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Abstract

Process discovery is the task of generating process models from event logs. Min-
ing processes that operate in an environment of high variability is an ongoing
research challenge because various algorithms tend to produce spaghetti-like
process models. This is particularly the case when procedural models are gen-
erated. A promising direction to tackle this challenge is the usage of declarative
process modelling languages like Declare, which summarise complex behaviour
in a compact set of behavioural constraints on activities. A Declare constraint
is branched when one of its parameters is the disjunction of two or more activ-
ities. For example, branched Declare can be used to express rules like “in a
bank, a mortgage application is always eventually followed by a notification to
the applicant by phone or by a notification by e-mail”. However, branched
Declare constraints are expensive to be discovered. In addition, it is often the
case that hundreds of branched Declare constraints are valid for the same log,
thus making, again, the discovery results unreadable. In this paper, we address
these problems from a theoretical angle. More specifically, we define the class
of Target-Branched Declare constraints and investigate the formal properties
it exhibits. Furthermore, we present a technique for the efficient discovery of
compact Target-Branched Declare models. We discuss the merits of our work
through an evaluation based on a prototypical implementation using both arti-
ficial and real-life event logs.

Keywords: Process Mining, Knowledge Discovery, Declarative Process

1. Introduction

Process discovery is the important initial step of business process manage-
ment that aims at arriving at an as-is model of an investigated process [I]. Due
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to this step being difficult and time-consuming, various techniques have been
proposed to automatically discover a process model from event logs. These log
data are often generated by information systems that support parts or the en-
tirety of a process. The result is typically presented as a Petri net or a similar
kind of flow chart and the automatic discovery is referred to as process mining.

While process mining has proven to be a powerful technique for structured
and standardised processes, there is an ongoing debate on how processes with a
high degree of variability can be effectively mined. One approach to this problem
is to generate a declarative process model, which rather shows the constraints
of behaviour instead of the available execution sequences. The resulting models
are represented in languages like Declare. In many cases, they provide a way
to represent complex, unstructured behaviour in a compact way, which would
look overly complex in a spaghetti-like Petri net.

Declare is a process modelling language first introduced in [2]. The language
defines a set of classes of constraints, the Declare templates, that are considered
the most interesting ones for describing business processes. Templates are para-
meterised and constraints are instantiations of templates on real activities. For
example, the Response constraint, stating that “activity pay is always eventually
followed by activity send invoice” is an instantiation of the Declare template
Response specifying that “an activity z is always eventually followed by an activ-
ity 4”. Templates have a graphical representation and formal semantics based
on Linear Temporal Logic on Finite Traces (LTL). This allows Declare models
to be verifiable and executable. Figure [La]shows the graphical representation of
the Response template. Its LTL; semantics is [J(z — <y). Constraints inherit
the graphical representation and the LTL; semantics from the corresponding
templates.

The current techniques for the discovery of Declare models [3, [4, 5] [6] [7] are
limited to the discovery of constraints based on the standard set of Declare tem-
plates. This means that the discovered constraints will involve one activity for
each parameter specified in the corresponding templates. However, as described
in [2], a constraint can define more than one activity for each parameter. For
example, a Response constraint can be used to express rules like “in a bank,
a mortgage application is always eventually followed by a notification to the
applicant by phone or by a notification by e-mail”. In this rule, the “mortgage
application” plays the role of the activation. “Notification by phone” and “noti-
fication by e-mail” constitute the so-called targets of the constraint. In this case,
we say that the target parameter branches and, in the graphical representation,
this is displayed by multiple arcs connecting the activation to the branched tar-
gets. In LTL; semantics, a branched parameter is replaced by a disjunction
of parameters. Figure shows the graphical representation of the Response
template branching on the target. Its LTL; semantics is ()(z — <(y v 2)).

Target-Branched Declare (TBDeclare) extends Declare by encompassing
constraints that branch on target parameters, thus providing the process mod-
ellers with the possibility of defining a much wider set of constraints. In this
paper, we address the problem of mining TBDeclare constraints efficiently. At
the same time, the technique we propose aims at limiting the sheer amount of
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(a) Response(z,y) (b) Response(zx,{y,z})

Figure 1: Declare (a) and Target-Branched Declare (b) Response templates.

returned constraints to the set of the most meaningful ones. To this extent, we
rely on formal properties of TBDeclare, i.e., (i) set-dominance and (%) subsump-
tion hierarchy. Set-dominance is based on the observation that, for example,
stating that “a is always eventually followed by b or ¢” entails that “a is al-
ways eventually followed by b, c or d”, i.e., since the set of targets for the first
constraint is included in the set of targets for the second constraint, the first
constraint is stronger than the second one. In this case, if both constraints hold
in the provided event log, only the stronger one will be discovered. In addition,
Declare constraints are not independent, but form a subsumption hierarchy.
Therefore, a constraint (e.g., a is eventually followed by b or ¢) is redundant if
a stronger constraint holds (e.g., a is directly followed by b or c¢). Also in this
case, it is possible to keep the stronger constraint and discard the weaker one
in the discovered model. The key idea of our proposed approach is to exploit
set-dominance and subsumption hierarchy relationships, in combination with
the use of interestingness metrics like constraint support and confidence [5], to
drastically prune the set of discovered constraints. We present formal proofs to
demonstrate the merits of this approach and a prototypical implementation for
emphasising its feasibility and efficiency.

In this paper, we extend the work presented in [§] in four directions: (i) the-
oretical discussion, (4) algorithm presentation, (iii) implementation improve-
ment, and (iv) evaluation. From a foundational perspective, this paper form-
ally elaborates on how the monotonicity of LTL; temporal operators can be
exploited to prove set-dominance for TBDeclare. The algorithm is presented
in thorough detail here: it describes all the procedures undertaken to mine
the constraints, along with trailing examples. The implementation of the al-
gorithm is also improved now, as an entirely new technique for the computation
of AlternateResponse and AlternatePrecedence constraints has been devised. In
this way, a major limitation of the process discovery algorithm presented in [§]
is resolved. Furthermore, this has enabled us to cover a broader range of exper-
iments including the application to an additional benchmark based on the use
of the log provided for the BPI challenge 2014 [9].

Against this background, this paper is structured as follows. Section [2] in-
troduces the essential concepts of LTL; and Declare as a background of our
work. Section [3| provides the formal foundations for mining Target-Branched
constraints. Section [4] defines the construction of a knowledge base from which
the final constraint set is built. Section [5| describes the performance evaluation.
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Section [f] investigates our contribution in the light of related work. Section
concludes the paper with an outlook on future research.

2. Background

Process mining is the set of techniques that aims at understanding the be-
haviour of a process, given as input a set of data reporting the executions of
such a process, i.e., an event log L. An event log consists of a collection of
traces 1;, with i € [1,|L|] and |L| being the size of the log, recording informa-
tion about process instance executions. A trace is a sequence of events. Events
are log entries specifying the execution data referred to an activity of the pro-
cess. In the following, we will assume that each event is uniquely corresponding
to the execution of a single activity. Therefore, we will interchangeably adopt
the terms “event” and “activity” occurring in the log. The set of the activities
that may occur in the log is called log alphabet. Hereinafter, the generic log
alphabet is denoted as . Elements of ¥ will be collectively indicated as a, b, c.
Denoting the set of sequences of activities as %.* and indicating a multi-set as
M (), we have that L € 9 (X*).

One of the challenges in process mining is the compact presentation of the
mined behaviour. It has been observed that procedural models such as Petri nets
tend to become overly complex for flexible processes that are situated in dynamic
environments. Therefore, it has been argued to rather utilise declarative process
modelling languages (like Declare) in such contexts, in order to facilitate a better
understanding of the mined process models by humans [I0, [11]. Declare has its
formal foundation in linear temporal logic with finite trace semantics, which
we introduce in Section Section then, describes Declare and how it is
grounded in linear temporal logic.

2.1. Linear Temporal Logic over Finite Traces

Linear Temporal Logic (LTL) [12] is a language meant to express properties
that hold true in systems that change their state over time. The behaviour of
such systems is expressed in the form of a temporal structure, i.e., a transition
system [I3]. LTL was originally proposed in computer science as a specification
language for concurrent programs. It was thought, in fact, to be adopted for
the formal verification of server systems and very large system circuits, which
in theory run infinitely. The states of such systems are expressed in terms of
propositional formulae. The evolution is defined by transitions between states.

A typical LTL formula expressing a fairness condition is [JO®, where @ is
a propositional formula, indicating the condition to always ((J) eventually (<)
hold true. LTL, [14, 5] is the variant of LTL interpreted over finite system
executions. It adopts the syntax of LTL. Formulae of LTL; are built from
a set A of propositional symbols (atomic propositions) and are closed under
the boolean connectives (—, unary, and v, A, —, binary) and the temporal
operators ) (next), O (eventually), (I (always), unary, and U (until) and W
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(weak until), binary. The syntax is defined as follows.

0= « | p | A (with a € A)
p= ¢ | pvi | oAt | p—
A= Op | ©o | Op | Uy | ¢ W9

Intuitively, ¢ means that ¢ holds true in the next instant in time, G signifies
that ¢ holds eventually before the last instant in time (included), [Jp expresses
the fact that from the current state until the last instant in time ¢ holds, ¢ U ¥
says that ¢ holds eventually in the future and ¢ holds until that point, and
© W 1 relaxes p U 1 in the sense that either from the current state until the
last instant in time ¢ holds, or ¢ U i holds.

The semantics of LTL; is provided in terms of finite runs, i.e., finite se-
quences of consecutive instants in time, represented by finite words = over 2.
The instant ¢ in run 7 is denoted as w (i), with ¢ € [1,|x|], with |r| being the
length of the run. In the following, we indicate that, e.g., atomic proposition «
is interpreted as true (T) at instant ¢ in = with o € 7(¢). Conversely, if « ¢ 7(7),
« is interpreted as false (L). Given a finite run 7, we inductively define when
an LTL; formula ¢ (respectively v) is true at an instant ¢, denoted as 7, |= ¢
(respectively m, i |= 1), as:

m i =« for a € A, iff a € (i) (o is interpreted as true in 7(7));

i = —p iff m,i B g

mikEeay iff m,i =@ and 7, i =

mibEevy iff ik por ik

i = Qe iff m,i+1 | ¢, having @ < |7|;

i = U iff for some j € [i,|r|], we have that m,j | 1, and for all
k € [i,j—1], we have that 7,k = .

The semantics of the remaining operators can be derived by recalling that:

poYv=—-pvy w o =—0—p;
OLPETUS% 145 LPW1ZJED<PV(<)0U¢)

We recall here that, given two LTL; formulas ¢, 1, ¢ =9 (¢ models v) iff
Vi e [1,7], m,i = ¢ entails 7, =1 . As clarified in [I6], temporal operators
enjoy the property of monotonicity [I7]. A function f: X — Y, where X and
Y are partially ordered sets under the binary relation <, is monotonic iff, given
x,2’ € X such that z < o/, then f(x) < f(2'). f is said to be antimonotonic iff,
given z,2’ € X such that x < a’, then f(z) > f(2’), where > is the inverse of
<.

With a slight abuse of notation, given formulae ¢ and 1, such that ¢ = v,
then:

1. a unary operator e is monotonic iff ep = e);
2. a unary operator e is antimonotonic iff ep < e1);

3. a binary operator ® is monotonic iff ¢ = ¢ ® 1;
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Template Formalisation Notation Activ. Target

RespondedEzistence(xz,y) <Oz — Oy T y
Response(z,y) Oz — <Oy) T y
Precedence(x,y) -y Wz y z
AlternateResponse(z,y) Oz — O(—zU y)) T y
AlternatePrecedence(z,y) (—yWaz) A Oy — O(—y Wz)) y T
ChainResponse(x,y) Oz — Qy) T y
ChainPrecedence(x, y) OQy — z) y z

Table 1: Graphical notation and LTL; formalisation of some Declare templates.

4. a binary operator ® is antimonotonic iff ¢ = ¢ ® 9.

Monotonicity holds for propositional logic operators v, A and —, whereas — is
antimonotonic [I7]. Temporal operators O, <, [0, U and W are monotonic
as well [I3]. LTL; syntax and semantics will be used in the remainder of the

paper.

2.2. Declare

One of the most frequently used declarative languages is Declare, first in-
troduced in [2]. Instead of explicitly specifying the allowed sequences of events,
Declare consists of a set of constraints that are applied to activities and must
be valid during the process execution. Constraints are based on templates that
define parametrised classes of temporal properties. Templates have a graph-
ical representation and their semantics can be formalised using LTL;. In this
way, analysts work with the graphical representation of templates, while the
underlying formulae remain hidden. Table [l| summarises the most commonly
used Declare templates. For a complete specification see [2]. Here, we indicate
template parameters with = or y symbols. Generic symbols of real activities in
their instantiations (generic elements of a generic log alphabet) are indicated as
Y ={a,b,c,d,...}. Assigned activity identifiers are denoted as sans-serif letters
a,b,c e ¥, where ¥ is a set of activities that is assigned to a generic log alphabet
3. Hence, a is a possible assignment of a. Following the same rationale, L is the
symbol for the formal parameter denoting a generic log, whereas L is a concrete
log. We remark here that the interpretation of Declare constraints restricts the
common interpretation of LTL; in that two literals cannot be true at the same
time. Furthermore, the run 7 on which an LTL; formula is evaluated is, in this
context, a finite trace ¢ of a log. We will univocally map atomic propositions of
LTL; to the occurrence of an activity in the log alphabet (A = X).

The formulae shown in Table [If can be readily formulated using natural
language. The RespondedFExistence template specifies that if x occurs, then y
should also occur (either before or after z). The Response template specifies
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that when z occurs, then y should eventually occur after x. The Precedence
template indicates that y should occur only if z has occurred before. Tem-
plates AlternateResponse and AlternatePrecedence strengthen the Response and
Precedence templates respectively by specifying that activities must alternate
without repetitions in between. Even stronger ordering relations are specified
by templates ChainResponse and ChainPrecedence. These templates require
that the occurrences of the two activities (x and y) are next to each other.

In order to illustrate these semantics, consider the Response constraint
[O(a — <b). This constraint indicates that if a occurs, b must eventually
follow. Given a log L = {fl,fg,fg,ﬂ}, where t; = (a,a,b,c), to = (b,b,c,d),
ts = (a,b,c,b), and t; = {a, b, a,c), this constraint is satisfied in tj, to, and t3,
but not in ty, because the second instance of a is not followed by a b in such
trace.

An activation of a constraint in a trace is an event whose occurrence imposes
some obligations on the occurrence of another event (the target) in the same
trace. E.g., a is the activation and b is the target for the Response constraint
O(a — ©b), because the execution of a forces b to be executed eventually. When
a trace is compliant w.r.t. a constraint, every activation leads to a fulfilment.
Consider, again, the Response constraint [J(a — <b). In trace t1, the constraint
is activated and fulfilled twice, whereas, in t3, the same constraint is activated
and fulfilled only once. On the other hand, when a trace is non-compliant, an
activation can lead to a fulfilment but at least one activation in the trace leads
to a wviolation. For example, in trace ty, the Response constraint [J(a — <b)
is activated twice: the first activation leads to a fulfilment (eventually b oc-
curs) and the second activation to a violation (b does not occur subsequently).
An algorithm to identify fulfilments and violations in a trace is presented in [18§].

In the following, we will use € to denote the set of Declare templates. Form-
ally, a Declare template C/,, € € is a predicate of arity n > 1, with C represent-
ing the name of the template and arity n specifying the number of parameters.
For instance, the aforementioned Response/s constraint has arity n = 2 and
Response as name. C(z,y) is an example of the notation we adopt to expli-
citly identify the two parameters (x, y) of template C of arity 2. In standard
Declare, constraints are templates whose parameters are assigned single dis-
tinct activities. We will denote as €* the set of constraints that are obtained
by assigning parameters of every C/, € € to n-permutations of distinct activ-
ities in the log alphabet Y. Having, e.g., ¥ = {a,b,c}, €* would comprise
Response(a,b), Response(b,a), Response(b,c), Response(c,b), Response(a,c),
Response(c,a), RespondedExistence(a,b), RespondedExistence(b,a), etc. We
will use C(a,b) € €* for indicating a generic constraint that assigns activit-
ies @ and b (a,b € ¥) to the parameters of the corresponding template C. C' is
a shorthand notation that denotes a generic constraint.

In the remainder of this paper, we will focus on Declare constraints of arity
2 known as relation constraints. In particular, we will consider the ones that
are listed in Table hereinafter indicated as unidirectional positive relation
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constraints. The activation and target of a relation constraint C' are henceforth
denoted as C|, and C|.. Thus, Response(a,b)|s is a and Response(a,b)|=
is b. Vice-versa, Precedence(a,b)|s is b and Precedence(a,b)|= is a. Table
reports activations and targets for all the listed templates. In the semantics of
a unidirectional positive relation constraint C' = C(z, y),

1. {Cle} n{Cl=} = &, and
2. C|= always falls under an even number of negations —.

In the literature, relation templates of arity 2 that do not impose rule 1] are
known as “coupling constraints”, whereas those that do not impose rule [2| are
named “negative constraints” [19].

Table [1| contains the list of activations and targets for the templates we
consider in this paper. In Section [3] we will explain how the standard Declare
specification is extended towards Target-Branched Declare.

2.8. Support and confidence

To evaluate the relevance of a Declare constraint, we adopt two metrics
proposed in the association rule mining literature [20]. The first one is meant to
assess the reliability of a constraint w.r.t. a log, i.e., support. The second metric
is meant to assess the relevance of a constraint w.r.t. a log, i.e., confidence.

The support of a Declare constraint C' in an event log is defined as the
proportion of fulfilments v'1,(C) of C in log L. For relation constraints, we
can rely on the concept of activation. Therefore, we specify the support as
the fraction of occurring activations of C' that do not violate the constraint,
w.r.t. the total number of activations in the log. Formally, let #r(a) be the
function # : X x M (X*) - N, with N set of positive integers, that counts the
occurrences of activity a € ¥ in log L € MM (X*); let v (C) be the function
vV 1€ x M (E*) — N that counts the number of fulfilments of constraint C €
¢* in log L € M (X*). Then, the support .77 (C) of a constraint C in a log L is
defined as a function .7 : € x M (¥*) — [0, 1] < R, with R set of real numbers,
expressed as follows:

v(C)
7O = el .
where C, is the activation of constraint C'.

The second metric is meant to assess the relevance of a constraint w.r.t. a
log. It is named confidence, and scales the support of a constraint by the number
of traces containing its activation. For the definition of confidence % of relation
constraints, we rely on the notion of activity-related log fraction [21], i.e., the
fraction of traces in which a given activity occurs at least once. Let @ (a) be
the function @ : ¥ x M (X*) — N that counts the traces of log L € M (X*) in
which activity a € ¥ does not occur. Then, the activity-related log fraction is

expressible as 1 — QlLL(r) where |L| is the number of traces in L. Therefore, given
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alog L € M(T*) and a constraint C' € €=, the confidence of C' can be defined
as a function € : €* x M (T*) — [0, 1] S R, expressed as follows:

%, (C) = 71 (C) x (1 _ @L|(LC||)> : (2)

3. Target-Branched Declare

In this section, we define Target-Branched Declare (TBDeclare). It extends
Declare such that the target is not a single activity but a set of activities (see
Table [2). This means that Response(a, {b,c}) is a TBDeclare constraint stat-
ing that “if a occurs, b or ¢ must eventually follow”. {b,c} is referred to as a
set-parameter. The cardinality of this set, indicating the number of branches, is
called branching factor of the constraint. The class of TBDeclare exhibits some
interesting properties, i.e., subsumption hierarchy and set-dominance. Sub-
sumption hierarchy has already been investigated in [22] for branched Declare.
In the following, we prove that the property of set-dominance holds. Then,
we discuss implications of this property in terms of constraint support. These
properties will be exploited in the mining algorithm.

TBDeclare template LTL; semantics

RespondedEzistence(z,Y) <Oz — O (\/f:1 yf)

reepome(e. ) s 0 (Ve )
AlternateResponse(z,Y) 0w — O (=2 U VI_, v:))
ChainResponse(z, ) O(z— 0O (Vi)
Precedence(Y , x) -z W (\/le y)

AlternatePrecedence(Y,xz)  Precedence(Y,x) A [J(xz — O Precedence(Y,x))

ChainPrecedence(Y, x) O (OI i (\/le yr))

Table 2: LTL; semantics for TBDeclare templates (Y = {y1,...,ys}, with 3
branching factor of the constraint).

Formally, TBDeclare is a sub-class of a more general class of constraints
extending standard Declare, which we will henceforth refer to as Multi-valued
Declare. As said in Section [2.2] standard Declare imposes that template para-
meters are interpreted as single activities of the log alphabet ¥. Multi-valued
Declare comprises the same set of templates of standard Declare, yet allowing
the interpretation of parameters as elements of a boolean algebraic structure
{3,y (a.k.a. groupoid [23]) consisting of a set of symbols X (i.e., the log alpha-
bet) and a binary operator * under which the structure is closed. Thus, given
a,be X, and p = a b, then p € (3, *). A semigroup (3, *) is a groupoid s.t.
operation #* is associative.



294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

Branched Declare [2] restricts the algebraic structure to a join-semilattice
(3, v), ie., an idempotent commutative semigroup, where v is the join-
operation [24]. For any semigroup (X,#) a natural partial-order relation
can be defined [25]. A fortiori, we define it here for join-semilattices as
p=p iff pvp =p, for p,p' € (X, v). In the domain of boolean algebras, > is
defined by the inverse entailment relation =, and the equality = by the logical
equivalence =. Indeed, e.g., considering a v b as p and a as p’, we clearly have
that avbgaasavbva=avb.

TBDeclare belongs to the class of unidirectional positive relation constraints
that further restrict Branched Declare as follows: the interpretation of the target
can be an element of (X, v), whereas the activation is interpretable only as a
single activity in X. Thus, the example TBDeclare constraint given at the
beginning of this section interprets the activation of Response as a and its target
as b v ¢, where a, b and ¢ are respectively assigned with a, b and ¢, meaning
that “if a occurs, b or ¢ must eventually follow.” Notice that the join-operation
of the join-semilattice in boolean algebra is such that semantics of Branched
Declare and TBDeclare can still be expressed within LTL;.

3.1. Set-Dominance

In this section, we formally prove that set-dominance holds for TBDeclare,
mainly relying on the property of monotonicity of the LTL; temporal operators.
To this extent, we first define the class of Monotonic Branched Declare. Then,
we show that two Monotonic Branched Declare constraints C' and C’ are such
that if the assigned parameters of C' are included in the assigned parameters of
C’, then the support of C' is lower than or equal to the support of the C’. The
property of monotonic non-decreasing trend of support w.r.t. the containment
of set-parameters, will also be simply referred to as set-dominance for short.
Finally, we show that for all Branched Declare constraints, the property of
set-dominance holds true.

Preliminarily, we notice that, for join-semilattices, a bijective mapping
p can be established that connects elements of (3, v) to elements of (3, uU)
where U is the set-union operation: p : (X,v) — (X,uU). It can be shown
that p is an isomorphism preserving the partial-order > defined on (X, v)
by the partial-order given by set-containment 2 in (X, U). In the following,
we indicate by means of a capital letter, e.g., X or Y, a parameter that is
interpreted as an element of (X, v). Therefore, Response(x,Y) specifies a
template where the second parameter is interpreted as an element of (X, v)
(cf. Table [2). Without loss of generality, we identify every element p in (3, v)
by its p-mapped set S = p(p) in (X, uU). Hence, Response having a as the
activation and b v ¢ as the target will be denoted as Response(a,S) where
S =buc S will thus be also referred to as set-parameter. As an alternative,
we will also adopt for such constraint the following notation: Response(a, {b,c}).

Monotonic Branched Declare is the class of Multi-valued Declare templates
for which it holds true that any two constraints C(Ry,...,Ry) and C(Sy,...,Sy,),
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obtained as instantiations of the same template C/,, € € with set-parameters
Ri,...,Ry and Sy,...,S,, with S; 2 R, for every ¢ € [1,n], are such that
C(Ri,...,Ry) EC(S1,...,S,).

Theorem 1 (Set-dominance of Monotonic Branched Declare). Given
the non-empty sets of activities Ry,..., R, and S1,...,5, of a log alphabet
such that ¥ 2 S; 2 R; for every i € [1,n], a log L and a Monotonic Branched
Declare template C, then the support of C' = C(S1,...,S,) is greater than or
equal to the support of C = C(Ry,...,Ry), i.e., ZL(C") = SL(C).

Proof 1. Because the log L over which the support is evaluated is the same
for both constraints, we focus on the number of fulfilments, namely v ,(C) and
vV (C"), for constraints C and C'. By definition of Monotonic Branched De-
clare, if S; 2 R; for every i € [1,n], where n is the arity of constraint template
C, then C |= C'. Therefore, due to the definition of model for a constraint
w.r.t. a log, we have that v',(C) < v .(C"). The proof proceeds per absurdo. If
V(C) > vV (C), there would necessarily exist at least a case that verifies C
but not C'. This would contradict the fact that C' = C'. O

Lemma 1 (Monotonicity of TBDeclare). Target-Branched Declare  be-
longs to the class of Monotonic Branched Declare, i.e., given an activity a
in the log alphabet ¥, two non-empty sets of activities S and S such that
Sc § 3%, and a TBDeclare template C, then C(a, S) = C(a, ).

Proof 2. In the base case, S= S = {by,...,b,}. Therefore, C(a,S) =C(a,S).
For the proof in the inductive case S = S |J{bni1} where b,y1 ¢ S, we resort
on the fact that the semantics of constraint templates of Declare are expressible
by means of LTLy. Among operators used in LTLy, — is known to be anti-
monotonic, whereas all the other LTLy operators are monotonic. The target of
a Declare unidirectional positive relation constraint template always falls under
an even number of — operators. By definition of TBDeclare, only the target is
meant to be replaced by elements of the boolean join-semilattice (X, v ). Hence,
the target set-parameter always lets the activities assigned fall under an even
number of negations. This guarantees the monotonicity of the constraint, due
to the principle of non—contmdictionﬂ O

The section now proceeds with the application of the inductive part of the
proof to each template under examination, listed in Table

RespondedEzistence. RespondedEzistence(a,S") = Ca — O (\/1_, b v bpi1).
Recalling that, given two LTL; formulae ¢ and :

(a) ¢ > ¢ =—p v, and
(b) (e v ) =0p v Oy,

LGiven a boolean formula o, — ( =) = ¢.
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we have that RespondedExistence(a,S’) = —<Ca v (\/[_; Ob;) v Obyi1. Con-
sequently, RespondedExistence(a,S’) = RespondedEzistence(a,S) v Obyyq.
Given two LTL¢ formulae ¢ and

() vy

due to the monotonicity of v. Therefore, Lemma [I] for RespondedEzistence is
proven.

Response. Response(a,S') = (—a v < (\/1; bi) v Obusi1) due to(a)|and [(b)]
We have also that:

(d) if ¢ = ¥, then Ty |= [
for the monotonicity of the temporal operators in LTL;. Therefore,

Oe EO(e v ¥), because of Since Response(a,S) =0(—a v < (Vi b)),
we have that Lemma [I| holds true for Response.

AlternateResponse. As a consequence of the application of
AlternateResponse(a,S") =0 (—a v O (—alUd (\/i—, bi v bpy1))), whereas
AlternateResponse(a,S) = (—a v O (—ald (/] b))
Given the LTL; formulae ¢, ¢ and ¢,

(e) if o =1/, then o UY = U Y
due to the monotonicity of the temporal operators in LTL;. Therefore, we have

that (—ald (\/;_, b)) = (ma U (\/{_ bi v bns1)), because of [(c)]

Furthermore, given two LTL¢ formulae ¢ and 1,

(f) if ¢ = ¢, then Op | O
due to the monotonicity of the temporal operators in LTL;. As a consequence,

O(=ald (ViZ b)) | O(=ald (Vi_bi v bui1)).
Given the LTL; formulae ¢, ¢ and ¢/,

(g) if Y E o, then p v b |= o v i,
This leads to the conclusion that Lemma (I} holds true for AlternateResponse,
considering @

ChainResponse. Given two LTL; formulae ¢ and v, we have that:
(h) Ol v ) =0Op v O

Applying and we have that ChainResponse(a,S") = (—a v O (Vi_, bi) v Obnt1),

whereas ChainResponse(a,S) =[1(—a v O (\/i—, b;)). Lemma [l is proven for
ChainResponse then, due to and @

Precedence. By definition of W, we have that
Precedence(S',a) = (O—a) v (mald (Vi1 bi Vv bus1)), and
Precedence(S,a) = (O—a) v (—ald (i, bi)). Lemma naturally ex-
tends to the case of Precedence by applying since it is already proven
that (—ald (\V/I_1 b)) = (—ald (\/]_;b; v byy1)) (see demonstration for
AlternateResponse).
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AlternatePrecedence. For what AlternatePrecedence is regarded, the two terms
of the conjunction have to be considered separately. The first term refers to
Precedence, and it is already proven that Precedence(S,a) |= Precedence(S', a).
The second term is [](—a v OQPrecedence(S, a)) for AlternatePrecedence(S, a)
and [J (—a v OPrecedence(S', a)) for AlternatePrecedence(S', a), due to As
a consequence, [](—a v QPrecedence(S,a)) = (—a v OPrecedence(S', a)),
due to and @ As a conclusion, since it is known that

(i) if ¢ = ' and o =o' then ¢ A 3 b= ¢ A 3

we can conclude that Lemma [1 holds true for AlternatePrecedence.

ChainPrecedence. We have that ChainPrecedence(a,S") =[(= O a v (Vgeg bi) V bnt1)

and ChainPrecedence(a,S) =0(— O a v (Vgeg bi)), due to @ Considering
and it is thus proven that Lemma (1| is verified.

Following Theorem [1] describes the monotonic non-decreasing trend of the
support for constraints w.r.t. set-containment of the target set of activities for
TBDeclare.

Corollary 1 (Set-dominance of TBDeclare). Given an activity a in the
log alphabet X, two non-empty sets of activities S, S such that ¥ 2 § 2 S,
a log L and a TBDeclare template C, then the support of C(a,S') is greater than
or equal to the support of C(a,S), i.e., S (C(a,5)) = .ZL(C(a, 5)).

Proof 3. Directly follows from Theorem[1] and Lemma[1] O

As a final remark, we highlight that the notion of support introduced in Equa-
tion especially for relation constraints, is still compliant with Corollary |1} in
the light of the proof of Theorem [1} In fact, it still holds that the denominator
of the proportion remains the same for both constraints, as the activations are
the same along the log, and the activations that do not violate C(a,S’) cannot
be less than the ones of C(a,S). Otherwise, if at least a fulfilment of C(a,S)
were not a fulfilment of C(a,S’), it would constitute a counterexample against
Lemma |1} according to which C(a,S) = C(a,S’).

In the following section, we show how the discovery algorithm exploits the
fact that the support of TBDeclare is monotonously non-decreasing w.r.t. the
set-containment relation of target set-parameters.

4. Discovery

This section describes MINERful for Target-Branched Declare (TB-
MINERful), a three-step algorithm that, starting from an input log L, () builds
a knowledge base, which keeps statistics on activity occurrences in L; (i) queries
the knowledge base for support and confidence of constraints in L; (%ii) prunes
constraints not having sufficient support and confidence. The input of the al-
gorithm is a log L. Three thresholds can be specified: (i) branching factor, i.e.,
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the maximum branching factor allowed for the discovered constraints, (i) min-
imum support, and (iii) minimum confidence.

4.1. The Knowledge Base

The first step is the construction of a knowledge base, which keeps statistics
on the occurrences of activities in the log. It comprises the 9 functions listed
further below in this section. @ and # were already outlined in Section [2.3|and
are here formally defined for the sake of completeness.

Following the same rationale of the symbology introduced in Section
set-parameters are here indicated with symbols S, T € ¥. S = {b, ¢} is possibly
assigned with {b, c}.

Let & = {41, 4+, », «, %, <P} and &) = {&, #} be two sets of functions
defined as follows. In the examples, =, and =,, specify the number that would
be assigned to the functions respectively in £ and K;, given a log. As an example
log we use L = {(a,a,b,a,c,a),{a,a,b,a,c,a,d)} defined over X = {a,b,c,d}.

@ : % x M(E*) > N. Function & (a,L) (hereinafter, &y (a) for short) counts
the traces of L € M (X*) in which a € ¥ did not occur. For instance,
@L(a) =,, 0, because a occurs in every trace in L. @ (d) =,, 1, instead.

#:3X x M (X*) - N. Function # (a, L) (hereinafter, #(a) for short) counts
the occurrences of @ € 3 in L € 9 (X*). Therefore, #((a) =,, 8.

B 2 X p(X) x M(E*) - N, E| Function ¢ (a,S, L) (hereinafter, ¢, (a,S) for
short) counts the occurrences of a € ¥ with no following b € S =
{b1,...,b8} (for any B € [1,|X]]) in the traces of L € MM (X*). In the

example, o (a,{d}) =, 4, & (a,{b}) =, 4, and & (a,{b,c}) =, 2.

4: ¥ x p(X) x M(E*) > N. Function 4 (a,S, L) (hereinafter, 415 (a,S) for
short) counts the occurrences of a € ¥ with no preceding b € S =
{b1,...,b5} (for any B € [1,|X]]) in the traces of L € 9 (X*). Thus,

e€.g., <hL (aa {d}) =, 8, <hL (av {b}) =, 4, and #ﬂL (av {b,C}) =, 4.

+H: 3 x p () x M(E*) - N. Function 4 (a,S, L) (hereinafter, 4, (a,S) for
short) counts the occurrences of a € ¥ with no co-occurring b € S =
{b1,...,bg} (for any g € [1,|X]]) in the traces of L € M (X*). Therefore,

<+ (a, {d}) =, 4, and 4. (a, {b, d}) =, 0.

» Y x X x M(E*) > N. Function »»(a,b, L) (hereinafter, »»1 (a,b) for short)
counts the occurrences of a € ¥ having b € ¥ as the next event in the
traces of L € M (X*). Hence, e.g., »» (a,b) =, 2, and »» (a,d) =, 1.

« Y x ¥ x M (E*) - N. Function «« (a,b, L) (hereinafter, <« (a,b) for short)
counts the occurrences of a € ¥ having b € ¥ as the preceding event in the
traces of L € M (X*). In the example, <« (a,b) =, 2, and <« (a,d) =, 0.

2By p (%), we mean the power set of 3.
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H: 3 x p () x M(X*) > N. Function ¢ (a,S, L) (hereinafter, 3, (a,S) for
short) counts how many times, after an occurrence of a € 3, a repeats
until the first b € S = {b1,...,bg} follows in the same trace, for all the
traces of L € M (X*). If no b € S appears in the trace after a, the
repetitions after a are not counted. In the example, 3> (a,{b}) =, 2,
P (a,{c}) =, 4, > (a,{b,c}) =, 2, and 3> (a,{b,d}) =, 3.

«f: 30 x X8 x M (X*) —» N. Function <P (a,S, L) (hereinafter, <Pz, (a,S) for
short) is similar to %, (a,S), but reading the traces of L € M (X*) con-
trariwise. Thus, <P (a,{b}) =, 2, <P (a,{c}) =, 0, <P (a,{b,c}) =, 0,
and <P (a,{b,d}) =, 2.

The knowledge base is thus a tuple KB = (X, L, &, R1,v,v1), consisting of a
log alphabet X, a log L € 9 (X*), two sets of functions K and K, and two
interpretation functions 11 : &1 x ¥ x L —>Nand v: 8x X x p(¥) x L - N.
vy assigns an integer value to the functions of the knowledge base that pertain
to a single activity, for all the activities in the log alphabet, on the basis of the
given log. v assigns an integer value to the functions of the knowledge base
that pertain to the interplay of every activity with all subsets of other activities
in the log alphabet, on the basis of the given log. Next, we discuss how the
knowledge base is built based on an input log.

4.2. Building the Knowledge Base

The objective of the algorithm for building the knowledge base formally is
the definition of the interpretation functions that is consistent with the given
log and log alphabet. To this extent, we adopt different approaches for different
functions. However, the common characteristic is that they do not need more
than one parse of the traces of the log to update the knowledge base. This leads
to a reduction in the computation time. In particular, it makes the algorithm
linear w.r.t. the number of traces.

The rationale behind the technique is that the parsing of the log is done for
counting (i) the occurrences and misses of single activities a € 3, and (i) the
co-occurrences and misses of pairs of activities a,b € ¥ in each trace. Variables
storing such counts will be named (i) singleton counters and (ii) pairwise coun-
ters, respectively. Singleton and pairwise counters refer to specific elements of
the knowledge base. For the sake of readability, counters will be henceforth
identified by a N (tele-type) letter, indexed by the (parametric) activities that
they consider. The symbol put at the apex specifies the element of the know-
ledge base for which the counter is meant to be utilised. For instance, singleton
counter N7 counts the total number of occurrences of a in the log. In log
L = {{a,a,b,a,c,a),{a,a,b,a,c,a,d)}, N¥ = 8 Pairwise counter N'j;b is dedic-
ated to counting the occurrences of a in a trace, after which no b occurs. In log
L, ijb =4. Nib is discussed in detail in Section

Pairwise counters do not take into account the relation of an activity a with
sets of other activities, though. On the other hand, computing a value for each
S € p (X\{a}) would be impractical. Therefore, we build differential cumulative
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set-counters. They are named “cumulative” because they derive co-occurrences
and misses of activity a with sets of activities S = Uf=1{bi :b; € Z\{a}} with
B € [1,|X]], starting from the values of single pairwise counters that refer to
pairs of activities a,b;. They are qualified as “differential” due to the fact that
they store values by differences. In the remainder, differential cumulative set-
counters will be identified by symbol A (indicating the differential nature), put
in front of the pairwise counter from which they are derived. For instance, ANZ’)S
is a differential cumulative set-counter that stores the (differential) number of
cases in which a is not followed by any of the activities in S.

Co-inductively, given S < ¥\ {a}, ANZiS reports the difference between

(i) the number of times in which no b € S occurred and (i) ANTT, hav-
TS

ing T < ¥\ {a}. After parsing log L, we thus have the following values:
. T .. S _ CN o . Es _
(i) AN,y = 1, (i) ANy = 1, (i) AN cap = 1, (i) ANy = 1,
> _
(v) AN gy = 2.

In fact, none of the activities in {b,c} occurred after a in 2 cases. It also
holds true that none of the activities in {b,c,d} occurred after a in 1 case, and
{b,c} = {b,c,d}. Therefore,

ANT =1, and ANT +
a,{b,c,d} ’ a,{b,c} a,{b,c,d}"
By the same line of reasoning, since b did not occur after a in 4 cases, AN?{b} =1,
. L % &+ e
10y BN (o) = 4= BN, (o — BN, (pg) — BNa o ey
The next section explains the procedure computing such values in detail.

The differential cumulative set-counters are used to compactly store the

values to assign to interpretation functions. In the case of o it is done as

follows:
EFL (CL, S) =v Z AN?:T
T2S

—1 3 s _
=1, ie, ANa7{b7c} =2—AN

In the example log, indeed,

E%L (aa {b}) =v 4) and EFL (aa {b,C}) =v 27

ie.,

i (a, {b}) =, ONT () + ANT o+ ANT g and

E#L (av {ba C}) v AI\Ij?{b,(:} + ANZT{byc’d}'

4.2.1. The main algorithm
Algorithm [I] shows the main algorithm that leads to the building of the
knowledge base, based on a log alphabet X over a log L.

Notations and conventions. In the remainder of this section, we will assume
that the concatenation operator o is defined for sequences, i.e., given a sequence
5= <51, ce S‘g‘> and an element s, then Sos’ = <51, .. ,S‘gl,S/>. Since a trace
of a log is defined as a sequence of events, o also applies to appending events to
traces. If we indicate with € € K the generic function of the set of functions &,
the generic pairwise counter on activities a,b € ¥ will be denoted as Ng,bv and

the generic differential cumulative set-counter on a € 3,5 € ¥ as ANE)S. As a
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Algorithm 1: EVALUATEKB(3, L), the main algorithm for the building
of the knowledge base

Input: A log alphabet ¥ and a log L = {t1,...,%1|) € 5%, where {; = <t1, .. "tlﬂ>
Output: The knowledge base, whose values are assigned on the basis of ¥ and L
1 for i — 1 to |L| do

/* Initialisation */
2 t_;R « 1; with events in reverse order
foreach a € 3,b € ¥\ {a} do // Reset of pairwise counters
L N 0N, —0; N — 00, —0;NF, —0
a,b i Nab i Nab i Nab i Nab
/* Update of singleton counters */
5 foreach a € ¥ : a ¢ t; do // Activities mot occurring in trace i;
6 | 7 w2 +1
7 forjelto‘tt-‘do
8 a «— tij
) N# — N# 41
/* Update of pairwise counters and differential cumulative set-counters */
10 foreach AN?;,S € EVALMISSINGAFTER (X, ;) do ANZ",S — ANjS AN::S
11 foreach AN?@,S € EVALMISSINGBEFORE (3, 7%) do ANy « ant AN?L,S
12 foreach AN‘::S € EvALMIsSING (X, #;) do AN:';’S - ANZ‘:S AN;.“;,S
13 foreach AN} _ € EVALFOLLOWINGREPSINBETWEEN (£, ;) do  ANTg « ANDg [ AN
a,S a, a, va,S
14 foreach AN;” € EVALPRECEDINGREPSINBETWEEN (£,£) do Ny « an:’ man;?
0,8 i a8 a,S 0,8
15 foreach N;:Lb € EvaLFOLLOWING (X, ;) do NJ7, « N2, + N”
16 | foreach N} € EVALPRECEDING (%,%) do Ni, < NI, + N

shorthand notation for sets of pairwise counters referring to all a € ¥,b € \{a},
we will adopt the usual pairwise counter notation, having a vy pedix in place of
the referred activities (e.g., N\'fv = U Nj’b).

aes,bes\{a}

Description of the algorithm. The algorithm iterates over every trace of L. At
every iteration 4, the pairwise counters are reset to 0, and a variable E;R keeps
a clone of the trace under analysis, with events reversed in their original order.
Thereafter, singleton counters are updated. For every activity a € ¥ that does
not occur in the trace under analysis, N¢ is incremented by 1. In the sample
trace (a,a,b,a,c,a), N2 = 0, because a occurs in it. N? = 1 instead. For each
activity a, counter N# is incremented by 1 every time a occurs. Thus, N¥ = 4
in the sample trace, since a occurs 4 times, whereas Nj& = 0. Consequently, we
have the following, for every a € 3:

#1(a) =, NF (3)

and
QL(G) 2t NS' (4)
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Algorithm 2: Procedure PAIRWISE2DIFF(3, N, ), deriving differential cu-
mulative set-counters from pairwise counters.

Input: A log alphabet X and a set of pairwise counters N\(;V

Output: A set of differential cumulative set-counters derived from Nf,v
1 foreach a € ¥ do
2 for n <1 to max {Na b S va} do

w

L Sn «— {b : thb > rL}

a i ={n:8, # J} sorted by n descending
5 for i «— 1 to |7i] — 1 do

6 n <« f;

7 n' — i

8 ANY g~ (n—n)

9 return J ANa,sn
a€x
nemn

The computation of pairwise counters and corresponding differential cumu-
lative set-counters are generally less trivial. Therefore, separate subsections
follow that describe each dedicated procedure (EVALMISSINGAFTER, EVAL-
MISSINGBEFORE, ...). All such procedures except EVALFOLLOWING and
EVALPRECEDING return new sets of differential cumulative set-counters (each
identified as ANf" ANT'Z g» - ). Each element of these new sets are used to up-
date the current value of the corresponding differential cumulative set-counter.
We assume that all differential cumulative set-counters are initially assigned
with a default value of 0. The addition operation over differential cumulative
set-counters, [, is defined as follows:

ANt o+ AN, ., ifa=d andS=9
AN g EAN g =4 0° oS .
' ’ AN, s otherwise

Given an example log L = {{a,a,b,a,c,a),{(a,a,b,a,c,a,d),{c,a,a,d)}, the
parsing of the first trace leads to the following values of the differential
cumulative set-counters referred to activity a:
(i) ANT ey = L (1) ANT o = 1, and (idi) AN
After the analysis of the second trace, we have:

Nl AN 1 fiv) ANT. =

(i) ANy = 1 (ii) AN o = 1, (iii) AN gy = L (iv) ANy, gy = 1, and
(v) ANT () = 2.
Finally, the third trace leads to the following values:

{d}:2.

(i) Aij{b} 1, (i) ANi{b’c} = 3, (iii) ANj{bﬁcﬁd} 1, (i) AN:T{M} 1,
(v) ANT () =2

Procedures EVALFOLLOWING and EVALPRECEDING return instead sets of
pairwise counters (each identified as N7} , and N7} ;). Therefore, the update
operation is an addition. The follovvlng subsectlons explain in detail all the
procedures that compute values for pairwise counters and differential cumulative
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Algorithm 3: Procedure EVALMISSINGAFTER(Y, 1), evaluating sub-
sequent missing occurrences of activities in a trace

Input: A log alphabet ¥ and a trace t= <t1, ey tm>

Output: The set of differential cumulative set-counters AN derived from trace ¢

1 for i « 1 to [{] do

2 b« t;

3 foreach a € X\{b} do

4 fo.b <0 // Flush operation |
o | L e

6 N\?\f — Nz;*b

aex,bex\{a}

7 return PAIRWISE2DIFF (E, N@’v)

Trace Ni- AN;’;’,

a a b a ¢ a Ni’b = 1+ N;’C = 1 Ni’d = 14 (= AN?T{b,c,d} =1
vEoo1o2 11 2 1= L+ | = oy, o =1
w12 3 11 2= | mal =2
NFoo1 2 3 4 2 4

(a) Computation of N'i. (b) Computation of AN(Df;7 given the values of Ni.

Table 3: Computation of Ni. and AN?T., given a sample trace: {a,a,b,a,c,a).

set-counters. Each subsection concludes with the assignment of the formulation
of the interpretation function, on the basis of the referring pairwise counter or
differential cumulative set-counter.

4.2.2. Count of missing events after an activity
For evaluating &, (a, S), procedure EVALMISSINGAFTER computes for every
b e X\{a} the value Nfb. Algorithm |3| lists its pseudocode. Table [3a shows how

NS’T . values are computed for {a,a, b,a,c,a). Nib is incremented by 1 every time

a is read, while parsing the trace. When b is read, N:fb is reset to 0. The |
symbol indicates this operation (“flush”). At the end of the trace, the value
stored in NZ’)b reports the occurrences of a after which no b occurred. In the
example, we have Nj’b =2, N'jfc =1 and Nj’d = 4.

The output of the procedure is a set of differential cumulative set-counters,
obtained by invoking the PAIRWISE2DIFF procedure. Passing from pairwise
counters to differential cumulative set-counters is a linear procedure, whose
pseudocode is listed in Algorithm [2] for general sets of pairwise counters, and
sketched in Table especially for AN*. For each a € ¥, all pairwise counters
N(E,b (for every b € X)) are indexed according to their value n. A set of activities
Sy contains those b € ¥ such that Ngyb > n. In the example, considering a as

19



631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

I\ = ti(a,)

{b, ¢, d}= 1 =t (a,{b,c,d}) =utbL (a,{c,d}) =,tbL(a,{c}) =1
{b, d}= 1 = o (a,{b,d}) =, (a,{b}) =2
{ = 2 = di(afd) =4

Table 4: Interpretation of g (a,-) for a w.r.t. all subsets of log alphabet
Y = {a,b,c,d}, given AN, for a w.r.t. {b,c,d}, {b,d}, and {d}

the assignment of a, Sy = {d}, So = {b,d}, and S; = {b, c,d}, because ij =4,
Nj’b = 2, and N;‘TC = 1. A sequence i is thus created that stores the values of
pairwise counters in descending order. In the example, 7 is {4,2,1}. Elements
of 7 are meant to act as an index for sets S,,. All elements in the sequence are
indeed visited from the first to the second last. For each of them, a differential
cumulative set-counter AN;S” is created that associates a to S,,. The value of
AN;S” is assigned with n — n/, where n’ is the following element in the list.

For example, in {a,a, b, a,c,a), we have that AN;'}{bcd} =1, ANT{b 4 = 1,
and ANz”{d} = 2. Table [3b|shows the passage from {Nib, NI, szd} to ANZ>{b )
ANzt{b’ d) and AN;*T{ d) for the sample trace. It is straightforward to see that the
differential accumulation (ANiS) allows for keeping fewer values in memory (3 in
the example) than the possible entries for the knowledge base (&1, (a,S), which
amounts to 6). The memory saving is possible as we do not store information
about those ANiS that amount to 0 as, for instance, AN':\F{C d) in the example of
Table BEl

As previously said, the interpretation of g, (a,S) can be derived from this
compact data structures as follows:

1 (a.8) = Y ANFy (5)

T=S

Table [4] shows the application of this derivation step for the sample trace.

4.2.3. Count of missing events before the occurrence of an activity

The technique seen for g~ (a,S) extends to the computation of <1, (a,S)
with slight modifications. In fact, <1y, (a,S) executes the procedures described
above (i.e., computation of pairwise counters and derivation of differential cu-
mulative set-counters, for every trace), although reversing the order in which
the traces are parsed. We report the pseudocode in Algorithm [4] for the sake
of completeness. Thus, e.g., the pairwise counter Ni'b is assigned with values
in the same way in which Nj’b was computed, although parsing (a,c,a,b,a, a)
in place of (a,a,b,a,c,a) (see Table [5). Thereafter, the differential cumulative
set-counter AN:E,S is derived from Nj:b, exactly as AN?;S is derived from Nib.
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Algorithm 4: Procedure EVALMISSINGBEFORE(X, 1), evaluating pre-
ceding missing occurrences of activities in a reversed trace.

Input: A log alphabet ¥ and a reversed trace ¢ % = <t1, e ’t|{R\>

Output: The set of differential cumulative set-counters AN¥ derived from reversed trace ¢ &

1 for i« 1 to |fH}do

2 b «—t;

3 foreach a € \{b} do

4 Nfb 0 // Flush operation |
5 A AR

6 N:JV «— Nj:b

aex,bex\{a}

7 return PAIRWISE2DIFF (Z, Nj’v)

Reversed trace N:‘j_ AN:‘?,
a ¢ a b a a ij = 2 N:c = 2+ Nfd = 24 | = ANf{b,c,d} =2
) _ $ —
| 2 | 1 2 1= I+ | =7 =1
o1 1 9 3 1= | =>af =1
N1 2 3 4 3 4
(a) Computation of ij. (b) Computation of AN:{:,, given the values of Njf.

Table 5: Computation of Nf. and AN;}?.7 given a sample trace: {a,a,b,a,c,a).

After a trace has been completely parsed, ANfS is H-added to the differential
cumulative set-counter. As a consequence, we have that:

+r(,8) =, Y iy (6)

28

4.2.4. Count of missing events in the same trace in which an activity occurs
For what <, (a,S) is concerned, its computation is based on the differential
cumulative set-counter ANf’S, in turn derived from pairwise counter Nfb. The
pseudocode is listed in Algorithm [5| (procedure EVALMISSING). Nj’b stores for
each trace and each a € ¥ either 0, if b occurs in the trace at least once, or the
number of occurrences of a, if b did not occur in the trace. Referring to a and
trace <a,a, b, a, c,a), we have that: (7) Njﬁ) =0, (i) N, = 0, and (iii) N:ﬁj =4.

The accumulation of Nf”b in AN:[’S is performed in the same way seen for AN«T,S

and ANf’S. It follows that:

+1(a,8) =, > Ay (7)

=
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Algorithm 5: Procedure EVALMISSING(X,?), evaluating missing co-
occurrences of activities in a trace

Input: A log alphabet ¥ and a trace t= <t1, ey tm>

Output: The set of differential cumulative set-counters AN¥ derived from trace

1 foreach a € X,b € X\ {a} do ?ﬁb — T
2fori<—1to|ﬂdo
3 a <« t;
4 foreach a € \{b} do
5 if ?‘“’ = T then
6 L N‘“’ —ut 41
7 if ?;“’a = T then
8 Iil:tl <0 // Flush operation |
9 L ?:f’a — 1
10 N?\; — U g

a,b
aex,bex\{a}

11 return PAIRWISE2DIFF (E, Nf\;)

4.2.5. Count of repeated occurrences of an activity before other events

For the computation of 1, (a,S), we here present a far more efficient calcu-
lation as opposed to the one used in [§]. The new algorithm follows the general
framework seen so far (computation of values for pairwise counters NZTb first,
then derivation of differential cumulative set-counters AN?;S) Its pseudocode is
reported in Algorithm |§| (procedure EVALFOLLOWINGREPSINBETWEEN) The
input traces are sliced into sub-traces, at every new occurrence of a following
the first one. Given, e.g., the sample trace (a,a, b, a,c,a,d), it is sliced into the
following sub-traces (see Table@ (i) {a), (ii) {a,b), (iii) {a,c), and (iv) {a,d).
Thereafter, pairwise counter N,” is computed for every sub-trace except the
last one (sub—trace | (a,d), in the example). The calculation of NZTb is sim-

ilar to the one of N, for entire traces (see Section @ , with one exception:
not all activities b € E are considered, but only those that occur in the trace
under analysis. For instance, on a trace like (a,a,b,a,c,a), N7, a.p Would not be
computed for b € {d}. In the example of Table @ <a a,b,a,c,a,d), sub-trace
il (a,b), leads to the following values of Nq+ N;Hb =0, Nq’* =1,and N, = 1.

he rationale is, that for every pair of a’s in the trace, the b event which misses
in-between will eventually occur after at least two occurrences of a. Therefore,
a is repeated at least twice before b. In fact, the last sub-trace is not considered
in the computation of N7, | because the missing b represents an event which does

N, b
not occur at all after a. However, this case is already covered by Nib

A new value for differential cumulative set-counter ANZTS is aggregated from
Nq+ for each b € S at every slicing point, i.e., before the next occurrence of a.
Thereafter it is FH-added to the preceding values In the example, ANa Abed) = =1
is calculated for subtracel, <a> Then, from subtrace ((a, b)), AN,

‘a,{c,d} =1lis
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Algorithm 6: Procedure EVALFOLLOWINGREPSINBETWEEN(E,E), eval-
uating missing co-occurrences of activities in a trace

Input: A log alphabet ¥ and a trace t= <t1, ey tm>
Output: The set of differential cumulative set-counters ANY derived from trace

1 foreach a € ¥ do

2 ?Z") — 1 // A flag checking whether a already occurred in the trace

3 o — O // A sub-trace appending events after a

4 St {} // Stores pairs that index with activity a the activity sets before which a
recurred

5 for i < 1 to |{| do

6 a «— t;

7 if 77 = T then

/* Increment the pairwise counters for activities not in the subtrace */
8 foreach b € £\{a} do

9 if b ¢ S, then

10 L N?;b — szb +1

/* Derive differential cumulative set-counters */

11 foreach AN:l" € PAIRWISE2DIFF | &, | NZ"b do
) a.8 bes\{a}
12 St — S* u{a,S)
4 % %
13 AN e AN CEANT
14 foreach b € £\{a} do NZ‘_’b —0; // Reset the pairwise counters
15 o — O // Reset the substring related to a
16 else
17 7 =T
18 Sq < Sa0a
19 foreach b € X\{a} do
20 if #7" =T then
21 L §b «— §b o a

9>
22 return |J o
a,5yest "

computed. AN?,:’{b)d} = 1 stems from sub—tracel i.e., (a,c). It follows that:

L(a,8) =, > ANy (8)

T2S

4.2.6. Count of repeated occurrences of an activity before other events on re-
versed traces

The calculation of <Py, (a,S) executes the operations described for %, (a, S),
reversing the order in which the trace is parsed. Thus, the pairwise counter
N;Pb is assigned with values in the same way in which NTb was computed, but
pa}sing, e.g., {(d,a,c,a,b,a,a) in place of {a, a,b, a,c,a,d>7(see Table . Traces
are divided into sub-traces at every occurrence of the activation. In the example,
the reversed trace (d,a,c,a,b,a,a) is thus sliced into: (i) {d,a,c), (i) (a,b),
(111) (ay, and (iv) (a)y. The differential cumulative set-counter ANZ{JS is derived

from N;f)b exactly as ANZTS stems from NZfb. Each time a sub-trace is parsed,
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Sliced trace Na,b N Na,d AN,

(@) « 1 1 1 N peay = 1
N —

{a,by « 1 1 AN ad ody = 1

{a,c) < 1 1 AN =1

a; d)

Table 6: Computation of N> and ANJ”, given a sample trace: (a,a,b,a,c,a,d).
The < symbol indicates the point in which the trace has been bpht (1 e., before
the next occurrence of a).

Sliced trace N:Pb N;i N:Z AN;fJ
a,cy < 1 1 mf =1

<P
{a,by « 1 1 AN,a,{ d) 1
Q) « 1 1 1 an;P =1

<@y

Table 7: Computation of N3 and AN", given a sample trace, (a,a,b,a,c,a,d),
which is reversed into {d,a,c,a,b,a a> The <« symbol indicates the point in
which the trace has been split (i.e., before the next occurrence of a).

N;f)b is reset to 0 for every a,b € 3. After the next sub-trace has been parsed,
ANZ*S is Hadded by the differential cumulative set-counter. The last sub-trace
in the reversed trace ((a), in the example) is not considered in the computation.

Therefore, we have that:
=, Z AN (9)

T=S

4.2.7. Count of events immediately following the occurrence of an activity

In order to compute the value of »»p (a,b), the pairwise counter N7, is
utilised. For each trace, N7, stores the occurrences of b immediately followmg
a, as described in Algomthml (procedure EVALFOLLOWING). In {a,a, b, a, c,a),
e.g., Ny =1, N7 = 1 and N7’y = 0. Traces in event logs are defined as sequences
of events. Ab buch, two events cannot be contemporary. Therefore, only one
event can immediately follow the occurrence of an activity a. Owing to this,
our technique does not require the usage of differential cumulative set-counters
here:

bri(a,b) =, N7, (10)

The same observation holds true for the computation of N7',
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Algorithm 7: Procedure EVALMISSING(X,?), evaluating missing co-
occurrences of activities in a trace

Input: A log alphabet ¥ and a trace t= <t1, ey tm>
Output: All values of t, interpreted over ¥ and £’
for i < 1 to |i] do

if i >1thena <« b

b —t;

if i >1then N}, « N, +1

W N R

» »
5 Nyy <« Ny
aex,bex\{a}
»
6 return Ny

Target-Branched Declare constraint Support

RespondedEgzistence(a,S) 1 — L9

#r(a)

_ Br(a,S)

Response(a,S) 1 #1(a)

AlternateResponse(a,S) 1 — W

) bgs U@
ChainResponse(a, S) " #rla)

_ P8

Precedence(S,a) 1 #1(a)

AlternatePrecedence(S,a) 1 — W

2 «r(a,S)
bes

ChainPrecedence(S, a) #.(a)

Table 8: Target-Branched Declare constraints and support functions.

4.2.8. Count of events immediately preceding the occurrence of an activity
The computation of <«r,(a,b) takes advantage of pairwise counter N3',. For
each trace, N, stores the occurrences of b immediately preceding a. Instruc—
tions of EVALPRECEDING are the same as EVALFOLLOWING (Algorithm [7)) but
applied to a reversed trace. In (a,a,b,a, c,a,d), e.g., N, = 1, N3. = 1 and
o = 0. To determine these values, the same technique adopted for N” can be
utilised after reversing the trace. In the sample trace, {d,a,c,a,b,a a> Would be
parsed in place of {a,a,b,a,c,a,d):

<r(a,b) =, NGy (11)

4.3. Querying the Knowledge Base

Once the knowledge base is built, the support of constraints can be cal-
culated. Table [8 lists the functions adopted to this end for each TBDeclare
constraint. All queries build upon a Laplacian concept of probability with sup-
port being computed as the number of supporting cases divided by the total
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number of cases. In particular, the total number of cases is the count of oc-
currences of the activation a € ¥ in the log #r.(a). For ChainResponse(a,S),
supporting cases are those occurrences of ¢ immediately followed by some b € S,
i.e., »»r (a,b). Supporting cases can be summed up because if a is followed
by a given b € S in a trace, it cannot be immediately followed by any other
event ¢ € S. In other words, the two cases are mutually exclusive. However,
this assumption does not hold true, e.g., for Response(a,S). Therefore, in this
case, we consider the non-supporting cases, when a is not followed by any of
the b € S, i.e., %1 (a,S). We get that P(E) = 1 — P(E) with P(E) being the
probability of E and E its negation. Hence, the support of Response(a,S) is

1-— E;L(L'(las)) Likewise, the support of RespondedExistence(a,S) is computed on

the basis of the non-supporting cases. The support of AlternateResponse(a,S)
is based on the cases when either (i) a is not followed by any b€ S (4, (a,S)),
or (ii) a occurs more than once before the first occurrence of b € S (1, (a, S)).
The two conditions are mutually exclusive. Therefore, it is appropriate to sum
them up. Analogous considerations lead to the definition of support functions
for Precedence(S, a), AlternatePrecedence(S, a) and ChainPrecedence(S, a).

4.4. Pruning the Returned Constraints

The power-set of activities in the log alphabet amounts to 2/*/=1. There-
fore, if we name the number of TBDeclare templates as N, up to N x 2/¥I-1
constraints can potentially hold true. When a maximum limit of the branching
factor B to the cardinality of the set is imposed, this number is reduced to

min {8, |S|-1}
X[ =1
Y| x N
v 3 ()

i=1

However, even with branching factor set to 3 and |X| = 10, already 3,087 con-
straints have to be evaluated. A model including such a number of constraints
would be hardly comprehensible for humans [26], 27]. In order to reduce this
number, we adopt pruning based on set-dominance and on hierarchy subsump-
tion.

4.4.1. Pruning Based on Set-Dominance.

The idea of this pruning approach is that if, e.g., Response(a,{b,c}) and
Response(a, {b, ¢, d}) have the same support, the first is more informative than
the second. Indeed, stating that “if a is executed then either b or ¢ would
eventually follow”, entails that also “either b, ¢ or d would eventually follow”.
In general terms, the support of TBDeclare constraints that are instantiations
of the same template and share the activation increases according to the set-
containment relation of target activities (see Corollary . To this end, the
mining algorithm distributes the discovered constraints, along with their com-
puted support, on a structure like the Hasse Diagram of Figure This is a
Direct-acyclic graph, such that a breadth-first search can be implemented. For
each constraint, the pruning technique visits the nodes, from the biggest in size
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Rspn'edEwist.{a , b} // \\

Response{a , b} . . _

Precetoncels | a) (b} - e} {t‘i} B {‘)\ B=1
RspnedEzist.{a , {b,c}} /lk\" X’\\/ T \\,

Response{a , {b,c}} {b, c} (b, d} (b, e} (e, d} (e, e} (d, e} g2

Precedence{{b, c} , a}

| N o -
\ . ~X - -7
X N7 b ’
Rspn’edEzist.{a , {b,c,d}} N LN u e
e

Response{a, {b, c.d}} ; . o
Precafpiince{({lb,c,d;, a} {b,c,d} {b,c,e} {b,d,e} {c,d,

\ / -
-
\ / -
B \ / 4
Rspn'edEgist.{a , {b,c,d,e}} v

Response{a , {b,c,d, e}} o 5 -4
Precedence{{b, ¢, d, e} , a} (b, e, d, e} A

Figure 2: A Hasse Diagram representing the Partial Order set containment
relation. Containing sets are at the head of connecting arcs, contained sets are
at the tail.

RespondedEwistence(a, S)

A
| |

Response(a, S) Precedence(S, a)

? 1

AlternateResponse(a, S)  AlternatePrecedence (S, a)

ChainResponse(a, S) ChainPrecedence (S, a)

Figure 3: Diagram showing the subsumption hierarchy relation. Constraints
that are subsumed are at the tail.

to the smallest. For instance, it can start from Response(a,{b,c,d,e}), i.e., the
sink node, if the branching factor is equal to the size of the log alphabet. Given
the current node, it checks whether in one of the parent nodes a constraint
is stored (i.e., Response(a, {b,c,d}), Response(a,{b,c,e}), Response(a,{b,d,e}),
Response(a, {c,d, e})) with greater or equal support. If so, it marks the current
as redundant, and proceeds the visit towards the parent nodes that are not
already marked as redundant. Otherwise, it marks all the ancestors as redund-
ant. The parsing ends when either (i) the visit reaches the root node or (i) no
parent, which is not already marked as redundant, is available for the visit.

4.4.2. Pruning Based on Hierarchy Subsumption.

As investigated in [4l, 22, 28], Declare constraints are not independent,
but partially form a subsumption hierarchy. We consider a constraint C(a,S)
subsumed by another constraint C’(a,S) when all the traces that comply
with C(a,S) also comply with C’(a,S). Response(a,S), e.g., is subsumed
by RespondedExistence(a,S). Figure |3| depicts the subsumption hierarchy
for TBDeclare constraints. It follows that a subsumed constraint always
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has a support which is less than or equal to the subsuming one. This
pruning technique aims at keeping those constraints that are the most re-
strictive, among the most supported. Therefore, it labels as redundant
every constraint C' which is at the same time (i) subsumed by another
constraint C’, and (%) having a lower support than C’. Therefore, if,
e.g, given a log L defined over a log alphabet ¥ s.t. ae X and S < X,
L (RespondedExistence(a,S)) > . (Response(a,S)), then Response(a,S) is
marked as redundant. However, if .7 (RespondedEristence(a,S)) =
1 (Response(a,S)), then Response(a,S) is preferred. This is due to the fact
that more restrictive constraints hold more information than the less restrict-
ive ones. The pruning approach is based on the monotone non-decrement of
support (cf. Figure [3). It operates as follows. Starting from the root of the
hierarchy tree, if a constraint has a support equal to one of the children, it is
marked as redundant and the visit proceeds with the children. If a child has
a support which is lower than the parent, it is marked as redundant. All its
children will be automatically marked as redundant as well, as they cannot have
a higher support.

Both pruning techniques complement one another in reducing the set of the
discovered constraints.

5. Experiments and Evaluation

In this section, we investigate the efficiency and effectiveness of our ap-
proach. In particular, we compare the performances of the new proposed al-
gorithms w.r.t. the ones described in [§]. Section shows the results obtained
by applying the proposed technique to synthetic logs. Section [5.2] validates our
approach by using event logs from a process to solve disruptions of ICT-services
in the Rabobank Netherlands Group ICT and from a loan application process
of a Dutch financial institute. All experiments were run on a server machine
equipped with Intel Xeon CPU E5-2650 v2 2.60GHz, using 1 64-bit CPU core
and 16GB main memory quota.

5.1. FEvaluation Based on Simulation

To test the effectiveness and the efficiency of our approach, we have defined
a simple Declare model including the following constraints:

o ChainPrecedence({a,b},c) 826 o RespondedEzistence(a,{b,c,d,e})

e ChainPrecedence({a,b,d},c) e e Response(a,{b,c})

o AlternateResponse(a,{b,c})  es e Precedence({a,b,c,d},e)
and we have simulated it to generate a compliant event log as described in [4].
In our experiments, we focus on different characteristics of the discovery task

including average length of the traces, number of traces, and number of activ-
ities. Moreover, we consider characteristics of the discovered model including
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minimum support and maximum branching factor. In our experiments, we have
run the algorithm varying the value of one variable at a time. The remaining
variables were fixed and corresponding to 4 and 25 for minimum and maximum
trace length respectively, 10,000 for log size, 8 for log alphabet size, 1.0 for
support threshold, and 3 for branching factor. Each configuration has been
averaged over 10 randomly generated logs.

Branch.F Supp. T Equal Restr. None Branch.F Supp. T Equal Restr. None
0.85 0 1 13 0.85 2 1 85.6
0.9 0 1 12.6 0.9 2 1 86.9
1 5
0.95 0 1 9.1 0.95 2 1 81.7
1 0 0 0 1 2 1 17
0.85 2 4.1 95.9 0.85 2 1 28.3
0.9 2 3.4 73.9 0.9 2 1 25.8
2 6
0.95 2 2 69.3 0.95 2 1 22.9
1 2 0 0 1 2 1 15.8
0.85 2 3 232.2 0.85 2 1 23.2
0.9 2 3 209.1 0.9 2 1 19.4
3 7
0.95 2 2.8 159.7 0.95 2 1 18.8
1 2 1 2.4 1 2 1 16.8
0.85 2 1 203.7 0.85 2 1 24.5
0.9 2 1 202.2 0.9 2 1 21.1
4 8
0.95 2 1 186.9 0.95 2 1 18.5
1 2 1 10 1 2 1 15.1

Table 9: Summary of matching constraints in the mined process.

Effectiveness. First, we demonstrate the effectiveness of our approach by invest-
igating the reduction effect of the proposed pruning techniques. In particular,
we analyse the trend of the variable “number of discovered constraints” as a
function of log alphabet size, branching factor, and support threshold, in logar-
ithmic scale.

Figure[da]shows the trend of the number of discovered constraints by varying
the log alphabet size. Different curves refer to different configurations of the
miner: without any pruning (diamonds); with set-containment-based pruning
(crosses); with set-containment- and hierarchy-based pruning (asterisks); with
set-containment- and hierarchy-based pruning and support threshold (points);
with support threshold only (triangles). This plot provides evidence that as the
number of activities in the log alphabet increases, the number of discovered con-

29



851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

871

872

873

874

875

876

877

878

879

880

le+06F

1000+

[log]

ints

le+04+

i
ES

100+

Pruning phase
<>0) No pruning

X 1) Set-containment (SC)

101 |¥2) SC + Hierarchy (H)

@3) SC + H + Support threshold
/No pruning, above support th.

1e+024X 7

Number of constrai

[J
1.00

5 8 11 14 17 20 23 26 29 8 085 0.90 0.95
Number of activities Support threshold

2 6
Branching factor

(a) Number of discovered (b) Number of discovered (c¢) Number of discovered
constraints as function of the constraints as function of the constraints as function of the
log alphabet size branching factor support threshold

Figure 4: Effectiveness tests performed on synthetic logs.

straints increases as well. However, we discover a lower increase of constraints
as we proceed further in the sequence of pruning techniques. Moreover, there
is a significant difference between the number of discovered constraints with fil-
tering based on the minimum support threshold only, and based on the pruning
techniques presented in this paper. This improvement yields a reduction ratio
of 94.84% (205.6 versus 10.6, on average), for a log alphabet size of 30.

Figure[4b|shows the trend of the number of discovered constraints by varying
the branching factor. Without pruning, or with the simple filtering by minimum
support threshold, the number of discovered constraints increases as the number
of branches increases. On the other hand, when we apply the set-dominance
and hierarchy-based pruning techniques, the number of discovered constraints
is approximately constant up to a branching value of 3. After this value, the
number of constraints decreases. When we apply all the proposed pruning tech-
niques together, the number of constraints eventually increases. In addition,
the number of constraints obtained by applying set-dominance and subsump-
tion hierarchy converges to the number of constraints discovered when all the
pruning techniques are applied together. The difference between the number
of discovered constraints with support threshold and the number of discovered
constraints after using the pruning techniques presented in this paper is quan-
tified (branching factor of 8) in a reduction ratio of 95.51% (307.7 versus 13.8,
on average).

The plot in Figure [4c| confirms that for any threshold between 0.85 and 1.0,
the number of constraints discovered by applying all the pruning techniques is
lower than the one obtained by applying the support threshold filtering only.
The reduction ratio is indeed 88.74% (46.2 versus 5.2, on average) when the
threshold is set to 1.0.

An additional experiment to test the effectiveness of our approach is illus-
trated in Table @ Here, for different values of branching factor (ranging from
1 to 8) and support threshold (ranging from 0.85 to 1), we evaluate the capab-
ility of the discovery algorithm to rediscover the model that was used for log
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generation. In particular, for each combination of branching factor and support
threshold, we have generated 10 random logs starting from the model described
at the beginning of this section. Then, we have considered the average number
of constraints correctly discovered (column FEqual in the table) and the aver-
age number of discovered constraints that strengthen one of the constraints
of the original model (column Restr. in the table)E| In column None in the
table, we show the average number of additional constraints discovered. These
constraints are characteristic of each specific (random) log but still compliant
with the original model. Note that the branching factor affects the number of
constraints correctly discovered since, for example, if we specify a maximum
branching factor equal to 2, it will be impossible to discover a constraint with
3 branches.

The constraints correctly discovered with branching factor equal to
2 and support threshold equal to 1 are ChainPrecedence({a,b},c) and
AlternateResponse(a,{b,c}). This model contains the only constraints that
can be correctly discovered using a branching factor of 2. Indeed, the
third constraint with 2 branches in the original model is Response(a,{b,c}),
which is entailed by AlternateResponse(a,{b,c}). The constraints correctly dis-
covered with branching factor equal to 3 and support equal to 1 are, again,
ChainPrecedence({a,b},c) and AlternateResponse(a,{b,c}). However, in this
case, also Precedence({a,b,d},e), restriction of Precedence({a,b,c,d},e), is dis-
covered. This result improves the original models that contains a redundancy.
Indeed, in all cases in which e is preceded by c, it is also preceded by a or by
b due to ChainPrecedence({a,b},c). Starting from a branching factor of 3 up to
a branching factor of 8, these 3 constraints are always part of the discovered
models. This confirms the effectiveness of the proposed approach since this set
of constraints corresponds to the original set after removing redundancies.

Efficiency. Figure [5| shows the efficiency of our approach by plotting the com-
putation time as a function of log alphabet size, branching factor, log size, and
average trace size. Figure [ba] shows the trend of the computation time (in log-
arithmic scale) by varying the log alphabet size. Different curves refer to the
computation time for (i) the knowledge base construction, (i) the querying on
the knowledge base, and (iii) to the total computation time. Notice that there
is a break point, when the log alphabet is composed of 12 activities: there the
query time becomes higher than the knowledge base construction time. In Fig-
ure we can see that the computation time (here displayed in logarithmic
scale) does not depend on the branching factor. It is approximately constant
and higher for querying the knowledge base. Figure [poc| shows the trend of the
computation time by varying the log size, whereas Figure depicts the trend
of the computation time by varying the average trace size (both displayed in
linear scale). In both cases, the query time clearly outperforms the knowledge

3Note that there is also the possibility, in some cases, that the discovered model contains
constraints that are entailed by one of the constraints of the original model. However, this
happens very rarely using randomly generated logs and it never occurred in our experiments.
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Figure 5: Efficiency tests performed on synthetic logs, comparing the computa-
tion time needed for building the knowledge base (“KB” time), and for deriving
the constraints (“querying” time).

base construction time. Generally speaking, the only factor that makes queries
less efficient than the knowledge base construction is the size of the alphabet.
In Figure 6] we compare the time performances of the new version of the
discovery algorithm, w.r.t. the version presented in [§]. In particular, we plot
the computation time as a function of log alphabet size, branching factor, log
size, and average trace size, in logarithmic scale. For all these parameters,
the plots highlight the dramatic reduction of the computation time when using
the new proposed approach. The main factor that contributed to the per-
formance improvement is the new algorithm adopted for the computation of
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Figure 6: Efficiency tests performed on synthetic logs, comparing the time per-
formances of the new version of the discovery algorithm versus the version of

18].

AlternateResponse and AlternatePrecedence constraints.

5.2. Fwvaluation Based on Real Data

In this section, we validate our approach using real-life logs. The results are
described in the following sections. The first log we use has been provided by a
Dutch financial institute. The second log has been provided by the Rabobank
Netherlands Group ICT.
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5.2.1. A Dutch Financial Institution

We have evaluated the applicability of our approach using a real-life event
log provided for the BPI challenge 2012 [29]. The event log pertains to an ap-
plication process for personal loans or overdrafts of a Dutch financial institution.
It contains 262 200 events distributed across 24 different possible activities and
includes 13 087 cases.

In this case, it is possible to prune the list of discovered constraints in
order to obtain a compact set of constraint, which is understandable for
human analysts. By applying the miner with a support threshold equal to 1,
confidence threshold set to 0.8, and branching factor 5, we obtain the following
11 constraints:

ChainResponse(A_SUBMITTED, A_.PARTLYSUBMITTED))

AlternateResponse(A-SUBMITTED, {A-PREACCEPTED,A-DECLINED,A_.CANCELLED})
AlternateResponse(A-SUBMITTED, {A-PREACCEPTED,A-DECLINED, W-Afhandelen leads})
AlternateResponse(A-SUBMITTED, {W-Completeren aanvraag, A-DECLINED,A_CANCELLEDY})
AlternateResponse(A_SUBMITTED, {W-Completeren aanvraag, A-DECLINED, W.Afhandelen leads})
ChainPrecedence(A-SUBMITTED, A.PARTLYSUBMITTED)

AlternateResponse(A-PARTLYSUBMITTED, {A_.PREACCEPTED,A_DECLINED,A_.CANCELLED})
AlternateResponse(A-PARTLYSUBMITTED, {A_-PREACCEPTED,A_DECLINED, W-Afhandelen leads} )
ChainResponse(A-PARTLYSUBMITTED, {A_PREACCEPTED,A-DECLINED, W-Afhandelen leads, W-Beoordelen fraude})
AlternateResponse(A-PARTLYSUBMITTED, {W.Completeren aanvraag, A-DECLINED,A-CANCELLED})

AlternateResponse(A-PARTLYSUBMITTED, {W-Completeren aanvraag, A-DECLINED, W-Afhandelen leads})

This results are in line with what described in the report published by the
winners of the BPI challenge 2012 [30]. For example, one of the results discussed
in this report is that each case starts with an application of a customer where
an application is first submitted and, immediately after, partly submitted. In
addition, over 13087 cases in the log, in 4 852 cases, an application partly sub-
mitted is immediately pre-accepted, in 3429 cases it is immediately declined
and in the remaining cases is followed up (through activities corresponding to
events A_Afhandelenleads or A_Beoordelen fraude). This is in line with the
ChainResponse constraints discovered.

5.2.2. Rabobank

The case study we illustrate in this section has been provided for the BPI
challenge 2014 by the Rabobank Netherlands Group ICT [9]. The log we use
pertains to the management of calls or mails from customers to the Service
Desk concerning disruptions of ICT-services. The log contains 46 616 cases,
466 737 events referring to 39 different activities. There are 242 originators
and domain specific event attributes like KM number, Interaction ID and
IncidentActivity_Number.

By applying the miner with a support threshold equal to 1, confidence
threshold set to 0.8, and branching factor 5, we obtain the following 18
constraints:

Precedence({ Reassignment, Operator Update, Update from customer, Open},Assignment)
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RespondedExistence(Assignment,{ Reassignment, Closed, Pending vendor})
RespondedExistence(Assignment,{ Reassignment, Open})
RespondedExistence(Assignment,{ Operator Update, Update from customer, Open})
RespondedExistence(Assignment,{ Update from customer, Caused By CI, Open})
RespondedExistence(Assignment,{ Update from customer, Description Update, Open})
RespondedEzistence(Assignment,{ Update from customer, Update, Open})
RespondedExistence(Assignment,{ Update from customer, OO Response, Open})
RespondedExistence(Assignment,{ Closed, Status Change})
RespondedExistence(Assignment,{Closed, External Vendor Assignment})
RespondedEzistence(Assignment,{ Closed, Pending vendor, Vendor Reference})
RespondedEzistence(Assignment,{ Closed, Open})
RespondedEzistence(Assignment,{ Caused By CI, Resolved, Open})
Response(Open,{ Reassignment, Closed, Pending vendor})

Response(Open,{ Assignment, Closed, Pending vendor})

Response(Open,{Closed, Status Change})

Response(Open,{Closed, Exzternal Vendor Assignment})

Response(Open,{Closed, Pending vendor, Vendor Reference})

From further analysis of the log (see also http://www.win.tue.nl/bpi/
2014/challenge), it is possible to verify that these results reflect the reality.
For example, over 46616 cases in the log, only in 449 cases an opened incident
is not eventually closed. These 449 cases always contain a status change and an
external vendor assignment. Only 447 of them contain a pending vendor and
the remaining 2 as well as a status change and an external vendor assignment
both contain an assignment, a reassignment and a vendor reference. This is in
line with the list of Response constraints discovered.

6. Related Work

Process Mining [31] is the set of techniques for the extraction of process de-
scriptions, stemming from a set of recorded real executions (event logs). ProM
[32] is one of the most used plug-in based software environments for implement-
ing process mining techniques. Process Mining mainly covers three different
aspects: process discovery, conformance checking and operational support. The
first aims at discovering the process model from logs. Control-flow mining in
particular focuses on the causal and sequential relations among activities. The
second focuses on the assessment of the compliance of a given process model
with event logs, and the possible enhancement of the process model in this re-
gard. The third is finally meant to assist the enactment of processes at run-time,
based on given process models.

From [33] onwards, many techniques have been proposed for the control-flow
mining: pure algorithmic (e.g., a algorithm, drawn in [34] and its evolution a™*
[35]), heuristic (e.g., [36]), genetic (e.g., [37]), etc. A very smart extension to the
previous research work was achieved by the two-steps algorithm proposed in [38].
Differently from the former approaches, which typically provide a single process
mining step, it splits the computation in two phases: (i) the configurable mining
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of a Transition System (TS) representing the process behavior and (ii) the
automated construction of a Petri net bisimilar to the TS [39, [40]. In the
field of conformance checking, [411 [42] [43] have proposed techniques capable of
realigning procedural process models to logs.

The need for flexibility in the definition of some types of process, such as
the knowledge-intensive processes [44], has led to an alternative to the clas-
sical “procedural” approach: the “declarative” approach. Rather than using a
procedural language for expressing the allowed sequences of activities (“closed”
models), it is based on the description of workflows through the usage of con-
straints: the idea is that every task can be performed, except what does not
respect such constraints (“open” models). The work of van der Aalst et al.
[27] showed how the declarative approach (such as the one adopted by Declare
[45]) could help in obtaining a fair trade-off between flexibility in managing
collaborative processes and support in controlling and assisting the enactment
of workflows. The original semantics of Declare used in these works is based
on LTLy. Other semantics for Declare have been proposed in [46] (based on
the Event Calculus) and in [47, 48 [49] (based on Dynamic Condition Response
Graphs). Very recent investigations have compared the procedural and the de-
clarative paradigms and discussed the possibility of adopting hybrid approaches
based on both procedural and declarative models [50L 511, 1T, 52], 53, 54, B5].

Our work contributes to the area of declarative process mining. In this
context, Maggi et al. [5] first proposed an unsupervised algorithm for mining
Declare processes. They based the discovery of constraints on the replay of the
log on specific automata, each accepting only those traces that are compliant
to one constraint. Candidate constraints are generated considering all the in-
stantiations of Declare templates with activities that occur in the log. Each
constraint among the candidates becomes part of the discovered process only
if the percentage of traces accepted by the related automaton exceeds a user-
defined threshold. In order to remove irrelevant constraints from the output set,
the authors apply vacuity detection techniques [56]. Constraints are considered
as vacuously satisfied when no trace in the log violates them, yet no trace shows
the effect of their application either. A vacuously satisfied constraint is, e.g.,
that every request is eventually acknowledged, in a process instance that does
not contain requests.

[6] describes an evolution of [5], with the adoption of a two-phase approach.
The first phase is based on the Apriori algorithm, developed by Agrawal and
Srikant for mining association rules [20]. During this preliminary phase, the fre-
quent sets of correlated activities are identified. The candidate constraints are
computed on the basis of the correlated activity sets only. During the second
phase, the candidate constraints are checked as in [5]. Therefore, the search
space for the second phase is reduced. In output, constraints constituting the
discovered process are weighted according to their support, i.e., the probability
of such constraints to hold in the mined process. To filter out irrelevant con-
straints, more metrics are introduced, such as confidence and interest factor.
Both the concepts of support and confidence have been adopted in this paper.

In [28], Maggi et al. refined the technique of [6] by pruning returned con-
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straints on the basis of three main methods: (i) the removal of weaker con-
straints entailed by stronger constraints; (ii) the reparation of predefined basic
Declare models; (i) an ontology-guided search for constraints, linking activities
that either belong to different groups of interest, or to the same group. The last
two require the user input, whereas the first does not. A technique for pruning
an existing Declare model based on event correlations has been presented in
[57].

All the aforementioned “automata based” methods have been implemented
in [58]. Unfortunately, none of these methods turned out to be practical in our
context. This is mainly due to their checking algorithm, based on the replay
of the log on one automaton for each candidate constraint. In TBDeclare, the
search space of candidate constraints would be much too vast to make this
approach feasible.

[59, 60, 61] describe the usage of inductive logic programming techniques to
mine models expressed as a SCIFF [62] first-order logic theory, consisting of a
set of implication rules named Social Integrity Constraints (IC’s for short). To
complete the Declare discovery, the learned theory is automatedly translated
into Declare notation. [63] 64] extend this technique by weighting in a second
phase the constraints with a probabilistic estimation. The learned IC’s are
indeed translated from SCIFF, discovered by DPML, into Markov Logic formu-
lae [65]. Their probabilistic-based weighting is computed by the Alchemy tool
[64]. Both the techniques in [59] and [64] rely on the availability of compliant
and non-compliant traces of execution, w.r.t. the process to mine. As in the
aforementioned “logic-based” approaches, we preferred to elaborate a technique
which avoided the replay of every trace on automata in the log. On the other
hand, we had to deal with traces which were not labeled in advance. Therefore,
our technique does not require the user’s specification of positive and negative
past executions.

The third branch of Declare mining algorithms, alternative to the automata-
and logic-based, is the one that started with [3]. It is based on a two-step
approach. The first step computes statistic data describing the occurrences of
activities and their interplay in the log. The second one checks the validity
of Declare constraints by querying such a statistic data structure (knowledge
base). [] extends such an approach by weighing each constraint with reliability
and interest metrics, such as support and confidence. [21I] shows the boost in
performance that such algorithm allowed, w.r.t. the automata-based approaches
and [66] reports on its application in the context of highly flexible processes
[44]. Although fast, these algorithms do not broaden the spectrum of returned
constraints to TBDeclare. Therefore, we extended these works with a wider
range of constraints and an efficient implementation algorithm.

Recently, [67] have proposed a framework for discovering general LTL rules
in event logs. Though more flexible than other approaches, it reveals not suit-
able for TBDeclare, due to a deep increase of computation time, as soon as
disjunction among variables are introduced. An efficient approach for the dis-
covery of Declare models at runtime has been presented in [68]. However, this
technique only allows for the discovery of standard Declare constraints.
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Various conceptual extensions of Declare have been proposed in the literat-
ure, partially with accompanying mining algorithms. In [69], the authors define
Timed Declare, an extension of Declare based on a metric temporal logic se-
mantics allowing for the specification of required delays and deadlines. The ap-
proach relies on timed automata to monitor metric dynamic constraints. In [70],
such semantics is used for the discovery of metric temporal Declare constraints.
[71] presents an approach for the discovery of Declare rules characterizing the
lifecycle of non-atomic activities in a log. In [72], the authors propose an ap-
proach for monitoring data-aware Declare constraints at run-time, based on the
data-aware semantics for Declare presented in [46] [73]. In the work proposed
in [7], an alternative data-aware semantics for Declare has been introduced by
using a first-order variant of LTL to specify data-aware patterns. Such ex-
tended patterns are used in [7] as the target language for a process discovery
algorithm, which produces data-aware Declare constraints from raw event logs.
The data-aware semantics for Declare has been further extended in [74]. In
[75], a semantics for Declare based on metric first order temporal logics allows
for combining data and temporal perspectives. Our work is complementary to
these works. It is an avenue of future research to integrate TBDeclare with
these perspectives.

7. Conclusion

In this paper, we have defined the class of Target-Branched Declare, which
exhibits interesting properties in terms of set-dominance. We exploit these
properties for the definition of an efficient mining approach. Furthermore, we
specify pruning rules in order to arrive at a compact rule set. Our technique is
evaluated for efficiency and effectiveness using simulated data and the case of the
BPI Challenges of 2012 and 2014. In future research, we aim to further study
broader classes of branched Declare. At this stage, we have focused on target-
branched constraints. It is an open question how our results can be translated
to the class of activation-branched constraints. Furthermore, we also plan to
extend our technique towards the coverage of the entire Declare language.
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