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Abstract 
The resource availability in Grids is generally 

unpredictable due to the autonomous and shared nature of 
the Grid resources and stochastic nature of the workload 
resulting in a best effort quality of service. The resource 
providers optimize for throughput and utilization whereas 
the users optimize for application performance. We present 
a cost-based model where the providers advertise resource 
availability to the user community. We also present a 
multi-objective genetic algorithm formulation for selecting 
the set of resources to be provisioned that optimizes the 
application performance while minimizing the resource 
costs. We use trace-based simulations to compare the 
application performance and cost using the provisioned 
and the best effort approach with a number of artificially 
generated workflow-structured applications and a seismic 
hazard application from the earthquake science community. 
The provisioned approach shows promising results when 
the resources are under high utilization and/or the 
applications have significant resource requirements.  

1. Introduction 
Shared distributed infrastructures such as the Teragrid 

[1], the Open Science Grid [2], etc provide the software 
and hardware resources for cross-organizational 
collaborative work in different scientific fields such as 
astronomy [3], high energy physics [4], earthquake science 
[5], etc. Such collaborations, also called Virtual 
Organizations (VO) [6] require resources from multiple 
providers for executing large-scale scientific applications. 
Furthermore, emerging classes of deadline driven scientific 
applications such as severe weather modeling [7] require 
simultaneous access to multiple resources and predictable 
completion times. Most of the Grid resources are managed 
using queuing-based local resource management systems 
such as PBS [8], LSF [9], Condor [10], etc. Due to the 
shared nature of these resources and the dynamic nature of 
the workload, the completion time of the application tasks 
on these resources is not predictable. Moreover, the 
applications require co-allocation of multiple resources 
such as storage and network etc for storing the input data 
and the generated results, communicating data between 
executing tasks etc. In the absence of a more explicit 

control, resources are offered to an application on a best 
effort basis with little or no influence as to exactly when 
the resource will be delivered to the application. This 
makes it difficult to predetermine, much less optimize the 
resulting application performance and meet deadline 
constraints and performance goals.  

Agreement-based resource management [11] is an 
alternative to the best effort execution for overcoming 
these deficiencies. The agreement-based management 
model allows the VO-level resource brokers to provision 
resources ahead of the execution of the applications by 
entering into agreements with the resource providers about 
the guaranteed availability of desired resources for a 
mutually agreed upon timeframe and cost. While there can 
be various approaches for creating agreements, in this 
paper, we use a model where the providers create resource 
offers or slots and advertise them to the general community 
periodically or on demand. Each slot represents the 
availability of a certain resource capability such as the 
number of processors, for a certain timeframe (start time 
and duration), for a certain cost and can be provisioned 
independently of any other offered slot i.e. we don’t 
assume overbooking of resources. Once a slot has been 
provisioned, it can be used to execute any workload e.g. set 
of tasks subject to the capacity constraints of the slot 
without any further interaction with the provider. While 
slot-based management significantly reduces the 
unpredictability in application performance over best effort 
execution of applications, it introduces a new issue:  how 
to identify and select a set of slots to provision for an 
application that would allow the execution of the 
application while optimizing the application performance 
and minimizing the cost of the provisioned resources from 
the perspective of the user. While there can be many 
performance objectives such as the execution time, 
reliability etc, in this paper, we use the execution time of 
the application, e.g. the makespan of a workflow, as the 
performance metric that has to be minimized.  

The slot selection problem is non-trivial because of 
the possibility of a large number of resource slots with 
different capabilities on offer from various providers at the 
time when an application is submitted and the fact that the 
resource providers are free to ask any price for an offered 



slot. Indeed, we can imagine a model similar to yield 
management [12] where similar resource capability is 
available immediately at a higher price while being 
available at some future time at a lower price, similar to 
advance purchase discounts for airline ticketing [13]. Thus 
the objectives of minimizing the application makespan and 
minimizing the total cost of the provisioned resources may 
be inconsistent or in conflict with each other. In a previous 
work [14], we initially explored the problem with two 
algorithms for minimizing the weighted sum of the two 
objectives. However, since the objectives are generally 
non-commensurate, in this paper, we create a set of Pareto-
optimal solutions using a multi-objective genetic algorithm 
(MOGA) formulation [15] of the problem and then select 
one solution from this set using a specified trade-off factor 
and a normalized objective function.   

Resource provisioning for applications is an endeavor 
worth undertaking if only for the fact that it allows for the 
predictable and deterministic execution of applications and 
performance optimization without worrying about external 
factors that might affect the execution of the application. 
However, in this paper, we also look at how the application 
performance with resource provisioning might compare 
with the application performance using the best effort 
quality of service using trace-based simulations and 
workload logs from two supercomputer centers. In addition 
to the application performance, we also compare the cost 
of the two approaches.   

In order to compare the provisioned execution of the 
application with its best effort counterpart, we extended a 
Grid resource scheduler to support both qualities of service 
concurrently. We used a range of artificially generated 
applications and a seismic hazard analysis application from 
the earthquake engineering community [5] and compared 
their performance and cost with the best effort and the 
provisioned approach using this extended scheduler. Two 
clear trends were observed from the results. First is that the 
provisioned approach becomes increasingly attractive as 
the tasks in the workflow require more compute resources. 
Second, the provisioned approach fares better than the best 
effort execution of an application as the resources become 
loaded. Both of these characteristics are visible at the 
current operational Grid sites such as TeraGrid. These sites 
target large-scale applications with highly parallel tasks 
which are a natural match for these resources. Moreover 
due to the shared nature of these resources, the large 
number of users, and their production nature, these sites 
generally show high to very high utilization levels (60-
80+%) [16]. 

The rest of the paper is structured as follows. Section 
2 presents the provisioning model. Section 3 presents the 
principle of Pareto optimality and describes a heuristic for 
the provisioning problem and some initial results. Section  
4 presents the design of the extended Grid scheduler. 
Sections 5 and 6 compare the performance of the best 

effort and provisioned approach using generated and real 
applications.  Section 7 presents the discussion followed by 
related work in Section 8 and conclusions in Section 9.    

2.  Provisioning Model 
We assume the system to be composed of r = 1…R 

Grid sites. The latency and bandwidth between these sites 
is assumed to be known. Each site advertises its resource 
availability in the form of a set of resources slots or offers. 
While the model can be extended to other types of 
resources, in this paper, we focus our attention on compute 
resources only. Each slot represents the availability of 
certain number of processors for a certain duration starting 
at a certain time at a certain cost. The set of resource slots 
available from resource r are denoted by Er .  

Er = {<s1, n1, d1, c1, f1, b1, e1>,….,<si, ni, di, ci, fi, bi, 
ei>,…}  (Eq 1) 

where <si, ni, di, ci, fi, bi, ei> represents the 
availability of ni processors for duration di starting at time 
si from resource r. bi is a boolean indicating whether the 
slot has to be provisioned in its entirety or can be partially 
provisioned (bi=true:divisible, bi=false:non-divisible). The 
term ci is called the multiplicative cost and represents the 
per-unit charge for the resource and the term fi is called the 
additive cost and represents the overhead cost of 
provisioning the resource. ei indicates whether the duration 
of the slot can be extended past the specified endtime 
(si+di), i.e. in case we want to provision resources for tasks 
with longer runtimes than the specified slot duration.  

Suppose, the broker wants to provision nk processors 
for duration dk starting at time sk when the offered slot is 
<si, ni, di, ci, fi, bi, ei>. Then the following possibilities with 
associated costs exist based on the values of bi and ei. 

Table 1. Possible subslot allocations.   
bi ei restrictions cost 

false false nk=ni, sk=si, dk= di ni*di*ci+fi 
false true not allowed  
true false nk≤ni, si≤sk, 

sk+dk≤si+di 
nk*dk*ci+fi 

true true nk≤ni, si≤sk nk*dk*ci+fi 
The set of resource slots available from resource r 

between times t0 and tn are denoted by Er,to,tn  
Er,to,tn = { <...> Є Er |  t0 ≤ si ≤ tn}    (Eq 2) 
The global resource availability, denoted by Â0,t is the 

combination of the aggregated resource availability of each 
resource from the current time to some time in future, t.   

Â0,t = U
Rr

trE
..1

,0,
=

   (Eq 3) 

Application Model 
For the purposes of evaluation we assume that an 
application can be represented as a set of tasks with 



dependencies, also known as a workflow or a DAG 
(directed acyclic graph). We note that our techniques can 
be applied to other application models as well, however 
within this paper, we use the term application and 
workflow interchangeably. . The task runtimes on each of 
the computational resources is assumed to be known. The 
runtimes could be estimated analytically using component 
performance modeling [17] or empirically using historical 
information [18]. The amount of data transferred between 
each parent and child task in the application is assumed to 
be known. If the parent and child tasks are executed on the 
same site, the data transfer time is assumed zero. 
Otherwise, the data transfer time can be computed using 
bandwidth and latency information. 
Resource Provisioning Problem 

The goal of resource provisioning is to identify a 
subset â of Â0,t such that the application makespan and the 
provisioning costs are minimized. The subset â is also 
called the resource plan. The provisioning cost of the 
resource plan â, is termed as the allocation cost and is 
denoted by AC(â). The allocation cost is defined as  

AC(â) = ∑
>∈<

+
a

iiii fcdn
ˆ.

)..(    (Eq 4) 

The allocation cost represents the total payment for 
allocating the slots in the plan from the providers. 
Minimizing the allocation cost encourages the efficient 
utilization of the provisioned resources since any unused 
capacity represents an unnecessary addition to the 
allocation cost.  

The application makespan on â is termed as the 
scheduling cost of the plan, SC(â).  

SC(â) = makespan of the application over â. 
 (Eq 5) 

In order to determine the makespan of the application 
over the resource plan, â, a scheduling algorithm is 
required. Since the resource availability and the application 
task runtimes are known deterministically, the schedule of 
the application tasks over â can be computed using any 
DAG scheduling heuristic. We use the  Heterogeneous 
Earliest Finish Time (HEFT) [19] that is described in 
section 3 and is regarded as a good scheduling heuristic. A 
resource plan is called infeasible if the application cannot 
be completely scheduled onto it and its scheduling cost is 
considered infinite.  

The resource provisioning problem faced by the 
resource broker is the following multi-objective 
optimization problem 

⎥
⎦

⎤
⎢
⎣

⎡
⊆ )ˆ(

)ˆ(
min̂
ˆ aSC

aAC
Aa

           (Eq 6) 

where both the allocation cost, AC(â) and the 
scheduling cost, SC(â) are sought to be minimized. In the 

next section, we describe the heuristic for obtaining a 
solution using the concept of Pareto-optimality.  

3. Concept of Pareto Optimality and MOGA 
Evaluation 
While two different solutions can be directly 

compared to each other based on the value of a single 
objective, it is not possible to do so in the case of multiple 
objectives. For example, a particular resource plan, â1 may 
have a lower allocation cost and a higher scheduling cost 
than another resource plan, â2. Thus â1 and â2 cannot be 
directly compared with each other. However, if â1 or â2 
have a lower allocation cost and a lower scheduling cost 
than another resource plan â3, then both â1 and â2 are 
superior to â3. We use the concept of domination from [20] 
in order to compare two resource plans in the context of 
our optimization problem. 

A resource plan âi is said to dominate another 
resource plan âj, if both condition 1 and 2 are true: 

1. The allocation cost and scheduling cost of âi is 
no worse than that of âj i.e. AC(âi) ≤ AC(âj) and 
SC(âi) ≤ SC(âj) 

2. The solution âi is strictly better than âj in at least 
one objective i.e. either AC(âi) < AC(âj) or 
SC(âi) < SC(âj) or both.  

If any of the above conditions is violated, âi does not 
dominate âj. Figure 1 shows the allocation cost and 
scheduling cost of five hypothetical solutions, each 
representing a different resource plan. As can be seen, 
none of the solutions is optimal with respect to both 
objectives. Solution â4 is dominated by â2 and solution â5 is 
dominated by both â2 and â3. Solutions â1, â2, â3 do not 
dominate each other and are not dominated by any other 
solution. Given, the entire set of solutions to a multi-
objective problem, the set of solutions that are not 
dominated by any other solution in the entire set is known 
as Pareto-optimal set. For example, in Figure 1, if the 
entire solution set was composed of the given five 
solutions, then â1, â2, and â3 would form the Pareto-optimal 
set.  

 
Figure 1. The solutions â1, â2, and â3 dominate the 

solutions â4 and â5. 
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Thus a multi-objective problem can have multiple 
solutions represented by the Pareto-optimal set instead of 
having a single solution as would be the case in a single 
objective optimization problem. However, since a single 
solution is usually required for implementation instead of 
multiple ones, the most common approach in multi-
objective optimization problems is to create a weighted 
sum of the objectives as the single objective. For example, 
we could have created the following single objective 
formulation (Equation 7) of the resource provisioning 
problem instead of using Equation 6 and found a solution 
using any search based heuristic such as taboo search, 
simulated annealing etc.  

)ˆ().1()ˆ(.min̂
ˆ

aSCaAC
Aa

αα −+
⊆

   (Eq 7) 

However, the drawback of this approach is that the 
value of the allocation and the scheduling costs are not 
normalized in this equation. The range of the possible 
values of allocation cost and the scheduling cost for a 
given Â0,t and an application is generally non-
commensurate and not known in advance. Without 
normalizing these costs, any weight factor would not have 
the desired effect. The Pareto-optimal set allows the user to 
normalize the objective function values by defining the 
following normalization functions. 

minmax

min

minmax

min )ˆ()ˆ(,)ˆ()ˆ(
SCSC
SCaSCaSC

ACAC
ACaACaAC nrnr −

−
=

−
−

=  (Eq 8) 

where, ACmin(max) = minimum(maximum) allocation 
cost and SCmin(max) = minimum(maximum) scheduling cost 
of any solution in the Pareto-optimal set 

The approach that we have taken in this paper is to 
create the Pareto-optimal set of solutions (PO) and then 
select a solution from the set using the following objective 
function (Equation 9) and a trade-off factor, α [0,1] 

)ˆ().1()ˆ(.min
ˆ

aSCaAC nrnrPOa
αα −+

∈
         (Eq 9) 

The trade-off factor represents the user’s preference 
for the allocation and the scheduling cost. Using this 
approach multiple solutions representing different tradeoffs 
can be selected from the Pareto-optimal set without any 
extra effort. In the single objective formulation, each 
desired tradeoff would require the search to be repeated 
again with new weights. Moreover, any solution to the 
single objective optimization problem (Equation 7) must 
be a Pareto-optimal solution. 

Most search procedures such as taboo search, 
simulated annealing, etc work with a single solution at a 
time and are designed to find a single optimal solution. 
Genetic algorithms (GA) on the other hand work with a 
population of solutions and hence are well-suited to find 
the Pareto-optimal set. There has been a tremendous 
amount of work in the last decade on using GA for multi-
objective optimization where the goal is to find the Pareto-

optimal set [20, 21]. In this paper, we use a multi-objective 
GA (called MOGA) version first introduced by Fonseca 
and Fleming [15] in 1993 for creating the Pareto-optimal 
set of solutions. While there are other well known 
formulations of multi-objective GA such as Non-
Dominated Sorting GA and niched Pareto GA [20], we use 
MOGA for its simplicity and the fact that it operates in the 
objective variables space rather than the decision variable 
space (explained below).  
Multi-objective Genetic Algorithm (MOGA) 
formulation 

All multi-objective Genetic algorithms are 
modifications of their single objective versions in special 
ways and do not differ significantly from their single 
objective counterparts. A resource plan in MOGA is 
encoded as a n bit binary number where n = |Â0,t|. Each bit 
in the number represents a slot in Â0,t. If the bit is 1, the 
slot is included in the plan otherwise it is not.  The fact that 
MOGA operates in the objective variable space implies 
that it uses allocation cost and scheduling cost values of 
resource plans for determining their fitness rather than the 
absolute value of the binary number representing the plan 
which doesn’t represent any meaningful value. The 
scheduling cost of a resource plan is determined by the 
makespan of the application as determined by applying a 
specified scheduling algorithm, such as HEFT (described 
below) to the workflow and slots. The allocation cost is 
computed from the  size, duration, multiplicative and 
additive costs of each  slot in the plan (Equation 4).  

The detailed working of MOGA is described in [20] 
and a high-level description follows. MOGA, like any 
other GA operates using a population of certain number of 
solutions. Each solution is a resource plan. The initial 
population is created by randomly picking numbers 
between 0 and (2n-1) and creating resource plans based on 
the binary representation of the numbers. The allocation 
and scheduling cost of each solution in the population is 
evaluated and the non-dominated members of this initial 
population are added to a Pareto-optimal set. MOGA goes 
through a specified number of iterations. At each iteration,  
• a new population is created from the old one using the 

genetic operators of selection, cross-over and mutation. 
•   A combined set is created by adding the new 

population to the members of the Pareto-optimal set.  
• The non-dominated members of this combined set 

becomes the new Pareto-optimal set.  
• The new population replaces the old population. 

At the end of the specified number of iterations, the 
current Pareto-optimal set is returned as the solution. Note 
that the Pareto-optimal solutions created by MOGA are 
only an approximation to the real set of Pareto-optimal 
solution since MOGA like any other GA is a stochastic 
algorithm and cannot guarantee optimality. However, for 



the purposes of this paper, we will refer to the set of 
solutions returned by MOGA as the Pareto-optimal set.  
Heterogeneous Earliest Finish Time (HEFT) scheduling 
heuristic 

HEFT[19] has been found to perform better than 
other scheduling heuristics in some studies [22] and also in 
our experiments (later this section). HEFT was originally 
developed for scheduling task graphs on heterogeneous 
dedicated multiprocessing systems. It works by assigning a 
rank to each task in the application and then scheduling 
tasks based on the rank. While in the original HEFT[19], a 
task can be scheduled on any processor, in our case, it may 
not be possible to schedule a task on a slot if there isn’t 
sufficient overlap between the timeframe when the slot is 
active and the possible execution time of the task.  Figure 2 
lists the HEFT algorithm along with the slotSchedule 
routine that checks for the feasibility of running a task on a 
slot.  If HEFT returns failure to schedule a task on any slot 
in step 6 (Figure 2), then the resource plan is considered 
infeasible and its scheduling cost is considered infinite. 

  
Figure 2. Slot based Heterogeneous Earliest Finish 

Time (HEFT). 
 

MOGA experiments 
In order to evaluate MOGA, we created a set of slots 

representing 4 Grid sites where each is a cluster of 10, 20, 
30, and 40 processors respectively. Slots for each site are 
generated using a Poisson process with a mean slot runtime 
of 1000 seconds and a mean inter-arrival time of 1000 
seconds. For each site, the start time of the first slot is zero. 
The start times of the other slots equal to the start time of 
the previous slot plus the inter-arrival time. The number of 
processors in each slot is randomly generated from 1 to the 
maximum number of processors on the resource. The set 
Â0,t is generated by using t = 30000 and |Â0,t| = 124. All the 
slots have ci = 1, fi = 0, bi = false, ei = false.  

The application is generated using a parameterized 
task graph generator. The application consists of 100 tasks 
with an average runtime of 100 seconds (< 1000s which is 
the average slot runtime) which ensures that the tasks can 
be easily scheduled on the slots. The application structure 
is shown in Figure 3. The tasks with no input dependencies 
are considered at level 0 and the level of any other task is 
the maximum level of any of its parents plus one. The 
application is balanced with 10 levels and 10 tasks at each 
level on the average. The amount of data transferred 
between the parent and child tasks is such that the average 
data transfer time is of the same magnitude as the average 
runtime of tasks.  

 
Figure 3. Artifically generated workflow with 100 tasks. 

We instrumented MOGA to record all feasible 
solutions encountered. While there were 1742 feasible 
solutions for this particular problem, only 40 of them were 
Pareto-optimal (Figure 4). Figure 5 shows the makespan 
and the allocation cost of the solution selected from the 
Pareto-optimal set using different trade-off factors (α). The 
value of the trade-off factor is shown in X-axis while the 
makespan and allocation cost are plotted against the 
Y1(left) and Y2(right) axis respectively. Figure 5 shows 
the behavior of the costs and the combined metric of 
Equation 9. There is clearly a trade-off between the 
allocation and scheduling costs. We can see that using the 
combined metric, we can achieve considerable reduction in 
the allocation cost for a little increase in the scheduling 
cost. 

Compute ranks of all application tasks (bottom-up) 
Rank(ni) = wi + maxnjЄsucc(ni)(ci,j + rank(nj)) 
wi = average runtime of task i 
ci,j = average data transfer time between task i and j 
1. Sort the tasks in a list by non-increasing rank values 
2. While there are unscheduled tasks in the list do 
3. Select the first unscheduled task,ni from the list 
4. For each slot s in the resource plan 
5. Compute the finish time of ni on s (slotSchedule(s, ni)) 
6. If no slot can schedule ni, return failure, else schedule ni on the 

slot that leads to the earliest finish time, update the slot schedule 
7. Endwhile 
8. Return the application task schedule on the slots in the plan. 
 
 
numproc(ni) = number of processors required by task ni 
runtime(ni,s) = runtime of task ni on slot s 
numproc(s) = number of processors in slot s 
runtime(s) = duration of slot s 
starttime(s) = starttime of slot s 
est(ni,s) = earliest possible start time of ni on the slot s based on finish 
time of its parents and the data transfer times if necessary 
 
 
slotSchedule(slot s, task ni) 

if (numproc(ni) > numproc(s)), return failure 
if (runtime(s) < runtime(ni,s)), return failure 
if (starttime(s) + runtime(s)) < (est(ni,s) + runtime(ni,s)), return 

failure 
sort the earliest available time of processors in the slot in ascending 

order in a list 
term(p) = pth term in the list 
ast(ni,s) = larger of est(ni, s) and term(numproc(ni)) 
if (ast(ni,s) + runtime(ni,s)) ≤ (starttime(s) + runtime(s)) 

return (ast(ni,s) + runtime(ni,s)) as the earliest time when ni can 
finish on the slot 

else 
return failure 

if actual scheduling is required, update the availability time of the 
first numproc(ni) processors in the list as (ast(ni,s) + runtime(ni,s)) 

EndslotFinishTime 
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Figure 4. The set of all feasible and Pareto solutions. 
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Figure 5. The scheduling and allocation cost of 

solutions selected from the Pareto set using different α. 
We also evaluated three other scheduling algorithms 

in addition to HEFT. The first one was a low complexity 
greedy scheduling algorithm that creates a topologically 
sorted list of tasks in the application. Then it goes through 
each task in the list, scheduling it on a slot that will 
minimize the current makespan. The other algorithms are 
the Min-Min and the Max-Min algorithms as described in 
[17]. These algorithms partition the application into levels 
where each level is a set of independent tasks. At each 
level the Min-Min and the Max-Min algorithms are used 
the schedule the tasks onto slots. We created the set of 
Pareto-optimal solutions using each of the scheduling 
algorithms and then combined them. In the combined set, 
the dominated solutions were purged, leaving behind 39 
non-dominated solutions. Out of these 39 non-dominated 
solutions, Figure 6 shows the number of solutions found by 
each of the four scheduling algorithms. Clearly, most of 
the non-dominated solutions were found using the HEFT 
algorithm. While all the scheduling algorithms found 
similar number of solutions, the solutions found by HEFT 
dominated the solutions found using other scheduling 
algorithms showing its superiority. HEFT has also been 
shown to perform better than other myopic or evolutionary 
based workflow scheduling strategies in Grid environments 

[22]. Hence, we use HEFT as the scheduling policy for all 
the experiments described in this paper. 

Uniform Slot Pricing: Scheduler Policy
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Figure 6. Effect of scheduling policy. 

We also performed experiments to determine the 
effect of different MOGA parameters on the solution 
quality. The experiments compared the solutions using the 
domination principle as described previously in the 
scheduler policy experiment. The population size was 
found to have a greater effect than the number of iterations. 
This can be understood by the fact that in the initial 
population, each member represents a unique solution. All 
the later solutions are generated from this initial population 
using different genetic operators and so their solution 
quality is related somehow to the solution quality of the 
initial population. Hence, in situations where the runtime 
complexity of MOGA becomes important, we prefer to 
have a bigger population size and a smaller number of 
iterations. Also, we found the 2 point crossover operator to 
be more effective than a 1 point or a 3 point crossover 
operator. Similarly, mutation with a mutation probability 
of 1/n was found helpful in finding a diverse set of Pareto-
optimal solutions. 

4. Design of a Slot Generating Local 
Scheduler 
In this section, we describe extensions that allows a 

conservative backfilling based scheduler to advertise 
available resources in the form of free slots. Conservative 
backfilling is an optimization to the first come first serve 
scheduling policy that allows a task to be started earlier if 
it would not delay the start time of any task that has come 
before this task [23]. When a task is en-queued, the 
scheduler allocates resources for it i.e. creates a reservation 
at the earliest possible time. In order for the non-delaying 
guarantee to work, we do not move the reservations 
forward in time if a task completes earlier then the 
specified runtime and tasks are not allowed to execute past 
their specified runtime either. Thus for all practical 
purpose, the expiration time of the reservation for the task 
is considered as the task completion time.  



The set of reservations for the currently running and 
queued tasks represents the site schedule. The scheduler 
can then determine the free slots in its schedule by creating 
windows for each processor that shows when the processor 
is free from the current time to some time in future called 
the slot horizon. The slot horizon is strictly larger then the 
end time of any current reservation thereby guarantying 
that each processor has at least one free window. For this 
paper, we use a slot horizon that in addition, falls on a 24 
hour boundary from the current time in order to model 
availability in multiples of 24 hr periods. Each window is a 
tuple containing < processor id, start time, end time>. 
Windows across processors having the same start and end 
time are consolidated into free slots and advertised 
periodically or on demand. The set of free slots is affected 
whenever a new task is queued and resources are allocated 
to the task from those currently available. 

In order to illustrate the slot formation process, 
Figure 7 shows a simple site schedule with three 
reservations (Resv A, Resv B, Resv C) for submitted tasks 
A, B, and C respectively. The current time is represented 
by the leftmost end with the future moving to the right. The 
slot horizon is at end of time 6 while the maximum 
scheduled end time of any reservation is time 4 (for task C). 
Then for each processor, we create windows of free time 
from the current time to the slot horizon based on the 
current schedule. The scheduler then consolidates windows 
with the same start and end time into slots resulting in the 
six free slots shown in the figure. 

 
Figure 7. Free slots in the resource schedule. 

In order to reduce the time required to create the set 
of free slots, the scheduler always maintains this set and it 
is kept sorted by the start time of the slots in an ascending 
order. This set is updated every time a task is submitted. 
Indeed, even the conservative backfilling is implemented 
by scheduling a submitted task to the first slot or set of 
slots that can execute the task. When the end time of a slot 
is followed by the start time of a reservation on the 
processors constituting the slot, the slot is termed 
indivisible and non-extensible (bi = false, ei = false, 
Section 2). Slot 1, 2, and 3 are indivisible and non-
extensibility in Figure 7. When the end time of a slot 

coincides with the slot horizon, then the slot is termed 
divisible and extensible (bi = true, ei = true). Such slots are 
4, 5, and 6 (Figure 7). By making these slots extensible, the 
scheduler is able to advertise future resource availability 
beyond the slot horizon as well.  

While extensibility constraints can be easily 
understood, the divisibility constraints are meant to reduce 
fragmentation of the resources. The best effort jobs get a 
better treatment by the scheduler since a best effort job can 
get backfilled onto an indivisible slot paying only for the 
resource requested while if the same job were to be run by 
provisioning the slot, payment for the whole slot would 
have to be made regardless of usage if the slot were 
indivisible. However, in return, the best effort jobs are 
charged for their requested runtime even if they complete 
earlier. Divisible and extensible slots are more attractive 
for the provisioned approach but tend to lie farther in the 
future in this design. All the slots are advertised with a 
multiplicative cost of 1 and an additive cost of 0.  

5. Comparison of Best effort and 
Provisioned approach using trace 
simulation 
Previously it has been asserted that resource 

provisioning might or might not improve the application 
performance while always making it more predictable in a 
simplistic single machine environment [24]. In this section, 
we do a more thorough comparison of the application 
performance (makespan) when the application is executed 
using the best effort and the provisioned approach. In 
addition, we also compare the resource costs of the two 
approaches from the perspective of the user.  

We simulated two Grid sites representing a 430 node 
and a 128 node cluster. The workload simulated on these 
clusters was based on logs from the 512 node IBM SP2 
Cornell Theory Center (CTC) (430 nodes operational) and 
the 128 node IBM SP2 at the San Diego Supercomputer 
Center (SDSC) obtained from the Parallel Workloads 
Archive [25]. The simulator was a modified version of 
GridSim simulator [26] with extensions for parallel job 
scheduling and conservative backfilling. Most of the 
current Grid sites use some sort of backfill-based 
scheduling policy [27]. The scheduler described in the 
previous section was used as the local scheduler for these 
resources. The performance of conservative backfilling has 
been shown to have similar benefits as the more widely 
used aggressive backfilling [23] with the added advantage 
that the job start time can be predicted in advance. 
Moreover, we use the actual runtime of the tasks as 
reported in the logs as their requested runtime with the 
result that the end time of the jobs is also known in 
advance. The processors on both sites were considered 
homogeneous for simulation purposes.  
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Executing an application using the best effort 
scheduling on the sites was done by simulating a just in 
time scheduling policy. Each task in the application was 
submitted to the resource queue when it became ready for 
execution i.e. all its parent tasks finished execution. The 
time difference between the time when the first task in the 
application was submitted to the resource queue and the 
time when the last task finished execution is taken as the 
best effort makespan of the application. Each application 
was executed on a single site only and the experiments 
were repeated for both sites.  

The allocation cost of best effort execution is the sum 
of the runtime of the task multiplied by the number of 
processors required by the task over all the tasks in the 
application. 

∑=−
V

ipiteffortbest vvAC .                (Eq 10) 

V = set of all tasks in the application (v1,…,vn) 
vit = runtime of a task vi  
vip = number of processors required by task vi 

This allocation cost reflects the fact that in best effort 
execution, as per the current practice, one only pays for the 
resources used by the task during its execution. Thus the 
allocation cost for an application is constant for best effort 
execution and is the lower bound on the allocation cost of 
the provisioned approach.  

For the experiments, we use the workflow shown in 
Figure 3. The average runtime of the tasks is 1000 seconds. 
Since each application is executed on a single site, the data 
transfer time between the tasks is zero. For the SDSC 
cluster, the average number of processors per task in the 
application is 6 while for the CTC cluster, the average 
number of processors per task is 22, making the average 
width of the application, half of the maximum number of 
processors on the resource. 

We further modified the HEFT algorithm to do cross 
slot scheduling. This implies that if a slot does not have 
enough processors to schedule a task, then HEFT would 
consider combinations of slots that overlap in time to 
schedule the task. Furthermore, it uses the extensibility 
attributes of slots to extend them for scheduling tasks with 
longer runtimes than the specified slot duration. After the 
schedule is completed, for divisible slots, we allocate only 
those parts of the slots where tasks are scheduled leading to 
lower allocation costs.  

The client queries the set of free slots (using t = ∞) 
from the site being simulated when the application is 
submitted (usually a week or more into the simulation 
time) and generates a resource plan using MOGA and a 
given trade-off factor α. We compute and record the 
makespan and the allocation cost of this resource plan. The 
application is then executed using best effort. The 
allocation cost of the best effort approach is always 

constant for an application as mentioned earlier. This 
process is repeated 50 times by submitting the application 
at different times during the simulation run and the average 
is taken. All the experiments were performed for both sites.  

Figure 9 shows the makespan and the allocation cost 
of the best effort and the provisioned approach on the 
SDSC and CTC cluster. The results of the provisioned 
approach are shown for different values of the trade-off 
factor α. For the SDSC cluster, the makespan of the 
provisioned approach is considerably less than that of the 
best effort approach for lower values of the trade-off factor 
α at the cost of an increased allocation cost. For the CTC 
cluster, however, the provisioned makespan is lower than 
the best effort makespan for all values of α at a cost of little 
or no increase in the allocation cost. This can be explained 
by the lower utilization of the CTC cluster (64%) as 
compared to the SDSC cluster (74%) which provides more 
free slots to schedule the application on. While the best 
effort allocation cost remains a lower bound on the 
provisioned makespan, MOGA is able to approach that 
lower bound using higher values of α. The lower makespan 
in general of the provisioned approach is due to the fact 
that each best effort task experiences some queue wait time 
at the sites based on the current workload and the child 
tasks are not released for submission until the parent tasks 
have finished execution. With the provisioned approach, 
resources are provisioned for the entire application ahead 
of execution leading to lower makespans in general. 

Figure 9 also shows the standard deviation of the 
makespan and the allocation cost. The standard deviation 
of the makespan using the best effort is generally higher 
than that of the provisioned approach. This proves that the 
provisioned approach provides better insulation for the 
application against dynamic changes in the resource 
workload. As the value of α increases, the standard 
deviation of the provisioned makespan increases and the 
allocation cost decreases due to the increased emphasis on 
reducing the allocation cost. The allocation cost of the best 
effort is a constant and hence its deviation is zero.  

We also performed experiments to determine the 
effect of the task size on the makespan and the allocation 
cost. The task size is varied by changing the average 
number of processors per task in the workflow while the 
workflow structure remains the same. Figure 10 shows the 
effect of the task size on the makespan and the allocation 
cost of the best effort and the provisioned approach on the 
SDSC and the CTC clusters. The performance of the 
provisioned approach is shown using tradeoff factors of 
zero and one that represents the lower and upper bounds 
for the makespan and the allocation cost of the provisioned 
approach. The figure shows the provisioned makespan and 
allocation cost in percentage terms relative to the best 
effort, which is considered 100 percent. For both the 
clusters, as the task size increases, the application 
performance in the provisioned approach relative to the 



best effort improves. As the task size increase, there is no 
significant effect on the allocation cost since most of the 
tasks are scheduled on the divisible slots or their 
combinations due to the large task size. With larger task 
sizes, the chances of the best effort scheduler being able to 
backfill them earlier in the schedule decreases and their 
queue wait time increases. This shows that the provisioned 
approach is well suited for workflows with highly parallel 
tasks.  

The production Grid sites such as Teragrid [1] etc 
often experience high to very high utilization levels [16]. 
We performed experiments to ascertain the effect of the 
resource utilization on the performance of the provisioned 
approach. These experiments were done only for the SDSC 
cluster though we expect the results to be similar for the 
CTC cluster. For increasing the load, we made two copies 
of the workload trace using a method adopted in [28]. The 
first trace started on midnight 1st May 1998 and the second 
one on midnight 29th May 98 (exactly four weeks later). 
Just simulating the first trace gave a resource utilization of 
74%. For increasing the load, both the traces were fed 
simultaneously to the simulator. While all tasks in the first 
trace were submitted to the resource as per their recorded 
submission time, the tasks in the second trace was 
submitted to the resource only with a certain probability. 
Increasing this probability allowed us to increase the load 
while not changing the task characteristics in the workload.   

Figure 11 shows the allocation cost and the makespan 
of the provisioned approach as a percentage of the best 
effort, which is plotted as 100 percent. In this case, a single 
tradeoff factor of 0.5 is used for generating the provisioned 
results. The results are shown for different task sizes and 
different resource utilization levels. Except for the case 
where the application is composed of uniprocessor tasks, 
the provisioned makespan becomes smaller as compared to 
the best effort as the resource utilization increases. The 
reason is that due to the increased load, the queue wait 
times of the best effort tasks increase leading to an 
increased makespan. The allocation cost of the provisioned 
approach is not significantly affected. This shows that the 
provisioned approach is more attractive when the resources 
are highly loaded and the applications have significant 
resource requirements.  

6. Comparison of the best effort and 
provisioned performance of a seismic 
hazard analysis application 
In the previous sections, we compared the 

performance of the provisioned and the best effort 
approaches using artificially-generated applications. In this 
section, we use a seismic hazard analysis application taken 
from the earthquake engineering community, called 
CyberShake [29]. The workflow has 5 levels with 8039 
tasks and the structure of the workflow along with the 

module names is shown in Figure 8. Table 2Error! 
Reference source not found. shows the average runtime 
and number of processors required for each module. Levels 
four and five in the workflow contain 4017 tasks each with 
the same module (synthSGT and peakValCal respectively) 
operating on different datasets. Since the parallel tasks at 
level 2 and 3 in the workflow (shown in gray) would not be 
able to execute on the SDSC cluster, we simulated the 
execution of this workflow on the CTC cluster only. The 
runtimes of the tasks in the workflow were acquired from 
the provenance records of the previous runs of the 
workflow on the HPCC (High Performance Computing & 
Communications) cluster at the University of Southern 
California (USC). 

Table 2. Module details of the CyberShake workflow. 
Module 
name 

# of tasks Avg runtime 
(seconds) 

# of 
processors  

fd_grid_xyz 1 1 1 
preSGT 1 300 1 

fd_grid_cvm 1 2100 288 
pvml_chk1 1 86400 288 
pmvl_chk2 1 86400 288 
synthSGT 4017 519 1 

peakValCal 4017 1 1 

 
Figure 8.  The seismic hazard analysis workflow. 

We simulated different background loads on the CTC 
cluster by making two copies of the workload and 
probabilistically adding portions of the second copy to the 
simulated workload as described in the previous section. 
As a result, we were able to vary the resource utilization of 
the CTC cluster from 63% to 94%. For each utilization 
level, we simulated the workflow execution using both best 
effort and the provisioned approach at different points 
during the simulation run and averaged the makespan and 
allocation cost metrics. We used a trade-off factor of 0.5 
for creating the resource plan.   

Figure 12 show the makespan and the allocation cost 
of the workflow execution using the best effort and the 
provisioned approach. At 63% utilization, the best effort 
makespan is 476811 seconds (5.5 days) which is similar in 
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magnitude to the observed makespan of the workflow on 
the HPCC cluster. The provisioned makespan at this 
utilization level is 23% lower than the best effort value. 
The best effort makespan sharply increases as the resource 
utilization exceeds 80%. The growth in the provisioned 
makespan is less pronounced. At 94% utilization level, the 
provisioned makespan is 56% lower than the best effort 
makespan. Figure 12 also shows the standard deviation of 
the makespan and allocation cost. The standard deviation 
of the best effort makespan is more than the provisioned 
makespan and increases with the utilization of the resource. 
The standard deviation of the provisioned allocation cost is 
very small at the highest utilization level and negligible at 
lower levels.  

The allocation cost of the best effort and provisioned 
approach does not differ significantly as the resource 
utilization level is changed. The reason is that with the 
provisioned approach, due to the large size of the parallel 
tasks, these and the later parts of the workflow had to be 
scheduled on the divisible/extensible slots at the end of the 
resource schedule which are very cost effective. In practice, 
special reservations had to be set up for these tasks on the 
HPCC cluster since the best effort queues were not 
configured for such large tasks. 

7. Discussion 
The makespan using best effort was generally less 

than the makespan of the provisioned approach in our 
evaluation due to the fact that the Grid scheduler was not 
capable of handling dependencies and hence the child tasks 
has to be submitted only after the parent tasks had finished 
execution. Some resource management systems such as 
PBS, Maui, Condor, LSF etc do allow the user to specify 
dependencies between submitted tasks. Depending on the 
system used, these tasks might or might not gain priority in 
queue while waiting for their dependencies to be satisfied. 
For example, PBS when used standalone allows such tasks 
to gain priority but when used with the Maui scheduler 
(which is the most common case), it is generally 
configured otherwise. The dependency manager in Condor 
(DAGMan) also waits for the completion of parent tasks 
before submitting child tasks to resource queue. Any 
production system must disallow such tasks with 
unsatisfied dependencies from gaining priority while 
waiting in order to prevent system abuse. Abuse can occur 
when a single user submits a large scale workflow in its 
entirety thus dominating the resource allocation for the 
timeframe of the execution of the workflow, preventing 
other users from gaining their fair share of the resource. 
Moreover, since dependencies are only recogonized 
between the tasks submitted to the same resource queue, 
this mechanism has limited use for workflows executed 
using multiple resources.  

One major concern with the use of Genetic 
Algorithms is its run time complexity. In our case, the 
complexity derives from the fact that in order to compute 
the fitness of an individual (resource plan), a schedule of 
the application has to be created. This fitness computation 
has to be done for each individual in the population at each 
iteration. Thus the total complexity is roughly equal to the 
scheduling complexity times the population size times the 
number of iterations. While the scheduling complexity is 
fixed, the runtime complexity of the GA can be controlled 
by reducing the population size and the number of 
iterations. For example in the CyberShake workflow with 
8039 tasks (Section 6) in the 63% utilization case, the 
average time taken by MOGA to compute the pareto set 
was 5.6 minutes with a population size of 10 and 10 
iterations on a 2 GHz Pentium 4 machine. Moreover, this 
runtime cost is negligible as compared to the reduction in 
makespan due to provisioning which was 30.6 hours in this 
case. 

In Section 4, we have assumed that the tasks report 
their actual runtimes so that the end times of these tasks are 
accurately known to the scheduler. However, in practice 
users generally quote task run times that may be 
significantly more than the actual run times. In a 
provisioning based environment, these loose runtime 
estimates can adversely impact the performance perceived 
by the provisioned users since the free slot calculation is 
based on these task runtime estimates. For example, 
increasing the runtimes of the tasks in the workload by 
10% and 20%, the provisioned makespan increased by 3% 
and 7.7% respectively in the case of CyberShake workflow 
with 63% resource utilization (it was still less than best 
effort makespan which was 30% more than the provisioned 
makespan). Thus the resource providers might decide to 
charge best effort users based on their runtime estimates or 
charge penalties for wrong estimates which would 
encourage users to provide tight runtime estimates.     

The multi-objective GA formulation used in this 
paper can be used to consider other performance metrics in 
addition to or instead of the application makespan. 
However, the size of the Pareto-optimal set generally 
increases with the number of objectives. In addition, the 
GA formulation becomes computationally expensive as the 
number of tasks in the application increase. This is due to 
the fact we that we have to create a complete schedule of 
the application on each individual in the population to 
gauge its fitness (allocation and scheduling cost). For 
applications with large number of tasks, we might have to 
consider additional measures such as partitioning the 
application and overlapping the planning with the 
execution of the application.  

The increased allocation cost of the provisioned 
approach as compared to best effort is a fallout of the 
restriction that the non-divisible slots have to be 
provisioned in its entirety irrespective of how it is going to 



be ultimately used. Thus the client has to pay for the whole 
slot even if only a part of it is going to be used. By 
requiring that slots be provisioned as a whole, the resource 
provider increases its revenue by passing on this 
fragmentation cost to the user as the allocation cost. 
However, this over-provisioning of resources by the broker 
can become useful when the application tasks exceed their 
expected resource requirements and need more resources 
to execute or multiple applications have to executed 
concurrently. 

The  advertisement of a slot is advisory and does not 
guarantee that the slot will actually be available should an 
application decide to allocate it. Actual allocation of the 
slot will be subject to policy enforcement by the resource 
provider at the point the allocation request is made. 
However, the model adopted in this paper leads to fewer 
interactions between the resource brokers and providers 
than other negotiation based approaches that provision 
resources for each application task separately [30-32]. 
Considering the large-scale nature of Grid applications, the 
multitude of users and resource providers, it is essential to 
make the provisioning process fast and efficient. Moreover, 
mechanisms such as the SNAP based three phase commit 
protocol [33] may be used to converge to a resource plan 
quickly using retries when contention between users or 
policy issues make some desirable slots available to the 
user.  

In this paper, we have restricted our attention to 
provisioning of compute resources. However, this 
framework can be extended to consider other types of 
resources also. In the described experiments, provisioning 
of network resources was not considered since each 
application was executed on a single cluster. Provisioning 
of network resources would become important when co-
allocating resources from multiple providers. Design of a 
generic slot based resource manager that can be used to 
manage network resources is discussed in [34]. The idea is 
to manage allocations using a reservation table similar to 
the site scheduler in Section 4 while doing the actual 
reservation using the RSVP [35] protocol. Hard guarantees 
can be obtained if the resource manager does admission 
control as well.  

8. Related Work 
There is a large body of research on application 

scheduling on dedicated systems [19, 36]. The resource 
provisioning is implicit in that the entire resource is 
considered provisioned. In Grid computing, due to the non 
deterministic nature of the resource availability, prediction 
services such as the Network Weather Service [37], queue 
wait time estimators [38, 39], etc are used to make 
scheduling decisions for the applications [40-42]. However, 
the resulting application performance is highly dependent 
on the quality of the predictions. Moreover, frequent 

adaptation is required for countering the dynamic nature of 
resource availability. 

Advance reservations have been widely proposed for 
provisioning resources for performance predictability, 
meeting resource requirements and providing guaranteed 
quality of service to applications [24, 30, 31, 43, 44]. A 
theoretical proof that reservations improve the performance 
predictability of applications in a simplistic scenario is 
presented in [24]. A resource model similar to ours is 
adopted in [43] where a client can probe the possible start 
times of a task on a resource. However, the reservation is 
for a single job instead of an application and a single 
resource slot has to be reserved. This has been extended in 
[44] to support co-reservations. However, the reservations 
are made based on an abstract resource description from 
the user. In our case, we create the set of reservations 
based on the resource availability in the Grid and a given 
application. Additionally it creates all combinations of the 
resource slots to find a feasible candidate. This might not 
be a feasible strategy if there are large numbers of 
available resource slots.  

In [31], authors create a reservation plan for a 
workflow by making reservations for each task 
individually. This may not be a feasible approach for large 
scale workflows containing thousands of fine-grained tasks. 
The focus in [31] is on increasing reliability of execution 
of the workflow and contention for resources is not 
considered. A similar strategy is adopted in [30, 45] where 
reservation or allocation for each task or activity in the 
application is done separately by negotiating with the 
resource providers. The cost of allocation is not considered 
in [30, 31]. In [45], authors employ a cost aware resource 
model similar to ours. However, the goal here is to 
concurrently maximize the resource and application utility 
using a centralized resource allocator. In our case, we use a 
distributed approach where the resource providers and 
users maximize their own utility. 

Genetic algorithms have been widely used for 
application scheduling on heterogeneous distributed 
systems [46-49]. However, in almost all the cases, the GA 
is used for scheduling or mapping the application whereas 
in our case, the GA is used for resource allocation and the 
scheduling is done using HEFT [19]. Moreover, even in 
cases, where multiple objectives are to be optimized, a 
weighted combination of the various objectives is used as a 
single objective to guide the search [47]. We do not use 
any weights or preferences during the GA search and the 
preference is specified only when the entire Pareto set has 
been created.  

There has been a recent focus on the framework [11, 
50] and protocols for agreement based resource 
management [33, 51, 52]. These provide the underlying 
plumbing required to instantiate a set of resource 
agreements for an application and complement the work 



presented in this paper. However, there has been little work 
on the reasoning process for selecting the set of agreements 
to be created for workflow structured applications. 

9. Conclusion 
In this paper, we have presented a multi-objective GA 

formulation for provisioning resources for an application 
using a slot-based resource model for optimizing the 
application performance and minimizing the provisioning 
cost. We have extended a conservative backfilling-based 
Grid scheduler to support resource provisioning in addition 
to providing best effort quality of service. Using a trace-
based simulation and an artificial and a real application, we 
have compared the application performance using the best 
effort and provisioned approach. We evaluated the 
sensitivity of the provisioned approach to changes in the 
user preference (trade-off factor), application task size and 
resource utilization. The results show that the provisioned 
approach outperforms the best effort execution when the 
size of the tasks in the application increase and the 
background load on the resources increase.  

In future, we plan to experiment with an advance 
discount pricing strategy and investigate the effect on the 
application and system performance. Furthermore, we plan 
to include the provisioning of storage and network 
resources in our provisioning model.  
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Figure 9. Allocation cost and makespan using best effort and the provisioned approach for different trade-off factors. 
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Figure 10. Allocation cost and makespan using the best effort and the provisioned approach for varying task sizes. 
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Figure 11. Allocation cost and makespan (as % of best effort values) of the provisioned approach with increasing resource 

utilization. 
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Figure 12, Allocation cost and makespan of the seismic hazard analysis workflow on the CTC cluster with the best 

effort and the provisioned strategy. 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


