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Abstract. Declarative business process discovery aims at identifying
sets of constraints, from a given formal language, that characterise a
workflow by using pre-recorded activity logs. Since the provided logs rep-
resent a fraction of all the consistent evolution of a process, and the fact
that many sets of constraints covering those examples can be selected,
empirical criteria should be employed to identify the “best” candidates.
In our work we frame the process discovery as an optimisation prob-
lem, where we want to identify optimal sets of constraints according to
preference criteria. Declarative constraints for processes are usually char-
acterised via temporal logics, so different solutions can be semantically
equivalent. For this reason, it is difficult to use an arbitrary finite domain
constraints solvers for the optimisation. The use of Answer Set Program-
ming enables the combination of deduction rules within the optimisation
algorithm, in order to take into account not only the user preferences
but also the implicit semantics of the formal language. In this paper we
show how we encoded the process discovery problem using the ASPrin
framework for qualitative and quantitative optimisation in ASP, and the
results of our experiments.
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1 Introduction

Process discovery is one of the most investigated process mining techniques [13].
It deals with the automatic learning of a process model from a given set of logged
traces, each one representing the digital footprint of a specific execution of the
process. Our work develops in the context of binary process discovery, in which
the model-extraction is seen as a two-class supervised task (see [7,2,8,11]), where
log traces are partitioned into two sets according to some business or domain-
related criteria (the so-called positive and negative — i.e., undesired — traces).
The target of the learning process is a model that discriminates one set from the
other.
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Process discovery algorithms are also classified according to the language
they employ to represent the output model: procedural and declarative. Tech-
niques of the first kind envisage the process model as a synthetic description of
all possible sequences of actions that the process accepts from an initial to an
ending state. In declarative discovery—the focus of this work—models are sets
of constraints, characterised by a declarative, logic-based semantics. Both ap-
proaches have their strengths and weaknesses depending on the characteristics
of the considered process. Procedural techniques may generate hard to under-
stand “spaghetti”-like models, and in these cases declarative-based approaches
might be preferable [5]. A problem that remains unsolved in process discovery,
is the need to select, among all possible discovered models, the ones that best fit
the expectations of the user. This problem is manifesting in techniques that rely
only on one set of traces (the positive); where the risk is to generate overfitting
models. Therefore, mechanisms are introduced to “select” specific behaviours;
e.g., the frequency of a certain element (e.g., an activity or a path), or the pres-
ence of certain modelling patterns. In spite of the possibility of exploiting the
negative information, binary discovery techniques are also affected by the same
problem. As recently shown in [11], perfect binary miners (able to discover mod-
els that accept all positive examples and none of the negative examples) do not
necessarily exist; many suboptimal models can be identified by the discovery
process, leading to the issue of identifying criteria for preferring one model. In
most of the techniques in literature, the criteria are built in the discovery process,
leaving small room for dedicated user-driven preferences. In [2] we introduced
a novel algorithm that splits the discovery process in two stages: first, the set
of all candidate constraints are identified, and then the selection of the model
is framed as an optimisation problem selecting one (or more) subsets according
to given preferences. Its implementation (NegDis) is available in [12]. In this
short paper we focus on the optimisation stage, showing how we used Answer
Set Programming Optimisation to encode and solve the second stage.

2 Declarative Process Discovery

The discovery approach we introduce in this paper is based on Declare, a
language for describing declarative process models first introduced in [10]. A
Declare model consists of a set of constraints on a finite set of (atomic) activities.
Constraints are ground instantiation from a given set of abstract parametrised
patterns (templates); where parameters are substituted with activities. Tem-
plates have a graphical representation and their semantics can be formalised
using different logics, the main one being linear temporal logic (LTL) over fi-
nite traces, making them verifiable and executable. The major benefit of using
templates — e.g., instead of LTL — is that analysts do not have to be aware
of the underlying logic-based formalisation to understand the models. Table 1
summaries some common Declare templates. The reader can refer to [10] for a
full description of the language. It is important to emphasise that Declare is a
family of languages defined by a set of templates.
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Table 1. Example of Declare templates

Template Explanation

existence(A) A occurs at least once

init(A) A is the first to occur

response(A, B) If A occurs, then B occurs after A

alternate_response(A, B) Each time A occurs, then B occurs afterwards, before A recurs
precedence(A, B) B occurs only if preceded by A

co_existence(A, B) If B occurs, then A occurs, and vice versa

not_succession(A, B) A never occurs before B

Given a finite set of Declare templates D and a finite set of activities A, we
indicate with D[A] all possible groundings of templates in D w.r.t. 4, i.e., all the
constraints that can be built using activities from A. Traces—i.e., finite sequences
of activities from A—can be understood as (logical) models for constraints, and
we say that M C D[A] accepts a trace ¢t iff, for each constraint ¢ € M, t = ¢
w.r.t. its semantics [10]. The semantics of Declare introduces a natural notion
of generality between process models; i.e. a model M is more general than M’
(M’ < M) if the latter accepts all the traces accepted by M. In [3], templates are
organised into a subsumption hierarchy, and this relation (between constraints) is
used as a preference for guiding the discovery process. We generalise this notion
by introducing the deductive closure operator based on a given set R of (correct)
deduction rules,* as a function clr : P(D[A]) — P(D[A]) that associates any
set M € D[A] with all the constraints that can be logically derived from M by
applying one or more deduction rules in R. For brevity, in the rest of the paper
we will omit the set R, and we will simply write cl(M) to indicate the deductive
closure of M. The complete set deduction rules that we considered, including
those introduced in [3], is available in the source code [12].5 All the rules we
analysed in the literature can be encoded as Normal Logic Program rules (more
on this in Section 3).

Although NegDis takes as input the set of templates and deduction rules, for
the sake of simplicity, in the rest of the paper we assume that they are fixed and
input consists on the sets of positive and negative examples (denoted by L™ and
L7). Candidate solutions for the discovery task are any set of constraints S C
D[A] s.t. (i) Vt € LT we have t |= S; (ii) S maximizes the set {t € L™ | t £ S}.

In the first stage of the algorithm, NegDis builds a function (sheriffs) that as-
sociates each trace in L™ with the set of constraints, chosen from those accepting
all traces in LT, that reject it:

sheriffs(t) = {c € D[A] |t c AVt € LTt = ¢} (1)

Note that, due to the fact that not all the pairs of negative and positive sets of
traces can be perfectly separated using Declare [11], there can be traces ¢ in L™
for which sheriffs(t) is empty, meaning that those traces cannot be excluded by
any model that guarantees the acceptance of all the positive ones. The actual

4 Identifying whether there is a complete set of rules for a specific set of templates is
an open problem outside the scope of this work.
® The file declare_rules.txt in the data directory.
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implementation of the first stage is outside the scope of this paper and the reader
is referred to [2]. Based on sheriffs, the space of all solutions can be defined as

Z={MC U sheriffs(t) |Vt € L™ t = M V sheriffs(t) = 0} (2)
teL-

That is, the subsets of the set of all constraints in sheriffs(t) that reject all the
negative traces (excluding those that cannot be rejected, i.e., sheriffs(t) = (). In
the next section we show how we use an ASP optimisation system to order Z
and select the “best” process models.

3 ASP Encoding and Evaluation

For our experiments we used the Clingo system [6] because it supports func-
tion terms, and an advanced optimisation frontend (ASPrin [1]), enabling the
declarative specification of preferences. The encoding of the optimisation stage
in ASP follows the common Guess/Check/Optimise (GCO) ASP paradigm [9]:
the guessing part selects subsets of Ute - sheriffs(t) using a choice rule [6], the
checking part selects only (ASP) models that “reject” the negative traces, while
the optimisation part depends on selected preferences.

The sheriffs input is encoded as a binary predicate choice/2 where the first
argument is a trace ID (an integer) and the second a constraint that “rejects”
the trace. The “output” predicate, identifying the selected constraints, is the
unary predicate selected/1. We decided to encode constraints as function terms
in order to avoid the ad-hoc handling of the number of template parameters
(e.g., terms like decl(init,a)), so the fact that the constraint init(a) rejects the
third trace is encoded by the fact choice(3,decl(init,a)).

The guessing part is composed by a single choice rule

{ selected(C) : choice(_,C) }.
The checking part must take into account not only the selected constraints, but
also their closure, since it affects the optimisation preferences. To this end we
introduced a derived/1 predicate, and the checking is encoded as

derived(C) :— selected(C).

rejected(T) :— choice(T,C), derived(C).

:— choice(T,.), not rejected(T).
The guessing and checking parts above enables the generation of all models
corresponding to the sets in Z (Eq. 2). Deduction rules are encoded using the
derived/1 predicate; e.g., the rule init(A) — precedence(A, B) is encoded as

derived(decl(precedence,X,Y)) :— derived(decl(init,X)), action(Y).

Assuming a finite number of activities, Declare deduction rules studied in liter-
ature can be encoded as full tuple-generating dependencies [4]. Therefore, for any
subset of (J,c - sheriffs(t), the extension of derived/1 is unique. Moreover, since

5 In the actual code the predicate names are slightly different to avoid potential clashes
with names used by ASPrin, and they can be parametrised.
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each constraint in sheriffs accepts all traces in L™, any subset of | J, cr- sheriffs(t)
is consistent.

Enumerating all models is too expensive, and doesn’t provide any guide to
select the most suitable (from the user point of view). For the optimisation
part we started experimenting with cardinality preferences over the deductive
closure and selection; which can be simply implemented via Clingo minimisation
statements (grounding macros for weak constraints [6]):

#minimize{102,C: derived(C)}.

#minimize{1@1,C: selected(C)}.
Specifying more elaborate preferences require complex encodings and ASP tech-
niques, which are difficult to manage and error-prone to non ASP experts. To
simplify the specification we exploit the ASPrin Clingo frontend [1], which pro-
vides a general framework for optimising qualitative and quantitative preferences
in ASP. For example, “subset” optimality can be encoded using

#preference(pl,subset){ derived(C) : constraint(C) }.

#preference(p2,less(cardinality)){ selected(C) : choice(-, C) }.

#preference(pl0,lexico){ 1::xp2; 2::kpl }.

#optimize(p10).
which prefers models with a (subset) smaller closure, and (cardinality) smaller
selected in case of ties. The built-in directives of ASPrin can be used to specify
also preferences of specific properties of the models; e.g., to prefer models with
specific templates:

not_nice_model :— selected(C), template_name(C,not_succession).

nice_model :— not not_nice_model.

#preference(pl,aso){ nice_model >> not_nice_model }.

#preference(p2,subset){ derived(C) : constraint(C) }.

#preference(pl0,lexico){ 1::xxp2; 2::xxpl }.

#optimize(p10).

The encoding has been evalu-
ated in the context of the discov-
ery process using both synthetic
and real datasets. For the descrip-  Dataset

Table 2. Running time
sheriffs input CPU time (sec)

tion of the datasets and details size avg sheriffs subset card
on the results the reader is re- synt, 25600 32.2491 113.06 15.085 11.559
ferred to [2]. In this paper we SYNTS 10240 9.40303 97.47 1377 1.201

focus on the optimisation stage, (TN 'Y UL 100 0o 0os

considering the size and structure SEPSISmedian 141 24.0851 1.05 0.2  0.087

of the sheriffs input: the number  BPIC12,,c0, 70 8.84286 31  0.096 0.066
of traces and the average num-  BPIC12medion 2394 0.15748  37.63 359.164 43.846

ber of “rejecting” constraints per

trace. Table 2 shows the optimisation time, for the “subset” and “cardinality”
criteria above, compared to the time spent to calculate the sheriffs input. By
considering the whole discovery problem, in most of the datasets, the runtime
of the optimisation is an order of magnitude smaller than the first stage, and it
seems to be correlated with the size of the minimal (process) model discovered.
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4 Conclusions

In this paper we demonstrate the use of ASP optimisation to encode preferences
in complex domains where the optimisation criteria cannot be fixed beforehand;
e.g., in our case process models can be preferred because of the presence of some
patterns which are domain dependent. The flexibility of a rule-based system en-
ables the handling of complex interactions between the components of a solution
and its optimisation. In our domain, because of the need to take into account the
deductive dependency between Declare constraints, we cannot use traditional
finite domain solvers. Our empirical evaluation shows that the Clingo solver can
efficiently handle the optimisation stage for the preferences we selected. We plan
to investigate whether the system can be pushed further with more complex
preferences; e.g., interaction between different templates or activities.
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