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Abstract

Process discovery, one of the main branches of process mining, aims to discover a
process model that accurately describes the underlying process captured within
the event data recorded in an event log. In general, process discovery algo-
rithms return models describing the entire event log. However, this strategy
may lead to discover complex, incomprehensible process models concealing the
correct and/or relevant behavior of the underlying process. Processing the en-
tire event log is no longer feasible when dealing with large amounts of events.
In this study, we propose the PROMISET method that rests on an abstraction
involving predictive process mining to generate an event log summary. This
summarization step may enable the discovery of simpler process models with
higher precision. Experiments with several benchmark event logs and various
process discovery algorithms show the effectiveness of the proposed method.
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1. Introduction

Process-Aware Information Systems (PAISs) are software systems that are
being used increasingly by public and private organizations to manage and ex-
ecute operational processes involving people, applications and/or information
sources. Examples of PAISs are workflow management systems and enterprise
information systems. In principle, these systems are driven by process models
that can be represented in a graphical language, e.g., in a Petri-net-like nota-
tion. In practice, most PAISs do not use an explicit process model, i.e., there
are implicit, emerging processes based on best practices analysis. This is be-
cause processes are commonly invisible and often exist as abstract concepts,
hence they are frequently difficult to materialize [I6]. In addition, even when
processes are documented in some way, they are often described using a variety
of notations [I6]. Fortunately, more and more detailed information about the
execution of process instances (e.g., activities being executed) are recorded in
the form of event logs [I7] that enable process discovery algorithms [16].

Process discovery is a branch of process mining [I7] that is concerned with
the automatic discovery of process models from event logs. Existing process
discovery algorithms are formulated in process mining [I7] and strike different
trade-offs between the accuracy in capturing the behavior recorded in an event
log and the complexity of the derived process model. Ensuring the quality of
discovered process models is one of the main issues of the current research in
process discovery. In fact, to be useful the process model should: (1) parse
the traces in the log, (2) parse traces that are not in the log but are likely to
belong to the process that produced the log and (3) not parse other traces. The
first property is called fitness, the second one generalization, and the third one
precision. On the other hand, the process model should be as simple as possible.
The simplicity property is usually quantified via complexity measures [3].

Most of the process discovery algorithms tend to use the whole event log
for discovery. This makes no longer effective traditional process discovery al-

gorithms in the emerging big and noisy data settings, where the event data
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may be too big to be entirely processed with standard hardware in a reason-
able time [46], while the presence of many infrequent behaviors [38] can lead to
spaghetti-like models. Recent studies [35] [36] have shown that a straightforward
solution to overcome these problems is to build summaries of huge and possibly
noisy event logs by down-sizing the amount of event data to be processed with
a process discovery algorithm.

To this aim, various filtering [7], B4} [35 40] and sampling [15] [33], 6] meth-
ods have been already proposed in the recent literature as a preprocessing
step for process discovery. In addition, several process discovery algorithms
[3, 44) [45] [48] have been designed to use filtering in advance to discovering a
process model. Notably all these studies apply extractive approaches to identify
important traces (sampling) or relevant excerpts from traces (filtering) in event
logs, and reproduce them verbatim as part of the log summary.

In this study we face the challenge of properly selecting important traces to
be used as input for process discovery by exploring how an abstraction-based
approach can be a valid alternative to extractive strategies to distill the most im-
portant information from an event log, in order to produce a synthesized version
of the log useful for the process discovery task. Our idea is borrowed from the
text summarization field (see [14] for a survey), where abstraction-based meth-
ods are proved to be commonly more effective than extraction-based methods
for realizing text summaries thanks to their ability of combining different word
(activity) sub-sequences also belonging to multiple sentences (traces).

So far, various abstraction strategies have already been explored in various
fields of process mining, e.g., to replace groups of events with higher-level ac-
tivities [49] or to provide a unifying overview of process discovery techniques
[18]. To the best of our knowledge, no previous study in the field of process
mining has investigated the feasibility of an abstraction strategy to generate a
summary of an event log and facilitate the process discovery task. In particular,
we propose an abstraction-based method that learns a generative representation
(abstraction) of an event log that can be helpful to capture prominent process

information possibly spread across traces. This abstraction is used for gener-
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ating a few “new” representative traces, potentially unobserved in the original
log, which convey the most important information from an event log, in order
to produce a synthesized version of the log useful for the process discovery task.

This idea goes in some way into the direction of [32], where clustering is
used to group traces, and cluster medoids are selected as representative, ex-
isting traces to populate the log summary. Differently from [32], our method
generates a log summary by creating new representative traces, apart from ex-
tracting existing significant ones. In particular, new traces, generated through
abstraction, may combine different activity sub-sequences also belonging to mul-
tiple traces and result in flexible event log summaries for the process discovery.
Our expectation is that the abstraction may be particularly beneficial in event
logs like BPIC 2018 [I3], where the majority of traces in the log is spanned on a
high number of top-frequent variants. This condition is opposite to that of event
logs like Hospital [27], where a large portion of log traces is held by a small frac-
tion of top-frequent variants according to the Pareto principle. We expect that
when the trace distribution does not follow the Pareto principle, the ability of
creating new traces by combining activity sub-sequences from multiple, equally
distributed traces may contribute to better facilitate the process discovery than
extracting only few traces or excerpts of specific traces. In our approach, the
new traces generated through the abstraction are subsequently processed with
process discovery algorithms to better achieve the ideal balance between the
quality and the complexity of the process models finally discovered.

In particular, the key idea of our method named PROMISE™ (coupling Pre-
dictive pROcess MIning to ProceSs DiscovEry) is to learn the generative ab-
straction of the event log by setting a predictive process mining method. Pre-
dictive process mining is a recently emerged family of process mining methods
to predict the unfolding of running traces (e.g., the next activity) based on the
knowledge learned from a historical event log. With the recent boom of deep
learning, several accurate predictive process mining methods leveraging deep
neural networks have been proposed [6l 291 B30} BT, 41]. Following this research

stream, we use a deep neural network with Long Short-Term Memory (LSTM)



95

100

105

(a,b,c,d, e, f,1, )0
(a,b,d, e, f, g, h)'®
(a,b,i,c,d, e, f,g, )%

a,b,c,d,e, f,g,h
(a,c,d,e, f,g, ) ( Po b )

o5 (a,c,d,e, f,9,h) (a,b,c,dye, f,1, h)
(a,c,d, e, f, h) (arer f g, ) (a,b,d,e, f,g,h) (a,e,d,e, frg,h)
(a,e, f.9.m) (ar 1.0 (a,b,i,¢,d, e, f,9,h) R
(a, f,9,h)% . @

C

(a,g,c,d,e, f,g,h)"° (b) (©
(a,g,9,h)°

(a)

Figure 1: A sample event log, where each superscript number denotes the number of times
the distinct variant-trace appears in the event log (a). Summaries extracted from the event

log with PROMISE™ (b), frequency-based SAMPLING [I5] [33] (c) and CLUSTERING [32] (d).

layers to process executed activities by taking into account the sequential na-
ture of events recorded in event logs. The trained LSTM model is used within
a trace generation technique to produce new representative traces by iteratively
sampling from the network’s output distribution, then feeding in the sample as
input at the next step. Finally, we wrap a process discovery algorithm in a for-
ward trace selection strategy that selects the summary traces, which contribute
to maximizing the quality of the process model discovered.

The paper is organized as follows. Section [2] provides a motivating example
of this research. Section [3]overviews the related work. Section[dreports prelim-
inary concepts, while Section [5| describes the proposed PROMISET method. In
Section @ we present an extensive empirical study that compares PROMISE™
to sampling and filtering baselines taken from the recent literature on process

mining. Finally, Section [7] draws conclusions and sketches the future work.

2. Motivating example

To better illustrate the potential of employing an abstraction-based strat-
egy for event log summarization, let us consider as an example the event log

reported in Fig. that contains nine distinct variant traces occurring with
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Figure 2: Petri net representation of (a) ORIGINAL process model and process models discov-
ered from log summaries extracted by (b) PROMISE™; (c) FILTERING; (d) SAMPLING; and
(e) CLUSTERING.

approximately equally-distributed frequencies. We compared the log summary
produced by PROMISE™ (Fig. ) with log summaries produced by SAMPLING
[15, B3] (Fig. [k) and CLUSTERING [32] (Fig. [Id). SAMPLING applies the
frequency-based sampling strategy, while CLUSTERING groups traces in clus-
ters and selects the cluster medoids. Fig. shows that PROMISE™ generates
the traces (a,c,d,e, f,g,h) (a,e, f,g,h) and (a, f, g, h), that correspond to be-
haviours (variant-traces) belonging to the original event log. Hence, our abstrac-
tion strategy sometimes works as a sampling approach. However, PROMISE*

also generates a new trace (a, b, ¢, d, e, f, g, h) that does not belong to the original
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event log, but stands out as a combination of subsequences coming from multiple
original traces (e.g., (a,b,c,d,e,f,l, h), (a,b,d, e, f, g, h), (a,b,i,c,d, e, f g h))
that, otherwise, would disappear from the summary. Conversely, the extractive
strategy of SAMPLING and CLUSTERING selects only few variant-traces of the
original event log without combining multiple variant-traces in new traces.

A further result of the proposed abstraction strategy is that both 4 and I,
which are respectively the less frequent activities in the event log, are dropped
from the final summary, while they are kept in the summary extracted by SAM-
PLING. Likewise, CLUSTERING keeps event [ in the summary. This highlights
that PROMISE™ can identify and drop infrequent activity sub-sequences, thus
reducing the number of traces to be processed for the final process model dis-
covery. From this point of view, our method may combine the effects of both
sampling (by dropping traces) and filtering (by dropping events) thanks to the
abstraction mechanism.

Finally, we apply Inductive Miner to discover process models from the orig-
inal event log and from the log summary extracted respectively by PROMISE™T,
FILTERING, and also CLUSTERING. Note that FILTERING uses the filtering
mechanism available on-demand in Inductive Miner to select excerpts of original
traces by dropping events. All the process models are represented as Petri nets
in Fig. [2 We observe that all the compared summarization methods reduce the
number of hidden transitions, i.e., the number of possible alternative behaviours
in the discovered process models. In fact, the process model discovered from
the ORIGINAL log comprises 13 hidden transitions, while the process models dis-
covered from log summaries produced by PROMISE™, FILTERING, SAMPLING
and CLUSTERING comprise 3, 3, 2 and 1 hidden transitions, respectively. The
discovery of these simpler process models shows that the considered summa-
rization methods have higher ability of not parsing other traces (precision), but
lower ability of fitting traces in the original event log (fitness) compared to the
original process model. Nevertheless, PROMISE™ achieves the highest precision,
without significantly decreasing the fitness, as shown by conformance metrics of

the compared process models reported in Table
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Table 1: Conformance metrics of the process models in Fig. A detailed description of these
metrics is reported in Section @

Process model | fitness | precision Fmeasure
ORIGINAL 1.00 0.52 0.684
PROMISE™ 0.91 0.98 0.943
FILTERING 0.87 0.94 0.903
SAMPLING 0.87 0.93 0.899

CLUSTERING 0.88 0.93 0.904

The lower precision of models derived by FILTERING, SAMPLING and CLUS-
TERING compared to that of PROMISE™ partially depends on the fact that all
these summarization methods keep the event [ in their log summary allowing the
discovery of process models that can parse traces like {(a,c,d, e, f,g,1, h) (FIL-
TERING), {a,b,i,c,d,e, f,l,h) and {(a,b,d, e, f,l, h) (SAMPLING), and (a, c,d, e,
f,1,h) (CLUSTERING) that do not belong to the original log. Therefore, drop-
ping ! from the log summary, PROMISE™ slightly loses the ability to perfectly
parsing a few traces in the log e.g., {(a,b,c,d, e, f,1, h), but gains in the ability
of not parsing multiple other traces.

With regard to the reduction of fitness, no process model discovered with a
summarization method perfectly fits the original variant-trace (a,g,g,h). On
the other hand, only the PROMISE™ process model is still able to perfectly fit
the original variant-trace (a,e, f, g,h). Two event additions — ¢ and d — are
minimally required to align this trace to the trace (a,c,d,e, f, g, h) parsed by
the process model discovered with FILTERING and CLUSTERING. Similarly, two
event additions — b and d — are minimally required to align the same trace to

the trace (a, b,d, e, f, g, h) parsed by the SAMPLING process model.

3. Related work

Several process discovery algorithms (e.g., Alpha Miner [42], Inductive Miner
[23, 24], Heuristic Miner [45], Fodina [44] and Split Miner [3]) have been pro-
posed in the recent process mining literature. Although Alpha Miner [42] and

the basic Inductive Miner [23] have been originally designed to depict as much
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as possible behaviors seen in the event log into the process model, several pro-
cess discovery algorithms use filtering. For example, Hybrid ILP Miner [48],
Heuristic Miner [45], Fodina [44] and Split Miner [3] have been designed to filter
infrequent behaviors within their internal data structure, in advance to discov-
ering a process model. Also, the Inductive Miner family has introduced filtering
mechanisms to filter infrequent directly-follows dependencies [24]. Heuristic
Miner allows OR-joins and OR-splits on filtered directly-follows dependencies.

In addition, in the context of Petri nets, researchers have been looking at the
region theory to construct a system model from a description of its behavior.
State-based regions have been used to construct a Petri net from a transition
system as an intermediate representation [19] having filters integrated in the
transitions system generation. Language-based regions have been also used to
construct a Petri net from a prefix-closed language [I0]. In any case, all these
algorithms still load the whole event log to build the internal data structure
elaborated to discover the final process models, although they start integrating
built-in filtering mechanisms operating on the internal data structure.

The preprocessing of event logs has recently gained attention as a useful
phase prior to application of process discovery algorithms. Various cleaning
techniques are analyzed in [38] as a means to handle noise produced by the
presence of infrequent behaviors (outliers) in the event raw data. In fact, these
outliers may lead to discover process models exhibiting infrequent execution
paths that clutter the model. In particular, outliers may have a negative effect
on the precision of the discovered models, as well as on their complexity. To
this regard, in [7] the authors show that leaving outliers in event data may have
a detrimental effect on the quality of the process models produced by various
process discovery algorithms. To detect and remove infrequent process behaviors
in raw event data, various filtering methods [7, B4], B5] have been formulated in
recent literature. A filtering method for discovering more precise process models
in the presence of chaotic activities is also described in [40]. Filtering methods
effectively reduce the size of traces elaborated by process discovery algorithms.

However, as discussed in [I5], the time spent for applying filtering methods is
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sometimes longer than the time required for discovering a process model from
the initial event log. In addition, several filtering methods may have no accurate
control over the size of the reduced event log.

Sampling methods reduce the number of traces in event logs. A random
trace-based sampling method is described in [4]. This method assumes that
traces have different behavior if they have different sets of directly follows re-
lations. A very recent study [I5] [33] investigates the effectiveness of applying
sampling on event data prior to invoking process discovery algorithms, instead
of using all the available event data. The authors compare different biased sam-
pling strategies (frequency-based sampling, length-based sampling, similarity-
based sampling and structure-based sampling) and analyze their ability to im-
prove the scalability of the process discovery algorithm. In [32] the authors
propose an iterative trace selection algorithm based on clustering and confor-
mance artifacts. Each iterative phase first performs a trace clustering step with
the k-medoids algorithm and the edit distance, in order to populate a sublog
with the cluster medoids (i.e., the traces of the original log that are the closest
to the cluster centroids). Subsequently, it discovers a process model from this
sublog and computes the conformance artifacts of the original log on the dis-
covered process model, in order to identify deviating traces. The iterative phase
is repeated on the deviating traces until the quality of the discovered process
model improves. As a measure of the quality of a process model, the authors of
[32] adopt the Fmeasure of fitness and precision. The experiments illustrated
in [32] prove that the use of cluster prototypes as input to the process discov-
ery algorithms often improves the Fmeasure of the discovered process models
outperforming both random and biased sampling strategies.

Finally, we note that the task of trace generation addressed in this paper
to perform the log summarization has already received attention in the process
mining field [28], B7]. However, these studies describe approaches to generate
entire event logs mainly through simulation of some process models. The output
of these approaches is a controlled (big) event log that can be used to evaluate

process mining algorithms in a complete and predictable way. Differently, we
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describe a method to generate a few new traces from a (big) initial event log, in
order to distill a compact version of the most relevant information of the initial
log for the process discovery task. Based upon these considerations, we select

filtering and sampling approaches as related methods of the experimental study.

4. Preliminaries

In this paper, we focus on sequences of activities, also called traces, that are
combined into event logs and next-activity classification functions that are used
in an abstraction strategy to generate event log summaries.

Multisets are commonly used to describe event logs where the same trace
may appear multiple times. An event log is a multiset of traces. Each trace
describes the life-cycle of a particular case (i.e., a process instance) in terms
of the activities executed. In this simple definition of an event log, an event
refers to just an activity. Let us consider some set of activities A C Uy. o =
(a1,as,...,a,) denotes a sequence over A of length n = |o|, where o(i) = a;
for 1 <i < |o|. hd(o,k) = (a1,aa,...,a;) with 1 < k < n is the head of the
sequence consisting of the first &k elements. tl(o, k) = (ar41,akt2, ..., a,) With
1 < k < n is the tail of the sequence composed of the last |o| — k elements. The
selection o (k+1) corresponds to the next activity of hd(c, k). Note that the next
activity of hd(o,n) is L where L denotes the end of the trace. For the sequence
o= {a,b,c,d,e, f,l,h), 0(2) = b, hd(0,2) = {a,b) and tl(0,2) = (c,d,e, f,1,h).
The next activity of hd(o,2) is ¢, while the next activity of hd(o,8) is L. () is
the empty sequence.

Sequences are used to represent traces in an event log. o7 - 02 is the con-
catenation of two sequences. In addition, let A* denote the set of all possible
sequences on A. B(A*) denotes the set of all multisets over A. For a multiset
L € B(A*), L(o) is the number of times a distinct variant-sequence o appears
in L. For example, let us consider a set of activities A = {a,b, ¢, d, e, f, g, h,l},
then Ly = [], Ly = [{a,b,c,g,h),(a,b,c,d,e, f,1,h),{a,b,c,g,h)] and Ly =
[{a,b,c,g,h)?, (a,b,c,d,e, f,1,h)] are multisets of B(A*). L; is the empty mul-

11
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tiset, Lo and L3 both consist of three sequences and Ly = Lg, i.e., the ordering
of sequences is irrelevant and a more compact notation may be used for re-
peating sequences. Note that both L, and L3 contain three sequences, but
two distinct variant-sequences (i.e., {a,b,c,g,h) and (a,b,c,d,e, f,1,h)) as the

sequence {(a, b, ¢, g, h) appears twice in both Ly and Ls.

Definition 1 (Trace, Event Log). Let A C U4 be a set of activities. A trace
o € A* is a sequence of activities. L € B(A*) is an event log, i.e., a multiset of

traces.

We denote as |L| the cardinality (number of traces) of L. We denote as

maz_leny, the maximum length of a trace in L.

Definition 2 (Labeled head sequence multiset). Let L € B(A*) be an event
log. T € B(A* x A) is the multiset of all the head sequences (samples) ex-
tracted from the traces of L. Each head sequence is labeled with the next ac-

tivity (labels) associated to the head sequence in the corresponding trace so that

T = [hd(o,k),0(k+1)|jce LA1 <k <|o|].

Let us consider the sample event log reported in Fig. The labeled head

sequence multiset extracted form this event log is reported in Table 2]

Definition 3 (Next-activity classification model). A next-activity classi-
fication model F is a function F: A* x R* — A, where d represents the number
of real-valued parameters in a model. The last d arguments of the function are

later fized to create a hypothesis function from A* to A.

Definition 4 (Next-activity classification hypothesis function). Let F be
a model with d real-valued parameters. Let © € R be a vector of d real-valued
parameters. A hypothesis Hrp o of the model F is a function: Hpo: A* — A
such that Hre(z) = F(z,0).

Definition 5 (Cost function). Let Hro be a hypothesis of the next-activity

classification model function F'. The cost function of Hr,e is a function Cp, o : A*X

12
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Table 2: Labeled head sequence multiset T7, extracted from the log L reported in Fig.

o next activity occurrences o next activity occurrences
(a) b 320 (a,c,d, e, f) g 100
(a, b) c 110 (a,c,d,e, f,g) h 100
(a,b,c) d 110 (a,c,d,e, f,g,h) €L 100
(a,b,c,d) e 110 (a,c,d, e, f) h 98
{a,b,c,d,e) f 110 {a,c,d,e, f,h) 1 98
{a,b,c,d, e, f) l 110 (a) e 95
(a,b,c,d,e, f,1) h 110 (a,e) f 95
(a,b,c,d,e, f,1,h) L 110 (a,e, ) g 95
(a, b) d 105 (a,e, f“ ) h 95
(a, b, d) e 105 (a,e, f,g,h) 1 95
(a,b,d,e) f 105 (a) f 95
{a,b,d,e, ) g 105 (a, f) g 95
(a,b,d,e, f,g) h 105 (a, f,g) h 95
(a,b,d,e, f,g,h) L 105 (a, f,g,h) L 95
(a, b) i 105 (a) g 180
(a,b,1i) c 105 {a, g) c 90
(a,b,i,c) d 105 (a,g,c) d 90
(a,b,i,c,d) e 105 (a, g,c,d) e 90
(a,b,i,c,d,e) f 105 (a,g,c,d,e) f 90
(a,b,i,¢c,d, e, f) g 105 (a,g,c,d, e, f) g 90
(a,b,i,¢c,d,e, f,g) h 105 (a,g,c,d,e, f,q) h 90
(a,b,i,c,d, e, f,g,h) 1 105 (a,g,c,d,e, f,g,h) 1 90
(a) c 198 (a, g) g 90
(a,c) d 198 (a, g,9) h 90
(a,c,d) e 198 (a,g,9,h) € 90
(@, ¢, d,e) ! 198

A= R such that Cp o (z,y) measures the penalty of an incorrect classification

of the label y done through Hr o(x).

Definition 6 (Next-activity classification algorithm). Let T}, be a labeled
head sequence multiset. The next-activity classification algorithm determines the
hypothesis Hp o that minimizes the cost function Cy, o, i.e., such that:

O = argmin Z Chpo(0,a).

d
O€R (o,a)€Ty,

The hypothesis Hr ¢ depends on the model type and the labeled multiset. In
this study, following the deep learning approach, the model type is the network

architecture, i.e., the hypothesis is implicitly determined by the architecture

13
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parameters. Under the umbrella of deep learning, the Long-Short-Term Mem-
ory (LSTM) neural network is a recurrent network that is suitable to process
sequences, such as those underlying a business process event log. The LSTM
network uses cyclical connections among its processing units that enable the
classification of sequential data by using part of the output of a processing unit
for the processing of a new input. The information flows from a unit to another
unit with minimal variation, keeping certain aspects constant during the pro-
cessing of all inputs. This constant input keeps classifications that are coherent
over long periods of time. This results in a long-term memory. A common
LSTM unit accepts ¢;—1 and h;_1 as state information from the prior unrolled
cell on the same layer, and x; as input from cells of the previous layer. In turn,
it passes ¢; and h; as new state information to the subsequent unrolled cell on
the same layer and also provides h; as output to the next layer. Specifically, it

performs the following computations:

fe = sigmoid(Wy - [hy—1,m¢] + by), (1)
i = sigmoid(W; - [hy—1, 2] + b;), (2)
& = tanh (W, - [he1, 2] +be), (3)
a = (fixea-1)+ (i xa), (4)
o = sigmoid(W, - [hy—1, 2] + bo), (5)
hi = o x tanh(cy), (6)

where W and b (weights and biases) are the parameters of the network to be
learnt. Eq. [T represents the “forget gate” that determines, based on the inputs
x; and hy_q, which part of the state to forget. Eq. represents the “input
gate” and determines which values of the state to update; some of the i; will be
close to zero, others close to one. Eq. [3] computes new candidate values ¢. Eq.
and Eq. [3| determine how the inputs x; and h;_; contribute to the updated
cell state. Eq. [4] computes the new state ¢; by adding the information kept in
ct—1 after forgetting (i.e., fi X ¢;—1) to the new information (i.e., i; x &). Eq.

[] represents the “output gate” that determines which values of the cell state

14



are provided as output to the following layer and subsequent unrolled cell. Eq.
[6] computes the final output h; as the product between the value provided by
the output gate and the tanh of the cell state ¢;. The number of LSTM units
on each layer is a hyper-parameter to fix. The output of the LSTM module
is finally fed into a softmax layer to compute the final output (i.e., the next
activity) from probabilities of different classes (activities) computed using the

softmax activation function:

y; = softmax(y); = %. (7)

The cross-entropy loss function, that measures the error between the ex-
s pected label and the probability predicted by the neural network, is commonly
used as cost function to be optimized in classification tasks.

Several studies [6l, 31, 41] have recently proved that LSTM neural network
architectures can learn accurate next-activity hypothesis functions Hp g from
various event logs. In addition, the authors of [4I] have recently shown that

a5 repeatedly applying the function Hg e learned by an LSTM neural network, we
are able to make accurate longer-term classifications that predict further ahead

than a single time step by accurately predicting the tail of a trace given its head.

Definition 7 (Trace tail prediction function). Let Hpo: A* — A be a next-
w0 activity classification hypothesis function, o € A* be a seed sequence, max_leny,

be the expected maximum trace length. H}%’@: A* — A* denotes the function:
v if Hreo(o) =1,
Hgglo) = §) if |o| = mazx_leny, (8)
(Hpe(0)) - Hig (0 - (Hpe(0))) otherwise
that predicts the full continuation of a trace with head o.

According to Definition [7, we can generate a new trace ¢/ = o - <H}J5,@(O')>
by concatenating the head o and the predicted tail H ﬁ@(a). In principle, any

s sequence o € A* can be used as a seed for this trace generation. However, in this
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study, we generate new traces from a few seed sequences that appear as heads
in real traces of L. Specifically, we use a length-based criterion to determine the
seed sequences of the trace generation. Let us consider HD;(L) = {hd(o,l)|o €
L A |o| > 1}, that is, the set of head sequences of L with length equal to ! (with
1 > 1), we consider all the head sequences of HD;(L) to prompt the generation

of traces to populate a log summary L*.

Definition 8 (Event log summary). Let L € B(A*) be an event log, Hg o
A* — A* be the trace tail prediction function that repeatedly applies the next-
activity classification hypothesis function Hp o : A* — A learned from Ty, HD,(L)
be the set of head sequences of L with size equal tol. The log summary L* is a set
of traces generated through Hﬁ@ from each distinct head sequence o € HD;(L),
that is, L* = {0 - (Hp (0))|o € HDy(L)}.

We highlight that predicting the completion of traces with head in distinct
sequences, we can generate distinct traces for L*. As an example, let us consider
the event log L reported in Fig. [Ta]and the next-activity classification hypothesis
function Hr e learned through an LSTM neural network from the labeled head
sequence multiset 77, reported in Table Let us set [ = 2. We process the
set of 2-sized head sequences HDo(L) = {{a,b), {a,c), (a,e), a, f),(a,g)} as
seeds for generating the traces of the log summary L* = {(a,b,¢,d, e, f,g,h),
(a,c,d,e, f,g,h), (a,e, f,g,h), (a,f,g,h), {(a,g9,¢,d,e, f,g,h)}. Note that, as
reported in Deﬁnition we generate the trace (a,b,c,d,ef, g, h) of L* as {(a,b) -
(c,d,e, f,g,h), where (a,b) € HDy(L) and (¢, d, e, f, g, h) is the full continuation
that we predict through Hg g for a trace with head (a,b) (i.e., Hpo((a,b)) =
(c,d,e, f,g,h)). We similarly generate the traces (a,c,d, e, f,g,h), (a,e, f,g,h),
(a, f,g,h) and (a,g,c,d,e, f,g,h) of L* by predicting the completion of traces
with head (a,c), (a,€), {(a, f) and (a, g), respectively.

Further considerations concern the fact that, in the previous example, the
log summary L* comprises the trace (a, g, ¢, d, e, f, g, h) generated by predicting
the full continuation of a trace with the head (a, g) that is infrequent in L. In

fact, the sequence {(a, g) appears as the head of only 180 traces out of 888 traces
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Figure 3: Schema of the PROMISE* method.

originally stored in L. This trace, if processed by a process discovery algorithm,
may lead to discovering process models exhibiting this infrequent execution path
that may clutter the model [38]. To handle the possible drawbacks of generating
traces that are abstractions of infrequent behaviors in the original log, a sam-
pling post-processing mechanism can be applied to L* to filter-out generated

traces that may reduce the performance of process discovery algorithms.

Definition 9 (Summary event log sampling). Let L* be a summary log of

L. We define Sy« as trace-based sample of L* so that Sy~ C L*.

5. Abstraction-based event log summarizing method for process dis-

covery

In this section, we describe PROMISE™T. A schematic view of our approach

is shown in Fig. 3] The method is composed of the following steps:

1. Labeled head sequence multiset extraction. It takes as input the
initial event log L and returns the labeled head sequence multiset T7,.

2. Next-activity classification. It takes as input 77, and learns the next-
activity classification hypothesis function Hpg: A* — A.

3. Event log summarization. It takes as input both L and Hpg and
generates the event log summary L*.

4. Process model discovery. It takes as input L* and wraps a process
discovery algorithm that is applied to the traces of L*. In this step, the
traces of L*, that may decrease the performance of the process discovery

algorithm, are identified and filtered-out.

The detailed description of each step is reported in the followings.
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5.1. Labeled head sequence multiset extraction

We transform L into 77,. As presented in Section [4] T, is the multiset of
all the possible labeled head sequences extracted from all the traces of L. In
particular, for each trace o € L, we extract the |o| head sequences of o with
length ranging between 1 and |o].

Each head sequence is labeled with the next activity associated with the
head sequence in the corresponding trace. Note that, as shown in the example
in Table [2| the head sequence with length |o|, that corresponds to the entire
trace, is labeled with the end of the trace L.

5.2. Next-activity classification

Starting from 77, and using an LSTM neural network as model type, we
learn Hpo: A* — A to classify the next activity of any sequence of activities
representing a running trace. As reported in Section [] this function will be
subsequently used as a trace summarizer of L.

We adopt an LSTM neural network architecture with an embedding layer
that automatically learns a multi-dimensional real-valued representation of cat-
egorical activity sequences. The output of the embedding layer is fed into a re-
current neural network composed of two stacked LSTM layers. The first LSTM
layer provides a sequence output to feed the second LSTM layer. We conduct
the optimization phase of the hyper-parameters by using 20% of the training
set as the validation set. In particular, we perform hyper-parameters optimiza-
tion with SMAC [21]E| Table reports the hyper-parameters optimized and the
corresponding range of possible values explored with SMAC. The training of
the network is accomplished by the Backpropagation algorithm that performs
iterative backward passes to find the optimal values of network weights based
on gradient descent. We use the cross-entropy loss function for the optimization
and perform the Backpropagation training with early stopping to avoid overfit-

ting. We stop the training process when there is no improvement of the loss on

Ihttps://automl.github.io/SMAC3/master/quickstart.html
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Table 3: Configuration of neural network hyperparameters

Parameter Value Parameter Value Parameter Value

Learning Rate | [0.00001, 0.01] | LSTM unit size | {8, 16, 32} | Batch size | [2°, 21]

the validation set for 20 consecutive epochs. To minimize the loss function, we

use the Nadam optimizer. The maximum number of epochs is set to 200.

5.3. Fvent log summarization

Once Hf g has been learned by training an LSTM neural network from 77,
we use it to generate L* that is an event log summary of L. For this purpose,
we first determine the set HD;(L) of the head sequences of L with size [. These
sequences are used as seeds for the trace generation. In fact, for each seed
sequence o € HD,(L), we repeatedly use Hg o to predict the tail of a new trace
having o as head (according to Def. 7). The new trace is added to L*. We
automatically choose [ as the minimum sequence length to select a number of
seed sequences greater than 1. As an example, let us consider the event log L in
Fig. [Tal If we consider [ = 1, then we get one seed sequence, i.e., the sequence
(a), to prompt the generation of one trace for L*. If we consider [ = 2, then we
get five distinct seed sequences, i.e., the sequences (a, b), {(a,c), (a,e), (a, f) and
(a, g), to prompt the generation of five distinct traces for L*. According to the

considerations reported above, in the example, we automatically choose [ = 2.

5.4. Process model discovery

Finally, we discover a process model from L*. Any process discovery algo-
rithm can be used in this step, although it is recommended to use algorithms
that generate sound process models [32]. The selected process discovery algo-
rithm is wrapped within an iterative trace selection process aiming to select
the most relevant traces of L* that contribute to discovering the process model
that better conforms to the initial event log L. To this aim, as in [32], we
enclose conformance quality assessment metrics by measuring fitness and preci-

sion. However, we may integrate any other quality metrics. Notice that several
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fitness and precision metrics may be used. A description of the fitness and
precision metrics considered in this study is reported in Section [6.2.2 Both
metrics are computed on the traces of the original event log L. As in [32], we
consider the classical Fmeasure to level fitness and precision with equal weights

as defined by:
fitness X precision

Fmeasure = 2 x

(9)

We denote by Sp- the sample of L* that collects the traces contributing to

fitness + precision

discover the process model that better conforms to the initial event log L. We
populate Sy« iteratively by exploring traces of L* according to a forward trace
selection procedure. Starting from an empty Sp- set, we iteratively test the
effect of moving a trace from L* to S« by using the Fmeasure as a quality
criterion. At each iterative selection step, we identify the trace opest € L*
that maximizes the Fmeasure of the process model that can be discovered from
Sr+ U{0pest}. The trace opes; is definitely moved from L* to Sp- if and only
if the Fmeasure of the process model discovered from Sy« U {opest} is greater
than the Fmeasure of process model discovered from Sp«. The forward trace
selection procedure stops when all the traces have been moved from L* to Sy«
or the Fmeasure decreases (i.e., no improvement is obtained).

The pseudo-code of the process discovery step is shown in Algorithm[I] Note

: X . o+ ILTI(LT+1)
that it performs a greedy search that may test =——5——

process models, at
worst. The result of this search depends on both the quality measure selected to
evaluate the process model and the algorithm wrapped for the process discovery.
In principle, any quality criterion, as well any process discovery algorithm, may
be considered for this step.

Final considerations concern the fact that the described process discovery
step may be adopted to explore any set of distinct variant-traces. Therefore,
it can be also used to explore the distinct variant-traces of the original event
log L, as well as the subset of distinct variant-traces extracted from L with a

sampling procedure (e.g., frequency-based sampling).

From this moment on, the baseline configuration that returns the process
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Algorithm 1: Process discovery step

Data: L* (event log summary), L (original event log)

Result: ProcessModel* (process model)

1 begin

2 F*=0;

3 S =

4 Improvement =true

5 while L* # @ and Improvement do

6 Fpest =0

7 for 0 € L* do

8 ProcessM odel=process_discovery(Sg- U {o})
9 F = Fmeasure(ProcessModel, L);
10 if I > Fy.s; then

11 Fpest = F

12 Opest = O

13 ProcessModelyesi = ProcessM odel
14 if Fyest > F* then

15 F* = Fpest

16 ProcessModel* = ProcessModelpest
17 Sp+ = S U{0best }

18 i L* = L*\ {opest }

19 else

20 Improvement =false
21 return ProcessModel*

model discovered from L* as output is denoted as PROMISE. The upgrade con-
figuration that returns the process model discovered from Sy« as output is

denoted as PROMISE™.
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6. Experiments

To evaluate the effectiveness of the proposed method, we have conducted a
broad range of experiments on several benchmark event logs. The main objective
of this experimental study is to investigate the performance of both PROMISE
and its upgrade PROMISE™T in generating a compact version of event logs prior
to invoking process discovery algorithms. Specifically, we aim to answer the
following research questions: (Q1) Is the proposed method able to improve the
quality and complexity of the discovered process models by also varying the
process discovery algorithm wrapped-in? (Q2) How does the proposed method
affect the time spent completing the discovery process? (Q3) Does the pro-
posed method outperform related filtering or sampling methods even when also
related methods are coupled with the forward trace selection for improving the
quality measure selected for the evaluation? The implementation of the log
summarization method experimented in this study is illustrated in Section [6.1
The benchmark event logs considered in the experiments and the experimen-
tal setting are presented in Section [6.2] Finally, the analysis of the results is
illustrated in Section [6.3l

6.1. Implementation details

We have implemented both PROMISE and PROMISE™ in Python 3.6.9 — 64
bit version by using Keras 2.3.13 library — a high-level neural network API
that adopts TensorFlow 1.15.04 as the back-end. This implementation, that is
available via the public GitHub repositoryﬂ is used to perform the experiments
illustrated in this study.

In the experiments illustrated in this study, the next-activity classification
hypothesis function is learned through an LSTM neural network. The neural
network is trained on a pre-processed version of the original event log L. The
pre-processing step is performed to simplify the self-loop events that may appear

in each trace o € L. A self-loop is a sub-sequence of a trace where an activity is

?https://github.com/vinspdb/PROMISE
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repeated on n consecutive events with n > 2. A self-loop with n repetitions is
called a n-repetition. Every n-repetition of the same event with a 2-repetition
by performing an activity dropping operation. This simplification is introduced
to reduce the risk that the LSTM is led to learn a next-activity classification
hypothesis function predicting an infinite loop on a specific activity. In addition,
as an LSTM neural network architecture trained for sequence classification takes
equal-length sequences as input, we use the padding technique in combination
with a windowing mechanism [31], in order to standardize different sequence
lengths and obtain labeled samples with fixed size. The combination of padding
and windowing uses a length equal to W, in order to standardize different se-
quence lengths and obtain fixed sized sequences. According to this mechanism,
dummy events are added to sequences with lengths less than W, while the most
recent W activities are kept into sequences with lengths greater than W. We
set W =4 in this experimental study.

In addition, we have used three state-of-the-art process discovery algorithms:
Inductive Miner [23] and Hybrid ILP Miner [47] (ver 6-10.154) imported from
PROMGEL Split Miner [3] imported from Apromoreﬂ We have integrated the
implementation of the Cost-based fitness [I] and the Align-ETConformance [2]
from PM4PY. Both metrics have been measured with alignments computed with
the algorithm A* [43]. We have integrated the Token-based Repair Generaliza-
tion [5] and the Petri Net Properties from PM4PY to compute the generalization
and model size (number of transitions, places, and arcs) of the discovered process
models, respectively. We have used the Java plug-in of Show Petri-Net Metrics
[22] from PROMSG to compute the extended Cardoso index that measures the
complexity of a process model by its complex structures, i.e., Xor, Or and And
components. We have adopted the subprocess moduleﬂ of Python 3.6.9 to run
the Java plug-in of Inductive Miner, Hybrid ILP Miner, Split Miner and Show

Shttps://www.promtools.org/doku.php?id=prom610
Ihttps://apromore.org/platform/tools/
Shttps://docs.python.org/3/1library/subprocess.html
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Table 4: Event logs description: number of activity classes, traces, events, variants and

directly-follows (DF) relations.

Event Log # Activities | # Traces | # Events | # Variants | # DF Relations
BPIC2012 [11] 23 13087 164506 4336 138
BPIC2018_Insp [13] 15 5485 197717 3190 67
BPIC2019 [12] 42 251734 1595923 11973 538
Hospital [27] 18 100000 451359 1020 143
Road [25] 11 150370 561470 231 70
Sepsis [26] 16 1050 15214 846 115

Petri-Net Metrics through the Python code by creating new processes.

6.2. Ezperimental setting

6.2.1. Fvent logs and process discovery algorithms

We have used six real-life event logs provided by the 4TU Centre for Re-
search. Table 4| reports the characteristics of these event logs. These logs record
executions of business processes in healthcare, finance and traffic management.
They are heterogeneous in the number of activities classes (from 11 to 42), num-
ber of traces (from 1050 to 251734), number of events (from 15214 to 1595932),
number of variants (from 231 to 11973) and number of distinct direct flow re-
lations (from 67 to 537). We have considered these event logs to explore to
what extent the method improves the performance of various process discovery
algorithms. We have used the following process discovery algorithms: Hybrid

ILP Miner [47] (ILP), Inductive Miner [23] (IMi) and Split Miner [3] (SM).

6.2.2. Evaluation metrics

We have analyzed the effectiveness of the proposed method (as well as of the
related methods) by evaluating both the complexity and quality of the process
models finally discovered, as well as the efficiency of the learning process.

To evaluate the complexity, we have used the model size and the Extended
Cardoso index. The model size is measured as the number of transitions, number
of arcs and number of places. The Extended Cardoso index [22] is based on the

presence of certain splits and joins in the syntactical process definition. In

24



530

535

540

545

550

555

fact, it counts the various splits (XOR, OR and AND) and give each of them a
certain penalty (e.g., the penalty for a place p is the number of subsets of places
reachable from a place p).

To evaluate the quality, we have computed the following metrics on the
original log: fitness, precision, Fmeasure of fitness and precision, generalization.
In the following we refer to fitness as the cost-based fitness [I], to precision as
the alignment-based ETC precision [2] and to generalization as the token-based

repair generalization [5].

e Fitness. The cost-based fitness is computed for trace alignments by re-

turning a fitness value that is the average of the fitness values of the single

alignment_cost )
)

traces. The fitness of a single trace is computed as (1 ~ Test-of worstcost

where alignment_cost is the total cost of having inserted/skipped activi-
ties and best_of worst_cost is the best total cost of considering all events

as inserted activities.

e Precision. The ETC precision is computed by constructing a prefix au-
tomaton that consists of one state per unique head sequence (prefix) of
the event log. As reported in [2], we use alignments to calculate the prefix
automaton on the aligned event log. For each state in the prefix automa-
ton, we determine which activities are allowed as next activities by the
process model. Activities that are allowed as next activities for some head
sequence, but that are never observed in the event log after this head se-

quence are referred to as escaping edges. The precision of the event log

nonescaping-edges

is computed as (1 - total_edges

), where nonescaping_edges is the
weighted number of non-escaping edges and total_edges is the weighted
total number of edges. Weights are defined by the number of occurrences
of each state in the multiset of head sequences in the original log. The
lower the number of non-escaping edged, the higher the precision. The
ETC precision measure is also adopted in the evaluation of the cluster-

based sampling procedure described in [33] due to its high performance.

However, this precision method works only if the replay of the prefix on

25



560

565

570

575

580

585

the process model works, otherwise the prefix is not considered for the
computation of precision. This is a limit of the metric to be taken into
account for the analysis of precision results. On the other hand, although
various precision measures are formulated in the process mining field, the
recent study of [39] have concluded that none of the existing precision

measures consistently quantify precision.

e Generalization. The generalization is measured performing a token-

1
based replay operation and computing g1 —avg; —— |, where avg,
freq(t)

is the average of the inner value over all the transitions and freq(t) is the

frequency of ¢ after the replay.

Finally, to measure the efficiency, we have analyzed the computation time
spent in minutes to complete each step of the method. The computation times
have been collected running the experiments on Intel(R) Core(TM) i7-9700
CPU, GeForce RTX 2080 GPU, 32GB Ram Memory, Windows 10 Home.

Of course any other metrics may be used for the evaluation of the complexity
and quality of process models. However, the metrics selected in this study
have been commonly used in various process mining studies [15], B3], B4] for the

evaluation of sampling and filtering approaches.

6.2.3. Compared methods

In these experiments, we have run both the baseline configuration of the pro-
posed method—PROMISE—and its upgrade—PROMISE™T. As an initial baseline
we have considered ORIGINAL that performs the process discovery algorithm on
the original event log without any summarizing mechanism enabled (neither
sampling nor filtering). In addition, we have considered the frequency-based
sampling method SAMPLING [15] coupled with the Fmeasure analysis as a re-
lated method. For sampling, we have sorted the distinct variant-traces of the
original log by frequency and started with the sample composed of the top-
frequent variant-trace. We have added top-frequent variants one-by-one to this

sample until the Fmeasure of the process model discovered with the sample
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increases. As an additional related method, we have evaluated the itera-
tive clustering-based sampling method (CLUSTERING) described in [32]. Note
that also CLUSTERING method uses Fmeasure to extract a sample of trace
medoids (selected through an iterative clustering step performed on the original
log), which allows the method to improve the Fmeasure of the process model
finally discovered. As in [32], to elaborate event log summaries, determined
through PROMISE, PROMISE™, SAMPLING and CLUSTERING, we have applied
the process discovery algorithms by disabling the built-in filtering mechanisms
of adopted the process discovery algorithms.

On the other hand, filtering is a prominent approach that various process
mining algorithms (comprising Inductive Miner, Hybrid ILP Miner and Split
Miner) implement to handle large amounts of events reducing the complexity of
the process models, while improving their quality. So, for the completeness of
the experiments, we have also applied the process discovery algorithms to the
entire event logs by testing the effect of built-in filtering mechanisms in each
tested process discovery algorithm (FILTERING), respectively. Experiments with
filtering mechanisms have been conducted by selecting the best internal filter-
ing threshold set-up on 50 different configurations. Again, the tested filtering
configurations have been evaluated with respect to the Fmeasure of the pro-
cess model discovered with each configuration. The configuration achieving the
highest Fmeasure is, finally, selected for the comparative study.

So, according to the description reported above, all the methods of this
experimental study have been compared coupled with the search of the process
model that improves the Fmeasure. This search may be equally conducted by

considering any other process model metric.

6.3. Results and discussion

In this section, we illustrate how the experimental results collected in the

evaluation study allow us to address the formulated research questions.
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Table 5: Comparison of the process models produced by the ORIGINAL, PROMISE and
PROMISE* approaches in terms of complexity metrics and varying the process discovery

algorithm - Hybrid ILP Miner (ILP), Inductive Miner (IMi) and Split Miner (SM).

Configuration Metric BPIC2012 BPIC2018_Insp BPIC2019 Hospital Road Sepsis
Original Model size 33x28x426 26x19x324 61x46x1550 29x22x440 16x15x150 31x20x470
Cardoso 163 142 561 120 67 209
PROMISE Model size 18x23x130 9x9x21 19x16x88 13x10x100 11x10x37 12x12x68
Cardoso 63 27 32 33 17 34
ILP PROMISE™ Model size 17x21x108 9x9x21 8x6x16 9x9x21 8x8x16 12x15x60
Cardoso 52 27 8 11 8 30
Original Model size 66x37x140 35x20x72 T4x31x154 48x25x98 28x25x70 49x38x114
Cardoso 52 27 44 37 27 49
PROMISE Model size 37x26x76 12x12x26 35x25x74 15x6x30 11x7x22 24x25%x62
Cardoso 34 13 31 8 8 28
IMi PROMISE™T Model size 23x17x46 12x12x26 15x10x30 9x7x18 9x7x18 22x18x48
Cardoso 22 13 12 7 8 22
Original Model size | 159x45x318 84x31x168 568x80x1136 | 175x37x350 | 69x24x138 | 142x35x284
Cardoso 159 84 567 174 69 142
PROMISE Model size 36x23x72 11x9x22 33x20x66 18x9x36 12x8x24 36x19x72
Cardoso 34 10 30 12 9 9
SM PROMISE™ Model size 31x21x62 10x9x20 27x19x54 11x9x22 10x8x20 27x18x54
Cardoso 29 10 23 10 9 26

6.3.1. QI and Q2

We start analysing the performance of PROMISE and PROMISE™ in terms
of complexity and quality of process models discovered, as well as time spent
completing the discovery process. This analysis is done to quantify the effect of
the log summarization performed by coupling the proposed abstraction-based
strategy (PROMISE) to the removal of the abstraction-generated traces that
decrease the Fmeasure of the final process model discovered (PROMISE™). As a
baseline of this evaluation we consider ORIGINAL that discovers process models
from initial logs by wrapping the process discovery algorithms with neither the
built-in filtering mechanisms nor the sampling pre-processing step. This analysis
is conducted to explore how the use of an abstraction-based strategy in the log
summarization may be an opportunity to improve the performance of a process
discovery algorithm independently of the use of well-known extraction-based
strategies (e.g., filtering or sampling). We also compare PROMISE™ to the
pipelines with sampling-based pre-processing (SAMPLING and CLUSTERING)
and the pipeline with filtering (FILTERING) in the analysis of Q3.

Tables[5land [6]show the complexity and quality metrics measured on the pro-
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Table 6: Comparison of the process models produced by the ORIGINAL, PROMISE and
PROMISE* approaches in terms of quality metrics and varying the process discovery al-

gorithm - Hybrid ILP Miner (ILP), Inductive Miner (IMi) and Split Miner (SM).

Configuration Metric BPIC2012 BPIC2018_Insp | BPIC2019 | Hospital | Road | Sepsis
Fitness 1.00 1.00 1.00 1.00 1.00 1.00
Precision 0.12 0.13 0.36 0.39 0.53 0.20
Original
Fmeasure 0.21 0.22 0.53 0.57 0.69 0.34
Generalization 0.98 0.96 0.92 0.92 0.99 0.92
Fitness 0.77 0.47 0.72 0.84 0.92 0.77
Precision 0.87 0.95 0.90 0.56 0.93 0.73
ILP PROMISE
Fmeasure 0.82 0.63 0.80 0.67 0.92 0.75
Generalization 0.99 0.99 0.98 0.98 0.99 0.97
Fitness 0.77 0.47 0.78 0.87 0.88 0.75
Precision 0.88 0.95 1.00 1.00 1.00 0.86
PROMISE™
Fmeasure 0.82 0.63 0.88 0.93 0.94 0.80
Generalization 0.99 0.99 0.98 1.00 1.00 0.97
Fitness 1.00 1.00 1.00 1.00 1.00 1.00
Precision 0.14 0.15 0.26 0.56 0.63 0.29
Original
Fmeasure 0.25 0.26 0.41 0.72 0.77 0.34
Generalization 0.98 0.93 0.91 0.94 0.99 0.90
Fitness 0.86 0.71 0.80 0.82 0.95 0.89
Precision 0.75 1.00 0.70 0.54 0.93 0.55
IMi PROMISE
Fmeasure 0.80 0.83 0.75 0.65 0.94 0.68
Generalization 0.98 0.99 0.98 0.93 0.99 0.96
Fitness 0.81 0.71 0.81 0.87 0.94 0.84
Precision 0.90 1.00 1.00 1.00 1.00 0.81
PROMISE™
Fmeasure 0.85 0.83 0.90 0.93 0.97 0.82
Generalization 0.99 0.99 0.97 0.99 1.00 0.97
Fitness 0.98 0.97 1.00 1.00 1.00 0.99
Precision 0.46 0.18 0.50 0.75 0.92 0.26
Original
Fmeasure 0.63 0.31 0.67 0.86 0.96 0.41
Generalization 0.83 0.80 0.69 0.71 0.82 0.72
Fitness 0.84 0.66 0.78 0.87 0.95 0.67
Precision 0.90 0.67 1.00 0.93 0.93 0.89
SM PROMISE
Fmeasure 0.87 0.66 0.88 0.90 0.94 0.76
Generalization 0.97 0.99 0.97 0.93 0.99 0.89
Fitness 0.84 0.71 0.81 0.87 0.94 0.71
Precision 0.91 1.00 1.00 1.00 1.00 0.95
PROMISE™"
Fmeasure 0.87 0.83 0.90 0.93 0.97 0.81
Generalization 0.99 0.99 0.97 0.99 0.99 0.92

cess models discovered with PROMISE, PROMISE™ and ORIGINAL. The analy-
sis of the complexity metric values shows that both PROMISE and PROMISE™
allow us to discover process models that are simpler than the baseline pro-
cess models discovered with ORIGINAL. Moreover, the simpler process models
discovered with both PROMISE and PROMISE™, as expected, always gain in

precision by diminishing the number of unobserved process behaviors (other
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traces not recorded in the log) that may be inappropriately covered with the
process models discovered with ORIGINAL. On the other hand, both PROMISE
and PROMISE™ undergo a slight decrease in fitness by discovering process mod-
els that may fail in parsing a few traces recorded in the initial event logs. This
is commonly accepted, whereas the precision value increases significantly [8].
From this point of view, the Fmeasure of precision and fitness shows that both
PROMISE and PROMISE™ may achieve a better trade-off between precision and
fitness in the process models discovered than ORIGINAL. The analysis of the gen-
eralization values further supports these conclusions. In fact, both PROMISE
and PROMISE™ provide generalization values that are greater than (or equal
to) the generalization values measured with ORIGINAL. Both PROMISE and
PROMISE* always enable the discovery of process models that decrease the
risk of covering traces that are not in the initial event logs, but are likely to
belong to the process that produced the logs.

Further considerations concern the evaluation of how PROMISE™ can ac-
tually improve PROMISE in terms quality and complexity of process models
discovered. PROMISE™ always outperforms PROMISE by discovering process
models that achieve the lower model size and extended Cardoso index, as well
as the higher Fmeasure of fitness and precision, and the higher generalization.

Finally, Fig. [ shows the computation time spent completing the various
steps of the compared configurations. These results reveal that both PROMISE
and PROMISE™ spend most of their computation time both training the LSTM
during the “Next-activity classification” step and discovering the final process
model during the “Process model discovery” step. The computation time spent
preparing the training data set during the “Labeled head sequence multiset
extraction” step, as well as generating the new traces during the “Event log
summarization” step is negligible. On the other hand, ORIGINAL spends all
its computation time completing the “Process model discovery” step. So, com-
paring the cumulative time of ORIGINAL, PROMISE and PROMISE™, we note
that PROMISE and PROMISE™ are more time-consuming than ORIGINAL. How-

ever, the additional time spent for the summarization in both PROMISE and
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Figure 4: Computation time spent in minutes completing the “Labeled head sequence multiset

extraction”, “Next-activity classification”, “Event log summarization” and “Process model

discovery” steps.
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Figure 5: Detail on the computation time spent in minutes by ORIGINAL, PROMISE and

PROMISEY completing the “Process model discovery” step.

PROMISE™T allows us to discover a better process model.

By exploring in depth the computation times, we note that the training of

the LSTM is a time consuming task. In any case, the LSTM, that is trained in

this study to facilitate the process discovery, is also available for dealing with

predictive process monitoring tasks, e.g., to proactively monitor the logged busi-

ness process and ensure that the business activities will run in a desired manner

[31]. On the other hand, the Petri net representation of the process model dis-

covered from the event log summary generated through the LSTM can be seen,
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in some way, as a graphical explanation of how the LSTM performs its next-
activity predictions. This consideration is inspired by the work in [20], where
a Directly-Follows Graph (DFG) was generated from the probability matrix
populated with all the probabilities produced by the LSTM trained to predict
next activities of the original event log. In fact, authors of [20] used the DFG
to graphically explain several decision-making processes of the LSTM model.
Finally, as concerns the time spent for the “Process model discovery” step (Fig.
5)), we note that PROMISE requires less computation time than ORIGINAL since
it takes advantage of a smaller amounts of event data to process. On the other
hand, PROMISE™ requires more computation time than PROMISE and ORIG-
INAL to complete the “Process model discovery” step. This is due to the for-
ward trace selection performed in PROMISE™ for removing traces representing
infrequent behaviors that have been possibly generated during the “Event log
summarization” step. This removal is essential because leaving these traces may
decrease the quality of the process model discovered. Most of the computation
time spent completing the forward trace selection is devoted to perform the
trace alignments to measure the fitness and precision of the event log with re-
spect to the final process models discovered from the candidate traces explored
in the search. However, the improvement achieved in the quality and complex-
ity of the final process models compensates for the increase of time complexity
introduced with the forward trace selection. In any case, exploring alternatives
to the forward trace selection is a future research direction of this study.

All the conclusions illustrated above are equally drawn independently on the

process discovery algorithm and the event log tested.

6.3.2. Q3

We have compared the process models discovered with PROMISEY to the
models discovered with the FILTERING, SAMPLING and CLUSTERING methods.
All these methods someway take advantage of the Fmeasure information in the
discovery of the final process model. Fig. [6] and [7] compare the values of the
Fmeasure and extended Cardoso index measured with PROMISE™T, FILTERING,
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Figure 6: Fmeasure of precision and fitness: PROMISEY vs related methods (ORIGINAL,
FILTERING, SAMPLING and CLUSTERING) by varying the process discovery algorithm among
Hybrid ILP Miner (ILP), Inductive Miner (IMi) and Split Miner (SM).

SAMPLING and CLUSTERING methods, respectively. To rank the compared
methods, we statistically test whether the improvement of both Fmeasure and
extended Cardoso index of the process models discovered with PROMISE™T is
significant over the various event logs. To this aim, we have used Friedman’s
test [9]. This is a non-parametric test that is commonly used to compare mul-
tiple methods over multiple event logs. It compares the average ranks of the
approaches, so that the best performing approach gets the rank of 1. the second
best gets rank 2. The null-hypothesis states that all the methods are equivalent.
Under this hypothesis, the ranks of compared methods should be equal. In this
study, we reject the null hypothesis with p-value < 0.05. As the null-hypothesis
has been rejected, that is, no method has been singled out, we have used a
post-hoc test—the Nemenyi test—for pairwise comparisons [9].

The results of this test are reported in Fig. [8a] and [Bb| for Hybrid ILP
Miner (ILP), Fig. and |8d| for Inductive Miner, (IMi) and Fig. and
for Split Miner (SM). They show that PROMISE™ enables the discovery of the
process models that commonly achieve the highest Fmeasure by having FIL-

TERING as runner-up with ILP, while SAMPLING as runner-up with IMi and
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Figure 7: Extended Cardoso index: PROMISEY vs related methods (ORIGINAL, FILTERING,
SAMPLING and CLUSTERING) by varying the process discovery algorithm among Hybrid ILP
Miner(ILP), Inductive Miner (IMi) and Split Miner (SM).
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Figure 8: Nemenyi test of Fmeasure and extended Cardoso index on process models discovered
using Hybrid ILP Miner (ILP) (a-b), Inductive Miner (IMi) (c-d) and Split Miner (SM) (e-f)
with both PROMISET and the related methods (ORIGINAL, FILTERING and CLUSTERING).
Groups of methods that are not significantly different (at p < 0.05) are connected.
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SM. On the other hand, SAMPLING commonly enables the discovery of the
simplest process models independently of the process discovery algorithm. So,
based upon the previous considerations, SAMPLING is the most relevant com-
petitor of PROMISE™ in this study. In particular, SAMPLING works better than
PROMISET in event logs with traces distributed according to the Pareto distri-
bution (a large portion of log traces is held by a small fraction of top-frequent
variants). For example, SAMPLING works better than PROMISE™ in Hospi-
tal, where SAMPLING with IMi selects the top-six frequent variants that cover
87.38% of traces in the event log (see Fig. @ On the other hand, PROMISE™
works better than SAMPLING in event logs that disregard the Pareto distri-
bution (the majority of traces in the log is spanned on a high number of top-
frequent variants) as already anticipated in the motivating example of Section
For example, this happens in BPIC2018_Insp (see Fig. when both IMi
and SM are selected as process discovery algorithms. On the other hand, in
this event log, the Fmeasure of the process model discovered with ILP using
the log summary produced by PROMISE™ is lower than the Fmeasure of the
process model discovered with ILP using the log summary produced by SAM-
PLING. However, this performance mainly depends on ILP. In fact, PROMISE™
integrates the process discovery algorithm in the forward trace selection step. In

BPIC2018_Insp, this step selects the same two traces for the process discovery
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independently of the process discovery algorithm adopted. However, the process
model discovered by processing these two traces with ILP is different from the
process model discovered by processing the same two traces with IMi or SM. Fi-
nally, the process model discovered with IMi and SM on the event log summary
generated by PROMISE™ for BPIC2018_Insp achieves the highest Fmeasure of
this experiment. This highlights that the performance of the compared methods
also depend on the peculiarities of the process discovery algorithms.

In general, this analysis shows that the proposed abstraction-based strategy
may be an effective alternative to the extraction-based strategies already for-
mulated in the process discovery field, which makes available a predictive model
to enable the predictive monitoring of a process, in addition to facilitate the
discovery of the process model. In this regard, the experiments show that it
can summarize the event log by improving the performance of various process
discovery algorithms. In any case, there is no summarization method that sys-
tematically enables the discovery of the simpler process models with the highest
quality in all the event logs. In fact, the performance of the compared methods
also depends on the characteristics of the event logs (e.g., Pareto distribution of
traces, number of distinct variant-traces, number of distinct activities), in addi-
tion to the peculiarities of the process discovery algorithms. The identification
of the guidelines for the choice of the preprocessing approach, as well as of the
process discovery algorithm requires further investigation in future works.

Additional considerations concern the analysis of the time performance of
the related methods. Fig. reports the total computation times spent by FIL-
TERING, SAMPLING, CLUSTERING and PROMISE™ collected performing the
process discovery with IMi. Similar conclusions can be drawn by using ILP or
SM. These results show that PROMISE™Y is slower than SAMPLING. This is an
expected result as SAMPLING does not perform any time-consuming machine
learning stage for the event log summarization. Instead, PROMISE™ is generally
quicker than CLUSTERING that is the other sampling strategy that performs
a machine learning stage. Exceptions are observed with Hospital, Road and

Sepsis, which contain a smaller number of variants (compared to the remaining
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Figure 10: Total computation time spent in minutes by FILTERING, SAMPLING, CLUSTERING
and PROMISEY approaches with Inductive Miner (IMi) as process discovery algorithm.

logs) to be explored through the time-consuming step of the clustering analysis.
Finally, PROMISE™ is, in general, quicker than FILTERING except for Hospital
and Road, which are the logs that contain the smaller number of variants in
this study. Surprisingly, the same behaviour is not observed in Sepsis that also
contains a small number of variants. However, this event log contains a small
amount of traces and events. The limited amount of data recorded in Sepsis al-
lows us to complete the learning stage of both PROMISET and CLUSTERING on
a more borrowed time by making these methods competitive with FILTERING.

We complete this comparative study by analysing the Petri nets of the pro-
cess models discovered with the methods: FILTERING, SAMPLING, CLUSTER-
ING and PROMISE™. As an example, let us consider the BPIC2018_Insp event
log. Fig. [I1a] [T1H] and [I1d] show the process models discovered with FIL-
TERING, SAMPLING, CLUSTERING and PROMISE™ from BPIC2018_Insp IMi.
In accordance with the conclusions drawn by analyzing the complexity metrics
measured with these methods, the process model discovered with FILTERING is
the most complex, while the process models discovered with both SAMPLING
and PROMISE™ are the simplest. On the other hand, the process models dis-
covered with both SAMPLING and PROMISE* measure the highest Fmeasure
with a precision equal to 1 and a fitness equal to 0.67 and 0.71, respectively.
The higher fitness of PROMISE™ is achieved thanks to the ability of capturing

the behavior comprising the sub-sequence of activities “prepare external” and
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Figure 11: Comparison of process models discovered by IMi with different sampling methods

on BPIC2018_Insp.

“abort external”. This subsequence also appears in the process model discovered
with CLUSTERING (that achieves fitness equal to 0.96), but disappears in the
process model discovered with SAMPLING. Finally, the process model discov-
ered with PROMISE™ provides an easy-to-interpret graphical explanation of the
expected behaviour of the black-box LSTM model in predicting the next activ-
ity of a running trace. For example, it shows that “abort external” is expected

in running traces ending with “begin preparation” and “prepare external”.
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7. Conclusion

In this paper, we have presented PROMISE™, a method that generates event
log summaries by using an abstraction-based summarization strategy. This
strategy leverages a next-activity classification function learned by training a
deep neural network architecture composed of LSTM modules. The log sum-
mary is then used for the process discovery. Experimental results on different
benchmark event logs show that the proposed method provides synthesized logs
that enable the discovery of process models with high quality according to the
Fmeasure metric. In particular, the results indicate that PROMISE™ is able
to generate proper new traces (that may not appear in the original event log)
and the resulting log summaries enable process discovery algorithms to return
process models with a good balance between quality measures. In any case,
the comparison with the extraction-based counterpart (i.e., SAMPLING) high-
lights that both approaches are competitive to improve the quality of discovered
process models according to the Fmeasure metric. So, as future work we plan
to explore log summarization approaches to other event logs with specific do-
main knowledge, to better identify which log characteristics contribute more
to the success of an extraction or abstraction strategy. In particular, a future
research direction involves the identification of guidelines for the choice of the
preprocessing approach, as well as the process discovery algorithm.

Another important question to address is the selection of the seed sequences
for the trace generation in our method. In this study, we use a length-based cri-
terion to select the initial seeds. However, this may lead to select seed sequences
that are the head of an infrequent behavior in the event log. We have handled
this issue through a process discovery step that performs a greedy search to re-
move traces generated for the summary that may be outliers. In this study, the
greedy search is guided by the fitness and precision of the final process models
discovered with the explored traces. However, the computation of fitness and
precision is time consuming due to the time spent computing alignments. We

plan to study alternative criteria to determine seeds by exploring properties like

39



835

840

845

850

855

frequency, similarity or structure. The impact of these properties on ranking
trace-variants has been recently explored in [I5] for sampling.

Also, experimental results have shown that the proposed method provides
a good balance between quality and complexity in the process models finally
discovered. Omne main advantage of the method is that the discovered pro-
cess models are not only precise, but also simple and consequently, easier to
understand and explainable. Another advantage is that the process model is
discovered from event data generated with a next-activity predictive model. So
it may also be seen as a way to provide an easy-to-interpret, graphical explana-
tion of the expected behavior of the predictive model even when it is a black-box
model learned by deep neural networks (such as LSTMs). Hence, a direction for
future works would be to validate how explainable the resulting process models
are for end-users. Indeed the level of explainability of a process model may have
a significant impact on its usability. Hence our research can be considered as a
step towards adding explanations to business process models, paving the way to
create algorithms capable to discover process models with desirable properties
of explainability and usability.

Finally, this study opens the door also for different research directions. For
example, besides process discovery, the proposed summarization method could

be designed for conformance checking.
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