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Abstract
Process discovery plays a crucial role in extracting meaningful process models from event logs, with the goal
of balancing four key quality dimensions: fitness, precision, generalization, and simplicity. While genetic
algorithms offer a flexible approach to optimizing these often conflicting criteria, they traditionally suffer from long
convergence times and limited competitiveness compared to state-of-the-art process discovery algorithms. We
advance the field of genetic process discovery by introducing a revised approach, named Genetic Tree Miner (GTM),
that is based on tournament selection of individuals that represent process trees and automatic identification of
the best parameters for achieving optimal performance. We significantly speed-up the convergence process by
implementing fast estimates of fitness and precision measures that we run on a strategically selected subset of
the event log. Empirical evaluations on real-world benchmarks demonstrate that GTM achieves performance
exceeding leading process discovery methods, often significantly improving classical measures, at the expense of
slower but acceptable running times where even large logs can be analyzed in less than a minute. Given that
genetic algorithms can be trivially parallelized, our approach shows promising potential for the application of
genetic algorithms in today’s process discovery tools.
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1. Introduction

Process discovery [1], a critical component of process mining [2], aims to construct accurate models of
business processes from event logs. Genetic algorithms (GAs) [3] have been explored for this purpose
due to their flexibility in designing objective functions tailored to specific optimization criteria and
process characteristics. However, prior studies [4, 5], including those evaluating state-of-the-art methods
like Split Miner [5], have often criticized GAs for their computational inefficiency and slow performance,
rendering them less competitive compared to modern process discovery techniques [6, 5]. Despite their
potential to discover process models that balance several optimization criteria, these limitations have
hindered their widespread adoption in practical applications.

We address these challenges of GAs by introducing a refined genetic approach, Genetic Tree Miner
(GTM), that significantly enhances both performance and in particular speed. Through targeted
optimizations, we overcome the inefficiencies previously associated with GAs, enabling them to compete
effectively with existing process discovery approaches.

As our main contributions, we enhance the genetic approach by providing a fast C++ implementation
of fitness and precision metrics, outperforming current Java/Python tools by an order of magnitude, and
we show that it is sufficient to focus on a weighted sum of these two measures together with a refined
simplicity metric. We deploy Bayesian methods to synthesize suitable hyperparameters of our GA and
streamline the used architecture to avoid caching, reduce memory use, and ensure that all event log
activities are uniquely represented. Last but not least, we validate our approach on an extensive set of
real-world benchmarks, demonstrating its ability to produce high-quality process models with improved
computational efficiency. Our results highlight the potential of refined GAs to serve as a robust and
scalable solution for process discovery, offering a compelling alternative to established methods.
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1.1. Related Work

Early process discovery approaches, like the 𝛼-algorithm [7] and its variants, extract simple control-
flow patterns from logs by analyzing the directly-follows graph (DFG) to identify patterns such as
sequence, concurrency, and choice, however, they often struggle with real-life logs. Heuristic Miner [8]
addresses some of the limitations of the 𝛼-algorithm and can handle incomplete and imprecise logs, but
it often produces unsound and complicated models. Other approaches like ILP Miner [9] can guarantee
maximum fitness, however, suffer from high computational complexity and poor scalability [10].

The state-of-the-art methods used in the current process discovery tools include Inductive Miner
(IM) [6] and Split Miner (SM) [5, 11]. IM constructs block-structured process trees by recursively
splitting the DFG of the event log, and its core strength is that it guarantees soundness and perfect
fitness. More recently, SM [5, 11] has emerged as a reliable process discovery algorithm designed to
balance model quality in terms of fitness, precision, generalization, and simplicity. It constructs a DFG
and then applies a gateway-splitting procedure to identify and differentiate between exclusive choices
and parallel branches in the discovered BPMN (business process modelling notation) model. SM excels
in speed compared to IM and other methods and guarantees deadlock-freedom for cyclic process models
and soundness for acyclic.

The use of GA for solving the problem of process discovery has already been investigated [12, 13,
14, 15, 16, 17, 18, 19]. The initial work [12] outlined a possible application of GAs to process discovery,
nevertheless, it failed to show the practical deployment on real-life event logs. An extension of this
work is the Evolutionary Tree Miner (ETM) [13], which is a flexible algorithm allowing the user to
guide the discovery of process trees by weighting the four quality measures. As ETM uses process
trees as the internal representation, it is guaranteed to produce sound workflow nets [20]. However, a
recent evaluation [5] of ETM on real-life event logs indicates that even after 60 minutes of run time, it
often fails to produce well-balanced process models and is not competitive with IM and SM. Similarly
the work on diversity-guided evolutionary mining (DGEM) [16] uses processes graphs to represent
processes and it also struggles with real-world logs and does not guarantee soundness.

More recently, an improved hybrid approach called DEMiner [17] was proposed. It combines an
overall exploration via a genetic algorithm with guided local search and uses the causal matrix to
represent individuals in a population. DEMiner, similarly as ProDiGen [18] which also uses causal
matrix chromozome representation, showed encouraging results on smaller synthetic logs, however, did
not demonstrate the capability to discover well-balanced models from noisy logs and real-world logs.

The current state-of-the-art method in genetic algorithms is implemented in the tool X-Processes [19],
claiming to improve both the effectiveness and efficiency of earlier GA methods while being superior to
the best non-genetic discovery algorithms at the expense of slower running time. X-Processes uses
binary causal matrices as the basic process model and we include this method to our experimental
evaluation and confirm their conclusion about the effectiveness to discover sound and balanced process
models while using harmonic-mean of all four evaluation criteria (fitness, precision, generalization and
simplicity) as its optimization function. The method works well on smaller real-world logs but cannot
efficiently deal with the larger logs that are also included in our benchmark.

Our GTM method discovers process trees like e.g. ETM, however, we introduce several innovations
that enhance performance, scalability, and quality of discovered process models. To mitigate the slow
convergence of GAs, we implement the most CPU-demanding components like fitness and precision
evaluation in C++, offering significant runtime improvements over previous tools developed in Java or
Python [11, 21]. Additionally, we introduce a mutation specifically designed to capture simple self-loop
behavior. Our objective function does not include the generalization metric, and we instead refine the
simplicity measure to speed up the performance. Similar to ETM, we employ tournament selection in
the crossover process.

In addition, we conduct an exhaustive hyperparameter search using Bayesian optimization [22] to find
suitable and robust parameters that work for a wide range of event logs. Unlike other competing genetic
approaches, our method avoids caching of intermediate process trees, which simplifies the architecture
and reduces memory usage. We also ensure that every activity in the event log is uniquely represented



in the discovered model, preventing activity omission. Furthermore, we refrain from reducing the
process tree after discovery, allowing both beneficial and potentially problematic constructs to remain
visible for the inspection.

Collectively, these contributions lead to a robust and efficient genetic process discovery approach
that is outperforming X-Processes, IM as well as SM. While the IM and SM methods are still faster than
our GTM algorithm, we manage to find superior quality models for the logs in the benchmark in less
than one minute.

2. Process Discovery Background

Let 𝐴 be a finite set of observable activities such that 𝜏 ̸∈ 𝐴. A (labelled) Petri net is a four-tuple
𝑁 = (𝑃, 𝑇, 𝐹, ℓ) where

• 𝑃 is a finite set of places,
• 𝑇 is a finite set of transitions such that 𝑃 ∩ 𝑇 = ∅,
• 𝐹 ⊆ (𝑃 × 𝑇 ) ∪ (𝑇 × 𝑃 ) is a set of directed arcs, and
• ℓ : 𝑇 → 𝐴 ∪ {𝜏} is a labelling function assigning activity names to transitions; here 𝜏 represents

the silent (unobservable) activity.

We naturally extend the labelling function ℓ to sequences of transitions such that ℓ(𝑡0𝑡1 . . . 𝑡𝑛) =
ℓ(𝑡0)ℓ(𝑡1) . . . ℓ(𝑡𝑛) where all occurrences of 𝜏 are deleted.

A marked Petri net is a pair (𝑁,𝑀) where 𝑁 = (𝑃, 𝑇, 𝐹, ℓ) is a Petri net and where 𝑀 : 𝑃 → N0

is a marking assigning a number of tokens to each place. A transition 𝑡 ∈ 𝑇 can fire in a marking 𝑀
and reach a marking 𝑀 ′, written 𝑀 [𝑡⟩𝑀 ′, if (i) 𝑀(𝑝) > 0 for every 𝑝 ∈ 𝑃 such that (𝑝, 𝑡) ∈ 𝐹 (𝑡 is
enabled in 𝑀 ) and (ii) 𝑀 ′(𝑝) = 𝑀(𝑝)− 𝐹 (𝑝, 𝑡) + 𝐹 (𝑡, 𝑝) where 𝐹 (𝑥, 𝑦) = 1 if (𝑥, 𝑦) ∈ 𝐹 , otherwise
𝐹 (𝑥, 𝑦) = 0. For a sequence of transitions 𝑡0, 𝑡1, . . . , 𝑡𝑛 ∈ 𝑇 , we write 𝑀0[𝑡0𝑡1 . . . 𝑡𝑛⟩𝑀𝑛 (or simply
𝑀0 →* 𝑀𝑛 if we are not interested in transition names) if there are markings 𝑀1, . . . ,𝑀𝑛−1 such
that 𝑀𝑖[𝑡𝑖⟩𝑀𝑖+1 for all 𝑖, 0 ≤ 𝑖 < 𝑛. A sequence of activities 𝜋 ∈ 𝐴* is a trace of a marked Petri net
(𝑁,𝑀0) if there is a firing sequence of transitions 𝑡0, 𝑡1, . . . , 𝑡𝑛 ∈ 𝑇 such that 𝑀0[𝑡0𝑡1 . . . 𝑡𝑛⟩𝑀𝑛 for
some marking 𝑀𝑛 and ℓ(𝑡0𝑡1 . . . 𝑡𝑛) = 𝜋. A trace is complete if it cannot be extended to a longer trace.
The set of all complete traces (language) of a marked Petri net (𝑁,𝑀0) is denoted by 𝒯 (𝑁,𝑀0). In
Figure 1c we can see an example of a Petri net where places are denoted by circles and transitions by
rectangles annotated with the activity names. The set of complete traces of the net can be described by
the regular expression 𝑎𝑏+ 𝑎𝑑*𝑐𝑑*.

We now recall the notion of sound WF-nets (see e.g. [2]).

Definition 1 (Sound WF-net). A Petri net 𝑁 = (𝑃, 𝑇, 𝐹, ℓ) is a workflow net (WF-net) if

• 𝑃 contains a unique start place 𝑖 with no ingoing arcs,
• 𝑃 contains a unique end place 𝑜 with no outgoing arcs,
• all transitions and places are on some path from 𝑖 to 𝑜.

Let 𝑀𝑖 be the initial marking where 𝑀𝑖(𝑖) = 1 and 𝑀𝑜 be the final marking where 𝑀𝑜(𝑜) = 1 and all
other places in 𝑀𝑖 and 𝑀𝑜 have no other tokens. A WF-net is sound if

• 𝑀 →* 𝑀𝑜 for all markings 𝑀 where 𝑀𝑖 →* 𝑀 , and
• if 𝑀𝑖 →* 𝑀 and 𝑀(𝑜) ≥ 1 then 𝑀 = 𝑀𝑜.

The net in Figure 1c is a sound WF-net.
We are now ready to define the process discovery problem. For a given event log 𝐿 ⊆ ℬ(𝐴*), i.e.

a finite multiset of traces over the set of activities 𝐴, we want to algorithmically construct a sound
WF-net 𝑁 such that 𝒯 (𝑁,𝑀𝑖) describes in the best possible way the event log 𝐿. The requirements on
the process model 𝑁 usually include: fitness [23] meaning that all (or most of the) traces from 𝐿 are



Case ID Activity Timestamp

1 a 08:34
1 b 08:45
2 a 09:02
2 c 09:15
2 d 09:30
2 d 09:45
3 a 10:05
3 d 10:15
3 d 10:25
3 c 10:35

(a) Event log example represeting the set of traces 𝐿 = {𝑎𝑏, 𝑎𝑐𝑑𝑑, 𝑎𝑑𝑑𝑐}

→

a ×

c

d

b∧

(b) Process tree describing the language 𝑎𝑏+𝑎𝑑*𝑐𝑑*,
the black box depicts the 𝜏 action

a

bcd

(c) A sound WF-net with the same trace language as
the process tree (filled transitions have label 𝜏 )

Figure 1: Event log, its process tree model and the corresponding Petri net

included in 𝒯 (𝑁,𝑀𝑖), precision [24] that requires that the set of traces in 𝒯 (𝑁,𝑀𝑖) should be as small
as possible while still guaranteeing fitness, generalization [25] meaning that traces that are not in 𝐿 but
are the likely to be produced by the process should be included in 𝒯 (𝑁,𝑀𝑖) as well and simplicity [18]
that prefers simpler (smaller) models that can express the process behaviour. These four measures are
often contradiciting and we aim for a good balance between them. This can be expressed by an objective
function that computes, for example, a weighted average over the four measures.

Our genetic algorithm instead on Petri nets operates on process trees (see e.g. [2, p. 80]). We shall
now inductively define the set of process trees 𝒫 , together with the set of traces 𝒯 (𝑄) ⊆ 2𝐴

* generated
by the process tree 𝑄 ∈ 𝒫 .

Definition 2 (Process tree). Let 𝐴 be a finite set of activities with 𝜏 /∈ 𝐴. The set of process trees 𝒫 over
𝐴 is the smallest set such that 𝜏 ∈ 𝒫 where 𝒯 (𝜏) = {𝜖}, 𝑎 ∈ 𝒫 for any 𝑎 ∈ 𝐴 where 𝒯 (𝑎) = {𝑎} and if
𝑄1, . . . , 𝑄𝑛 ∈ 𝒫 for 𝑛 ≥ 2 then

• 𝑄 ≡→(𝑄1, . . . , 𝑄𝑛) ∈ 𝒫 (sequential composition)
where 𝒯 (𝑄) = 𝒯 (𝑄1) ∘ . . . ∘ 𝒯 (𝑄𝑛),

• 𝑄 ≡ ×(𝑄1, . . . , 𝑄𝑛) ∈ 𝒫 (choice operator)
where 𝒯 (𝑄) = 𝒯 (𝑄1) ∪ . . . ∪ 𝒯 (𝑄𝑛),

• 𝑄 ≡ ∧(𝑄1, . . . , 𝑄𝑛) ∈ 𝒫 (parallel composition)
where 𝒯 (𝑄) = 𝒯 (𝑄1) ‖ . . . ‖ 𝒯 (𝑄𝑛),

• 𝑄 ≡ ○(𝑄1, . . . , 𝑄𝑛) ∈ 𝒫 (loop operator)
where 𝒯 (𝑄) = 𝒯 (𝑄1) ∘

(︀
(𝒯 (𝑄2) ∪ . . . ∪ 𝒯 (𝑄𝑛)) ∘ 𝒯 (𝑄1)

)︀*.

Here ∘, ∪ and * are the classical composition, union resp. Kleene star operations on languages, and the
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Figure 2: High-level overview of genetic process discovery

shuffle (interleaving) operator ‖ used in parallel composition is defined as

𝑎𝑤 ‖ 𝑎′𝑤′ = {𝑎 ∘ (𝑤 ‖ 𝑎′𝑤′)} ∪ {𝑎′ ∘ (𝑎𝑤 ‖ 𝑤′)}

for 𝑎, 𝑎′ ∈ 𝐴 and 𝑤,𝑤′ ∈ 𝐴*, where 𝑤 ‖ 𝜖 = 𝜖 ‖ 𝑤 = {𝑤}. It is extended to languages as follows:

𝐿 ‖ 𝐿′ =
⋃︁

𝑤∈𝐿,𝑤′∈𝐿′

𝑤 ‖ 𝑤′ .

An example of a process tree (in the standard graphical notation) is given in Figure 1b. The trace
language includes all the traces from the log 𝐿 depicted in Figure 1a and we hence achieve a perfect
fitness. It is well known [20] that for every process tree 𝑄 ∈ 𝒫 there is a sound WF-net (𝑁,𝑀𝑖) such
that 𝒯 (𝑄) = 𝒯 (𝑁,𝑀𝑖). Figure 1c shows such a WF-net corresponding to the process tree in Figure 1b;
it was obtained by an automatic translation provided in the PM4Py library [21].

3. Genetic Tree Miner

We shall now describe the overall architecture of GTM.

3.1. General Approach

In our approach, illustrated in Figure 2, we adopt the overall structure of genetically motivated algo-
rithms [3]: from the input event log, we produce an initial population of process trees on which we
evaluate a given objective function. Until we reach a stagnation criterion or a timeout, we continuously
select a number of the best elite individuals and modify the remaining ones in order to form a new



Algorithm 1 Genetic Tree Miner
1: 𝒫1 ← generate POPULATION_SIZE individuals
2: elite_count← POPULATION_SIZE× ELITE_RATE
3: random_count← POPULATION_SIZE× RANDOM_CREATION_RATE
4: tournament_count← POPULATION_SIZE× TOURNAMENT_RATE
5: tournament_size←POPULATION_SIZE×TOURNAMENT_SIZE_RATE
6: for 𝑖 = 1 to NUM_GENERATIONS do
7: survivors← select elite_count best performing individuals in 𝒫𝑖
8: new_individuals← select random_count randomly generated individuals
9: 𝒫𝑖+1← survivors ∪ new_individuals

10: for 𝑗 = 1 to tournament_count do
11: tournament← randomly select tournament_size individuals from the 𝒫𝑖.
12: parent1, parent2← two best individuals from tournament
13: child← do crossover with parent1 and parent2
14: child← mutate child with MUTATION_PROBABILITY
15: 𝒫𝑖+1←𝒫𝑖+1 ∪ {child}
16: end for
17: if stagnation criterium is met then
18: return best individual in 𝒫𝑖+1

19: end if
20: end for
21: return best individual in 𝒫NUM_GENERATIONS

population, and repeat the whole process. We introduce several modifications to its internal mecha-
nisms, including redesigning the building blocks for generating process trees, evaluation, selection, and
change.

Algorithm 1 depicts the details of our genetic algorithm. It repeatedly selects a new generation by
creating a new population of candidates from the previous generation. Based on a given objective
function, we first select a percentage of the best-performing individuals as an elite set, which we
move directly into the new population. A new population also includes some new randomly generated
trees. The remaining candidates are created by a tournament selection [26] on the recently evaluated
population: we randomly select a number of individuals for a tournament, pick two best individuals
from the tournament based on the objective function and perform a crossover (see Section 3.2) followed
by a random mutation (see Section 3.3). The child is then added to the new population and the process
is repeated until we reach the number of individuals required for the full population. The algorithm
terminates either by reaching the given number of generations or if no significant improvement among
a fixed number of last generations is observed.

3.2. Crossover

A crossover involves two process trees (called parents) identified using the tournament selection. We
randomly select a subtree in each of the process trees and swap these subtrees, leading to two new
children as depicted in Figure 3a. For each child, we remove duplicate activities and randomly insert
missing activities. Then we check if the children are valid process trees, i.e. satisfy Definition 2. If the
first child or second child is a valid process tree, it is returned (left child has a priority). If none of the
children are a valid process tree, we randomly return one of the parents.

3.3. Mutations

To apply a mutation operation to a process tree, we randomly perform one of the following four mutation
strategies as depicted in Figure 3b, showing how the possible mutations transform the process tree of the
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(b) Examples of mutation operations on the process tree
resulting from Figure 3a. Dashed lines indicate re-
moved elements, and blue color indicates inserted
elements.

Figure 3: Crossover and mutation examples

valid child from the crossover example in Figure 3a. Leaf replacement repositions one of the randomly
selected activity nodes to a different position in the process tree. Operator swap randomly selects an
operator node in the process tree and changes it to another randomly chosen operator. Subtree removal
selects a random subtree in the process tree and removes it; then we create a new random tree with the
activities from the removed subtree and insert it at a random point of the process tree. Loop addition
selects a random activity node and changes it to a simple loop operator, adding the activity node and a
𝜏 activity node to the loop operator.

3.4. Initial Population

To generate an initial population of process trees, we create a subset of traces from the event log by
randomly selecting a small percentage (denoted by the constant INITIAL_SAMPLING_RATE) of the
traces in the event log. If an activity from the initial event log is not represented in the subset, we find
a trace where the missing activity appears and add the trace to the subset. Thereby, such a subset of
traces contains all unique activities from the initial event log. We treat the subset of traces as an event
log and use it to discover a process tree by the IM. Repeating this process several times, we obtain a
population of process trees discovered on different aspects of the event log. In this way, we obtain
a population diversity in the initial population as well as a fast method to create the initial population.

3.5. Evaluation of Objective Function and Stopping Criteria

In the evaluation step, we measure the replay fitness, precision, and simplicity of each candidate process
tree by an objective function, which is a weighted average of these measures (for precise definition



Figure 4: Bayesian optimization results on three event logs: 2013-cp, 2012 and Sepsis. The red dotted line
highlights the proposed values for each hyperparameter.

see Section 5.1). The evaluation of fitness and precision is a time-consuming step in the algorithm, so
minimizing the evaluation time is a major focus in our implementation. To speed up the evaluation of
the objective function for every individual, we utilize a fixed subset of the event log, including only
traces that appear most frequently. How large subset we choose depends on the number of unique
traces and is dictated by 𝑓(𝑡) = 0.5987 · 𝑒−2.251·10−4·𝑡, where 𝑡 is the number of unique traces. The
function is designed to balance the speed of the discovery algorithm and ensures that on the smaller logs
we consider about 60% of unique traces and on the larger logs we consider only about 5%. To ensure the
coverability of all activities in the subset, we include an additional number of traces until all activities
are present in the subset. After an evaluation, we check whether one of two given stopping criteria is
met. If so, the algorithm terminates and returns the best result (a process tree with the best objective
function score in the last population). We stop once the algorithm stagnates for a given number of
generations (no significant improvement of the objective function is observed) or after we reach a
timeout.

4. Hyperparameters, Convergence and Stability

Identifying suitable hyperparameters of genetic algorithms is a non-trivial task and their values play a
crucial role for the performance of GTM; hence, we propose a set of default hyperparameter values
for the user by running Bayesian optimization (BO), as implemented in the Optuna library [27], on
three event logs from the BPI Challenge [28]: 2013-cp [29], 2012 [30] and Sepsis [31]. BO optimizes the
objective function which is a weighted sum of four quality metrics: replay fitness (weight 0.5), precision
(weight 0.3), simplicity (weight 0.1), and refined simplicity measuring the number of places (weight
0.1). The results are depicted in Figure 4, and each black line represents the set of values that achieved
the maximal objective score after 18 hours of running BO. A general tendency forms across the three
datasets, leading to fixing the following hyperparameter values (depicted by the red line in the figure):
0.25 (tournament size rate), 0.8 (mutation probability), 0.5 (tournament rate), 0.1 (random creation rate),



2013-i

2020-rfp

2020-ptc

Sepsis
2013-op

2020-dd

2013-cp

RTF
*2019

*2020-id

*2012
*2017

*2020-pl

60

70

80

90

100

Dataset

O
bj

ec
tiv

e 
Fi

tn
es

s

Loading [MathJax]/extensions/MathMenu.jsFigure 5: Objective fitness variance after five runs of GTM; the stars mark the datasets where stagnation was
not achieved within the given one minute timeout

0.4 (elite rate), 30 (population size) and 0.001 (initial sampling rate). On purpose, we choose a lower
population size and an initial sampling rate to speed up the computation.

Next, we investigate the stability of GTM due to the stochastic nature of genetic algorithms. Figure 5
shows five distinct runs of GTM on each dataset with a stagnation limit of less than 1% improvement
in 50 generations and a 60 second timeout. Each circle represents the objective fitness (value of the
objective function) of the discovered model, showing the variance between different runs. In 8 out of 13
event logs, the variance is negligible; a larger variance can be seen for event logs on which the algorithm
timed out (marked with a star), and greater stability can be achieved by increasing the timeout limit.

In addition to stability, we investigate the convergence speed of GTM. In Figure 6a, each line shows
the evolution of the objective fitness over 300 generations. The convergence rate varies depending on
the log size and complexity, however, GTM generally stabilizes mostly before 100 generations.

Finally, we compare the convergence rate of GTM when using random trees in its initial population
(randomly generated trees containing all unique activities in the event log), instead of the default initial
population method based on IM as described in Section 3.4. The results in Figure 6b highlight the
advantage of the GTM method over the random initial population, as it achieves better objective scores
in the early generations, which is important for larger logs, where the algorithm terminates due to
a timeout. On the other hand, it also demonstrates that we propose well-performing crossover and
mutation changes that guarantee convergence to optimal objective scores even without injecting IM
generated process trees into the initial generation.

5. Implementation and Evaluation

GTM is implemented in Python, which allows for an integration to the PM4py framework [21]. However,
key evaluation algorithms, specifically the replay-based fitness and precision, are implemented in C++
for performance reasons. To enable their use within the Python-based implementation, we develop
Python bindings that make these C++ evaluation components callable directly from Python. The code
is released under open-source license [32].
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Figure 6: Convergence results

5.1. Experimental Setup

To evaluate the performance and robustness of the proposed discovery method, we conduct our experi-
ments on 13 diverse real-life event logs from the BPI Challenge [28], commonly used for benchmarking
in process discovery. No preprocessing or filtering is applied on the event logs, the only exception is
the 2019 log where 10% filtering was applied in order to be able to execute the SM algorithm. Event log
statistics is displayed in Table 1.

We compare the performance of the process discovery algorithms using established variants of the
four classic performance measures: replay fitness [23], precision [24], generalization [25] and simplicity
[18], all evaluated on the complete logs and computed using the standard implementations available



Event log
Unique
Traces

Traces
Average

Trace Length
Unique

Activities

2020-rfp [33] 89 6886 5 19
2020-dd [34] 99 10500 5 17
2013-op [35] 108 819 2 3
2013-cp [29] 183 1487 4 4
2020-ptc [36] 202 2099 8 29
RTF [37] 231 150370 3 11
2020-id [38] 753 6449 11 34
Sepsis [31] 846 1050 14 16
2020-pl [39] 1478 7065 12 51
2013-i [40] 1511 7554 8 4
2012 [30] 4366 13087 20 23
2019 [41] 11028 226561 6 42
2017 [42] 15930 31509 38 26

Table 1
Overview of event log benchmark

Log Name Discovery
Method

Accuracy Generalization Simplicity Objective
Fitness Time (s)

F1-score Fitness Precision

2013-cp
GTM 0.95 0.91 1.00 0.93 0.85 0.94 2.2
IM 0.89 1.00 0.79 0.88 0.66 0.86 0.02
SM 0.76 0.62 0.99 0.92 1.00 0.81 -

X-Proc 0.94 0.95 0.97 0.92 0.76 0.91 10.98

2012
GTM 0.78 0.94 0.67 0.90 0.66 0.84 60.05
IM 0.24 0.97 0.14 0.95 0.61 0.56 9.93
SM 0.64 0.49 0.92 0.98 0.82 0.68 -

X-Proc - - - - - - > 3600

Sepsis
GTM 0.99 0.98 0.99 0.95 0.71 0.94 53.12
IM 0.49 1.00 0.32 0.90 0.62 0.66 0.22
SM 0.81 0.69 0.98 0.92 0.79 0.81 -

X-Proc 0.76 0.65 1.00 0.90 0.68 0.77 72.52

eventlogs
over all
Average

X-Proc*
SM
IM

GTM

0.85
0.72
0.54
0.91

0.80
0.60
0.99
0.94

0.99
0.97
0.42
0.89

0.91
0.94
0.91
0.93

0.72
0.87
0.63
0.74

0.84
0.77
0.69
0.91

> 1228
-

7.25
34.38

Table 2
Performance comparison of process discovery methods on the three logs used by GTM for parameter
identification; the averages marked as X-Proc* are only over the two computed values

in the PM4Py library [21]. We also report the value of the objective function, which is a weighted
sum of the C++ replay fitness (0.5 weight), C++ precision (0.3 weight), PM4Py simplicity (0.1 weight)
and our own refined simplicity (weight 0.1). The refined simplicity is defined as 𝑚𝑎𝑥{0, 1− #𝑝𝑙𝑎𝑐𝑒𝑠

100 }.
This is the objective function that our GTM algorithm optimizes for in order to obtain well-balanced
models that put higher weights to the fitness and precision. However, note that the values for the four
performance measures listed in all our result tables are computed using the standard PM4Py library.

To evaluate the effectiveness of GTM, we compare it against two widely-used algorithms, Inductive
Miner (IM) [6] and Split Miner (SM) [5], as well as the state-of-the-art genetic miner X-Processes [19]
(abbreviated as X-Proc). The IM is implemented in PM4Py, and we use the default configuration provided
in the library. Regarding SM, we employ the commercially available implementation of SM in Apromore
(http://apromore.org/) with its default parameters. These two methods are chosen due to their strong
performance and frequent use in both academic and commercial settings. The X-Proc algorithm [19]
is also run using the default parameters, while using the harmonic mean of all four measures as the
optimization criterion.

All experiments are run on a macbook with Apple M2 3.49 GHz CPU, 16 GB of RAM with MacOS

http://apromore.org/


Sequoia 15.4.1 using Python 3.13 and PM4Py 2.7.15.2. No multiprocessing is utilized in any of the
experiments, and GTM, X-Proc and IM are run on the same hardware. SM is run on Apromore servers,
and no timing information is provided, however, other studies already showed that process discovery
using SM is in general faster than by IM [5].

Our GTM is run with a maximum runtime of 60 seconds and a stagnation limit of less than 1%
improvement during the last 50 generations. As X-Proc has often problems with convergence, we let it
run for a full hour. To account for stochasticity in GTM and X-Proc, each configuration is executed five
times, and we report the median values. The source code, datasets, and instructions for reproducing the
results are publicly available in [32].

5.2. Results

Tables 2 and 3 present comprehensive comparisons of GTM, IM, SM and X-Proc across the benchmark.
We note that we identified the default parameters of our genetic algorithm only by using the three
logs from Table 2 and our algorithm was not optimized for any of the logs in Table 3 where the default
parameters (identified earlier) are used. The quality of the discovered model of each method is evaluated
on the complete event log using the quality metrics computed using PM4Py: F1-score, fitness, precision,
generalization, simplicity. We also report on the objective fitness (value of the objective function) and
the runtime.

Overall, GTM in general outperforms all other methods on F1-score and achieves the best balance
between fitness and precision, the most critical evaluation aspect of any discovery algorithm. Generally,
the IM exhibits high replay fitness but tends to yield low precision. In contrast, the SM often achieves
significantly higher precision than IM, albeit with reduced replay fitness. GTM provides a more balanced
trade-off, demonstrating strong performance on both precision and replay fitness in most scenarios.
However, on one of the largest event logs, namely 2019, GTM produces a process model with a lower
F1-score than SM. If GTM is instead run for 5 minutes on 2019, the achieved F1-score of 0.99 now
exceeds the result achieved by SM. The competing X-Proc genetic algorithm achieves on average the
second best F1-score, confirming the findings from [19] where the authors argued that it produces
better quality models than IM and SM. The downside of the X-Proc approach is longer running time; in
particular the algorithm did not converge on the four largest logs from our benchmark within one hour.
Three of these logs were also used in X-Proc own evaluation paper [19] where the authors had to run
their algorithm for 24 hours (on a different hardware) before usable process models were obtained.

With respect to generalization, all methods exhibit comparable performance, as also reflected by
similar average scores. On the simplicity dimension, SM performs very well as demonstrated by the
best simplicity on most of the event logs. This is also reflected in the average, where SM is noticeably
better than the three other methods, however, often at the expense of low fitness.

All discovered Petri nets can be seen in the appendix. Here we discuss in detail two relatively smaller
logs with a lower number of different activities, namely 2013-op and RTF. The reason is that the process
models of these event logs can be more easily visualized in the figures. If necessary, the discovered
BPMN or process tree models are converted to Petri nets by using PM4Py library and the nets are
annotated with the F1-score and the four performance metrics.

Figure 7 depicts the discovered models for the 2013-op event log. The log contains only three activities
and therefore the discovered nets are simple, except for IM that discovered a rather complex model,
however, with the maximum fitness (as expected). SM and X-Proc both achieve the highest precision
but with lower fitness (in particular SM). GTM and IM have the highest F1-scores but our GTM model
is clearly preferred due its simplicity.

Similarly, Figure 8 shows the discovered workflow nets for the RTF log with 11 unique activities. On
this log, GTM achieves significantly higher F1-score than the remaining three competing methods. The
second best performing method is this time SM which provides better replay fitness than X-Proc. IM is
again excelling in the maximum replay fitness but suffers from poor precision and high complexity of
the discovered net.

In conclusion, GTM achieves in general the most balanced performance at the expense of longer but



Log Name Discovery
Method

Accuracy Generalization Simplicity Objective
Fitness Time (s)

F1-score Fitness Precision

2020-rfp
GTM 0.99 0.99 1.00 0.89 0.62 0.94 10.17
IM 0.50 1.00 0.33 0.87 0.60 0.73 0.07
SM 0.82 0.83 0.82 0.81 0.66 0.81 -

X-Proc 0.85 0.82 0.90 0.81 0.62 0.81 12.18

2020-dd
GTM 0.97 0.97 0.97 0.89 0.69 0.92 8.68
IM 0.56 1.00 0.39 0.85 0.60 0.75 1.21
SM 0.91 0.92 0.89 0.82 0.67 0.88 -

X-Proc 0.93 0.92 0.92 0.79 0.62 0.87 10.86

2013-op
GTM 0.96 0.95 0.97 0.96 0.82 0.95 1.15
IM 0.95 1.00 0.91 0.93 0.69 0.83 0.01
SM 0.82 0.70 0.99 0.96 1.00 0.85 -

X-Proc 0.91 0.86 1.00 0.95 0.88 0.90 10.04

2020-ptc
GTM 0.99 0.98 1.00 0.93 0.64 0.92 39.52
IM 0.27 0.99 0.16 0.89 0.59 0.59 0.29
SM 0.76 0.64 0.96 0.88 0.70 0.76 -

X-Proc 0.87 0.83 0.95 0.65 0.53 0.79 32.50

RTF
GTM 0.97 0.95 1.00 0.99 0.80 0.94 9.86
IM 0.77 1.00 0.63 0.97 0.62 0.63 0.63
SM 0.88 0.79 0.99 0.99 0.92 0.87 -

X-Proc 0.76 0.60 0.99 0.97 0.82 0.77 123.19

2020-id
GTM 0.91 0.92 0.90 0.91 0.65 0.86 60.01
IM 0.38 0.97 0.23 0.88 0.62 0.51 0.49
SM 0.85 0.76 0.97 0.90 0.66 0.82 -

X-Proc 0.89 0.88 0.89 0.74 0.52 0.75 226.79

2020-pl
GTM 0.92 0.86 0.99 0.88 0.59 0.80 60.09
IM 0.18 1.00 0.10 0.86 0.59 0.52 4.6
SM 0.81 0.70 0.96 0.86 0.65 0.77 -

X-Proc - - - - - - > 3600

2013-i
GTM 0.97 0.97 0.98 0.96 0.79 0.95 22.24
IM 0.77 1.00 0.63 0.87 0.67 0.79 0.13
SM 0.87 0.77 1.00 0.92 0.85 0.84 -

X-Proc 0.94 0.91 1.00 0.93 0.73 0.90 62.13

2019
GTM 0.55 0.97 0.38 0.94 0.59 0.72 60.02
IM 0.38 1.00 0.23 0.92 0.59 0.56 36.17
SM 0.68 0.51 1.00 0.91 0.73 0.70 -

X-Proc - - - - - - > 3600

2017
GTM 0.92 0.94 0.90 0.95 0.66 0.88 60.02
IM 0.26 1.00 0.15 0.95 0.63 0.63 42.99
SM 0.76 0.71 0.80 0.95 0.73 0.75 -

X-Proc - - - - - - > 3600

eventlogs
over all
Average

X-Proc*
SM
IM

GTM

0.88
0.82
0.50
0.92

0.83
0.73
1.00
0.95

0.95
0.94
0.38
0.91

0.83
0.90
0.90
0.93

0.67
0.76
0.62
0.69

0.83
0.81
0.65
0.89

> 1611
-

8.66
33.18

Table 3
Performance comparison of process discovery methods; GTM is run with the default parameters and is
not trained on any of the logs in this table; the averages marked as X-Proc* are only over the computed
values

acceptable running times with a timeout stopping criterium of at most one minute. The state-of-the-art
X-Proc genetic method is also capable of discovering well-balanced models but is lacking behind GTM
both in the overall performance and in particular in the running times where X-Proc clearly struggles
with larger event logs in the BPIC benchmark.
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(d) X-Proc: 𝐹1 = 0.91, 𝐹 = 0.86, 𝑃 = 1.00, 𝐺 = 0.95, 𝑆 = 0.88

Figure 7: Discovered Petri nets for the 2013-op event log

6. Conclusion and Future Work

We introduced GTM, a genetic process discovery algorithm that operates on process trees, thereby
guaranteeing the generation of sound workflow models. Like other evolutionary approaches, our
method offers high flexibility by allowing optimization against arbitrary user-defined objective functions.
Compared to earlier genetic algorithms, we achieved significant performance improvements through a
combination of algorithmic strategies and implementation optimizations. These include a dedicated
C++ library for computing fitness and precision, a strategic population initialization, and enhanced
convergence via tournament selection together with a diverse set of crossover and mutation operators.
Furthermore, we observed that evaluating individuals on a subset of the most frequent trace variants
suffices to guide the search effectively.

Empirical evaluations demonstrate that GTM is competitive with state-of-the-art techniques in terms
of model quality. Considering the F1 score, GTM outperformed all competing methods on 12 out of 13
benchmark event logs using no more than 60 seconds of CPU time on a standard laptop. While on one
of the largest logs, split miner outperformed our method in F1 score, GTM still surpassed the other two
miners, and with a 5-minute timeout on a single core, we outperform split miner also on this event
log. Given the inherently parallel nature of genetic algorithms, we anticipate near-linear speedups
with multi-core executions. This positions our method as a practical and scalable solution for process
discovery tasks.
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(d) X-Proc: 𝐹1 = 0.76, 𝐹 = 0.60, 𝑃 = 0.99, 𝐺 = 0.97, 𝑆 = 0.82

Figure 8: Discovered Petri nets for the RTF event log

To support the research community, we plan to contribute the GTM implementation, including the
optimized fitness and precision evaluation routines, to the PM4Py framework. As future work, we aim
to explore the post-processing of the discovered Petri nets by leveraging genetic algorithms to add
places capturing long-term dependencies, further improving the accuracy of the resulting models.
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