Automatic Generation of Optimized Process
Models from Declarative Specifications

Richard Mrasek®, Jutta Miille, and Klemens Bohm

Institute for Program Structures and Data Organization,
Karlsruhe Institute of Technology (KIT), Karlsruhe 76131, Germany
{richard.mrasek, jutta.muelle,klemens.boehm}@kit.edu

Abstract. Process models often are generic, i. e., describe similar cases
or contexts. For instance, a process model for commissioning can cover
both vehicles with an automatic and with a manual transmission, by exe-
cuting alternative tasks. A generic process model is not optimal compared
to one tailored to a specific context. Given a declarative specification of
the constraints and a specific context, we study how to automatically
generate a good process model and propose a novel approach. We focus
on the restricted case that there are not any repetitions of a task, as is the
case in commissioning and elsewhere, e. g., manufacturing. Our approach
uses a probabilistic search to find a good process model according to
quality criteria. It can handle complex real-world specifications contain-
ing several hundred constraints and more than one hundred tasks. The
process models generated with our scheme are superior (nearly twice as
fast) to ones designed by professional modelers by hand.
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1 Introduction

Scheduling tasks so that the overall execution is efficient and at the same time
no constraints are violated continues to be a fundamentally important problem.
Process models describe the possible arrangements of the tasks.

Example 1. Our application scenario is commissioning. Commissioning means
configuring and testing the electronic components of a vehicle during its produc-
tion. Process models describe the arrangement of the configuration and testing
tasks. For instance, a factory worker has to configure the transmission and to
activate the anti-theft system. The transmission can either be manual, i. e., Task
M does the configuration, or automatic (Task A). Task T activates the anti-theft
system. Before the activation, a central computer needs to generate a master
key (Task G), and it opens the connection to the specific control unit (Task O).
The connection has to be closed before the process finishes (Task C). The con-
figuration of the transmission and the activation of the anti-theft system require
a running engine; Task E turns it on. Figure 1(a) shows the tasks that may be
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a) Task proc. time b)
E : Start Engine 1s
M : Conf. Manual transmission 5s
A : Conf. Automatic transmission 2s
T : Activate anti-Theft system 1s
C : Close Connection 1s
O : Open Connection 1s
G : Generate Master Key 5s

Fig. 1. The Tasks for Commissioning (a) and the Ordering Relationship Graph (b)

part of the commissioning. The second column is the expected processing time.
Commissioning always has a context, i.e., the variation of the vehicle, its com-
ponents, their relationships and the constraints the vehicle currently tested must
fulfill. The variation determines which tasks have to be executed, e. g., a car with
a manual transmission requires different tasks than a car with an automatic one.

A context ¢ determines the tasks 7. required for a process. It is infeasible to
model all processes for each possible set of required tasks by hand. This calls for
generic process models for several contexts. With such generic models however,
one optimal arrangement of tasks for any context does not exist.

Example 2. The context characteristic transmission determines the required
tasks as follows: If the vehicle has an automatic transmission, the commissioning
requires execution of the tasks T, ={E, A, T, C, O, G}; for a manual transmission
in turn the tasks are T, ={E, M, T, C, O, G}. Figure 1(b) shows the dependencies
between the tasks as a graph. Directed edges represent ordering dependencies,
while dashed lines represent exclusive dependencies. The graph is the declarative
specification we generate the process model from. The extended version of this
paper [17] shows how one can generate such a specification from input in other
languages. Section 2 will introduce the notation behind that graph structure.

Figure 2 shows two generic process models that comply with the dependency
graph of Figure 1(b). Figure 2(a) has a shorter processing time if the transmis-
sion is automatic (7s to 10s). For a manual transmission in turn, the process
model in Figure 2(b) has a shorter processing time (8s to 10s).

Fig. 2. Two Distinct Process Models for the Graph in Figure 1(b)
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With at least one process model for each possible context, the number of such
models increases exponentially with the number of context characteristics. For
instance, 10 context characteristics that are Boolean in nature result in 1024
process models. Next, several models typically are possible for a given context.
The problem studied here is how to generate a good process model for a given
context from a declarative specification. The model should be good according to
predefined quality criteria, e.g., throughput time. Process models that comply
with the dependencies can be very different with respect to quality and perfor-
mance criteria. Section 4 will show that models generated with our approach are
about 50% faster than ones designed by professionals with years of experience.
We focus on the restricted case that there are no repetitions, i.e., on process
trees with inner nodes SEQ, AND, XOR, but not LOOP. There is a number of set-
tings with this characteristic, for instance in manufacturing. In particular, loops
are unnatural in commissioning processes, since a feature is tested only once. On
the other hand, if a problem occurs and is fixed, a new commissioning process is
started. Another assumption, which also holds for commissioning and elsewhere,
is that context information together with experience from the past allows to
reliably estimate the processing time of individual tasks.

The generation of a process model from a declarative specification bears
several challenges. There often is a great variety of models that fulfill the specifi-
cation, as mentioned before. To illustrate, the sequential arrangement of n nodes,
in the absence of any constraint, give way to n! different process models. For the
largest process in our evaluation, 4.12 x 1034 models are possible. Generating all
possible models is not possible. It is challenging to detect a good process model
that does not violate any constraint.

Example 3. There are four tasks A, B, C, and D. Suppose that the following
constraints exist: B must always occur before A and C (B— A, B—C), and D
always occurs before C (D — C). It seems to be a good idea to put A and C in
parallel, because this might reduce the throughput time. But putting A and C in
parallel rules out having A and D in parallel.

Related work in process synthesis is fully automatic only for processes that
are fully specified by their dependencies [6][25]. In case of an under-specification,
[6] requires a process modeler to manually make decisions, and [25] requires a
manual clustering of the constraints. This is not practical, because of the daunt-
ing number of possible models. To this end, we propose a novel process synthesis
algorithm whose output on the one hand complies with the dependencies and
on the other hand is good according to predefined criteria. Our approach is as
follows: First, it uses a modular decomposition of the dependencies to detect the
fully specified regions of the process as well as the under-specified ones, so-called
prime components. For each prime component, our approach partitions the corre-
sponding ordering graph systematically, as follows. It selects a pivot element and
generates several smaller ordering graphs from the pivot partition. We reduce
the problem in a divide and conquer fashion until it is small enough to explicitly
generate all possible models. We repeat this for different pivot elements to have
a better coverage according to our quality criterion the throughput time of the
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process. Other criteria such as overall energy consumption are possible as well.
As we show in the evaluation with thousands of non-trivial process models, our
approach is efficient, i.e., is able to test thousands of models in under a second,
checking for complex constraints. On average, our approach nearly halves the
processing time compared to the reference processes, which already are the out-
put of a careful intellectual design. Our approach can handle complex real-world
specifications containing several hundred dependencies as well as more than one
hundred tasks. In our evaluation, the process models generated contain between
98 and 185 tasks, and their arrangement typically is nontrivial.

Section 2 introduces some fundamentals. Section 3 describes our algorithm
for the process generation. Section 4 features our evaluation. Section 5 discusses
related work, and Section 6 concludes.

2 Fundamentals

A meaningful input for process synthesis is the declarative specification in the
form of an ordering relation graph (ORG) [21]. The modular decomposition of a
graph yields its components and implies a hierarchical structure of components
called the Modular Decomposition Tree (MDT)[15], see Subsection 2.3. The MDT
separates the under-specified regions from the fully specified ones.

2.1 Ordering Relation Graph

In an ordering relation graph, each node represents a task. Each edge represents
a dependency between tasks. The dependencies consist of ordering dependencies,
i.e., in which order do the tasks occur, and exclusive dependencies, i.e., when
do two tasks exclude each other.

Definition 1. The ordering relation graph is a directed attributed graph G =
(V,E), with V being nodes and E C V x V the edges. Fach node corresponds
to a task. E consists of two subsets E_, and Ey such that E = E_, U E4 and
E_NEy = 0. E_ defines the ordering relation, i. e., two tasks that should be
in a specific order have an edge in E_.. E_, is transitive and anti-symmetric:

(transitive) Y(x,y),(y,2) € E_ : (z,2) € E_,
(antisymmetric) Y(z,y) € E_ : (y,z) ¢ E_,

Ey defines the exclusiveness relation, 1. e., if two tasks exclude each other they
share an edge in Ey. Ey is symmetric, i.e., V(z,y) € Ey : (y,x) € Ex. We do
not allow self-edges, i.e., Yo € V : (v,v) € E.

Note that E_, does not contain any cycle. For each task we determine the
processing time. The average error of the estimated execution times of our tasks
from our application scenario is less than 17%. We had calculated these times
by analyzing the logs of existing traces.
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Definition 2. The neighborhoods N°“(v), N**(v) of a node v are defined as:
Novt(v) :={w |w e VA (v,w) € E_} N™w):={w|weVA(w,v)eE_}

No“(v) is the set of nodes with an incoming ordering edge from v. N*(v) is
the set of nodes that have an outgoing ordering edge to v. For a set of nodes
V' the incoming and outgoing set are defined as N°“' (V') := |, N°“'(v) and

. X veV
N (V) = U,ey N'™(v) respectively.

In contrast to an imperative process language like BPMN, ORG is a declarative
description and not necessarily fully specified.

2.2 Process Tree

We want to generate the process model in the form of a process tree (PT). In
contrast to a graph-based process model, the process tree has two important
characteristics. First, it can be easily transformed into an executable process
language, see [17]. Second, a process tree is sound by default [10]. This means
the following: First, the process will terminate properly. Second, for each task
there is at least one process instance containing it. Each process tree PT = (V, )
is an ordered tree, thus a rooted tree for which an ordering is specified for
the children of each vertex. V consists of leaf nodes V; and inner nodes V.,
ViUV, =V, V; NV, = 0. Each leaf node corresponds to a task, and each inner
node corresponds to a control structure. In this paper we consider three control
structures, namely sequence SEQ, parallel AND and exclusive XOR. These control
structures correspond to the basic control workflow patterns [2]. This study
focuses on the synthesis of process models without cycles. Hence, we do not
define a loop operator. It is possible to model the commissioning processes using
those control structures. Each control structure can be translated to another
block-oriented language, e.g., WS-BPEL, OTX, or to a graph-oriented process
language, e. g., Petri nets, BPMN.

2.3 Modular Decomposition

We want to generate a process tree from the declarative specification, i. e., from
the orG. Let G = (V,E) be such a graph. For any W C V we say that
Gw (VW,EW) is the sub-graph induced by W, i.e., VW = W and EV =
EN(WxW). We call W a component iff Vv,v" € W, N°“ (v)\W = N°u'(v/)\W
and N (v)\W = N (v/)\W. Thus v and v’ have identical neighborhoods outside
of W. In other words, a component consists of tasks with the same dependencies
regarding tasks outside of the component.

Example 4. The set {T,C} is a component of the graph in Figure 3(a). T has
incoming edges from E, G, and O and no outgoing edge except the one to C, C
shares the same edges, not considering the inner edge between T and C'. The set
{T, G} is not a component because T has an incoming edge from E and G has
not.
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Fig. 3. An Ordering Relation Graph (a), its Modular Decomposition (b) and the Cor-
responding Modular Decomposition Tree (c)

In our use case, a component often consists of tasks operating on the same
electronic control unit of the vehicle. W is a strong component if, for each com-
ponent W’ C V, one of the following holds: WNW' =0, W C W' or W CW.

Example 5. Consider a graph Go with tree nodes A, B,C and no edges. W =
{A, B} and W' = {B,C} are components. They are not strong because WNW' #
0, WEgW’', orW' ¢ W. The strong components are {A, B,C}, {A}, {B}, {C}.

The decomposition of a graph into strong components is called Modular
Decomposition, and the resulting hierarchical structure is called Modular Decom-
position Tree (MDT). Figure 3(a) shows the simple ordering relation graph of
Figure 1, its decomposition in four components Figure 3(b) and the correspond-
ing modular decomposition tree Figure 3(c). [15] shows that a node W in a MDT
with children Sy, .S, ..., Sk is of one of the following:

Complete : VI C {1,...,k}, with 1 <|I| <k :|J

Prime :VIC{l,...,k}, withl<|I|<k:U

;e Si 1s a component

ier i 18 mot a component
Example 6. The root node in Figure 3 (c) is a prime node. None of the subsets
of the children with size 2 or 3, e.g., {X,E} or {E,Y,Z}, do form a component.

A complete component W with the induced graph Gy (VW , EW) either does not
contain any edges or is a clique in E}} or E, see the proof of Lemma 1. A com-
plete component can easily be transformed to a process tree deterministically,
see [21]. For a prime component our approach will use a heuristic optimization.

Lemma 1. A strong complete component W is of exactly one of four types:
trivial :|[VW| =1
serial : For every v,v' € VW : (v,v') € EW v (v',v) € EW. Recall that the
edges in EW are cycle-free.
branch : For every v,v' € VW : (v,v') € EY
parallel : For every v,v' € VW : (v,0') ¢ Eﬁ/

Proof. The proofs of all lemmas are in [17]. O

[15] proves that the decomposition of a directed graph (V, E) can be done in
O(|V] + |E|), thus in time linear with the size of the graph — We use the MDT
to transform the ORG into a process tree.



388 R. Mrasek et al.

3 Generating a Process Tree

In this section we explain the conceptual design of our approach. Subsection 3.1
gives an overview, and Subsection 3.2 states how the algorithm handles under-
specified regions.

Algorithm 1. Synthesize(ORG G, context c): ProcessTree PT

: Determine 7. from c

: G < subgraph Gw of G with the nodes W = 7.

PT «— Modular Decomposition of G

for all prime nodes P € PT do
Process tree PTp «— synPrime(P)
Replace P with PTp

: end for

: for all leaf nodes | € PT do

9: if [ is a partition leaf node then

10: (G < ORG of [

11: Process tree PT; < synthesize(Gi, c)

12: Replace | with PT;

13: end if

14: end for

15: return PT

3.1 Overview of the Automatic Generation

Our goal is to automatically generate a process model from a declarative descrip-
tion. Algorithm 1 synthesizes a process tree from an ORG and a context c. The
context ¢ determines the required tasks 7. (Line 1). We then reduce the ORG G
to the subgraph Gy with the nodes W = 7, (Line 2). The algorithm then com-
putes a modular decomposition of the ORG (Line 3 in Algorithm 1). The result-
ing modular decomposition tree (MDT) may contain both complete and prime
components. For complete components, a transformation to process fragments
exists, cf. [21]. For a prime component in turn, several fragments are possible, see
Figure 4. In other words, each prime component stands for an under-specified
region. For each prime component P, we use a probabilistic optimization to find
a solution (Line 5). We replace P with the solution found (Line 6). synPrime()
splits the ORG of the prime components into partitions. It generates a graph
with one node for each of these partitions. The algorithm recursively calls itself,
in order to replace each node with a subtree. Finally, our approach transforms
the PT into a process language, e. g., BPMN, WS-BPEL.

3.2 Under-Specified Regions

Each prime component P induces a graph Gp = (Vp, Ep). Vp denotes the set of
strong components that belong to P. Figure 3 shows that the graph Gp for the
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Fig. 4. The Neighborhood Graph to Directly Generate a Process Tree (a), three Pos-
sible Process Trees (b)(c)(d) for the Graph (a)

prime component P cousists of Vp = {X,R,Y,Z} with Ep = {(R — X),(R —
Y),(Z — Y)}. P is not fully specified and thus there does not exist a unique
corresponding process tree. Due to the large number of possible process models
for a prime graph Gp it is not feasible to construct every possible one.

The modular decomposition detects the fully specified and the under-specified
regions of the process. Our overall idea is to reduce the size of the graph induced
by a prime component iteratively until the number of remaining solutions is low
(< 100) so that we can solve the problem. See Figure 4. Our intuition for the reduc-
tion is to select a pivot node v and detect which nodes (V1) must occur before v,
and which nodes (V2) can be scheduled in parallel to v. V4 as well as Vo imply
two smaller ordering graphs. We repeat this with several different pivot nodes.
Our approach randomly selects a node v € Vp with N°“(v) = {) as pivot node.
Lemma 3 will show why we need this characteristic. The ORG G'p is cycle-free, and
thus a node v with N°“(v) = () always exists.

Definition 3. The zero neighborhood of a pivot node v is N (v) := {v},
N (v) := N (v). Fori €N, i > 1 we define the i-neighborhood as:

Upent-n N @))\ N2 (o) ifie{2,4,6,...}

N®(p) = 4 ,
Uv/GN(i—l)(v) N (Ul) \ N(1_2)(U) Zfl € {3, 5, 77 . }

We use the neighborhood information to partition the graph. Each partition
n() is a subgraph of the ORG G'p with the nodes N (v). In other words, the
partitioning implies a graph G, where each n(?) is a node. We refer to this graph
as the neighborhood graph. Formally, given a pivot node v, the neighborhood
graph G, = (V,,, E,) is as follows

Vo = {n' | NO(v) # 0}
B, = {(n, 2™ |ie{1,3,...} A ni,nTcV,}U
{(n" n%) |i€{0,2,...} A n' 0Tt ecV,}

The graph contains each non-empty neighborhood as a node.

Example 7. For the graph in Figure 3(b) and the pivot Y the neighborhoods are:
NO(Y) = {Y}, NO(Y) = {R Z}, NO(Y) = {X}, and for i > 2 NO(Y) = 0.
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Fig. 5. A Prime Component (a), its Partitioning (b), and the Neighborhood Graph (c)

The neighborhood graph Gy(Vy, Ey) for the pivot Y is:
Gy=({n" n', n?}, { (n, n%), (%, n%)})

Example 8. Figure 5(a) shows a more complex graph which is a prime com-
ponent, i. e., there is no unique corresponding tree. The possible pivot nodes are
in violet. The pivot node at the top of Figure 5(a) leads to the partitioning in
Figure 5(b). Figure 5(c) shows the respective neighborhood graph.

Lemma 2. The partitioning into the neighborhood graph for a pivot v preserves
all order dependencies. In other words, for each edge (v1,v2) € Ep, one of the
following holds:

(a) 3i € Ny : v1,v9 € NO(v)
(b) vi € NO(v), vy € NO(v),i #j = (n',n?) € E,

Lemma 2 states that our approach does not loose any dependencies. A sym-
metric solution would be to select pivots with N*(v) = () and change the def-
inition of the neighborhood accordingly. However, a pivot v with N°%(v) #
0 A N (v) # 0 would loose a dependency, see Lemma 3.

Lemma 3. The neighborhood graph G., for a pivot node v with N°**(v) # O A
N (v) # 0 does not preserve the order dependencies.

Algorithm 2. synPrime (Neighborhood Graph G(V, E)) : ProcessTree PT

: Pivot v « randomly select a node v € G with N°“!(v) =
: Gy(Vy, Ey) < calculate neighborhood of v
if NV =0 then
return (select tree pattern randomly)
else
return synPrime(Gy)
: end if

IR A vy

Algorithm 2 generates a process tree for an under-specified region, i.e., a
prime component. First, the algorithm randomly selects a pivot node v (Line 1)
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and calculates its neighborhood graph G, (Line 2). The parameter A € NT
defines when the neighborhood graph is small enough to generate a process tree.
If the neighborhood graph is too large, the algorithm calls synPrime again, and
everything is repeated until the graph is processable. Figure 6 shows the reduc-
tion of a neighborhood graph. If our approach selects n? as the pivot element, it
then builds the smaller graph on the right hand side.

D@ - =

Fig. 6. Reduction of a Neighborhood Graph with the Pivot n?

If the neighborhood graph is small enough (N N = (), Algorithm 2 ran-
domly selects a tree pattern for it (Step 4). A tree pattern is a process tree
for the neighborhood graph. The neighborhood graph in Figure 4(a) contains
5 nodes and 4 edges. For a graph with five nodes thousands of process trees
are possible. For the graph in Figure 4(a) 53 trees are possible, given the con-
straints. For most of these 53 process trees, there is another tree with a lower
overall processing time, for any processing times of the tasks. If we exclude these
dominated trees, three trees remain. Figures 4(b) and (c¢) show two of them, ran-
domly selected. The tree patterns define which additional dependencies have
to be added to generate a block based process model for the specification. [17]
shows and explains all tree patterns for A € [1,5]. Figure 4(d) shows a process
tree fulfilling the constraints in Figure 4(a), but the processing time of the tree
in Figure 4(b) always is shorter.

For each ORG we have started out with, we calculate x different process trees.
The resulting trees differ depending on the probabilistic choices in Algorithm 2
(Line 1) and (Line 4). We select the best process tree found according to quality
criteria, e.g., the processing time. We calculate a quality value of each tree as
follows. The average processing time for each node in a process tree PT(V, ) is
calculated recursively with function fit: V — R.

runtime(n) if type(n) = task

fit(n) =

maXcechitd, fit(c) if type(n) = AND
s

(n)
> ccchita, fite) if type(n) =
(n)

maXcechid, fit(c) if type(n) = XOR

type: V — {task, AND, SEQ, XOR} is a function to determine the type of the tree
node. child, = {c | (n,c) € £} is the set of nodes in the process tree with
parent node n. The estimation for the XOR-Split is a worst case analysis, i.e.,
the processing time is smaller than the estimated one. If the probabilities of
the splits are known a priori a more precise average case assumption is possible,
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Table 1. Computation Time (CT) and Processing Time (PT) of our Approach

PROCESS A PROCESs B PRrocCEss C
No. oF TASKS 171 185 116
REF. PROCESS TIME 171 780ms 169 606ms 148 014ms
_cT _PT ~cT _PT _CT _PT
1n ms In ms 1n ms In ms 1n ms I ms
10 Iterations 35 188,420 34 227,260 32 132,998
50 Iterations 69 127,687 71 131,121 66 103,234
100 Iterations 113 127,687 113 131,121 104 103,234
1000 Iterations 823 127 687 964 116,155 788 97,264
10,000 Iterations 8,207 112,918 8,298 113,874 7,817 71,513
100,000 Iterations 78,409 112,624 86,594 106,216 77,335 65,892
PT REDUCTION 34.437% 37.375% 50.456 %

see [24]. The fitness of a process tree fit(PT) is the fitness of its root node. The
algorithm returns the process tree with the highest fitness value. The resulting
process tree can easily be transformed to the notation required.

We have implemented the algorithms in C#. The program receives the ORG
as input, see [17] on how to generate an ORG from a declarative specification.
The output of the program is a process tree that is then transformed to the
commissioning process notation OTX by a proprietary XSLT script written by us.
The implementation can handle specifications with several hundreds of tasks and
thousands of dependencies in a few minutes, see Section 4.

4 Evaluation

Our evaluation uses 21 process models from a car manufacturer that specify the
testing and commissioning of middle-class vehicles. Each process model reflects
several context characteristics which are attached for the generation. The con-
text characteristics consist of properties of the vehicle project, of the factory
and of the components to put in commission. Professional process developers
have designed the process models. The tasks to be executed depend on the com-
ponents built into the vehicle to be tested. In cooperation with those domain
experts we have built the specification for the 21 process models, i. e., the order-
ing relationship graphs, automatically using a knowledge base. See [19]. The
process models contain up to 185 tasks and over 3000 dependencies, including
transitive ones. The parameter A defines the maximum size of the process trees.
The possible number of trees grows exponentially with the maximum size. There-
fore, the correct and optimal tree patterns are harder to find for larger values
of \. Otherwise, a higher value could allow to find a process model with a better
processing time. We choose A = 5 for our evaluation.

Table 1 shows the results for commissioning process models A, B, and C.
We have chosen A, B, and C because they are representative for the whole set,
ranging from a relatively small one (C) to one of the largest (B). For a summary
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Table 2. The Minimum, Maximum, and the Quartile for the Evaluation of 21 Com-
missioning Process Models

MINIMUM MEDIAN MAXIMUM

QU.OO Q0.25 QO.S Q0.75 Ql.OO

NR. OF TASKS 98 123 133 146 185
REF. PROCESS TIME 144.232s  151.623s  157.513s  166.138s  178.606s
BEST FOUND PT 64.643s 72.637s 84.529s 93.487s  108.496s

ITERATIONS (IT) 5090 15523 37733 76035 94271
CALCULATION TIME (CT) 4.641s 12.356s 30.284s 63.392s 77.480s
PT REDUCTION 33.39% 40.62% 47.54% 53.62% 58.03%

of all models see Table 2. The second row in Table 1 shows the processing time
measured for the process model created by hand. Table 1 then lists the expected
processing time of the process (PT) and the time our approach needs to generate
the respective model (computation time cT) for 10 to 100,000 iterations. In all
cases, the algorithm has been able to generate a process model in less than 100 ms
that outperforms the reference process model. After 100,000 iterations (in less
than 1.5 minutes) it could find process models with processing times 34%, 37%,
and 50% lower than their manually generated counterparts.

For all 21 process models, Table 2 shows the minimum, maximum, and the
quartile for 7 values of the evaluation. The process models contain between 98
and 185 tasks, and need up to 178s to perform. Our approach requires =~ 30s
and ~ 37000 iterations on average to generate the best result found. For all
instances our approach has identified a solution that is better than the manually
generated one in less than 100ms. Our approach needs less than 3 iterations
to do so in most cases. On average, it nearly halves the processing time of the
commissioning process models (47.47%) compared to the reference points.

5 Related Work

[25] synthesizes a process model directly from its specification. The specifications
are in PROPOLS [25], a temporal constraint specification language. The specifi-
cations are transformed into finite state machines and then integrated into one
machine. Next, each accepting path is generated from the state machine. An
algorithm similar to the a-algorithm [3] is applied to synthesize a process model
from its set of paths. [25] can only be applied if the specification, i. e., the num-
ber of state machines, is small (= 6). To this end, [25] divides the specification
into small groups, synthesizes a process fragment for each group and manually
combines the fragments. For our use case, this approach would require over a
hundred state machines for each commissioning process model, and the manual
combination would not be feasible. [6] has specifications with LTL as starting
point. It generates a pseudo model from the specification. This model lists all
paths that fulfill the LTL formula. [6] generates an ordering relation graph from
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the set of paths and uses it to synthesize a process tree. For our use case the
generation of all paths would not be feasible. This is because the number of
paths grows exponentially with the size of the specification. Even for the small-
est process model we have evaluated calculating all paths has not been possible.

Process discovery means finding a process model that can reproduce the
behavior given in a log [1]. [12] rediscovers a process model in the process-tree
notation. It generates a graph (directly-follows graph) from the log and tries to
find different kinds of cuts in the graph. Each kind of cut refers to a control
structure in the process tree (SEQ, AND, XOR, LOOP). The cuts partition the
graph and allow to hierarchically find a process tree for the log. In contrast to
an ORG, a directly-follows graph is not transitive, and if two nodes are in paral-
lel they share a two-way edge (no edge in the ORG). It is not possible to find a
cut for a prime component, thus the approach of [12] does not help in case the
specification is under-specified. Put differently, the problem statement in [12]
is different from ours; the neighborhood graph of the complete log of a process
tree never contains a prime component. For an incomplete log, a prime compo-
nent can occur. [13] proposes to use probabilistic activity relations in the case of
an incomplete log. The cut with the highest probability is chosen. This means
that their algorithm generalizes from the incomplete log and assumes relation-
ships that are not present. An ORG is an upper bound of the possible behavior.
Assuming an additional relation would result in a violation of a constraint.

An approach different from generating the process model from scratch is to
extract information from process models already specified and to create a similar
process. [7] uses a CBR-based method to this end. The search is based on key-
words that are annotations of the workflows. [9] guides the process designer with
suggestions on how to complete data-oriented visualization models. The sugges-
tions are generated from paths of existing visualization process models stored
in a repository. [9] does not allow building a process model with an AND-Split
and therefore is not sufficient in our case. [11] predicts which activity pattern
(generic process fragment) will follow the partly modeled process. The paths of
existing process models are extracted and analyzed with association rule mining.
[9][11] extend an existing process model, while our approach generates one from a
declarative specification. [7] requires annotations of the existing process models.
None of the approaches mentioned optimize the runtime or consider constraints.

[21] transforms an unstructured model without cycles into a behaviorally
equivalent structured process model. ’structured’” means that for each Split-
Gateway there is a corresponding Join-Gateway. Structured processes allow an
effective verification [18] and are easy to understand [22]. [21] determines relation-
ships between the tasks of a process model and generates an ORG using these
relationships. Next, [21] decomposes the ORG into a Modular Decomposition
Tree. In contrast to our approach, [21] generates the ORG from the behavior of
an existing process model and not from a set of compliance rules. The behavior
is definite, the result therefore is a unique process model. In our approach in
turn, the behavior is under-specified, and several process models are possible.

AT planning is the task of defining a set of actions that achieve a specified
aim [8]. In a nutshell, it is the search for an applicable plan in the solution space.
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[23] uses a genetic algorithm to find a manufacturing plan. Some approaches
that synthesize business processes are discussed next: [14] uses an Al planning
approach to synthesize service compositions. Without calling it AI planning, [4]
uses a similar approach for configuration-based workflow composition. [5] intro-
duces a planning algorithm to compose data workflows. None of these studies
focuses on optimizing the runtime of the process or considers requirements sim-
ilar to ours. These approaches are not applicable to our problem statement.

In contrast to imperative process models, declarative workflows allow for any
behavior fulfilling the declarative specification [16]. Thus, declarative workflows
provide maximum flexibility not limited by a process model. In comparison, [25],
[6] and our approach generate an imperative process model from the declarative
specification. The enactment of declarative workflows is not trivial [20], and tool
support by major vendors is missing. To our knowledge, there is no tool that
executes declarative process models comparable to the commissioning of vehicles.

6 Conclusions

We have proposed a novel approach to generate a process model for a specific
context automatically, given a set of constraints. We study the restricted case
that there are not any repetitions of a task, as is the case in commissioning and
elsewhere, e.g., manufacturing. We use a probabilistic search to find a good pro-
cess model according to quality criteria that fulfills the constraints. Our approach
can handle complex real-world specifications consisting of several hundred con-
straints and more than one hundred tasks. The process models generated with
our scheme are superior (nearly twice as fast) to ones designed by professional
process designers.

In future work we want to omit the cycle free limitation of process mod-
els. One approach could be to detect SESE (Single Entry Single Exit) loops in
the graph, similarly to [21] Chapter 6.4. One could also extend the approach
to resource dependencies limiting the possible number of parallel executions of
certain tasks. One could detect such situations analyzing the graph structure
and then add additional dependencies for the generation.
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