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Abstract: This paper compares the quality and execution times of several algorithms for scheduling service based workflow
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1 Introduction
Integration of services has become one of the
most important challenges in current and future information technology systems. In a service oriented
environment, independent providers offer services
capable of executing particular tasks. Providers define conditions including execution time and cost on
which other users can access their services.
Usually complex tasks are modeled as
workflows composed of smaller tasks (Yu et al., 2005;
Yu and Buyya, 2006b; Wieczorek et al., 2009).
Services need to be found and executed for each task
so that a certain quality of service (QoS) goal is
optimized and possibly other constraints are met.
*
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Services have several parameters assigned to them
including cost and execution time. For instance, a user
running a workflow may be interested in the selection
of such services so that the workflow execution time
is minimized and the cost of the selected services does
not exceed a given threshold. In real open
service-based environments, services may appear or
disappear at any time due to decisions made by their
providers or accessibility issues due to hardware
failure. Furthermore, QoS parameters such as
execution time and cost may change dynamically in
time. If this is the case, reselection of services is
needed to choose an alternative best service or to
optimize the goals since new services have appeared
or conditions have changed. The total execution time
of a workflow application needs to consider the
execution of both particular services selected by a
scheduling algorithm and the latter, possibly several
times if rescheduling is needed. There might be a
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trade-off between the running time of an algorithm
and its quality which may impact the total workflow
execution time. For this reason it is important to
compare algorithms because it can give knowledge as
to which algorithm would yield the best workflow
execution times including running times of the
algorithm for dynamic environments and particular
workflow types. This paper aims at comparing several
algorithms in a dynamic environment with
dynamically changing service availability including
adopting integer linear programming (ILP) (Zeng et
al., 2003; Aggarwal et al., 2004a; 2004b; Genez et al.,
2012) for dynamic scheduling, the genetic algorithm
(Yu and Buyya, 2006a), divide-and-conquer (Yu et
al., 2005), and GAIN (Sakellariou et al., 2007).

2 Related work and algorithms
There are three different, albeit, related approaches and problems considered in this paper.
1. Task scheduling considers mapping of workflow tasks to available resources so that workflow
execution time is minimized (Blythe et al., 2005; Yu
and Buyya, 2005). The workflow is usually considered as a directed acyclic graph (DAG) in which
nodes correspond to tasks and edges to communication (Yu et al., 2008). In the classic model, task execution times are known in advance, and neither data
flows nor other metrics such as costs are usually
considered. This is also called best-effort based
workflow scheduling (Yu et al., 2008). Mapping of
workflow nodes to services installed on particular
resources to optimize makespan also falls into this
category (Chin et al., 2010). The general problem of
assignment of tasks to nodes is NP-complete
(Blazewicz et al., 1993; Braun et al., 1999). Several
algorithms were proposed for task scheduling such as
min-min (Braun et al., 1999; Deelman et al., 2005),
round-robin, and random allocation methods (Deelman et al., 2005). The heterogeneous earliest finish
time (HEFT) algorithm is preferred over the genetic
algorithm (GA) (Wieczorek et al., 2005), and both of
them are preferred over a myopic algorithm using
locally optimal decisions for large and complex
workflows (Wieczorek et al., 2006). HEFT and CPOP
were also presented by Topcuoglu et al. (2002) and
demonstrated as giving high performance and short

scheduling time for a network of heterogeneous processors. Simulated annealing (SA) is preferred over
an approach based on game theory, random, and best
of n random choosing (Young et al., 2003). Several
algorithms were listed by Yu et al. (2008), including:
individual scheduling based on scheduling an individual task, list scheduling with prioritizing tasks and
resource selection for the tasks based on their priorities, batch mode algorithms such as min-min and
max-min, along with metaheuristics such as GAs and
SA. For optimization of workflow makespan, adaptive list scheduling for service (ALSS) is favored over
AHEFT, SLACK, max-min, min-min, and myopic
algorithms (Chin et al., 2010). Mika et al. (2011)
considered workflows with both computational and
transmission types of tasks as well as a grid model
with resource and non-resource nodes. Tasks compete
for resource nodes such as processors while
non-resource nodes reflect the network topology. The
authors considered task parameters such as the size,
the execution time function for a processor with certain parameters, and the number of processors required. Then feasible resource allocations were found
with assignment of computational tasks to resource
nodes and transmission tasks to links with required
bandwidth. Actual scheduling was listed as future
research. Optimization of workflow makespan in
cloud environments was discussed by Lin and Lu
(2011) who proposed scalable-HEFT (SHEFT) that
allows resources to scale at runtime. Rahman et al.
(2013) presented a dynamic critical-path-based adaptive workflow scheduling algorithm for grid environments that recalculates the critical path at successive steps. The proposed DCP-G algorithm compares
favorably to others such as min-min, myopic, HEFT,
GRASP, and GA.
2. For scheduling in utility grids (Yu and Buyya,
2006b) or workflow scheduling in grids (Yuan et al.,
2007) for each task ti, we distinguish a set of services
Si out of which only one is to be chosen to execute ti.
Other attributes such as service costs have been considered by Yu and Buyya (2006a). If we consider the
execution time of a service only, the problem would
be similar to task scheduling in the sense of resource
allocation for minimization of the total execution time.
As considered by Yu et al. (2005) and Yu and Buyya
(2006b), the goal is to find the best schedule. This is
defined as an assignment of ti  ( sk , tikst ) where sk is a
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service able to execute task ti and tikst is the starting
time for the execution of task ti on service sk. Execution of ti and tj on one sk must not overlap and the
workflow execution time should be minimized while
keeping the cost of the selected services below a
predefined minimum. Both deadline and budget,
which constrain scheduling with bounds on the execution time and cost, respectively, were considered by
Yu et al. (2008). Several service levels (pairs of
cost/execution time) for each task of the workflow
and several heuristic approaches were considered by
Yuan et al. (2007). Choosing a service level corresponds to an assignment of a service to a task as above
and leads to a trade-off between time and cost. A
divide-and-conquer (DaC) approach for solving the
workflow mapping problem by grouping workflow
nodes into partitions was proposed by Yu et al. (2005),
distributing the deadline and using local solutions for
the partitions. It is compared to a greedy algorithm in
which all tasks have the same deadline and a deadline
algorithm in which deadlines are the same for tasks on
the same level. It is demonstrated that the proposed
algorithm is similar in execution time while being less
costly for pipeline, parallel, and hybrid applications
compared to the others. LOSS and GAIN algorithms
for budget constrained scheduling were discussed by
Sakellariou et al. (2007). LOSS and GAIN tune the
schedule resulting from optimization of only time or
only cost to meet the cost constraint and optimize the
execution time. Similarly, an algorithm was proposed
by Kyriazis et al. (2008) that maps workflow processes to service instances so that the user’s requirements are met concerning availability level or
cost. Then, replacements of the initial mapping with a
better level of QoS were found. Yu et al. (2008)
compared GA, deadline distribution among partitions,
and back-tracking algorithms for a deadline constrained scheduling problem. For budget constrained
scheduling, LOSS and GAIN were compared to GA.
Yao et al. (2010) minimized the execution cost and
kept the execution time before the deadline. Integer
programming (IP) was proposed to distribute the
deadline among windows and apply local optimization within the windows. The same goal was optimized by Abrishami et al. (2010) using the concept of
partial critical paths. This approach schedules critical
nodes first to meet the deadline and then recursively
all other nodes using the scheduled nodes as deadlines.
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Recently, Genez et al. (2012) proposed to use ILP for
scheduling workflows in a cloud environment for
minimization of computing cost with an upper bound
on makespan. Genez et al. (2012) considered scheduling at discrete time steps, while this paper allows
scheduling execution of a service at any moment
expressed as a real value (variables tist ). This approach has the benefit of being more accurate and
flexible, because in reality the services can start at any
time. Yassa et al. (2013) presented a multi-objective
solution for workflow scheduling in cloud environments that considers performance, cost, as well as
energy consumption to obtain a good trade-off between these metrics. The authors proposed multi-objective particle swarm optimization combined
with dynamic voltage and frequency scaling. Bittencourt and Madeira (2011) presented the algorithm
HCOC used for workflow scheduling in hybrid
clouds, i.e., both private and public clouds. The goal
of the algorithm is to reduce makespan to fit the imposed deadline and maintain reasonable cost. If resources in the private cloud are not sufficient, others
from a public cloud can be engaged at a cost. Varalakshmi et al. (2011) presented the optimal workflow
based scheduling (OWS) algorithm that focuses on
scheduling cloud workflows and achieves better CPU
utilization than FCFS and back-filling.
3. In the context of typical business interactions,
the QoS service selection/workflow composition
problem is stated. Similar to the scheduling problem,
a graph of tasks with dependencies is considered.
Additionally, a set of services is distinguished for
each task, out of which only one should be selected
for execution. Compared to the scheduling problem in
utility grids, there are usually two differences in the
formulation. Firstly, in QoS service selection, many
more quality attributes important in business are
considered, such as execution time, cost, availability
(Patel et al., 2003; Zeng et al., 2003; 2004; Canfora
and Penta, 2004), accessibility (Patel et al., 2003),
fidelity (Cardoso et al., 2002) or conformance (Patel
et al., 2003), security (Patel et al., 2003), and reputation (Zeng et al., 2003). Secondly, usually no overlapping of services executing different tasks is considered. The goal is to select proper services so that a
function of the QoS metrics is minimized, possibly
also with additional conditions imposed on some of
them (Canfora and Penta, 2004; Canfora et al.,
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2005b), e.g., the cost not to exceed the given budget.
A service selection/workflow composition problem is
NP-hard (Zeng et al., 2003). Traditionally, service
selection/workflow composition ILP (Zeng et al.,
2003; Aggarwal et al., 2004a; 2004b) is used to solve
the problem. Integer programming was compared to
global enumeration by Gao et al. (2005) for service
selection in a workflow. As for workflow application
scheduling, market-based approaches (Geppert et al.,
1998; Stricker et al., 2000) were suggested as well.
GAs can be used for all task scheduling
(Wieczorek et al., 2005), workflow application
scheduling in utility grids (Yu and Buyya, 2006a),
and service selection (Canfora and Penta, 2004). GAs
are preferred for a large number of concrete services
per abstract service (Canfora et al., 2005a); otherwise,
integer programming is better.

3 Motivations and contribution

In this paper, we consider an environment in
which existing services may become unavailable and
their key parameters, such as cost and execution time,
change dynamically, as well as new services being
capable of executing particular tasks may appear. In
high performance computing (HPC) and grid environments, resources in various administrative domains may become unavailable at any time or new
ones may be added. Processor usage of machines in
environments without queuing systems, such as laboratories, may change unpredictably, possibly affecting the execution time of services that are installed there. In business environments, providers are
free to change availability or the conditions in which
services are offered, and to withdraw or advertise new
services. Many of them do this on a daily basis as
indicated by search engines.
As discussed by Yu et al. (2008), there are several approaches to this problem. Following Deelman
et al. (2004) for task scheduling, the workflow can be
divided into parts which are scheduled subsequently
as the workflow is running. However, it was suggested by Wieczorek et al. (2006) that full-graph
analysis would be a preferred approach, instead of the
partitioning strategy, for this problem. In this work,
the iterative rescheduling concept (Yu et al., 2008) is
adopted for a more complex workflow scheduling of

services. Several algorithms are compared in this
context. We assume that services are first selected and
scheduled before the execution of the workflow actually starts (Fig. 1). This is done by considering that
all services are available at that moment. Before each
task is executed, the environment checks whether the
service selected as the best one for the given task is
available or if the conditions of the services have
changed considerably or new services for the task
have become available. If availability or conditions
have changed, a rescheduling algorithm is spawned
and a new service is selected out of those available.
The workflow application shown in Fig. 1, with various numbers of steps and parallel paths, has many
applications in the following areas:
1. Business area: tasks t1 and t2 may correspond
to purchases of components for a production company, t3 to integration of components and the added
value by the company and finally tasks t4, t5, and t6 to
distribution of the product on various markets. This
scenario was analyzed by Czarnul (2013a).
2. Scientific area: tasks t1 and t2 may refer to
parallel mathematical computations, parallel recognition of images against various templates, t3 to integration of results, while t4, t5, and t6 to further parallel recognition against selected sets of templates
based on the results of the first stage. Such workflows for analysis of multimedia streams were considered by Czarnul et al. (2012).

Fig. 1 Workflow application scheduling with changing
service availability and parameters
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Thus, such workflows composed of stages with
parallel paths are considered as typical of a variety of
workflow applications.
There are several trade-offs involved in this solution. Solving the problem using global knowledge
(GLOBAL) of the system takes more time than
solving using local data (LOCAL) by partitioning the
problem into subproblems and solving each one individually. However, the former can potentially optimize the given goal better. Using a more timeconsuming, possibly optimal (OPT) algorithm may
yield a better schedule than a heuristic algorithm
(HEU), but the execution time of the algorithm needs
to be added to the total workflow execution time. This
problem is similar to the comparison of heuristics and
meta-heuristics for task or best-effort scheduling (Yu
et al., 2008). Optimization by meta-heuristics considers the whole workflow while heuristics takes into
account partial information about the workflow.
The time and cost trade-off for scheduling parallel applications on utility grids was considered by
Garg et al. (2010), in which the input was a set of
applications with submission and execution times,
including the number of CPUs required, as well as the
resources, and the output was a mapping of the applications to the resources.
This paper investigates these relationships for
scheduling in utility grids and dynamic changes of
service availability and parameters during the workflow execution. The contributions of this paper are as
follows:
1. Perform a detailed side-by-side performancecost comparison of ILP, divide-and-conquer, GA, and
GAIN algorithms in a dynamic environment with
changeable service availability and potentially other
QoS parameters. The optimization goal is to minimize
the workflow execution time with an upper bound on
the cost of selected services. The aim is to assess
whether using global data and more refined but
slower algorithms should be preferred over faster
heuristics and considering only local data when
scheduling. Comparison is especially important when
workflow applications are run repeatedly using different data sets. The latter is called running parameter
sweep (PS) workflows for which various execution
models have been analyzed (Chirigati et al., 2012) as
well as providing the characterization of various PS
patterns.
2. Adopt ILP which is traditionally used for
service selection and extend for either optimal or
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suboptimal solutions for scheduling in utility grids
considering scheduling and rescheduling of workflow
applications. A similar ILP approach was used by
Genez et al. (2012) for scheduling workflows in a
cloud environment. However, Genez et al. (2012)
considered scheduling at discrete time steps while this
work allows for scheduling services at time points
which are real variables, which gives better flexibility
and accuracy. Furthermore, a divide-and-conquer
approach using the proposed ILP formulation for
subproblems is proposed.

4 Problem statement

We consider a workflow model well known in
the literature (Yu and Buyya, 2006b; Yuan et al.,
2007), in which a directed graph G(V, E) represents a
workflow where nodes V correspond to tasks while
edges E denote dependencies between tasks. A task
can start only after its predecessors have finished and
it is executed nonpreemptively. It is assumed that
there is at least one starting node with initial data and
one termination node which terminates computations.
The starting nodes do not have predecessors. Each
node should have a successor except the termination
node. Input data is processed by each task and output
data is sent to the following tasks. It is assumed that
data sizes are known in advance. For each task there is
a set of services capable of executing the task out of
which only one is selected for execution of the particular task. Each service is installed on a computing
node such as a server or a cluster. From this point of
view, selection of a service results in selection of a
computing node to run the service. However, there
can be many services installed on a single node. A
service also needs to be scheduled to run at a particular time. If services assigned to different workflow
nodes are installed on the same computing node, we
assume their execution must not overlap. The service
selected for the task to which other tasks are connected will be executed only after all the predecessors
have finished. Table 1 contains a summary of the
notations used in the algorithm.
Taking the notations into account, the problem is
now stated as follows:
Input data: G(V, E), ti, Si, cij, Pij, Nij, di=diin, fti,
tr
diout , t Nstartup
, bandwidth Nij N kl , tijkl
, distribution of diout
ij N kl

to the nodes following ti.
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Table 1 Summary of notations
Symbol
ti
viV

Description
Task i of the workflow application
The vertex of graph G(V, E) that corresponds to task ti of the workflow
application
A
set
of alternative services each able
Si  {si1 , ..., si Si }
to execute task ti, out of which only
one must be selected to execute task
ti
Cost of processing a unit of data by
cij 
service sij
Pij
Provider of service sij
Nij
Node on which service sij runs; each sij
is installed on a computing node Nij
in
Size
of data required and processed by
di  di  
task ti
d iout  
Size of data produced by task ti

d ijin   , d ijout   Sizes of the input and output data for
service sij
Size of data sent from service sij to
dijkl 
service skl
A parameter representing how the size
fti
of output data depends on the size
of input data: d iout  f ti ( diin )

tijexec (d ijin )  
t

comm
ijkl

Execution time of service sij
Communication time of data of size
dijkl sent from sij to skl

t Nstartup
ij N kl

Startup time between Nij and Nkl

bandwidth Nij Nkl

Bandwidth between Nij and Nkl

t 
tr
ijkl

tist  
tworkflow 
B 

Additional time needed if output data
from service sij is sent as input data
to service skl if Pkl≠Pij
Time at which service sij chosen to
execute ti starts processing it
Time when the last service finishes
Available budget

1≤i≤|V|, 1≤j≤|Si|, 1≤k≤|V|, 1≤l≤|Sk|

Variables (i.e., values that determine the solution): selection of exactly one service sij per ti and
orderings of services that execute on the same computing nodes, i.e., for each computing node on which
services run, their order must be determined if not
specified by the workflow graph.
Goal: minimization of the workflow execution
time tworkflow with a constraint on the total cost, i.e.,

d

c  B.

in
ij ij

The following relationships hold true:

1. diout  fti (diin ). For instance, for sorting algorithms, diout  d iin . For example, integration of a
function on a given range returns just one result, image processing returns an image that can be of a size
dependent on the size of the input image or small
descriptors, multiplication of two square matrices
returns one square matrix, and processing a business
order returns a confirmation in the form of another
document.
di  d iin   j dijin ,

(1)

d iout   j dijout .

(2)

diout can be distributed to subsequent tasks in various

ways; e.g., a copy can be sent to each node or data can
be partitioned for parallel execution by the following
tasks. The latter was used in all experiments of this
work. In this case the following equations are valid:
diout   j ,l ,i , k :( v ,v

k

)E

dijkl ,

(3)

d kin   j ,l ,i , k :( v ,v

k

)E

dijkl .

(4)

i

i

2. The communication time is modeled as
comm
tijkl

(dijkl )  t Nstartup
ij N kl

d ijkl
bandwidth Nij Nkl

.

3. i, k : (vi , vk )  E ,
comm
tr
tkst  tist   j tijexec   j ,l tijkl
  j ,l tijkl
,

(5)

tijexec will be larger than 0 only for one j since one
service is chosen for execution of ti. Similarly, for the
comm
tr
given i and k, tijkl
and tijkl
will be larger than 0 only
for one pair of l and k since only one service per node
i and one per node k will be selected. However, there
may be several tasks preceding task tk. As mentioned
before, each service is installed on a particular computing node.
i : q (vi , vq )  E ,
comm
tr
t workflow  tist   j tijexec   j ,l tijkl
  j ,l tijkl
. (6)
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5 Proposed algorithms and methods

Within this work several algorithms are implemented (Table 2) using either global or local
knowledge about the workflow. The algorithms are
both simpler and faster or employ more timeconsuming methods to find a better solution. The
algorithms are deployed in a real middleware BeesyCluster that allows workflow editing and subsequent
execution using any of the proposed algorithms. The
algorithms are tested in BeesyCluster on several
workflow applications of varying sizes as described
in Section 7.
Table 2 Summary of the implemented algorithms
Algorithm
Description and contribution
ILP/
An ILP based approach. The traditional
ILPHEU
usage of ILP for service selection (Zeng
et al., 2003; Aggarwal et al., 2004a;
2004b) was extended to prevent overlapping of services executing on the same
resource as indicated in Section 5.1. The
algorithm either returns an optimal solution within a predefined time limit (algorithm ILP) or the solver returns a reasonable suboptimal solution if it cannot
find an optimal one (algorithm ILPHEU).
Thus, it is a GLOBAL/OPT algorithm if
possible but becomes a GLOBAL/HEU
algorithm otherwise.
DaC
A known approach (Yu et al., 2005) which
partitions the initial problem into subproblems which are solved independently
and merges the results. In this case, as
shown in Section 5.2, the graph is partitioned into sets of nodes which form
smaller graphs and the budget available is
divided into smaller budgets for the
smaller graphs. Each tries to optimize the
execution time using ILP (LOCAL/OPT)
or ILPHEU (LOCAL/HEU).
GA
Application of a known algorithm for
scheduling workflow applications by selection of services and scheduling their
execution on the resources from which
they were published as described in Section 5.3 (GLOBAL/HEU).
GAIN
The GAIN algorithm proposed by Sakellariou et al. (2007) for mapping tasks to
resources applied for selection of services
installed on resources (Section 5.4).
Firstly, the algorithm selects the cheapest
services that satisfy the cost constraint.
Afterward, some services are replaced
with possibly more expensive ones to still
meet the constraint and minimize the
execution time.

5.1 ILP-based algorithm

The algorithm tries to solve the problem optimally using ILP. An ILP formulation is proposed. It
consists of two parts:
1. Assignment of a particular service sij to task ti.
This is done by forcing exactly one dijin to be equal to
di .
2. Since services are installed on computing
nodes, i.e., service sij runs on Nij, if there are services
running on the same resource and their order is not
determined by the workflow graph, their execution
must not overlap. This is done by ensuring that the
times when such services start are spread away from
each other sufficiently.
5.1.1 General statements
The equations and inequalities stated in Section 4 will be naturally considered in the ILP formulation along with some extensions (all variables are
equal to or greater than 0 in this model):
1. Constraints (1)–(6) imposed in the problem
formulation will be stated as constraints of a mixed
integer linear programming (MILP) problem
(Floudas and Lin, 2005).
2. tijexec  fij (dijin ), e.g., tijexec  tij1 dijin .
3.
comm
tijkl

0,
if N ij  N kl ,


dijkl
  startup startup
tijkl bijkl  bandwidth , otherwise,
ijkl


startup
which considers startup time. bijkl
is a flag such that

0,
startup
bijkl

1,
and can be modeled as
startup
bijkl


dijkl  0,
dijkl  0,

1
dijkl ,
U ijkl

startup
startup
 1, bijkl
 ,
bijkl

where Uijkl is set at a large enough value so that
dijkl U ijkl  1 if dijkl>0. This can be done since the
upper bound on dijkl is the sum of initial data sizes for
the workflow. Since the algorithm will, in particular,

408

Czarnul / J Zhejiang Univ-Sci C (Comput & Electron) 2014 15(6):401-422

minimize tworkflow, it will also minimize startup times,
if possible. Uijkl forces to consider the startup time if
data is sent from sij to skl (i.e., dijkl>0). If dijkl=0, then
startup
startup
bijkl
=0; if dijkl>0, then bijkl
=1. Alternatively, it is
startup
component for a less
possible to drop the tijkl

accurate estimate on communication. As a
consequence, this results in fewer constraints and
variables and a shorter running time for an
optimization algorithm. This is the case for the
practical experiments shown in Section 7.
if Pij  Pkl ,
 0,
tr
where ijkl>0 is a

4. tijkl
 ijkl dijkl , otherwise,
given constant. ijkl allows for considering a delay
corresponding to the size of data sent between sij and
skl if providers of the two services are different, e.g.,
for translation of data formats. The value of ijkl>0
provides a model for how large this delay is.
5.1.2 Assignment of services to workflow tasks

di di
 .
2
2

(7)

It denotes whether sij has been chosen or not. This
stems from both dijin  0 required by linear
programming and constraint (1). Constraint (7) can be
written (http://lpsolve.sourceforge.net/5.5/, chapter
‘Absolute values’) as two inequalities for integer
programming. Namely, an additional variable bij is
introduced for service sij, which is to take one of the
following values:
0,
bij  
1,

dijin  0,
dijin  di .

Then, a large constant Mij is chosen so that
M ij  dijin  d i / 2  di / 2 is satisfied, e.g., Mij=di.

Then constraint (7) can be written as two constraints:
dijin  M ij  M ij bij  di  0,

(8)

d  M ij bij  0,

(9)

in
ij

(10)

Constraints (8) and (9) are equivalent to constraint (7)
for ILP as referenced above.
5.1.3 Scheduling services on a node
Some services, especially those published by
one provider, can execute on one computing node.
The algorithm should consider possible orderings of
the services while guaranteeing that the services
selected from a given node will not overlap. This is
not straightforward with an ILP formulation but must
be assured for nodes that feature single processors.
The solution incorporates flags bij used previously to
assure that only one service per task is chosen, e.g.,
for constraints (8) and (9). In this case, starting times
tist are split as
tist   j tijst ,

where

As stated above, the assignment forces that for
each task ti for only one j, dij=di, which can be stated
as (all variables in this ILP formulation are equal to or
greater than 0)
dijin 

bij  1, bij  .

 0,
tijst   st
ti ,

dij  0,
dij  0.

The execution of service sij, running on node Nij, starts
at time tijst and terminates at time tijst  tijexec , lasting
tijexec . This means that the halftime of the execution of
service sij on node Nij occurs at time tijhalf  (2tijst 
tijexec ) / 2. Thus, for every pair of services (sij, sij):
Nij=Nkl, i≠k, which could potentially overlap, the
following constraint is added:
tijhalf  tklhalf  (tijexec  tklexec ) / 2,

(11)

meaning that the execution times must be spread
away by at least the sum of halves of their lengths.
Thus, the model would need to specify constraint (11)
for each pair of potentially overlapping services
running on nodes which can be executed in any order;
i.e., the order of their execution is not imposed by the
edges of graph G. In the latter case, there is no
possibility of overlapping. The following cases can be
analyzed:
1. sij and skl are not chosen. In this case, dij=dkl=0
and thus we assume tijexec  tklexec  0, and constraint
(11) is true.
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2. Only one, say skl, is not chosen. In this case,
d kl  tklst  0, then tklhalf  0 and constraint (11)
becomes

tijhalf  tijst  tijexec / 2  tijexec / 2,

which

is

satisfied.
3. Both sij and skl are selected. In this case,
constraint (11) defines the required space between the
middles of the execution of the services.
As above, we can express constraint (11) as two
inequalities for integer programming. An additional
variable bijkl is introduced for services sij and skl,
indicating one of the two possibilities (order)
specified by the absolute value. Then, a large constant
Mijkl

is

chosen

so

that

half
M ijkl  tijhalf
, n  tkl , n 

exec
(tijexec
, n  t kl , n ) / 2 is satisfied. Then constraint (11) will

be written as two constraints:
half
exec
exec
tijhalf
, n  tkl , n  M ijkl bijkl  (tij , n  t kl , n ) / 2,

(12)

half
exec
exec
tijhalf
, n  t kl , n  M ijkl  M ijkl bijkl  (tij , n  t kl , n ) / 2, (13)

bijkl  1, bijkl  .
Note that for each service sij, it is easy to
generate all successor vertexes up to the terminating
vertex: set VS(sij) and all predecessors on paths from
the source vertex VP(sij). Then services to be
considered for constraint (11) along with service sij
would be only services running on V−VS(sij)−VP(sij)
and running on the same node as sij. This helps reduce
the number of constraints of type (11).
The model allows parallel communication
between the same nodes for various pairs of tasks.
There could be additional constraints similar to those
for ordering tasks (constraint (11)).
5.1.4 Formulation of the goal
The objective can be formulated exactly as in the
original problem formulation, i.e.,
minimization of tworkflow,
with an additional constraint

d

(14)

c  B, where B

in
ij ij

is the budget.
The actual implementation uses lp_solve (http://
lpsolve.sourceforge.net/5.5/), -presolve, -timeout, and
<timeout> as a MILP solver to find assignment of
services to tasks according to the proposed model.
The parameters instruct the solver to look for a
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solution within a <timeout> time limit (given in
seconds) and pre-solve the problem before optimization is started (rows and columns).
If the algorithm is able to find the solution within
the imposed time limit such as 10 or 20 s, then it can
be either an optimal (we call this version ILP) or a
suboptimal solution (we call it ILPHEU) returned by
the solver. If the solver is not able to return any solution within the time frame, it creates a list of tasks
which have not been executed yet and executes the
following in a loop:
1. Takes the first task from the list and assigns
the cheapest service to it.
2. Tries to solve the problem using ILP within
the time limit—the number of integer variables has
been decreased. If successful, the algorithm
terminates; otherwise, the loop is repeated.
5.2 Divide-and-conquer algorithm

In this case, we try to reduce the complexity of
the ILP-based approach by partitioning the graph into
subdomains, solving each one individually and
merging results into a global solution. Obviously, it
does not necessarily lead to the optimal global solution but can reduce the execution time of the
algorithm.
The algorithm works as follows: It defines a
batch size, e.g., 4 or 15 tasks. Then, at the moment the
algorithm is to be invoked, the tasks not yet executed
are divided into subdomains, each containing at most
the batch size number of tasks. Then, the algorithm
uses the ILP-based algorithm for each subdomain
independently. For each subproblem constraint,
 isubproblem dijin cij  ( B / BC ) is used, where BC=nt/bs,
with nt denoting the number of tasks and bs the batch
size. In some cases, it may be impossible to meet this
constraint for a subproblem. In this case, it is possible
to set tighter cost bounds for initial batches so that a
larger margin remains for the last ones. Alternatively,
the algorithm could solve all subproblems it can solve
and apply ILPHEU for the remaining problem with
the yet unsolved subproblems. The algorithm is generally OPT/LOCAL if subproblems can be solved
optimally or HEURISTIC/LOCAL if heuristic algorithms are returned for subproblems.
5.3 Genetic algorithm

In a GA, a population of chromosomes is created.
Each chromosome represents a complete solution to a
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problem. Best (in terms of the fitness function)
chromosomes are selected for crossover and creation
of chromosomes in the next generation. Mutation is
used to leave a local minimum. Best chromosomes in
next generations should represent better and better
solutions.
Each chromosome consists of the representation
shown in Fig. 2. This is analogous to the solution
proposed by Czarnul (2010) for an extended problem
with service selection and data partitioning.
e0 e1 ... eV -1
eV ... e 2V -1





ei - service index for t i ei - task id

chromosome and for larger than the pivot are taken
from the second chromosome. The order is taken
from one of the two chromosomes with a probability
of 0.35 and a new one is generated randomly with a
probability of 0.3 (Fig. 3).
e0 e1 ...

... eV -1

e V ... e 2V

-1

e0 e1 ...

... eV -1

e V ... e 2V

-1

e0 e1 ...

... eV -1

e V ... e 2V

-1

Fig. 2 Representation of the genetic algorithm

Fig. 3 Crossover for service selection

The first |V| numbers contain indexes of selected
services for each task, i.e., 0≤ei<|Si|, 0≤i<|V|. Initial
values are chosen by a random selection of services
for each task, i.e., ei=random() mod |Si|. The last |V|
numbers contain ordering of the |V| tasks. Namely,
assuming tasks tk, tl are executed on one processor
(i.e., services on one processor are chosen to execute
them), tl is executed after tk if ei=k, ej=l: i<j, i≥|V|.
Initial values are chosen randomly out of the following tasks starting from the initial task. In the next step,
its successors are added to the pool of the tasks from
which, in the next step, one will be chosen randomly
and the procedure is repeated. The fitness function
used for each chromosome is equal to C / t workflow if
the cost constraint is satisfied, otherwise 0. In this
way, better chromosomes give greater fitness values.
In the experiments C=10 000 and the population size
of 10 chromosomes were used due to the reasonably
long time on the evaluation of the schedule corresponding to the chromosome.
The GA runs one or more iterations of the following loop:
1. Assess the fitness function and store values for
all chromosomes.
2. Copy the best chromosome to the pool for the
next iteration.
3. Select chromosomes for crossover based on
their fitness values and perform crossover.
4. Apply mutation.
Crossover for service selection works as follows:
a pivot (task) is selected randomly and services for
tasks smaller than the pivot are taken from the first

Mutation for service selection is applied as follows: a new service is selected for a task with a
probability of 0.1 and a new order is generated with a
probability of 0.02 (Fig. 4).
task

e0 e1 ...eV -1

e V ... e 2V

-1

Fig. 4 Mutation for service selection

5.4 GAIN

This algorithm is analogous to the idea of the
GAIN algorithm proposed by Sakellariou et al. (2007)
and compared to GA (Yu et al., 2008). For budget
constrained scheduling, the idea is firstly to select
the cheapest services for each task to meet the
cost constraint. Obviously, the execution time
corresponding to this case is large. To minimize the
execution time, the algorithm executes the following
code shown in Algorithm 1 to select new services still
meeting the cost constraint and optimizing the
execution time. The algorithm tries to find the service
with the largest value of tempGainWeight (lines
10–14) on condition that the total cost of services with
the new one does not exceed the given budget. If this
service is different from the one previously set for its
task, it is substituted (lines 15–20). The algorithm
proceeds until there is a new better service that can
substitute the former for the task.

Czarnul / J Zhejiang Univ-Sci C (Comput & Electron) 2014 15(6):401-422

Algorithm 1 GAIN algorithm
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

do {
prevWorkflowEval=EvaluateWorkflow(...);
bestGainWeight=0;
bestTask=−1;
bestServiceIndex=−1;
for each task ti {
for each available service sij
such that the global cost
constraint is still met with it {
tempGainWeight=(double)(previousService
Forti.getRunTime()
−sij.getRunTime())/(double)(1000
+sij.getRunCost()
−prevServiceForti.getRunCost());
if ((bestGainWeight<tempGainWeight) &&
(previousServiceForti.getRunTime()
>sij.getRunTime())) {
bestGainWeight=tempGainWeight;
bestTask=i;
bestServiceIndex=j;
}
}
}
if (bestTask!=−1) {
assign s(bestTask)(bestServiceIndex) to tbestTask;
}
} while (bestTask!=−1)

Note that this version uses a local evaluation
based on the execution times and costs of the given
service and the service previously assigned to the task
corresponding to the GAIN algorithm proposed by
Sakellariou et al. (2007). As such, it is an estimated
measure of improvement. Another version was also
tested in which tempGainWeight is evaluated as
shown in line 3 in Algorithm 2 and corresponds to
GAIN2 proposed by Sakellariou et al. (2007). While
this version potentially results in a more accurate
evaluation, it takes much more time to evaluate the
whole workflow compared to the local evaluation of
GAIN, especially for a large number of services, and
finally yields worse results because of that.
Algorithm 2 Workflow evaluation in GAIN2
1
2
3
4
5
6
7
8

newWorkflowEval=EvaluateWorkflow(with sij
instead of the previous service for ti);
(...)
tempGainWeight=(double)
(prevWorkflowEval.getRunTime()
−newWorkflowEval.getRunTime())/(double)(1000
+newWorkflowEval.getRunCost()
−prevWorkflowEval.getRunCost());
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6 Modeling, scheduling, and execution of
workflow applications in a BeesyCluster
testbed

The algorithms discussed in Section 5 were implemented, deployed, and tested in a workflow
management environment developed previously
(Czarnul, 2013a). The environment uses BeesyCluster as a middleware that allows users to publish services and define parameters such as cost and execution time. These can be used for workflow definition,
optimization, and workflow execution.
BeesyCluster can be regarded as a JEE-based
front-end and middleware that allows publishing and
consuming services offered by various providers and
consumers from locations managed by them. The
system (Czarnul, 2013b) was deployed at the Academic Computer Center in Gdansk, Poland for using
high performance clusters and at the Faculty of Electronics, Telecommunications and Informatics,
Gdansk University of Technology for using a cluster,
servers, and laboratories. It is used for research and
teaching high performance computing.
Users access BeesyCluster through WWW or
web services while BeesyCluster accesses distributed
resources via SSH (Fig. 5). Each BeesyCluster user
sets up an account in BeesyCluster and associates
with it; i.e., several user accounts on the distributed
clusters or servers are registered in the middleware.
The middleware allows you to perform any operations on those accounts as if they were performed
locally, including copying, editing files, management
of directories and archives in a version management
system, compilation, and running text or graphical
applications in a browser. In the case of clusters,
BeesyCluster hides details of queuing sequential or
parallel applications using a portable batch system
(PBS), load sharing facility (LSF), etc.
Note that the user can publish an application
from his/her user account as a service within seconds
(Czarnul, 2006) and can grant access to selected
BeesyCluster users for a given fee. Each user has a
virtual wallet that can be used for buying non-free
services. Such services can be assigned to workflow
tasks and selected for workflow execution.
The workflow management environment
contains several modules that allow (Czarnul, 2010;
2013a; 2013b):
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Fig. 5 BeesyCluster architecture (extended from Czarnul
(2013a))

1. Definition of a workflow in an editor
implemented as a Java applet that allows modeling
workflow applications as shown in Figs. 6 and 12.
The editor uses the workflow model described in
Section 4 and allows assignment of BeesyCluster
services to workflow tasks. The user can specify input
data to the workflow as a set of files from any location
available to them through the BeesyCluster layer.
2. Selection and scheduling services using the
aforementioned algorithms to optimize the goal.
3. Actual workflow execution in the BeesyCluster environment.

Fig. 6 Workflow application with 6 nodes, 30 services

The workflow management environment in
BeesyCluster was described in detail by Czarnul
(2013a). However, ILP was analyzed by Czarnul
(2013a) for a small workflow with only 6 nodes. This
paper contains a comparison of several algorithms for
several workflows of considerably larger sizes. A
similar model was considered by Czarnul (2010) but
additionally it determines data flows among services.
Namely, given the input data the algorithm is also
able to determine values of di but does so using just
one algorithm. Various cost bounds were considered

by Czarnul (2010) rather than deeper analysis of service failures as in this work.
Existing workflow management systems for grid
environments were characterized by Yu and Buyya
(2005). Yu and Buyya (2005) provided a comparison
of several systems, including: Gridbus, Kepler
(Ludäscher et al., 2006), Pegasus (Deelman et al.,
2004), Triana (Majithia et al., 2004), directed acyclic
graph manager (DAGMan), ICENI, GridFlow,
GrADS, Askalon, UNICORE, Taverna, and GridAnt.
These grid-oriented systems use mainly middlewares
such as Globus Toolkit, Grid Application Toolkit, or
other resource management systems for running jobs.
BeesyCluster acts as a middleware for the
workflow management system described in this work.
Compared to the aforementioned middlewares,
BeesyCluster differs as it accesses services published
by users through user accounts via SSH. Globus
Toolkit uses security certificates based on asymmetric
cryptography (public and private keys). BeesyCluster
stores security credentials in its own database (in
encrypted fields) and requires that BeesyCluster users
add these credentials to the BeesyCluster database.
Thus, the management layer lies entirely within the
BeesyCluster server. Regarding the startup times for
spawning tasks, BeesyCluster maintains a pool of
open secure sessions with the registered servers or
clusters, which allows fetching one of the already
open and available sessions. A special mechanism for
monitoring and respawning sessions works in the
background.
Consequently, contrary to many other systems,
adding new clusters or registering new user accounts
can be accomplished in a matter of seconds as it requires only registration of the respective IPs and accepting keys for secure communication.

7 Experiments

The test methodology assumes that all algorithms are compared against each other using the
same workflows.
Services can be offered by independent providers from their own locations (servers/clusters) on the
terms (cost) imposed by them. We consider workflow
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applications that allow processing data in parallel by
parallel workflow paths with minimization of the
workflow execution time and a bound on the cost.
Workflow nodes model tasks that need to be accomplished and the algorithms are to select services capable of executing the tasks so that the goals considering execution time and costs are optimized. The
on-the-fly selection is needed as there can be problems with accessing services (due to servers/clusters
down times, network issues that are independent from
the provider) or runtime changes in service
parameters.
7.1 Methodology for modeling dynamic changes
and invoking dynamic scheduling

For a given optimization algorithm A, BeesyCluster runs the algorithm before the workflow execution starts, assuming that all services assigned to
the nodes are available. This corresponds to the usual
static scheduling. Best services are chosen to optimize
the goal as defined in Section 4. Then the execution of
the workflow starts according to the workflow graph.
Before running a service for the particular task,
BeesyCluster checks if the service previously selected
for the task is still available, or if conditions such as
prices of services for the task have changed since the
initial optimization, or if new services capable of
executing the task have appeared. The probability that
the service is not available, failed, new services for
the task have appeared or the other conditions have
changed is p. The range of p tested varies from 0 to
0.6 from an environment with no changes during the
workflow execution to a highly changeable one. If
p=0, the system will require only the initial static
scheduling. If p>0, BeesyCluster will apply dynamic
scheduling by rerunning algorithm A considering that
services for the already executed tasks have been
chosen. These steps are depicted in Fig. 1. The system
is designed in such a way that before a task is executed, a method is invoked that can check whether
any of the aforementioned events have occurred. In
the tests, the method considers service unavailability
to trigger rescheduling. Whether it is service unavailability or change in service parameters is not
important for the comparison of the performance of
various algorithms, as this is only a triggering
mechanism and is the same for all the algorithms
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tested. Obviously, various adjustment strategies for
price or other QoS metrics might be used by providers,
but this does not affect the comparison of the algorithms. Such strategies could be implemented as
either changing the service parameters before the task
is executed or in the background according to the
model.
The particular value of p may depend on
particular types of services and type of market from
which the workflow uses services. Note that high
values of p may result not only from unreliable
services but also from highly changeable service
parameters. For example, many Internet shops adjust
their prices on a daily basis and this would qualify for
changed service parameters. If the service is available
and the other conditions have not changed, the service
is executed by BeesyCluster. For each configuration
and service availability, results are averaged from
multiple runs for the given workflow. At least 20–30
runs are used for an average with the observation that
for p=0 five runs turned out to be sufficient to provide
reliable results. This is further discussed in
Section 7.5.
The execution time includes both the running
time of algorithm A (may be rerun several times in
one workflow run if several services are not available
or failed) as well as the execution time of actual
services. Results allow us to investigate the
performance of the proposed approaches, in particular
if and in which cases global knowledge is needed and
which returns better results than approaches with only
local data. There is a trade-off between additional
quality gained by using global data and a more refined
algorithm and the execution time of such an algorithm
which needs to be added to the total workflow
execution time.
7.2 Testbed environment

All tests of the proposed algorithms were performed in the real BeesyCluster system (https://
beesycluster.eti.pg.gda.pl/ek/AS_LogIn). As presented in Section 7.4, depending on particular configurations, for each task there are several services
with different time/cost parameters which are deployed on real servers registered in BeesyCluster. The
workflow is constructed in the BeesyCluster editor by
assigning real services to particular tasks.
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BeesyCluster uses services installed on nodes of
a university cluster and laboratories at the Faculty of
ETI, Gdansk University of Technology. The nodes
that we currently use have the following configurations: 4 GB of RAM, two dual core Intel Xeon CPU
@ 2.80 GHz with HT for a total of 8 logical cores
running CentOS Linux version 2.6.32-220.13.1.el6.
x86_64; 8 GB of RAM, Intel Core i7-2600K CPU @
3.40 GHz for a total of 8 logical cores running SUSE
Linux version 3.1.10-1.16-desktop; 12 GB of RAM,
Intel Xeon CPU W3540 @ 2.93 GHz for a total of 8
logical cores running Debian 4.3.5-4 Linux version
2.6.32-5-amd64.
Note that the execution times t ijexec of various
services sij are set to different values using various tij1 ,
e.g., tijexec  fij (dijin )  tij1 dijin . Function fij(·) considers
both the efficiency of the service code and the performance of node Nij. Thus, the real environment
services have different execution times and costs as
outlined in Section 7.4, even if the services are installed on nodes with the same specifications. This is
natural because services with shorter execution times
per data unit tij1 will usually be more expensive (requiring more effort to be faster), and vice versa. In the
end, these are the relative differences in service execution times that make the scheduling problem
difficult.
7.3 Testbed workflow applications

Tests were performed on several workflow
structures that are typical of many scientific
(Coutinho et al., 2010) or business (Czarnul, 2013a)
workflows with parallelization of certain stages and
synchronization, useful for a variety of real applications as suggested in Section 2. Following characterization of scientific workflows described by Juve et al.
(2013), the workflow structures tested fall into the
category of the epigenomics workflow, e.g., as shown
in Fig. 6, or sequences of the epigenomics workflows
executed in parallel as shown in Figs. 9, 12, 18, and
21. Additionally, these workflow structures correspond to workflow applications for processing of
multimedia content such as application of successive
filters on digital images described by Czarnul et al.
(2012). In the business context, the structures such as
the one shown in Fig. 6 may correspond to a produc-

tion company subcontracting services or buying
components from others and integrating these with
their own know-how (Czarnul, 2013a).
Such workflow applications are aimed at parallel
processing of data and assignment of such services so
that the workflow execution time is minimized while
keeping the cost of the selected services below the
budget which is a very practical criterion. In case of
scientific workflows, such as the aforementioned
epigenomics workflow (Juve et al., 2013) and multimedia workflow (Czarnul et al., 2012), these are
computation-intensive workflow applications. In the
case of business workflow applications with several
providers offering functionally equivalent services at
various costs (Czarnul, 2013a), the execution time of
services is also crucial for the total workflow execution time and workflow edges are used to control and
synchronize particular tasks.
For each data file flowing through the workflow,
a proper service is invoked. Data is processed in parallel by parallel workflow paths. To assess the relative
performance of scheduling algorithms, for each task
there are several services (between 3 and 10 for particular test cases as outlined below) that differ in
execution time and monetary cost. Time and cost
parameters for the services are assumed similar to the
experiments performed by Czarnul (2013a) and Yu et
al. (2008) and are shown in Tables 3 and 4. The services used in experiments are run for a particular time
period for each input file at the given financial cost as
indicated in Tables 3 and 4. To use faster services,
higher financial costs are required, which is a real
world dependency. In a dynamic environment where
some of these services may become unavailable at
runtime, we assess the algorithm performance considering the need for rescheduling as described in the
methodology in Section 7.1. The same balanced
Table 3 Service execution time tij1 per data unit and
cost of the workflow as shown in Figs. 6, 15, 18, and
21
Name
Cost (mEUR)
Time (s)
pd1
12
8
pd3
10
9
pd5
8
10
pd7
7
11
pd9
6
12
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Table 4 Service execution time tij1 per data unit and
cost of the workflow as shown in Figs. 9 and 12

Name

Cost (mEUR)

pd11
pd12
pd13
pd14
pd15
pd16
pd17
pd18
pd19
pd20

12
12
10
10
8
8
7
7
6
6

Time (s)
8
8
9
9
10
10
11
11
12
12

structure allows us to evaluate relative performance
of algorithms for various workflow sizes.
As a consequence, results obtained in this paper,
especially suitability and comparison of various
scheduling algorithms in a dynamically changing
service availability, can also be used for these various
workflow applications, in particular, the epigenomics
workflow (Juve et al., 2013), multimedia workflow
(Czarnul et al., 2012), and business workflow applications (Czarnul, 2013a).
The input files are split as uniformly as possible
among parallel paths of the workflow. Thus, in the
experiments di  , di≥0 corresponds to the number
of data files processed by a service. The input files in
the experiments are files that indicate input data and
parameters for processing. Using workflows of a
similar structure but varying sizes allows us to draw
conclusions about the relative performance of the
algorithms that might be affected by workflow sizes
and not by varying workflow structures. Due to service failures and imposed budgets, selection of services for the workflow paths becomes a challenge.
Furthermore, the workflow sizes tested vary
from 6 nodes and 5 services per node up to over 100
nodes and several hundred services per node and are
typical of many scientific and business applications.
Workflows of similar sizes were analyzed by Chin et
al. (2010) for adaptive service scheduling for workflow applications to minimize the makespan of the
workflow application. Services assigned to successive tasks are installed on various distinguished
cluster nodes.
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The sizes of text ILP models generated for the
larger experiments considered in this work are as
follows: 106 KB (40 nodes and 200 services), 180 KB
(102 nodes and 418 services).
7.4 Results

Firstly, the workflow application shown in Fig. 6
is run with all the optimization algorithms. For each
node there are 5 services available with parameters as
shown in Table 3, and 18 input files are passed to the
workflow. In the particular task, a service is invoked
for each of the input files.
A bound equal to a half of the sum of the
cheapest possible workflow and the cost of the fastest
possible workflow is used, i.e., 648 in this case. Fig. 7
presents workflow execution times. The ILP algorithm shows the best results and is followed by
divide-and-conquer, GAIN, and GA. The ILP with a
timeout of 10 s returns optimal results much smaller
than the time limit as shown in Fig. 8.

Fig. 7 Execution time tworkflow of workflow with 6 nodes,
30 services while  d ijin cij <B, B=648

For the workflow with 10 nodes and 100 services
(10 services per task) shown in Fig. 9 with parameters
shown in Table 4, results are presented in Fig. 10.
Corresponding execution times of the algorithms and
the whole workflow applications are presented in
Fig. 11. The cost bound of 972 is used, and 18 files
are passed as input to the workflow. ILPHEU with a
10 s timeout returns the best results followed closely
by GAIN and divide-and-conquer as well as the
genetic versions with similar performance.
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Fig. 8 Algorithm execution time of workflow with 6
nodes, 30 services, p=0

Fig. 9 Workflow with 10 nodes, 100 services, and
service parameters as given in Table 4

Fig. 10 Execution time tworkflow of workflow with 10
nodes, 100 services while  d ijin cij <B, B=972

For the workflow with 20 nodes shown in
Fig. 12 with parameters shown in Table 4, we obtain
the results presented in Figs. 13 and 14, in which 16
input files are passed to the workflow. ILPHEU with a
20 s timeout algorithm returns a suboptimal solution.
The cost bound of 1272 is used. As shown in Fig. 13,
the ILPHEU algorithm, even though it returns
suboptimal solutions, is much better than the divide-and-conquer and GA solutions. GAIN is only
slightly worse than ILP and also significantly better
than DaC and GA.
Additional tests are performed for a less balanced workflow application of similar size with 21

Fig. 11 Algorithm execution time of workflow with 10
nodes, 100 services

Fig. 12 Workflow with 20 nodes, 200 services, and
service parameters as given in Table 4

Fig. 13 Execution time tworkflow of workflow with 20
nodes, 200 services while  d ijin cij <B, B=1272

tasks and 5 services per task. This workflow application shown in Fig. 15 was used previously for testing
data streaming in workflow execution by Czarnul
(2013b). Service parameters are shown in Table 3, in
which 16 input files are passed to the workflow. The
cost bound of 1172 is used. In this case, it turns out
that for scheduling, results shown in Fig. 16 are
similar to those of the balanced workflow applications of similar sizes; i.e., ILPHEU leads, followed by
GAIN, divide-and-conquer, and GA. Corresponding
execution times of algorithms for this case are presented in Fig. 17.
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Fig. 14 Algorithm execution time of workflow with 20
nodes, 200 services, p=0

Fig. 15 Workflow with 21 nodes, 105 services
Service parameters are as given in Table 3; the workflow
was previously used for testing data streaming in workflow execution by Czarnul (2013b)

Fig. 16 Execution time tworkflow of workflow with 21
nodes, 105 services while

d

in
ij ij

c <B, B=1172

Fig. 17 Algorithm execution time of workflow with 21
nodes, 105 services, p=0
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Increasing the size of the problem, a workflow
application with 40 nodes, each with 5 services assigned to it, is considered (Fig. 18). Figs. 19 and 20
present corresponding results. The cost bound
B=2048 is used, and 16 input files are passed to the
workflow. Service parameters are as shown in Table 3.
It can be seen that relative performances of the algorithms are similar to those for the workflow with 20
nodes. However, the differences between GAIN and
the worse performing algorithms are smaller. This is
due to the increasing execution time of GAIN.
Finally, a workflow application with 102 nodes,
each with either 3 or 5 services assigned to it, for a
total of 418 services, is considered (Fig. 21). Figs. 22
and 23 present the results for this large scenario, in
which 16 input files are passed to the workflow. Service parameters are as shown in Table 3 for nodes
with 5 services assigned. Every second task in the
graph has 3 services with parameters for services pd1,
pd5, and pd9. The cost bound B=2526 is used. In this
case, the relative performance of GAIN is worse than
that of DaC but still better than that of the GA approach. This is due to the fact that for a large workflow with a large number of services and a large cost
bound compared to the sum of the cheapest services,
GAIN requires many substitutions of services to finally approach the cost bound. This impacts the
workflow execution time.

Fig. 18 Workflow with 40 nodes, 200 services, and
service parameters as given in Table 3

Fig. 19 Execution time tworkflow of workflow with 40
nodes, 200 services while  d ijin cij <B, B=2048
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To investigate the relative performance of the
solutions, Fig. 24 is prepared which shows results for
the workflow application described above with 20
nodes and a probability of service failure or change in
service parameters equal to 0.6. The relationship
between the workflow execution times and ability to
approach the cost bound can be concluded.

Fig. 20 Algorithm execution time of workflow with 40
nodes, 200 services, p=0

Fig. 24 Execution times and costs for algorithms with
20 nodes, 200 services
Fig. 21 Workflow with 102 nodes, 418 services
Service parameters are as given in Table 3 for nodes with
5 services assigned. Every second task in the graph has 3
services with parameters as for services pd1, pd5, and pd9

Given similar algorithm execution times with the
exception of GA3, the algorithms able to approach the
cost bound better are able to use faster services and
minimize the workflow execution time better. It can
be seen that GA3 is able to approach the cost bound
better than GA1 due to a larger number of iterations.
However, the total execution time of the algorithm
does not allow us to take advantage of this when
considering the workflow execution time.
7.5 Discussion

Fig. 22 Execution time tworkflow of workflow with 102
nodes, 418 services while  d ijin cij <B, B=2526

Fig. 23 Algorithm execution time of workflow with 102
nodes, 418 services, p=0

To better understand the algorithms, Table 5
presents conclusions on the execution times of the
algorithms tested with notes related to workflow sizes
and the factors on which the times are dependent.
Additionally, Fig. 25 presents the standard deviation
of the workflow execution times for various probabilities of change in service parameters, new services
showing up, or failures of previously selected services.
As can be seen in Fig. 25, the standard deviation of
the workflow execution times for all the algorithms
except GA for p=0 is a few seconds, which proves
that the presented averaged results are repeatable
numbers. It is interesting to see that GA shows the
largest deviation, which is expected due to the randomness of this algorithm when generating new populations. The graph allows us to assess what deviation
can be expected for the particular configuration.

Czarnul / J Zhejiang Univ-Sci C (Comput & Electron) 2014 15(6):401-422

Table 5 Conclusions on the execution times of the
algorithms

Algorithm
Execution time
ILP/ For small problems (only the configuration with
ILPHEU 6 nodes in the experiments), returns optimal
results; for all other configurations, basically
returns so far the best solutions within the
smallest imposed time limits (20 s for larger
configurations)
GAIN Short for small workflows (6 nodes in the experiments), average for mid-sized workflows
(20 nodes), and long for large workflows with
a large number of nodes, a larger number of
services, and a cost bound considerably above
the minimum cost solution; in the latter case
many substitutions of services are required to
arrive at the cost bound and return a solution;
the execution time depends highly on all these
parameters
DaC Generally longer than ILP/ILPHEU although
smaller than ILP/ILPHEU times nt/bs
GA Generally the longest compared to other algorithms; requires recalculations of workflow
execution times for many chromosomes;
highly dependent on the number of chromosomes in the population, number of iterations,
and also the workflow size—the number of
nodes, not that much on the number of services per node or the cost bound—as opposed
to GAIN

Furthermore, the tendency, i.e., the growth of the
standard deviation versus the probability of service
failure, change in parameters, or occurrence of new
services, is shown. Note that there are very slight
differences in workflow execution times even for no
changes during workflow execution. This is due to
small variations in several runs for each probability
for which execution times are averaged.

Fig. 25 Standard deviation of the workflow execution
times with 20 nodes, 200 services
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The execution times of the algorithms tested in
this study are expected to grow with an increasing
number of services per task. Namely, for
ILP/ILPHEU the number of equations, i.e., Eqs. (8)
and (9), will grow with the number of services, similarly for the divide-and-conquer approach where the
ILP model is used for subdomains. GA may take more
time to converge to a good solution. For GAIN, the
service substitution phase will also depend on the
number of services. Thus, it is recommended to limit
the number of services to a few representatives per
task, e.g., 5 services. This can be achieved as follows:
For the given task, services with the smallest and the
largest tcij=tij/cij can be selected for tcijmin and tcijmax ,
respectively. Then, the services selected for scheduling should be services for which tcij is closest to the
following values: tcijmin , tcijmin +a, tcijmin +2a, tcijmin +3a,
tcijmin  4a, where a  (tcijmax  tcijmin ) / 4. In this way,
the selected services represent the wide spectrum of
the execution time or cost of the actual services for the
task and allow us to use the results obtained in this
study even if there are more available services.
7.6 Conclusions

To summarize the above simulations, we can
conclude the following, considering static scheduling
for p=0 and dynamic scheduling with rerunning the
algorithm if necessary for p>0:
1. For small problems, the algorithms from best
to worst are: ILP, DaC, GAIN, GA. For the smallest
workflow with 6 nodes, ILP returns the best results as
it is able to find an optimal solution quickly; no other
algorithm can match its results.
2. For mid-sized problems up to 40 workflow
nodes, the algorithms from best to worst are: ILPHEU,
GAIN, DaC, GA. ILPHEU returns the best results
followed closely by GAIN, then DaC and GA. It is
interesting to see that the global knowledge gives
ILPHEU an edge over the GAIN algorithm in spite of
similar execution times for 20 nodes.
3. For the large workflow with over 100 nodes
and several hundred services, the algorithms from
best to worst are: ILPHEU, DaC, GAIN, GA. As
mentioned above, this is due to the large number of
substitutions GAIN needs to perform. Advantages
and disadvantages of the algorithms are presented in
Table 6.
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Table 6 Advantages and disadvantages of the algorithms

Algorithm
Advantage
Disadvantage
ILP/ILPHEU Able to solve optimally and quickly small problems (ILP) of May be unable to return a solution if the
around 6 nodes; returns better solutions compared to other
time limit is too small or the problem is
sufficiently large
algorithms (ILPHEU) for the sizes and structures of workflows tested up to 100 nodes and several hundred services
GAIN
Returns good solutions in reasonable time, always returns a Execution time heavily depends on the
solution (if possible at all) since the algorithm starts from the
number of services and difference
cheapest services, with the exception of ILPHEU better than
between the sum of the cheapest serthe others for mid-sized workflows with 10–40 nodes
vices and the imposed cost bound;
slower for larger workflows
DaC
A reasonably good solution if subproblems are solved suc- Solutions to subproblems may be infeacessfully with the partitioned subcosts, especially for larger
sible when cost is divided among
workflows for which ILPHEU might fail
subproblems and cheaper services may
fail
GA
No need for any configuration, parameter tuning if starting Reasonably slow
with the cheapest services; possible to define any constraints
and optimization goals; constraints and optimization goal
can be non-linear

4. DaC returns results worse than GAIN except
for larger workflows where it is better. It is generally
slightly better than GA. Sometimes, the algorithm is
unable to solve a subproblem for the subcost assigned
to it. In this case, tightening the cost bound for initial
batches can be applied or all unsolved subproblems
can be solved globally using ILPHEU, which increases the execution time.
5. GA is reasonably slow although for p=0, the
performance of GA is very close to those of
ILP/ILPHEU. This means that the quality of the solution is good. For p>0 the total execution time from
rerunning the algorithm is just too large compared to
the others. For GA, the author’s tests are performed
with varying numbers of iterations, GA1 (smaller)
and GA3 (greater), to see if a larger number of iterations could improve the results. It can be seen that for
a small workflow with 6 nodes their performances are
similar. For a workflow with 20 nodes and p=0, GA3
is significantly better, meaning that additional iterations do result in better quality. However, for p higher
than approximate 0.1–0.25 depending on the configuration, GA1 is better. In this case, GA1 is good
enough to cope with service failures, unavailability,
or changing parameters, but its execution time is
shorter than that of GA3. This leads to the conclusion
that it is better to engage a better algorithm in advance
and react to the changing parameters and service
unavailability with a faster algorithm.

These findings can be incorporated into BeesyCluster for use with both static scheduling before the
workflow execution starts and dynamic scheduling
for invoking a scheduling algorithm when a previously selected service is not available, new services
have appeared, or parameters of services have
changed considerably. If ILP/ILPHEU is able to return an optimal or suboptimal solution within an acceptable time frame such as 10 s for workflows with
up to 6–10 nodes (additional tests show that 10 s is
long enough to return suboptimal solutions for 10
nodes) or 20 s for larger workflows, then it is used. It
can always be used for small workflows up to around
6 nodes where it returns optimal results. Otherwise,
GAIN is used for mid-sized problems and DaC could
be used for larger ones when ILPHEU fails due to the
complexity/size of the workflow.
Still, the user can choose to use any of the implemented algorithms and other algorithms can be
preferred. For instance, to specify a non-linear goal,
GA can be used. Similarly, if one does not want to be
forced into any kind of configuration, GA can be
preferred.

8 Summary and future work

This paper presents a model for selection and
scheduling of services for execution of workflow
applications. Services capable of executing particular
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tasks of the workflow are offered by various providers
on various terms such as cost and execution time. The
goal is to select and schedule services to minimize
workflow execution time with a bound on the cost of
selected services. The paper adopts integer linear
programming to solve the problem and compares the
results to genetic algorithms, fast local heuristic,
GAIN, and divide-and-conquer. The comparison is
done in a setting in which services may become unavailable, new services may appear, or conditions of
existing services may change. In these cases, rescheduling must be performed, which prolongs the
workflow execution time. The paper assesses the best
algorithms for workflows of particular sizes suitable
for scientific and business applications, namely
ILP/ILPHEU followed closely by either GAIN or
DaC depending on the size and GA. All the tests are
run in a real workflow management environment
implemented on top of the BeesyCluster middleware.
Future work will focus on performing thorough
tests using workflow applications of various sizes for
other structures.
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