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Abstract. Declarative specifications define the behaviour of processes by means
of temporal rules exerting dependencies between the occurrence of activities. Those
rules can constitute the system requirements and normative boundaries within which
the workflow is framed. The multitude of rules and their interrelations, though, make
itreportedly difficult for users to linearly figure out unfoldings that depict the admitted
behaviour in the form of explicative scenarios. While simulation engines can produce
example traces of customizable length and in varying numerosity, these state-of-the-
art tools adopt random approaches that do not permit the selection of a subset of runs
exhibiting characteristic traits. In other words, simulations could produce traces that
show common behavior, leaving out significant parts of the possible execution paths,
and thus substantially hindering a proper validation of specifications. To mitigate this
issue, we propose a principled solution that leverages automated planning to produce
execution scenarios depicting the specified behavior according to desirable execution
costs, diversifying the enacted behavior, or matching a given subsequence of steps.
We demonstrate its efficiency and efficacy through experiments demonstrating
its scalability and superiority in terms of behavioral coverage with respect to the
state-of-the-art simulation tool for declarative process specifications.

Keywords: Automated planning - Simulation - Process science - Declare

1 Introduction

Declarative process specifications express conditions for the execution
of activities based on given conditions. An example of such rules is
PRECEDENCE (Send payment request,Fill in payment information), dictating that if pay-
ment information is filled in, then a payment request must have been sent at an earlier
stage of the process. These specifications thus enable the definition of process behavior
by means of rules that dictate what can, or cannot, be done, without explaining how [37].
Therefore, they are naturally apt for setting the boundaries to a process behavior [17],
akin to the requirement specifications that are of interest to reactive systems in software
engineering (SE) [27, Ch. 2] and more specifically specifications from a functionality
standpoint [40]. Taking inspiration from the SE literature, then, process specifications
can be considered as a means to elicit, or discover in more Business Process Management
(BPM) words [20, Ch. 5], the behavior to be ultimately enacted in a process-aware
information system based on domain expertise [2,1,36].
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Fig. 1: The process specification cycle, reinterpreted from the information modeling
lifecycle [23]. The phases considered in this paper are highlighted in bold.

However, the information modeling lifecycle in SE [23] and the quality assurance
framework in BPM [20] remind us that the specification should not only be sound, which
can be verified through automated techniques, but also validated, i.e., properly representing
the desiderata of the domain experts and stakeholders once turned from a universe of
discourse to formalized behavioral rules. For validation, declarative specifications alone
are reportedly not suitable, because of their intrinsic visual complexity and the demanded
cognitive effort to bear in mind multiple rules at once [21,26]. As a more effective
approach, research work in BPM has proposed to let the domain experts validate and
iteratively refine a specification through exemplary runs that it would accept [42,43,38].

To this end, research in SE resorts to scenarios [39], namely step-by-step executions
derived from the provided specifications. Such scenarios are, among others, at the core
of a well-known methodology for the specification of reactive systems releasing the user
from handling formal representations, the play-in/play-out approach [28].

BPM research has provided noticeable contributions in the simulation of declarative
process specifications [14,9,19], mainly with the aim of generating event logs to be later
processed via process mining. The outputs are thus designed to incorporate a diverse
array of possible traces, broad enough to cover an extensive spectrum of execution paths
and put mining systems to the test in their capacity to rediscover the original models (the
quest for “perfect logs” [9]). Scenarios, instead, serve a different purpose: to exemplify
a few runs that are representative of the typical expected process behaviour.

In this paper, we propose an approach based on automated planning [24] tailored for
the generation of declarative process specification scenarios. Figure 1 provides a graphical
sketch of our investigation, pertaining to the encoding of specification constraints into
a planning problem, and the generation of scenarios. To support scenario customization,
our solution allows the user to optionally specify the patterns the scenarios should match
(e.g., the occurrence of certain tasks or a sequence thereof). Also, we let the user indicate
maximum execution costs for scenarios, their ranking, and numerosity. We experimentally
demonstrate that our solution is applicable to real-world specifications and that the
scenario generation problem remains tractable with inputs of growing size.

The remainder of the paper is organized as follows. Sect. 2 outlines the core notions
underpinning our work and provides a running example scenario from the public
administration domain. Sect. 3 presents our automata-based manipulation technique and
shows how to reduce it to a planning problem. In Sect. 4, we evaluate the scalability of
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Fig. 2: A DECLARE specification, based on the case study of Schunselaar et al. [37]

our technique. In Sect. 5, we discuss related work. Finally, in Sect. 6 we conclude the
paper, pinpoint the technique’s limitations, and outline future work.

2 Running example and background

Figure 2 illustrates the running example and motivating scenario for our paper. It is
inspired by the real-world specification introduced by Schunselaar et al. for their work
on configurable process behavior [37]. The represented process excerpt pertains to the
management of requests from the civil registration in a municipality. In particular, it
denotes a compliance model, namely a set of rules stemming from expert knowledge,
and made configurable to apply those in different contexts. The process behavior is there
described with DECLARE, a declarative specification language for the representation of
(temporally extended) constraints that must be satisfied throughout the process execution
[17]. Table 1 illustrate some of those typical constraints. A DECLARE specification consists
of a set of activities involved in a process and a collection of constraints defined over such
activities. The orderings of activities are implicitly specified by these constraints, and
anything that does not violate them is possible during execution.

The case study in Fig. 2 describes a municipal process beginning with the filling
of a form (Inir (f)). Other necessary passages are the payment ($) or the stop (x)
of the procedure. We express this aspect with a so-called branched constraint [15]:

Table 1: DECLARE constraints involved in the running example of Fig. 2

Notation Constraint Explanation
E Innr(z) s the first to occur in a trace
x
REsPONDEDEXISTENCE(,y) If  occurs in the trace, then y occurs as well

RESPONSE(z,y) If = occurs, then y eventually occurs after  in the trace
PRECEDENCE(Z,y) y occurs only if preceded by z in the trace

SuccessioN(z,y) x occurs if and only if it is followed by y
NotCoExistencE(z,y) and y cannot both occur in the same trace
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REsPONDEDEXISTENCE(f,{$,x} ), which means that if f occurs, $ or x should occur in the
same trace. The NoTCOEXISTENCE($,x) constraint additionally imposes that f and x are
mutually exclusive, though. To take place, they require the sending of a payment request
(PrECEDENCE(r,$), PRECEDENCE(r,x)) and, in turn, the payment request necessitates that
administrative expenses are previously determined (PRECEDENCE(d,r)). If the payment
is processed, then payment information should be filled in afterwards (Succession($,i)),
and then a signed transaction excerpt produced (Succession (i,e)). Finally, the signed
excerpt should later be archived (REspoNsE(e,a)) and sent via mail (SUCCESsION(e,s)).

Schunselaar et al. [37] presented an approach to automatically derive those models
out of configurable specifications, in order to apply those models, upon adaptation, in
different contexts (municipalities). Later research contributions showed that we can verify
that those rules are not contradictory or redundant [16,11,12]. However, how can domain
experts verify whether the rules adhere to the expected behaviour, even though they are
satisfiable? Next, we describe the background information that our approach leverages
to generate possible scenarios depicting the allowed unfoldings.

2.1 Representing declarative constraints with DECLARE

DECLARE constraints are template instantiations that define parameterized classes of
properties. For example, the REsponsEg(a,b) template specifies that when a occurs, then b
should eventually occur after a in a process execution.

Every DECLARE constraint has a formal semantics based on Linear Temporal Logic
over finite traces (LTLy) [13], unambiguously characterising the notion of conforming
process execution to a DECLARE specification. Since LTL; is interpreted on finite execution
traces, every LTL; formula (hence every DECLARE constraint) can be captured as a
Deterministic Finite State Automaton (DFA) recognizing all and only its conforming
traces [13]. Formally, a DFA is a finite-state machine that accepts or rejects a given trace,
by running it through a state sequence uniquely determined by the sequence of activities
included in the trace [3]. Deterministic refers to the uniqueness of the computation run. In
the following, we call constraint automaton a DFA used to encode a DECLARE constraint.

Definition 1 (Constraint Automaton). A constraint automaton is a DFA
A= (2,Q4,q¢ 64, F4), where:
— X is the input alphabet;
QA is the (non-empty) finite set of automaton states;
qg € QA is the initial state;
- §4:QA x X — QA is the transition function;
— FAC QA is the set of final states.

Figure 3 depicts four DFAs for the encoding of INir (f), PRECEDENCE (d,r),
REsPONDEDEXISTENCE (f,{$,x}) and NoTCOEXISTENCE ($,x), which are part of the DE-
CLARE specification introduced in the running example. In the remainder of the paper, in
DFA diagrams, we adopt the convention that double circles denote final states, while gray
circles represent dead-end states. A DFA A reads in input sequences of symbols (“string”)
ofits input alphabet. It starts in its initial state ;' and updates the state after having read each
symbol via the state transition function 64, We say that a DFA A accepts a string 7 (7 = A)
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Fig. 3: Example DFAs of DECLARE constraints.

if after reading it is in one of its accepting states (i.e., a state in 1), and otherwise we say that
it rejects that string. The set of strings accepted by A is called the language of A, i.e., L(A).

2.2 Automated Planning

Automated Planning (AP) is a research field focused on developing model-based
autonomous solutions in Artificial Intelligence (AI) [24]. Planning systems (i.e., planners)
are problem-solving algorithms that operate on explicit representations of states and
actions. PDDL [22] is the standard Planning Domain Definition Language; it allows us
to formulate a planning model with the description of the initial state of the world, the
desired goal condition, and the planning domain.

A planning domain is built from a set of propositions describing the state of the world
(i.e., the set of propositions that are true) and a set of actions {2 that can be executed. An
action schema a € {2 defines the list of input parameters for a, the preconditions under
which a can be executed, and the effects of a on the state of the world. Both preconditions
and effects are stated in terms of propositions in the planning domain, represented as
boolean predicates and numeric fluents. While predicates represent facts about domain
objects (i.e., things in the world that interest us) that can be true or false, fluents are
number-valued functions that specify how the action increases the total cost of the plan
being computed. The execution of actions can change the values of propositions in the
planning domain, thereby transitioning the planning domain to a new state.

There exist several forms of AP in the literature (e.g., to capture durative and nondeter-
ministic actions, etc.). In this paper, we focus on classical planning techniques characterized
by fully observable and deterministic domains. To encode a classical planning problem,
we use PDDL 2.1 [22], which is considered the most significant evolution over the original
version of the language (called STRIPS) and is supported by the majority of state-of-the-art
planners.! A solution to a planning problem is a sequence of operators—a plan—whose
execution transforms the initial state into a state satisfying the goal by optimizing a
pre-specified metric, generally related to the minimization of the plan’s total cost.

From a computational perspective, classical planning is a PSPACE-complete problem
[29]: finding a plan requires polynomial memory, although the computation time may
still require exponential time in the worst case. Nonetheless, recent years have seen the
emergence of classical planners with efficient heuristics that scale to large and challenging

Yicaps-conference.org/index.php/main/competitions. Accessed: 1/6/2026.
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problems across several Computer Science domains [35]. In this paper, we generate
multiple candidate execution scenarios for a given declarative behaviour using three
classical planners that produce distinct plans under different criteria: Top-K [33], which
finds the k best plans by cost (without excluding lower-cost alternatives); Tor-QUALITY
[32], which returns all plans within a cost threshold; and D1versE [3 1], which generates
maximally distinct plans (in terms of reordering of the plan’s activities).

3 Planning-based Approach

Our approach targets to automatically generate execution scenarios ensuring compliance
with (i) a declarative process specification and (ii) a set of user-defined requirements.
We express these requirements as preference constraints on activity occurrence and
their partial ordering, allowing users to customize the behavioural characteristics of the
generated scenarios.

In this section, we first formalize the scenario generation problem and discuss
how it can be solved using a DFA-based manipulation technique (Sect. 3.1). Then, we
demonstrate how this technique reduces to a planning problem (Sect. 3.2).

3.1 Scenario generation problem

Let 7 be an execution scenario, i.e., a finite sequence of activities 7 = {eq,...,e, ) over
an alphabet X'. We consider the following bipartite input for it:

— A declarative specification D = {d,...,d}}, consisting of a set of k DECLARE
constraints, each specifying a behavioural requirement over the activities in X' (e.g.,
REsPoNSE, PRECEDENCE, INIT, etc.).

- AsetP={py,...,p,,} of m preference constraints, each expressing a user-defined
requirement to constrain process execution. Specifically, building on the definition of
relevant sequence patterns by Gusfield in [25], we consider five types of preference
constraints: prefix, requiring the trace to start with a given sub-sequence of activities; suffix,
requiring the trace to end with a given sub-sequence; pattern, requiring the trace to contain
a given sub-sequence of activities; pattern-gap, requiring the trace to contain a given
sub-sequence of activities not necessarily as consecutive elements, i.e., with possible
activities between them; additionally, min-len, indicating the minimum trace length.
Notice that pattern (or pattern-gap) constraints with sub-sequences of length 1 (e.g.,
PaTTERN(e)) can be used to instruct the generator to include a given activity in the
scenarios and, as a consequence, indicate that related constraints (e.g., REsPoNsE(e,a))
must be triggered rather than only satisfied in a so-called vacuous manner [17] (that is,
simply because e does not occur).

Each constraint in DU P is translated into a corresponding DFA. Specifically, for each
DECLARE constraint d; € D, we derive a constraint automaton D; = (£,QP: ,q(? 6D FPi)
following standard DFA constructions for DECLARE semantics, as shown in Sect. 2.
Similarly, for each preference constraint p; € P, we construct a preference automaton

P, = QP ,qg) 9,67 Fi), defined as a DFA that characterizes a specific regular
language by restricting the set of accepted traces according to conditions on their prefix,
suffix, inclusion of a given sub-sequence, or minimum length.

Pre-print copy of the manuscript published by Springer (available at 1ink.springer.com)
identified by por: 10.1007/978-3-032-37777-7_10


http://link.springer.com/
https://doi.org/10.1007/978-3-032-37777-7_10

Declarative Process Scenarios via Planning 7

eeX\{e} ceX\{a} ee X\{d} ey
. .(\28
SCECINNC S o

(a) REsPONSE(e,a) (b) PreFix (f,d)

Fig. 4: DFA encoding of REspoNsE(e,a) and PreFix(f,d)

We illustrate the DFA construction with two examples built over our case study in
Sect. 2. Figure 4(a) shows the DFA encoding the DECLARE template RESPONSE (e,a),
which requires that every occurrence of activity e (Produce signed excerpt) is eventually
followed by a (Archive). The automaton starts in the accepting state gy (the constraint
is always satisfied if e never occurs); upon executing e, it moves to the non-accepting
state ¢;, from which it returns to go only upon executing a. Any other activity leaves
the automaton in its current state. Figure 4(b) shows the DFA encoding the Prerix (f,d)
preference constraint, which requires that the trace starts with the sub-sequence {f,d).
The automaton advances through states qg, q1, and g2 upon executing f (Fill in e-form) and
then d (Determine administrative expenses) in this order; any deviation from this prefix leads
to a non-accepting sink state g3 from which no recovery is possible.

Werefer to the process frame F as the collection of DFAs representing the DEcLARE and
preference constraints. We formally enunciate the scenario generation problem as follows.

Definition 2 (Scenario Generation). Let F ={Dy,..., Dy, P1,..., P } be a process frame
that includes k constraint automata Dy ,..., Dy, and m preference automata Py ..., Py,. The
generation of a scenario  over F consists of computing a sequence p={e1-+-e, y€ X*
such that, for each z=0,...,n—1, there exist:

— (ineach D;, 1<i<k) atransition (¢ e, +1,q"¢,) €677, denoted as ¢P = ¢7i

€n

such that q0D 14, q?i . --qfil — q,? i, where qoD *is the initial state of D; and q,? ie FDi,

- (ineachPj, 1 < j <m)atransition (qu sl ,qf_il) €%, denotedas q.’ s qul,
such that qgfj =L qu ---q:il “ns gl where qz)pj isthe initial state of P, and g’ € FPi.

We say that F accepts a scenario 7 (m = JF ) if there exists an execution p on the declarative
automata D1,..., Dy and on the preference automata P1,..., Py, such that the last state

of all these automata is final at the end of the execution.

Therefore, a scenario 7 satisfies all declarative and preference constraints defined
in a process frame F if and only if it is accepted by every DFA in F;i.e., m€ L(D;) and
me L(P;) for each D; and P; in F. For example, considering the process frame specified
in Fig. 4, any scenario that begins with the subsequence {f,d) and in which activity a
occurs after the execution of e can be considered a valid scenario with respect to the frame.

3.2 Scenario generation as planning

In this section, based on the formalization presented above, we show how we can reduce
the scenario generation problem to a deterministic planning problem. The idea behind
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the reduction is to model the activities from the alphabet 2’ as planning actions whose
execution triggers state changes for each D; and P; included in a process frame F,
according to their respective transition function.

Planning actions are executable based on the current state of the DFAs: an action e can
be executed only if the current states of each D; and P; have an outgoing transition labelled
with the related process activity e. The problem then consists in finding a deterministic plan
that takes such DFAs from their initial state to a final state, where actions corresponding
to process activities are assigned a cost depending on a predefined cost function C.

Inspired by common practice in conformance checking [6], we associate costs with
activities. Here, costs represent penalties incurred when less preferred activities are
included during scenario generation. For example, considering a process frame that
includes the DFAs derived from the DECLARE specification in Fig. 2 and the Prefix
constraint in Fig. 4(b), some valid scenarios may include the x (Stop) activity, which
corresponds to stopping the payment procedure (e.g., w1 = {f,d,r,x)), while others follow
the standard payment flow (e.g., o = {f,d,r,e,$,i,e,a,s)). If interrupting the procedure
is considered an undesirable yet still valid outcome, assigning a significantly higher cost
to x than to the other activities (which may retain a standard unit cost) leads a cost-aware
planning technique such as Top-K [33] to prioritize the generation of scenarios that do not
include the Stop activity (such as 71 ) over those that do (such as ). We note that designing
custom cost functions to weight individual activities is beyond the scope of this work,
as it is inherently domain-specific and requires case-by-case customization. In contrast,
our approach is intentionally domain-agnostic, focusing on a rigorous formulation of the
scenario generation problem with broad applicability across diverse contexts. Interested
readers can consult the work [5] for an in-depth exploration of this topic.

The obtained plan is a representation of an execution scenario that solves the
generation problem. We provide the details of this reduction below.

A deterministic planning domain with action costs over a set of propositions @ is a
tuple N = (S,92,cost,T), where:
— S<2? is the finite set of domain states, with each state s = {¢1,...,¢,, } representing
the propositional interpretation that assigns ¢rue to a proposition ¢ if and only if p € s;
— (2 is the finite set of domain actions;
— cost: {2— Ny is a cost function, assigning a non-negative cost to each planning action;
— 7:5 % {2+ S is the domain transition function.

A planning problem is a tuple R = (N, s0,G), where s € S is the initial state of the
problem and G is a propositional formula over ¢ representing the goal condition. A plan
for R is a finite sequence of actions ™ = e; ---e,, € £2* whose execution from s leads to a
state s, such that s,, =G. A solution 7 of R is said to be optimal if, for all other solutions
7', itis the case that cost(m) < cost(n’).

We encode the scenario generation problem as a planning problem as follows. Let
F ={D1,...,Dk,P1,...., P} be a process frame that includes k constraint automata
Di,...,D;, and m preference automata P, ..., P,,. The current state of each DFA is
modelled through suitable propositions. We define the planning domain A = (.9,§2,cost,7)
over the set of propositions @ = QP U - U QP+ U QT U --- U QP (with all state sets
assumed pairwise disjoint), where:
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Lo SS{{Uizr, 1P oiUjor md™ a7 € QP75 € Q5 } is the set of domain
states, each containing exactly one state per DFA in F;

2. 2 =X, ie., each activity e € X corresponds to a planning action, modeling the
synchronous advancement of all DFAs upon executing €;

3. Forallee X, cost(e) =C(e), i.e., it depends on the specific cost function C;

P

4. Foree 2, qP gD e QP ¢l q)’ € QP7, we define the domain transition function

; Pj D; Pjy se.
aST({Ui=1,...,kq;le}U{Uj=1,...,mqa' }7e>={Ui=1,...,kqb }U{Uj=1,...,mqb pif:

(a) (q(?i,e,ql?i)eéDi,foreachDie}";

(b) (q07,e,q, 7)€%, for each P; € F.
We call N the scenario generation planning domain of F. Since all automata are DFAs,

the transition function 7 is deterministic. Moreover, since 2 = X, every plan for A/
directly corresponds to a scenario executed over X

We then define the planning problem R = (N,s0,G), where:

- so= {qOD ! ,...,qg)) m ,...,qg)p ! ,...,qZ; *1 is the initial state, corresponding to the initial state
of each DFA in F;

— G=(V ierr:4") A (V yicpr; ') is the goal condition, requiring every DFA to be
simultaneously in an accepting state.
We call R the scenario generation planning problem of F. In planning terms, finding
aplan w=ey---e, € £2* for R amounts to navigating the synchronous product of all DFAs
from their joint initial state to a joint accepting state.

One of the major advantages of our planning-based formulation is that it naturally
supports the generation of multiple and diverse scenarios by adopting different planning
strategies. Depending on the specific generation objectives, various planners and parameter
settings can be employed to control the scenario generation process, as discussed in the
next section.

4 Evaluation

We have developed a planning-based tool in Python that implements the technique
described in Sect. 3. The tool is available for reproducibility alongside the testbeds at: https:
//doi.org/10.5281/zenodo.20842315. Based on a set of DECLARE and preference constraints
in input, and following the translation approach of Sect. 3.2, it converts such constraints
into DFAs and generates the planning tasks in PDDL. To generate multiple scenarios, our
tool leverages the FORBID-ITERATIVE classical planner,” which can produce multiple plans
that vary depending on the underlying planning algorithm. In particular, we employ three
well-known planning algorithms: Top-K [33], Diverse [31], and Top-QuaLity [32].

4.1 Experiments with Synthetic Specifications

To assess the scalability of our technique, we conducted two experiments with synthetic
input specifications of increasing complexity. For both experiments, we used a unit-cost

Zhttps://github.com/IBM/forbiditerative. Accessed: 1/6/2026.
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Table 2: First-experiment results on synthetic specifications

10 activities 20 activities

3 constraints 5 constraints 7 constraints 9 constraints 3 constraints 5 constraints 7 constraints 9 constraints

Grounding time  0.0017s 0.0017s 0.0028s 0.0183 s 0.0021's 0.0022s 0.0028 s 0.0227s
Planner Average planning time [s]
diverse-10 0.25 0.27 0.29 0.4 0.22 0.3 0.31 0.4
diverse-25 0.18 0.31 0.3 0.4 0.19 0.28 0.31 0.34
diverse-50 0.17 0.3 0.32 0.45 0.16 0.31 0.31 0.33
topk-10 0.2 0.21 4.52-1072 0.41 0.19 0.24 6.56-102 0.45
topk-25 0.17 0.31 0.17 0.44 0.17 0.29 0.26 0.51
topk-50 0.15 0.32 0.25 0.61 0.16 0.31 0.27 0.71
topg-10 0.28 0.37 0.45 0.42 0.32 0.34 0.48 0.5
topq-15 0.32 0.42 0.48 0.49 0.35 0.39 0.53 0.6
topq-20 0.27 0.37 0.55 0.57 0.33 0.47 0.64 0.74

function for all planning actions, as varying action costs are unlikely to significantly
affect performance. Conversely, differentiated costs could improve efficiency by reducing
equivalent-cost alternatives and adding structure to the planner’s search space. Under this
assumption, cost-optimal plans coincide with shortest plans. Tests were run on a 12"-gen.
Intel Core 17 with 8 GB RAM.

In the first experiment, we evaluated the performance of our technique against scenario
inputs of increasing size (see Sect. 3.1), namely specification and preference constraints.
Different types of selected constraints were systematically added to assess their impact
on the overall performance of the scenario generation task. In the second experiment, we
evaluated the scalability of our technique by using a One-Factor-at-a-Time (OFAT) design.
Specifically, we varied one input parameter at a time (i.e., the size of the activity alphabet,
the number of constraints, or the number of generated scenarios) while keeping the other
two fixed. This controlled setup allowed us to assess each parameter’s impact independently.

Scalability w.r.t. scenario input size: Setup. We considered two activity alphabets, with
sizes 10 and 20, respectively. For each alphabet, we incrementally built specifications
with 3, 5, 7, and 9 constraints: the 3-constraint specification contains only DECLARE
constraints; the 5-, 7-, and 9-constraint specifications contain 4, 5, and 6 DECLARE
constraints and 1, 2, and 3 preference constraints, respectively. Constraints were
added in this order: ATLEASTONE (10), RESPONSE (11,t2), NoTCOEXISTENCE (13,t4),
CHAINPRECEDENCE (15,t4), CHOICE(t5,16), and NoTSUCCESSION (17,t8) as DECLARE
constraints, and PATTERN-GAP(14,t6), PATTERN(17,t8), and MiN-LEN(8) as preference
constraints. For Top-K and D1verskg, we generated 10, 25, and 50 plans (i.e., scenarios) per
test. Note that Top-K returns cost-optimal plans, while DIvERSE returns mutually distinct
plans. For Top-QuaLity, we generated 20 plans per test with cost bounds of 10, 15, and 20.

Scalability Experiment w.r.t. Scenario Input Size: Results. Table 2 reports the
results of the first experiment. For each test, we measured the grounding time, i.e., the
preprocessing time needed to instantiate the PDDL specification into an explicit planning
model that can be processed by the planner, and the average planning time required by
the planner to explore that model and generate a scenario. The results suggest that for
all three planning algorithms, increasing the number of constraints leads to a moderate
increase in both grounding and planning time. However, this increase remains manageable
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Table 3: OFAT experiment results on synthetic specifications

15 constraints - 15 activities 15 constraints - 15 plans 15 activities - 15 plans

10plans 15plans 20plans 25plans 30plans 10act. 15act. 20act. 25act. 30act. 10const. 15const. 20 const. 25 const. 30 const.
Grounding time 0.04125 0.0699s 007335 0.08225 009315 0.1067s 002345 0.0567s 0.1685s 0.5865s 1.9058's

Planner Average planning time [s]

Diverse 0.31 0.31 0.32 0.32 0.32 0.25 0.26 0.28 0.3 0.3 0.3 0.39 1.01 173 3.97
Top-k 0.41 0.42 0.43 0.44 0.45 0.52 0.53 0.59 0.6 0.68 0.42 0.54 3.98 5.85 16.31
Top-q 0.37 0.38 0.39 0.4 0.42 0.3 0.31 0.32 0.32 0.32 0.39 0.5 10.54 15.38 68.21

across all configurations, indicating that the proposed approach scales well with respect
to the number of constraints and can potentially support compliance specifications of
considerable size. Moreover, the results also indicate that performance degradation
depends on the number of constraints rather than their type, with no significant differences
observed across the specific DEcLARE and preference constraints considered.

A further observation concerns the number of plans/scenarios to be generated. The
results show that this parameter does not significantly affect performance: the average time
per plan remains largely constant across configurations, with no clear correlation between
the number of requested plans and the time required to generate them. For instance,
examining the results in Table 2 related to the configurations with an alphabet size of
20 activities, for both Tor-K and D1vERSE the per-plan generation time for 10, 25, and
50 plans does not vary substantially, confirming that the computational cost scales linearly
with the number of plans rather than increasing exponentially. A similar behaviour is
observed for Top-QuaLiTy: the average time per plan remains largely stable as the cost
bound increases from 10 to 15 and 20, suggesting that relaxing the quality threshold does
not introduce significant computational overhead.

Finally, increasing the size of the alphabet also affects both grounding and planning
time. However, the approach scales well along this dimension, with the observed increase
in execution time remaining modest. Notably, the number of constraints has a stronger
impact on performance than the size of the activity alphabet, suggesting that the complexity
of the compliance specification is a more influential factor than the number of activities.

OFAT experiment: Setup. We adopted a controlled setup in which two parameters of the
input configuration (e.g., number of constraints and activity alphabet size) were fixed at 15
(e.g., 15 constraints and 15 activities), while the third (e.g., number of generated plans) was
varied over the values 10, 15, 20, 25, and 30. This yielded three experimental configurations,
each isolating the effect of one parameter of interest. This allowed us to independently
assess the impact of each parameter, namely (i) the number of generated plans, (ii) the
size of the activity alphabet, and (iii) the number of constraints, on the performance of
the three tested planning algorithms, while keeping the remaining parameters fixed.

OFAT experiment: Results. Table 3 shows the results of the second experiments. For each
configuration, we report the grounding time and the average planning time per plan. Each
experiment was repeated five times, and the reported time is the average across runs. Note
that, in the first configuration, grounding time remains constant across different numbers
of plans, as it depends only on the fixed number of activities and constraints. In the other
two configurations, it increases with the number of activities or constraints, reflecting the
growing complexity of the planning task. Regarding the average planning time, the results
in Fig. 5 support the following observations. (I) In the first configuration (15 constraints, 15
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Fig. 5: Average planning time of the OFAT experiment

activities), the average planning time increases almost linearly with the number of generated
plans, with D1veRsE being faster than Top-k and Top-QuaLiTy, which exhibit similar
trends. (IT) In the second configuration (15 constraints, 15 plans), planning times grow
moderately when the number of activities increases, with DIvERSE emerging as the fastest
planner. These results can be explained by the fact that a larger alphabet directly increases
the number of transitions in the DFAs encoding the constraints, thereby expanding the state
space that the planner must explore. (III) The third configuration (15 activities, 15 plans)
further confirms the findings of the first experiment, namely that the number of constraints
is the most influential factor affecting planning time. While variations in the number of
activities or plans result in only modest changes, increasing the number of constraints
causes a substantial increase in computation time across all three planning algorithms.

It is worth noting that among the three planning algorithms, DIvErRSE demonstrates
the best overall performance. This can be attributed to the fact that, unlike Top-K and
Topr-QuaLity, which balance both plan diversity and quality, Diverse focuses solely
on generating mutually distinct plans without optimizing for cost. As a result, its search
is less constrained and thus more efficient.

4.2 Experiments with real-world specifications

To further demonstrate the applicability of our approach, we tested it on four real-world
declarative process specifications from the process science literature: Municipality [37],
Fracture Treatment [ 14], University Admission [17], and Surgery Process [41]. Specifically,
Municipality [37] is an extract of a process for requesting an excerpt from the civil
registration. We considered three variants of this specification, namely MunicipalityA,
MunicipalityB, and MunicipalityC, which differ in the number and type of constraints.
Fracture Treatment [14] describes the clinical process involved in the management of
bone fractures. University Admission [17] specifies the process of admitting students
to a university program. Finally, Surgery Process [41] describes the pre-, intra-, and
post-operative procedures for colorectal surgery.

For these real-world scenarios, we evaluated the scenario generation using Top-K
and Top-QuALITY, as these cases call for scenarios that balance both diversity and quality.
Driversk, while effective in terms of performance as shown in Sect. 4.1, does not account
for plan costs and therefore may produce plans that, although distinct, do not reflect
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Table 4: Experimental results for the real-world specifications

Municipality A Municipality B Municipality C Fracture treatment University admission Surgery process
Grounding time 0.0067 0.0236s 0.0235s 0.0040's 0.1380s 0.0142s
Planner Average planning time [s]
topk-10 0.22 0.48 0.38 0.31 0.93 0.14
topk-25 0.18 0.41 0.19 0.31 0.58 6.93-1072
topk-50 0.19 0.47 0.19 0.34 0.51 4.94-1072
topg-10 0.64 0.48 0.44 0.29 0.78 0.24
topg-15 0.44 0.5 0.49 0.3 0.86 0.35
topg-20 0.43 0.57 0.54 0.32 0.87 0.42
Constraints 10 11 12 7 15 21

meaningful differences in process behavior. Moreover, in the considered real-world
scenarios, the ordering of activities is a key dimension of diversity: plans that involve
the same set of activities but differ in their execution order should be regarded as genuinely
distinct. This is particularly evident in the Surgery Process case, where the sequencing
of activities is clinically significant. For example, performing a medical treatment before
a surgical intervention, or vice versa, can lead to substantially different clinical outcomes.

Table 4 summarizes our findings with the real-world use cases. The results confirm that
our approach delivers scalable performance on real process specifications, with execution
times in the order of a tenth of a second or less, despite the modest hardware infrastructure.

A comparative example. Beyond scalability, a key objective of the real-world evaluation
is to demonstrate the practical utility of our approach in generating meaningful and
realistic process scenarios. To this end, we compare our approach with miNerful [30],
a well-known tool for declarative process discovery that also supports trace generation.
MINERful allows the user to configure the minimum and maximum length of generated
traces, without support for preference constraints or ranking criteria. Such a limitation can
lead to the generation of traces that are semantically trivial or unrealistic, though formally
compliant with the specified constraints. Next, we provide an exemplificative illustration
of this statement, leaving a full-scale comparative evaluation of the effectiveness of
planning-based scenario generations against randomized approaches for future work.

As an example, we take into account the municipality use case of Sect. 2. We make
MINERful generate 100 traces (its default setting) of length ranging between 5 (the minimum
number of activity occurrences required by the specification) and 20 (the uppermost value
for the Tor-QuaLITY parameter in our tests). The traces generated by miNerful contain re-
peated occurrences of the same activities, resulting in unrealistic scenarios. In contrast, our
approach generates scenarios that are both compliant and avoid repetitions of activities that
are vacuously satisfied by the DECLARE constraints. As an example, the first five scenarios
produced by our tool have a significantly more contained length between 4 and 10 activities,
8.4 on average, compared to the 10 to 20 activities of miNerful, 16.2 on average. They
simulate plausible runs as expected. As an example, one of the top-5 generated scenarios
is the following: 7 = (Fill in e-form, Determine administrative expenses, Send payment request,
Fill in payment information, Process payment, Produce signed excerpt, Archive, Send excerpt>.

This scenario reflects a realistic execution of the municipality process, with activities
occurring in a semantically coherent order and without unnecessary repetitions. In contrast,
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the first two traces generated by our run of miNerful, with and without the knock-out
occurrence of x respectively, are {f, a, a, a, f,a,d, a,d, f,d, $, xy and (f, d, a, f, a, a,d, a, $,
i,i,d,f,p, i, 1,1, p, s, ay using the abbreviations introduced in Sect. 2. The reader, irked by
the need to filter out the unnecessary repetitions of tasks or navigating through so long
sequences out of which few significant steps are considered (especially compared to the
preceding scenario), can intuitively experience the feeling that motivated our research.
To give a quantitative account of this aspect, we can consider the coverage of the generated
runs for the constraints. Intuitively, coverage [8] measures the ratio of events triggering a
constraint, like the occurrence of e for REsponsE(e,a). Excluding Intr(f), which is trivially
triggered by every initial event in a trace, the coverage of the constraints is 0.180 in the top-5
scenarios our tool generates (each constraint is triggered by 18 % of the events), whereas it
halves to 0.092 with the 100 traces generated by miNerful (0.067 if we take the first five).

5 Related Work

Zugal et al. [42,43] empirically demonstrated the effectiveness that a test-driven approach
has on the modeling and maintainability of DECLARE specifications, whereby test cases are
exemplary traces against which a process specification is checked (akin to what we name
scenarios in this paper). Slaats et al. [38] theorize the use of short, open-world-like test cases
for the iterative modeling of DCR Graphs. These valuable contributions strengthen the
argument motivating our work, as we aim to yield automated generators of such test cases.

Several approaches in the literature leverage computational logic and formal models to
generate event logs from declarative process specifications. A seminal work in the area [ 14]
simulates DEcLARE models by translating constraints into regular expressions and DFAs,
and generates logs compliant with a given model by navigating the product of automata
derived from individual constraints. Building upon logic-based foundations, other authors
have explored different paradigms. Chesani et al. [9] propose using abductive logic
programming to generate both positive and negative traces (i.e., those violating the model)
for DEcLARE models. Similarly, Answer Set Programming (ASP) was adopted as a highly
flexible technique for synthetic log generation [ 10]. Donadelloetal. [ 19] explore the purpose-
guided log generation via ASP, demonstrating high trace diversification, and Maggi et
al. [34] propose a translation of DEcLARE models augmented with data into Alloy programs.

While these declarative and procedural methods offer flexibility, they often face
limitations when attempting to generate interpretable scenarios for model validation.
State-of-the-art simulation engines typically adopt random approaches to trace generation.
Consequently, they tend to produce traces that show common behavior while leaving out
significant parts of the possible execution paths. On the other hand, solver-based approaches
(i.e., ASP or SAT) heavily rely on internal search heuristics. Indeed, as noted by Donadello
et al. [18], the problem of computing diverse solutions for combinatorial problems is
intrinsically difficult: solvers often yield a relatively small number of solutions and
require approximation techniques to operate within reasonable time bounds. Hence, these
limitations might hinder the selection of a curated subset of runs exhibiting characteristic
traits, which is central for the proper validation of complex declarative specifications. To
mitigate these limitations, our technique formally encodes the scenario generation problem
as an automated planning task. Unlike random simulation approaches or solver-dependent
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searches, our solution enables the customization and ranking of the generated scenarios. By
navigating the synchronous product of DFAs through classical planning techniques encoded
in PDDL 2.1, our approach allows users to tailor scenario generation to specific needs.

6 Discussion and Concluding Remarks

In this paper, we presented an Al planning-based approach to generate representative
scenarios for declarative process specifications. To cater for succinct yet characterizing
exemplary runs, we leverage three deterministic planning algorithms, namely Top-K,
TOP-QUALITY, and DIVERSE, wWhere actions carry associated costs and valid plans must meet
specific criteria. These algorithms facilitate the recommendation of alternative unfoldings
of process behaviour within the conforming space defined by the process frame, guided
by controlled criteria that shape both the quality and diversity of the generated plans.

A more general advantage of adopting planning for scenario generation is thatit provides
solutions that are correct, transparent, and scalable (three key requirements for trustworthy
systems). Specifically, planning leverages mature reasoning mechanisms developed over
decades of research to guarantee solution correctness [24]; it supports explainability
through verification techniques such as Model Checking [4], enabling the analysis of
relevant plan properties (for instance, explaining why a specific action was selected); despite
its worst-case computational complexity (see Sect. 2.2), advances in domain-independent
heuristics have made most practical problems, particularly in BPM and process mining,
tractable and scalable in practice [35], as confirmed by our empirical evaluation. It is worth
noting that our approach is applicable to the full DEcLARE repertoire of templates and
beyond (see, e.g., the preference constraints). In fact, our approach can handle any constraint
expressible via DFAs, and DFAs have a strictly higher expressiveness than Lty [13], on
which DEcLARE is based. Therefore, its applicability includes and extends beyond DECLARE.

Our approach paves the path for future amelioration. First and foremost, its applicability
in the field calls for an investigation with users into the most effective framings for scenario
generation, in terms of preference automata and activity costs. To this end, the integration of
adedicated specification language for log creation is highly promising [ 18]. Also, we aim to
design specific heuristics that make it applicable for process specifications discovered from
event logs, which often consist of a larger number of constraints. In that regard, it becomes
compelling to make use of process mining quality measures of the mined constraints, like
confidence and support, to guide the generation of plans. Our reliance on classical planners
is tailored to the generation of linear execution traces. While sound for scenario generation,
this choice outlines a clear boundary if the execution context shifts to aruntime environment
driven by uncontrollable exogenous events (e.g., unexpected customer cancellations). This
would require coupling the approach with more expressive knowledge representation
formalisms to natively manage non-deterministic control flows and exogenous events [7].
We alsoplan to study how the scenarios we generate can be effectively used for validation and
refinement of process specifications, thus closing the cycle presented in Fig. 1. Inspired by
the play-out approach of Harel and Marelly [28], we foresee as a highly interesting research
avenue the inclusion of user interactions to guide the generation of scenarios. Although
originally conceived for live sequence charts (LSCs), the authors advocate the adoption of
their approach with “languages other than LSCs, such as appropriate variants of temporal
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logic,” on which DEcLARE is indeed based. Finally, we aim to develop a comparative
framework to empirically analyze the properties of scenarios generated by our planning-
based approach against those produced by randomized simulation techniques, in order to
better assess the utility of our approach with respect to existing techniques in the literature.
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