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Abstract. Event logs, the primary data source in process mining, con-
sist of events with a case identifier, an activity, and a timestamp. Translu-
cent event logs extend this by also recording enabled activities alongside
executed ones. Such data can be extracted from user interactions or
running information systems. Fitness, a quality measure in conformance
checking, assesses how well an event log aligns with a process model.
While fitness has been widely studied, no prior work has considered en-
abled activities. We introduce the first fitness measurement incorporat-
ing this information based on the well-established alignment technique.
Our generalized, parameterized approach also supports traditional fit-
ness measurement. Through qualitative evaluation, we demonstrate our
method’s applicability and provide insights into the implications of pa-
rameters. Our quantitative assessment shows limited computational over-
head when enabled activities are considered and provides insights into
the fitness score of the classical and translucent approaches. Our results
indicate that incorporating enabled activities yields appropriate fitness
scores compared to traditional methods, enhancing conformance check-
ing accuracy.

Keywords: Conformance Checking - Alignments - Fitness - Translucent
Event Logs - Enabled Activities

1 Introduction

Processes are executed in various organizations and can be digitally tracked and
stored in an event log. An event log consists of events, each having information
on case, activity, and timestamp. Beyond these basics, additional data, like the
resource executing an event, can be recorded. Moreover, it is possible to record
information on enabled activities—besides the executed activity. Such informa-
tion can be added due to domain knowledge or extraction of activities executed
in a desktop environment [11,/13|. Note that extracting these logs from desktop
environments provides valuable insights for analyzing human-computer interac-
tion. In addition, when creating such logs from a Graphical User Interface (GUI),
they provide a great source for robotic process mining [21] and can be used to
create bots for robotic process automation [41]. We call event logs that contain
information on enabled activities translucent event logs.
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Fig. 1: Example workflow captured within a Petri net.
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Fig. 2: Example GUI for proofing a loan application.

Process mining can be used to analyze event logs to get insights into the
execution of processes [1]. Dedicated process-mining techniques can be applied
to translucent event logs [2,/12,(15]. One area in process mining is conformance
checking, which consists of the fitness quality dimension [18]. Fitness measures
how well a process model represents the behavior recorded in an event log. One
method to assess fitness is token-based replay [38|, which simulates the flow of
tokens through the model’s transitions according to the observed events. Dis-
crepancies are identified by tracking token movements: missing or remaining
tokens indicate deviations between the model and actual execution. However,
token-based replay has two main issues: it is non-deterministic when the model
contains duplicate tasks, and it can produce misleading diagnostics due to “token
flooding”. The state-of-the-art technique, alignments [5|, overcomes these prob-
lems by mapping each event in the log to the corresponding model activities. It
finds the optimal sequence of synchronous and asynchronous moves to accurately
detect discrepancies and measure conformance.

When computing standard alignments, only executed activities of an event
are considered, not the enabled activities. This can lead to false conclusions. To
illustrate this, consider a simplified loan application process. In the first step,
the application is opened. Afterward, there are two possible actions: either only
a proof is conducted, or a proof and a background check are conducted. Sub-
sequently, the results are submitted. In the end, the application is rejected or
approved, and a summary is created. The workflow is depicted in Figure [I] A
possible application process handling with a GUI is depicted in Figure [2| and
relates to the former description. Assume the sequence (a,b,d, e, g) of activi-
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ties has been executed and is linked to the scenario shown in Figure 2] When
measuring fitness between this sequence and the model, the result is a perfect
score of 1.0. The sequence of executed transitions is (ta/, tb, tr,, ta, try, tes tg, try)-
However, as denoted in Figure it is also possible to perform a background
check, resulting in the activity being enabled. But when executing t,/, b and ¢
are not enabled, thus not fitting the information available on enabled activities
extracted from the GUI example. Thus, the score should not be 1.0 but lower.

The information on a mismatch of enabled activities is valuable when evalu-
ating which process model should be used to create a bot for automating tasks in
a GUI. The bot may misbehave if a wrong model is chosen based on misleading
scores. Moreover, we can verify a system’s implementation by utilizing informa-
tion on enabled activities. Usually, a reference model exists that describes how a
system should behave. An implementation should follow this model. By extract-
ing enabled activities from screenshots during the interaction with the software,
we can align the recorded behavior with the reference model. When the recording
and extraction of activities from screenshots work as intended and a translucent
event log is created, translucent alignments can spot context-aware deviations.
This provides new insights into system verification, enabling large-scale verifi-
cation across different user groups and systems. In addition, the information on
enabled activities can guide alignments and increase their accuracy. Although a
traditional alignment represents an optimal path through a model for a given
sequence of activities, there might be multiple optimal paths. Techniques that
use alignments as input, for example, the precision method presented in 6], are
based on this and are not deterministic, leading to potentially different results
in each run. To illustrate this, consider the trace (a,b,d, e, e). We assume that
for the first e, f and g are also enabled. For the second e, we assume that f
is also enabled. Within the classic alignment, a model and log move would be
created to execute g, but their position is non-deterministic. However, since we
know from the translucent event log that g was possible but not performed, we
can create a better alignment using the enabled activity to guide the alignment
computation.

In this work, we develop an approach that adjusts the fitness score by con-
sidering information on enabled activities, penalizing discrepancies. Our method
allows for higher fitness when enabled activities match but executed activities
differ, and enables verification of system requirements using enabled activities.
At the same time, our approach acts as a generalization of the existing approach.

2 Related Work

Much work has been done to measure fitness in process mining. Besides the
basic idea of footprint comparison between an event log and a process model,
advanced techniques were developed. One of them is the aforementioned token-
based replay [38]. The idea of token-based replay is to replay a trace in a Petri
net. In this process, missing tokens might be added to allow the firing of otherwise
impeded transitions. The number of tokens added in this way and the number
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of tokens consumed, produced, and remained after finishing a trace are tracked.
Considering the different amounts and all traces, a fitness score is computed.
This approach has also been adjusted for an online setting [16]. Despite recent
advances [8|9], which solve issues of token-based replay, alignments are still
recognized as the state-of-the-art technique.

Alignments, presented in |5, use more advanced concepts than token-based
replay. For each trace of an event log, a trace net based on Petri nets is created.
Between the process model, which is given as a Petri net, and the trace net, a
synchronous product net is created by following predefined rules. The firing of
a transition in a synchronous product net is associated with costs. The goal is
to find the cheapest sequence from the initial marking to the final marking of
the synchronous product net. Over the last years, advances for the consuming
computation of an alignment have been proposed [19}/20,29,[35H37}[391/40},42}[43].
Some extensions consider information beyond the control flow, e.g., data-aware
alignments [27,[28}34] or resource-aware alignments [7].

In [17], weighted artificial negative events are presented. Negative events
represent information about activities prevented from taking place in a process.
These are rarely logged in real-life event logs. The generation algorithm induces
these negative events artificially by examining each position in each trace within
an event log and determining which activities cannot occur at those positions
based on the observed behavior. This contrasts our method since we use a source
available in the data and the model to compute our score.

There are also techniques for measuring fitness in a stochastic setting. Stochas-
tic fitness measurements were developed in [24,[25]33]. In addition, techniques
for object-centric event data were developed. A general approach is presented
in 4], while alignments for an object-centric setting are presented in [30].

Concerning the usage of translucent event logs in process mining, recent
work has shown that the information that translucent event logs convey can
improve existing process-discovery techniques [12|. Concerning conformance-
checking techniques using translucent event logs, there exists work in measuring
precision by considering enabled activities |[15]. However, no approach measures
fitness between a Petri net and a translucent event log so far.

3 Preliminaries

In this section, we define the basic concepts that we use in the remainder of this
work. We define sets, sequences, and tuples and operations on them. Further-
more, we define translucent event logs and traces. Finally, we define Petri nets
and related concepts.

Given a set X and a function f, f(X) = {f(x) | z € X} denotes applying
the function f on all elements of set X. For simplicity, we denote for any set
X> =XU{>}



Translucent Alignments 5

Definition 1 (Tversky Index). Given sets A and B, the Tversky index pro-
vides an asymmetric similarity measurement between sets defined as

|AN B
A B) =
Sa.5(4, B) [ANB[+a-|[A\B|+43-|B\A|’

with a, 5 > 0. When « is high relative to g, the index becomes more sensitive
to elements in A that are not in B, highlighting the uniqueness of A. A similar
situation applies to 8. If « = § = 1, this corresponds to the (symmetric) Jaccard
index. We write D, g(A,B) =1 — S, 3(A, B) to denote the Tversky distance.

B(X) denotes the set of all multisets over set X. E.g., if X = {z,y,z2}, an

example multiset is [x,z,y] = [2#2,9]. Let A be a set and let t = (a1,...,a,) €
A X ---x A be a tuple of n elements. ;(t) refers to the ith element of the tuple,
e.g., m1((a,b)) = a. Givenaset X, 0 = (01,...,0,) € X* denotes a sequence over

X. 0; denotes the sequence’s ith element. The length of a sequence o is denoted
as |o|. The concatenation of two sequences is denoted as o -o’. Given a sequence
o and a set X', o]y, denotes a sequence projection, e.g., (a, b, ¢, d) [fae} = (a,c).

pref,(o) = (o1,...,0;) refers to the prefix of a sequence containing the first ¢
elements. pref, = (). For any sequence of tuples o € (A x --- x A)*, we define
T (o) = (mi(01), ..., mi(0]0)))-

Translucent event logs capture information on enabled activities in addition
to executed ones. Hence, the executed activity must also be enabled in the cor-
responding event. Also, we assume that all enabled activities in an event log
are performed at some point. U..se is the universe of case identifiers, U,.; is the
universe of activity names, and Uy, is the universe of timestamps.

Definition 2 (Translucent Event Log, Trace). U, is the universe of events.
€ € Uey is an event, megse(€) € Uegse is the case of e, Tyme(€) € Ugime is the
time of e, men(e) C Uger are the enabled activities of e, mqei(€) € men(e) is the
activity of e. A translucent event log L is a set of events L C U,,. In addition,
Ueer Ten(€) = Ueer{mact(e)}. For simplicity, we assume that events in L are
totally ordered such that for ej,es € L, 1 < ey implies myme(e1) < Teime(e2).
A trace is a sequence of all events of a case ordered from earliest to latest,
ie., ol¢ = (e1,...,e,), such that for ¢ € mease(L), {€1,-..,€n} = {e € L|
Tease(€) = ¢} and e; < ... < e,,. The set of traces of L is denoted as XL = {o1¢|
¢ € Tease(L)}

An example translucent event log is showcased in Table [1} For e, meqse(€1) =
1, mact(e1) = a, men(er) = {a}, and mme(er) = 2024-06-20 13:37:37. In the
remainder of the paper, for simplicity, we denote the enabled activities and
underline the executed activity of an event. For example, we can denote for the
first trace in Table obt = (e1, eq, €3, €4, €5), with (a, be, d, efg,9).

Definition 3 (Petri Net). A Petri net is a tuple N = (P, T, F, A,1), where
P is a set of places, T is a set of transitions such that PNT = (), and F C
(T'x P) U (P xT)is aset of directed arcs. A C U,e: U {7} is a set of activity
labels, and [: T — A is a labeling function where 7 denotes the silent activity.
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Table 1: Exemplary translucent event log.

Event Case Activity Enabled Activities Timestamp

el 1 a {a} 2024-06-20 13:37:37
2 1 b (b, c} 2024-06-20 13:37:38
es 1 d {d} 2024-06-20 13:37:39
e 1 e {e, £, g} 2024-06-20 13:37:40
es 1 g {g} 2024-06-20 13:37:41
el1 2 a {a} 2024-06-20 13:37:51
elz 2 ¢ {c} 2024-06-20 13:37:52
es 2 d (d} 2024-06-20 13:37:53
el 2 x {x, e, g} 2024-06-20 13:37:54
els 2 g {g} 2024-06-20 13:37:55

M € B(P) is a marking and (N, M) refers to the Petri net N in marking M. We
define T, = {t € T | I(t) = 7}.

We focus on sound workflow nets |3|. Furthermore, for computational reasons,
we assume that each transition that is connected to the sink place is a non-
silent transition. To ensure that, we introduce a new, non-silent transition with
a unique label and a new sink place. This transition, labeled end, has an ingoing
arc from the old sink place and an outgoing arc to the new sink place. Also, we
assume that an artificial end event e.,q is added at the end of each trace, with
Tact(€end) = end and mep(eend) = {end}. Given the Petri net in Figure [l P =
{plaPZa .- '}7 T= {taata/vtbvtmt‘rut‘rza . '}7 F = {(plata)v (plata/)v R (t‘l'27p7)}
and A = {a,b,c,...,7}. The shown Petri net is in marking [p;]. Petri net firing
rules can be found in [1].

Definition 4 (Firing Transition and Sequence). Let N = (P, T, F, A,l) be
a Petri net. Let M, M’ € B(P) be two markings. The firing of a single transition
t € T is denoted as (N, M) 4 (N, M'). The successive firing of all transitions in

o € T* is denoted as (N, M) = (N, M’). In addition, (N, M) 9, (N, M). Let
M; € B(P) be the initial marking. We define a marking M’ € B(P) as reachable
in (N, M;), if there exists 0 € T* such that (N, M;) < (N, M’). The set of all
reachable markings starting in (IV, M;) is denoted as [N, M;).

4 Translucent Fitness

In the classic alignment, moves on the model and log are compared. A cost
function assigns costs to the different move types, and the goal is to compute
the alignment with the lowest costs while still meeting defined requirements.
The costs are used to determine the fitness score. In this section, we show how
translucent alignments and a translucent fitness score are computed. We first de-
fine translucent alignments and the corresponding moves and costs. We provide a
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high-level overview to convey the idea. Second, we show how an optimal translu-
cent alignment is computed. Finally, we show how a fitness score is computed
on the trace and log level.

4.1 Defining Translucent Alignments

Moves on the log and model side are essential for alignments. An alignment
is computed for each trace of the translucent event log. There are two key re-
quirements for an alignment: first, the sequence of events must yield the original
trace; second, the sequence of transitions should represent a firing sequence from
a Petri net’s initial to final marking. The following definition captures this.

Definition 5 (Translucent Alignment). Let L C U,, be a translucent event
log, B its set of traces, o € ©F a trace, and N = (P, T, F, A,l) be a Petri net
with its initial marking M; € B(P) and final marking M; € B(P). An alignment
v € (L” x T?)* between o and N is a sequence such that:

- )l =0
— (N, M) 290 (N )

For illustration, the following is an alignment between the first case of the event
log shown in Table [I] and the Petri net depicted in Figure [T}

> e3>
>
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Given this alignment, v = ((e1,ta), (e2,tp), ..., (e5,t4), >,t7,)), we denote
Ti(V)L = (e1,e2,e3,eq,e5) and w5 (V) [p = (tar, to, try, ta, try, te, tg, try ). For our
work, information on enabled activities is necessary. While events in a translu-
cent event log have this information, we also need to access this information
in a model. Note that silent transitions do not contribute useful information
since their execution is not recorded. As they serve as synchronous points in the
model, we should seek enabled activities beyond them when possible.

Definition 6 (Enabled Activities in a Model). Let N = (P, T, F, A,l) be
a Petri net and M; € B(P) the initial marking. For a marking M € [N, M;),
we define its set of enabled activities as enf (M) = {I(t) | pers ter\1, ,MeB(P)

(N, M) i, (N, M")}. Given a sequence o € T*, we define enl (o) = en} (M")
if (N, M;) % (N, M").

Given the Petri net in Figure |1} we denote for marking [ps, p3] activities b and
¢ as enabled, and for marking [pg] activities e, f, and ¢ as enabled. As denoted,
alignments contain a sequence of transitions. This sequence leads to a marking in
a Petri net. We use the transition sequence to access the information on enabled
activities at certain points in an alignment.
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Definition 7 (Enabled Activities in an Alignment). Let L C U, be a
translucent event log, N = (P, T, F, A,l) be a Petri net, and v = ((e1,t1),. ..,
(ej4]:tj4])) € (L xT>)* be an alignment. For any i € {1,...,[y|} and if ; # >
we define en”(t;) = end (w5 (pref,_ (1) I1).

Given the Petri net in Figure [l] and the alignment shown before, we can denote
en?(te) = {a} and en”(tp) = {b}.

In our work, we reinterpret the existing moves (synchronous, visible model,
invisible model, and log move) and add three new moves that act as a general-
ization of the previous moves:

— ezecution-change move: when the enabled activities in the model and the
event match, but the executed activities do not match. To illustrate this,
consider the model displayed in Figure [l and the trace {(a,b,d,efg,ef). For
the second-to-last event, changing the execution from e to g results in reach-
ing the final marking.

— enabled-change move: when the executed activities match, but the enabled
activities do not match. As an example, consider the first case of the event
log in Table[T] For es, b and ¢ are enabled, but in the model, after executing
ta, b is enabled, but ¢ is not. Thus, more activities are enabled in the log
than in the model. Also, the other way around is possible.

— execution-enabled-change move: a mixture of the previous two moves. Con-
sider the second trace shown in Table [I When executing ./, only b is en-
abled. In e;2, only c is enabled and gets executed. Thus, by changing the set
of enabled activities and the execution change, we can align e with ¢p.

The following definition captures the different moves formally.

Definition 8 (Moves). Let L C U,, be a translucent event log, X% its set of
traces, o0 € B a trace, N = (P, T, F, A,1) be a Petri net, and v € (L> x T>)*
an alignment between o and N. For all tuples (e;,t;) € v, ¢ € {1,...,]|y|}, we
define the following movements:

— synchronous move if t; € T, e; € L, maet(e;) = U(t;) and men(e;) = en(¢;).

— log move if e; € L and t; = >.

— invisible move on model if e; =>> and ¢; € T, I(t;) =

— wisible move on model if e; =>> and t; € T, l( i) E T

— execution-change move if t; € T, e; € L, wact(ez) # 1(t;), I(t;) # T, but
Ten(€7) = en?(t;).

— enabled-change move ift; € T, e; € L, maer(€;) = 1(t;), but men(e;) # en”(t;).

— execution-enabled-change move if e; € L and t; € T, I(t;) # 7, Tact(ei) #
1(t;), and me,(€;) # en?(t;).

Next, we define the costs for the different types of moves. Note that the syn-
chronous move is a special case of the enabled-change move. Also, the execution-
change move is a special case of the execution-enabled-change move.
Definition 9 (Costs). Let L C U., be a translucent event log, X% its set of
traces, o € I a trace, N = (P, T, F, A,l) be a Petri net, and v € (L> x T>)*
an alignment between o and N. For all tuples (e;,¢;) € v, i € {1,...,]v|}, we
define the following cost function §: L> x T — [0, 2]:
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(p Le) ([p2; pe) €3) ([p13]; €art)
2, P3], €2 \ (ps,p5), €5)
(s, 24l ) (Ips,pil )
<ta’>: €1 <tb>1 €2 (t_m td), e
(Ipa), e1) ([p1), e2) (P4, pe], €3) (Ips], e3)
(lpa, pi], €2) execution-change visible model
([szpa], el) move move
(hjs’p‘l]’ el) log move synchronous move

Fig.3: Part of the synchronous state space between the trace (a,bc,d,efg,g)
from the translucent event log shown in Table [T] and the Petri net displayed

in Figure

— synchronous and enabled-change move: d(e;, t;) = Do g(Ten(e:), en? (t;)).

— log move: §(e;, t;) = 1.

— invisible move on model: §(e;, t;) = 0.

— visible move on model: d(e;, t;) = 1.

— execution-change move and execution-enabled-change move: 0(e;, t;) = 1 +
Da,ﬁ(ﬂ'en(ei)a en”(ti))

Note that these moves do not result in higher costs than the classic worst-case
scenario. Concerning the execution-enabled-change move, the worst case of a
mismatch results in costs of 2, which correspond to a log and model move.

4.2 Computing Optimal Translucent Alignments

The cost of an alignment corresponds to the sum of costs of the moves composing
the alignment. An optimal alignment is an alignment with minimal costs among
all possible alignments. Compared to the standard alignment approach, we just
extended the possible moves and used a customized cost function. This adjust-
ment still allows us to apply the general alignment computation method, which
essentially constructs the synchronous state space and solves a shortest-path
problem.

Figure [3]illustrates the finding of the shortest path in the synchronous state
space for our exemplary trace (a,bc,d,efg,g) and Petri net. This also corre-
sponds to the alignment example introduced previously. The distance between
states corresponds to the cost of the move that connects them. We annotated
the first three arcs of the shortest path with information on the moves they are
representing. Although invisible log moves are not seen directly and, therefore,
not given a separate color, they are still contained in the execution sequences of
the model and thus implicitly captured by the arcs in the given example of the
synchronous state space.
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Eventually, any shortest path from the initial to the final state represents
an optimal alignment. For the exemplary alignment, we obtain the following
St _ [{b,c}{b}| —1__1
costs: 0.+ L = e a8 +p '+.O + 0+0=1- . When we want to
emphasize that there are enabled activities in the translucent event log that are
not represented in the model, we set @ > 0. When « = 0, the alignment has no

costs; when o = 1, the alignment has costs of 0.5.

4.3 Fitness Score

After defining translucent alignments, their costs, and their computation, we
define a translucent fitness score. Similarly to the traditional setting, we thereby
take the original approach to compute a trace score.

Definition 10 (Trace Score). Let L C U,, be a translucent event log, L its
set of traces, o € ©F a trace, N = (P, T, F, A,1) be a Petri net, M; € B(P) be the
initial marking, My € B(P) the final marking, and v € (L> XxT>)* an alignment
between o and N. Let o7 € T™ be the shortest sequence of transitions through a
Petri net, i.e., (N, M;) =% (N, My) and 3,/ cr-: (N, M;) <L (N, My) A |o%| <
|or|. The trace score is defined as:

_ Z(e,t)G'y d(e,)
Dieor I>it) + e, 0(e,>) =2

where the numerator is the actual costs of the alignment, and the denominator
is the worst-case costs (shortest firing sequence plus length of the trace). To
compensate for the artificial end activity in each trace and transition in the
model, respectively, we subtract their additional cost from the denominator.
This is not necessary for the numerator since the move between the artificial
ends will always be synchronous, leading to costs of 0. As a result, the actual
fitness score is obtained.

6(c,N,7) =1

For our example alignment, the score is 1 — % ~ 0.96 if a = 1.
Next, we consider all traces of a translucent event log to compute a translu-

cent log score. The following captures that.

Definition 11 (Log Score). Let L C U,, be a translucent event log, X% its set
of traces, o € L atrace, N = (P, T, F, A, 1) be a Petri net, and 7, € (L> xT>)*
an alignment between o and N. The log score is defined as

ZO’EZL 0(03 Na 70’)

L _
(XL, N) = o7

5 Evaluation

Our evaluation is divided into two sections. First, we provide a qualitative eval-
uation, highlighting the implications of the different moves and o and 3 values.
Afterward, we present a quantitative assessment of our method. We provide a
large-scale evaluation using various logs to compare the traditional fitness score
and the translucent fitness score. Moreover, we compare computation times per
(translucent) variant.
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Table 2: Qualitative evaluation for different traces and models.

Translucent Fitness Score

a=1,=1a=0,=2a=2,=0

Trace Traditional Fitness Score

(a,b,d,efg,g) 1.00 1.00 1.00 1.00
(a,be,d,efg, g) 1.00 0.95 1.00 0.93
(a,b,d,eg,9) 1.00 0.97 0.95 1.00
(a,b,d, zeg, g) 0.80 0.85 0.85 0.85
(a,b,efg,q) 0.89 0.89 0.89 0.89
(a,b,d,efg,ef) 0.80 0.90 0.90 0.90

5.1 Qualitative Evaluation

First, we highlight the differences between the traditional method and our ap-
proach and investigate the impact of the parameters a and 3. Results for different
scenarios are shown in Table 2] As model, we use our example in Figure

The first row shows a perfectly fitting trace of the executed and enabled
activities within the model. As we can denote, the score for all methods is 1.0.
The second row highlights when more activities are enabled in the event log
than allowed by the model path (specifically activities b and ¢, while the best
path does not allow for ¢). Traditional alignment methods still return a perfect
score because they do not consider enabled activities. When o = 0, we also
get a perfect score since we do not penalize additional enabled activities in the
translucent event log. As we increase a to 1 or 2, the mismatch is penalized
more heavily, reducing the fitness score. This reflects the discrepancy between
the model and the event log regarding enabled activities. The third row shows
the opposite of the former case: fewer activities are enabled in the data than by
the model. As before, the traditional methods still produce a perfectly fitting
score. When 3 = 0, the score is still perfect since this behavior is not penalized.
Adjusting 8 allows us to penalize the mismatch, reducing the fitness score to
reflect fewer enabled activities in the event log compared to the model. The
fourth row highlights the results when an activity not contained in the model
gets executed. The traditional method returns costs 2 (model and log move)
and a score of 0.8. Our method assigns a lower cost of 1.5, resulting in a higher
fitness score of 0.85. The costs are based on an execution change (cost 1) and
the change in enabled activities. This approach accounts for potential noise in
the data, such as false recordings of executed activities, since all activities match
the enabled activities in the model. Therefore, information on enabled activities
makes the fitness score more robust. Thus, our method provides holistic scoring
and can determine the execution sequence more accurately, whereas traditional
methods might allow for ambiguous alignments (e.g., permitting a model move
before or after activity ¢). The fifth row is about the missing execution of d. All
methods provide the same fitness score. The last row highlights the execution
change move and the resulting difference in scoring. Again, false recordings can
lead to such data. However, our method seems more robust when this happens.
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5.2 Quantitative Evaluation

We provide an implementation in Pythorﬂ using PM4Py [10]. Our method also
computes classic alignments. Thus, we used our implementation for this part.
Our data are available |14].

Although there are tools to create translucent event logs (see [11}/13]), we
manipulated existing event logs to allow for a large-scale comparison and differ-
ent complexities. The logs we use are the road traffic fine management [26], the
sepsis [31], and the hospital billing log [32]. For each log, we used the Inductive
Miner - infrequent |23] with a threshold of 40 %, to discover a process model.
Using the traditional alignment, we checked for fitting traces and kept them.
We converted the Petri nets of each model into a Deterministic Finite Automa-
ton (DFA) using the reachability graph and automata theory. By replaying each
trace of a log on a DFA, we added information on enabled activities, thus cre-
ating a translucent event log. For more details, we refer to |11/12}/15]. For each
log’s fitting and enhanced traces, we applied the Inductive Miner |22]. In the
next step, we randomly modified the created event logs by either adding, chang-
ing, or removing enabled activities of events. If the selected enabled activity of
an event is the executed activity, we also modify the executed activity or remove
the event. Also, we introduced new events. In addition, we also applied all men-
tioned modifications to the logs. We added noise with respect to the number of
events per log. Besides the classic definition of trace variants, we further intro-
duce translucent variants. Translucent variants also consider the information of
enabled activities. For example, (a,b, c) and (ab, b, ¢) belong to the same classic
variant, but are different translucent variants. For the alignment computation,
we used the standard setting of @« = 8 = 1 and the models discovered by the
Inductive Miner [22] on the translucent logs without noise as reference models.

In our evaluation, we checked the log variability for each modified event log,
i.e., the ratio between variants and traces. A value of 1 means that each variant
has exactly one trace. Alignments are usually computed per trace variant. To
measure the computation time, we took the median out of five repetitions of the
computation per variant. Since the number of translucent variants is at least the
same as for classic variants, we do not display the computation time per log but
the computation time for all variants per log for the different logs. This allows
for a fairer comparison. Our results are depicted in Figure [

Regarding log variability, we generally observe more translucent variants than
classic ones. In general, applying all modifications leads to the highest variability.
This is followed by adding events, changing enabled activities, adding enabled ac-
tivities, and removing enabled activities. Regarding the fitness scores, we denote
that the translucent fitness score with no induced noise leads to lower scores than
the classic approach. The reason is the enabled activities, which were extracted
from a different model. This again highlights the value of considering enabled
activities for fitness measurement. As before, applying all noise methods had the
worst impact on fitness values. Overall, adding enabled activities had no impact

! https://github.com/hherbertb/translucent_alignment
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Fig.5: Petri net with an exemplary translucent alignment of the translucent
trace (bh,chj,dh,dh, fbg,i) where j represents the activity “Appeal to Judge”
which does not appear in the model. The translucent alignment begins with a
model move (red), followed by an execution-enabled-change move (orange, cost
of 1.6), and two silent moves (gray). The next two moves are an enabled-change
move (purple, cost of 0.5) and an execution-change move (orange, cost of 1).
The color saturation represents the cost and, thereby, the degree of changes in
the enabled activities. The alignment continues with a synchronous move (green)
and a log move (blue) before ending with another silent move (gray) and enabled-
change move (purple, cost of 0.5). For comparison, the classic alignment ignoring
translucent information is shown underneath.

on the classical view, as expected. For the other methods of inducing noise, the
difference in the score exists, up to roughly 0.2. Considering the computation
time, we observe that it is nearly quadratic. Moreover, considering enabled ac-
tivities in the computation has a negligible computational overhead. One of the
main reasons is that the Tversky index can be quickly computed. Nonetheless,
alignments are usually computed per variant, and since the number of translu-
cent variants is at least the same as classic variants, the computation time for
translucent event logs is at least roughly the same as for classic logs.

A translucent alignment from the enhanced road traffic fine management log
with all methods and 20 % noise is shown in Figure [5} Enabled-change moves
occur, indicating that the model allows for behavior different from the data.
With the execution-change move, we may conclude that there is noise in the data.
Comparing the optimal translucent alignment with the classic optimal alignment,
we observe that the latter contains more synchronous moves. The reason is that
it does not account for deviations within the enabled activities. In practice,
this information can help determine whether the desktop application works as
intended. The translucent alignment has costs of 5.6, the classic alignment costs
of 4. Hence, the fitness score of the classic alignment is higher.
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6 Conclusion

We provided the first method that considers information on enabled activities in
a log and a model when evaluating fitness by introducing three moves that also
generalize existing ones. The first deals with situations where the information
on enabled activities matches but not the information on executed activities.
The second deals with situations where the information on executed activities
matches but not the information on enabled activities. The third combines the
former two. We can verify system requirements using translucent logs from cap-
turing desktop environments. Our method builds on state-of-the-art techniques
and provides holistic scoring. In future work, we plan to extend token-based re-
play to consider enabled activities, making it suitable for industrial-scale tools
due to its faster runtime and relevance to our applications. Additionally, translu-
cent event logs should be considered when assessing generalization and evaluating
different models, such as process trees.
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