionary approach, we
have defined an alignment evaluation between these two types of models. To be specific, we
have introduced the novel concepts of execution certainty and execution counting. Based on
that, we have defined 7 rules for extracting the always-after, always-before and equivalence
relations from a process tree. By doing so, we are now able to calculate the precision and
recall regarding each of the three relations in the process tree to that in the log skeleton.
Ultimately, three quality metrics are obtained, representing the alignment of the three types
of relations respectively.

We have introduced the ETMdls algorithm on top of the framework of the ETMd. We
have replaced the alignment evaluation, which is based on event logs, in the ETMd algorithm
with our new log-skeleton-based evaluation. The ETMdls algorithm has been implemented in
the ProM that is an open-source framework for process mining. We have also implemented
our evaluation for the alignment between log skeletons and process trees as a self-standing
plug-in in ProM. The quality metrics applied in our evaluation can be also used in other
evolutionary frameworks apart from the ETM, for converting a log skeleton to a process tree.
It could be possible to even apply our evaluation in a completely different approach.

Further, we have conducted an assessment on our ETMdls implementation on the 20
log skeleton participated in the 2016 and 2017 editions of PDC. The assessment experiment
shows positive results in general. Seemingly the ETMdls algorithm is able to preserve most
of the equivalence constraints by limited generations. In comparison, it appears to be slightly
more difficult for retaining the always-after and always-before relations. The results also
indicate that the ETMdls algorithm possesses a strong robustness in respect of recurrent
activities occurring in the process models. However, a process model containing long-term
dependencies may reduce the effectiveness of the ETMdls algorithm. The fitness replays on
the resulting process trees verify that those output models of the ETMdls algorithm with high
quality scores are indeed possessing good alignments with their input log skeletons. For these
“high-quality” conversions, not only the model understandability is considerably improved,
but also most of the original process behaviors are successfully preserved.

Future work

For the process trees employed in this thesis, we have only considered four types of operators,
namely, Ñ , ^, ˆ, and 	 -operators. Although a combination of multiple of these operators
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can approximately describe complex process behaviors such as inclusive choice, more types
of process tree operators can be introduced into the ETMdls algorithm so that the resulting
process trees could be more compact at the same time they would be able to more precisely
describe the given log skeletons. On the other hand, considering relatively inadequate move-
log fitness of the experiment results during fitness replay, more types of the constraint relations
in the log skeletons can be used for being the other quality metrics in the evaluation phase
of our ETMdls algorithm, such as directly-follows and never-together relations.

Regarding the extracting rules that are introduced in this thesis for discovering always-
after, always-before, and equivalence relations in a process tree, although arguments of the
rules’ correctness are given, a more formal proof of these extracting rules and affiliated con-
ditions are desired.

In addition, it might be possible to further refine the“high-quality” conversions by adding
a full fitness replay for them during the evolutionary process. However, it is worth noting
that to do so would highly likely increase much execution time of each evolutionary run.

Lastly, the conversion that we have discussed in this thesis is for translating a log skeleton
to a process tree. Essentially, we have defined a mechanism to extract constraint relations
between the activities in a process tree. This may provide an inspiration for the conversions
that translate other types of declarative models to process trees, or the other way around.
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Appendix A

Console Output of running
alignment evaluation between T dev
and SpLeq through code

number of unique activities: 7
opID; certainty set; universal set; counting; same count:
-2

cer: [0, 1, 2, 3, 5, 6, -16384, -32768]

uni: [0, 1, 2, 3, 4, 5, 6, -16384, -32768]

cou: [t0=1, 1=1000001, 2=1000001, 3=1000001, 4=1000000, 5=1, 6=1,
-16384=1, -32768=1u]

sameCou: [[1, 2, 3], [4], [-32768, -16384, 0, 5, 6]]

0

cer: [0, 1, 2, 3, 5, 6]

uni: [0, 1, 2, 3, 4, 5, 6]

cou: [t0=1, 1=1000001, 2=1000001, 3=1000001, 4=1000000, 5=1, 6=1u]

sameCou: [[0, 5, 6], [1, 2, 3], [4]]

2

cer: [1, 2, 3]

uni: [1, 2, 3, 4]

cou: [t1=1000001, 2=1000001, 3=1000001, 4=1000000u]

sameCou: [[1, 2, 3], [4]]

3

cer: [1, 2, 3]

uni: [1, 2, 3]
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BETWEEN TDEV AND SpLEq THROUGH CODE

cou: [1=1, 2=1, 3=1]

sameCou: [[1, 2, 3]]

9

cer: [5, 6]

uni: [5, 6]

cou: [5=1, 6=1]

sameCou: [[5, 6]]

alwaysAfter pairs in pt in overall

[c, b]

[|>, a]

[a, c]

[b, d]

[d, f]

[d, g]

[g, []]

[f, []]

[e, c]

alwaysBefore pairs in pt in overall

[c, b]

[|>, a]

[d, e]

[a, c]

[b, d]

[d, f]

[d, g]

[g, []]

[f, []]

equivalence activities in pt in overall

[b, c, d]

[e]

[[], a, f, g, |>]

alwaysAfter pairs in ls in overall

[|>, a]
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BETWEEN TDEV AND SpLEq THROUGH CODE

[a, b]

[c, d]

[b, d]

[g, []]

[f, []]

[e, b]

[d, []]

alwaysBefore pairs in ls in overall

[|>, a]

[a, b]

[d, e]

[a, c]

[b, d]

[d, f]

[d, g]

[d, []]

equivalance in ls in overall

[b]

[c]

[d]

[e]

[f]

[g]

[[], a, |>]

Always-after

precision: 0.4444444444444444

recall: 0.5

OverallScore: 0.4722222222222222

False Positive: [c, b] [a, c] [d, f] [d, g] [e, c]

False Negative: [a, b] [c, d] [e, b] [d, []]

Always-before

precision: 0.6666666666666666

recall: 0.75

OverallScore: 0.7083333333333333
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BETWEEN TDEV AND SpLEq THROUGH CODE

False Positive: [c, b] [g, []] [f, []]

False Negative: [a, b] [d, []]

Equivalence

precision: 0.3333333333333333

recall: 0.14285714285714285

OverallScore: 0.23809523809523808

False Positive: [b, c, d] [[], a, f, g, |>]

False Negative: [b] [c] [d] [f] [g] [[], a, |>]

Overall Model

precision: 0.48148148148148145

recall: 0.46428571428571425

OverallScore: 0.47288359788359785
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Appendix B

An Example NAry tree and its
corresponding process tree

The example process tree (i.e., T dev) representation:

PT: Seq(a, XorLoop(Seq(c, b, d), e, ), And(f, g))

The example NAry tree representation:

NT: SEQ( LEAF: 0 , LOOP( SEQ( LEAF: 2 , LEAF: 1 , LEAF: 3 ) , LEAF: 4 , LEAF:
tau ) , AND( LEAF: 5 , LEAF: 6 ) )

T:[SEQ, 0, LP, SEQ, 2, 1, 3, 4, TAU, AND, 5, 6]

N:[ 12, 2, 9, 7, 5, 6, 7, 8, 9, 12, 11, 12]

P:[ , 0, 0, 2, 3, 3, 3, 2, 2, 0, 9, 9]

To be more specific, an NAry tree is represented by 3 arrays, namely, type[ ], next[ ], and
parent[ ], which are denoted by T, N, P, respectively. The root node has index 0 The children
of node m are located at indices m+1 upto but excluding next[m]. The type of node m is
stored in type[m], where a negative constant is a type for an operator node and a semi-positive
value indicates a leaf. The parent of node m is stored in parent[m].

Discovering Process Models from Log Skeletons Using an Evolutionary Approach 69





Appendix C

Experiment Results - Detailed
Quality Scores

Abbreviation:

LS : the Log skeleton

Run : the number of the execution run, each log skeleton has 10 runs

pre. : precision, keeping 3 decimal places

rec. : recall, keeping 3 decimal places

Avg. : the quality score, averaging the precision and recall

T.(min) : execution time in minute, originally was recorded in millisecond
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LS Run
always-after always-before equivalence

Overall T.pminqpre. rec. Avg. pre. rec. Avg. pre. rec. Avg.
2016/1 1 0.735 0.766 0.750 0.727 0.800 0.764 1.000 0.833 0.917 0.810 16.01

2 0.935 0.915 0.925 0.828 0.800 0.814 0.571 0.667 0.619 0.786 25.88
3 0.667 0.255 0.461 0.667 0.400 0.533 1.000 0.667 0.833 0.609 22.27
4 0.853 0.617 0.735 0.846 0.733 0.790 1.000 0.667 0.833 0.786 26.54
5 0.871 0.574 0.723 0.800 0.667 0.733 1.000 1.000 1.000 0.819 35.07
6 0.722 0.553 0.638 0.750 0.700 0.725 1.000 0.667 0.833 0.732 33.93
7 0.774 0.511 0.642 0.815 0.733 0.774 1.000 0.667 0.833 0.750 39.48
8 1.000 0.234 0.617 0.889 0.267 0.578 0.750 0.500 0.625 0.607 40.15
9 0.722 0.553 0.638 0.750 0.700 0.725 1.000 0.667 0.833 0.732 46.29
10 0.769 0.638 0.704 0.778 0.700 0.739 1.000 0.667 0.833 0.759 49.61

2016/2 1 0.385 0.238 0.311 1.000 0.619 0.810 1.000 0.765 0.882 0.668 12.10
2 0.385 0.238 0.311 1.000 0.619 0.810 1.000 0.765 0.882 0.668 15.94
3 0.950 0.905 0.927 1.000 0.952 0.976 0.941 0.941 0.941 0.948 20.57
4 0.333 0.238 0.286 1.000 0.714 0.857 1.000 0.824 0.912 0.685 24.12
5 0.857 0.857 0.857 0.905 0.905 0.905 1.000 1.000 1.000 0.921 31.41
6 0.385 0.238 0.311 1.000 0.619 0.810 1.000 0.765 0.882 0.668 31.86
7 0.385 0.238 0.311 1.000 0.619 0.810 1.000 0.765 0.882 0.668 36.30
8 1.000 1.000 1.000 0.905 0.905 0.905 1.000 1.000 1.000 0.968 43.72
9 0.857 0.857 0.857 0.905 0.905 0.905 1.000 1.000 1.000 0.921 45.56
10 0.333 0.238 0.286 1.000 0.714 0.857 1.000 0.824 0.912 0.685 47.41

2016/3 1 0.917 0.423 0.670 0.833 0.263 0.548 1.000 0.786 0.893 0.704 12.89
2 0.917 0.423 0.670 0.833 0.263 0.548 1.000 0.786 0.893 0.704 16.51
3 0.917 0.423 0.670 0.833 0.263 0.548 1.000 0.786 0.893 0.704 19.92
4 0.929 0.500 0.714 0.857 0.316 0.586 1.000 0.857 0.929 0.743 23.80
5 0.917 0.423 0.670 0.923 0.316 0.619 1.000 0.786 0.893 0.727 28.17
6 0.917 0.423 0.670 0.833 0.263 0.548 1.000 0.786 0.893 0.704 31.31
7 0.917 0.423 0.670 0.833 0.263 0.548 1.000 0.786 0.893 0.704 35.24
8 1.000 0.462 0.731 0.833 0.263 0.548 1.000 0.786 0.893 0.724 39.46
9 1.000 0.462 0.731 1.000 0.342 0.671 1.000 0.786 0.893 0.765 45.45
10 0.917 0.423 0.670 0.833 0.263 0.548 1.000 0.786 0.893 0.704 47.21

2016/4 1 0.955 0.600 0.777 0.938 0.577 0.757 0.833 0.714 0.774 0.769 15.16
2 0.935 0.829 0.882 0.905 0.731 0.818 0.667 0.857 0.762 0.821 29.51
3 0.958 0.657 0.808 0.944 0.654 0.799 0.833 0.714 0.774 0.794 24.34
4 0.955 0.600 0.777 0.938 0.577 0.757 0.833 0.714 0.774 0.769 27.95
5 0.909 0.571 0.740 0.875 0.538 0.707 0.833 0.714 0.774 0.740 31.45
6 0.923 0.686 0.804 0.900 0.692 0.796 1.000 0.857 0.929 0.843 38.08
7 0.955 0.600 0.777 0.938 0.577 0.757 0.833 0.714 0.774 0.769 39.40
8 0.846 0.629 0.737 0.800 0.615 0.708 1.000 0.857 0.929 0.791 45.68
9 0.900 0.771 0.836 0.900 0.692 0.796 0.714 0.714 0.714 0.782 56.25
10 1.000 0.743 0.871 1.000 0.769 0.885 1.000 0.857 0.929 0.895 53.57

2016/5 1 0.650 0.351 0.501 0.600 0.364 0.482 0.917 0.733 0.825 0.602 15.96
2 0.875 0.189 0.532 0.875 0.212 0.544 1.000 0.267 0.633 0.570 17.18
3 0.929 0.351 0.640 0.929 0.394 0.661 0.800 0.533 0.667 0.656 25.07
4 0.833 0.135 0.484 0.833 0.152 0.492 1.000 0.200 0.600 0.526 24.42
5 0.520 0.351 0.436 0.560 0.424 0.492 1.000 0.867 0.933 0.620 38.92
6 0.720 0.486 0.603 0.625 0.455 0.540 0.800 0.533 0.667 0.603 41.31
7 0.706 0.324 0.515 0.824 0.424 0.624 1.000 0.600 0.800 0.646 44.61
8 0.682 0.405 0.544 0.619 0.394 0.506 0.818 0.600 0.709 0.586 49.14
9 0.833 0.135 0.484 0.833 0.152 0.492 1.000 0.200 0.600 0.526 43.49
10 0.739 0.459 0.599 0.737 0.424 0.581 0.818 0.600 0.709 0.630 56.19

Table C.1: Detailed Quality Scores from the experiment (2016/1 - 2016/5)
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LS Run
always-after always-before equivalence

Overall T.pminqpre. rec. Avg. pre. rec. Avg. pre. rec. Avg.
2016/6 1 1.000 0.842 0.921 0.875 0.737 0.806 1.000 0.941 0.971 0.899 14.19

2 1.000 0.842 0.921 0.875 0.737 0.806 1.000 0.941 0.971 0.899 18.34
3 1.000 0.842 0.921 0.875 0.737 0.806 1.000 0.941 0.971 0.899 22.04
4 1.000 0.842 0.921 0.875 0.737 0.806 1.000 0.941 0.971 0.899 26.09
5 1.000 1.000 1.000 0.947 0.947 0.947 1.000 1.000 1.000 0.982 31.17
6 1.000 1.000 1.000 0.947 0.947 0.947 1.000 1.000 1.000 0.982 36.19
7 1.000 0.842 0.921 0.875 0.737 0.806 1.000 0.941 0.971 0.899 38.89
8 1.000 0.842 0.921 0.875 0.737 0.806 1.000 0.941 0.971 0.899 44.13
9 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 28.28
10 1.000 0.842 0.921 0.813 0.684 0.748 1.000 0.941 0.971 0.880 49.84

2016/7 1 0.552 0.432 0.492 0.655 0.463 0.559 0.941 0.941 0.941 0.664 19.65
2 0.517 0.405 0.461 0.838 0.756 0.797 0.941 0.941 0.941 0.733 25.90
3 0.676 0.622 0.649 0.743 0.634 0.689 0.824 0.824 0.824 0.720 37.59
4 0.586 0.459 0.523 0.759 0.537 0.648 0.882 0.882 0.882 0.684 39.23
5 0.700 0.568 0.634 0.737 0.683 0.710 0.867 0.765 0.816 0.720 34.62
6 0.533 0.432 0.483 0.800 0.585 0.693 0.941 0.941 0.941 0.706 40.07
7 0.571 0.432 0.502 0.824 0.683 0.753 0.800 0.706 0.753 0.669 48.63
8 0.517 0.405 0.461 0.781 0.610 0.696 0.941 0.941 0.941 0.699 49.47
9 0.600 0.486 0.543 0.690 0.488 0.589 0.833 0.882 0.858 0.663 62.89
10 0.586 0.459 0.523 0.818 0.659 0.738 0.941 0.941 0.941 0.734 58.12

2016/8 1 0.938 0.789 0.863 0.875 0.609 0.742 1.000 0.824 0.912 0.839 13.96
2 1.000 1.000 1.000 0.957 0.957 0.957 1.000 1.000 1.000 0.986 19.29
3 0.938 0.789 0.863 0.875 0.609 0.742 1.000 0.824 0.912 0.839 21.99
4 1.000 1.000 1.000 0.947 0.783 0.865 1.000 1.000 1.000 0.955 25.55
5 0.789 0.789 0.789 0.958 1.000 0.979 1.000 1.000 1.000 0.923 29.88
6 0.938 0.789 0.863 0.875 0.609 0.742 1.000 0.824 0.912 0.839 32.92
7 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 29.84
8 0.938 0.789 0.863 0.875 0.609 0.742 1.000 0.824 0.912 0.839 40.34
9 0.947 0.947 0.947 0.957 0.957 0.957 1.000 1.000 1.000 0.968 44.80
10 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 18.75

2016/9 1 0.944 0.548 0.746 0.938 0.484 0.711 1.000 0.714 0.857 0.771 16.31
2 0.941 0.516 0.729 0.941 0.516 0.729 0.800 0.571 0.686 0.714 18.86
3 0.933 0.452 0.692 0.933 0.452 0.692 1.000 0.714 0.857 0.747 24.77
4 1.000 0.452 0.726 1.000 0.387 0.694 0.800 0.571 0.686 0.702 25.98
5 0.800 0.387 0.594 0.800 0.387 0.594 1.000 0.714 0.857 0.681 32.97
6 0.867 0.419 0.643 0.867 0.419 0.643 1.000 0.714 0.857 0.714 37.23
7 0.885 0.742 0.813 0.893 0.806 0.850 0.600 0.857 0.729 0.797 47.21
8 0.941 0.516 0.729 0.941 0.516 0.729 0.800 0.571 0.686 0.714 42.47
9 0.846 0.355 0.600 0.846 0.355 0.600 0.800 0.571 0.686 0.629 47.52
10 0.800 0.387 0.594 0.800 0.387 0.594 1.000 0.714 0.857 0.681 53.14

2016/10 1 1.000 0.517 0.759 0.933 0.538 0.736 0.917 0.786 0.851 0.782 13.33
2 1.000 0.552 0.776 1.000 0.538 0.769 0.909 0.714 0.812 0.786 20.01
3 1.000 0.207 0.603 1.000 0.231 0.615 1.000 0.429 0.714 0.644 21.04
4 0.929 0.448 0.688 1.000 0.538 0.769 0.909 0.714 0.812 0.756 27.25
5 1.000 0.207 0.603 1.000 0.231 0.615 1.000 0.429 0.714 0.644 28.70
6 1.000 0.517 0.759 1.000 0.577 0.788 0.909 0.714 0.812 0.786 37.13
7 1.000 0.483 0.741 1.000 0.538 0.769 0.909 0.714 0.812 0.774 38.76
8 1.000 0.655 0.828 1.000 0.615 0.808 0.917 0.786 0.851 0.829 46.86
9 1.000 0.207 0.603 1.000 0.231 0.615 1.000 0.286 0.643 0.621 44.65
10 0.885 0.793 0.839 0.900 0.692 0.796 1.000 0.929 0.964 0.866 57.40

Table C.2: Detailed Quality Scores from the experiment (2016/6 - 2016/10)



LS Run
always-after always-before equivalence

Overall T.pminqpre. rec. Avg. pre. rec. Avg. pre. rec. Avg.
2017/1 1 0.963 0.963 0.963 0.855 0.758 0.806 0.900 0.947 0.924 0.898 20.74

2 0.893 0.926 0.909 0.429 0.194 0.311 1.000 1.000 1.000 0.740 17.58
3 0.867 0.963 0.915 0.716 0.774 0.745 1.000 1.000 1.000 0.887 24.86
4 0.893 0.926 0.909 0.429 0.194 0.311 1.000 1.000 1.000 0.740 25.30
5 0.926 0.926 0.926 0.808 0.677 0.743 0.900 0.947 0.924 0.864 36.20
6 0.963 0.963 0.963 0.857 0.774 0.816 0.900 0.947 0.924 0.901 40.51
7 0.964 1.000 0.982 0.875 0.790 0.833 0.950 1.000 0.975 0.930 61.35
8 0.893 0.926 0.909 0.429 0.194 0.311 1.000 1.000 1.000 0.740 43.03
9 0.893 0.926 0.909 0.429 0.194 0.311 1.000 1.000 1.000 0.740 46.93
10 0.963 0.963 0.963 0.891 0.790 0.841 0.900 0.947 0.924 0.909 64.79

2017/2 1 0.955 0.955 0.955 0.773 0.773 0.773 1.000 1.000 1.000 0.909 17.11
2 0.955 0.955 0.955 0.905 0.864 0.884 1.000 1.000 1.000 0.946 20.93
3 0.955 0.955 0.955 0.913 0.955 0.934 1.000 1.000 1.000 0.963 30.16
4 0.955 0.955 0.955 0.792 0.864 0.828 1.000 1.000 1.000 0.927 34.16
5 0.955 0.955 0.955 0.857 0.818 0.838 1.000 1.000 1.000 0.931 36.86
6 0.955 0.955 0.955 0.905 0.864 0.884 1.000 1.000 1.000 0.946 38.28
7 0.955 0.955 0.955 0.952 0.909 0.931 1.000 1.000 1.000 0.962 44.28
8 0.955 0.955 0.955 0.905 0.864 0.884 1.000 1.000 1.000 0.946 51.41
9 0.955 0.955 0.955 0.955 0.955 0.955 1.000 1.000 1.000 0.970 52.77
10 0.955 0.955 0.955 0.857 0.818 0.838 1.000 1.000 1.000 0.931 54.45

2017/3 1 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 11.17
2 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 15.19
3 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 19.12
4 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 22.91
5 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 26.57
6 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 31.53
7 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 35.52
8 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 40.02
9 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 43.89
10 1.000 0.125 0.563 1.000 0.120 0.560 1.000 0.154 0.577 0.566 48.01

2017/4 1 0.875 0.483 0.679 0.941 0.533 0.737 0.917 0.846 0.881 0.766 14.64
2 0.889 0.552 0.720 0.950 0.633 0.792 0.923 0.923 0.923 0.812 19.35
3 0.913 0.724 0.819 0.931 0.900 0.916 1.000 1.000 1.000 0.911 26.46
4 0.889 0.552 0.720 1.000 0.633 0.817 0.923 0.923 0.923 0.820 28.01
5 0.941 0.552 0.746 1.000 0.600 0.800 0.917 0.846 0.881 0.809 31.37
6 0.933 0.966 0.949 0.935 0.967 0.951 1.000 1.000 1.000 0.967 40.11
7 0.933 0.966 0.949 0.935 0.967 0.951 1.000 1.000 1.000 0.967 42.21
8 0.947 0.621 0.784 1.000 0.633 0.817 0.923 0.923 0.923 0.841 43.46
9 0.909 0.690 0.799 0.870 0.667 0.768 0.923 0.923 0.923 0.830 46.89
10 0.800 0.828 0.814 0.903 0.933 0.918 1.000 1.000 1.000 0.911 51.97

2017/5 1 0.848 0.933 0.891 0.775 0.721 0.748 0.900 0.947 0.924 0.854 19.95
2 0.833 0.833 0.833 0.714 0.698 0.706 0.950 1.000 0.975 0.838 35.32
3 0.879 0.967 0.923 0.804 0.953 0.879 1.000 1.000 1.000 0.934 25.89
4 0.962 0.833 0.897 0.846 0.767 0.807 0.900 0.947 0.924 0.876 30.93
5 0.771 0.900 0.836 0.711 0.744 0.728 1.000 1.000 1.000 0.854 34.17
6 0.879 0.967 0.923 0.800 0.930 0.865 1.000 1.000 1.000 0.929 38.04
7 0.923 0.800 0.862 0.929 0.907 0.918 1.000 1.000 1.000 0.926 42.50
8 0.923 0.800 0.862 0.800 0.744 0.772 0.900 0.947 0.924 0.852 56.64
9 0.917 0.733 0.825 0.947 0.837 0.892 1.000 0.895 0.947 0.888 50.70
10 0.792 0.633 0.713 0.775 0.721 0.748 0.857 0.947 0.902 0.788 58.58

Table C.3: Detailed Quality Scores from the experiment (2017/1 - 2017/5)



LS Run
always-after always-before equivalence

Overall T.pminqpre. rec. Avg. pre. rec. Avg. pre. rec. Avg.
2017/6 1 1.000 0.417 0.708 0.800 0.381 0.590 1.000 0.625 0.813 0.704 12.61

2 1.000 0.500 0.750 0.833 0.476 0.655 1.000 0.688 0.844 0.750 16.49
3 1.000 0.417 0.708 0.800 0.381 0.590 1.000 0.625 0.813 0.704 20.10
4 1.000 0.583 0.792 0.929 0.619 0.774 1.000 0.750 0.875 0.813 25.79
5 1.000 0.417 0.708 0.800 0.381 0.590 1.000 0.625 0.813 0.704 27.78
6 1.000 0.417 0.708 0.900 0.429 0.664 1.000 0.625 0.813 0.728 31.68
7 1.000 0.417 0.708 0.800 0.381 0.590 1.000 0.625 0.813 0.704 35.08
8 1.000 0.417 0.708 0.900 0.429 0.664 1.000 0.625 0.813 0.728 39.60
9 1.000 0.417 0.708 0.800 0.381 0.590 1.000 0.625 0.813 0.704 43.95
10 1.000 0.417 0.708 0.800 0.381 0.590 1.000 0.625 0.813 0.704 47.76

2017/7 1 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.23
2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.28
3 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 3.18
4 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 3.08
5 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 5.43
6 1.000 1.000 1.000 0.964 1.000 0.982 1.000 1.000 1.000 0.994 18.03
7 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.75
8 1.000 1.000 1.000 0.926 0.926 0.926 1.000 1.000 1.000 0.975 22.32
9 1.000 1.000 1.000 0.926 0.926 0.926 1.000 1.000 1.000 0.975 24.99
10 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.40

2017/8 1 1.000 0.778 0.889 1.000 0.778 0.889 0.769 0.769 0.769 0.849 14.01
2 1.000 0.889 0.944 1.000 0.889 0.944 0.714 0.769 0.742 0.877 18.98
3 1.000 0.778 0.889 1.000 0.778 0.889 0.917 0.846 0.881 0.886 21.02
4 1.000 0.556 0.778 1.000 0.556 0.778 1.000 0.615 0.808 0.788 23.37
5 1.000 0.778 0.889 1.000 0.778 0.889 0.917 0.846 0.881 0.886 29.30
6 1.000 0.778 0.889 1.000 0.778 0.889 0.917 0.846 0.881 0.886 33.15
7 1.000 0.778 0.889 1.000 0.778 0.889 0.769 0.769 0.769 0.849 38.30
8 1.000 0.778 0.889 1.000 0.778 0.889 0.769 0.769 0.769 0.849 41.95
9 1.000 0.778 0.889 1.000 0.778 0.889 0.917 0.846 0.881 0.886 46.19
10 1.000 0.778 0.889 1.000 0.778 0.889 0.769 0.769 0.769 0.849 49.11

2017/9 1 0.960 0.750 0.855 0.808 0.525 0.666 1.000 0.933 0.967 0.829 17.17
2 1.000 0.719 0.859 0.962 0.625 0.793 0.867 0.867 0.867 0.840 27.54
3 0.960 0.750 0.855 0.880 0.550 0.715 1.000 0.933 0.967 0.846 24.95
4 0.955 0.656 0.805 0.857 0.600 0.729 1.000 0.933 0.967 0.834 32.42
5 0.950 0.594 0.772 0.842 0.400 0.621 1.000 0.867 0.933 0.775 33.63
6 1.000 0.625 0.813 0.947 0.450 0.699 0.867 0.867 0.867 0.793 37.48
7 0.903 0.875 0.889 0.606 0.500 0.553 0.929 0.867 0.898 0.780 46.90
8 1.000 0.531 0.766 0.895 0.425 0.660 0.929 0.867 0.898 0.774 45.05
9 0.905 0.594 0.749 0.905 0.475 0.690 1.000 0.933 0.967 0.802 51.71
10 1.000 0.563 0.781 0.800 0.400 0.600 0.867 0.867 0.867 0.749 54.45

2017/10 1 0.909 1.000 0.955 0.633 0.864 0.748 1.000 1.000 1.000 0.901 14.91
2 0.947 0.900 0.924 0.905 0.864 0.884 1.000 1.000 1.000 0.936 20.09
3 1.000 0.950 0.975 0.739 0.773 0.756 1.000 1.000 1.000 0.910 24.10
4 1.000 0.700 0.850 0.889 0.727 0.808 0.923 0.923 0.923 0.860 29.41
5 1.000 0.650 0.825 0.923 0.545 0.734 0.923 0.923 0.923 0.827 29.58
6 0.947 0.900 0.924 0.864 0.864 0.864 0.929 1.000 0.964 0.917 36.99
7 0.889 0.800 0.844 0.667 0.727 0.697 1.000 1.000 1.000 0.847 38.50
8 0.950 0.950 0.950 0.864 0.864 0.864 0.929 1.000 0.964 0.926 46.00
9 0.933 0.700 0.817 0.842 0.727 0.785 0.923 0.923 0.923 0.841 47.27
10 1.000 0.700 0.850 0.944 0.773 0.859 0.923 0.923 0.923 0.877 52.32

Table C.4: Detailed Quality Scores from the experiment (2017/6 - 2017/10)





Appendix D

Behavioral characteristics of the
Process Models from which the
PDC event logs were generated

This document contains information originally created by the PDC organizer, which was
intended be used by contestants in order to tune their discovery algorithms.

The 20 events logs are generated from 20 different process models. The event logs only
record the information about the order with which activities are completed. Therefore, there
is no life-cycle transition information and, also, no timestamp information. However, these
information types are not relevant for the contest in question.

Each of these models is characterized by the following aspects:

• Sequences: Certain activities need to be sequentially executed. For example, when a
given activity A occurs, it is eventually followed by a certain activity B in all runs of
the process.

• Exclusive Choices: Certain process model branches at given decision points are mu-
tually exclusive. For example, a decision point exists between activity A and B. In any
run of the process, if activity A is executed, then activity B cannot, or vice versa.

• Parallel Executions: Certain branches are “parallel”, meaning that they can be com-
pleted in any order. For example, if a branch “A followed by B” is parallel to a branch
“C followed by D”, activities A, B, C and D can be executed in any order with the
only constraint that B cannot finish before A and D cannot finish C. For instance, the
execution runs ă . . . , A,C,B,D ą or ă A,C,D,B ą are valid whereas ă A,D,C,B ą
is not, with the latter being because D cannot conclude before C concludes.

Each of this model can optionally contain the following characteristics:

• Loops: Certain parts of the model can be repeated an arbitrary number of times.

• Optional Activities: Certain activities are optional and can be skipped in certain
runs of the process.

• Inclusive Choices: Within the process, multiple sets of activities are optional, i.e.
at least one set should be executed, but multiple sets of activities are also allowed.
The difference with an exclusive choice resides on the fact that, in an exclusive choice,
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exactly one branch is activated; conversely, in an inclusive choice, more than one branch
can be activate.

• Recurrent activities: Activities can be executed in multiple non-subsequent points
during runs of the process.

• Long-term dependencies: A decision made at one point in the process can restrict
the possibilities at subsequent decision points. For example, at the beginning of a
process, a choice is made between an activity A and an activity B. When activity A is
chosen, later during any run, an activity C cannot be executed; if activity B is chosen,
activity C can still be executed. In the Petri-net terminology, this corresponds to Petri
nets with non-free-choice constructs.

Note that exclusive choices can be characterized by balanced or unbalanced paths.
If an exclusive-choice is characterized by being balanced, in any run of the process, each
mutually exclusive set of activities has equal probability of being chosen. If conversely it is
unbalanced, one set has a 90% probability of being chosen and the other sets, together, have
10%, with each of them having the same probability. In the remainder, we generated event
logs such that either all decision points are balanced or they are all unbalanced.

With reference to the characteristics above, the processes to which the generated the event
logs refer to are shown in Tables D.1 and D.2:

The event logs marked in the table above with an asterisk (i.e., ˚) are characterized by
containing 20% of incomplete traces. Those traces are incomplete in the sense that they miss
the last events. This is very common in reality because the event log are usually extracted
from information systems in which a certain number of process executions are still being
carried on. However, note that all the incomplete traces were excluded for fitness
replay in Section 6.4 of this thesis.

Optional Characteristics Exclusive-choice Process model
(Always 2 for each process model) decision points { Event Log

Optional activities Loops Unbalanced Paths 1
Optional activities Inclusive Choices Balanced Paths 2
Optional activities Reoccurring activities Unbalanced Paths 3
Optional activities Long-term dependencies Unbalanced Paths 4
Loops Inclusive Choices Balanced Paths 5
Loops Reoccurring activities Balanced Paths 6
Loops Long-term dependencies Balanced Paths 7
Inclusive Choices Reoccurring activities Balanced Paths 8
Inclusive Choices Long-term dependencies Unbalanced Paths 9
Reoccurring activities Long-term dependencies Unbalanced Paths 10

Table D.1: Optional Behavioral characteristics of the PDC 2016 process models/event logs
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Optional Characteristics Exclusive-choice Process model
(Always 2 for each process model) decision points { Event Log

Optional activities Long-term dependencies Unbalanced Paths 1˚

Optional activities Loops Balanced Paths 2˚

Optional activities Inclusive Choices Unbalanced Paths 3
Loops Reoccurring activities Unbalanced Paths 4
Loops Long-term dependencies Balanced Paths 5˚

Loops Inclusive Choices Balanced Paths 6
Inclusive Choices Reoccurring activities Balanced Paths 7
Inclusive Choices Long-term dependencies Balanced Paths 8
Reoccurring activities Long-term dependencies Unbalanced Paths 9˚

Optional activities Reoccurring activities Unbalanced Paths 10˚

Table D.2: Optional Behavioral characteristics of the PDC 2017 process models/event logs

Discovering Process Models from Log Skeletons Using an Evolutionary Approach 79


	Contents
	List of Figures
	List of Tables
	Introduction
	Preliminaries
	Event Logs
	Log Skeletons
	Process Trees

	Conversion Framework
	Genetic algorithms
	Evolutionary process mining using ETM
	The ETMdls algorithm

	An Evaluation for Process Trees to Log Skeletons
	Activity relations in Process Trees
	Extract always-after and always-before from Process Trees
	Execution Certainty
	Always After
	Always Before

	Extract equivalence from Process Trees
	Execution Counting
	Equivalence

	Quality metrics
	Example applications

	Implementation
	Walk through of the Evaluation Algorithm
	Usage via the GUI
	Usage via code

	Walk through of the ETMdls Algorithm
	Transforming a Log Skeleton into an XLog
	From ETMd to ETMdls
	Usage via the GUI


	Assessment
	Experiment Settings
	Discover Process Trees from PDC Log skeletons
	Investigation on Different Application Effectiveness 
	Fitness Replay on the Best Process Trees Discovered
	Visual Comparison on the Best Process Trees Discovered

	Conclusions
	Bibliography
	Appendix
	Console Output of running alignment evaluation between Tdev and S(Le) through code
	An Example NAry tree and its corresponding process tree
	Experiment Results - Detailed Quality Scores
	Behavioral characteristics of the Process Models /Event Logs in the PDC 2016 and 2017

