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Abstract
Petri net synthesis aims to construct a precise and fitting Petri net from a given specification, but typically
requires the latter to be complete and free of noise. This requirement hampers its application to process discovery
from real-world data which are often incomplete and noisy. Methods such as the eST-Miner leverage synthesis
ideas allowing places which do not fit the data up to a threshold. However, composing individually fitting places
into a Petri net can result in models with global behavioral problems such as deadlocks. This paper addresses
this composition problem by proposing a new discovery method that, given a set of place candidates, aims
to find the subset of places such that the resulting Petri net maximizes existing conformance checking scores.
Specifically, the proposed approach uses Bayesian optimization to directly optimize such measures, yet does not
guarantee optimal solutions. Our evaluation shows that, despite being computationally expensive, this method
can successfully fine-tune Petri nets discovered by the eST-Miner with respect to state-of-the-art conformance
checking measures.
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1. “The whole is greater than the sum of its parts”

Unfortunately, this (mis)quote of Aristotle does not necessarily apply when discovering Petri nets from
event data by synthesizing fitting places and composing them into a Petri net. The goal of Petri net
synthesis [8] is to construct a Petri net that can model the entire behavior in a given specification while
introducing as little additional behavior as possible.

In process discovery [1, 3, 6], we aim to find a process model that represents a given event log in
the most suitable way. The extent to which a process model is considered suitable usually depends
on some predefined metric based on one or a combination of the four model quality dimensions [1]:
(i) fitness, (ii) precision, (iii) simplicity, and (iv) generalization. Throughout the years, a variety of
quality metrics have been identified for the different dimensions, with fitness usually being the main
driver in process discovery [13]. This is also reflected in the number of metrics available: there are
many metrics for fitness and precision, but noticeably fewer for simplicity and generalization. The
way different metrics are determined based on various techniques such as token-based replay [28]
or alignments [4] to compute fitness and precision, or structural analyses of the model to compute
simplicity [17]. Nonetheless, all of the different quality metrics have certain drawbacks [29, 31, 32] and
their selection often depends on the chosen process discovery technique.

Generally, starting with an event log, we aim for a process model optimized over some (combined)
quality metric that evaluates the discovered model based on the event log. Since an event log can
be considered a language-based specification, we can use language-based region theory [10, 20] to
synthesize a Petri net that best describes the specified behavior. In such a setting, the set of transitions
in the Petri net is typically already fixed, but we are looking to connect them to specific places to
restrict the behavior allowed by the model in a way that serves the objective. The ILP Miner [35, 36],
for example, uses Integer Linear Programming (ILP) to iteratively add new places corresponding to a
minimal region in the event log language, but is strongly influenced by the places discovered first.
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In general, such approaches often struggle with noise in real-world event logs and the exponential
growth of different candidate places. This renders these approaches far from trivial and forces us to
employ heuristics or exploit monotonicity properties to traverse the search space more efficiently [2].
This idea is picked up by the eST-Miner [21] which evaluates places individually and composes them
into a Petri net. Whenever a candidate is excluded, it also prunes the search tree. This local perspective
might cause structural and semantic problems such as deadlocks, low fitness or unsoundness in the
naively composed model. In [22, 23], the authors address yet do not fully remedy these problems.
Besides, the resulting net may still reflect a non-deterministically selected local optimum rather than
the best possible solution.

In this work, we propose an optimization-based process discovery approach inspired by the ILP
Miner and eST-Miner. In contrast to these miners, which evaluate individual places with respect to
the given event log, our approach evaluates possible combinations of a given set of candidate places
globally to return the best model based on the given configuration and set of input places. While it
cannot compete with traditional approaches in terms of computational efficiency, it allows for a very
flexible selection and prioritization of desirable model properties. Thus, the resulting models it produces
might also serve as a baseline when evaluating model quality in a large variety of application contexts.

2. Blackbox Optimization of Complex Objective Functions

Common fitness and precision measures do not directly depend on the structure of the Petri net but
rather on its language, leading to complex relationships between quality scores and the structure
of general Petri nets. Evaluating quality metrics locally (e.g., only for a single place) might poorly
approximate the quality scores commonly employed in process mining (e.g., alignment- or token-based
fitness and precision).

To address this challenge, we investigate whether we can directly optimize existing quality metrics
(without guaranteed optimality). Given that alignment- and token-based replay metrics lack additional
information such as tractable derivatives with respect to the places, we turn to Black-Box Optimization
(BBOpt). BBOpt algorithms—such as simulated annealing, evolutionary algorithms, random search,
and Bayesian optimization (BO)—optimize an objective function based solely on evaluations at selected
points. In our case, they would select candidate places for evaluation of the resulting Petri net’s score.

Key considerations for implementing a BBOpt approach for global place discovery include: (i) high
dimensionality (i.e., potentially over 20 places) (ii) binary decision variables (one per place), and (iii) costly
objective function evaluations. Specifically, evaluating alignments or conducting token-based replay is
computationally expensive compared to simpler evaluations found in combinatorial optimization (e.g.,
cost of a route in traveling salesperson problems) or games (e.g., determining if a game state is winning
or losing). This motivates our use of BO methods known for their sample efficiency when optimizing
expensive blackbox functions [30]. However, classic BO typically struggles with high-dimensional
discrete spaces [12, 14]—a challenge recently addressed in the machine learning community [14, 26, 34].

We assume the same setting as the eST-Miner, that is, we synthesize a Petri net (𝑃, 𝑇 , 𝐹 ) where the
set of transitions is already fixed (one transition per activity in the event log 𝐿 plus artificial start and
end activities), and we aim for the best set of places 𝑃 . However, instead of considering all potential
places (i.e., all combinations of input and output transitions), we employ a place oracle to provide a
candidate set Pcand of promising places from which the best set of places 𝑃 ⊆ Pcand is chosen.

Our implementation spans three main components: the place oracle, the BBOpt procedure over
sets of places, and a Petri net evaluation module. As place oracle, we employ SPECpp1, a reference
implementation of different eST-Miner variants. Besides discovering a Petri net, SPECpp can export the
places it has identified. We use this exported place specification or combinations of the former as input
for the BBOpt component. For the BBOpt, we formulate our place composition task as an additional
experiment into the implementation2 of [14]. In particular, we use a linear combination of the Petri

1https://github.com/promworkbench/SPECpp
2https://github.com/facebookresearch/bo_pr
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net’s F-score and simplicity measure as objective function:

argmax
𝑃⊆Pcand

(1 − 𝜆) ⋅ F-score((𝑃, 𝑇𝑃 , 𝐹𝑃 ), 𝐿) + 𝜆 ⋅ simplicity((𝑃, 𝑇𝑃 , 𝐹𝑃 ), 𝐿), (1)

where 0 ≤ 𝜆 ≤ 1, and 𝑇𝑃 and 𝐹𝑃 are the resulting transitions and arcs with respect to the chosen set
of places 𝑃 . Here, 𝑇𝑃 ⊆ 𝑇 is the subset of transitions that are adjacent to at least one place. While
the F-score is considered in most works on process discovery to describe a process model’s quality by
means of a single value, initial experiments indicate that incorporating simplicity acts as a regularizer
on the Petri net’s structure, for example, aiding in removing implicit places. Candidate models are
internally evaluated using ProM. In particular, we use the alignment-based fitness implementation
from [15] and ETC-precision [5] as conformance measures. Moreover, we adopt PM4Py’s default mean
node degree simplicity measure which is computed as 1/ (1 +max{mean node degree − 2, 0}) [11], a
reciprocal penalty function based on how severely the mean node degree deviates from the simplest
non-trivial place/transition with one input and one output arc.

A further important aspect of the implementation is the removal of disconnected transitions. While
unconstrained transitions may be meaningful in some settings, they typically deteriorate precision in
practical applications. Therefore, SPECpp removes such transitions by default, and we adopt the same
behavior. This design choice also creates an interesting degree of freedom for BBOpt: by deliberately
leaving specific transitions disconnected during the optimization, the method can effectively decide to
remove transitions from the model. One the one hand, since we compute a model’s quality based on
the original event log, this translates into log moves for the left out activities. On the other hand, this
can be very beneficial if, given the respective place candidates, it is impossible to otherwise sufficiently
constrain a transition without generating too many escaping edges in the ETC-precision computation.

3. Evaluation

Our evaluation is founded on two main research questions:
1. Can we compose high-quality Petri nets from good-quality place candidates using BBOpt?
2. How do the Petri nets synthesized using eST-Miner and BBOpt compare to models discovered by

state-of-the-art process discovery approaches?
We focus on good-quality place candidates for three reasons. First, we applied two BBOpt methods under
a time budget of 30 minutes per place set, and optimizing over hundreds of sets would be prohibitive.
Second, prior work [14] indicates that contemporary BO techniques can handle problems with a few
dozen binary variables. Substantially larger place sets likely exceed their practical capabilities. Third
and most importantly, we consider it more insightful to search for non-trivial solutions—that is, models
that do not include all available places—that outperform the best models produced by the eST-Miner.
This way we hope to push the boundaries of Petri net synthesis for process discovery.

For comparison, we consider Fodina [33], Split Miner (SM) [7] version 1 and 2, Prime Miner [9],
Inductive Miner–infrequent (IMf) [18], and several eST-Miner variants [16, 21–23]. As input data, we
use four event logs: Road Traffic Fine Management Process (RTFM) [19], Sepsis [25], Teleclaims [1], and
Repair Example3. In contrast to the latter two logs, RTFM and Sepsis are at least based on real-world
process data. These logs were selected because they can be processed by most discovery algorithms
without substantial additional preprocessing, while still yielding process models of decent quality that
are suitable for a meaningful quality metric evaluation. Because not all considered discovery algorithms
support lifecycle events, we filter the artificial logs so that they contain only complete lifecycle events.

For the eST-Miner family of methods, we systematically vary the noise threshold 𝜏 ∈ {0.8, 0.9, 1}, the
maximum tree depth {3, 4, 5, 6, ∞}, and we place fitness criterion, absolute or aggregated place fitness
criteria as proposed in [23]. For the 𝛿-variant, we employ a linear delta function with gradient 1 and 𝛿 =
0.2, as this configuration has shown robust performance in [23]. For the ETC-variant [16], we consider

3https://promtools.org/prom-6-tutorial/
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(a) Best eST-Miner Petri net (b) Best BOPR Petri net

Figure 1: Best models discovered by (a) eST-Miner and (b) BOPR on the top-3 places set for the RTFM event log.

𝜌 ∈ {0.9, 0.98}. In all eST-Miner configurations except the ETC-variant, we enable concurrent replay-
based implicit place removal [24], which prunes the candidate place set on-the-fly while discovering
new places. This mechanism is crucial to keep the number of discovered places manageable, so that
the resulting place sets can be handled not only by the BBOpt methods but also by SPECpp’s default
post-processing pipeline, including ILP-based implicit place removal. Empirically, concurrent implicit
place removal can reduce the number of discovered places by orders of magnitude. The ETC-variant
uses an alternative strategy to avoid implicit places and typically produces reasonably small place sets
on its own. For all place discovery runs, we impose a timeout of 2 minutes.

For the baseline discovery algorithms, we tune parameters with respect to the objective func-
tion in Equation (1) in a way that aligns with prior work. For SM version 1, we explore 𝜖 ∈
{0.01, 0.05, 0.1, 0.15, 0.2} and 𝜂 ∈ {0.2, 0.3, 0.4, 0.5, 0.6}, thereby exhaustively testing configurations around
and including the optimal setting reported in [7]. For version 2, we tested 𝜖 ∈ {0.2, 0.3, … , 0.9}. For IMf,
we vary the 𝑓 ∈ {0.05, 0.1, 0.2, 0.3, 0.4}. For Prime Miner, we rely on the corresponding ProM plugin that
returns a single model for each event log. In contrast to SM and IMf, Fodina exposes a large number of
hyperparameters; we therefore use the provided defaults as an exhaustive parameter study would be
beyond the scope of this work.

For our approach we consider three systematically constructed sets of places based on SPECpp. First,
we consider the places associated with the best eST-Miner model for the respective log before SPECpp’s
post-processing (including particularly ILP-based implicit place removal). Second, we construct a
merged place set obtained by combining the places from the three top-performing eST-Miners. Third,
in order to stress-test the BBOpt step on relatively large place sets, we form a union of all place sets
discovered with a maximum tree depth of 3. We tested two BBOpt methods: Bayesian optimization via
probabilistic reparameterization (BOPR) [14] and an evolutionary algorithm based on the nevergrad
library [27]. Each method directly optimized the objective function given in Equation (1) for 𝜆 = 0.2.
Each method had access to 32 Intel Xeon Platinum 8468 processing cores. Moreover, BOPR, which
supports GPU usage, was given access to a single Nvidia L40S GPU. Finally, each BBOpt experiment
was repeated 5 times for different random seeds.

In total, we evaluated 762 Petri nets. To aggregate these experimental results, we first removed all
runs for which we could not compute a valid F-score. Empirically, such invalid scores arose when
the terminal language of the discovered model was empty—that is, the model is not relaxed sound.
Consequently, we discarded Prime Miner and Fodina for Sepsis. In a second step, for eST-Miner,
SM, Fodina, IMf, we selected, for each event log, the best model according to the aggregated quality
metric defined in Equation (1) with 𝜆 = 0.2 among all tested parameter settings. This model is then
reported together with the corresponding configuration. For IMf, the reported configuration is the
noise threshold; for SM (v. 1), it is the value of 𝜖/𝜂. For eST-Miner, we additionally report the selected
variant, the fitness criterion, and the tree depth. For the proposed approach, we report the repetition
that achieved the median value of the aggregated quality metric, together with the difference between
this median run and the best run observed. Since BOPR consistently performed at least as well as
nevergrad, we only report results for BOPR. Table 1 summarizes the resulting scores and highlights, in
bold, the best values for each quality measure and event log.

In general, BOPR outperforms the best eST-Miner model on at least the top and top-3 place sets
for three of the four event logs and performs equally well on the fourth. These top-𝑘 place sets are



Table 1
Quality metrics for BOPR and the best models discovered by the baseline process discovery approaches. We
computed the aggregated quality metric (QM) for 𝜆 = 0.2. The best results (up to some small difference) for
each metric and event log are highlighted in bold. For BOPR, we show median results as well as the respective
difference (Δ-QM) to the best aggregated quality metric obtained. Moreover, we show howmany of the respective
candidates places where selected in the run achieving median QM score.

Event Log Algorithm Config Fit. Prec. Simp. F-Score QM Δ-QM Place Info

Repair
Exam-
ple

BOPR
best 0.99 0.99 0.83 0.99 0.96 0.01 8/14
d4 0.99 0.99 0.83 0.99 0.96 0 8/24
top3 0.99 0.99 0.83 0.99 0.96 0 8/18

SMv1 0.2/0.2 0.86 0.99 0.83 0.92 0.9 -
SMv2 0.9 0.98 0.94 0.83 0.96 0.94 -
eST-Delta Abs-10000 0.99 0.99 0.83 0.99 0.96 -
Fodina - 0.99 0.96 0.76 0.97 0.93 -
IMf 0.3 0.99 0.98 0.8 0.99 0.95 -

RTFM

BOPR
best 0.88 1 0.76 0.93 0.9 0.01 11/29
d4 0.88 1 0.37 0.93 0.82 0 29/61
top3 0.88 1 0.73 0.93 0.89 0.03 12/31

SMv1 0.01/0.2 0.68 0.64 0.73 0.66 0.67 -
SMv2 0.4 0.88 1 0.77 0.94 0.9 -
eST-Standard Abs-5 0.88 1 0.58 0.93 0.86 -
Fodina - 0.84 0.95 0.65 0.89 0.84 -
IMf 0.3 0.93 0.83 0.71 0.88 0.85 -

Sepsis

BOPR
best 0.42 1 1 0.59 0.67 0 5/6
d4 0.69 0.79 0.32 0.73 0.65 0.01 31/97
top3 0.49 0.76 1 0.6 0.68 0 6/10

SMv1 0.2/0.6 0.83 0.52 0.67 0.64 0.64 -
SMv2 0.6 0.66 0.82 0.58 0.73 0.7 -
eST-ETC Agg-3 0.42 1 1 0.59 0.67 -
IMf 0.2 0.9 0.53 0.61 0.67 0.66 -

Teleclaims

BOPR
best 0.82 0.95 1 0.88 0.91 0 8/20
d4 0.85 1 0.43 0.92 0.82 0.03 20/49
top3 0.85 1 0.62 0.92 0.86 0.04 14/26

SMv1 0.01/0.2 0.85 1 0.92 0.92 0.92 -
SMv2 0.2 0.82 1 1 0.9 0.92 -
eST-ETC Abs-5 0.85 1 0.55 0.92 0.85 -
Fodina - 1 1 0.76 1 0.95 -
IMf 0.3 0.93 1 0.88 0.97 0.95 -

relatively small; however, the selected places still constitute non-trivial subsets of the available candidate
places (comp. last column of Table 1). BOPR also performs strongly on the depth-restricted place set,
empirically indicating that it can handle larger place sets of size 50–100 without a substantial loss in
quality. Regarding synthesis-based process discovery, SM still achieves the best average performance.
Nevertheless, for the RTFM event log, the best model according to the aggregated quality metric is
obtained by BOPR on the top-3 place set, with a score of 0.92 (obtained by summing the QM and Δ-QM
columns). This model, depicted in Figure 1, is visually simpler than the best eST-Miner model.

Interestingly, this Petri net contains a dead part related to the appeals. Although this does not align
with our initial motivation to obtain models without dead parts, in this case the dead part improves
PM4Py’s default mean node degree simplicity. Besides, keeping this part does not affect the F-score
because it leaves the behavior unchanged; thus, it actually improves the global quality score. While the
result may still correspond to a local optimum, this behavior can be interpreted as a loophole exploited
by the optimization, revealing conceptual limitations of existing standard measures.

This observation raises the question of whether the proposed method might be easily adapted to



obtain models without dead parts. To investigate this, we conducted preliminary experiments on the
place set underlying the model in Figure 1, where we changed the simplicity measure. Due to space
limitations, these results are not reported in detail. Because the number of possible places is bounded
by the size of the candidate set, one can, for example, use the fraction of included places to measure
simplicity. This formulation encourages the optimization algorithm to produce models that are fitting
and precise while containing few places. Similarly, we experimented with minimizing the fraction
of transitions, all nodes (places and transitions), or arcs included. Initial results indicate that these
alternative simplicity measures can reduce the size of dead parts; however, completely removing them
proved surprisingly difficult. The best result was obtained by minimizing the number of places only.
This approach removed all dead elements except for the “Appeal to Judge” transition. As can be seen
in Figure 1, removing this transition requires to delete two arcs thereby jointly replacing two places.
Although the required places are contained in the candidate set, the optimization algorithm did not
identify this solution. When minimizing only the number of places, such a one-to-one substitution does
not change the score. Even when minimizing the total number of nodes or arcs, the transition was never
removed and the results were typically arguably worse. This may be explained by the fact that, in both
cases, normalization occurs over a significantly larger population, so small changes have less impact
on the global score. Consequently, the effective range of the simplicity score may become quite small
for reasonably precise and well-fitting models. Moreover, both places must be replaced at the same
time, replacing either place significantly affects precision. Overall, these observations highlight that
defining metrics that work well jointly and determining how to combine them properly is a non-trivial
problem. Finally, note that for this and other practically well-tractable Petri nets encountered in process
discovery, a reachability analysis could efficiently detect such dead transitions. This suggests that
combining BBOpt with Petri-net-aware techniques is an interesting direction for future research.

4. Discussion and Future Work

Our results indicate that BBOpt methods such as BOPR can discover locally optimal Petri nets from
place candidates with respect to the global quality metrics. Since, from a BBOpt point of view, BOPR
only “sees” binary variables, optimization over the inclusion of richer process structures becomes an
interesting direction for future research. The experiments suggest that finding good combinations of a
few dozen process structures might be within practical reach. Nevertheless, even though BOPR improves
upon the models obtained by eST-Miner, process discovery algorithms such as SM and IMf often remain
more effective in practice. They tend to be faster while frequently achieving comparable or better
models, partly due to modeling advantages such as the ability to introduce silent transitions to represent
optional behavior. It is, however, noteworthy that although SM itself is computationally efficient,
searching its hyperparameter space can become costly. Some discovered models in our experiments
were difficult and time-consuming to evaluate using alignment-based conformance measures.

A threat to validity is that the scores obtained for SM, in particular version 1, are lower than
expected [cf. 7]. In our experiments, we directly invoked the SM’s functionalities instead of using
the command-line entry point. While we made a best effort to replicate the original behavior, our
implementation and unintentionally employing different flags than those used in [7] could explain
the observed discrepancies. A second threat relates to the evaluation of BOPR for process discovery:
starting from eST-Miner, we only considered a limited number of relatively small place sets for a small
set of event logs. This restriction limits the generalizability of our findings.
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