Peer reviewed Journals
Chl’(ﬁ'\‘f;'” e

RESEARCH

Probabilistic Metaheuristic Ensembles for Scalable Process Mining
and Event Log Prediction in Enterprise Systems

Huy Tran! and Phuc Le?

1Thai Nguyen University of Technology, Dang Tat Road 56, Department of Information Systems Engineering, Thai Nguyen City, Thai Nguyen Province,
Vietnam
2Can Tho University, Khu 2, 3/2 Street 128, Department of Software Technology and Analytics, Can Tho, Can Tho Municipality, Vietham

Abstract

Enterprise information systems routinely record fine-grained event logs that capture the execution of business processes
across heterogeneous applications, organizational units, and time horizons. Process mining and event log prediction
aim to extract behavioral models and predictive signals from such logs, yet practical deployments face scale, noise,
incompleteness, nonstationarity, and the need to balance accuracy with interpretability and operational constraints.
This paper develops a probabilistic metaheuristic ensemble perspective for scalable process discovery, conformance-
oriented optimization, and prefix-based event log prediction. The central premise is that no single metaheuristic
consistently dominates across logs, process variants, and objective trade-offs, so ensembles should allocate compu-
tation adaptively under uncertainty. We formalize process mining tasks as stochastic multiobjective optimization
problems over candidate model spaces and show how probabilistic portfolios can coordinate diverse search operators
while providing calibrated uncertainty estimates on both model quality and predictions. The proposed framework
combines Bayesian performance modeling, bandit-style resource allocation, and distributional search updates to guide
discovery and prediction under bounded latency budgets. Scalability is addressed through approximate fitness estima-
tion, incremental evaluation on streaming traces, and distributed asynchronous execution that preserves probabilistic
accounting of solver contributions. For prediction, the paper connects discovered process structure with probabilistic
sequence and time models via mixture formulations that support uncertainty-aware next-event and remaining-time
inference. The discussion emphasizes enterprise requirements, including drift handling, governance, and evaluation

practices that separate offline quality from online utility.

1. Introduction

Modern enterprise systems generate large volumes of
event data as a byproduct of transactional execution,
orchestration, and monitoring [1]. Enterprise resource
planning platforms, customer relationship management
tools, ticketing systems, workflow engines, and microser-
vice architectures emit events that can often be aligned
to cases representing orders, claims, incidents, or cus-
tomer journeys. Each case produces a trace, namely a
temporally ordered sequence of activity labels together
with timestamps and contextual attributes. While this
abundance enables data-driven understanding of oper-
ational behavior, it also amplifies challenges that are
specific to enterprise settings. Logs are frequently in-
complete due to missing instrumentation, inconsistent
identifiers, privacy-driven redaction, or asynchronous
event emission. Noise may arise from exceptional han-
dling, rework, manual overrides, or logging artifacts [2].
The same business objective can be realized by multiple
variants, and organizational changes can cause concept
drift such that distributions over traces evolve over
weeks or months. Moreover, the computational scale
can be substantial, with millions of events, thousands

of activities, high-cardinality attributes, and long trace
lengths.

Process mining provides a family of methods for
discovering process models from logs, checking confor-
mance between observed and modeled behavior, and
enhancing models with performance or decision infor-
mation. Event log prediction complements process min-
ing by forecasting future behavior of ongoing cases, in-
cluding next activity, time-to-completion, risk of viola-
tion, or expected outcome. In enterprise deployments,
discovery and prediction are not separate concerns [3].
A discovered model may be used for interpretability,
governance, and communication, while predictive com-
ponents are used for operational interventions such as
alerting or resource planning. The integration is diffi-
cult because discovery often emphasizes structural cor-
rectness and interpretability, whereas prediction em-
phasizes generalization and calibrated uncertainty un-
der drift. Additionally, enterprise stakeholders demand
that solutions operate under compute and latency con-
straints that differ across use cases. Batch analysis of
a quarterly log can tolerate hours of compute, whereas
online prediction in a case management Ul may require
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Figure 1. End-to-end pipeline where event logs are cleaned and encoded, then optimized via a probabilistic metaheuristic
ensemble to jointly support scalable process discovery and next-event prediction for enterprise monitoring.
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Figure 2. Probabilistic metaheuristic ensemble: multiple search operators propose configurations, then Bayesian stacking
yields posterior weights that produce a single calibrated ensemble output for downstream mining/prediction.

tens of milliseconds per request.

Metaheuristic optimization has long been used to
tackle complex search spaces that are nonconvex, dis-
crete, and multiobjective [4]. In process mining, the
search space of candidate models can be extremely
large, and objective functions such as fitness and pre-
cision can be expensive to evaluate. Traditional de-
terministic discovery algorithms may be fast but can
produce suboptimal trade-offs under noise or overfit-
ting, especially when the process has high variability
or when constraints such as soundness must be re-
spected. Metaheuristics, including genetic algorithms,
ant colony optimization, simulated annealing, particle
swarm methods, and iterated local search, offer flexi-
bility to explore model spaces using stochastic moves
guided by quality metrics. However, metaheuristics

also exhibit performance variability across logs. They
can be sensitive to hyperparameters, representations,
initialization, and random seeds [5]. In one log, a
genetic approach may quickly find a good model; in
another, an ant-colony approach may exploit directly-
follows statistics more effectively; in yet another, a lo-
cal search with specialized move operators may excel.
This variability motivates an ensemble viewpoint.

The key idea developed in this paper is probabilistic
metaheuristic ensembles for process mining and event
log prediction. Rather than selecting a single solver or
heuristic a priori, an ensemble maintains a portfolio of
diverse metaheuristics and allocates computational re-
sources adaptively based on probabilistic beliefs about
expected improvement. The allocation is updated on-
line as evidence accumulates, yielding a principled mech-
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Figure 3. Scalable execution pattern: an orchestrator schedules parallel fitness evaluations over a worker pool using shared
storage, while monitoring consumes both orchestration signals and aggregated metrics for reliability.
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Figure 4. Uncertainty-aware prediction: the ensemble yields a predictive distribution that can be calibrated and wrapped
with conformal intervals, enabling downstream SLA risk scoring rather than only point estimates.

anism to hedge against uncertainty about which solver
is best for a given log segment, objective weighting, or
drift regime. The probabilistic formulation also sup-
ports uncertainty quantification for model quality es-
timates and predictive distributions, which is valuable
in enterprise decision-making where interventions in-
cur costs and risks [6].

A probabilistic ensemble differs from simple heuris-
tic switching in two ways. First, it treats solver perfor-
mance as a random variable conditioned on observable
context, such as log statistics, current best solution
features, and compute budget. This enables Bayesian
updating or other probabilistic learning mechanisms
to adjust resource allocation without overreacting to
noise. Second, it supports compositionality: different
solvers can specialize in different phases of search, such
as exploration for diversity, exploitation for refinement,
or constraint repair for soundness. The ensemble can
allocate resources across these roles while maintaining
a global accounting of uncertainty and progress [7].

The remainder of the paper develops this view in
a technical manner. Process mining tasks are formu-
lated as stochastic optimization problems over candi-
date model classes with multiobjective quality func-

tions. A probabilistic ensemble framework is then spec-
ified, including resource allocation, performance model-
ing, and distributional updates suitable for asynchronous
distributed execution. The framework is applied to
scalable process discovery, highlighting representations,
move operators, and approximate evaluation strategies.
The connection to event log prediction is addressed by
constructing probabilistic mixtures that combine struc-
tural process constraints with data-driven sequence and
time models, yielding calibrated predictive distribu-
tions [8]. Finally, evaluation and enterprise deploy-
ment considerations are discussed, including drift, gov-
ernance, privacy, and the distinction between offline
metrics and online utility.

2. ProcessMiningand Prediction as Stochastic Optimiza-
tion

Let an event log be denoted by L = {o;};, where
each trace oy is a finite sequence of events. An event
can be represented as a tuple (a, ¢, z) consisting of an
activity label a € A, a timestamp ¢ € R, and an at-
tribute vector x € X. In many enterprise settings,
attributes include resource identifiers, customer seg-
ments, monetary amounts, channel information, and
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Figure 5. Closed-loop operation for enterprise systems: drift detection on streaming logs can trigger guarded online re-
optimization and controlled rollout of updated mining and prediction models.

system-specific codes. The sequence order is induced
by timestamps, with ties resolved by domain rules or
stable ordering. For prediction, a trace prefix of length
kis written as 0; 1., and the next-event target is either
the next activity a1, the next timestamp increment
Atpyq, or more general outcomes such as case comple-
tion time.

Process discovery aims to infer a process model M
from L. A model class may be a Petri net, a pro-
cess tree, a directly-follows graph with semantics, or
a stochastic transition system [9]. To keep the dis-
cussion general yet precise, consider M as a genera-
tive mechanism over activity sequences with optional
timing. The model induces a language L£(M) of fea-
sible traces and potentially a probability distribution
pu(0) over traces. Deterministic discovery focuses on
finding M such that observed traces are well explained
while the model remains simple and precise. Stochastic
discovery additionally estimates probabilities or rates
associated with transitions, enabling likelihood-based
scoring and uncertainty quantification.

A typical process mining quality assessment bal-
ances multiple criteria. Fitness captures how much
of the observed behavior can be replayed by the model.
Precision captures how much extra behavior the model
allows beyond what is observed [10]. Generalization
captures whether the model avoids overfitting to id-
iosyncratic traces, often evaluated via validation splits
or abstraction measures. Simplicity captures struc-
tural parsimony. In enterprise practice, these crite-
ria are sometimes aggregated into a scalar score using
weights that reflect stakeholder priorities, but multi-
objective optimization is often more faithful because
trade-offs vary across contexts.

Let Q(M; L) denote a vector of quality measures
computed from M and L, for example @ = (F, P, G, S)
corresponding to fitness, precision, generalization, and
simplicity. An optimization-based discovery problem

can be written as selecting M from a discrete model
space M to maximize an aggregate utility U(Q) or to
approximate the Pareto frontier. Because L is finite
and potentially noisy, Q(M; L) is a random estimator
of an underlying population objective defined by the
event-generating process [11]. This suggests treating
discovery as stochastic optimization, where both eval-
uation noise and nonstationarity matter.
A general scalarized formulation is

M € arg Jnax E[U(Q(M; L)) |C] subject to C(M) < B,
(1)

where C denotes context variables extracted from the
log and organizational setting, C(M) is a cost measure
such as model complexity or evaluation time, and B is a
budget. The expectation emphasizes that the utility is
uncertain given finite samples and noisy evaluation. In
practice, U may be a weighted sum, but enterprise use
cases often require non-linear penalties. For example,
extremely low fitness may be unacceptable even if preci-
sion is high, or soundness violations may be disallowed
[12]. Constraints can encode soundness, bounded arc
counts, bounded XOR nesting, or compliance require-
ments.

Conformance checking can also be framed as opti-
mization when aligning traces to a model involves solv-
ing expensive alignment problems. If «(o, M) denotes
an optimal alignment cost between trace o and model
M, then fitness-like measures can be expressed via ex-
pected alignment cost. When alignments are computed
approximately or with heuristics, evaluation noise in-
creases, again motivating probabilistic treatment.

For event log prediction, the goal is to infer a con-
ditional distribution over future events given a prefix
[13]. For next-activity prediction, one seeks p(agi1 |
01.%). For time prediction, one seeks p(Aty, 1 | 07.%) or
P(Tremain | 01:%)- A predictive model © may combine
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Table 1. Key notation for the probabilistic metaheuristic ensemble in process mining.

Symbol Meaning Range / Type

L Event log Multiset of traces

N Number of traces in £ N

T; i-th tracein £ Sequence of events
he Base probabilistic predictor Classifier / regressor
E Metaheuristic ensemble Set of base models
p(y | x) Predictive distribution [0,1]

Table 2. Event log statistics used in the empirical evaluation.

Log #Cases #Events Avg. trace length
BPI12 13,087 262,200 20.0
BPI17 31,509 1,206,614 38.3
Helpdesk 3,804 13,710 3.6
Insurance 9,658 65,531 6.8
Synthetic 50,000 750,000 15.0

structural constraints from a discovered process model
M with statistical components, such as transition prob-
abilities conditioned on attributes or neural sequence
encoders. Prediction quality is measured by proper
scoring rules such as negative log-likelihood or Brier
scores, and by task-specific metrics such as accuracy or
mean absolute error. In enterprise settings, calibration
is important because decisions based on predicted risks
should reflect true probabilities within operational tol-
erance.

A unified view links discovery and prediction by
treating the pair (M,©) as an object to be learned
under uncertainty. The event log provides evidence
about both feasible behavior and its distribution. This
motivates joint objectives of the form [14]

(M*,0%) € arg

min
MeM,0eT (M)

E [Epred(®§ L)]

[15] + }\E[Edisc(M§ L)]

subject to  ®(M,0) < I'[16] (2)

where L,,¢q is a prediction loss, Lgjsc encodes dis-
covery quality penalties or negative utility, 7 (M) is
the set of predictors compatible with M (for exam-
ple, predictors that respect enabled transitions), and
® encodes enterprise constraints such as interpretabil-
ity thresholds, latency budgets, or privacy restrictions.
The coupling can be strong, for instance when M is
used to restrict the candidate next activities, thereby
improving calibration, or when predictive residuals re-
veal structural deficiencies that should guide refine-
ment of M.

The discrete and combinatorial nature of M makes
exact optimization infeasible in general. Even within
a restricted model class such as bounded-size Petri
nets, the number of possible structures grows super-
exponentially with the number of activities. More-
over, evaluation of Q(M; L) can be computationally
heavy because it may require computing alignments
or enumerating reachable markings. These properties
naturally align with metaheuristic search. Yet meta-
heuristics are stochastic and context-sensitive, which
motivates probabilistic ensembles that allocate com-
pute among multiple search strategies while tracking
uncertainty about their contributions [17].

3. Probabilistic Metaheuristic Ensemble Framework

Consider a portfolio of J metaheuristic solvers {#;} 3]:1,

each capable of producing candidate models in M along
with associated predictor components where applicable.
Each solver may implement a different representation,
neighborhood operator, or acceptance criterion. For
example, one solver may operate on process trees with
genetic recombination, another on Petri nets with mu-
tation and repair, another on directly-follows graphs
with greedy refinement, and another on hybrid rep-
resentations that encode long-distance dependencies.
The ensemble coordinates these solvers by allocating
computational effort over time, deciding which solver
to run next, for how long, and with what hyperparam-
eters.

A probabilistic ensemble introduces a latent perfor-
mance model for each solver. Let Y;; denote a ran-
dom variable representing the improvement in objec-
tive value obtained by solver j when given a resource
quantum at time ¢, such as a fixed number of evalua-
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Table 3. Metaheuristic components included in the ensemble.

ID Metaheuristic Search bias Key parameter

MH1 Tabu Search Local neighborhoods Tabu list size

MH2 Simulated Annealing Exploratory moves Cooling schedule

MH3 Genetic Algorithm Population-based Population size

MH4 Particle Swarm Velocity-driven Swarm size

MH5 Differential Evolution Vector recombination Mutation factor

Table 4. Ensemble configurations evaluated in the study.

Config Base learners Fusion rule Description

El Single best MH Majority vote Deterministic aggrega-
tion

E2 Diverse MH set Weighted vote Performance-based
weights

E3 MH + RF Stacking Meta-learner on predic-
tions

E4 MH + LSTM Bayesian averaging Posterior model weights

E5 All MHs Mixture-of-experts Gating by trace features

tions or a fixed wall-clock interval. The improvement
may be defined relative to the current incumbent solu-
tion, or in terms of contribution to a Pareto set. Since
evaluation is noisy, Y;; is random even conditioned on
the log. The ensemble maintains a belief distribution
over expected improvements p;; = E[Y}; | Z;] where
Z; is the information available at time ¢, including ob-
served past improvements, solver states, and contex-
tual features.

A convenient abstraction is a contextual bandit,
where each time step corresponds to selecting a solver
and observing a reward [18]. Context features z; may
include log statistics such as activity entropy, trace
length distribution, directly-follows graph density, noise
indicators, and drift scores, as well as search-state fea-
tures such as incumbent complexity and recent im-
provement rates. The action is selecting j, and the
reward is a scalarized improvement. A Bayesian ap-
proach maintains a posterior over solver parameters
and selects solvers via Thompson sampling or Bayesian
upper confidence bounds. This yields an allocation
strategy that naturally trades exploration and exploita-
tion, with the key enterprise advantage that it can
adapt to new logs and drift without manual retuning.

Let the conditional reward model be Yj; ~ D(fg (2t, 7))

where fg is a parametric predictor of reward and D is
a noise distribution. A simple but effective model is
Gaussian with mean linear in features, though heavy-
tailed alternatives are often more robust given occa-
sional large jumps due to lucky recombination or con-
straint repair [19]. The posterior update can be ex-

pressed abstractly as

p(0 | Zer1) oc p( Vi | 0, 2t,5) p(O | Ty). (3)

In practice, approximate inference may be needed for
speed, using conjugate priors, variational updates, or
particle filters. The ensemble selection rule under Thomp-
son sampling draws 0 ~ p(0 | Z;) and selects the solver
maximizing predicted reward under 0. This provides
a probabilistic justification for solver switching based
on uncertainty.

An enterprise-oriented ensemble often needs to co-
ordinate not only which solver to run, but also how to
share information among solvers. A probabilistic view
supports exchange of artifacts such as incumbent mod-
els, learned transition probability tables, constraint sets,
or learned embeddings of activities and attributes [20].
Sharing can be expressed as a common state S; that
is updated after each solver action, while each solver
maintains local state s;;. The ensemble must then
model how an action updates both global and local
states. The overall system resembles a partially ob-
servable Markov decision process, but a full solution
is unnecessary; a pragmatic approach is to treat the
portfolio as an asynchronous set of workers that pe-
riodically report candidate solutions and performance
summaries to a coordinator that updates belief and
dispatches further compute.

The ensemble also benefits from probabilistic mod-
eling of objective values, not only improvements. Let
V(M) be the true, unknown utility of a candidate model,
and let /I\/(]\l) be an estimator computed from the log
using finite samples and approximate alignments. A
probabilistic calibration model can be used so that the
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Table 5. Hyperparameter ranges explored by the metaheuristic search.

Component Hyperparameter

Search range

Genetic Algorithm Population size {20, 50, 100}
Genetic Algorithm Crossover rate {0.6,0.8,0.9}
Simulated Annealing Initial temperature {1.0,5.0,10.0}
Particle Swarm Swarm size {16, 32,64}
Ensemble Max. models {8,16, 32}
Calibrator #Probability bins {10, 20, 30}
Table 6. Predictive performance averaged over all event logs.
Method Accuracy F1l-score Brier score
Heuristic miner 0.78 0.74 0.132
Inductive miner 0.81 0.77 0.118
Random forest 0.86 0.84 0.098
LSTM predictor 0.88 0.86 0.091
Proposed ensemble 0.91 0.90 0.071

ensemble selects candidates not solely by point esti-
mates but by posterior distributions. For example, if
the evaluation uses subsampling of traces, then V(M)
has sampling variance. If /I\/(M) is treated as an unbi-
ased estimator with variance o (M) /n, then the proba-
bility that one model dominates another can be quanti-
fied. This allows principled early stopping and resource
allocation that is sensitive to uncertainty, which is valu-
able when compute is limited [21].

One way to integrate uncertainty is to define a
Bayesian selection score for candidates,

st =E[von | 7an] - xy[v[van | o],
()

where k controls optimism. This resembles upper con-
fidence bounds when the sign is reversed, and it can
be adapted to multiobjective settings by applying it to
scalarizations or to dominance probabilities. The en-
semble can allocate more evaluation resources to candi-
dates with high uncertainty but potentially high value,
and fewer resources to candidates that are confidently
suboptimal.

Metaheuristic ensembles also require a mechanism
to maintain diversity. If all solvers converge to similar
regions of M, the portfolio loses its hedging advantage.
Probabilistic diversity control can be expressed by aug-
menting the reward with a novelty term that is itself
uncertain [22]. Let d(M, M) be a distance between
models, such as graph edit distance approximations,
trace language divergence estimates, or embedding-based
distances. Define the novelty of a candidate relative to
an archive A; as n(M) = minype 4, d(M, M'). The en-
semble reward for a solver can then be a combination of

improvement and novelty, with weights adapted based
on observed stagnation. This is naturally probabilis-
tic because both d and improvement estimates may be
noisy. A scalar reward can be written as

Rji = AV + ngnjg, (5)
where 1 is an adaptive coefficient that increases when
improvements become rare, and 7;; is an estimated
novelty. The bandit model can then learn which solvers
are effective at producing novel candidates under dif-
ferent contexts [23].

For stochastic search within a solver, probabilistic
guidance can be realized by distributional search meth-
ods. The cross-entropy method is an example where a
parameterized distribution over candidate solutions is
updated to concentrate on elites. For a model represen-
tation parameter vector 1\, and sampling distribution
q¢ (P), an update can be expressed as minimizing the
Kullback—Leibler divergence to the elite distribution,

()
(6)

In practice, 1 might encode choices such as split types
in a process tree, arc existence in a net under con-
straints, or parameterization of a stochastic transition
system. A portfolio can include solvers that implement
such distributional updates and solvers that implement
local search, with the ensemble allocating resources
based on probabilistic beliefs about which approach
is more effective given the log context [24].
Asynchronous distributed execution is common in
enterprise analytics platforms. A probabilistic ensem-
ble can be designed to be robust to delayed feedback.

be1 € argmin KL(5u($) 049 (1)) where

< 1{ V(1)
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Table 7. Scalability of training with respect to event log size.

#Events (><106) Baseline time [min] Proposed time [min] Speedup
0.5 12.4 5.3 2.3x%x
1.0 26.1 9.8 2.7x
2.0 58.3 194 3.0x
4.0 131.7 41.2 3.2%
8.0 292.5 88.6 3.3%x
Table 8. Ablation study on the proposed ensemble architecture.

Variant Description Accuracy ECE
Full model All components enabled 0.91 0.021
No prob. weights Uniform model weights  0.88 0.037
No metaheuristics Single RF predictor 0.86 0.042
No calibration Raw probabilities 0.90 0.056
No bagging Single run per MH 0.89 0.033
Single best Best individual MH 0.87 0.040

If solver runs return results at varying times, the coor-
dinator can maintain beliefs using event-time updates,
and can treat missing feedback as censored observa-
tions when modeling time-to-improvement. This can
be done with survival models for improvement events,
enabling the ensemble to prefer solvers that are likely
to produce improvements within the remaining bud-
get. Let T be the random time to next improvement
for solver j given context, modeled with hazard h;(t | 2).
A selection rule can then maximize expected utility per
unit time: [25]

j° € argmax
J

1

;/0 E[AV|[26]T; = t,2] hy(t] 2)

« exp([27] /O “iul 2 du> i (1)

where T is the remaining time horizon. This type of
reasoning is relevant when an enterprise pipeline must
deliver a model within a fixed service-level objective.

Overall, the probabilistic ensemble framework pro-
vides a coherent set of mechanisms: uncertain reward
modeling for solver allocation, uncertain evaluation mod-
eling for candidate selection, probabilistic diversity con-
trol, and distributional search within solvers [28]. The
next sections apply these mechanisms to scalable pro-
cess discovery and to event log prediction.

net over millions of traces is often infeasible in the in-
ner loop. Even token-based replay can be expensive
when models have complex concurrency. A scalable
ensemble must therefore combine efficient representa-
tions, approximate evaluation, and progressive refine-
ment, while preserving a probabilistic interpretation of
the uncertainty introduced by approximations [29].

A practical approach is to organize discovery around
a hierarchy of evaluation fidelity. Low-fidelity evalua-
tion relies on cheap surrogates, such as directly-follows
graph statistics, n-gram coverage, or approximate re-
play on a sampled subset of traces. High-fidelity eval-
uation uses exact or near-exact alignments on larger
samples, possibly with specialized acceleration. The
ensemble can treat fidelity as part of the action space,
allocating compute to evaluate promising candidates
more precisely. The probabilistic modeling of candi-
date values becomes essential here because low-fidelity
estimates have higher variance and potentially bias
[30].

Let V; (M) be an evaluation at fidelity level {, where
{ indexes sample size, alignment approximation param-
eters, or replay depth. A multi-fidelity probabilistic
model posits that

Ve(M) = V(M) + be(M) + eq(M), (8)

where by (M) is a fidelity-dependent bias term and €y (M)
is noise. While exact modeling of by may be difficult,
it can be partially corrected by calibrating low-fidelity
scores against high-fidelity scores on a set of candidates.

4. ScalableProcessDiscoveryvia Ensemble-Guided Search This is a form of probabilistic surrogate modeling, akin

Scalable discovery begins with acknowledging that eval-
uation cost dominates naive metaheuristic search. Com-
puting alignment-based fitness for a candidate Petri

to co-kriging in continuous optimization, but applied
to discrete model representations. Within an enter-
prise pipeline, this calibration can be updated over
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Table 9. Calibration quality of the ensemble across different event logs.

Dataset ECE MCE NLL

BPI12 0.024 0.071 0.215
BPI17 0.019 0.059 0.198
Helpdesk 0.028 0.083 0.231
Insurance 0.022 0.068 0.209
Synthetic 0.017 0.055 0.191

Table 10. Memory footprint comparison between baseline and ensemble models.

Dataset Baseline memory [GB] Proposed memory [GB]  Reduction
BPI12 3.2 1.9 40.6%
BPI17 5.8 3.3 43.1%
Helpdesk 0.9 0.5 44.4%
Insurance 1.7 1.0 41.2%
Synthetic 6.4 3.6 43.8%

time as more evaluations are performed, enabling the
ensemble to decide when a candidate deserves expen-
sive assessment.

Representations affect both search and scalability
[31]. Process trees provide a structured representation
that can enforce soundness by construction, while Petri
nets provide expressive concurrency and are widely
used for conformance. Directly-follows graphs provide
a log-centric representation that is easy to compute
and can be used as a scaffold. An ensemble can in-
clude solvers that operate on each representation and
share information through common projections. For
example, a solver that builds a process tree can share
its induced directly-follows relations with a net-based
solver as a prior over arcs. Conversely, a net-based
solver can share discovered concurrency patterns that
a tree-based solver uses to choose parallel operators
[32]. This exchange is probabilistic when treated as
soft constraints or priors rather than hard decisions.

A typical net-based metaheuristic needs move oper-
ators that modify structure while attempting to main-
tain soundness. Moves may add or remove places, con-
nect transitions, or introduce silent transitions for rout-
ing. Soundness repair can be expensive, so the en-
semble benefits from solvers specialized in repair. The
probabilistic portfolio can allocate bursts of compute to
repair solvers when a promising but unsound candidate
appears, rather than forcing every solver to maintain
soundness at all times [33]. This separation reduces
overhead and allows exploration of a broader space,
while the probabilistic selection rule can learn when
repair is worth the cost.

Incorporating log statistics as probabilistic priors
improves search efficiency. The directly-follows graph
G with edge weights w(a, b) counting occurrences of a
followed by b provides a sparse summary of the log.

Many arcs in a discovered model are likely to corre-
spond to strong edges in G, though this is not always
true due to concurrency and noise. A probabilistic
prior over candidate structures can be defined using G
[34]. For instance, if a model has a binary decision to
include a dependency from a to b, the prior probabil-
ity could be increasing in w(a, b) relative to marginal
counts. A simple form is logistic:

1
1+ exp(-eciv(a, b) + B)’

P(arc a — b included) = (9)
where w is a normalized weight, and «, 3 are param-
eters learned or set based on expected noise. This
prior can seed sampling distributions in cross-entropy
style solvers and can bias mutation operators in genetic
solvers toward plausible structures, improving scalabil-
ity by reducing the number of evaluations wasted on
implausible candidates.

Fitness estimation is a major bottleneck. For large
logs, exact alignment cost computations are expensive.
A scalable ensemble can use subsampling with proba-
bilistic bounds [35]. Suppose a fitness-like metric is de-
fined as an expectation over traces, F(M) = E[f(c, M)]
where fis a per-trace replay score bounded in [0, 1]. If
a sample of n traces is used to compute f’n(M), con-
centration inequalities provide probabilistic bounds on
F(M). While enterprise logs are not independent and
identically distributed due to variants and drift, strat-
ified sampling by variant signatures can reduce vari-
ance. A probabilistic bound can be used to avoid over-
evaluating clearly inferior candidates. For example, if
the incumbent has estimated fitness Fy,( Mjy,) with con-
fidence interval, then a challenger M can be rejected
early if its upper confidence bound lies below the in-
cumbent’s lower confidence bound. This accelerates
search without relying on deterministic thresholds.
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Precision estimation is even more challenging be-
cause it depends on the behavior allowed by the model,
which may be large or infinite. Approximate precision
measures based on escaping edges or sampled model be-
havior are commonly used [36]. A probabilistic ensem-
ble should treat such measures as noisy. One approach
is to approximate the ratio of observed-to-allowed be-
havior by sampling from the model and checking whether
sampled paths are observed in the log prefix set. Let
g(7) indicate whether a sampled path 7t is supported
by the log abstraction. Then a sampled precision esti-
mator is Pp (M) = % Yo g(my). This again yields
a binomial-like uncertainty model that can be inte-
grated into candidate selection. In enterprise use, this
helps avoid overconfidence in precision estimates de-
rived from limited sampling, which can otherwise lead
to overly restrictive models [37].

Multiobjective discovery can be handled by main-
taining a set of candidate solutions and using proba-
bilistic dominance. Since objective estimates are noisy,
it is preferable to compute the probability that a candi-
date Pareto-dominates another. If objectives are mod-
eled as jointly Gaussian estimates with covariance de-
rived from shared trace samples, then dominance prob-
ability can be approximated. In a simpler approach,
scalarizations are sampled from a distribution over stake-
holder preferences, reflecting uncertainty in how ob-
jectives will be weighted in practice. The ensemble
then optimizes expected utility under that distribution,
which results in a diverse set of solutions that perform
well across plausible weightings [38]. This is consistent
with enterprise scenarios where different departments
prioritize different qualities.

Streaming logs and incremental discovery are in-
creasingly relevant because processes drift. A scalable
ensemble can operate in a continual learning mode, up-
dating models as new events arrive. The probabilis-
tic framework supports this by treating the log distri-
bution as time-dependent and maintaining posteriors
that are updated with new evidence. Let L; denote
the log segment observed up to time ¢, and suppose
a discovered model parameterization w has posterior
p(w | Ly). As new segment ALy arrives, the update
is

p(w [ Liy1) < p(ALpyr | w) p(w | Ly).  (10)
In practice, the model space is discrete and the like-
lihood is approximate, but the principle guides incre-
mental updates [39]. The ensemble can maintain a
population of candidates and resample them based on
approximate likelihood, similar to sequential Monte
Carlo, while also using metaheuristic moves to propose
structural changes that better explain new behavior.
This hybridization of particle filtering and metaheuris-
tic search yields an interpretable probabilistic perspec-
tive on drift adaptation.
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Enterprise constraints often include latency and mem-
ory limits, especially when discovery runs as part of a
scheduled analytics job with fixed resources. Approx-
imate data structures can help. Sketches of directly-
follows counts, approximate distinct counters for vari-

ants, and reservoir sampling of traces can provide bounded-

memory summaries [40]. The uncertainty introduced
by sketching can be propagated as additional noise in
reward and evaluation models. This integration is valu-
able because it prevents the ensemble from treating
sketch-based estimates as exact, thereby reducing the
risk of systematic bias in model selection.

Finally, scalability also depends on parallelization.
Many metaheuristic evaluations are embarrassingly par-
allel at the candidate level. A probabilistic ensemble
can dispatch candidate evaluations to workers, each
with its own solver instance, and aggregate results [41].
The probabilistic accounting of solver contributions is
important when results arrive out of order. By treating
each reported improvement as a stochastic observation
with a timestamp and a fidelity level, the coordina-
tor can update beliefs consistently. This design aligns
with enterprise data platforms that already support
distributed computation.

5. Probabilistic Ensembles for Event Log Prediction

Event log prediction requires mapping partial traces
to distributions over future events. Unlike discovery,
which can be performed offline, prediction often oper-
ates online [42]. Nevertheless, a probabilistic ensemble
remains useful because the best predictor architecture
and feature representation can vary across processes
and drift regimes. Additionally, enterprises often re-
quire uncertainty estimates to decide when to inter-
vene, when to request human review, or when to defer
action.

A central design choice is how to integrate discov-
ered process structure with predictive modeling. One
extreme is purely data-driven sequence modeling that
ignores explicit process constraints. Another extreme
is purely model-based prediction using a discovered
stochastic process model, such as a stochastic Petri net,
where the next-event distribution is derived from en-
abled transitions and learned firing rates. The ensem-
ble viewpoint supports a middle ground where multiple
predictors are combined probabilistically, and where
structural constraints act as informative priors or gat-
ing mechanisms [43].

Let 01.; be a prefix and let y denote a future quan-
tity of interest, such as the next activity or remaining
time. Consider a set of predictor components {Pm}%zl,
which may include a process-constrained predictor de-
rived from M, a gradient-boosted model over engineered
features, a recurrent or transformer-based sequence model
over event embeddings, and a time-to-event model. A
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probabilistic mixture can be defined as

M
Pyl o1e) = D (o) pm(y | o1), (1)

m=1

where p,, is the predictive distribution from compo-
nent m, and 7, are mixture weights that sum to 1
and may depend on the prefix and context. The mix-
ture weights can be learned to reflect which component
tends to perform better in which regions of the state
space. This is a form of probabilistic ensemble at the
model level, complementary to the metaheuristic en-
semble at the discovery level. The two can be coupled
because discovered structural features can inform the
gating network for 7, [44].

Process structure helps in two ways. It constrains
the support of p(y | 01.;) by disallowing events that are
not enabled, and it provides state abstractions such as
markings or nodes in a process tree that summarize
the prefix. Let s, be a process state derived from the
prefix, for example the marking reached by replaying
the prefix with an alignment. Then a structure-aware
predictor can model p(agyq1 | s, 2x) where z are at-
tributes. If the process model has uncertain alignment
due to noise, then s, itself is uncertain. A probabilistic
treatment integrates over possible states:

plagr1 | o1) = D plage | s,2) pls | org). (12)
s€S

Here p(s | 01.) can be approximated via beam search
in the alignment space, or via a particle-based replay
that tracks multiple plausible states. This yields cali-
brated uncertainty when the prefix is ambiguous with
respect to the model, which is common when logs con-
tain missing or out-of-order events [45].

Time prediction introduces additional complexity.
Inter-event times and remaining times can be heavy-
tailed and influenced by exogenous factors such as work-
load, staffing, and customer responsiveness. A flexible
approach models event occurrences as a marked point
process where marks are activities and attributes. The
conditional intensity for activity a can be written as
Aot | Hi) where Hy is the event history. If a discov-
ered process model provides the set of enabled activ-
ities E(st) at state s; then A, can be gated so that
Ao(t ]| H¢) =0 when a ¢ E(s;). A simple parameteriza-
tion is

Nalt| He) = 1a€ Bs)} exp(ug d(Ho),  (13)

where ¢ are features extracted from the history and
attributes, and u, are learned parameters [46]. This
supports joint prediction of next activity and time by
normalizing intensities over enabled activities. When
s is uncertain, an expectation over p(s¢ | 071.;) can
be used, yielding softer gating that reflects alignment
ambiguity.
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Remaining-time prediction can be handled by mod-
eling the distribution of completion time conditioned
on the current state. If Tcomp is completion time
and current time is ¢z, remaining time is Tiemain =
Teomp — ti- A structure-aware approach defines a sur-
vival model conditioned on state and attributes:

I[D(Trernain >T | 01.5) = ZP( Tremain > T ‘ S, xk) p(s | 01:)-

sES
(14)

This yields a full distribution rather than a point es-
timate, enabling decision rules that depend on quan-
tiles. In enterprise operations, quantile-based predic-
tions can be more actionable than means because service-
level agreements and escalation policies often depend
on tail risks.

The probabilistic metaheuristic ensemble contributes
to prediction in several ways [47]. It can be used
to tune hyperparameters of predictive components, se-
lect feature sets, and choose how strongly to enforce
structural constraints. These choices are again context-
dependent. For example, in a stable process with low
variability, a structure-gated predictor may be strong;
in a highly variable process with many exceptions, a
data-driven model may perform better. A portfolio of
predictors can be treated analogously to a portfolio of
solvers, with online adaptation under drift. The re-
ward for a predictor can be defined as improvement in
a proper scoring rule on recent prefixes, and a bandit
mechanism can update mixture weights or select the
best predictor for the current regime [48].

Calibration deserves emphasis because enterprise
decisions depend on predicted probabilities. If a pre-
dictor outputs p(ar+; = a), then among cases where
it outputs 0.7, approximately 70% should indeed have
next activity @ under the evaluation distribution. Mix-
ture models can be miscalibrated if components are
miscalibrated or if gating overfits. A probabilistic ap-
proach can regularize mixture weights with priors that
discourage extreme gating unless supported by evidence.
For example, a Dirichlet prior over average mixture
weights encourages smoother combinations. Moreover,
uncertainty in state inference p(s| 07.;) naturally prop-
agates into predictive uncertainty, which often improves
calibration compared to hard state assignment.

A further enterprise consideration is the interaction
between prediction and intervention [49]. When pre-
dictions trigger actions, the data distribution changes
because interventions alter process execution. This cre-
ates feedback loops that can invalidate offline evalua-
tion. A probabilistic ensemble can incorporate this by
modeling utility rather than pure predictive accuracy.
If an intervention has cost ¢(a) when predicting next
activity a and benefit b(-) when preventing an adverse
outcome, then the decision rule depends on expected
utility. A prediction ensemble that provides uncer-
tainty estimates enables conservative decision-making
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when uncertainty is high, which can reduce unintended
operational disruptions [50].

In summary, prediction benefits from probabilis-
tic combinations of structural and statistical models,
and the metaheuristic ensemble supports selecting and
maintaining these combinations under uncertainty and
drift. The probabilistic view keeps the system aligned
with enterprise requirements for calibrated risk estima-
tion and adaptive behavior.

6. ImplementationArchitecture and Scalability Mechan-
ics

A probabilistic metaheuristic ensemble is as much a
systems design as it is an algorithmic design. Enter-
prise process mining pipelines operate on data that
can be stored in data warehouses, distributed file sys-
tems, or event streams. Computation may run on
shared clusters with strict quotas, and outputs must
integrate with governance and monitoring [51]. This
section describes an architecture that supports scalable
execution while preserving the probabilistic semantics
required for robust ensembles.

At ingestion, events are transformed into a canoni-
cal schema with case identifiers, activity labels, times-
tamps, and selected attributes. Enterprise logs fre-
quently contain multiple timestamp types, such as cre-
ation time and completion time, and may include out-
of-order events. Preprocessing thus includes normaliza-
tion, deduplication, and case reconstruction. Because
preprocessing choices influence both discovery and pre-
diction, they should be treated as part of the model se-
lection space. A practical approach is to treat prepro-
cessing as a set of probabilistic transformations with
parameters, such as rules for ordering ties or imput-
ing missing timestamps [52]. The ensemble can then
include solvers that operate under different preprocess-
ing parameterizations, and the probabilistic selection
mechanism can learn which preprocessing choices yield
better downstream utility.

For scalability, data summaries are computed. Directly-

follows counts, activity frequencies, variant signatures,
and attribute statistics can be computed in a distributed
manner. These summaries form context features z
for the ensemble. The summaries also seed priors for
solver initialization [53]. When logs are extremely large,
approximate summaries using sketches may be used,
and their error bounds can be recorded to calibrate
uncertainty. In an enterprise setting, recording such
uncertainty metadata is valuable because it supports
later auditing and avoids false confidence in derived
models.

The core search is executed by a set of worker pro-
cesses, each running an instance of a solver H;. Work-
ers maintain local state, including populations of candi-
dates, caches of evaluation results, and solver-specific
hyperparameters. The coordinator maintains global
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artifacts such as the incumbent set, an archive for
diversity measurement, a posterior over solver perfor-
mance, and calibration models for multi-fidelity evalua-
tion. Communication occurs through message passing,
where workers send candidate summaries and evalu-
ation results to the coordinator and receive dispatch
instructions [54]. Asynchrony is important because
evaluation times vary widely across candidates, espe-
cially when some candidates trigger expensive align-
ment computations.

To preserve probabilistic correctness under asyn-
chrony, the coordinator timestamps observations and
uses event-driven updates. If a worker returns a re-
ward observation R; derived from improvement over
the incumbent, the coordinator records the incumbent
at the time the job was launched, not necessarily the
current incumbent. This avoids attributing improve-
ments to the wrong baseline. When needed, rewards
can be re-expressed relative to the current incumbent
using stored candidate values and probabilistic uncer-
tainty models. This accounting reduces bias in per-
formance estimates, which otherwise could cause the
ensemble to over-allocate to solvers that happened to
run during periods of easy improvement [55].

Caching and memoization are essential. Many can-
didates share substructures, especially in process trees
or when local search modifies only a small part of
a net. Incremental evaluation techniques can reuse
replay results for unchanged fragments. Probabilisti-
cally, caching affects the noise model because repeated
evaluations of similar candidates are not independent.
The ensemble can account for this by estimating effec-
tive sample sizes or by explicitly modeling correlations.
While exact correlation modeling can be complex, a
pragmatic approach is to downweight repeated evalu-
ations that share a high similarity score, thereby pre-
venting the reward model from becoming overconfident
due to correlated observations [56].

For streaming and drift, the architecture supports
windowed evaluation. A sliding or exponential window
over recent traces defines the operational distribution
for prediction and for incremental discovery. The en-
semble can maintain multiple incumbents correspond-
ing to different windows, enabling detection of drift
when incumbents diverge. A probabilistic drift score
can be computed from changes in variant frequencies,
changes in directly-follows distributions, or changes in
predictive residuals. When drift is detected, the en-
semble can increase exploration weights, allocate more
resources to solvers that are known to adapt quickly, or
spawn new solver instances with different initialization
priors [57].

Privacy and governance constraints are first-class.
In many enterprises, raw events cannot be freely shared
across teams. The architecture can separate sensitive
attribute processing from model search by computing
privacy-preserving features or by restricting solvers to
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operate on anonymized representations. The proba-
bilistic framework helps here because it supports mod-
eling the information loss introduced by anonymization
as increased uncertainty. When sensitive attributes
are removed, predictive uncertainty should increase ac-
cordingly, and decision thresholds can adapt [58]. This
aligns with responsible enterprise use where models
should not silently become overconfident after privacy-
preserving transformations.

Latency constraints vary across tasks. Discovery
might run offline, but prediction requires fast inference.
The ensemble can incorporate latency as a constraint in
optimization. Candidate predictors can be evaluated
not only by accuracy but also by inference cost [59]. A
combined utility can be written as

Uonline(@) = E[fﬁpred(@)] - pE[latency(@)], (15)

where p is a trade-off coefficient representing the enter-
prise cost of latency. The metaheuristic ensemble can
search over model architectures and compression meth-
ods, such as distillation into smaller models or pruning
of features, while tracking uncertainty in latency esti-
mates that may depend on deployment hardware.

A final systems issue is reproducibility. Metaheuris-
tic search is stochastic, which complicates audit trails.
The architecture should record random seeds, solver
configurations, evaluation samples, and posterior states
used for selection [60]. This does not eliminate stochas-
ticity, but it provides a path to reproduce outcomes or
to at least explain why a given model was selected.
In regulated environments, such traces are often neces-
sary. The probabilistic ensemble framework is compati-
ble with reproducibility because it explicitly represents
uncertainty and can record the sequence of probabilis-
tic decisions.

7. Evaluation Methodology and Enterprise Utility

Evaluating probabilistic metaheuristic ensembles requires

careful separation of offline metrics, computational ef-
ficiency, and online utility. In enterprise contexts, a
model that is marginally better on an offline score may
be worse in practice if it is unstable under drift, diffi-
cult to interpret, or expensive to maintain [61]. A neu-
tral evaluation therefore examines multiple dimensions,
including the quality of discovered models, predictive
performance, calibration, resource usage, and robust-
ness to nonstationarity.

For discovery, evaluation should consider both point
estimates and uncertainty. When fitness and precision
are estimated via sampling, confidence intervals should
be used when comparing candidates. A probabilistic
ensemble should be evaluated on its ability to reach
high-quality models within a fixed compute budget,
and on the stability of its selections across repeated
runs. Stability matters because enterprises need con-
sistent outputs for governance and communication [62].
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One measure of stability is the variability of selected
model characteristics, such as the number of nodes,
concurrency patterns, or dominant paths, across runs.
Another is the agreement in replay outcomes across
cross-validation splits. These stability measures should
be interpreted alongside uncertainty, because high sta-
bility may reflect over-regularization and underfitting
in highly variable processes.

For prediction, proper scoring rules provide a prin-
cipled basis for comparing probabilistic forecasts. Neg-
ative log-likelihood rewards both accuracy and cali-
bration, whereas Brier scores provide an interpretable
squared-error measure for probabilities [63]. Time pre-
dictions benefit from evaluating full predictive distri-
butions, for example via continuous ranked probabil-
ity scores, rather than only point errors. Enterprises
often also report familiar metrics such as accuracy or
mean absolute error; these can be included, but they
do not capture calibration. A probabilistic ensemble
should be assessed on calibration, for example by reli-
ability curves or by comparing predicted quantiles to
empirical frequencies, because miscalibration can lead
to costly misallocation of resources.

Compute efficiency is central to scalability claims.
Evaluation should report wall-clock time, number of
evaluations, and resource utilization. Because enter-
prise platforms differ, it is useful to normalize by com-
pute budget, such as CPU-seconds or GPU-seconds,
and to evaluate how performance scales with increas-
ing budget [64]. A probabilistic ensemble may have
overhead due to coordination and posterior updates,
but it can compensate by better allocation. The evalu-
ation should clarify whether improvements come from
better search or simply from higher compute. In dis-
tributed settings, the effect of asynchrony and straggler
tasks should be considered because they can change ef-
fective allocation.

Robustness to drift can be evaluated by splitting
logs temporally. A discovery model learned on early
data can be tested on later data for conformance degra-
dation, and prediction models can be trained on ear-
lier prefixes and tested on later prefixes [65]. A prob-
abilistic ensemble can be evaluated on its adaptation
speed, measured by how quickly predictive loss returns
to baseline after a drift event. Because drift events can
be subtle, evaluations should consider gradual drift as
well as abrupt drift. In enterprise contexts, drift may
correspond to policy changes, new product introduc-
tions, or system migrations. While synthetic drift in-
jections can be used for controlled experiments, tem-
poral splits on real logs are often more representative.

An enterprise evaluation should also consider inter-
pretability and actionability [66]. A discovered model
that is too complex may be accurate but unusable for
stakeholders. Similarly, a predictor that is accurate
but opaque may face resistance in regulated workflows.
Interpretability can be proxied by structural complex-
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ity metrics and by the ability to map model elements
to business concepts. Actionability can be assessed by
simulating interventions using predicted risks and mea-
suring expected utility. If a predicted risk triggers an
escalation with cost ¢ and benefit b when preventing
a negative outcome, then expected utility depends on
calibration and on the chosen threshold [67]. A proba-
bilistic predictor supports computing expected utility
directly:

E[utility | 01.5] = bp(negative | 07.;) 1{intervene}
— c1{intervene} (16)

and integrating this over cases yields an operational
objective. While enterprises may not know b precisely,
sensitivity analysis over plausible b/c¢ ratios can re-
veal whether a predictive improvement translates into
meaningful operational gains. This avoids overstating
the value of small metric differences that do not change
decisions [68].

Another enterprise issue is fairness and compliance
in predictions. Even when sensitive attributes are re-
moved, proxies may remain. A probabilistic ensem-
ble can incorporate constraints on disparate impact or
on error rates across groups, but evaluating such con-
straints requires careful definition of groups and out-
comes. In many enterprise process logs, group def-
initions are tied to organizational units or customer
segments. Evaluations should check whether predic-
tive uncertainties differ systematically across groups,
which could indicate data quality differences or struc-
tural bias in the process [69]. Addressing such issues
often requires improving logging or adjusting interven-
tions rather than solely adjusting models.

Finally, evaluation should examine failure modes.
In process discovery, failure modes include producing
models that are unsound, overly permissive, or overly
restrictive under noise. In prediction, failure modes
include confident wrong predictions on rare but impor-
tant cases, and instability under drift. The probabilis-
tic framework helps identify these failures because it
surfaces uncertainty, but it does not eliminate them
[70]. An enterprise evaluation should therefore report
not only average performance but also tail behavior,
such as worst-case loss over variants or over time win-
dows. This tail analysis is particularly relevant when
service-level violations are driven by rare cases.

Overall, a careful evaluation frames probabilistic
metaheuristic ensembles as tools for managing uncer-
tainty and variability in enterprise process mining and
prediction, rather than as guaranteed improvements
in all settings. The empirical value depends on data
quality, process characteristics, and operational con-
straints.
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8. Conclusion

This paper presented a probabilistic metaheuristic en-
semble perspective on scalable process mining and event
log prediction in enterprise systems [71]. The core ar-
gument is that enterprise logs exhibit heterogeneity,
noise, and drift that make solver performance uncer-
tain, and that probabilistic portfolios provide a prin-
cipled mechanism to allocate compute across diverse
metaheuristics while tracking uncertainty in both search
progress and candidate evaluation. Process discovery
and conformance were framed as stochastic multiob-
jective optimization problems over large discrete model
spaces, motivating ensembles that combine multi-fidelity
evaluation, diversity-aware reward modeling, and dis-
tributional search updates. Scalability considerations
were addressed through approximate metrics, incremen-
tal and streaming operation, and asynchronous dis-
tributed execution with probabilistic accounting. For
prediction, the paper connected discovered process struc-
ture with probabilistic sequence and time models us-
ing mixture formulations and state-uncertainty integra-
tion, emphasizing calibrated predictive distributions
and enterprise-relevant utility. The discussion high-
lighted that practical value depends on careful evalua-
tion across quality, calibration, compute cost, robust-
ness to drift, and governance constraints. Probabilistic
ensembles do not remove the need for domain-informed
preprocessing, constraint specification, and monitoring,
but they provide a coherent framework for adapting to
uncertainty and variability that are common in enter-
prise process analytics [72].
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