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Abstract. Process mining employs discovery algorithms to automatically derive
process models from historical event logs. Despite decades of research in process
discovery, practitioners still lack principled guidance on selecting algorithms for
different purposes. Existing evaluation practices rely mainly on outcome-based
measures, such as recall and precision, which assess model quality but over-
look the characteristics of the discovery process itself — leaving an important
question unanswered: “Can I rely on the discovery algorithm?” We propose a
reliability analysis that characterizes process discovery algorithms through two
properties inspired by numerical analysis: algorithmic conditioning and algorith-
mic stability. Algorithmic conditioning quantifies how changes in the input log
propagate to the output model, assessing whether small perturbations lead to pro-
portional model changes or erratic, unpredictable behavior. Algorithmic stability
evaluates whether the algorithm remains reliable for a given analytical purpose,
even when that purpose differs from its original design intent. Together, these
properties enable principled assessment of algorithmic trustworthiness beyond
outcome quality, addressing both inherent reliability and fitness for purpose. We
formalize these non-functional properties and demonstrate their utility through an
empirical study of popular discovery algorithms. Our evaluation reveals signifi-
cant variation in how different perturbation types affect model properties, shows
that algorithms can be stable for one analytical purpose while unstable for an-
other, and quantifies the degree to which discovered models may deviate from
ideal conditions. This shifts the focus from how good a discovered model is to
how reliable the algorithm is for some specific analytical purposes; thereby pro-
viding a foundation for transparent, purpose-aware algorithm selection in process
mining.
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1 Introduction

Process mining bridges the gap between data and process analysis by extracting process-
related insights from event logs. Within this field, process discovery focuses on automat-
ically deriving a process model using the information recorded in an event log, enabling
visualization, analysis, and improvement of operational processes [1].

Over the past two decades, numerous discovery algorithms have emerged, each op-
timizing for different goals: some favor simplicity, others behavioral accuracy or gen-
eralization beyond recorded traces [5]. Despite this variety, practitioners still lack prin-
cipled guidance for selecting the right algorithm for their context [22, 24]. The central
question is “Can I trust this algorithm to reliably serve my analytical purpose?”
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Current evaluations focus on outcome-based measures such as recall, precision,
generalization, and simplicity [1, 5]. While crucial, these measures assess the static
result rather than the dynamic reliability of the discovery process. This outcome-centric
view tells us how good a model is, but not the reliability of the algorithm. An algorithm
that once performed well may behave unpredictably on a different log.

We argue that assessing algorithmic reliability requires examining two distinct facets
of behavior. First, how do model properties respond to slight changes, or perturbations,
in the input log? For instance, Inductive Miner aims to discover sound and fitting mod-
els [13] — but does it maintain these guarantees when the log contains noise? Beyond
design goals, how do other properties change — does model size explode, do seman-
tic patterns shift significantly? This perturbation-sensitivity analysis examines which
model properties remain robust and which are compromised when faced with realis-
tic log imperfections. While robustness to noise has been discussed in process mining
literature, we reframe it systematically, asking “Which model properties are robust to
which types of perturbations?” and quantifying the change. This nuanced view recog-
nizes that an algorithm may preserve some properties while compromising others, and
aligns robustness assessment with the specific properties relevant to the analyst’s pur-
pose. We term this algorithmic conditioning. Second, algorithms are often repurposed
for analytical goals beyond their original design. A discovery algorithm optimized for
producing simple, readable models might be repurposed by a compliance officer who
needs to detect subtle infrequent process deviations. The algorithm may perform its de-
signed task well, yet prove unsuitable for this alternative purpose. This raises questions
about the algorithm’s stability — its ability to serve a specific analytical purpose.

To formalize these two dimensions of reliability, we draw conceptual inspiration
from numerical analysis, adapting — rather than directly mapping — two fundamental
concepts: conditioning and stability [9, 11]. In that context, conditioning describes how
sensitive a mathematical problem is to input perturbations, while stability describes
how well an algorithm approximates the exact solution to a problem. We reinterpret
these concepts to operate at the algorithmic level in process discovery, proposing two
non-functional properties [10]:

— Algorithmic conditioning: How model properties of interest respond to log perturba-
tions. Well-conditioned algorithms exhibit predictable, proportional changes in criti-
cal properties when the input log contains real-world imperfections such as noise or
incompleteness.

— Algorithmic stability: Whether the algorithm remains reliable when applied to a spe-
cific analytical purpose. An algorithm may have high stability for one analytical goal
but low stability for another.

These properties are distinct concerns: an algorithm may have excellent conditioning

(predictable behavior under perturbations) but poor stability for a given analytical goal

(unreliable when repurposed), or vice versa. By articulating them, we move beyond

outcome-based evaluation toward a deeper understanding of algorithmic behavior. This

perspective supports principled, purpose-aware algorithm selection in process mining.
Our contributions are twofold:
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1. A conceptual framework formalizing two non-functional properties for process dis-
covery algorithms: algorithmic conditioning (reliability under log perturbations) and
algorithmic stability (reliability for analytical purposes).

2. An empirical demonstration of the applicability of the proposed framework using
popular discovery algorithms, showing how these properties can guide algorithm se-
lection in practice.

The remainder of this paper is structured as follows. Section 2 introduces the necessary
preliminaries, allowing the framework to be formalized in [Section 3| with [Section 4|
then presenting an empirical evaluation. discusses related work and puts our
proposals in to context, and Section 6|then concludes with future directions.

2 Preliminaries

This section lays the foundation for our exploration of reliability of process discovery
algorithms.

2.1 Process Discovery

We begin by defining some process discovery concepts.

Systems. Let S be a system and A a finite set of activities it can perform. The set A* rep-
resents all finite activity sequences (fraces) over A. The system’s language, lang(S) C
A*, is the set of traces S can generate, which may be infinite.

Event Logs. The operation of S yields a finite log L € £, where £ is the space of
logs and L is a multiset of traces. The language of L, lang(L) C A*, is its support set
Supp (L). 1deally, it holds that, lang(L) C lang(S). In practice, L may contain traces not
in lang(S).

Noise. Noise in event logs refers to behavior recorded in L that does not reflect the in-
tended, controllable, and repeatable process execution. This includes infrequent events
that are inaccurately recorded or caused by external factors. A noise functionn : £ — £
perturbs the true process executions Ly, to produce the actual log L = n(Ly..). Types
of noise include:

Insertion: adding spurious events to a trace.
Absence: removing legitimate events from a trace.
Substitution: replacing events with incorrect ones.
Ordering: changing event order of a trace.

Insertion and substitution noise can introduce activities not in A, leading to an effective
alphabet expansion to A" 2 A, so that lang(L) c A [12].

Process Models. M € M is the process model discovered from L, where M is the model
space. The language of M, lang(M) C A’*, may include traces in lang(S), lang(L), in
both, or in neither. An event log is mapped to a certain process model by a process
discovery algorithm. Examples of process models include Petri nets, BPMN models,
and process trees.
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2.2 Distance Measures

To quantify dissimilarity between models or between logs, we use distance functions
on the model space, dp; : M X M — Ry, and on the log space, dy : L X L — Ry.
The measures below may serve as dp or d.

Structural Distance. Model complexity is measured by the total count of structural
elements, with P and T denoting the sets of places and transitions in Petri net M [19]:

complexity(M) = |P| + |T|. (1)

Structural dissimilarity between models M| and M, can be quantified as the normalized
relative difference in complexity, measured with respect to M»:

|complexity(M,) — complexity(M>)|
dstmct(Ml s MZ) = P ty( 1) . P ty( 2) . (2)
complexity(M,)

Language Jaccard Distance. The language Jaccard distance applies Jaccard distance [14]
for behavioral comparison, providing a simple, set-based view of behavioral overlap.
For any two artifacts X and X, (either logs or models), it measures the dissimilarity of
their (assumed finite) languages:

dlang(Xl ,X2) = d./accard(lang(xl ) lang(Xz)) s 3)
where the Jaccard distance between two finite sets A and B is:

d]accard(A, B) =1- |Ar\'BVIAUBl . (4)

Precision and Recall. To capture directional relationships between two languages, we
use precision and recall. For X; and X, (logs or models), recall (rec) is the fraction
of X;’s behavior captured by X;, and precision (pre) is the fraction of X;,’s behavior
supported by X; [17].

|lang(X) N lang(X>)|
|lang(Xy)|

Xp)nl X
and  pre(Xy, Xy) = llang(X1) N lang(X5)| )
|lang(X>)|

I’EC(Xl,XQ) =

These lead to two corresponding distance measures d,..(X, X2) = 1 — rec(X, X,) and
dpre(Xl ,Xo) = 1 = pre(X;, X3).
The F;-score combines both measures:

pre(X1, Xz) - rec(X1, X2)

Fi-score(X(,X;) =2 .
! (X1, X2) pre(X1, Xo) + rec(Xy, X3)

(©)

The corresponding distance measure is dr, (X1, X2) = 1 — Fy-score(X1, X2).

2.3 Conditioning and Stability in Numerical Analysis

We are now in a position to introduce the numerical analysis concepts that are used in
our framework [9,11].
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Conditioning. Conditioning measures how sensitive a problem’s solution is to small
changes in the input. A problem is well-conditioned if small input perturbations cause
proportionally small changes in the exact solution, and ill-conditioned otherwise. For
a scalar function y = f(x), and for a small perturbation 4x, producing a corresponding
change Ay in the output, we identify « such that:

lAyl/ Iyl <

, wWh eRyp. 7
lelel_K where « >0 7)

The condition coefficient « quantifies how much relative input errors can be amplified
in the output: values near 1 indicate a well-conditioned problem, while large values
indicate an ill-conditioned problem.

Stability. Stability assesses a numerical algorithm’s resilience to small errors (e.g.,
rounding or measurement inaccuracies) in input or execution, ensuring reliable results.
It is categorized into forward stability and backward stability. Forward stability exam-
ines whether the computed output is close to the exact solution. Backward stability
examines whether the computed output equals the exact solution to a slightly perturbed
problem. We focus on forward stability because backward stability is ill-suited to pro-
cess discovery: the algorithm that maps event logs to process models involves an in-
herent many-to-many relationship, meaning the “exact solution” for a given log is non-
unique and the input log space is discrete, violating the necessary continuous input and
unique solution assumptions of numerical stability analysis.

Forward stability assesses how sensitive an algorithm’s output is to its execution.
Formally, let f denote the exact function mapping input x to its true output f(x), and
let £ denote the algorithmic approximation that produces f(x). An algorithm is forward
stable if for all relevant inputs, forward error, Ay = f(x) — f(x), satisfies:

lAy| < e, so that f(x) = f(x) + Ay, (8)

where € is a small positive threshold bounding the output error.

3 Reliability of Discovery Algorithms

Building on the concepts of this section formalizes conditioning and sta-
bility of process discovery algorithms. A key requirement is that process discovery
algorithms must contend with two fundamental challenges: real-world event logs con-
tain noise and imperfections, and analysts apply algorithms to diverse purposes beyond
their original design intent.

Figure 1 illustrates this setting. The core task involves a discovery algorithm f :
£ — M that maps an event log L € £ to a process model f(L). This relationship
is inherently challenged by two fundamental realities. First, real-world logs are rarely
ideal and are typically affected by noise, which we represent as a perturbation function
n : L — L. Second, there is a risk of analytical goal misalignment: the algorithm’s
output (L) may not suit the specific purpose required by the analyst.
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To formally measure this reliabil-
ity gap, we introduce the ideal function
f + L = M, which conceptually cap-
tures the model that perfectly aligns with
the analyst’s objective. To quantify these
challenges, we assume the existence of
distance functions dy : L X L — Ry
and dp; : M x M — Ry, which reflect
the dissimilarity between logs and mod- .
els, respectively. The specific choice of Fig.1: Process discovery. Algorithm f
these metrics determines precisely which maps log L and perturbed log n(L) to mod-
aspects of the algorithm’s behavior get els f(L) and f(n(L)). Log changes should
measured. These two axes — sensitivity produce predictable model changes. Ideal
to perturbations and alignment with in- algorithm f aligns with analyst’s purpose;
tent — inform the overall reliability of a we seek f(L) but obtain f(L).
discovery algorithm. We formalize these
concerns through two properties: algorithmic conditioning and algorithmic stability.

3.1 Algorithmic Conditioning

Algorithmic conditioning quantifies how changes in the input log propagate to changes
in the output model. It addresses the first challenge of process discovery, that is, re-
sponse to imperfect data.

Definition 1 (Condition Number). Given distance measures dy and duy, the condi-
tion number of discovery algorithm f for log L is:

dm(f(L), f(n(L)))

sup
nL—L dr(L,n(L))
dp(Ln(L))<6

KAL) = , ©)

where n is a perturbation function, 6 > 0 bounds the perturbation size, and the supre-
mum is taken over all perturbations within this bound.
The conditioning of algorithm f over input space L is:

Kp ilEJLp Kf(L) . (10)
An algorithm is perfectly conditioned if k; = 0, indicating that the discovered model
remains unchanged under perturbations. An algorithm is well-conditioned if k7 is small
(close to 1), indicating that relative input changes produce proportional output changes.
An algorithm is ill-conditioned if k; is substantially greater than 1, indicating that the
algorithm amplifies small input perturbations into disproportionate output changes. .

The condition number « depends critically on the choice of distance measures d and
d . Different choices capture different aspects of algorithmic behavior. For instance,
dp based on structural differences (e.g., edit distance between process models) captures
whether the algorithm produces structurally similar models under perturbations, while
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dp based on behavioral properties (e.g., differences in fitness or precision) captures
whether the algorithm maintains consistent quality of discovered models.

An algorithm may exhibit good conditioning with respect to one pair of distance
measures while showing poor conditioning with respect to another. For example, In-
ductive Miner might maintain consistent fitness scores under log perturbations (well-
conditioned for fitness-based d ) but produce models of varying structural complexity
(ill-conditioned for structure-based d (). This multifaceted nature of conditioning re-
flects the fact that algorithms preserve different properties at different levels of reliabil-
ity.

The condition number provides a quantitative lens for assessing whether an algo-
rithm can be trusted to behave predictably when faced with real-world data imperfec-
tions. A well-conditioned algorithm offers practitioners confidence that the discovered
model reflects stable process characteristics rather than artifacts of data quality issues.

3.2 Algorithmic Stability

Algorithmic stability assesses whether an algorithm reliably serves a specific analytical
purpose. It addresses the second challenge of process discovery, that is, alignment with
analytical goals. This property recognizes that practitioners often apply discovery algo-
rithms to tasks beyond what they were originally designed for, and evaluates whether
the algorithm consistently produces suitable results.

The key insight is to compare the actual algorithm f against an ideal function
f 1 £ — M that represents the analyst’s goal. This ideal function encodes what the
“perfect” algorithm would produce for the specific purpose. Then, stability quantifies
how closely the actual algorithm f approximates this ideal across different input logs.

Definition 2 (Stability). Given € > 0 and distance measure dy, algorithm f is e-stable
with respect to ideal function f if for all logs L € L, it holds that:

dm(f(L), f(L)) < €. (11)

|

A small € indicates the algorithm consistently produces models close to ideal, making it
reliable for the intended analysis. A large € signals that the algorithm’s outputs deviate
significantly from what we need, rendering it unsuitable regardless of data quality.

Stability is inherently purpose-dependent: the same algorithm may exhibit high sta-
bility for one analytical goal (small € with respect to one ideal function f}) while show-
ing low stability for another goal (large € with respect to a different ideal function f).
For instance, an algorithm optimized for discovering simple, abstract process overviews
may be highly stable for conformance checking purposes but exhibit poor stability when
the goal is to detect rare process variants or subtle compliance violations.

The choice of ideal function f and distance measure d( must align with the specific
analytical purpose. If the goal is to discover models with high precision, then f might
represent an algorithm that maximizes precision, and d ¢ would measure precision dif-
ferences. If the goal is to find simple models, then f represents an algorithm producing
minimally complex models, and d( would capture complexity differences.
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These dimensions are independent: an algorithm can exhibit good conditioning but
poor stability for a particular purpose, or vice versa. Together, they provide a complete
picture of algorithmic reliability. Good conditioning without stability means predictable
but unsuitable results; good stability without conditioning means appropriate results
that are unreliable for imperfect data. Only when both properties hold can an algorithm
be trusted to reliably serve its analytical purpose when applied to real-world data.

4 Evaluation

This empirical study focuses on demonstrating algorithmic reliability assessment, through
conditioning and alignment assessment with analytical goal

4.1 Design

We selected three candidate algorithms for evaluation, namely the standard variants of
Alpha Miner [2], Heuristics Miner [23], and Inductive Miner [13], with that choice
based on the four criteria: implementation in PM4Py[4] for reproducibility and stan-
dardization; production of Petri net models or comparable formal representations; wide
adoption; and representative of diverse algorithmic families [1]. We aim to evaluate
the conditioning of structural deviation of resulting models under log perturbations for
those algorithms.
The analytical objectives to check the alignment for this evaluations are:

1. Rediscoverability: Discover a model accurately representing the system S that gener-
ated the observed log L; and

2. Behavior replay: Produce a model in which log behavior is fully replayable, ensuring
fitness with observed executions.

We employed the token-based replay approach [18] as implemented in PM4Py to
compute d.. and d,.; these primary measures were subsequently used to calculate the

corresponding dr, (seeEq. (6)).

4.2 Dataset Generation

We employed three publicly available event logs as base systems: Sepsis (1,050 traces)
[15], RTFMS (150,370 traces) [7], and BPIC2012 (13,087 traces) [21]. We treat these
original logs as ground-truth representations of their respective systems.

From each base log, we generated samples of seven sizes (1,000, 2,000, 4,000,
10,000, 20,000, 40,000, and 100,000 traces) by sampling with replacement. This pro-
duced 21 clean logs, capturing different behavioral profiles of the underlying systems.

Noise was systematically introduced using the tool SNIP [12], which implements
four literature-informed noise types: absence, insertion, ordering, and substitution. Each
noise type can manifest through multiple strategies — for instance, ordering noise may
result from swapping adjacent activities or shifting an activity to a different position.

! Experimental resources are available at github.com/AnandiKarunaratne/stability_codebase.
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SNIP randomly selects among these strategies when applying each perturbation, ensur-
ing that a single noise type captures the full range of ways that distortion can occur in
practice, based on scenarios documented in process mining literature. We also included
a mixed type combining all four mechanisms. Noise was injected through sampling
with replacement: for i iterations, a trace is selected, perturbed with one operation, and
reinserted. This reflects realistic noise accumulation in event logs.

We applied noise at seven intensity levels: 0.1%, 0.2%, 0.4%, 1.0%, 2.0%, 4.0%,
and 10.0%, where the percentage indicates i as a proportion of log size (e.g., 1.0% of
1,000 traces = 10 injections). This yielded 35 noisy variants per clean log. To ensure
robustness, noise generation was repeated five times per configuration, producing 3,696
logs: 21 clean and 3,675 noisy variants.

Each algorithm was applied to logs in the dataset. Due to computational constraints,
we adopted stratified random sampling ensuring: (1) complete coverage of all 21 clean
logs, which serve as benchmarks for stability assessment; and (2) representative sam-
pling of noisy logs across noise types, levels, and log sizes. We have discovered 1,253
models per algorithm, totaling 3,759 models with 33.52% noisy log coverage. This
dataset is available at https://doi.org/10.26188/30739082.

4.3 Conditioning Analysis

We empirically assess algorithmic conditioning by evaluating how structural changes
(measured by dyc;) in discovered models respond to behavioral dissimilarity between
the logs (measured by dj,,,). We consider each clean and noisy log pair generated,
which introduced a specific controlled log perturbations, measure the dyy,c; and djgg
values for them, and calculate the local « for each instance.

Absence Insertion Ordering Substitution Mixed

1074
10?4

1004 ©

Conditioning Number (k)

Conditioning Number (k)
=
=3
T
. N
Conditioning Number (k)

107 4 ®e

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Log Distance (d;) Log Distance (d;) Log Distance (d;)

(a) Alpha Miner (b) Heuristics Miner (¢) Inductive Miner

Fig. 2: Local condition numbers (x) across log perturbations for each process discovery
algorithm. Each point represents a clean-noisy log pair, with k quantifying the structural
change in the discovered models, captured by dy..;, relative to the difference between
logs (measured by dju,,). Point color indicates perturbation type.
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Table 1: Conditioning statistics by algorithm and noise type. Heuristics Miner (under-
lined) consistently shows the lowest kp values. “Indicates validation failure (relative
error > 50%); these values are excluded from the main analysis.

. Alpha Heuristics Inductive

Noise type

Ky K50 Kos Ky Ks0 Kos Ky K50 Kos
Absence 1123 0.28 2.98 7.36 036 2.39 1416  0.65 6.65
Insertion 22596 17.54 82.82 76.66 5.58 26.07 120.31 11.12 48.81
Ordering 27.69* 034" 653" 2127 078 9.04 71.29* 0.74* 1470~
Substitution 230.47 18.94 103.02 79.81 5.39 35.42 72.51 12.28 43.62
Mixed 104.47 11.69 54.27 40.39 342 19.31 74.13 932 41.84

The relationship between « values and dja, reveals that while hypersensi-
tivity to small log changes is consistently observed across all algorithms, with « values
concentrated at higher levels when dj,,, ~ 0, subsequent behavior exhibits distinct pat-
ters across perturbation types.

Absence and ordering perturbations show clear decay: maximum « declines from
over 10 at low dju,s to near zero at high dj,,. These perturbations directly disrupt
control-flow dependencies, driving models toward degenerate structures (e.g., flower-
like Petri nets). Once structural collapse occurs, further perturbations yield minimal
divergence. In contrast, insertion, substitution, and mixed perturbations exhibit non-
monotonic behavior: maximum « values rebound at large dj,,, (above 0.8), reaching
extreme sensitivity comparable to low dj,,e levels. This occurs because these perturba-
tions introduce new activities, forcing models to add transitions and maintain or increase
structural complexity rather than collapse.

Given this observation, we computed three statistics: (1) k; = maxk capturing
worst-case sensitivity; (2) kso (median) representing typical behavior; and (3) k95 (95th
percentile) indicating extreme but non-outlier sensitivity. The ratio kos/kso quantifies
input-dependency: values exceeding 10 indicate conditioning varies by more than an
order of magnitude. We validated estimates using a 70—30 split; errors below 50% con-
firm generalization. We analyze only validated results (that is, excluding Alpha Miner
and Inductive Miner under ordering noise). Results appear in|[Table 1|

Three trends emerge. First, all algorithms are severely ill-conditioned (k ranging
from 7.36 to 230.47), with the highest sensitivity for Alpha Miner under substitution
noise. Second, input-dependency concentrates in specific perturbations: ordering and
absence show kgs/ks9 > 10, where = 5% of logs experience catastrophic sensitivity,
while insertion and substitution maintain stable ratios, potentially because new activ-
ities consistently increase model complexity. Finally, Heuristics Miner demonstrates
superior conditioning (kso down to 0.36, k; < 79.81) compared to Alpha Miner (x;
up to 230.47) and Inductive Miner (k7 up to 120.31), suggesting its frequency-based
filtering offers measurable noise tolerance.

4.4 Stability Analysis

We now quantify algorithmic stability with respect to each analytical objective.
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Fig. 3: Distribution of model distance d from the ground truth system S by algorithm
and noise type for rediscoverability goal. Red points indicate 95% prediction bounds €.

Goal 1: Rediscoverability. We seek to discover the underlying system S from observed
log L such that lang(f(L)) = lang(S ). We define d as the distance between discovered
model and ground truth: da(f(L),S) = dp,(lang(f(L)),lang(S)). Input distance d
captures log-level perturbations via djg,.

To empirically assess stability, we compare the ideal model f(L) = S (ground truth)
against the discovered model f (L) for each log in our dataset. We compute d (S, f (L))
using dp, between their languages.

To generalize our findings to unseen logs, we use bootstrap prediction intervals.
From our sample of [ logs per noise type, we resample with replacement B = 10,000
times, computing the 95th percentile of dy values for each bootstrap sample. The 95th
percentile of these bootstrap percentiles gives us an upper prediction bound e.

This allows us to state that with 95% confidence, for any new log L from the
same distribution containing the same perturbation type, there is a 95% probability that
dm(f(L), f (L)) <e. shows the box plot showing the distribution of dy values
and our calculated € values.

All algorithms exhibit severe instability (e > 0.8) across most noise types, with in-
sertion noise causing near-complete or complete model collapse (€ ~ 1.0) universally
across Inductive (€ = 0.994), Alpha (e = 1.0), and Heuristics (e = 0.989). Substitution
noise similarly destabilizes all algorithms (¢ > 0.99), while ordering noise shows vari-
able impact, with Heuristics demonstrating relative robustness (e = 0.582) compared
to Inductive (¢ = 0.836) and Alpha (e = 1.0). Only absence noise reveals differential
algorithm behavior: Heuristics achieves the tightest bound (¢ = 0.576), followed by
Inductive (e = 0.830), while Alpha remains highly unstable (e = 0.939). Mixed noise,
combining multiple perturbation types, consistently produces high instability (¢ > 0.97)
across all algorithms. These discovery algorithms are fundamentally unstable under
common log perturbations for our intended goal.

Goal 2: Behavior Replay. We now consider the ideal algorithm f as one that identifies
a model perfectly replaying the input log: d,..(L, f(L)) = 0.

Inductive Miner guarantees by design that d,..(L, f(L)) = 0 for any log L. This
yields, daq = |dyec(L, (L)) — dyec(n(L), f(n(L)))| = |0 — 0| = 0, making Inductive Miner
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Bm Absence B Insertion Ordering Substitution Mixed ® ¢

Lot b

8
b L S S

Absence Insertion Ordering Substitution Mixed Absence Insertion Ordering Substitution  Mixed Absence Insertion Ordering Substitution Mixed
Noise Type Noise Type Noise Type

(a) Alpha Miner (b) Heuristics Miner (¢) Inductive Miner

Fig. 4: Distribution of model distance d from perfect replay fitness by algorithm and
noise type for behavior replay goal. Red point indicates 95% prediction bound e.

perfectly conditioned with a condition number x; = 0 (data perturbations cause no
model deviations with respect to replay fitness). Hence, Inductive should exhibit stabil-
ity for our objective. We verify this empirically and test whether other algorithms can
reliably achieve the same replay guarantee.

For stability, we measure dp( = d,e(L, f(L)): the deviation from perfect replay
fitness. We apply bootstrap prediction intervals (as in Goal 1) to establish upper bounds
€ such that, with 95% confidence, 95% of future logs will have dp < €.

shows stability bounds for the replay fitness objective. Inductive Miner
demonstrates near-perfect stability (e = 0.007-0.032), validating its design guarantee
that d,..(L, f(L)) = 0 regardless of perturbations. The slight non-zero values likely
reflect approximation errors in the utilized token-based d,.. implementation rather than
algorithmic instability. Insertion and mixed noise show the tightest bounds (¢ = 0.007
and 0.009 respectively), while ordering and absence noise exhibit slightly higher but
still negligible instability (e ~ 0.032).

Heuristics Miner shows strong stability (e ~ 0.107-0.116) with remarkable con-
sistency across all perturbation types, indicating modest replay fitness degradation. In
contrast, Alpha Miner exhibits severe instability across all noise types, with absence
noise showing the lowest (e = 0.757) and substitution the highest (¢ = 0.899) instabil-
ity, making it unsuitable for replay-focused applications.

5 Related Work

Our proposed properties builds upon and extends several established research directions
in process mining, particularly work on log quality, noise resilience, and rediscoverabil-
ity guarantees.

The concept of algorithmic conditioning relates closely to existing work on log
quality and noise resilience in process mining. The Heuristics Miner [23] was explicitly
designed to handle noisy logs by computing dependency measures between activities
based on observed frequencies. It introduces three configurable thresholds (dependency
threshold, positive observations threshold, and relative-to-best threshold) to filter low-



Conditioning and Stability in Process Discovery 13

confidence dependencies while preserving frequent behavioral patterns. By calculating
reliability scores for causal relations based on frequency patterns, the algorithm can
correctly mine causal structures even in the presence of noise. Vanden Broucke and
De Weerdt [20] refined this approach with improved robustness to noise, the ability
to discover duplicate activities, and flexible configuration options to drive discovery
according to end-user preferences, addressing several identified limitations in earlier
heuristic miners.

Complementary approaches focus on preprocessing event logs before discovery.
Conforti et al. [6] developed an automated technique to filter infrequent behavior by
constructing a log automaton and identifying anomalies through alignment-based re-
play. Their evaluation showed that even low levels of infrequent behavior (as little as
2% of the total log) can have detrimental effects on model quality for algorithms like
Heuristics Miner, Fodina [20], and Inductive Miner. Fani Sani et al. [8] proposed filter-
ing outliers using conditional behavioral probabilities, exploiting the observation that
infrequent behavior often exhibits different conditional dependencies than normal pro-
cess execution. Maruster et al. [16] applied supervised learning techniques to enhance
the Alpha algorithm’s noise tolerance by learning rules that distinguish genuine process
behavior from noise.

These works provide valuable practical solutions for handling noisy logs. Our con-
ditioning framework complements existing noise robustness work by systematically
characterizing perturbation sensitivity across model properties and perturbation types.
Where noise robustness research establishes mechanisms (filtering, thresholds, prepro-
cessing) for handling imperfect logs, conditioning quantifies the resulting sensitivity
landscape: which properties are affected by which perturbations, and to what degree.

The concept most closely related to our stability notion is rediscoverability: whether
a discovery algorithm can reconstruct the generative system using a log.

Van der Aalst et al. [2] introduced the Alpha algorithm with formal guarantees for
isomorphic-rediscoverability: the discovered Petri net is structurally identical to the
original system under specific assumptions. The key requirement is a directly-follows
complete log containing exhaustive information about local activity orderings. How-
ever, this assumption is often unrealistic, and the algorithm cannot handle short loops
or non-free-choice structures, limiting practical applicability.

Leemans [13]] formalized language-rediscoverability for the Inductive Miner frame-
work, which discovers block-structured models (process trees) through recursive log
splitting. The framework guarantees that if a process is expressible as a Process Tree
and the log is directly-follows complete (revealing behavioral dependencies for cut-
based decomposition), the algorithm rediscovers a model accepting the same language
as the original system. It is demonstrated that these guarantees hold efficiently even for
large logs.

Recent work extends rediscoverability to object-centric settings with multiple inter-
acting object types. Barenholz et al. [3] introduce reconstructability for Typed Jackson
Nets (T-JNs), proving that if traditional — that is, neither object-centric nor agent-based
— miners rediscover individual projected models from object-specific views, the T-JN
composition operator guarantees bisimilar rediscoverability of the integrated system.
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Stability broadens rediscoverability’s perspective from theoretical system recon-
struction to practical fitness for analytical purpose. While rediscoverability asks “Can
we reconstruct the original system given complete logs?”, stability asks “Can the al-
gorithm reliably serve my specific analytical purpose given realistic log conditions?”
This shift recognizes that practitioners often use discovery for diverse purposes beyond
system reconstruction-conformance checking.

6 Conclusion

This work introduces two non-functional properties for evaluating the reliability of pro-
cess discovery algorithms through conditioning and stability analysis, drawing from
numerical analysis to characterize algorithmic behavior under input perturbations and
purpose alignment.

Conditioning quantifies how sensitive an algorithm is to input log perturbations
through the condition number «, revealing how much a model property changes under
minor log perturbations, helping to understand how much should we care about data
preprocessing. Stability analysis addresses algorithm repurposing, quantifying expected
deviations when an algorithm designed for objective is evaluated against a different
analytical goal. Our stability property, which measures the maximum deviation from
the analytical goal, determines usability, whether results are adequate for analysis.

Our empirical evaluation demonstrated the usability of these properties using three
widely-used algorithms (Alpha, Heuristics, and Inductive miners), conditioning for
structural deviations of models under perturbations and stability across two objectives
provides quantifiable risk factors for expected model deviation from the expected. The
analysis reveals that stability is fundamentally objective-dependent: an algorithm can-
not be deemed “stable” or “reliable” in isolation but must be assessed relative to spe-
cific analytical goals. The same algorithm may exhibit perfect stability for one objective
while showing severe instability for another, depending on the alignment between its
design objective and the evaluation goal.

This objective-dependence has critical practical implications. Practitioners must
carefully match algorithm selection to their intended analytical purpose, recognizing
that algorithms optimized for one objective may be fundamentally unsuitable for an-
other. Research findings based on misaligned algorithm selections can yield mislead-
ing conclusions about algorithmic quality and performance. Importantly, once stability
analysis confirms that algorithm repurposing is acceptable for a given objective (that
is, stability bounds are within tolerable ranges), practitioners can then confidently con-
sider other non-functional properties such as computational efficiency, scalability, and
memory usage to balance accuracy against performance requirements. Without estab-
lishing stability first, optimizing for speed or resource efficiency may be premature —
fast algorithms that produce unreliable results may offer limited practical value.

Future research will primarily focus on expanding and operationalizing these prop-
erties. This involves extending its scope by applying it to a wider array of process
discovery algorithms (like genetic or deep learning miners) to create a comprehen-
sive reliability benchmark for the field. As process mining continues its evolution to-
ward widespread industrial deployment, understanding algorithmic reliability through
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objective-specific stability analysis becomes essential for trustworthy automated pro-
cess discovery in practice. Within the broader context of Information Systems Engi-
neering, this work contributes a principled foundation for assessing the reliability of
automated process modeling techniques that inform system design, analysis, and evo-
lution.
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