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Abstract
Process discovery aims to generate models that capture behaviors recorded in event logs from information systems. While
many approaches exist, few ensure key properties such as soundness and free-choice. Existing methods that provide these
guarantees often rely onblock-structured representations,which limit expressiveness.WeproposeSynthesisMiner, a discovery
approach that constructs sound and free-choice workflow nets while supporting non-block structures. Drawing from free-
choice net theory, Synthesis Miner incrementally builds or adjusts process models using predefined synthesis patterns and
log-guided heuristics to narrow the search space. This ensures correctness by design while improving scalability. We evaluate
the approach in two complementary experiments. The first compares the performance of our enhanced Synthesis Miner
to its original version, demonstrating substantial reductions in computation time with consistent model quality. The second
experiment compares the quality of SynthesisMiner’s models against those produced by state-of-the-art discovery algorithms.
The results highlight that Synthesis Miner can generate models with competitive, and in some cases superior, quality while
ensuring key formal guarantees.

Keywords Process modeling · Process mining · Process discovery · Free-choice workflow net · Synthesis rules

1 Introduction

Process mining is a discipline that bridges process science
and data science, offering organizations powerful, data-
driven tools to enhance their operational processes. At its
core, process mining systematically leverages event data to
provide actionable insights into organizational processes.
By integrating process models and event logs, it uncov-
ers bottlenecks, deviations, and inefficiencies, anticipates
potential compliance or performance issues, and facilitates
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the automation or streamlining of repetitive tasks. Process
mining techniques can be used retrospectively to diagnose
problems (e.g., root cause analysis for delays or quality
issues) or prospectively to predict outcomes (e.g., remain-
ing processing times or probabilities of failure) [1]. These
insights empower organizations to take targeted actions, such
as implementing countermeasures to improve compliance or
optimize performance.

As the foundation, process discovery creates process
models that serve many subsequent techniques, such as con-
formance checking, concept drift detection, and performance
prediction. By automatically generating a process model
from event logs, which capture the behaviors recorded in
an organization’s information systems, process discovery
helps organizations gain an understanding of their processes
and identify areas for improvement. The discovered model
acts as a basis for deeper analysis, enabling organizations to
assess the alignment between their actual operations and the
intended process design, as well as to predict future behavior
or detect deviations.

The goal of process discovery is to automatically extract
a process model from an event log containing observed
behavior, which is often incomplete and noisy. In general,
a process model’s quality can be assessed by four main cri-
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Fig. 1 Examples illustrating the necessity of discovering non-block-structured process models. Note that the trace 〈a, b, c, d, e, f , g, h〉, which is
possible in (a), cannot be replayed by (b)

teria: fitness, precision, generalization, and simplicity [1].
Additionally, process models that meet formal requirements,
such as soundness and free-choice structure, are preferred [1,
2]. Soundness ensures the process model is free from appar-
ent issues, such as dead transitions that can never activate
[1]. Free-choice process models offer several advantages,
including a clear separation of choice and synchronization,
as seen in the popular BPMNnotation. This structure enables
straightforward conversion from free-choice nets to BPMN
models and also allows access to extensive analysis methods
rooted in theory [2].

ProblemThough there are various process discovery algo-
rithms, few can guarantee both soundness and free-choice
properties. The Inductive Miner (IM) family [3] is among
the few algorithms that ensure these qualities by representing
processes as process trees, which convert to sound, free-
choice Petri nets by design. However, process trees have
limitations; they only represent block-structured models,
which can impact quality when trying to model non-block
structures. Using a simple example in Fig. 1a, the pro-
cess model has a dependency between the two concurrent
branches. To execute activity f in the process model, activity
c needs to be executed first. At the same time, the execution of
activities b, c, and d at the top branch is still concurrent with
activity e. Such behaviors cannot be modeled by a block-
structured process model (process tree) without duplicated
labels. As the Inductive Miner adopts process trees as repre-
sentation in the background, it can only discover a process
model as shown in Fig. 1b for corresponding log generated
by the model in Fig. 1a.

Contribution The recently introduced Synthesis Miner [4,
5] addresses this limitation by discovering models with non-
block structures while preserving soundness and free-choice
guarantees. The approach applies synthesis rules from free-
choice net theory in an iterative fashion, modifying a given
workflow net to explore different candidate models. How-

ever, both the generation of candidates and their evaluation
using alignment-based conformance checking can be com-
putationally expensive, especially on larger or more complex
logs.

Therefore, this paper proposes two heuristic extensions
to improve the scalability of Synthesis Miner without com-
promising model quality. The first extension applies log
heuristics to further narrow the search space compared to the
original method. The second focuses on structural decompo-
sition by isolating minimal subnets around affected nodes,
breaking the generation and evaluation steps into smaller and
more efficient tasks. These improvements preserve the desir-
able guarantees of the original algorithm while making it
more practical for a wider range of discovery tasks.

ResultsWeevaluate the extendedSynthesisMiner through
two complementary experiments using real-life event logs.
The first experiment compares the improved version with
the original Synthesis Miner, focusing on scalability. The
results show substantial reductions in computation time,
particularly when both extensions are combined, while
maintaining similar model quality. The second experiment
investigates the model quality of Synthesis Miner against
established discovery algorithms, including Inductive Miner
and Split Miner. Although not all cases benefit equally, the
results show that Synthesis Miner can produce models with
competitive—and occasionally superior—precision and F1
scores. These findings support the use of Synthesis Miner as
a discovery approach that complements existing techniques,
especially when model correctness and structural flexibility
are required.

Relation to previous work This paper builds upon the
work presented in [4–7]. The theoretical foundations of the
Synthesis Miner and the details of each step are covered.
In this paper, the heuristic extensions (Sects. 4.1 and 4.3)
are introduced within the corresponding candidate genera-
tion and evaluation steps (Sects. 4.2 and 4.3). Furthermore,
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the scale of the experiments (Sect. 5) has been expanded
to include 21 model-log pairs, enabling more comprehen-
sive results and a richer discussion on the effectiveness and
impact of the proposed extensions. Finally, the extended eval-
uation allows for a critical reflection on the limitations of
Synthesis Miner, alongside its advantages over two state-of-
the-art discovery algorithms. The results highlight Synthesis
Miner’s improvements in scalability and flexibility. The pro-
posed heuristics drastically reduce the computation time,
making the approach practical for more complex logs. This
enhanced efficiency supports the algorithm’s unique ability to
discover high-quality, non-block-structured process models.
While the capability still comes at a relatively considerable
computational cost, it can act as a valuable complementary
tool to improve the precision and F1-score of models from
other prominent discovery algorithms.

Outline The remainder of the paper is structured as fol-
lows.We discuss relatedwork in Sect. 2. Section 3 introduces
the necessary background. Section 4 presents the Synthe-
sis Miner and the proposed heuristic extensions. Section 5
describes the experiments. Section 6 discusses the threats to
validity and the limitations of the paper. Section 7 concludes
the paper with a summary of findings and future research
directions.

2 Related works

For a detailed overview of process discovery techniques, we
refer the reader to [8]. In this paper, we focus on process
discovery algorithms that provide formal guarantees, partic-
ularly soundness and free-choiceness. Although numerous
discovery algorithms have been developed over the years,
only a few meet these criteria.

The Inductive Miner (IM) family [3], which uses process
trees as its internal representation, offers such guarantees.
By definition, process trees represent sound and free-choice
WF-nets. However, process trees can only represent block-
structuredprocesses,meaningmodels that canbedivided into
components with a single entry and exit point [3]. Naturally,
discovery algorithms [9, 10] based on process trees also face
this limitation.

While approaches like [11, 12] can discover non-block-
structured models, they cannot ensure both soundness and
free-choice properties. Structured Miner applies the Heuris-
tics Miner first to discover an unstructured model, then
applies block-structuring techniques and heuristics to sim-
plify and remove unsoundness, though it often fails to
produce a sound process model with real-life event logs.
Split Miner [11] refines the split gateway identification and
replaces complex OR-joins with simpler gateways to dis-
cover models that are deadlock-free. However, they are not
necessarily sound.

Starting from a different motivation, the recently devel-
oped Partially Ordered Workflow Language (POWL) [13]
addresses the limitations of process trees in modeling hier-
archical structures by integrating hierarchical modeling with
partial orders. POWL allows for the discovery of models that
can represent concurrency and non-block structures, offering
a broader expressive power than process trees. The discov-
ered POWL models can be converted into sound WF-nets
with non-block structures. However, since its internal rep-
resentation is still based on process trees, POWL cannot
express certain constructs beyond the expressive power of
process trees. For instance, arbitrary loop structures remain
unsupported, limiting its ability to model complex cyclic
behaviors.

Another class of algorithms [4, 14] leverages synthesis
rules from free-choice net theory [2], allowing for a more
flexible representation while guaranteeing both soundness
and free-choice. The approach in [14] adopts an interactive
setting, requiring user input throughout the discovery pro-
cess. However, this method involves repeated back-and-forth
applications of synthesis and reduction rules without clear
guidance, requiring extensive user knowledge of the process
control flow. Although a variation [15] of this approach can
recommend prominent modifications, the exhaustive evalu-
ation of all possibilities remains computationally expensive
and impractical.

To address these challenges, Synthesis Miner [4, 5]
automates the discovery process introduced in [14] by incor-
porating an additional synthesis rule (dual abstraction rule)
and predefined patterns. This additional rule minimizes the
need for the repeated back-and-forth steps seen in [14].
Additionally, a log heuristic-based pruning strategy is intro-
duced to narrow down the search space and identify the most
probable locations for adding transitions. This pruning strat-
egy significantly reduces computation time [4] compared
to evaluating all possible modifications. However, despite
these improvements, the Synthesis Miner still struggles with
scalability in practice [4, 5]. The main issue arises during
the generation and evaluation of candidate modifications.
First, the algorithm generates a set of candidates that still
includes unlikely or undesirable changes, resulting in unnec-
essary computation during evaluation. Furthermore, there is
potential to optimize the evaluation process, as modifications
typically affect only a subpart of the entire process.

3 Preliminaries

We introduce the necessary concepts that are used throughout
this paper. For any given set A, B(A) represents the set of all
multisets over A. If b ∈ B(A), then b(a) denotes the number
of occurrences of a ∈ A in the multiset b. For example, if
we consider the set A = {w, x, y, z} and the multiset b =
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[w2, x4, y3, z5], we have b(y) = 3 because y appears 3 times
in b. The notation σ ∈ A∗ is used to represent a sequence
over some set A. For a sequence σ = 〈a1, a2, a3, ..., an〉,
the length of the sequence is denoted by |σ | = n. For each
1 ≤ i ≤ |σ |, the element σ(i) = ai ∈ A refers to the i-th
element of the sequence. Given two sequences σ and σ ′, their
concatenation is written as σ · σ ′.

Next, we introduce the projection function. Let A be a set
and X ⊆ A be a subset of A. For σ ∈ A∗ and a ∈ A, we
define the projection function �X∈ A∗→X∗ recursively as
follows: 〈〉�X = 〈〉, (〈a〉 · σ)�X = 〈a〉 · σ �X if a ∈ X and
(〈a〉 · σ)�X = σ �X otherwise. This allows for the projection
of a sequence onto a subset of its elements.

Definition 1 (Activities, Traces, and Logs) LetA be the uni-
verse of activities. A trace σ ∈ A∗ is a sequence of activities.
A log L ∈ B(A∗) is a multiset of traces.

Definition 2 (Petri Net and Labeled Petri Net) A Petri net is
a tuple N = (P, T , F), where P is the set of places, T is the
set of transitions, P ∩ T = ∅, F ⊆ (P × T )∪ (T × P) is the
set of arcs. A labeled Petri net N = (P, T , F, l) is a Petri net
with a labeling function l ∈ T � A mapping transitions to

activities. For any x ∈ P∪T ,
N• x = {y | (y, x) ∈ F} denotes

the set of input nodes (preset) of x and
N• x = {y | (x, y) ∈ F}

denotes the set of output nodes (postset) of x . The superscript
N is dropped if it is clear from the context.

Note that l can be partial, which means if a transition
t ∈ T is not in the domain of l, it has no label. In such a
case, we write l(t) = τ to denote that the transition is silent
or invisible.

Definition 3 (Free-choice Net) Let N = (P, T , F) be a Petri
net. N is a free-choice net if for any t, t ′ ∈ T : •t = •t ′ or
•t ∩ •t ′ = ∅.

Free-choice nets have separate constructs for choices and
synchronizations as any two transitions either have the same
preset or do not share any places in their presets.

Definition 4 (Path) A path of a Petri net N = (P, T , F) is a
non-empty sequence of nodes ρ = 〈x1, x2, ..., xn〉 such that
(xi , xi+1) ∈ F for 1 ≤ i < n.

The foundation of Synthesis Miner lies in the synthesis
rules derived from free-choice net theory [2]. Before intro-
ducing these rules, it is essential to define a few key concepts.
Webeginwith the definitionof the incidencematrix, followed
by the concept of linearly dependent nodes.

Definition 5 (Incidence Matrix [2]) Let N = (P, T , F) be a
Petri net. The incidence matrix N : (P × T ) → {−1, 0, 1}

of N is defined as

N(p, t) =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 if ((p, t) /∈ F ∧ (t, p) /∈ F) ∨ ((p, t)

∈ F ∧ (t, p) ∈ F)

−1 if (p, t) ∈ F ∧ (t, p) /∈ F

1 if (p, t) /∈ F ∧ (t, p) ∈ F

(1)

For a Petri net N = (P, T , F) with an incidence matrix N,
we denote the row vector corresponding to p ∈ P as N(p)
and the column vector corresponding to t ∈ T as N(t).

Definition 6 (Linearly Dependent Nodes [2]) Let N =
(P, T , F) be a Petri net. Q is the set of rational numbers.
A place p is linearly dependent if there exists a row vector
�v : P → Q such that �v(p) = 0 and �v · N = N(p). A tran-
sition t is linearly dependent if there exists a column vector
�v : T → Q such that �v(t) = 0 and �v · N = N(t).

Definition 7 (WorkflowNet (WF-net))Let N = (P, T , F, l)
be a labeled Petri net. N is a workflow net if it has a dedi-
cated source place i ∈ P : •i = ∅ and a dedicated sink place
o ∈ P : o• = ∅. Moreover, every node x ∈ P ∪ T is on
some path between i and o.

The soundness1 property is defined for WF-nets [16]. A
sound WF-net guarantees that (1) a process can always be
finished and (2) a process can be properly completed: once
a process reaches the final state, it is not possible to fire any
transition (3) no inexecutable transitions exist.

Before defining the synthesis rules for WF-nets, it is nec-
essary to introduce the concept of a short-circuitedWF-net as
the rules work on short-circuitedWF-nets in the background.

Definition 8 (Short-circuited WF-net [16]) Let W =
(P, T , F, l) be a WF-net and i, o ∈ P are the source
and sink place, respectively. The short-circuited WF-net of
W , denoted by SC(W ), is constructed by adding a tran-
sition t ′ /∈ T and its associated arcs (o, t ′), (t ′, i), i.e.,
SC(W )=(P, T ∪ {t ′}, F ∪ {(o, t ′), (t ′, i)}), where t ′ /∈ T .

Definition 9 (Synthesis Rules [2, 4, 14]) Let W and W ′ be
two free-choice WF-nets, and let SC(W ) = (P, T , F, l)
and SC(W ′) = (P ′, T ′, F ′, l ′) be the corresponding short-
circuited WF-nets:

• Linear Dependent Place Rule ψP :W ′ is derived fromW
using ψP , i.e., (W ,W ′) ∈ ψP if T ′ = T , P ′ = P ∪ {p}
and p /∈ P is linear dependent in SC(W ′), F ′ = F ∪ F̃
where F̃ ⊆ (({p} × T ) ∪ (T × {p})).

• Linear Dependent Transition Rule ψT : W ′ is derived
from W using ψT , i.e., (W ,W ′) ∈ ψT if P ′ = P ,
T ′ = T ∪ {t} and t /∈ T is linear dependent in SC(W ′)

1 The precise definition of soundness is out of scope, we refer to [16]
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Fig. 2 Examples of the synthesis rules applications, where the highlighted parts (in green) indicate the newly added components

and F ′ = F ∪ F̃ where F̃ ⊆ ((P × {t}) ∪ ({t} × P)),
and ∀t∈T∩T ′l(t) = l ′(t).

• Abstraction Rule ψA: (W ,W ′) ∈ ψA if (1) there exists
a set of transitions R ⊆ T and a set of places S ⊆ P
such that (R × S ⊆ F) ∧ (R × S �= ∅). (2) SC(W ′)
is constructed by adding an additional place p /∈ P and
a transition t /∈ T such that P ′ = P ∪ {p}, T ′ = T ∪
{t}, F ′ = (F\(R×S))∪((R×{p})∪({p}×{t})∪({t}×
S)), and ∀t∈T∩T ′l(t) = l ′(t).

• Dual Abstraction Rule ψD: (W ,W ′) ∈ ψD if (1) there
exists a set of places S ⊆ P and a set of transitions R ⊆ T
such that S× R ⊆ F ∧ S× R �= ∅. (2)W ′ is constructed
by adding an additional transition t /∈ T and a place
p /∈ P such that P ′ = P ∪ {p}, T ′ = T ∪ {t}, F ′ =
(F \ (S × R)) ∪ ((S × {t}) ∪ ({t} × {p}) ∪ ({p} × R)),
and ∀t∈T∩T ′l(t) = l ′(t).

The four rules preserve both the soundness and the free
choice properties [2, 4]. Figure 2 (taken from [6]) provides
examples of rule applications. From top to bottom, ψA adds
p1 and t0 with R = {ts} fully connected to S = {p1}. ψT

adds t1 as it is linearly dependent on t0. ψP adds p2 as it is
a linear combination of p0 and p1. ψD adds t2 and p3 with
S = {p0, p2} fully connected to R = {te}.

4 Synthesis Miner

Having introduced the essential concepts, we are now ready
to present the approach. SynthesisMiner employs an iterative
procedure to modify an existing sound and free-choice WF-
net. The algorithm operates in two modes:

1. Discovery: This mode directly discovers a WF-net from
the corresponding event log [4], similar to standard pro-
cess discovery algorithms. In this case, the existing model
is an initial net [4] that initially contains only the artificial
start and end transitions (as shown in Fig. 2). Subse-
quently, labeled transitions are added until every activity
in the event log has a corresponding transition in the pro-
cess model.

2. Adjustment: This mode adjusts an existing WF-net [7,
17]. Such a model can be discovered using other process
discovery algorithms or provided by the stakeholders as a
nominal model. In such a case, Synthesis Miner identifies
and removes the problematic nodes from the existingWF-
net before relocating them to a more suitable position.

Generally, during each iteration, both modes share three
main steps in common: (1) prune the search space (by iden-
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Fig. 3 An example of the generation and evaluation steps in Synthesis
Miner. Initially, candidates are generated following predefined patterns
[4] based on synthesis rules, as indicated by the symbols above each
block. Next, each candidate undergoes evaluation using alignment-

based conformance checking to calculate the F1-score. It should be
noted that the figure does not display the full set of generated candi-
dates

tifying the nodes to be modified) (2) generate candidates,
and (3) evaluate candidates. Before diving into the details,
we first describe these steps in general using the example
illustrated in Fig. 3. In this figure, the addition of a transi-
tion labeled b to the existing net is depicted. First, we use
log heuristics to prune the search space by locating the most
probable existing nodes for connection. In the case shown,
the log suggests that activity b follows activity s and precedes
activity e, prompting Synthesis Miner to generate candidates
that place the new node between the nodes labeled with s and
e. Then, to generate candidates, Synthesis Miner tries to add
a transition labeled b to the existing process model. Candi-
dates with unlikely connections are ignored, as grayed-out
examples are shown in Fig. 3 for illustration. For example,

since the transition labeled a is concurrent to b, Synthesis
Miner would not consider nets with connections to it. Using
log heuristics helps to narrow down the search space of the
best candidate.

Once the candidates are generated, they are evaluated
based on their F1-score,2 and the best-fit candidate is selected
for the next iteration. In this example, the transition labeled
b (with no option to skip or repeat) is inserted between the
transitions s and e, resulting in a net that closely matches the

2 Adopting the benchmark process discovery research [8], we consider
the F1-Score as the target metric, given its definition as the harmonic
mean of precision and recall. However, the target metric for selecting
the candidate is a parameter that can be customized according to the
user’s preference.
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log data (high fitness) and excludes any unseen behaviors
(high precision). In the following, we detail each step of the
Synthesis Miner.

4.1 Pruning the search space

There are many possible ways to add a new node to an exist-
ingWF-net using the synthesis rules (Definition 9). However,
not all modifications are of interest, and evaluating all possi-
bilities is not feasible. The main issue is that the search space
(i.e., the number of possible candidate connections) increases
exponentially as more nodes are considered for connection
to the newly added node. In previous work [4, 5], log-based
heuristics are employed to reduce the search space. Specifi-
cally, the process involves defining certain log properties that
help to determine which activities precede and follow a given
activity.

Definition 10 (Log Properties [4]) Let L ∈ B(A∗) and
a, b ∈ A.

• #(a, L) = �σ∈L |{1 ≤ i ≤ |σ | | σ(i) = a}| is the times
a occurred in L .

• #(a, b, L) = �σ∈L |{1 ≤ i < |σ | | σ(i) = a∧σ(i+1) =
b}| is the number of direct successions from a to b in L .

•

caus(a, b, L) =
{

#(a,b,L)−#(b,a,L)
#(a,b,L)+#(b,a,L)+1 if a �= b
#(a,b,L)

#(a,b,L)+1 if a = b

is the strength of causal relation (a, b).
• Ap

θ (a, L) = {ap ∈ A | caus(ap, a, L) ≥ θ} is the set of
a’s preceding activities, determined by threshold θ .

• Af
θ (a, L) = {af ∈ A | caus(a, af , L) ≥ θ} is the set of

a’s following activities, determined by threshold θ .

We use the example log Ls to help the readers understand
the concepts defined in Definition 10.

Ls = [〈a, b, c, d, e, f , g, h〉10, 〈a, b, e, c, d, f , g, h〉10,
〈a, b, e, c, f , g, d, h〉10, 〈a, b, e, c, f , d, g, h〉10,
〈a, b, c, e, d, f , g, h〉10, 〈a, b, c, e, f , d, g, h〉10,
〈a, e, b, c, d, f , g, h〉10, 〈a, e, b, c, f , g, d, h〉10,
〈a, e, b, c, f , d, g, h〉10, 〈a, b, c, e, f , g, d, h〉10].

In Ls , activity e is immediately followed by f 30 times,
i.e., #(e, f , Ls) = 30. On the other hand, #( f , e, Ls) = 0
since activity f was never followed by e in log Ls .With these
two values, one can calculate the causality caus(e, f , Ls) =

30−0
30+0+1 = 0.968. Using a default threshold value3 of θ = 0.9
[4], we conclude that activity f is in the set of e’s following
activities, i.e., f ∈ Af

0.9(e, Ls).
After identifying these sets of preceding and following

activities as per Definition 10, their respective transitions can
also be mapped.4 A straightforward solution [4] is to assume
that all nodes on the path from the set of preceding transitions
to the set of following transitions can connect to the newnode.

For example, in Fig. 4, a transition labeled e needs to
be added to the net. Since activity e is preceded by a and
followed by f in Ls (Definition 10), the set of nodes on the
path is {t1, p2, t2, p3, t3, p9, t6}. As an example, using the
linear dependent transition rule (ψT ), we need to check the
linear dependency of 33=27 vectors because there are three
possible connections (−1, 1, 0) for each place in p2, p3, p9.
Additionally, 32=9 vectors must be checked when using the
linear-dependent place rule (ψP ) to add a place. These rules
are used to build predefined patterns. This example shows
that the number of candidates grows exponentially as more
nodes are considered for connection.

Heuristic I

To further reduce the search space [7], we propose to only
consider the sets of preceding/following transitions (Defini-
tion 10) and their post/pre-sets (Definition 2). Once the sets
of preceding/following transitions (Tp/Tf ) are identified, the
set of nodes to be considered for connection would only be
Tp ∪ Tf ∪ Tp • ∪ • Tf . In the following, we denote the set of
nodes pending connection as Vs = Tp ∪Tf ∪Tp •∪•Tf . The
assumption is that the other nodes are in an independent or
concurrent relationship with the new node. Thus, there is no
need to consider the possibility of adding any connection to
the rest of the nodes.

Using the example in Fig. 5 to illustrate the idea, we know
that activity e is preceded/followed by activity a/ f respec-
tively in log Ls according to Definition 10. The set of nodes
considered for connection is then {t1, p2, p9, t6} as opposed
to {t1, p2, t2, p3, t3, p9, t6} from the original strategy shown
in Fig. 4. As shown in Fig. 5, the number of vectors pending
for the linear dependency check is reduced from 36 to 10 for
the running example. Moreover, the effect of such reduction,
in turn, reduces the number of candidates.

4.2 Generating candidates

Once the nodes (set Vs) considered for connection are iden-
tified, the next step is to add a transition labeled with the

3 In subsequent sections, a default threshold value of θ = 0.9 [4] is
used to define the preceding and following activities.
4 For simplicity, we refer to these transitions as preceding and following
transitions corresponding to the activity labels.
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Fig. 4 Adding a transition or a place using the linear dependent rules.
The rows and columns beyond the incidence matrix represent the three
potential connections between the newly added and existing nodes. For
example, when examining the set of nodes t1, p2, t2, p3, t3, p9, t6 along
the path from activity a to activity f , linear dependency must be ver-

ified across 33+32=36 vectors. Note that only the fundamental linear
dependency rules are depicted in this figure. In practice, the optimal
candidate (not shown here) combines the linear dependent place rule
ψP and the abstraction rule ψA

Fig. 5 Considering only the sets of preceding/following transitions and
their post/pre-set, the number of vectors pending for linear dependency
checkup is reduced from 36 to 32+1=10. In this case, the best candidate

(not shown in the figure) applies the abstraction rule ψA to the net at
the bottom to add another place and a transition labeled e in between
R = {t1} and S = {px }
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corresponding activity with various connections. In this sec-
tion, we introduce the patterns used to add transitions for
newly added activities. First, we discuss the application of
a single synthesis rule. Three out of the four synthesis rules
add a transition by definition: the linear dependent transition
rule (ψT ), the abstraction rule (ψA), and the dual abstraction
rule (ψD). The only exception is the linear dependent place
rule (ψP ), which adds only a place to the existing model.
Hence, in our approach, every application of ψP is imme-
diately followed by an application of ψA to incorporate a
transition. For example, the rule ψA is applied between the
newly added place p′ and its preset •p′. This is valid because,
by definition, every transition in •p′ is connected to the place
p′, thereby satisfying the precondition ofψA. To bemore pre-
cise, we define the rule combination, ψPA, that describes the
pattern.

Definition 11 (Combined Rule ψPA) Let W=(P, T , F, l)
and W ′′=(P ′′, T ′′, F ′′, l ′′) be free-choice workflow nets.

(W ,W ′′)∈ψPA if (1) ∃W ′=(P ′,T ′,F ′,l ′)(W ,W ′)∈ψP ∧
(W ′,W ′′)∈ψA and (2) ∃!p∗∈P ′′({p∗}=P ′\P)∧ (((T ′′\T ′)×
{p∗}) ⊂ F ′′) ∧ ((T ′ × {p∗}) �⊂ F ′′).

To get the set of initial candidate nets, Synthesis Miner
applies rules ψT , ψA, ψD , and ψPA to the potential nodes
for connections Vs , derived from subsection 4.1. A concrete
example can be seen in Fig. 3 in the corresponding annotated
blocks. The next step is to add more patterns based on the log
heuristics. In total, we identify four basic and local patterns
for a transition, determined by whether it is repeatable and
skippable. We start by introducing various pattern-building
functions.

Definition 12 (Pattern-Building Functions [4]) Let W =
(P, T , F, l) and W ′ = (P ′, T ′, F ′, l ′) be two free-choice
workflow nets. Let a ∈ A be an activity label and ta ∈ T :
l(ta) = a be the corresponding transition in W . We define
the three pattern-building functions5 as

• skip(W , a) = W ′ such that

– (W ,W ′) ∈ ψT

– F ′ = F∪({t ′}× ta•)∪(•ta×{t ′}) (where t ′ ∈ T ′\T )
– l ′ = l (t ′ is a silent transition)

• loops(W , a) is defined by two cases:

1. if �t∗∈((ta•)•)(|•t∗| > 1) ∧ (•t∗\ta• �= ∅), then
loops(W , a) = W ′ such that
– (W ,W ′) ∈ ψT

– F ′ = F ∪ (ta• × {t ′}) ∪ ({t ′} × •ta) (where
t ′ ∈ T ′\T )

5 In Definition 12, the input/output notations (•) refer to the input net
W . The superscript is omitted for readability.

– l ′ = l (t ′ is a silent transition)
2. otherwise, return loops(W ′, a) such that

– (W ,W ′) ∈ ψA

– (({ta} × (P ′\P)) ∈ F ′) ∧ (({ta} × P) /∈ F ′)
– l ′ = l

• loopτ (W , a) is defined by two cases:

1. if �t∗∈((ta•)•)(|•t∗| > 1) ∧ (•t∗\ta• �= ∅), then
loopτ (W , a)=W ′ such that
– (W ,W ′) ∈ ψT

– F ′ = F ∪ (ta• × {t ′}) ∪ ({t ′} × •ta) (where
t ′ ∈ T ′\T )

– l ′ = (l\{(ta, a)}) ∪ {(t ′, a)} (the labels of ta and
t ′ are swapped)

2. otherwise, return loopτ (W
′, a) such that

– (W ,W ′) ∈ ψA

– (({ta} × (P ′\P)) ∈ F ′) ∧ (({ta} × P) /∈ F ′)
– l ′ = l

To be precise, Definition 12 may appear complicated, but
in practice, it simply extends the candidate pool for the newly
added transition. Given a workflow net W and an activity
label a, the function skip adds a silent transition that shares
the sameconnections as the corresponding transition ta (asso-
ciatedwith the input activity label). Thismodification follows
the linearly dependent transition rule ψT , as the added silent
transition is merely a duplication (and thus linearly depen-
dent) of ta . The function loops behaves similarly, but with
reversed connections relative to ta , creating a loop. Lastly,
loopτ "swaps" the labels of ta and a new transition t ′ to place
activity a within an optional loop. The second case in the
loop functions, namely loopτ and loops, is necessary to pre-
serve the free-choice property in certain edge cases. These
extranets enable a transition to become skippable or repeat-
able—either as a strict loop or a non-strict one.

Using the running example shown in Fig. 6, for the
transition (labeled e) added to the existing model, the syn-
thesis miner adds three additional candidate nets to the pool.
However, this straightforward (naive) method increases the
computation needed for both the generation and evaluation
steps. Additionally, we can often determine from the log
whether an activity should be skippable or repeatable. To do
this, we define two indicators with the corresponding thresh-
olds.

Definition 13 (Pattern variables) Let L ∈ B(A∗) and a ∈ A
be an activity. Let θskip, θloop ∈ [0, 1].

– #1(a, L) = |{σ∈L|a∈σ }|
|L| is the Presence Indicator that rep-

resents the proportion of traces in the log L that contain
activity a.
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Fig. 6 An example showing
how the pattern building
functions are applied to create
the different patterns for a
labeled transition added to the
existing net

– #2(a, L) = |{σ∈L||{1≤i≤|σ ||σ(i)=a}|≥2}|
|L| is the Repetition

Indicator that represents the proportion of traces in L in
which a appears at least twice.

If #1(a, L) > θskip, the SynthesisMiner treats activity a as
non-skippable. Similarly, if #2(a, L) > θloop, loop patterns
are applied. In the running example log Ls , we observe that
#1(e, L) = 1 and #2(e, L) = 0. With a threshold of 0.9,
activity e is identified as neither skippable nor repeatable. As
a result, only one pattern is generated for this candidate net.
This targeted approach reduces the number of patterns that
need to be generated by up to 75%, improving the runtime
of both the generation and evaluation phases.

4.3 Evaluating candidates

The evaluation of the candidates is relatively straightforward.
To evaluate a candidate net, we can use the corresponding
projected log to assess the quality of the model, which is
measured based on the widely adopted F1-score in process
discovery research [8]. However, we observe that the modi-
fication often only affects a sub-part of the model in previous
work [4–7].

Heuristic II

Motivated by such an observation, we propose extracting the
subnet containing the set of nodes (Vs) that are most likely
to connect to the new nodes according to Sect. 4.1. To be
precise, we first define the concept of a subnet in the context
of this paper.

Definition 14 (Subnet) Let N = (P, T , F) be aWF-net that
is sound and free-choice. Let i be the source place, i.e., i ∈
P : •i = ∅ and o be the sink place, i.e., o ∈ P : o• = ∅.
Ns = (Ps, Ts, Fs) is a subnet of N if

• Ps ⊆ P, Ts ⊆ T , Fs = F ∩ ((Ps × Ts) ∪ (Ts × Ps))

• there exist Pin ⊆ P\Ps, Pout ⊆ P\Ps, Tstart ⊆
Ts, Tend ⊆ Ts such that

– ∀p∈Pin(p• = Tstart), the postset of every place in Pin
equals to Tstart .

– ∀p∈Pout (•p = Tend), the preset of every place in Pout
equals to Tend .

– ∀t∈Tstart (•t = Pin), the preset of every transition in
Tstart equals to Pin.

– ∀t∈Tend (t• = Pout), the postset of every transition in
Tend equals to Pout .

– ∀p∈Ps

(N• p∪ p
N• ⊆ Ts

)
, all places in Ps only connects

to transition in Ts .

– ∀t∈Ts\Tstart
(N•t ⊆ Ps

)
, except for Tstart , the input

places of every transition in Ts are in Ps .

– ∀t∈Ts\Tend
(
t
N• ⊆ Ps

)
, except for Tend , the output

places of every transition in Ts are in Ps .
– {i, o} ∪ Ps = ∅, the source and sink places are not in
the subnet (to exclude border cases).

The criteria of a subnet in Definition 15 are visualized in
Fig. 7a,where Ns meets all the requirements of a subnet as the
only incoming connections are through the start transitions
Tstart and the only outgoing connections are through the end
transitions Tend . Any other nodes inside Ns have no external
connections. A subnet Ns = (Ps, Ts, Fs) can be transformed
into a WF-net by adding a source place i ′ connecting to the
set of start transitions Tstart and a sink place o′ connecting
from the set of end transitions Tend . Figure 7b shows the
transformedWF-net. Note that theWF-net transformed from
the subnet Ns is sound and free-choice as the whole net N is
also a sound free-choiceWF-net. Therefore, we can generate
candidates based on the transformedWF-net using synthesis
rules as usual.

Since we are only interested in the smallest subnet con-
taining nodes that might be connected to the new nodes, we
define the concept of a minimal subnet.

123



Flexible and sound: synthesis miner

Fig. 7 An example showing the criteria of a subnet as defined in Definition 15 and the transformed WF-net

Definition 15 (Minimal subnet) Let N = (P, T , F) be a
sound and free-choice WF-net and Ns = (Ps, Ts, Fs) be a
subnet of N . Let V ⊆ P ∪ T . Ns is a minimal subnet for V
if

• V ⊆ Ps ∪ Ts and
• there exists no other subnet N ′

s = (P ′
s , T

′
s , F

′
s) such that

– V ⊆ P ′
s ∪ T ′

s
–

(
P ′
s ∪ T ′

s

)⊂ (
Ps ∪ Ts

)
and F ′

s ⊂ Fs .

The minimal subnet can also be transformed into a sound
free-choice WF-net so that the standard synthesis rules and
the patterns introduced in Sect. 4.2 can be used to generate
candidates. The benefits of extracting minimal subnets are
twofold.

1. Smaller incidence matrix: applying linear-dependent t/p
rules (c.f.Definition6) requires linear dependency checkup
using Gaussian elimination,6 whose computation com-
plexity is polynomial to the size of the matrix. Therefore,
performing Gaussian elimination on a smaller incidence
matrix indicates faster computation. The WF-net trans-
formed from the extracted minimal subnet has a smaller
incidence matrix. The implication is that any modifica-
tions following synthesis rules on the minimal subnet
ensure the desirable properties as well.

2. Faster conformance checking: since the modifications are
only performed on the extracted subnet, the model quality
(w.r.t. F1-score) of the subnet can be used as an indicator
for the quality of thewhole net. Performing a conformance
check on a smaller net and a smaller log also leads to a
faster computation.

6 As discussed in Sect. 4.2, the connection of a new node is randomly
assigned to the other nodes. Thus, it might be possible that a generated
candidate net is not sound anymore. To ensure soundness according to
Definition 9, a linear-dependency check needs to be done.

To illustrate the idea, consider the running example as
shown in Fig. 8, where the transition labeled g has to be
added to the WF-net. As activity g is preceded by activity f
and followed by activity h in log Ls (Definition 10), we know
that the set of nodes to be considered for connection would
be Vs = {t6, p10, t8}. With the constraint of Vs , the minimal
subnet can be extracted as shown in Fig. 8 (highlighted in
green). The subnet is then transformed into a WF-net before
various candidates are generated and evaluated. Finally, the
best candidate is selected and connected back to the original
net as shown in the last step in Fig. 8. Moreover, the con-
formance checking can also be decomposed. Specifically,
all candidates derived from modifications on the minimal
subnet are evaluated using the projected log Ls�{d, f ,g,h} =
[〈d, f , g, h〉40, 〈 f , g, d, h〉30, 〈 f , d, g, h〉30]. Then, the best
candidate is selected and connected back to the original net.
As shown in Fig. 8, the best candidate places the new transi-
tion labeled g in between transitions f and h. By removing
the source and sink places i ′ and o′, we connect the selected
net back to the other part of the original net. Specifically, we
add the arcs (Pin × Tstart) ∪ (Tend × Pout) back.

Lastly, themodified net becomes the input for the next iter-
ation and undergoes the three steps introduced above. In the
discoverymode, this process continues until every activity in
the log has a corresponding transition in the processmodel. In
adjustmentmode, the iteration stopswhen every labeled tran-
sition has been relocated. Additionally, every intermediate
model is preserved, as they are all variations of the com-
plete model (containing transitions for all activities). Once
the iteration is complete, the model with the best F1-score is
chosen.
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Fig. 8 As activity g is preceded by activity f and followed by activity h in log Ls , the minimal subnet can be extracted. The green dotted line
highlights the extracted subnet, where Pin = {p4, p8}, Pout = {o}, Tstart = {t9}, Tend = {t8}

5 Experimental evaluation

In this section, we present the experiments7 conducted to
evaluate the effectiveness of SynthesisMiner. The first exper-
iment aims to investigate the heuristics while the second
experiment compares the quality of the discovered models
with two prominent discovery algorithms, namely Inductive
Miner [3] and Split Miner [11].
Dataset For the evaluation, we use a collection of publicly
available event logs from the 4TUCentre for ResearchData.8

The BPI Challenge (BPIC), the Road Traffic Fines Manage-
ment Process (traffic), and the SEPSIS logs are considered.
The event logs cover various domains such as finance, soft-
ware development, health care, and publich sectors. For the
BPIC logs, we exclude those without explicit business pro-
cesses (BPIC2011 and BPIC2016), as indicated in [8].

Since the proposed approach is sensitive to excessive
noise, we exclude logs that require extensive filtering to
yield a meaningful process with sufficient quality as stated
in [8], e.g., BPIC2014, BPIC2015, BPIC2019, etc. Including
such logs would not only distort the discovered structures
but also confound the evaluation by introducing artifacts
unrelated to the discovery capability itself. Exceptions are
BPIC2012 and BPIC2017, as the prefixes of the activi-
ties clearly indicate different subprocesses. Therefore, the
BPIC2012 and BPIC2017 logs are further divided into
sublogs–BPIC2012A, BPIC2012O, BPIC2012W, BPIC20
17A,BPIC2017O, andBPIC2017W–based on event prefixes,
to capture distinct process variations. The statistics of the
event logs are summarized in Table 1.

7 The complete setup and code for the experiment, including heuris-
tics, are available at https://git.rwth-aachen.de/tsunghao.huang/fast-
and-sound-heuristic.
8 https://data.4tu.nl/.

Table 1 Descriptive statistics of logs

Log Events Cases Activities Variants

BPIC2012A 73,936 13,087 11 17

BPIC2012O 36,259 5015 8 168

BPIC2012W 91,729 9658 8 2263

BPIC2017A 271,104 31,509 11 102

BPIC2017O 236,844 42,995 9 16

BPIC2017W 211,948 31,509 8 475

Helpdesk 27,292 4217 10 27

SEPSIS 15,214 1050 16 846

Traffic 561,470 150,370 11 231

For each event log in Table 1, we used the Inductive
Miner—Infrequent (IMf) [3] and Split Miner (SM) [11] to
create the initial models.

To enrich the input data, we use two different filter values
(0.2 and 0.4) for IMf while default parameters for SM. The
resulting model-log pairs for our experiments9 are shown in
Table 2. Each model-log pair is identified by the format [log
name]_[IMf filter/SM].

5.1 Experiment I

The objective of the heuristics is to improve the time per-
formance of the process discovery approach based on the
synthesis rules introduced in [4, 5], while maintaining sim-
ilar model quality. Therefore, the first experiment compares
computation time and model quality with and without the
proposed heuristics, with particular emphasis on the genera-
tion and evaluation steps.

9 Note that in Table 2, we exclude the cases where the discovery algo-
rithm fails to discover a model. Additionally, the helpdesk_04 from IMf
is the same as helpdesk_02 so we only keep one.
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Table 2 Descriptive statistics of models

Model Fitness Precision F1 Transitions Places Arcs

BPIC2012A_02 0.997 0.637 0.777 16 14 36

BPIC2012A_04 0.978 0.754 0.851 14 14 32

BPIC2012A_sm 0.946 1.000 0.972 13 13 28

BPIC2012O_02 0.949 0.557 0.702 15 13 34

BPIC2012O_04 0.898 0.565 0.694 12 12 28

BPIC2012O_sm 0.860 1.000 0.925 8 7 16

BPIC2012W_02 0.866 0.860 0.863 22 14 44

BPIC2012W_04 0.482 0.649 0.553 8 6 16

BPIC2012W_sm 0.901 0.919 0.910 24 16 48

BPIC2017A_02 0.999 0.936 0.967 17 12 34

BPIC2017A_04 0.948 0.999 0.973 11 9 22

BPIC2017O_02 0.997 0.907 0.950 10 7 20

BPIC2017O_04 0.957 1.000 0.978 9 7 18

BPIC2017W_02 0.911 0.867 0.889 17 12 34

BPIC2017W_04 0.864 0.822 0.842 10 8 20

helpdesk_02 0.972 0.953 0.962 14 12 30

SEPSIS_02 0.903 0.581 0.707 24 23 62

SEPSIS_04 0.421 0.852 0.563 22 22 52

SEPSIS_sm 0.790 0.980 0.875 33 19 66

traffic_02 0.981 0.546 0.702 22 18 50

traffic_04 0.862 0.752 0.803 20 20 48

Instead of running through all iterations, we compare one
iteration at a time by relocating every labeled transition from
the existing net in Table 2. For each relocation, each heuristic
is individually enabled or disabled to create four experimen-
tal configurations.

• original: The original Sythesis Miner as in [4, 5]
• h1: Only Heuristic 1 (Sect. 4.1) is enabled.
• h2: Only Heuristic 2 (Sect. 4.3) is enabled.
• h1 + h2: both heuristics are enabled.

In other words, each iteration is computed four times using
the configurations. Since the heuristics are designed to speed
up the generation and evaluation processes, we measured the
time taken for these two steps. Specifically, for each process
model, we removed each labeled transition and then added
it back, recording the time required to generate and evaluate
candidate nets in each case. Finally, we assessed and docu-
mented the quality of the resulting models.

5.1.1 Time reduction

Table 3 presents the computation times (in seconds) for gen-
erating and evaluating candidate nets. These times represent
the average needed to add each labeled transition to the
respective processmodel.Asmentioned, there are four differ-

ent configurations depending on the application of heuristics.
The configurations are as follows: h1 (only heuristic 1 is
applied), h2 (only heuristic 2 is applied), h1+h2 (both heuris-
tics are applied), and original (no heuristics, following the
approach outlined in [5]).

Table 3 shows a clear reduction in computation time for
generating and evaluating candidate nets when heuristics are
used.10 In most cases, applying either heuristic h1, h2, or
both together (h1+h2) leads to much faster results than the
original approach from [5]. Some models benefit from larger
reductions than others. For example, BPIC2012A_04 shows
an extreme reduction in generation time from165.989s (orig-
inal) down to 0.031s (h1+h2) while traffic_04 has more
moderate improvement reductions, with a generation time
that goes from 6.678s (original) to 0.453s (h1+h2).

Figure 9 shows a clearer indication of how much time
(%) is reduced compared to the original approach [5]. As
shown in Fig. 9a, Heuristic 1 (h1) generally performs bet-
ter than Heuristic 2 (h2) alone for generation times in most
models. As indicated by the green bars in Fig. 9, the combina-
tion h1+h2 generally achieves the lowest computation times,

10 To have a meaningful comparison, we only include the model-log
pairs for which the Synthesis Miner was able to produce results for
all four configurations on time (timeout = 1800s). Therefore, all the
iterations for BPIC2012W and SEPSIS logs are not included in the
resulting table due to the high variants in the log.
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Table 3 Computation time (seconds) for generation and evaluation of candidate nets

Model-Log Generation Evaluation
h1 h2 h1+h2 Original h1 h2 h1+h2 Original

BPIC2012A_02 0.050 42.212 0.040 50.935 1.758 3.396 0.625 9.233

BPIC2012A_04 0.036 155.688 0.031 165.989 1.403 4.817 0.563 10.687

BPIC2012A_sm 0.049 46.099 0.039 53.962 1.483 3.183 0.520 7.740

BPIC2012O_02 0.022 1.057 0.022 1.186 7.537 23.827 7.001 26.667

BPIC2012O_04 0.016 0.356 0.016 0.365 7.596 15.948 7.325 17.917

BPIC2017A_02 0.036 16.343 0.023 18.247 6.374 19.256 3.129 37.418

BPIC2017A_04 0.019 0.776 0.012 0.667 7.689 15.473 4.538 24.241

BPIC2017O_02 0.023 0.145 0.016 0.174 4.727 7.559 2.625 12.829

BPIC2017O_04 0.021 0.106 0.016 0.136 5.052 7.837 3.308 13.264

BPIC2017W_02 0.012 0.070 0.008 0.207 23.527 19.280 2.675 77.657

BPIC2017W_04 0.009 0.149 0.009 0.140 16.050 37.328 15.214 41.953

helpdesk_02 0.030 2.876 0.022 3.744 0.918 1.312 0.279 3.740

traffic_02 0.353 51.896 0.305 59.913 24.951 79.961 17.163 107.551

traffic_04 0.417 7.435 0.453 6.678 44.905 59.703 45.215 61.091

Fig. 9 Bar charts showing the time reduced (%) compared to the original approach [5]
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Fig. 10 Bar charts showing the
time reduced (%) compared to
the original approach [5]
aggregated by experiment mode
(h1, h2, h1+h2). (b) is generated
by dividing the
generation/evaluation time by
the number of candidate nets

demonstrating that the combined heuristics can reduce pro-
cessing times even further than each applied individually.

One can notice that Heuristic 2 (h2) alone does not nec-
essarily have a lower generation time. For example, in both
BPIC2017W_04 and traffic_04, the original approach has a
lower generation time than Heuristic 2. This result can be
explained by the computation time of extracting a minimal
subnet and projecting the sublog, which are also included
in the generation time calculation. However, the benefit of
doing so proves to be beneficial in the evaluation stage, as
both logs show a lower evaluation time for Heuristic 2 than
the original setting. The comparison of overall reduced time
(compared to the original) across all model-log pairs also
confirms such benefits, as visualized in Fig. 10a.

The results and discussion so far suggest that Heuristic
1 (h1) has a stronger effect on reducing computation than
Heuristic 2 (h2). However, it is important to note that the
computation time heavily depends on the size of the candi-
date pool. The main effect of h1 is to reduce the number of
candidates. In contrast, h2 aims to reduce the workload of
generating and evaluating individual candidates. Addition-
ally, upon closer examination of Heuristic 2 (h2), it becomes
clear that the minimal subnet extracted is not always smaller
than the original WF-net. This could be due to the structure
of the model or the specific nodes considered, which may
require expansion across the entire WF-net. For example,
in Fig. 5 the nodes considered for connection are limited to
t1, p2, p9, t6. However, by Definition 15, it is impossible in
this case to identify a smaller subnet distinct from the entire
WF-net.

To provide a fairer comparison and investigate the impact
of Heuristic 2 (h2) more precisely, we focus on scenarios
where h2 can yield a smaller subnet and compare these with
the same model-log pairs where h2 remains inactive. This
leaves us with 76% of the data. Furthermore, the generation
and evaluation time is normalized by dividing the number
of candidates generated before calculating the reduced time
(%). The result of the analysis is visualized in Fig. 10b. As
expected, Fig. 10b shows that for a single candidate, h2 is
more efficient at reducing computation time for both gener-
ation and evaluation. Additionally, h1 is expected to reduce
generation time since computation grows exponentially with
the number of candidates.

To our surprise, h1 appears to have a negative impact on
the evaluation of an individual candidate. A closer look at
the corresponding cases suggests that this is due to the two-
stage evaluation used by the Synthesis Miner. The first stage
calculates the fitness score of each candidate in the pool, and
only those with a fitness score above the threshold survive to
the next stage for precision evaluation. In this setting, most of
the candidates generated by the original approach would be
ruled out at the first stage, while the candidates generated by
h1 are more likely to move to the next stage. In such cases,
more conformance checks have to be performed for more
candidates in the second stage. In simple terms, the quality
of the candidates generated by h1 is generally better, which
means that the evaluation takes longer per candidate.

In summary, the experiments show that both heuristics
improve time performance, with Heuristic 1 (h1) generally
leading to more significant reductions in computation time
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Fig. 11 Scatter plots comparing the quality (F1) of the resulting models using different settings (h1, h2, h1+h2). The red dashed lines indicate the
ideal situation where the quality of the resulting models with/without applying heuristics is the same

compared to Heuristic 2 (h2). While h1 reduces the number
of candidates, h2 optimizes the generation and evaluation
of individual candidates. The combination of both heuristics
(h1+h2) provides the best results in terms of time reduction.
However, h2 alone is more effective in the evaluation time,
despite not always reducing the generation time.

5.1.2 Model quality trade-off

To compare the quality of the process models with and with-
out applying heuristics, we analyzed F1-score, fitness, and
precision across different configurations. Figure 11 presents
scatter plots for each metric. For each point, the x-axis shows
the metric of the original approach and the y-axis shows the
same metric when using one of the heuristics (h1, h2, or
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Fig. 12 Examples showing parts of the process model for the model-log pair traffic_04, where transition labeled Insert Fine Noftification should
be relocated

h1+h2). The red dashed line represents an ideal outcome,
where the quality is identical with and without the heuristic.

We discuss the quality aspect along the three quality met-
rics.

• F1-score Among the heuristics, h2 maintains F1-scores
closest to the original, with data points aligning almost
exactly along the ideal line. This suggests that h2 pre-
serves the quality of the model better than other heuris-
tics, ensuring minimal change from the original. h1 and
h1+h2 also perform reasonably well for F1, but show
slightlymorevariation around the ideal line,whichmeans
that there is a small risk of quality fluctuations with these
settings. This might indicate that h2 provides a more sta-
ble F1 performance across different models.

• Fitness The fitness results similarly show that h2 closely
followed the original scores, with almost all points stay-
ing close to the ideal line. This indicates that h2maintains
the fitness of the model. Both h1 and h1+h2 show a bit
more spread around the linewith points sometimes below
the line, indicating some variation in fitness.

• Precision The precision plots show similar patterns,
which also highlight h2 as the best choice, with points
consistently close to the ideal line.

Wenow take a closer look at the quality differences of each
configuration by discussing a few cases where the metrics
significantly deviated from those of the original.

Heuristic 1 (h1) usually reduces the number of nodes
considered for connections, so it offers a trade-off between
processing time and model quality. Interestingly, there are
cases where h1 actually improves model quality compared to
the original approach. Figure 12 illustrates one such case. The
original method aims to find nodes along the path between
the preceding and following transitions. However, in the
model shown in Fig. 12, there is rarely a direct path between
them because the preceding transition (labeled Send Fine) is
independent (part of a choice structure) frommost of the fol-
lowing transitions. The only extra node is the place between
the transitions labeled SendFine andAddpenalty. In contrast,
h1 includes not only the sets of preceding and following tran-
sitions but also their post- and pre-sets (places), as shown on
the right in Fig. 12. Heuristic 1 (h1) works well in such a
case when the model behavior deviates significantly from
the corresponding log.

While h2 generally keeps F1-scores close to the origi-
nal, some points still show noticeable deviations. A deeper
look reveals that this difference often comes from changes in
the ranking of candidate models, which vary depending on
whether subnet extraction is used. Using Fig. 13 as an exam-
ple, Synthesis Miner aims to relocate the transition labeled
O_Accepted, highlighted in green. When using the original
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configuration, the algorithm chooses the model in Fig. 13a
because its overall F1-score is higher than that of the alter-
native in Fig. 13a. However, when h2 is enabled, the model
in Fig. 13b is preferred, as its extracted subnet has a higher
F1 score than the subnet in Fig. 13a. This variation helps
explain why F1-scores for h2 sometimes differ from the orig-
inal configuration. Lastly, the configuration h1+h2 combines
the effect of both heuristics and thus inherits the deviations
in the quality metrics from both.

In summary, h2 appears to be the most reliable heuris-
tic for maintaining the model’s original quality across all
metrics (F1, fitness, and precision), showing minimal fluc-
tuation from the original scores. While h1 and h1+h2 can
also preserve quality reasonably well, they introduce more
variability.

5.2 Experiment II

The second experiment compares the model quality from
Synthesis Miner to the two other prominent discovery algo-
rithms, namely Inductive Miner and Split Miner.

We adopt a setting similar to the first experiment to inves-
tigate if it can improve the quality of the existing models.
Specifically, we apply Synthesis Miner to relocate problem-
atic transitions for every model-log pair, aiming to improve
the quality of the models.

The results in Table 4 suggest that applying Synthesis
Miner can lead to modest yet meaningful improvements
in model quality for several model-log pairs. In particu-
lar, we observe gains in precision, and consequently in
F1-score, for several models originally discovered using
both Inductive Miner and Split Miner. For instance, in the
case of BPIC2012A_02, precision improved from 0.637 to
0.797, resulting in a notable increase in F1-score, despite
a small drop in fitness. Indeed, Inductive Miner is known
for producing process models with high fitness but low
precision. However, this trade-off is not always present
when using Synthesis Miner. In other examples—such as
BPIC2012O_02 and BPIC2017O_02/04—both fitness and
precision improved, leading to better overall model quality.
Interestingly, BPIC2017O_02 and BPIC2017O_04 led to the
same adjusted model, despite differences in their respective
input models.

That said, there are also several cases (e.g., BPIC2012O_
sm, BPIC2017A_04, BPIC2017W_02/04) where Synthesis
Miner did not yield any improvement and simply returned
the original model. Moreover, we excluded some results
(BPIC2012W and SEPSIS) because Synthesis Miner failed
to return a result within the timeout limit (1800s), likely due
to the high number of variants in the event logs. Another
important limitation is the significantly high computation
time required by Synthesis Miner. While other discovery

methods typically complete within a few seconds, Synthesis
Miner can take several minutes or more to produce a result.

In summary, while Synthesis Miner demonstrates the
potential to enhance process model quality in certain scenar-
ios, its effectiveness is not universal, and its computational
demands are non-trivial. These findings suggest that the
proposed approachmay complement existing discovery tech-
niques, but it should be applied selectively, particularly when
runtime is a concern. Further work is needed to improve scal-
ability and to develop heuristics that can help determinewhen
such adjustments are likely to be beneficial.

6 Threats to validity and limitations

While the proposed extensions to the Synthesis Miner
demonstrate significant improvements in scalability and effi-
ciency, it is important to reflect on potential threats to validity
and limitations to provide a critical yet constructive perspec-
tive.

6.1 Threats to validity

1. Generalizability to diverse logs The evaluation uses a set
of publicly available event logs that represent a range
of processes. While these logs are diverse, their ability
to fully capture the variability of real-world scenarios
remains an open question. Logs with highly complex
behavior or uncommon patterns may expose additional
challenges not observed in the current study.

2. Dependency on heuristics The proposed log-based prun-
ing and minimal subnet extraction rely on heuristic
thresholds (e.g., causality thresholds) to guide the opera-
tion. These thresholds perform well in our experiments,
but slight adjustments may be needed to optimize perfor-
mance for other datasets. This could introduce additional
effort in tuning for specific scenarios.

3. Evaluation metrics focus Using F1-score as the primary
evaluation metric allows for an effective balance between
fitness and precision. However, it may not fully cap-
ture nuanced trade-offs or other quality aspects valued in
specific contexts. Complementary metrics could provide
further insights into the impact of the proposed extensions.

4. Noise sensitivityAnother important threat to validity con-
cerns the sensitivity of the proposed approach to noisy
event data. Since Synthesis Miner relies on log statis-
tics to guide the application of synthesis rules, excessive
noise can distort causal relations and lead to misleading
candidate structures. To mitigate this risk in our evalua-
tion, we excluded logs that required extensive filtering
to yield a meaningful process with sufficient quality.
While this choice avoids artifacts introduced by heavy
preprocessing, it may also bias the evaluation toward
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Fig. 13 Comparison of model quality on the whole net and the extracted subnet. The model-log pair is BPIC2017O_02 and Synthesis Miner aims
to relocate the transition labeled O_ACCEPTED, highlighted in green

Table 4 Model quality comparison

Model Before After
Fitness Precision F1 Time Fitness Precision F1 Time

BPIC2012A_02 0.997 0.637 0.777 4 0.966 0.797 0.873 60

BPIC2012A_04 0.978 0.754 0.851 3 – – – 63

BPIC2012A_sm 0.946 1.000 0.972 5 0.961 0.997 0.979 535

BPIC2012O_02 0.949 0.557 0.702 5 0.962 0.914 0.937 358

BPIC2012O_04 0.898 0.565 0.694 5 0.816 0.844 0.829 247

BPIC2012O_sm 0.860 1.000 0.925 3 – – – 129

BPIC2017A_02 0.999 0.936 0.967 16 0.967 0.999 0.983 1467

BPIC2017A_04 0.948 0.999 0.973 15 – – – 244

BPIC2017O_02 0.997 0.907 0.950 12 0.984 0.994 0.989 438

BPIC2017O_04 0.957 1.000 0.978 12 0.984 0.994 0.989 433

BPIC2017W_02 0.911 0.867 0.889 32 – – – 733

BPIC2017W_04 0.864 0.822 0.842 46 – – – 1279

helpdesk_02 0.972 0.953 0.962 6 0.972 0.993 0.982 16

traffic_02 0.981 0.546 0.702 89 0.982 0.635 0.771 994

traffic_04 0.862 0.752 0.803 82 0.859 0.892 0.875 1184
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cleaner datasets. As a result, the reported results primarily
reflect the performance of the approach under conditions
where noise is limited. A systematic investigation of noise
robustness is left for future work.

6.2 Limitations

1. Computational overhead in specific scenarios Although
the extensions significantly improve computational effi-
ciency, their impact may be limited when the extracted
subnet is large or closely resembles the original WF-
net. In such cases, the overhead introduced by extraction
and transformation may offset the intended performance
gains, as observed in Sect. 5.

2. Model structure constraints The approach assumes that
input models are sound and free-choice. While this aligns
with the design goals of Synthesis Miner, it may restrict
applicability in settings with unstructured or noisy event
logs that do not conform to these assumptions.

3. Impact on candidate pool quality Extension 1 narrows the
candidate pool using log heuristics, which may lead to the
exclusionof potentially useful candidates. This introduces
a trade-off between computational efficiency and the com-
pleteness of the search space, potentially affecting model
optimality.

4. Scalability As shown in Experiment 2, Synthesis Miner
can still exhibit long computation times, especially for
complex logs with high variant diversity. This is expected
as the proposed approach rely on conformance checking
in the intermediate iterations to select the best model for
each iteration. While it can produce competitive results,
the high computational cost may limit its practical use in
time-constrained or large-scale settings.

7 Conclusion

Synthesis Miner algorithm [4, 5] is developed to discover
models featuring non-block structures while maintaining
desirable theoretical guarantees (free-choiceness and sound-
ness) using synthesis rules based on free-choice net theor [2].
Adopting an iterative setting, the approach aims to find the
best modification (w.r.t. model quality) to an existing work-
flow net by generating and evaluating various candidate
nets. However, the generation and evaluation steps, involving
synthesis rules and alignment-based conformance checking,
respectively, presented significant scalability challenges.

To address these challenges, this paper proposed heuris-
tic extensions that leverage the insight that modifications
often impact only a subpart of the model. By isolating these
subparts, we introduced methods to accelerate the process.
Specifically, log heuristics were applied to narrow the search

space further, and the generation and evaluation steps were
broken into smaller tasks by focusing on minimal subnets
of the process model. This design allows the algorithm to
retain its theoretical guarantees while improving its practical
usability in larger and more complex discovery tasks.

The first experiment showed that these enhancements led
to substantial reductions in computation time, particularly
when both heuristics were used in combination. Model qual-
ity remained comparable to the original version, suggesting
that the scalability improvements do not compromise quality
too much. The results show the trade-off between efficiency
and robustness, as the improvements mainly target runtime
while preserving accuracy.

The second experiment assessed the model quality pro-
duced by Synthesis Miner against two widely used discov-
ery algorithms: Inductive Miner [3] and Split Miner [11].
While Synthesis Miner did not improve quality in all cases,
it generated models with competitive—and occasionally
superior—precision and F1-scores. These results demon-
strate the potential of the approach as a flexible alternative,
especiallywhen structural expressiveness and formal guaran-
tees are important. Nonetheless, the high computation time in
some scenarios indicates that further improvements in scal-
ability are still necessary.

These contributions enhance the scalability of the Syn-
thesis Miner and extend its applicability to larger and more
complex process discovery tasks. By addressing compu-
tational bottlenecks, this work ensures that the algorithm
remains both efficient and reliable for discovering non-block
structuredmodels.At the same time, the study highlights lim-
itations that need to be acknowledged: scalability remains a
concern for very large logs, and noise sensitivity constrains
applicability in certain domains.

Future research could focus on several enhancements to
the Synthesis Miner algorithm. Refining the narrowing of
the candidate pool, such as incorporating place fitness evalu-
ations, could enable earlier filtering of non-viable candidates,
reducing computational overhead and streamlining genera-
tion. Expanding log heuristics to capture specific behavioral
patterns like concurrency, loops, or rare events might further
improve accuracy in pinpointing optimal transition positions,
potentially eliminating the need for exhaustive evaluations.
Additionally, testing the algorithm on models discovered by
diverse techniques beyond Inductive Miner could reveal its
adaptability to more complex, unstructured, or noisy logs,
broadening its applicability in real-world scenarios. Finally,
a promising avenue lies in integrating noise-handling strate-
gies and investigating incremental or parallelized evaluation
to further balance scalability, accuracy, and robustness.

In summary, thiswork represents a step forward in improv-
ing the efficiency and usability of the Synthesis Miner
algorithmwhile maintaining the formal guarantees of sound-
ness and free-choice properties.
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