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ABSTRACT

Workflows are patterns of orchestrated activities designed to de-
liver some specific output, with application in various relevant
contexts including software services, business processes, supply
chain management. In most of these scenarios, durational proper-
ties of individual activities can be identified from logged data and
cast in stochastic models, enabling quantitative evaluation of time
behavior for diagnostic and predictive analytics. However, effective
fitting of observed durations commonly requires that distributions
break the limits of memoryless behavior and unbounded support
of Exponential distributions, casting the problem in the class of
non-Markovian models. This results in a major hurdle for numeri-
cal solution, largely exacerbated by the concurrency structure of
workflows, which natively subtend concurrent activities with over-
lapping execution intervals and a limited number of regeneration
points, i.e., time points at which the Markov property is satisfied
and analysis can be decomposed according to a renewal argument.

We propose a compositional method for quantitative evaluation
of end-to-end response time of complex workflows. The workflow
is modeled through Stochastic Time Petri Nets (STPNSs), associating
activity durations with Exponential distributions truncated over
bilateral firmly bounded supports that fit mean and coefficient of
variation of real logged histograms. Based on the model structure,
the workflow is decomposed into a hierarchy of subworkflows, each
amenable to efficient numerical solution through Markov regen-
erative transient analysis. In this step, the grain of decomposition
is driven by non-deterministic analysis of the space of feasible
behaviors in the underlying Time Petri Net (TPN) model, which
permits efficient characterization of the factors that affect behavior
complexity between regeneration points. Duration distributions
of the subworkflows obtained through separate analyses are then
repeatedly recomposed in numerical form to compute the response
time distribution of the overall workflow.

Applicability is demonstrated on a case from the literature of
composite web services, here extended in complexity to demon-
strate scalability of the approach towards finer grain composition
schemes, and associated with a variety of durations randomly se-
lected from a data set in the literature of service oriented computing,
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so as to assess variability of accuracy and complexity of the overall
approach with respect to specific timings.
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1 INTRODUCTION

Workflows of orchestrated activities arise in the practice of a wide
variety of application contexts, with a structure reflecting designed
or discovered artifacts, such as a Bill of Materials (BOM) [17], a
Business Process Model (BMP) [1], or the Business Process Execu-
tion Language (BPEL) specification of a composed web service [15].
Individual activities in the workflow can often be enriched with
durational properties derived from operation data [11, 37], accept-
able assumptions [26], or Quality of Service (QoS) contracts [46],
S0 as to obtain a stochastic model that opens the way to transient
analysis for quantitative evaluation of time behavior, which in turn
enables diagnostic, predictive, and prescriptive analytics.

As a common trait of all these scenarios, the validity of stochas-
tic characterization normally requires that observed durations be
described by general distributions (GEN) beyond the limit of memo-
ryless EXP variables, and the representation of firm synchronization
constraining concurrency often requires that durations be associ-
ated with a bounded support. Besides, the structure of concurrency
of the workflow normally results in activities with overlapping exe-
cution intervals, limiting the number of regeneration points where
the Markov condition is satisfied. The combination of these aspects
casts the underlying stochastic process of the model in the class
of Generalized Semi Markov Processes (GSMPs), which impairs
efficient numerical solution techniques.

If the workflow model never reaches a state where two GEN
activities overlap their durations, i.e., if it satisfies the so-called
enabling restriction, then transient analysis can still resort to nu-
merical solution techniques [14, 21, 40], also with the support of
various tools [2, 41, 52]. Numerical methods have been formulated
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to overcome the enabling restriction for models with determinis-
tic (DET) and EXP timers [28, 30], though, in the practice, com-
plexity again limits applicability to models with at most one DET
timer enabled in each state. Yet, the structure of concurrency of
a workflow normally includes different branches each with GEN
durations starting at different time points. Multiple concurrent
GEN durations can be managed by approximation through Contin-
uous PHase type (CPH) distributions [8, 24, 35, 36], which brings
back the model in the class of Markovian behavior at the cost of
a state space expansion that trades accuracy for complexity and
prevents representation of firmly bounded duration constraints.
Following a different approach, transient analysis of workflows
with concurrent overlapping activities with GEN durations can be
performed through the method of stochastic state classes [23, 34],
which achieves efficiency through symbolic manipulation of the an-
alytical form of (multivariate) Probability Density Functions (PDFs),
but requires that the degree of parallelism among concurrent GEN
transitions remains limited, which is often not the case in tree-like
or graph-like structured workflows.

Various compositional approaches have been proposed to face
the problem, mainly with reference to workflows structured as
trees, attaining different trade-offs between approximation and
complexity. In [13], a stochastic fault tree where times to failure of
leaf nodes are expolynomially distributed over a possibly bounded
support is analyzed in bottom-up order by repeated derivation of
the analytical form of the times to failure of intermediate nodes,
fighting complexity through the pruning of expolynomial terms
that are negligible within a given time window of prediction. In [4],
attack trees with Erlang (and EXP) distributed activity durations
combined according to Boolean and sequence gates are analyzed by
approximating times with Acyclic Phase-Type (APH) distributions,
while keeping a bounded complexity through a compression algo-
rithm that controls the number of phases in the distribution. In [19],
a stochastic tree with Erlang distributed times to failure of leaves
is analyzed by approximating times to failure of intermediate gates
with complexity-scaled distributions, while maintaining a stochas-
tic order that guarantees safe approximation. In [50], semi-Markov
models of composite web services with failures and restarts are
analyzed to derive the closed-form of mean and variance of the
end-to-end response time, also in the specific case that durations
of atomic services are fitted through APH distributions [31].

In this paper, we propose a compositional approach for quantita-
tive evaluation of the time behavior of complex workflows combin-
ing concurrent and sequential activities with generally distributed
durations over bounded supports. The workflow is modeled through
Stochastic Time Petri Nets (STPNs) where the duration of each ac-
tivity is characterized by a shifted truncated EXP distribution.

The model structure drives the decomposition of the workflow
into a hierarchy of subworkflows amenable to efficient solution
by Markov regenerative transient analysis based on the method of
stochastic state classes. To this end, nondeterministic analysis of the
Time Petri Nets (TPNs) underlying the subworflows is performed
to enumerate the space of possible behaviors, characterizing the
degree of concurrency among activities and the number of events
occurring while an activity is being executed. In turn, these features
open the way to the definition of heuristics that are able to estimate
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the complexity of deriving a measure of probability associated with
possible behaviors, determining whether regenerative analysis is
affordable or the subworkflows need to be decomposed further.
Then, the duration distributions of the decoupled subworflows
obtained through separate regenerative analyses are repeatedly
recomposed in numerical form, computing the end-to-end response
time distribution of the overall workflow.

Application of the approach is motivated and demonstrated ad-
dressing the evaluation of the end-to-end response time distribution
of composite web services, assuming that concurrency effects due
to multiple users are negligible given that individual services can
be horizontally scaled. Specifically, a case from the literature [11] is
considered, characterizing the execution times of activities through
shifted truncated EXP distributions that fit mean and variance of
real logged histograms obtained from the WS-DREAM data set [51],
widely used in the literature of web services. Notably, the model
is extended in complexity to illustrate scalability of the approach,
and experimented with different classes of timings.

The rest of the paper is organised in five sections. In Section 2, we
provide an overview of the overall approach. In Section 3, we recall
preliminary concepts on STPNs, Markov regenerative transient
analysis, and nondeterministic analysis. In Section 4, we specify
the addressed class of workflows. In Section 5, we develop the
solution approach, describing decompostion of the model structure
and recomposition of results, characterizing the main factors of
complexity. In Section 6, we illustrate application with reference
to the context of composite web services. In Section 7, we draw
conclusions and discuss next directions. For the sake of readability,
formal syntax and semantics of STPNs are recalled in the Appendix.

2 APPROACH OVERVIEW

Fig. 1 shows the Data Flow Diagram (DFD) of the overall approach
which consists of three steps implemented in a toolchain available
at https://doi.org/10.5281/zenodo0.4519118:

e Distribution derivation (processes 1- 3, Section 4.2). The
parameters of the shifted truncated EXP distributions of in-
dividual activities are selected so as to fit mean and variance
of logged histograms (process 3) which, in turn, are derived
from the WS-DREAM data set by parsing data (process 1) and
removing outliers through the Inter-Quartile Range (IQR)
rule, also known as Tukey’s rule of thumb [42] (process 2).

e Model generation (processes 4- 7, Section 4.1). The STPN
model of the workflow is generated by specifying the work-
flow structure as a Petri Net (PN) made of places, untimed
transitions, and directed arcs (processes 4 and 5), and associ-
ating each transition modeling a workflow activity with an
execution time distribution, randomly selected among those
obtained at the previous step (processes 6 and 7).

e Model evaluation (processes 8- 12, Section 5). The end-
to-end response time CDF of the overall workfow is obtained
by decomposing it into subworkflows (process 8), performing
regenerative transient analysis of the corresponding STPNs
(process 9), and recomposing in numerical form the obtained
response time CDFs of subworkflows (process 10). Accuracy
measures are computed by comparing the obtained results
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Figure 1: DFD of the approach. Processes in blue derive du-
ration distributions; processes in red address model genera-
tion; processes in green perform model decomposition and
evaluation, and numerical recomposition of results.

with a ground truth (process 12) derived through stochastic
simulation of the workfloW STPN (process 11).

The approach is implemented in a toolchain that relies on Java 9,
exploiting the SIRIO library [39] of the ORIS tool [34] to perform
analysis and simulation of STPN models, and makes a limited use
of Wolfram Mathematica (to derive the parameters of the execution
time distributions) and Python (to parse data and plot results).

3 PRELIMINARIES

In this section, we provide background concepts on: STPNs (Sec-
tion 3.1), used to specify workflows made of concurrent activities
with bounded GEN duration; Markov regenerative transient analy-
sis based on the method of stochastic state classes (Section 3.2), used
to evaluate the response time distribution of the sub-workflows;
and, nondeterministic analysis of TPNs (Section 3.3), used to enu-
merate the space of possible behaviors of the sub-workflows, which
supports the characterization of the main factors that determine
the complexity of regenerative transient analysis.

3.1 Stochastic Time Petri Nets

STPNs are a variant of non-Markovian stochastic Petri nets model-
ing stochastic timed systems where multiple concurrent events can
be constrained to occur within bounded time intervals. Specifically,
in an STPN, transitions (depicted as vertical bars, as in Fig. 2) repre-
sent events, places (depicted as circles) containing tokens (depicted
as dots) model logical conditions that enable events, and directed
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arcs from input places to transitions and from transitions to out-
put places determine token moves performed at the occurrence
of events. A transition becomes enabled when all its input places
contain at least a token, sampling a time to fire from a probability
distribution possibly with bounded support. The transition with
minimum time to fire is selected, removing a token from each of
its input places and adding a token to each of its output places.
The choice among transitions with equal time to fire is solved by a
random switch determined by probabilistic weights. In so doing, an
STPN decorates its underlying TPN through probability distribu-
tions and weights of transitions, thus associating the set of timed
behaviors of the TPN with a measure of probability.

3.2 Regenerative transient analysis

STPNs with multiple concurrent GEN transitions can be analyzed
with relative efficiency if the model satisfies the Markov property
always with probability 1 at specific time instants, termed regenera-
tion points. In this case, the model subtends a Markov Regenerative
Process (MRP) [25], which can be solved numerically provided that
the process is characterized in terms of a local kernel, describing the
behavior until the first regeneration, and a global kernel, describ-
ing sequencing and timing of visits to subsequent regenerations.
Solutions for evaluation of kernels have been consolidated under
various restrictions, the most notable being the enabling restriction,
requiring that GEN durations never overlap their activity cycles [9],
and the bounded regeneration restriction, requiring a bounded num-
ber of firings between consecutive regeneration points [7].

Transient analysis of STPNs that subtend an MRP satisfying the
bounded regeneration restriction can be performed through regener-
ative analysis based on the method of stochastic state classes [12, 23].
Given a sequence of firings, a stochastic state class encodes the
marking plus the joint domain and (symbolically) the joint PDF of
the absolute elapsed time and the times to fire of the enabled tran-
sitions. The joint domain can be efficiently encoded as a Difference
Bounds Matrix (DBM) [18, 45], i.e., the solution space of a set of lin-
ear inequalities constraining the difference between pairs of timers.
The joint PDF takes a continuous piece-wise representation over a
partition of the domain in DBM zones and can be derived in closed-
form if all the transitions of the STPN have a distribution in the class
of expolynomial functions [41]. Enumeration of stochastic state
classes between any two regenerations enables the computation of
the local and global kernels. Then, numerical solution of Markov
renewal equations formulated in terms of the kernels [25] pro-
vides transient marking probabilities, i.e., py, () := P{M(t) = m}
V't € [0, tmax], YV m € M, where M(t) is the process describing the
marking of the STPN at time ¢ € [0, fmax], tmax is the analysis time
limit, and M is the set of reachable markings.

The complexity of regenerative transient analysis significantly
depends on the occurrence of regeneration points in the MRP un-
derlying the STPN, which, in turn, depends on the degree of con-
currency of the model and on the length of behaviors (in terms of
number of firings) during which GEN transitions remain persistent.
On the one hand, the occurrence of regeneration points cannot
be easily controlled during the activity of model construction, so
that minor modeling choices may result in major variations in the
structure and complexity of the underlying MRP. On the other
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hand, the MRP structure and complexity may be reduced only at
the cost of significantly limiting the level of detail of the model,
which may yield too coarse-grained results for complex systems,
such as execution paths of web service architectures, industrial
production processes, or large-scale fault-tolerant architectures.
Therefore, efficient approaches are needed to decompose the model
into analyzable sub-models and to derive estimates of the measures
of interest from the results of separate analyses.

3.3 Nondeterministic analysis

Identification of the space of timed behaviors of the TPN underlying
an STPN can be performed through nondeterministic analysis based
on the method of state classes [45]. Given a sequence of transitions
which can be fired with different timings, a state class consists of
the marking reached through that firing sequence plus the joint
domain of the remaining times of the transitions enabled after that
firing sequence. The joint domain can be efficiently encoded and
manipulated as a DBM [18], with polynomial complexity with re-
spect to the number of the enabled transitions. Enumeration of state
classes yields a graph termed state class graph, largely exploited in
tools for verification of qualitative properties of concurrent timed
systems [5, 6, 16, 20, 34]. In particular, the state class graph is suffi-
cient to identify state classes that correspond to regeneration points
(which we term regenerative state classes) as well as to characterize
the concurrency degree of the GEN transitions and the number of
firings to which a GEN transition is persistent. In particular, regen-
erative state classes are state classes where all the GEN transitions
are newly enabled or DET or have a DET delay with respect to
a newly-enabled transition. Notably, the state class graph can be
proved to be finite under fairly general conditions, requiring in
particular that the number of reachable markings be finite and the
earliest and latest firing times of transitions be rational values [23].

4 STOCHASTIC MODEL

In this section, we illustrate the structure of concurrency of the
STPN model of a workflow (Section 4.1) and the derivation of its
stochastic parameters from available statistics of the execution
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times of its activities (Section 4.2), and we define the response time
distribution of the workflow (Section 4.3).

4.1 Structure of concurrency

We consider workflows consisting of concurrent activities with
GEN execution time, composed according to the sequence, AND-
split (i.e., parallel split), AND-join (i.e., synchronization), XOR-split
(i.e., exclusive choice), and XOR-join (i.e., simple merge) patterns [44].
Workflows can be modeled by STPNs, which support the represen-
tation of sequential, concurrent, and alternative behaviors with
GEN duration, according to the considered control flow patterns.
To illustrate the elements of structural complexity, Fig. 2 shows the
STPN of a workflow with 5 sequences (modeled by transitions t4
and t7, t5 and t8, t6 and t9, t21 and t23, t22 and t24); 3 AND-
splits (modeled by transitions t1, t13, t15); 6 AND-joins (modeled
by transitions t11, t19, t20, t25, t26); 1 XOR-split (modeled by
transitions t2, t3); and, 1 XOR-join (modeled by transition t10).
Split-join patterns can be nested in well structured constructs [43].
In particular, an AND-join (or XOR-join) collects all the paths origi-
nated from the last unjoined AND-split (or XOR-split). For instance,
the IMM transitions t10 and t11 account for an XOR-join and an
AND-join, respectively, collecting all the paths originated from the
XOR-split represented by transitions t2 and t3 and the AND-split
represented by transition t1, respectively. Conversely, the IMM
transition t25 accounts for an AND-join collecting independent
paths, i.e., not originated from the same unjoined AND-split.
Note that a token is contained in the input place of each GEN
transition representing an initial activity of the workflow and in
the input place of each IMM transition representing an XOR-split
among initial activities of the workflow, which we term initial places
of the STPN of the workflow, e.g., the workflow represented in Fig. 2
has 3 initial activities represented by the GEN transitions t@, t21,
and t22, whose input places p@, p24, and p27, respectively, contain
one token each. Moreover, the GEN transitions that represent a
possible final activity of the workflow and the IMM transitions that
represent a join of possible final activities of the workflow have
the same output place, which we term final place of the STPN of
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Figure 2: STPN model of a workflow consisting of 5 sequences, 3 AND-splits, 5 AND-joins, 1 XOR-split, and 1 XOR-join. The
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the workflow, e.g., the workflow of Fig. 2 has a single final activity
modeled by transition t27 with output place p32.

4.2 Stochastic parameters

We fit the duration distribution of each activity from a histogram
of logged samples. As often done in statistical analysis of time
series data, we first eliminate outliers, i.e., values that fall outside
the overall pattern of the histogram and would distort the fitted
distribution. To this end, we apply the IQR rule [42]. Specifically,
given a sample vector x of durations, we discard values that are
lower than Q1 — 1.5 IQR or larger than Q3 +1.5 IQR, where Qj is the
first quartile, Qs is the third quartile, and IQR := Q3 —Qj is the inter-
quartile range. Let y be the obtained sample vector, where min{y}
is the minimum sample, max{y} is the maximum sample, and |y]| is
the number of samples. Then, we derive the histogram h: W — N
with support [a, b] and N equal-width bins, where a = min{y},
b = max{y}, W = {w1, wa,..., wn} is the set of bins, and h(wj,)
is the number of elements of x falling in bin w, Vn € {1,...,N}.
And, we compute the histogram /i : ‘W — R representing relative
frequencies of bins, i.e., A(wp,) = h(wy)/(w - ZnNzl h(wn)).

To fit the obtained histogram h with a duration distribution hav-
ing firmly bounded support, we extend the approximants of [47],
which fit the sample mean and the sample variance with a shifted
EXP distribution, a hypo-EXP distribution, an EXP distribution, or
a hyper-EXP distribution depending on whether the sample coeffi-
cient of variation is lower than 1/v?2, between 1/V2 and 1, nearly 1,
or larger than 1, respectively. Given that the duration histograms
of the WS-DREAM data set [51] considered in the experiments
exhibit coefficient of variation lower than 1/V2 (before and after
outliers elimination), we extend the shifted EXP distribution of [47]
into a shifted truncated EXP distribution. Specifically, we consider
a PDF f(x) = e A% e94/(1 — e70*9) with support [6, b], where &
and A are selected by numerically solving a system of equations
imposing that mean and variance of f(x) are equal to the mean i
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Figure 3: A shifted truncated EXP CDF that fits mean and
variance of a histogram of web service durations obtained
from the WS-DREAM data set [51]. The CDF is associated
with transition t0 in Fig. 2. Times are expressed in s.
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and the variance & of histogram h, respectively:

—1=61+ (1+b)) e(-b+d)A
A (=1 + e(-b+0)A)

=q

e2bA 4 p20A _ (2+ b222 — 26512 + 5212) e(b+5)ll
22 (eb/l —_ 65/1)2

=0

In a similar manner, shifted truncated EXP distributions could be
used also to extend the approximants of [47] in the cases that the
coefficient of variation of the observed data is larger than 1/ V2.

Note that associating each transition with a shifted truncated
EXP distribution casts the resulting STPN model in the class of
Deterministic and Stochastic Petri Nets (DSPNs) [29]. Notably, while
the complexity of solution techniques developed for DSPNs limits
applicability to models with at most one DET transition enabled in
each state [28, 30], STPN models where multiple transitions with
shifted truncated EXP distribution are concurrently enabled can be
efficiently solved through regenerative transient analysis based on
the method of stochastic state classes [23].

As an example of application, Fig. 3 plots the shifted truncated
EXP approximant of a histogram of web service durations ob-
tained from the WS-DREAM data set [51]. Specifically, the ini-
tial vector x contains 7467 samples between 0.2 s and 20 s, with
Q1 = 0.5s, Q3 = 1.2, and IQR = 0.7 s. The elimination of out-
liers yields a vector y consisting of 6427 samples between 0.2 s and
2.3's, which is used to derive histogram A. In turn, i has support
[a,b] = [0.2,2.3] s, mean g = 0.7s, standard deviation ¢ = 0.4s,
and coefficient of variation cv= 0.5. Finally, mean and standard
deviation of & are fitted with a shifted truncated EXP distribution
with support [, b] = [0.3,2.3] s and rate 1 = 2.4.

4.3 Measure of interest

We evaluate the response time distribution I'(¢) of the workflow,
ie, I'(t) .= P{y < t}, where y is the time needed to perform the
overall workflow. If regenerative transient analysis of the STPN of
the workflow can be afforded, I'(#) can be computed as the transient
probability of the final place of the STPN:

@)

where mg,, is the marking that assigns one token to the final place
and no token to any other place, and py,;, () is the probability of
marking mg, at time ¢, computed as discussed in Section 3.2. For
instance, in the example of Fig. 2, mg, (p32) = 1 and mg,(p) = 0
Vp € P\ {p32}, where P is the set of places of the STPN.
Conversely, if regenerative transient analysis is not viable, which
occurs for complex workflows such as those considered in this paper,
then a compositional approach becomes necessary to evaluate I'(¢).

r(t) = prin(t) Vte [0’ tmax]

5 SOLUTION TECHNIQUE

In this section, we present a compositional approach to evaluate
the response time distribution of complex workflows (Section 5.1),
exploiting nondeterministic analysis to characterize the main factor
of complexity of regenerative transient analysis (Section 5.2) and
drive decomposition into a hierarchy of sub-workflows (Section 5.3).
Then, we discuss the complexity of the approach (Section 5.4).
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5.1 Overview

A workflow can be decomposed into a hierarchy of subworflows,
exploiting the structure of its STPN model to identify submodels
termed blocks, and using nondeterministic analysis to determine
whether the obtained blocks are amenable to efficient regenerative
transient analysis or need to be decomposed further. As recalled
in Section 3.1, an STPN is a directed bipartite graph, where places
and transitions represent nodes, pre-conditions and post-conditions
account for directed arcs, and directed paths consist of alternat-
ing sequences of places and transitions, linked by pre-condition
and post-condition relations. Based on the structure of concurrency
described in Section 4.1, the STPN model of a workflow (or subwork-
flow) is a Directed Acyclic Graph (DAG), which can be explored
starting from the places that contain a token, i.e., the input places
of the GEN transitions modeling the initial activities of the work-
flow and the input places of the IMM transitions accounting for an
XOR-split among alternative initial activities of the workflow.

Definition 1. A block of an STPN is a set of directed paths that
have a common final place termed final place of the block. Similarly,
the initial places of the paths are termed initial places of the block.

Definition 2. A single-entry block of an STPN is a block whose
paths have a common initial place and a common final place, which
are termed initial and final place of the block, respectively.

Definition 3. A composite block of an STPN is the composition of
two single-entry blocks, either in sequence or in parallel.

o The sequence of two single-entry blocks b1 and b is a block
such that the final place of by is the initial place of by, so that
the initial place of b; and the final place of b are the initial
place and the final place of the composite block, respectively.

o The parallel composition of two single-entry blocks b1 and b
is a block such that the final place of both b; and by is an
input place of an IMM transition t having a single output
place p, so that the initial places of b; and by are the initial
places of the composite block, while p is its final place.

For instance, in Fig. 2, b; is a single-entry block collecting paths
(PO, to, p1, t1, p2, t2, p4, t4, p6, t7, p9, t10, p10, t11, p12), (po,
to, p1, t1, p2, t3, p5, t5, p7, t8, p9, t10, p10, t11, p12), and (po, t0,
p1, t1, p3, t6, p8, t9, p11, t11, p12); by is also a single-entry block;
and, b3 is a composite block obtained as the series composition
of b1 and by. Conversely, bg is a composite block obtained as the
parallel composition of the single-entry blocks b4 and bs.

The approach repeatedly performs a top-down decomposition of
the STPN model of the workflow into a hierarchy of blocks that
can be efficiently evaluated through regenerative transient analysis
(see Sections 5.2 and Section 5.3 for details). The analysis of each
block b yields the numerical form of the response time CDF I}, (t)
of the block, computed according to Eq. (2). Then, the approach
repeatedly performs a bottom-up recomposition of the results of
these separate analyses, combining the response time CDFs of pairs
of blocks (either composed in sequence or in parallel) in order to
evaluate the response time of the overall workflow.

e Given two blocks bq and by with response time CDF I (¢) and
I (t), respectively, and response time PDF y;(t) and y,(t),
respectively, the response time CDF Is(¢) of the sequence of
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by and by is derived from the convolution of y1 (¢) and y2(¢):

t T
L1 = /O /O V() ya(r - ) dxdi Vi€ [0,tmax]  (3)

e Given two blocks by and by with response time CDF Ty ()
and I (t), respectively, the CDF I, () of the response time
of the parallel composition of b; and by through an AND-
split&join pattern is the CDF of the maximum between the
response times of by and by, which is derived as the product
of Ty (t) and I;(t) given that the response times of b; and by
are independent random variables:

Lp(1) =T1 (1) I (1) Yt € [0, fmax] ©

o Given two blocks by and b, with response time CDF I (t) and
I (1), respectively, the CDF Ik (¢) of the response time of the
parallel composition of by and by through an XOR-split&join
pattern with probabilities p; and 1 — p1, respectively, is de-
rived as the weighted sum of I (¢) and I»(¢):

Le(t) = p1T1(6) + (1 = p1) T () V£ € [0, fmax] ®)

For instance, the STPN model of Fig. 2 is decomposed into blocks
bs, bg, and b7, where b3 is identified as the series of blocks b1 and
ba, and bg as the parallel composition of blocks b4 and bs. Regen-
erative transient analysis of b3 and b yields the numerical form
of their response time CDF I3(¢) and Iy (¢), respectively. Then, the
response time CDF I3_¢(¢) of their parallel composition is derived
as the product of I3(t) and I (¢) according to Eq. (4). Given that
by contains the GEN transition t27 only, the numerical form of its
response time CDF Iy (¢) is obtained by sampling the CDF F,7(t)
of t27. Finally, the response time CDF I'(¢) of the workflow is ob-
tained through Eq. (3) from the convolution of the PDFs y3_¢(t) and
y7(t) corresponding to the CDFs Is_¢(t) and I (¢), respectively.

5.2 Estimating the computational complexity
of regenerative transient analysis of a block

As recalled in Section 3.2, regenerative transient analysis [23] of
an STPN model consists of three steps: i) the enumeration of sto-
chastic state classes; ii) the derivation of the local and the global
kernels from the enumerated classes; and, iii) the solution of the
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Figure 4: State class graph of block b; in Fig. 2. Regenerative
state classes are highlighted in orange.
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Markov renewal equations formulated in terms of the kernels. The
complexity of each step mainly depends on the following factors.

(1) As illustrated by the experimental results reported in [38],
the number of the enumerated stochastic state classes and the
complexity of each of them (in terms of the number of DBM
zones and expmonomial terms of the piecewise joint PDF)
depend on the concurrency degree of the GEN transitions
(i.e., the number of concurrently enabled GEN transitions),
the number of firings to which a GEN transition remains
persistent (i.e., the number of firings after which a transition
remains enabled), and the number of expmonomial terms of
the PDFs associated with the GEN transitions. In particular,
the number of DBM zones is polynomial in the number of
persistent transitions. Moreover, at each firing, the number
of expmonomial terms of the joint PDF increases linearly
with the polynomial degree. And, for the fired transition and
for each disabled transition, the polynomial degree increases
by one if the joint PDF contains no exponential factor.

(2) The kernels derivation and the solution of the Markov re-
newal equations have linear complexity in the number of
stochastic state classes as well as in the number of DBM
zones and expmonomial terms of the joint PDF of each class.

(3) The kernels derivation and the solution of the Markov re-
newal equations have linear and quadratic complexity, re-
spectively, in the number of time points (i.e., the number of
times that the time step is contained in the time limit).

Notably, the factors of complexity of regenerative transient anal-
ysis of an STPN can be characterized by inspecting the state class
graph of the underlying TPN. In particular, based on the concur-
rency structure of a block, the number of stochastic state classes
can be derived from the number of state classes according to a
polynomial relation. Moreover, the concurrency degree of the GEN
transitions can be derived from the number of transitions that are
enabled in the state classes; the number of firings to which a GEN
transition remains persistent can be computed as the length of
paths such that the transition is persistent in each state class of the
path; and, the number of DBM zones and the polynomial degree
of the joint PDF of a stochastic state class can be derived from the
sequence of firings that leads to the underlying state class. Overall,
this characterization opens the way to the definition of heuristics
that efficiently estimate the complexity of regenerative transient
analysis of a block by exploiting nondeterministic analysis of the
underlying TPN. Though multiple of the mentioned factors of com-
plexity could be considered, including the level of DBM partitioning,
the number of expmonomial terms, and polynomial degree of the
joint PDFs, this strategy would yield conservative and thus un-
practical criteria. Therefore, we rather resort to a heuristics that
considers regenerative transient analysis of a block affordable if
the maximum concurrency degree of the GEN transitions is not
larger than a threshold D and the maximum number of consecutive
firings from the initial state class is not larger than a threshold E.

For instance, Fig. 4 shows the state class graph of block by de-
picted in Fig. 2. The state class graph consists of 36 state classes,
including 7 regenerative state classes (highlighted in orange). The
GEN transitions have maximum concurrency degree equal to 3 in
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state class S3, which has marking p2 p3 and 3 newly-enabled tran-
sitions (i.e.,t2, t3, and t6). The maximum number of consecutive
firings from the initial state class is equal to 9. Note that, due to the
structure of concurrency of the STPN model of a workflow, the state
class graph of a block has a single terminal state class (i.e., S36).

5.3 Decomposition into blocks

The STPN of a workflow is repeatedly decomposed into blocks
until the response time CDF of each block can be efficiently eval-
uated through regenerative transient analysis. Decomposition is
performed based on the STPN structure, which is explored as a
DAG to identify split and join patterns. Specifically, a block b to be
decomposed is explored starting from each place of a set P*:

e Ifbis the overall worflow, then P* initially collects the places
of b that contain a token, i.e., the input places of the GEN
transitions representing initial activities of the workflow and
the input places of the IMM transitions modeling an XOR-
split among initial activities of the workflow. For instance,
the visit of the STPN of Fig. 2 starts with P* = {p@, p24, p27}.

e Otherwise, P* initially consists of the initial place of b. For
instance, the visit of block b, in Fig. 2 starts with P* = {p12}.

A visit of block b from a place p € P* can be performed according
to the join strategy or the split strategy, which exploit an AND-join
pattern or an AND-split pattern, respectively, to identify a new
block of b, respectively. The two strategies operate as follows.

e Join strategy. In a visit of block b from place p € P* through
the join strategy, a new block is identified as soon as one of
the following two conditions becomes true:

— Condition 1: a number of AND-join IMM transitions
(i.e., IMM transitions with multiple input places) is vis-
ited after the same number of AND-split IMM transitions
(i.e., IMM transitions with multiple output places).

In this case, the last visited IMM transition ¢ synchronizes
the sub-workflows originated from the first visited AND-
split construct, and thus the set of paths that start with
place p € P* and end with the output place p’ of t is a new
single-entry block. Moreover, to let block b be explored
beyond the newly identified block, p’ is added to P*.

For instance, in a visit of the STPN of Fig. 2 from place p@,
the AND-join IMM transition t11 is visited after the AND-
split IMM transition t1. Therefore, block by is identified
and the output place p12 of t11 is added to P*.

— Condition 2: an AND-join IMM transition t is visited

without having visited any AND-split IMM transition.
In this case, t synchronizes independent sub-workflows,
and thus the set of paths starting with place p and ending
with the input place p’ of ¢ is a new single-entry block. If
any other block synchronized by ¢ has been identified, the
effort needed to perform regenerative transient analysis
of the parallel composition of all the blocks is estimated:
if the analysis is affordable, then the set collecting the syn-
chronized blocks, transition ¢, and its output place p”’ is a
new (analyzable) composite block, otherwise the synchro-
nized blocks remain distinct. In both cases, p”’ is added
to P* to explore b beyond the identified blocks.
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For instance, in a visit of the STPN of Fig. 2 from place p24,
the AND-join IMM transition t25 is visited without hav-
ing visited any AND-split transition, and thus block by is
identified. When also block bs is identified (through a visit
of the STPN from place p27), the parallel composition of bg
and bs is identified as an analyzable composite block bg
(since it has maximum degree of parallelism equal to 2).
Moreover, the output place p30 of t25 is added to P*.

e Split strategy. In a visit of block b from place p € P*
through the split strategy, multiple new blocks are identified
as soon as an AND-split transition ¢ is visited. By construc-
tion, ¢ has a single input place p; and multiple output places
Poys - - -» Po,» used to identify the blocks connected by ¢.

— First, the single-entry block that collects the paths starting
with p € P* and ending with p; is identified as a new
block, unless the block contains an IMM transition only
(which occurs if p is the input place of ¢, i.e., p = p;).

— Then, for each place p, € {po,. - -, po, }» a visit of block b
is performed from p, until the AND-join IMM transition ¢’
that synchronizes the sub-workflows originated from ¢,
identifying the single-entry block that starts with p, and
ends with the input place of ¢’ that has just been visited.

- Finally, the output place of t’ is added to P* to explore
block b beyond the identified blocks.

For instance, if the analysis of block b1 in Fig. 2 were not

viable, then a visit of by from its initial place p@ according to

the split strategy would stop on the AND-split IMM transi-
tion t1, identifying the single entry-block with input place

p@ and output place p1. Then, a visit of b1 from places p2

and p3 would identify the single entry-block collecting the

paths starting with p2 and ending with p10 and the single
entry-block collecting the paths starting with p3 and ending

with p11, respectively. Finally, p12 would be added to P*.

In both strategies, when the considered block b has been visited
starting from each place of P*, then the effort needed to perform re-
generative transient analysis of sequences of two identified blocks is
evaluated in order to identify possible analyzable composite blocks.
For instance, the concurrency degree among the GEN transitions is
equal to 2 and 3 for blocks b1 and by in Fig. 2, respectively, so that
their sequential composition has concurrency degree 3. Moreover,
the number of consecutive firings starting from the initial state class
is equal to 9, 7, and 16 for by, by, and their sequential composition,
respectively. Assuming thresholds D = 3 and E = 20, the sequence
of by and by is considered as an analyzable block.

We consider a heuristics that alternatively applies the join strat-
egy and the split strategy during the decomposition into blocks:
Specifically, the STPN of the workflow is decomposed according to
the join strategy. Then, if any of the identified blocks is too complex
to be analyzed, then, by construction, the block includes (at least)
an AND-split transition that boosts parallelism, which can be ex-
ploited to reduce complexity by decomposing the block according
to the split strategy. If any of the identified blocks is not analyzable,
it is decomposed according to the join strategy, and so on. In so
doing, the join strategy identifies behaviors that aggregate multiple
regeneration epochs, while the split strategy separates behaviors
of the same regeneration epoch that have different firing sequence.
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In both strategies, if the path from the initial place of the block to
the first AND-join or AND-split transition contains unmerged XOR-
split transitions, then the portions of the model identified by the
XOR-split and the XOR-join transitions are considered as separate
blocks. For instance, in Fig. 2, if b1 could not efficiently be analyzed,
its decomposition would yield 4 blocks containing transition t@
and the series of transitions t4,t7 and t5,t8 and t6,t9.

5.4 Computational complexity

The solution technique performs tree steps: i) top-down decom-
position of the STPN model of the whole workflow into blocks;
ii) regenerative transient analysis of each block; and, iii) bottom-up
recomposition of the results of these separate analyses. Specifically:

(1) The decomposition of the STPN model of a workflow into
blocks requires to explore the model structure and to per-
form nondeterministic analysis of all the identified blocks, as
discussed in Sections 5.2 and 5.3. On the one hand, the com-
plexity of a visit of the model through the join and the split
strategies requires linear complexity in the number of places
and transitions, which is relatively small even for complex
workflows. On the other hand, nondeterministic analysis of
all the identified blocks can be performed very efficiently.
Therefore, the complexity of the decomposition of the STPN
of a workflow into blocks turns out to be very limited.

—~
N
~

As discussed in Section 5.2, the complexity of regenerative
transient analysis of a block mainly depends on the maxi-
mum concurrency degree of the GEN transitions, the maxi-
mum number of firings to which a GEN transition remains
persistent, and the number of time points where the response
time CDF of the block is computed. While the impact of the
first two factors is limited by the heuristics that estimates
whether the analysis of a block is affordable, the number of
time points remains the main (quadratic) factor of complexity
of regenerative transient analysis.

—
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The recomposition of the analysis results consists in perform-
ing sums/products of the response time CDFs and convolu-
tions of the response time PDFs of pairs of blocks, yielding
linear and quadratic complexity, respectively, in the number
of time points used to represent CDFs in numerical form.

According to this, the number of time points comprises the main
(quadratic) factor of complexity of the overall approach.

6 CASE STUDY

In this section, we demonstrate the approach with reference to the
context of Service-Oriented Architectures (SOA), where the work-
flow abstraction naturally captures the concept of an application
built by composition of independent, self-contained, loosely coupled
services [48]. In this context, time behavior is a key figure of the QoS,
driving various stages of development and operation, including
early evaluation of design or deployment choices [3, 32], dynamic
selection and compositions adapted to runtime conditions [11] or
to a specific user profile [49], or optimized within a multi-objective
QoS model [3], or cast within a problem of quantitative verification
supporting service selection and resource provisioning [10].
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In particular, we experiment the approach on the TravelPlan
composite service example [11], which we extend in complexity by
considering a finer granularity of composed services (Section 6.1)
with the twofold aim of demonstrating scalability of the proposed
approach and advocating its suitability in the ongoing evolution
towards finer-grained composition schemes promoted by the emer-
gence of microservice and RESTful architectures [22] (Section 6.2).
To this end, we consider a variety of durations selected from the
WS-DREAM data set [51], widely used in the literature on service
oriented computing, and we test different combinations of dura-
tions of individual services to assess accuracy and complexity of
results with respect to different timings. Moreover, we rely on the
assumption that individual services are horizontally scaled, which
allow to evaluate the response time of the composite web service,
without concerning about multiple requests and queue effects.

Experiments have been performed on a single core of an Intel(R)
Xeon(R) Gold 5120 CPU 2.20 GHz equipped with 32.0 GB RAM.

6.1 Model of a composite web service

6.1.1 Structure of concurrency. The TravelPlan process presented
in [11] is a composite web service aimed to plan a travel, providing
a solution that includes choices for flights to a given city, hotels
near a given attraction, and transports from the airport to the hotel
(either cab or shuttle depending on the arrival time of the flight
and the latest possible hotel check-in) and from the hotel to the
attraction (either car rental or metro depending on the distance of
the hotel from the attraction). Fig. 5 shows the STPN model of an
extension of the TravelPlan process, where the granularity of the
composed services is increased including different entity searching
services that operate with different filtering options (e.g., searching
both the cheapest and the best ranked hotels, modeled by tran-
sitions getCheapestHotels and getBestRankedHotels, respec-
tively), and geographical information retrieval services (e.g., getting
the position of metro stops, modeled by transition getMetroStops)
used by other services (e.g., getting hotels near a metro stop close
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to an attraction, modeled by transitions getHotelsNearStop and
getAttractionsNearMetroStops, respectively).

6.1.2  Stochastic parameters. The execution times of the activities
of the workflow of Fig. 5 are obtained from the WS-DREAM data set,
which collects the response times of 4500 web services, invoked by
142 users in 64 different time slices, for a total amount of 40 896 000
available durations. We consider data related to 100 services, inde-
pendently of the user and the time slice, and we derive a duration
histogram for each service. To this end, as illustrated in Section 4.2,
outliers are discarded according to the IQR rule [42], rejecting val-
ues lower than Q; — 1.5IQR or larger than Q3 + 1.5IQR, where
Q1, O3, and IQR are the first quartile, the third quartile, and their
inter-quartile range, respectively. For each service, the remaining
samples are collected in a 64-bin histogram.

Table 1 shows the statistics of the obtained histograms. As typical
of web service response times, histograms have tight support, with
width ranging between 0.37 s and 10.61s, and equal to 1.75s on
average. The lower bound a of the support is comprised between

Table 1: Average value avg, standard deviation SD, coeffi-
cient of variation CV, minimum value min, and maximum
value max of the expected value g, the standard deviation o,
the coefficient of variation o/y, the support lower bound a,
the support upper bound b, and the support width b—a of 100
histograms of web service durations obtained from the WS-
DREAM data set [51] through the approach of Section 4.2.
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Figure 5: STPN model of an extended version of the TravelPlan composite web service [11]. The model is decomposed into
the analyzable blocks bs, b4, and b5 (thick border boxes), where b3 is derived as the composition of the smaller blocks b; and
by (dashed border boxes). Timings, expressed in s, are those of the experiment with best accuracy.
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0s and 1.94 s, with expected value equal to 0.16 s and low standard
deviation equal to 0.24 s. The upper bound b of the support takes
values in a larger interval between 0.37 s and 12.56 s, with expected
value equal to 1.90 s and low standard deviation equal to 1.72s. On
average, sample durations have expected value y = 0.53 s, standard
deviation o = 0.10 s, and coefficient ot variation equal to 0.18. Note
that the maximum value of the coefficient of variation is equal to
0.57 < 1/V2, enabling fitting of each histogram through a shifted
truncated EXP distribution, as discussed in Section 4.2.

6.2 Experimental results

Experimentation aims at evaluating the accuracy and the computa-
tional complexity of the proposed approach with respect to specific
duration distributions associated with the workflow activities. To
this end, the approach is repeatedly applied to evaluate the response
time distribution of 1000 workflows whose STPN model has the con-
currency structure of Fig. 5 and is made of GEN transitions whose
duration distributions are randomly selected among 100 shifted
truncated EXP distributions fitting mean and variance of web ser-
vice response time histograms obtained from the WS-DREAM data
set [51]. IMM transitions of the STPN have weight 1, so that alter-
native behaviors of XOR-split patterns are equiprobable. In the step
of model decomposition, the complexity of regenerative transient
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0.2 1 —— Analysis - tick 0.05s
Analysis - tick 0.025s
Analysis - tick 0.0125s
0.0 1 —— Analysis - tick 0.1s
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Figure 6: Response time CDFs of the workflow of Fig. 5 de-
rived by the proposed analysis process with time tick 0.1s,
0.05s,0.025s, and 0.0125 s and by simulation with tick 0.0125s.

Table 2: Average value avg, standard deviation SD, coeffi-
cient of variation CV, minimum value min, and maximum
value max of the JS divergence of the obtained results from
the simulation results, for different time tick values.

tick avg SD cv min | max
0.1s 0.0169 | 0.0070 | 0.4151 | 0.0065 | 0.0533
0.05s 0.0060 | 0.0013 | 0.2215 | 0.0037 | 0.0140
0.025s | 0.0034 | 0.0007 | 0.1954 | 0.0021 | 0.0061
0.0125s | 0.0028 | 0.0008 | 0.3000 | 0.0014 | 0.0056
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analysis of a block is estimated assuming a threshold D = 3 on the
maximum concurrency degree of the GEN transitions and a thresh-
old E = 10 on the maximum number of consecutive firings from the
initial state class, decomposing the model into blocks b3, bs, and
bs illustrated in Fig. 5. The overall analysis process is repeated for
different values of the time tick equal to 0.1s, 0.05s, 0.025s, and
0.0125s. At each repetition, the time limit used by regenerative
transient analysis of each block and by numerical computations
performed to recompose the results of these separate analyses is
computed based on the supports of the workflow activities.

The response time CDF of each workflow evaluated by the ap-
proach is compared with a ground truth obtained by performing
stochastic simulation of the workflow STPN, using the Jensen-
Shannon (JS) divergence [27, 33] to determine both the number
of simulation runs and the accuracy of the analysis results. Specif-
ically, the JS is a symmetric measure evaluating the discrepancy
between two random variables defined over the same probability
space. Specifically, given the PDFs f; and f; of the workflow re-
sponse time computed by the proposed approach and by simulation,
respectively, obtained by derivation of the corresponding CDFs, the
JS divergence Djs (fa || fs) of fa from f; is defined as:

Dys (Rl ) = 3D (G112 + 5Dke (112, (©)

where Z(t) = % (fa(t) + fs(t)) YVt € Q is the random variable that
averages the input variables, Q is a set of equidistant time points
covering the support of f; and f;, and Dk, (- || -) is the Kullback-
Leibler divergence(KL) [27, 33] defined as

Dic (1) = 3 10 - tog [£43). G
A0
Note that the symmetry property holds for the JS divergence, i.e.,
Djys (fallfs) = Dys (fs1l fa), but not for the KL divergence, i.e.,
Dkt (fillfs) # Dir (£ 1] f2). According to this, Dys (-]|-) turns
out to be a symmetrized and smoothed version of Dgy (- || -).

To derive the ground truth, 5000, 10 000, 15 000, ..., 50 000 simula-
tion runs are performed with time tick equal to 0.0125 s, computing
the JS divergence of the workflow response time CDF evaluated by
the 5000-run, ..., 45 000-run simulation with respect to the 50 000-
run simulation. On average, the JS divergence is nearly equal to
0.0157 for the 5000-run simulation and converges to 0.0043 for the

~

Table 3: Average value avg, standard deviation SD, coeffi-
cient of variation CV, minimum value min, and maximum
value max of the computation times of the proposed ap-
proach and of simulation, for different time tick values.

Analysis times

tick avg SD Ccv min max

0.1s 0.1795s | 0.0670s | 0.3730 | 0.0320s 0.5210s
0.05s 0.3883s | 0.1533s | 0.3949 | 0.0780s 1.1260's
0.025s | 0.9393s | 0.4375s | 0.4358 | 0.1820s | 2.8170s
0.0125s | 3.1536s | 2.4648s | 0.7816 | 0.5450s | 17.0310s

Simulation times

tick avg SD Ccv min max

0.0125s | 48.9412s | 2.4869s | 0.0508 | 44.1120s | 58.1200s
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45 000-run simulation, showing that the results of the 50 000-run
simulation can be considered as the ground truth.

Table 2 shows, for each time tick value, the statistic of the JS
divergence of the analysis results from the ground truth, computed
over the mentioned 1000 experiments. As expected, the minimum,
maximum, average value, and standard deviation decrease with the
time tick, which is the only parameter that introduces approxima-
tion error in results, both in sub-workflow analysis and in numerical
recomposition. Results are accurate already with the most coarse-
grained time tick 0.1 s, with divergence value not larger than 0.0533
and equal to 0.0169 on average. As the time tick decreases nearly by
one order of magnitude, also the divergence value decreases by one
order of magnitude, being not larger than 0.0056 and equal to 0.0028
on average for the most fine-grained time tick 0.0125s. This trend
is also evident from the plots of the response time CDFs shown
in Fig. 6, where the curves computed by the proposed approach
rapidly converge to the simulation curve as the time step decreases.

Table 3 shows the statistics of the observed computations times.
Specifically, as the time tick halves, the average computation time
of the proposed approach increases at least by a factor of 2, being
0.1795 s for the most coarse-grained time tick 0.1s and 3.1536 s for
the most fine-grained time tick 0.0125 s. The same trend is observed
for the standard deviation, minimum, and maximum, showing that
the approach is able to efficiently evaluate the response time CDF
of complex workflows. In particular, for the most fine-grained time
tick 0.0125s, the computation time is lower than the simulation
time by more than an order of magnitude on average, and by more
than a factor of 3 in the worst case. Note that simulation is facilitated
by the assumption of shifted truncated EXP distributions, which
can be efficiently sampled by the inverse transformation method.

To fairly compare analysis with simulation, we consider the
analysis with time tick 0.0125 s, requiring 3.1536 s on average, and
the 5000-run simulation with the same time tick, requiring 4.499 s.
Results show that, with comparable computation time, the analysis
accuracy is on average one order of magnitude better than that of
simulation: in fact, the JS divergence from the ground truth is equal
to 0.0157 for the 5000-run simulation, while, for the analysis, it is
equal to 0.0028 on average and to 0.0056 in the worst case.

7 CONCLUSIONS

We have presented an end-to-end compositional approach for the
evaluation of the response time CDF of complex workflows starting
from samples of the execution times of individual activities. To
this end, the workflow is represented through STPNS, associating
activity execution times with shifted truncated EXP distributions
that fit mean and standard deviation of real logged histograms.
Then, the workflow is decomposed into a hierarchy of subworkflows
that can be efficiently analyzed through regenerative transient
analysis based on the method of stochastic state classes, using the
state class graph of the underlying TPNs to characterize the main
factors of complexity of regenerative transient analysis and thus
to drive the level of decomposition. Finally, the execution time
CDFs of the identified subworkflows, computed through separate
analyses, are repeatedly recomposed in numerical form to derive
the response time CDF of the overall workflow.

187

ICPE 21, April 19-23, 2021, Virtual Event, France

Experiments address the quantitative evaluation of the response
time of a composite web service of the literature, extended in com-
plexity, to illustrate the scalability of the approach with respect to
finer-grained composition schemes, and associated with a variety
of durations randomly selected from a data set in the literature
of service oriented computing, to assess variability of results with
respect to specific timings. The obtained results show that the ap-
proach achieves high accuracy and good performance with respect
to a ground truth estimated through stochastic simulation, as well
as with respect to a simulation with comparable computation time.

The proposed approach is open to various extensions. On the one
hand, the model expressivity could be extended to include non-free
choice constructs, considering loops and other control-flow pat-
terns that break the well-formed structure considered in this paper.
On the other hand, any distribution in the class of expolynomial
functions could be used to fit the observed duration histograms,
with bounded or unbouded support, with a unique analytical form
over the entire domain or piecewise defined. In particular, shifted
truncated EXP distributions could be used to extend the approx-
imants of [47] in the cases that the coefficient of variation of the
observed data is larger than 1/ V2. Moreover, the approach could be
applied in a variety of relevant contexts that go beyond the specific
domain of software services considered in this experimentation, e.g.,
supply chain management, business processes, physical processes.
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APPENDIX: STOCHASTIC TIME PETRI NETS

An STPN is a tuple (P, T, A=, A*, EFT,LFT,F,W): P and T are dis-
joint sets of places and transitions, respectively; A~ € P X T and
A* C T X P are sets of pre-condition and post-condition relations,
respectively; EFT and LFT associate each transition t € T with an
earliest firing time EFT(t) € Q3 and a latest firing time LFT(t) €
Q30 U {oo} such that EFT(t) < LFT(t); F associates each transi-
tion t € T with a CDF F; for its duration 7(t) € [EFT(t), LFT(t)],
ie, Fi(x) = P{r(t) < x}, with F;(x) = 0 for x < EFT(t) and
F;(x) = 1for x > LFT(t); W associates each transition t € T with
a weight W(t) € Ry. If omitted, we assume W (t) =1Vt € T.

A place p is termed input or output place for a transition ¢ if
(p,t) € A” or (t,p) € A", respectively. A transition ¢ is termed
immediate (IMM) if EFT(t) = LFT(t) = 0 and timed otherwise. A
timed transition is termed exponential (EXP) if F;(x) = 1— e for
some rate 1 € R, or general (GEN) if F; is a non-EXP distribu-
tion. A GEN transition t is termed deterministic (DET) if EFT(t) =
LFT(t) > 0. For each transition t with EFT(t) < LFT(t), we as-
sume that F; can be expressed as the integral function of a PDF
fi, le, Fr(x) = _/Ox fi(y) dy. Similarly, an IMM or DET transition
t € T is associated with the generalized distribution of a Dirac delta
function f; (y) = 6(y —y) with y = EFT(t) = LFT(¢).

A transition t is enabled by a marking m € M if m assigns at least
one token to each of its input places, i.e., m(p) >0V p|(p,t) € A™.
The state of an STPN is a pair (m, 7) where m € M is a marking,
E(m) is the set of transitions enabled by m, and 7 is a vector assign-
ing a time to fire 7(t) € R to each enabled transition t € E(m).
A transition ¢ is firable in a state s = (m, T) if it is enabled by m
and has minimum time to fire. A transition ¢ that is firable in s is
selected to fire with probability p; = W(t)/(X,ecg... W(u)), where
Emin is the set of transitions that are firable in s.

The firing of transition ¢ in state s; = (my,71) yields a new
state sy = (my, 72), where: i) my is derived from m1 by (1) removing
a token from each input place of ¢ and (2) adding a token to each
output place of t; ii) 73 is obtained from 7j by sampling the time to
fire of each new-enabled transition t’ according to distribution Fy,
ie., 72(t") ~ Fp, and reducing the time to fire of each persistent
transition ¢’ by the sojourn time in m, ie, 72(¢t’) = 7(t') — 7(¢),
where a transition t’ enabled by my is termed persistent if it is
distinct from ¢ and enabled by m; and by the intermediate markings
after steps (1) and (2), and it is termed newly-enabled otherwise.

min
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