
INCREMENTAL TRANSITION SYSTEM CONSTRUCTION WITH
REFINEMENT FOR REGION-BASED PROCESS MINING

Shengrui Peng1 and Helena Szczerbicka1

1L3S Research Center, Leibniz University Hannover, e-mail: {peng, hsz}@l3s.de

KEYWORDS

Region-based Process Mining, Incremental Algorithm,

Transition System, Configuration Refinement.

ABSTRACT

Process discovery focuses on deriving process models

from event logs to facilitate the analysis of complex work-

flows. Region-based approaches are known for their abil-

ity to effectively capture concurrency and handle invisible

transitions, but they suffer from high computational de-

mands and reliance on predefined state information. This

paper introduces an incremental algorithm to construct

transition systems (TS) from event logs, integrating a re-

finement strategy to optimize the representation of the

state. The proposed method significantly reduces the com-

plexity of the transition system by configuring state ab-

stractions using past, future, or hybrid horizons. A refine-

ment strategy is used to determine optimal configurations

for state representation, ensuring model quality through

precision and simplicity metrics. The approach is evalu-

ated using a case study that demonstrates its effectiveness

in improving scalability and efficiency in region-based

process discovery.

1 INTRODUCTION

Process mining is a multifaceted field that bridges sev-

eral disciplines, aiming at constructing precise process

models from event log data to enable in-depth process

analysis with the help of simulation. It is widely used to

support applications in manufacturing and services where

processes need to be continuously improved and adapted.

Event logs can be understood as sequential records of

operations performed. Modern information systems gen-

erate massive amounts of data, which poses significant

challenges in efficiently constructing process models from

these large datasets. Various discovery algorithms have

been developed to address this challenge (Augusto et al.,

2022), producing distinct types of process models, includ-

ing transition systems, Petri nets, and Business Process
Modeling Notation (van der Aalst, 2011). Among these

approaches, the region-based process discovery approach

is known to produce robust models capable of handling

complex behaviors such as concurrency and invisible tran-

sitions. Petri net (PN) proposed in Petri (1962) is used

to represent the process model specifically due to their

solid mathematical foundations and ability to effectively

represent concurrent processes.

Compared to other process discovery approaches, the

main limitation of region-based algorithms is their high

computational cost when handling large or highly variable

logs. Typically, these algorithms need a transition system

(TS) as an intermediate representation of the event log,

from which a PN is derived using the theory of regions
(Desel and Reisig, 1996). While many works focus on

improving scalability and computational efficiency, a fun-

damental question is often overlooked, i.e., how to find

a suitable (or even optimal) TS from a given event log.

Since event logs generally do not provide state informa-

tion, the first task is to extract it. Different abstractions can

be applied to define states through their past (events before

the state), future (events after the state), or both (van der

Aalst et al., 2010). However, the modelers usually decide

how these abstractions are combined. Thus, a systematic

strategy is needed to identify a suitable configuration for

representing states.

In this work, we propose an incremental algorithm for

constructing transition systems from event logs to boost

region-based algorithms. With abstractions, the equivalent

states in sub-TSs can be identified and merged automati-

cally, potentially reducing the size of resulting super-TSs.

A sub-TS is a sequential unit TS derived from a single

trace, and a super-TS is the TS constructed by integrating

the sub-TSs. We then use two metrics, namely precision

and simplicity, to evaluate and compare the super-TSs

under different configurations. Finally, we introduce a

refinement strategy to configure the abstractions.

This work is organized as follows. The section 2 re-

views the literature, points out challenges and highlights

the necessity of our approach. The section 3 covers fun-

damental definitions and concepts, especially abstractions

applicable to event logs. The section 4 introduces our

incremental algorithm and details the configuration re-

finement strategy. A numerical case study illustrating the

efficacy of the proposed approach appears in section 5. Fi-

nally, section 6 provides conclusions and suggests future

research directions.

2 LITERATURE REVIEW

The region-based process discovery approach originates

from the Petri net (PN) synthesis problem proposed by
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(Desel and Reisig, 1996). The objective is to generate an

elementary PN from a (labeled) transition system (TS),

i.e., a concurrency model derived from sequential obser-

vations, using the theory of regions proposed in (Ehren-

feucht and Rozenberg, 1990). An elementary PN solves

this synthesis problem iff. its reachability graph is iso-

morphic to the given TS. (Cortadella et al., 1995) also

presented an early method for generating a safe PN from a

(labeled) TS. Later, (Cortadella et al., 1998) introduced a

broader class of (labeled) TS, called the excitation-closed

TS. The solution is no longer restricted to elementary PN.

Subsequently, region-based approaches are adapted for

the process mining problem (see Definition 2). Typically,

the event log is transformed into a TS, and then a PN is

derived. One major issue in this approach is extracting

state information from event logs, which provide only se-

quences of activities. In other words, the state information

is not directly available from an event log.

An instance-based multi-step approach is proposed in

(van Dongen and van der Aalst, 2004, 2005), focusing on

constructing models at the instance level (i.e., sub-TS) and

then aggregating them into an overall process model (i.e.,

super-TS). This enables analyzing individual instances

without requiring a complete process model. Construct-

ing models at the instance level avoids scalability issues,

even with large data sets. However, this approach relies

on causal relations from the event log, so instance-graph

accuracy depends on log quality and detail. As an improve-

ment, (van Dongen et al., 2007) propose an incremental

approach to learn a PN from event data iteratively. This

iterative strategy reduces memory requirements, making it

feasible for large logs. However, while memory usage is

reduced, computation time increases because all regions

must be computed before identifying the minimal ones. As

noted in (Solé and Carmona, 2012), this approach trades

space for time.

The two-step approach in (van der Aalst et al., 2010)

details how event logs are transformed into a TS and how

a PN is derived from it. Unlike the earlier-mentioned

iterative approach, which builds the TS incrementally,

this method constructs a complete TS in one step, so it

needs representative logs. The authors also discuss repre-

senting states as sequences of activities, applying various

abstractions to the event log. However, they restricted the

approach to elementary PNs. (Shershakov et al., 2017)

address the issue of evaluating the transition systems gen-

erated by different configurations. The authors essentially

use simplicity and precision as metrics. However, the au-

thor only considers the past (or history) of a state, and a

numerical search is used to find suitable configurations.

Another issue with region-based approaches, as stated

in (Augusto et al., 2022), is their high computational

cost. Recent works address scalability constraints and

propose efficient methods for constructing a TS from

large event logs. For example, (Teren et al., 2023a,b)

introduce a framework to decompose a PN into synchro-

nizing sub-systems. In (Peng and Szczerbicka, 2024),

the authors enhance the region-based process discovery

algorithm by proposing an advanced minimal region gen-

eration approach that is twice as fast as the original.

Typically, these works assume that the TSs are already

extracted from event logs, so they focus on improving

the efficiency of learning PNs via the theory of regions.

However, accurately extracting state information and se-

lecting a suitable TS representation remain crucial for

the final PN. Thus, simply stating how to extract state

information is insufficient. It is also necessary to provide

methods for evaluating different configurations, helping

to find the most suitable TS representation at a moderate

computational cost.

3 PRELIMINARIES

In this section, we explore the foundational concepts vital

for the focus of this paper: incremental construction of a

transition system from an event log and refining the config-

urations. Each topic is selected to offer a comprehensive

theoretical background that enhances understanding of our

proposed algorithm.

3.1 Region-based Process Discovery

Process mining is an interdisciplinary field that constructs

detailed process models from event logs to allow in-depth

analysis. As modern information systems generate vast

amounts of data, efficiently derive process models from

these datasets remains a challenge. Various discovery
algorithms have been developed to address this, producing

models such as transition systems (TS), Petri nets (PN),

and Business Process Modeling Notation (van der Aalst,

2011). Region-based approaches typically use TS as an

intermediate representation of event logs, from which a PN

is derived. The definition of a (labeled) transition system is

provided in Definition 3. Due to space limitations, details

of PN and its derivation via region-based approaches are

referred to in the literature cited in section 2.

Definition 1 (Language and Overapproximation (Solé and

Carmona, 2012)). The language of a system, denoted by
L(S), is the set of all possible sequences feasible from the
initial state. For two systems S1 and S2. S2 is called an
overapproximation of S1, when L(S1) ⊆ L(S2).

Definition 2 (Process Mining Problem (Bergenthum et al.,

2007)). The objectives of the process mining problem
can be articulated as follows: given an event log L from
system S, we are searching for a preferably small finite
marked PN, s.t. 1) L(S) ⊂ L(PN); and 2) L(PN) \ L(S)
is minimal, which implies that the learned PN should be
the tightest overapproximation over S.

Definition 3 ((Labeled) Transition System). A transition
system (TS) is a quadruple TS = (S,E, F, s0), where S
is the set of states, E is the set of events, F : S × E × S
is the set of labeled arcs, s0 ∈ S is the initial state.
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3.2 From Event Log to Transition System

The size of the extracted transition systems is highly re-

lated to the way the states of the process are represented.

First, we define the trace and the event log:

Definition 4 (Trace and Event Log (van der Aalst, 2011)).
Given the universe of activities A. A trace σ =<
a1, . . . , an >∈ A∗ is a sequence of activities, where A∗ is
the Kleene closure of the set A. An event log is a multiset
of traces, i.e. L ∈ B(A∗).

One of the issues in transforming an event log into

a transition system is that the event logs contain various

information about events, but there is no information about

the states. This is typically a challenge for constructing

a transition system, since it is a state-based framework.

Thus, identification of the states is crucial. In the literature,

a state can be identified by considering the past/future
(P/F) strategy: 1© past, i.e., what has happened before

the state; 2© future, i.e., what will happen after the state;

and 3© hybrid, i.e., consider both past and future (van der

Aalst et al., 2010). In the rest of the work, we use P/F-1,

P/F-2, and P/F-3 to represent the three different strategies

accordingly. Take the trace σ1 in Figure 1 as an example.

After activity c is performed, the process has entered the

state s. Based on the strategies stated above, the state s can

be expressed as (a-b-c, - ), ( - , d-e-f-g) or ( a-b-c, d-e-f-
g) considering the P/F-1, the P/F-2, or P/F-3 respectively.

A state is written in the form of a tuple, where the first

entry represents the past of the state, and the second the

future. The symbol ’-’ is used as a placeholder when the

past or future is not used or when the state has no past or

future. Thus, in this work, the state and its equivalence

are defined as follows.

Definition 5 (State and Equivalence). Its past and / or
future give a state with or without considering their orders,
written as a tuple s = (spast, sfuture). The states s and s′

are considered equivalent when their past and future are
equivalent, i.e., s = s′, iff. spast = s′past and sfuture =
s′future.

= <a, b, c d, e, f, g>
s = ?

Future/SuffixPast/Prefix

Figure 1: Example of state representation.

The P/F strategy sets the baseline for the state repre-

sentation, which can be defined by horizons. However, it

needs to be further polished to fit the intended process. For

this purpose, several other abstractions were discussed in

(van der Aalst et al., 2010), i.e., the length, the projection,

the frequency, the order, and the grouping.

The horizons of the past and future, denoted by hp
and hf , respectively, define the level to which activity

in the past and future affects the state. hp = 0 if the

past is irrelevant to the state, and similarly hs = 0 if

the future is irrelevant. For example, if we consider a

configuration, that is, hp = 2 and hs = 1, for the state s in

Figure 1, then it is represented as s = (b-c, d). Note that

the horizons are named as window size in other works such

as (Shershakov et al., 2017). Lengths, denoted by lp and

lf , act similarly to the horizons, which further restricts the

length of state representation. However, this abstraction is

not considered in this work. First, these two abstractions

share very similar functionality. Second, the parameter

’lengths’ is completely artificial and is decided by the

modelers, adding more subjectivity to the model. If the

length parameters lp = 1 and lf = 1 are applied to the

state s, we obtain s = (c , d)
Projecting the traces onto a subset of the activities pro-

vides the opportunity to filter out unimportant activities.

Given a set of important activities X , the projection of a

trace σ onto X is denoted by σ↑X . For example, the pro-

jection of a trace σ =< a, b, a, c, d > on a set X = {a, c}
is σ↑X =< a, a, c >. This abstraction intends to help the

modelers focus on the important activities of the process

and prevent the construction of over-complicated models.

However, applying the projection without a priori knowl-

edge about the process can lead to over-simplification, and

the resulting model can oversee some important behaviors.

The frequency defines whether the occurrences of the

traces and the state-transitions are considered in the model.

The frequencies can be used to filter out important behav-

iors of the process and to evaluate stochastic parameters.

Neglecting the frequency can reduce the computational

cost to a certain extent since only unique traces are con-

sidered. However, recent approaches address the value of

stochastic characteristics in the models. In addition, the

reduction obtained by ignoring the frequencies is far from

significant compared to modern hardware improvements.

Thus, frequencies are generally considered in this work.

The abstraction ’order’ determines whether the order-

ing of the past and/or future is important to the state rep-

resentation. Consider two states based on the past s1 =
(a-b-c, -) and s2 = (a-c-d, -). If the order of the past is

irrelevant, then s1 and s2 are equivalent. If the order of

the past is considered, then obviously s1 �= s2.

Grouping similar activities together is another strategy

that helps to reduce the size of the model. Technically, the

recent advance in Large Language Models alleviates

this task tremendously (Kourani et al., 2024). There are

still some issues with this abstraction. First, grouping

similar semantic events requires that the event logs be

properly labeled. Second, it brings confusion to the model,

where there are several semantic similar events, but they

lead to completely different states of the process. Thus,

we leave out this abstraction in the state representation.

But address the possibility of using this abstraction in the

post-processing to get a more precise model.

We summarize the usage of the different abstractions in

this work. First, the horizons and the order are affecting

directly the state representation. Second, the frequency
is generally considered, i.e., it is set to True by default.

Thirdly, the projection and grouping are used only in post-

processing to further polish the result. Last, the lengths
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are omitted from our approach due to their redundancy

and subjectivity.

3.3 Metrics

Given a transition system TS = (S,E, F, s0), the sim-
plicity of the transition system is given by (Buijs et al.,

2012):

Simp(TS) =
|E|+ 1

|S|+ |F | , (1)

where |S|, |E| and |F | are the cardinality of the set S, E
and F respectively. The precision of the TS is:

Prec(TS) =
1

|S| ·
∑

s∈S

Prec(s) (2)

with

Prec(s) =
1

NoV(s)
·
NoV(s)∑

i=1

|s•| − |ŝ•i|
|s•|

where Prec(s) is the partial precision for state s,

NoV(s) is a number of all visits of state s during a re-

play of the full transition system. ŝ•i is a set of penalized

output transitions of state s, i.e., transitions that do not

have active counterparts compared to the precise model.

Details on definitions and implementations can be found

in (Shershakov et al., 2017).

4 INCREMENTAL PROCESS MINING WITH
STATE IDENTIFICATION

The goal of the incremental algorithm is to learn a suit-

able transition system representation from a given event

log. Note that, different from the algorithm proposed in

(van der Aalst et al., 2010), the completeness of the event

log is not required. Thus, the central issue remains in

configuring the abstractions introduced section 3. The rel-

evant abstractions are summarized in Table 1, which are

used to form a Python dictionary like the input CONFIG
in the incremental algorithm.

In subsection 3.2, we have reasoned the general us-

age of frequency, categorized projection and grouping
to post-processing, and dropped the lengths. Thus, these

abstractions do not affect the state representation in this

work. The abstractions that we need to consider in the

state representation are horizons and order, i.e., hp, hf
and is order. Although we have reduced the number of

relevant abstractions in the state representation, combin-

ing horizons and order can still lead to a combinatorial

problem. Theoretically, there are infinite number of con-

figurations, since the past or future can be infinitely long.

Thus, a strategy for the incremental algorithm is required.

4.1 P/F Refinement and Incremental Algorithm

Finding a suitable or optimal abstraction configuration

(CONFIG) for state representation is difficult. Typically,

Table 1: Notions and Parameters

Key Value Description

hp integers horizon past

hf integers horizon future

is order boolean order

X set of activities projection

is grouping boolean grouping

Table 2: Constructing TS for L∗ with 251 traces and 247

activities using P/F-1 (Shershakov et al., 2017).

hp #S #ST Simplicity Precision

1 248 1755 0.1240 0.3791

3 3603 4838 0.0290 0.8892

5 5601 6129 0.0210 0.9671

7 6515 6806 0.0190 0.9836

10 7228 7392 0.0170 0.9927

15 7840 7905 0.0160 0.9968

∞ 8088 8087 0.0153 1.0000

#S: number of states, #ST: number of state-transitions.

Dataset: https://fluxicon.com/blog/2015/
05/bpi-challenge-2015/

Step 2

Step 1

Step 4

Step 3

Complete
P/F-1

Complete
P/F-2

Complete
P/F-3

Iteratively refine the P/F strategy

is_order: True or False

Get the reference model with max. simplicity

Figure 2: General Refinement Strategy.

there is no a priori knowledge about the characteristics of

the state in an event log. Decisions are often made based

on the experience of the modelers (van der Aalst et al.,

2010) or by searching all combinations (Shershakov et al.,

2017). Fortunately, certain state-representation features

can help. Since is order is binary, the main complexity

lies in choosing the horizons hp and hf .

Table 2 shows how the size of TS (i.e., number of states

and state-transitions) learned from L∗ changes under P/F-1
as hp varies. A larger hp yields a more complex but precise

TS. Its precision reaches 1 when hp = ∞, where ∞
denotes the maximum length of past or future. For L∗, the

maximal hp is 83. Thus, the best P/F-1 setting lies between

hp = 1 (the simplest model) and hp = ∞ (the most

precise). In this example, hp = 3 seems optimal, offering

a substantial precision gain. However, simplicity drops

dramatically for higher hp. In addition, a greater hp adds

complexity, underscoring the importance of transforming

the TS into a PN for a more compact representation (Peng

Anwendungen und Konzepte der Wirtschaftsinformatik (ISSN: 2296-4592) http://akwi.hswlu.ch Nr. 22 (2026) Seite 88



and Szczerbicka, 2024), although that is not our focus

here.

Based on these findings, we can derive a refinement

strategy. Knowing that minimal values of hp and/or hf
(i.e., 1) yield the simplest models and simplicity decreases

as these parameters grow, we can start with 1 and increase

them incrementally. The gain in precision and simplicity

can then serve as the stopping criterion, balancing simplic-

ity and precision.

The general refinement strategy is depicted in Figure 2.

In step 1, the complete P/F strategies are considered, i.e.,

hp = ∞ and/or hf = ∞. This serves two purposes. First,

reference models are required when calculating the pre-

cision. As mentioned in subsection 3.3, the precision is

a characteristic of the current model against a reference

model. Reference models are generally the models with

the highest precision. By combining different configura-

tions, we obtain six distinct settings, yielding six different

TSs. In step 3, the TS with the highest simplicity is se-

lected as the reference model, and its P/F strategy is used

for iterative refinement in step 4. This procedure is demon-

strated in Algorithm 1 as a pseudo-code. In this work, the

P/F refinement algorithm is stopped when the user-defined

min gain is reached. The precision gain, τ , is the differ-

ence between the precision of the current TS and that of

the last TS.

The incremental algorithm in Algorithm 2 demonstrates

briefly the idea of how a TS is created. First, the set

of state-transitions F of the super-TS is initialized as an

empty list. This allows us to evaluate the frequencies

and stochastic parameters. Then the state-transitions are

obtained from traces using the get st from trace function,

which are appended to the list F . The algorithm runs until

all the traces in the event log L are processed. Let the

algorithm run until the event log is empty, which has the

benefit that it will also process the traces added to the

event log after the algorithm is triggered. The super-TS is

created by the function create ts from st with the input F
and CONFIG.

4.2 Tools Support & Implementation

The incremental algorithms including the numerical case

study presented in section 5 are implemented in Python.

The code can be found in our Git repository (link:

https://git.com/peng_luh/ecms_2025). To

reduce the work on visualization of transition systems, the

TransitionSystem class from the PM4PY package (Berti

et al., 2023) is used as the base class.

5 NUMERICAL CASE STUDY

To demonstrate the concepts introduced in the last sec-

tions, we use the following simple event log as an ex-

ample: L1 =
{
[A,B,C,D]5, [A,C,B,D]2, [A,E,D]2

}
.

The event log is given as a multiset, where the power is

used to count the frequency of the sequences. In order to

get a view on the difference between the P/F strategies

and how they are interacting with the other abstractions,

Algorithm 1 P/F refinement (ts pf refinement)

Require: L, X , is grouping, min gain
Ensure:
1: TSref = get reference model(L)
2: CONFIG = get initial config(TSref ,X, is grouping)
3: simp 0, prec 0 = 0
4: τ = 1
5: while τ ≥ min gain do
6: TS = get ts incremental(L,CONFIG)
7: prec1 = get metrics(TS) #Equation 1Equation 2

8: τ = max(simp 1− simp 0, prec 1− prec 0)
9: simp 1 = simp 0

10: prec 1 = prec 0
11: CONFIG = update config(CONFIG)

12: return TS

Algorithm 2 Incremental Algorithm (get ts incremental)

Require: L,CONFIG
Ensure:
1: F = [ ]
2: while L �= ∅ do
3: σ = L.pop()
4: Fσ = get st from trace(σ,CONFIG)
5: F.append(Fσ)

6: TS = create ts from st(F,CONFIG)
7: return TS

three different super-transition systems are constructed,

which are depicted in Figure 3 with their configurations,

respectively.

First, there are 10 states in Super-TS-1 (Figure 3a) but

only 6 states in Super-TS-3 (Figure 3c), where the com-

plete past (hp = ∞) and only the last event (hp = 1) are

considered in the state representation, respectively. Indeed,

the Super-TS-1 is much more rigid than Super-TS-3
regarding system behaviors. The Super-TS-1 is basically

sequential. There is only one decision to be made in the

state (A, -). It mimics a system behavior such as a pro-

duction process, where resources are distributed at (A, -)
to three production lines, where they work independently.

Even though the Super-TS-3 own fewer states, it depicts

more behaviors than the other two. Thus, it is a more

general representation of the event log. We observe that

there are concurrency, synchronization, and loops in the

process.

In Super-TS-1 we also notice that there is a concurrent

behavior between 〚(A-C, -), B, (A-C-B, -) 〛and 〚(A-B,
-), C, (A-B-C, -)〛. In some cases, the order of the past

events is irrelevant. By ignoring the order of the events, we

obtain a slightly different super-transition system depicted

in Figure 3b, where the state (A-C-B, -) and the state

(A-B-C, -) are merged into one. Thus, the states (A-B,
-) and (A-C, -) are synchronized in the state (A-B-C, -
) in Super-TS-2. However, the order of the past/future

could be irrelevant when the horizon is short enough. For

example, in Super-TS-3, the states depend only on the last

event.

Following the strategy outlined in section 4, the ref-

erence models are constructed and their simplicities are

evaluated, as shown in Table 3. In this case, the combi-

nations (∞,−1,False) and (−1,∞,False), highlighted
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('A-C', '-') ('A-C-B', '-')B

('A-E-D', '-')

('A-B-C-D', '-')('-', '-') ('A', '-')A ('A-B-C', '-') D

('A-C-B-D', '-')D

('A-B', '-') C

C

B

('A-E', '-')

E

D

(a) Super-TS-1 with hpast = ∞ and is order = True

('A-C-, - ')B'-'E

('A-, ')B'-'E

('A-C-, ')B'-'EC

('A-D')B'-'E ('A- -D')B'-'E 

('-')B'-'E ('A')B'-'EA

 

('A-C')B'-'E ,

,

D

C

(b) Super-TS-2 with hpast = ∞ and is order = False

('A'-C',' 

(') '-C',' ) ('B'-C',' 

B
A

B

(','-C',' ('E'-C',' E

('D'-C',' 

B

A
)

D

(c) Super-TS-3 with hpast = 1 and is order = False

Figure 3: Super-TSs with hfuture = 0, X = ∅,

is frequency = False, is grouping = None

Table 3: Reference Models and Simplicities

hp hf is order Simplicity

∞ −1 True 0.3158

∞ −1 False 0.3750

−1 ∞ True 0.3158

−1 ∞ False 0.3750

∞ ∞ True 0.2400

∞ ∞ False 0.3158

in green, represent the complete P/F-1 without order and

complete P/F-2 without order, respectively. These con-

figurations yield super-TSs with the highest simplicity.

For this example, we select the super-TS resulting from

(∞,−1,False) as the reference model, and its configura-

tion serves as the root for refinement. This step determines

whether order should be considered. Here, is order is set

to False and carried forward to the next refinement step.

The values of hp and hf dictate further refinement: If either

is −1, it is excluded from refinement; if ∞, it undergoes

refinement in the next step. Thus, only hp will be refined

in the next step. The numerical results of the refinement

on the horizon hp are presented in Table 4. We observe

that the precision reaches 1 at hp = 2. However, the algo-

rithm does not stop when precision reaches 1 but continues

until the improvement becomes negligible compared to

a user-defined threshold. Although precision cannot be

further increased beyond hp = 2, a noticeable gain in

simplicity is observed at hp = 3. The algorithm continues

until hp = 4 is evaluated and a plateau is detected. At this

point, the model with hp = 3 is selected as the optimal

configuration. Details regarding the implementation of

this numerical example can be found in the given GitHub
repository subsection 4.2.

Table 4: Numerical results of P/F refinement on L1.

hp #S #ST Simplicity Precision

1 6 9 0.4000 0.8333

2 9 9 0.3833 1.0000

3 8 8 0.3750 1.0000

4 8 8 0.3750 1.0000

#S: number of states, #ST: number of state-transitions.

6 CONCLUSION

This paper introduced an incremental approach that en-

hances the construction and refinement of transition sys-

tems (TS) from event logs. Addressing computational

challenges, our method optimizes the representation of

states by systematically configuring state abstractions

based on past, future, and hybrid activity horizons. The

proposed refinement strategy ensures that transition sys-

tems are both precise and simple, striking a balance

between model accuracy and computational efficiency.

Through a detailed numerical case study, we demonstrated

that our approach significantly reduces the complexity of

transition systems while maintaining high model quality.

The results confirm that our incremental strategy enables

the construction of more efficient and interpretable pro-

cess models, making it a valuable contribution to the field

of process mining and workflow analysis.

Future work will extend this approach to incorporate

a region-based process discovery approach, allowing for

adaptive changes in the resulting Petri nets model. In addi-

tion, integrating the method into large-scale enterprise pro-

cess mining applications will further validate its practical

effectiveness in handling complex, data-driven workflows.

Lastly, comparing the proposed approach to existing ap-

proaches would help measure the computational effort and

show the superiority over existing ones.
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