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/ EXECUTIVE SUMMARY

PURPOSE

CONTENTS

MAIN POINTS

Organisations record what their systems do in event logs, and process discovery turns those
logs into a model of how the work really flows. This reference explains the ideas a reader
needs to follow current work in the field.

It starts with event logs, Petri nets, workflow nets and the soundness property that marks a
model as safe to use. It then explains how the main discovery algorithms work, from the
Alpha miner to the optimisation-based miners of 2023 to 2026. It closes with how a
discovered model is scored, how the field benchmarks its methods, and the problems that
remain open.

Petri nets are both a diagram and a matrix, so a model can be drawn for people and analysed
by a computer. The inductive miner family guarantees a sound model by construction, and
the strongest recent open methods build on its recursion. On the Process Discovery Contest
2024 data, the authors of the best openly published Petri-net method report 88.24 percent,
against about 70 percent for the 2013 inductive miner [1]. The last broad comparison of
methods on real logs dates from 2019 [2].



/ 1 INTRODUCTION

Most organisations cannot fully describe the processes they run, although their information systems record what
actually happened as an instance identifier, an activity name and a timestamp, repeated across millions of rows.
Process mining is the discipline that turns those records into models. Its central task is process discovery, which
means building, from such a record (an event log), a model that explains the observed behaviour [3].

Petri nets [4], [5] are a widely used formal model for this work, because they can be both drawn and computed
with. A practitioner can read a net as a diagram of boxes, circles and arrows. The same net is also a matrix, over
which one can prove conservation laws, find repeating behaviour and decide whether the model is correct. A Petri
net can show two activities running at the same time and can then be used to prove properties of that behaviour,
for example that both branches always finish.

This reference covers the ideas that current discovery work depends on, from event logs and Petri nets to the
benchmarks used to compare discovery methods. Formal definitions sit in the appendix, and the text explains each
one in words.

/ 2 FOUNDATIONS

This section gives a short plain-language tour of the ideas the rest of this reference uses. All definitions are
standard, and we checked each one against its primary source. A source is cited where a formulation belongs to
one author, while a definition treated as common knowledge carries no citation.

Event logs

An event log records the executions of a process. Each execution, such as one order, one permit application or one
repair job, is a process instance, and the log stores it as a trace, the ordered sequence of activities recorded for
that instance. The same activity names recur across traces, and discovery works from those recurring sequences.

Nets, markings, and firing

A Petri net has two kinds of node. Places, drawn as circles, hold work waiting at some stage. Transitions, drawn as
boxes, are the steps of the process. Arrows only ever join a place to a transition or a transition to a place. The
places with an arrow into a transition are its inputs, and the places it points to are its outputs. Each transition
carries an activity name, or it is silent, which means it moves work along but leaves no record in the log. All nets in
this reference give every arrow a weight of one. The formal statements are Definitions A.1and A.2.

The state of a net, called its marking, is the number of tokens sitting in each place. A transition may fire when each
of its input places holds at least one token. Firing takes one token from each input place and puts one token in
each output place (Definition A.3).

Concurrency follows directly from this rule, since if tokens sit in two places that feed two different transitions, both
can fire, in either order, and neither blocks the other. Synchronisation works the other way round, since a transition
with two input places fires only once both hold tokens. Choice arises when one token enables two transitions and
only one of them can take it.

Workflow nets and soundness

A workflow net (WF-net) is a Petri net with one start place and one end place, in which every node lies on some
path from start to end (Definition A.4). An instance begins as a single token in the start place and should finish as a
single token in the end place. Most Petri-net-based discovery algorithms return a workflow net, and its test of
correctness is soundness.

Figure 1 shows a small workflow net for an order process. It contains a choice between rejecting, accepting and
rechecking an order, a rework loop back to the check, and two steps that run in parallel before shipping.
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FIGURE 1. A workflow netfor an order process. Circles are places, boxes are transitions, and the token in the start place is one
process instance waiting to begin.

A workflow net is sound when every instance can always still finish, finishing leaves nothing behind, and every
step in the model can actually happen (Definition A.5). Soundness is decidable, since it is equivalent to two
properties of the net with an extra step joining end back to start. In that extended net, every step can always fire
again later, and no place collects an unlimited number of tokens [6]. This is how soundness is checked in practice
[71.

The incidence matrix and the state equation

Questions about a net's structure can be answered with linear algebra over a single table of numbers, the
incidence matrix, which has one row per place and one column per transition. Each entry records how many
tokens a transition adds to a place, minus how many it removes (Definition A.6).

Each column therefore shows the net change in tokens caused by firing one transition. A transition that moves a
token from one place to another has a column with a single —1 and a single +1. A transition that splits work into
two parallel branches has —1 in its input place and +1 in each of two output places, so a program can find the
parallel split by reading the numbers.

The state equation follows from these columns. Count how many times each transition fires in some run. The state
at the end then equals the state at the start plus the matrix applied to those counts (Definition A.7).

A necessary condition only. Every reachable state satisfies the state equation, although some states that satisfy it
cannot actually be reached. A set of non-negative whole-number firing counts can satisfy the equation even
though no actual run fires the transitions in any workable order. States reached only on paper in this way are called
spurious markings. Linear algebra therefore narrows the set of states worth checking, and each remaining
candidate is confirmed by exploring the actual runs of the net.

Invariants, conservation and cycles

Two kinds of invariant come from the incidence matrix. A place invariant (P-invariant) is a weighting of the places
whose weighted token total no firing can change (Definition A.8). A transition invariant (T-invariant) is a set of firing
counts which, if the transitions can actually fire that many times from the current state, returns the net exactly to
that state (Definition A.9).

Each has a business meaning, and Section 5 uses both for structural diagnosis. A P-invariant is a conservation law,
which certifies that work neither vanishes nor duplicates, so instances do not leak out of the process. A T-invariant
describes a set of firings that returns the net to where it started, which in most business processes means a loop,



often rework such as a document rejected and resubmitted or a check that fails and is repeated. Computing T-
invariants therefore lists the candidate rework loops of a process as a linear-algebra problem.

Process trees

Block-structured discovery first builds a process tree and only then turns it into a net. A process tree has activities
(or a silent step) at its leaves. Each inner node combines its children in one of four ways, namely in sequence, as
an exclusive choice, in parallel, or as a loop with a body and redo parts (Definition A.10).

Every process tree translates to a sound WF-net, because each of the four ways of combining has a fixed net
fragment and putting fragments together keeps the WF-net shape, so soundness follows by induction. An
algorithm that returns a process tree therefore returns a sound model by construction, with no separate check
needed.

The directly-follows graph

The directly-follows graph of an event log has one node per activity. It has an arrow from one activity to another
whenever the second immediately follows the first somewhere in the log. It also records which activities start and
which end a trace (Definition A.11).

The graph takes one pass over the log to build, and it is the input to every algorithm in the inductive and heuristic
families. It records only which activity immediately followed which, so it loses dependencies between activities
further apart in a trace, and Section 7 returns to this under incompleteness and representational bias.

Figure 2 follows a log of two traces through the whole pipeline, from the log to its directly-follows graph, a cut, a
process tree and finally a Petri net.
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FIGURE 2. From atwo-trace log to a Petri net. The graph has arrows both ways between b and c, a sequence cut splits it into three
numbered groups, and a parallel cut inside group 2 gives the tree — (a, A(b, ¢),d) and its net.

/ 3 THE CLASSES OF NET THAT DISCOVERY TARGETS

Petri nets form a family of classes, in which restricting a net's shape makes it easier to analyse and extending it
with data or time lets it describe more while making analysis harder. Discovery works with a small part of that
family, and Table 1 lists the classes that the discovery algorithms in Section 4 rely on.

TABLE 1. The netclasses used in process discovery.

CLASS ALLOWS GIVES UP ROLE IN DISCOVERY
State machine choice concurrency sequential processes
Marked graph concurrency choice fixed pipelines
Free-choice choice and concurrency tangled choices common discovery target
Workflow net one start, one end several start or end places output of most tools
Block-structured nested blocks some sound nets inductive miner output

Restrictions on shape. In an ordinary net all tokens look the same, and three subclasses at this level are defined by
shape alone. A net is a state machine when every transition has exactly one input and one output place, |*t| =
[t°| = 1. Such nets express choice but never concurrency, so an instance sits in exactly one place at a time. A net
is a marked graph when every place has exactly one input and one output transition, |°p| = |p°| =1, which
expresses concurrency but never choice. A net is free-choice when any two transitions that compete for a token
always compete for exactly the same tokens, so a choice is never tangled up with waiting for other branches



(Definition A12). Free-choice nets allow both choice and concurrency, and important questions about them,
including whether a free-choice workflow net is sound, can be decided in polynomial time [8], [6]. For that reason
they, and the block-structured nets inside them, are the practical target of process discovery. Murata [5] calls the
condition used here extended free-choice, and texts differ on the name.

Workflow nets. Workflow nets are the class built for business processes. They have one source, one sink, and
every node on a path between the two. Soundness (Definition A.5) is the test of correctness.

Block-structured nets. A block-structured net is the translation of a process tree, so every choice, parallel section
and loop opens and closes as one nested block, and such nets are sound by construction. Some sound nets
cannot be written this way, for example ones with dependencies that cross block boundaries.

Richer classes attach data, time or several object types to tokens. The discovery methods in this reference work
on control flow alone, so those classes are left aside.

/ 4 PROCESS DISCOVERY ALGORITHMS

Discovery takes a log L € B(A*) and returns a model. Algorithms differ in what they guarantee, in what they
assume about noise, and in what they do when the log is ambiguous. This section takes each family in turn,
starting with the Alpha miner, and notes for each the weakness in earlier methods that it addresses.

The Alpha miner

The first discovery algorithm [9] reads four relations between pairs of activities from the directly-follows graph
(DFG) G(L), which records which activity was seen immediately after which. The four relations are direct
succession, causality, parallelism and independence, and the algorithm builds a net from them. It is provably
correct on a restricted class, but in practice it is fragile in three ways. A single deviant trace can change an inferred
relation and with it the whole structure. Loops of length one and two are mishandled, and the output need not be
sound. Today the algorithm is used mainly for teaching and is rarely applied to production logs.

The heuristic miner

Weijters and van der Aalst [10] weighted the directly-follows relation by frequency, so that discovery could cope
with the noise found in real logs. An edge is trusted only when its relative frequency exceeds a threshold, so rare
behaviour is treated as noise and dropped. This gives stable results on real logs and handles loops well. It gives up
formal guarantees in exchange, since the output is typically a causal net with no promise of soundness.

The inductive family

The inductive miner [11] replaced local net construction with a global, recursive split of the log. It proceeds in five
steps:

1 Compute G(L) (Definition A11).

2 Find a cut, meaning a partition X4, ..., %, of the activities that matches one of four operator patterns.

3 Split L into sublogs according to the cut type, and recurse on each.

4 Stop at the base condition of a single activity, or the empty trace, yielding a leaf or 7.

5 If no cut exists, apply a fall-through, ultimately the “flower"” model that permits any ordering of the remaining

activities. The original paper specifies the flower model in full.

Finding cuts is the core of the method. Each of the four cuts is a test on the arrows of G(L) that run between the
groups of activities, and each pattern of arrows points to one way of combining the groups. Figure 3 draws the
four patterns on small graphs, each with the tree operator it produces.



EXCLUSIVE CHOICE SEQUENCE PARALLEL LOOP

REDO

--------------

006 000 GO e

x(a, b) ~(a, b, c) A(a, b) out Y(a, b)

FIGURE 3. The four cut patterns on small directly-follows graphs, with the process-tree operator each one produces. In the loop,
an instance enters and leaves through the body a, and b leads back to a.

An exclusive-choice cut is one where no arrow runs between any two groups (Definition A13, Equation (11)). The
branches never touch, so exactly one of them is taken in each instance.

A sequence cut is one where arrows lead only one way, from earlier groups to later ones (Definition A.14). The test
applies to paths through the graph as a whole. Every activity in an earlier group can reach every activity in a later
group by some chain of arrows, and nothing can get back. The condition is on paths, so a missing direct arrow
does not break it, and a single arrow between groups does not by itself establish the cut. The original definition
adds a further condition on how the end activities of one group connect to the start activities of the next [11], and
Definition A.14 states the two path conditions only.

A parallel cut is one where every activity in one group has arrows both to and from every activity in every other
group, because branches that run at the same time are seen interleaved in both orders (Definition A.15). Each
group must also contain a start activity and an end activity, so that each branch can begin and finish on its own.

A loop cut is one where a main body holds every start and end activity, and the other groups are redo parts whose
arrows lead back to the start of the body (Definition A.16). Arrows leave the body only from its end activities, and
arrows from a redo part re-enter only at start activities. The redo parts do not connect to each other, and they all
join the body in the same way.

Every run of the inductive miner returns a process tree, and every process tree translates into a sound workflow
net, so the discovered model is sound without any separate check (Proposition A.17). None of the other classical
families in this section (Alpha, heuristic, region-based and Split miner) offers this guarantee. Among newer
methods, miners built on the Partially Ordered Workflow Language (POWL), described below, and some learned
miners also guarantee soundness. Soundness by construction makes the inductive miner a natural starting point
for a refinement loop, since soundness holds along the whole run whenever every state of the loop is a process
tree.

Leemans et al. [12] added the frequency-filtering variant known as inductive miner infrequent (IMf), which removes
infrequent edges from G(L) before looking for cuts, and Leemans et al. [13] addressed incomplete logs.

Region-theoretic and ILP miners

A separate lineage computes the net with the smallest behaviour that still contains the log, using the theory of
regions and integer linear programming (ILP) [14], [15], [16]. Fitness is high by construction, and three costs follow
from that construction. First, in their basic form these miners tolerate no noise, because every observed trace must
be permitted, so a single error becomes structure in the model. Second, they scale poorly, and third, they produce
overfitted models. Schréder et al. [17] report ILP-based miners producing models “almost nine times larger” than
inductive models on the Business Process Intelligence (BPI) Challenge 2020 event logs. The eST-Miner line [18],
[19] refines this branch by adding discovery of long-term dependencies with guarantees, together with filtering of
infrequent behaviour. Its successor eST? also takes partially ordered input, on the argument that the strict time
order of timestamps misrepresents which events actually caused which.



Split miner

Augusto et al. [20] filter G(L), detect concurrency explicitly, and build a Business Process Model and Notation
(BPMN) model. The method achieves a strong balance of fitness and precision at high speed without insisting on
soundness, and it remains a standard baseline.

Optimisation-based miners (2023 to 2026)

Recent work keeps the inductive recursion and replaces rule-of-thumb cut selection with explicit optimisation. On
the contest scores its authors report (Figure 4), this line accounts for the rise from about 70 percent for IMf to
88.24 percent for OptIMlist.

AIM. van Detten et al. [21] propose the Approximate Inductive Miner (AIM). It applies k-means clustering to
estimated relations to group activities for each operator, which reduces an exponential cut search to a cost linear
in the parameter space. It also folds the suggestion of filter parameters into the recursion itself. On 18 real-life logs
it reports mean fitness of 78 percent, mean precision of 88 percent and mean model size of 51 nodes. It is Pareto-
optimal on 17 of 18 logs, attains the highest precision on 11 of 18 and returns the smallest model on 16 of 18. Its
built-in parameter suggestion completes in 30 minutes against 5 days for exhaustive hyperparameter search. On
480 synthetic Process Discovery Contest (PDC) logs it reports structure-detection accuracy of 86 percent. One
reported limitation is aggressive filtering, since on some logs roughly half the activities are discarded [17].

OptIMllst. Schréder et al. [1], extending Schréder et al. [17], introduce OptIMIist (Optimization Inductive Miner
Infrequent Incomplete eSTimation), which replaces cut selection with a family of integer linear programs, one base
ILP per operator {—, x, A, O}. Each program finds the split of activities into groups that comes closest to a valid
cut. Closeness is measured as the total frequency of the observed arrows that break the operator's pattern, and
the program minimises that total (Equation (12)). Each operator defines a broken arrow in its own terms. A
backward arrow breaks —, and any crossing arrow breaks x. For A a missing reverse arrow counts as a break, and
for ¢ a break is an arrow that ignores the body and redo structure. Filtered ILPs may also drop a single disruptive
activity when a local fitness and precision estimate justifies the loss of information. This avoids the problems that
fixed frequency thresholds cause when results do not change steadily as the threshold moves. The method is
parameter-free, and it also detects r-constructs for optional and loop behaviour. As a member of the inductive
family, it returns a plain sound workflow net.

POWL and beyond process trees. Kourani et al. [22] extend POWL with choice graphs. These allow decisions that
are not block-structured, and cyclic flows, while keeping soundness. Of the methods from 2023 to 2026 covered
here, it goes furthest in relaxing the limits that process trees place on what a model can express, while still
guaranteeing soundness.

Rule-guided discovery. The rule-based inductive miner (IMr) [23], [24] discards candidate cuts that break
supplied declarative rules and selects the lowest-cost survivor, so that expert knowledge of how the process
should run can constrain discovery. Norouzifar et al. [25] build on it, using large language models to turn domain
knowledge into such rules.

Learned discovery. Sommers et al. [26] train graph neural networks (GNNs) to perform discovery, so the algorithm
is learned from example logs and their models. The network decides which candidate places survive and passes
behavioural information across the graph. Trained on 2,000 block-structured models, it produces sound nets of
arbitrary structure, free of the block-structure restriction, at accuracy and simplicity reported as comparable to the
state of the art.

Where the frontier sits

Table 2 gives the results of the Process Discovery Contest 2024 [27]. It is the most recent objective comparison
among many participants, scored on 288 synthetic logs with known ground truth (Section 6 gives the scoring rule).



TABLE 2. Process Discovery Contest 2024 results on 288 training logs, in percent [27].

SUBMISSION AUTHOR(S) SCORE
FuzzyLogAbstraction (Pyrrhus) Christfort, Xu, Slaats 90.86
UiPath_PDC2024_v1_config06 Brons 89.46
DisCoveR (BitDisCoveRJS) Christfort, Slaats 79.89
DisCoveRJS-Filtering-Composite Christfort, Slaats 79.77
DisCoveRJS-Filtering-Violation Christfort, Slaats 78.83
2023.2.a.DisCoveRJS Christfort, Slaats 75.12
FuzzyDisCover-FuzzyClas Christfort, Slaats 69.64
BitDisCoveRJS-Filtering Christfort, Slaats 69.62
BonitaMiner Eldin et al. 36.80

The winning entry, Pyrrhus, recorded a positive accuracy of 90.94 percent and a negative accuracy of 90.80
percent. It comes from the authors of the DisCoveR entries, whose miner discovers declarative models in the form
of Dynamic Condition Response (DCR) graphs [28], and the runner-up is an industrial entry from UiPath. The PDC
2025 call for participation cites 91.8 percent for the same submission, which is its score on the 2025 data [29].
Among openly published Petri-net algorithms, Schroder et al. [1] report OptIMIlst at 88.24 percent on the same
dataset, against roughly 83 percent for AIM and roughly 70 percent for the original inductive miner and IMf. By its
authors' figures, OptIMlist therefore scores about 18 percentage points above the 2013 inductive miner. The PDC
score is classification accuracy, so it does not say whether the gain comes from fithess or precision. Figure 4
places the open algorithms and the contest entries on one scale, so it compares Petri-net miners with declarative
miners.
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FIGURE 4. Process Discovery Contest 2024 scores on 288 synthetic logs, in percent. Contest entries are official results, open
algorithms are scores reported by the OptIMlIst authors, and striped bars are approximate values read from their comparison.

/ 5 CONFORMANCE CHECKING AND STRUCTURAL DIAGNOSIS

A discovered net is useful only if one can measure how well it describes what really happens and ask what its
structure implies. Diagnosis has three layers, namely comparison against the log, scoring, and questions put to the
structure itself. Comparison and scoring supply an objective that a refinement method can improve, and the
structural questions supply its constraints. This section takes each of the three layers in turn.
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Alignments

An alignment lines up one recorded trace, step by step, against one complete run of the model. Where the two
agree, the pair is a synchronous move. A log move marks a step the log took that the model does not allow, and a
model move marks a step the model requires that the log left out (Definition A19).

Each move carries a penalty, and by convention a synchronous move costs 0, while log moves and visible model
moves cost 1. A silent model move, a step the model takes without any visible activity, usually costs O or a very
small amount, and since the choice affects every fitness figure built on the alignment, a report should state which
was used. An optimal alignment is the one with the lowest total penalty, found by shortest-path search (typically
Ax) over a combined model of log and net [30], [31].

Each log move and model move is tied to a position in a trace, so an alignment shows where the model and the log
disagree as well as how often. Automated repair and refinement methods use that position to decide which part of
the model to change.

The four quality measures

Fitness asks whether the model can replay what happened. It scores the total alignment penalty of the log against
the worst case, so a model that replays every trace exactly scores 1 (Definition A.20).

Precision covers the opposite failure, a model that allows behaviour the log never shows. At each point a trace
reaches, it compares the steps the model would permit with the steps the log actually took there. Permitted steps
that the log never took are called escaping edges, and the more of them there are, the lower the precision
(Definition A.21). Every trace counts, including repeats, so frequently visited points weigh more and this weighting
is already part of the measure [32], [33]. Entropy-based alternatives with monotonicity guarantees, meaning the
score moves in the expected direction as a model is made more or less permissive, are given by Polyvyanyy et al.
[34].

A model generalises well when it still fits traces it has not seen, and it is simple when a person can read it. Neither
measure has a standard formula, and model size is the usual structural stand-in for simplicity. Following Buijs et al.
[35], [36], all four measures must be reported together. Fitness and precision are usually combined into one
number, their harmonic mean, which is the standard F; statistic (Definition A.22).

Two meanings of F-score. The F-score of fithess and precision (Definition A.22) is a different quantity from the “F-
score" of the Process Discovery Contest. The contest score is the harmonic mean of how accurately a model sorts
test traces into positive and negative classes (Section 6). Both are called F-score in the literature, so a careful
report states which of the two it means.

Structural diagnosis

The algebra of Section 2 turns five questions that a consultant would otherwise answer by inspection into
computations, listed below.

e Reachability bounds. The state equation (7) gives a necessary condition for reaching a state by solving an
integer linear system. As the note on spurious solutions in Section 2 explains, a positive answer must still be
confirmed.

e Leaks and duplication. P-invariants (8) are conservation laws. A P-invariant certifies that the weighted token
count over its places never changes. If such invariants cover every place, no work can vanish or be duplicated
anywhere.

e Rework. T-invariants (9) list the sets of firings which, if they can actually be scheduled, bring the net back to its
starting marking. Finding candidate rework loops therefore reduces to computing the minimal non-negative T-
invariants, a task standard invariant algorithms handle.

e Dead ends. Violations of (3) identify reachable states from which an instance can never finish, which in
business terms is a case the model would leave stuck.



o Bottlenecks. With timestamps attached, waiting time builds up on the places between transitions, so the spread
of tokens over places shows where delay occurs.

All of these checks run without human input, yet in the usual workflow an analyst reads the results and decides
whether to mine again.

/ 6 BENCHMARKS AND EVALUATION
Evaluation rests on three sources of evidence:

o synthetic logs with a known true model,
e public logs from real operations,

e comparative benchmarks.

This section takes each in turn.

Ground truth from the Process Discovery Contest

Organised by Eric Verbeek under the IEEE Task Force on Process Mining, the PDC is the closest the field comes to
an objective scoreboard, because the true model is known and kept hidden from entrants. van Dongen and
Verbeek [37] review it alongside the BPI Challenges, and each edition’s logs are archived as a citable dataset (for
example [38] for the 2020 edition). Scoring takes three steps for each training log. The first step discovers a model
from the training log. The second uses that model to judge, for each trace of a held-out test log, whether it fits the
model better than the matching trace of a base log. The third computes

_2-P-N

R — 1
P+N’ =

with P positive accuracy and N negative accuracy, averaged over training logs. The test models and logs vary
along seven dimensions:

¢ long-term dependencies,

e loops (none, simple or complex),

e OR constructs,

e routing constructs,

e optional tasks,

e duplicate tasks,

o log quality.

Editions with published datasets are 2016, 2017, and 2019 to 2025, and there was no 2018 edition. At the time of
writing, the 2026 edition had not been announced. PDC 2023 used 384 training logs and 96 test and base pairs.
PDC 2024 and 2025 used 288 training logs and 96 pairs, at 1,000 traces per log, with a 10-minute compute limit
per log in 2025. The PDC 2024 dataset is archived at 4TU.ResearchData [39]. It holds 288 training, 96 test, 96

base and 96 ground-truth logs in eXtensible Event Stream (XES) format, plus 96 workflow nets in Petri Net Markup
Language (PNML).

Two caveats apply to any paper that uses PDC scores. First, the logs are synthetic, so they lack the heavy-tailed
spread of variants, the hundreds of labels and the unfinished instances of real data. Second, the metric (1)
rewards c/assification accuracy alone and says nothing about whether the model is readable, so a model can score
well and remain unusable.

Real logs

The 4TU.ResearchData repository is the standard home of the public real-life logs. They include the annual BPI
Challenge logs [40], the Road Traffic Fine Management Process [41], Sepsis Cases [42] and the receipt-phase log
of an environmental permit application process, known as WABO [43]. These logs have the properties synthetic



data lacks, although none of them comes with a known true model. Fitness and precision can still be measured,
but correctness cannot be assessed.

The benchmark gap

Augusto et al. [2] evaluated discovery methods across 24 real-life logs (12 public, 12 proprietary) on 9 quality
metrics, and it remains the largest published comparison of its kind. Because it dates from 2019, it covers none of
the newer methods AIM, OptIMllist, eSTZ—Miner, POWL 2.0 or the GNN miner. We searched the literature to
September 2026 and found no comparison of that scale, with many discovery algorithms run on many logs and a
citable results table. The substitutes are the PDC results tables and the single-paper comparisons in Schroder et
al. [1] and van Detten et al. [21].

This gap affects every method in this reference. Claims that “method X is state of the art” currently rest either on a
synthetic contest or on comparisons the authors ran themselves. This reference argues that a modern successor
to Augusto et al. [2] is among the most useful contributions open to the field, because it would let claims about
new algorithms be checked on shared real-life logs.

/ 7 OPEN PROBLEMS
This section takes each open problem in turn, from noise in the log to representational bias.

Noise and infrequent behaviour. Real logs contain rare, malformed and exceptional traces. Keeping these traces
makes the model larger and less precise, while filtering them out can remove behaviour that is rare but genuine.
Every algorithm sets this threshold somewhere, and none yet sets it reliably across different logs.

Incompleteness. A log holds only the behaviour that occurred during the period it covers, so discovery must
generalise beyond the observed traces without inventing behaviour. Guarantees such as the rediscoverability
theorem of Leemans et al. [11] hold only if the log is directly-follows complete, meaning every pair of activities that
can follow each other does so somewhere in the log. That precondition is rarely checked in practice. When it does
not hold, what looks like a failure of the miner can be a sampling problem that more traces would remove.

The trade-off between accuracy and generality. A model that replays as much of the log as possible tends to
permit much else as well. A model limited to exactly what was seen rejects valid variants. Such a model scores 10on
both fitness and precision, although it generalises poorly and is hard to read. In practice the trade-off therefore
runs between fitness and precision on one side and generalisation and simplicity on the other. We found no current
algorithm that presents this choice to the analyst in terms they can interpret.

Complexity and overfitting. High-fitness methods can return tangled “spaghetti” nets that are accurate and
unusable. Most process models are read by a person who has to act on them, so a model that scores well and
cannot be read is of little practical use. Since simplicity has no standard measure (Section 5), the problem is also
hard to state formally.

Scalability, and where the cost actually is. Industrial logs can reach millions of events and hundreds of activities.
Most of the computing time goes into evaluating models, since an optimal alignment is found by a search whose
cost can grow exponentially with the size of the trace and the model [31]. A method that scores many candidate
models, such as a refinement loop, therefore spends most of its time on scoring, and a faster scoring step
shortens the whole run more than a faster miner would.

Concept drift. Processes change, so a model discovered from last year's log may misrepresent this year's process,
yet discovery treats the log as fixed. Sato et al. [44] survey how drift is detected and handled and name the
obstacles that persist. The field “still primarily focuses on offline analysis”, and assessment is hampered by “the
lack of common evaluation protocol, datasets, and metrics”. Recent work applies machine learning to drift
detection [45]. Drift is also the practical argument for treating a discovered model as something to maintain,
rechecked against new data long after delivery.

Representational bias. Block-structured discovery can return only models that a process tree can express, so
long-term dependencies that span several levels of nesting are systematically left out. Norouzifar et al. [25] report



this limitation explicitly for IMr, and POWL 2.0 [22] and the eST-Miner line [18] attack it from opposite directions.
Any refinement loop confined to process trees inherits this bias.

/ 8 CONCLUSION

Process discovery turns the event logs that organisations already keep into models of how their work runs, and
Petri nets make those models both readable and open to analysis. The inductive family made soundness a
property of the algorithm, and the optimisation-based miners of 2023 to 2026 have raised its accuracy on
synthetic benchmarks. How these methods compare on real logs is still open, since the last broad comparison
dates from 2019, and Section 7 sets out the problems that remain.



/ A DEFINITIONS

This list collects the formal definitions and results the reference refers to.

Petri nets, workflow nets and their algebra
periniTion A.1 (Preset, postset) For a net with flow relation F and zx € PUT, *z={y| (y,z) € F} and z°* =
{yl(zy)eF}

periniTion A.2 (Labelled Petrinet) A labelled Petrinetis a tuple N = (P, T,F,W,A,{) where P is a finite set of
places, T a finite set of transitions with PNT =0, F C (P x T) U (T x P) the flow relation, W : F — NT an arc-
weight function, A a set of activity labels, and ¢: T' — A U {7} a labelling function. Here W (z,y) = 0 for (z,y) ¢ F,
and all nets in this reference are ordinary, i.e. W =1, so the firing rule below is stated in its unit-weight form. A
transition ¢ with £(¢) = 7 is silent, in that it participates in the dynamics but emits no observable event.

periniTion a.3 (Marking, enabling, firing) A marking is a multiset M € B(P), where M(p) is the number of

tokens in place p. Transition ¢ is enabled in M, written M |t), iff Vp € °t : M(p) > 1. Firing ¢ yields the marking

M =(M\*t)wt, (2)
written M[t)M'. Here R(N, M) denotes the set of markings reachable from M by any firing sequence, and lang(N)
the set of observable label sequences of complete executions.

periniTron A.2 (Workflow net) A labelled Petrinet N is a workflow net (WF-net) iff it has a unique source place 4
with *7 = (), a unique sink place o with 0® = 0, and every node lies on a path from i to o [46].

perInzTIon A.5 (Soundness) A WF-net N with initial marking [¢] and final marking [o] is sound iff

(option to complete) VM € R(N,[i]) : [o] € R(N, M), (3)
(proper completion) VM € R(N,[i]) : M > [o] = M = [o], (4)
(no dead transitions) Vt e T 3IM € R(N,[i]) : M[t). (5)

periniTion A.6 (Incidence matrix) For a net with |P| = m places and |T'| = n transitions, the incidence matrix
C € Z™ " has entries

Clp,t]= W(tp) -  Wmt) (6)

tokens produced inp  tokens consumed from p

where W gives arc weights (and 0 for absent arcs).

perIniTIon A.7 (State equation) Let z € N" be a firing vector (Parikh vector), z[t] counting firings of ¢. If M’ is
reachable from M by a firing sequence with Parikh vector z, then

M =M+ Cx. (7)

perznzTion A.s (P-invariant) A place invariant (P-invariant, S-invariant) is a vector y € N, y # 0, with

y'c=0", whence y M =y"M VYM' € R(N,M). (8)

perzniTIoN A.9 (T-invariant) A transition invariant (T-invariant) is a vector z € N”, z # 0, with

Cz=0. (9)



periniTion A.10 (Process tree) A process tree over an alphabet A is defined inductively. Any a € A is a tree (a
leaf), 7 is a tree (the silent leaf), and if T1,..., T} are trees and & € {—, x, A, O} then &(T4,...,T},) is a tree. The
operators denote sequence (—), exclusive choice (x), interleaved parallelism (A) and loop (O, first child the body,
remaining children the redo parts).

perinztron A.11 (Directly-follows graph) Let L € B(A*) be an event log. Its directly-follows graph G(L) =
(Ar, =1, S, Er) has a node per activity occurring in L, an edge a —, b iff some trace of L contains ...ab..., start
activities Sy, = first elements of traces, and end activities E; = last elements. Here a ~» b stands for the existence
of a directed path from a to b in G(L).

Petri net classes and discovery algorithms

perIniTION A.12 (Free-choice net) A netis free-choice iff

th,tg ET:.tlﬂ.tQ#Q — °t :.tg, (10)

i.e. whenever two transitions compete for a token they compete for exactly the same tokens, so the choice
between them is never entangled with synchronisation.

perIniTIon A.13 (Exclusive-choice cut) ¥;---%, is an exclusive-choice cut iff
Vi # j, Va; € 3, a; € Ej 8 (ai,aj) ¢ —L- (1)

peFInITION A.14 (Sequencecut) X ---X,, ordered, is a sequence cut iff for all i < j every a; € X;,q; € X, satisfy
a; ~> a; and a; %9 a;.

perinzTion A.15 (Parallel cut) ¥;---%, is a parallel cut iff every part contains a start activity and an end activity,
and for all ¢ # j and all a; € ¥;,a; € ¥; both (a;,a;) € = and (a;,a;) € —1.

perIniTion A.16 (Loop cut) X; (the body) together with Xs,...,%, (the redo parts) is a loop cut iff all start and
end activities lie in ¥; and no edges connect distinct redo parts. Every edge from a redo part into the body must
end at a start activity, and every edge from the body into a redo part must leave from an end activity. The
connectivity of those entry and exit edges must be uniform across the redo parts.

proposITION A.17 (Soundness by construction, Leemans et al. [11]) Every run of the inductive miner returns a
process tree, and every process tree translates to a sound workflow net. Hence the discovered model is sound
without any verification step.

perinition A.1s (OptIMIlst cut objective) For a candidate operator the ILP assigns each activity to a part so as
to minimise the total weight of edges violating that operator's pattern,

min Z w(a,b) -1 [(a, b) violates the operator’s edge pattern] ,
assignment (@b)em1

(12)

where w(a, b) is the observed edge frequency.

Conformance checking

perzniTion A.19 (Moves and alignments) Let o € A* be a trace and N a model. An alignment of o with N is a
sequence of pairs (z,y) withz € AU{L} and y € TU{L} such that projecting the first components (dropping L)
yields o and projecting the second yields a complete firing sequence of N. A pair is a synchronous move if © =
L(y). It is a log move if y = 1, meaning the log did something the model disallows, and a model move if z = L,
meaning the model requires a step the log omits.



perzniTion A.20 (Alignment-based fithess, after Carmona et al. [31])

> per cost(a, N)

fitness(L,N) =1 — > e cost(o, () + |L| x mingcy cost((),z)’

(13)

where cost(a,()) aligns o against the empty execution (all log moves) and min,cy cost({),z) is the cheapest
complete model execution aligned against the empty trace (all model moves).

periniTion A.21 (Escaping-edges precision) Let AT(s) be the transitions the model allows at prefix-automaton
state s and RT(s) those the log actually took there, with EE(s) = AT(s) \ RT(s) the escaping edges. Then

St S | BB(sy)|

precision(L,N) =1 — —= ] ] (14)
Sith S |AT(siy)|
periniTion A.22 (F-score of fitness and precision)
P = 2 - fitness - precision o

fitness + precision

______________ . 17 / 22



/ ACRONYMS

AIM Approximate Inductive Miner

BPI Business Process Intelligence

BPMN Business Process Model and Notation
DCR Dynamic Condition Response (graph)
DFG Directly-follows graph

GNN Graph neural network

ILP Integer linear programming

Im Inductive miner

Mt Inductive miner, infrequent behaviour variant
IMx Inductive miner with rules

PDC Process Discovery Contest

PNML Petri Net Markup Language

PoWL Partially Ordered Workflow Language
WF-net Workflow net

XES eXtensible Event Stream
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/ ABOUT 009

009 builds an Agent Twin, a working model of an institution that shadows the real operation before anything touches
production. The twin maps the operation in read-only shadow mode and returns a verified baseline of cost, cycle time,
and error rate. Agents then move from the twin into production through a measured rollout, and every action stays
inside the Command Center, which rests on five controls: an audit trail, approval gates, rollback, a kill switch, and an
agent registry.

Request a Recon briefing.

The numbers are yours whether or not you proceed.
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