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Abstract

The emergence of utility computing has led to a growing interest in extending the usability

of grid technologies beyond scientific computing, towards a more service centric model. From

the customer’s viewpoint, this model promises on-demand delivery of IT capabilities and usage

based pricing schemes. Grid providers on the other hand attempt to capitalize on this trend,

by exploring innovative ways of maximizing their revenues while ensuring high utilization of

resources. Maximization of business revenue requires differentiation of services based on QoS

criteria. Existing approaches on resource provisioning in the grid are designed to handle static

customer priorities with simplistic pricing policies. In reality, however, grid SLAs can express

multiple resource requirements with different QoS pricing and complex co-selection dependen-

cies. In addition, resource allocation in the grid does not address the problem of meeting

service guarantees, in case of resource downtime. Since many of these SLAs have very high

breach penalty clauses, service guarantees need to be satisfied even in case of failures. To this

end, we present QoS-GRAF, a framework for QoS based Grid Resource Allocation with Failure

provisioning. The proposed framework exploits the notion of revenue maximization based on

service differentiation, along with advanced reservation to handle failures. We design intelli-

gent algorithms to solve the grid resource allocation problem and analyze their performance

in terms of earned revenue, resource utilization and revenue loss resulting from failures.

1 Introduction

For a long time grid computing was viewed as the key technology for harnessing the compute power

of high performance virtual supercomputers connected across a WAN. However, with the emergence

of the utility grid computing paradigm, it has become increasingly desirable for organizations

worldwide to improve efficiency by outsourcing their business processes, and for providers to supply

grid capacity with the primary goals of charging for service usage and high utilization of shareable

computing. IBM’s Deep Computing Center on Demand (DCCoD) and the Sun Grid are examples

of on-demand grids providing large and small companies access to their supercomputing power.

1



In this utility model, the success of the customer-provider relation is largely dependent on

whether the business partner can be trusted to provide an on-time reliable service. To ensure this

quality of service, the provider and the customer mutually decide on a service level agreement

(SLA) that specifies among other things, base expectations from the service provider, differenti-

ated pricing policies based on different levels of QoS, and breach clauses specifying penalties to be

paid in case base requirements are not met. A successful and competitive provider must be able to

maintain customer goodwill by satisfying the demand for high-quality service, and at the same time

constantly look towards improving its efficiency via business process management technologies. At

the heart of these technologies lies the problem of business revenue maximization. Differentiated

pricing schemes offered by customers, associated with different levels of QoS expectations, empow-

ers the provider with the capability of business revenue maximization by way of quality of service

differentiation.

SLA-based business profit maximization has been studied for web servers[20]. However, in

the grid environment there are additional constraints that need to be addressed. A grid job is

typically dependent on multiple resources for its completion (e.g. CPU, disk, bandwidth) and each

of these dependencies must be satisfied for the job to execute. [18] proposes a co-selection solution,

where business values of jobs are interpreted from their priorities. However, in general, a job

could have different QoS requirements (with different price offerings) for each of its dependencies.

Therefore, assigning static priorities to jobs over-simplifies the problem. [3] proposes a business

process management framework that enables optimizing the business performance of executing

workflows by associating a business-value function with each process. Once again, resource co-

selection requirements are not addressed. In reality, customer SLAs may reflect varying degrees

of importance with different resource dependencies. [15] proposed an SLA-based approach to

scheduling workflows for grid environments. Tangible research results of the effort are not available,

and the proposal lacks the notion of optimizing business goals. In addition, none of these techniques

address the issue of provisioning for failures. In order to avoid paying heavy breach penalties, QoS

guarantees need to be met by providers even in case of resource failures.

We propose a framework for QoS based Grid Resource Allocation with Failure provisioning

(QoS-GRAF), that advocates optimizing business metrics based on SLA driven pricing policies.

Our work is most relevant to service oriented grid computing and failure provisioning. Within

the framework, we focus on designing revenue maximization algorithms – where given a batch of

jobs, their SLA specifications for multiple dependencies, and the set of available resources in the

grid, our objective is to (a) assign a primary resource for each job such that total revenue earned

is maximized, and (b) assign a backup resource for each job such that the total revenue loss is

minimized in the case of a failure. To the best of our knowledge, this is the first approach that

marries the idea of SLA based business performance optimization in utility computing grids with

the notion of failure provisioning.
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Figure 1: Example demand-revenue step functions

2 Business Profit Maximization in the Utility Grid

Before we formulate the problem, it is important to outline the key design issues involved in

providing business profit maximization for grid service providers.

2.1 SLA–based Service Differentiation

SLAs are emerging as the standard concept based on which the grid utility computing model is

shaping up [8]. An SLA captures the high-level service requirements, commonly termed as Service

Level Objectives (SLOs), as well as the business value associated with satisfying these requirements.

An example SLO of response time and its business values could be (response time < 10ms, revenue

earned = 1000$), (response time between 10-15ms, revenue earned = 300$) and (response time >

15 ms, revenue earned = 0$). In essence, the service level objectives along with pricing serve as an

incentive for providers to perform service differentiation and revenue maximization.

2.1.1 Providing QoS Guarantees

In order to earn business revenue, providers need to satisfy customer SLOs with certain guarantees.

However, in order to provide such guarantees, the SLOs need to be translated into corresponding

resource requirements, that can be monitored, managed, and provisioned. There exists a body

of research work [11, 14] that identifies the gap between business level metrics and resource level

requirements. Commercial tools have also been developed [4, 9] to translate the business metrics

into lower level resource requirements. These requirements can then be satisfied using provisioning

techniques. Several solutions have been proposed [6, 12] that deliver end-to-end QoS guarantees

using advance reservation, and work well for low-level resource requirements like MIPS, network

bandwidth, disk I/O operations etc. In the same context, solutions have been proposed [1, 2] for

supporting application–specific reservations on shared computing resources.

2.1.2 Demand-Revenue Model

Given the resource level requirements and the business values associated with satisfying the re-

quirements, it is possible to determine a demand-revenue function that captures the relationship

between the demand for a certain level of QoS and the price paid to a provider for meeting it. In
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Figure 2: Resource level SLOs of an application with network and storage dependencies

general, the demand-revenue function can be represented as F = f(d), where F and d represent

the revenue and the demand, respectively. We consider demand-revenue functions that have non-

decreasing revenue with increase in demand. From the customer’s point of view, it is intuitive to

adopt a step-wise demand-revenue function [20]. Therefore, the demand-revenue step function can

be written as

F(d) = α1f1(d) + α2f2(d) + ...αnfn(d), (1)

where

αi ∈ R, fi(d) = 1 if d ∈ [ai, bi), 0 otherwise, for i = 1,...,n (2)

We assume that a job has a demand-revenue function associated with each resource dependency.

Each step in this function represents a particular QoS level. The revenue at each QoS level i

represents how much a customer is willing to pay in order for its demand at that level to be satisfied.

The demand-revenue function captures the essence of pricing based service differentiation. Figure-1

illustrates some sample demand-revenue step functions.

2.1.3 Multiple Dependencies

Given a heterogeneous pool of resources in a grid (e.g. CPU, storage, network bandwidth, database

etc.), a dependency of a job indicates its requirement for a particular resource type. A job could

have multiple dependencies. Typically, some of these dependencies might be more important to

the customer than others, and hence s/he might be willing to pay more per unit price for these.

Thus, it is reasonable to assume that different dependencies of an application may have different

associated demand-revenue functions. Figure-2 shows resource level SLOs of an application and

the corresponding demand-revenue functions for the two dependencies of storage and network sub-

system. As is evident from the demand-revenue function, this customer has a higher base price for

network bandwidth but is willing to pay a higher per unit storage price.

2.2 Failure Provisioning

QoS service guarantees need to be met even in case of resource failures/downtime, which are not

uncommon in the grid composed of heterogeneous resources and services. Since SLAs often have

high penalty clauses, it is imperative for grid service providers to additionally provision resources

4



Revenue Loss=700 $
Overbooking=100 Units

Primary Revenue
= 1000 $

Primary Revenue
= 1000 $

Job 2

Job 1

Demand

(50, 250)
(100, 500)

(200, 1000)

R
ev

en
ue

R
ev

en
ue

Demand

200 Units

Primary
Job 1

Available

200 Units

Primary
Job 2

Available
50 Units 50 Units

(50, 100)
(100, 800)

(200, 1000)

R1 R2 R3

100 Units

Backup
(Job1, Job2)

Figure 3: Backup Sharing

for failures. Failure provisioning in grids can be either a re-active or a pro-active strategy. In the

re-active strategy, the decision of which resources will handle the failed job requests is taken after

the failure strikes. However, the discovery and provisioning time of a potential resource to host

the failed job, or the unavailability of such a resource at failure time, may result in jobs missing

their base service goals causing high revenue losses. In the pro-active scheme, it is decided apriori

where a job will be migrated to in case there is a failure, and resources are provisioned for it. So

in case of a failure, a switch to the backup resource can be guaranteed and made efficient. In the

context of business revenue maximization, pro-active failure provisioning reduces revenue loss of a

provider. QoS pricing policy based provisioning helps high revenue earning jobs to be backed up

at a higher QoS levels than their lower revenue counterparts.

The central issue in pro-active failure provisioning is that how much resources do you allocate

as backup for a job, assuming that the job is currently running with some primary resources.

Since backup resources need to be disjoint from the corresponding primary allocations, each job

will now have a primary and a backup allocation, for each dependency. The amount of resources

dedicated for backup reservation represents the percentage of overbooking in the system. In the

most conservative approach, one would reserve as backup the minimum resources required by

the job to execute in the system. However, this may result in large revenue loss. On the other

extreme, no revenue loss will be incurred if the entire amount of primary resources is overbooked.

But, given limited backup resources, it might be practically infeasible to design a system having

100% overbooking. Thus, it is important to find the backup allocation that minimizes revenue loss

without excess overbooking.

2.2.1 Backup Sharing

Overbooking in a system can be reduced by sharing backup resources among jobs that can be

guaranteed never to fail simultaneously. Consider a system with three resource R1, R2 and R3

with capacities 250, 250 and 100 units respectively, and two jobs with demand-revenue functions
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as shown in Figure-3. Job 1 runs on R1 with a primary reservation of 200 units, earning 1000$

and job 2 runs on R2 at its maximum requirement (200 units for 1000$). Assume the single failure

model, where either R1 or R2 (but not both) can fail. In the absence of other information, both

failures have equal likelihood and we need to protect both jobs against any one of them. The

approach we take is to provision backups such that the total revenue loss is minimized. When no

backup sharing is allowed, the best option is to backup job 1 at level 2 on R3 and job 2 at level

1 on R1. This may incur a worst case revenue loss of 750$ and an overbooking of 150 units. But

with backup sharing, both jobs can share backup capacities on R3, i.e. both jobs can be backed

up at level 2 on R3 incurring a worst case revenue loss of 500$ and overbooking of 100 units.

2.3 Tying the knot: Service Differentiation with Failure Provisioning

SLA based service differentiation and failure provisioning are two important principles we consider

for business profit maximization in the grid computing model. Demand-revenue functions capture

differentiated pricing schemes for desired level of QoS. To maximize business profits, providers

should offer service differentiation by way of advanced resource provisioning based on these QoS

pricing schemes. Additionally, to reduce revenue loss in case of failures, failure provisioning should

be done based on these pricing schemes. Given a set of customer jobs, their corresponding SLAs,

the demand-revenue functions for all dependencies, and the total available resources, we focus on

the problem of primary and backup allocation, such that the business revenue is maximized.

3 QoS-GRAF Framework

In this section, we present our framework, QoS based Grid Resource allocation with failure pro-

visioning (QoS-GRAF). Figure-4 gives a detailed view of the proposed framework. We consider

as input a set of grid jobs with their SLA descriptions. An SLA Manager maintains these SLAs,

and maps their application level requirements to the corresponding resource level requirements. It

also updates the Utility Database with the demand-revenue functions of all jobs for all depen-

dencies. The QoS-GRAF Controller manages execution of all unfinished jobs such that their base

requirements are met. In addition, it enforces the scheduling activities and the resource alloca-

tion decisions. The jobs are admitted to the system via an Admission Controller that consults

business policies, customer reputation, current state of system etc. to admit/reject jobs. Once a

job is admitted, it is added to the list of jobs in the Batch Scheduler queue. From job start/end

times and other meta-information, the batch scheduler computes a temporal schedule of jobs and

forms batches of jobs of similar duration of activity that will be competing for the same set of

resources. For each batch of jobs and their resource requirements, the QoS-GRAF controller in-

vokes the primary and backup allocators to compute the set of allocations that will be reserved

in advance. The Resource Provisioning Manager (RPM) actually reserves the above resources

and maintains bookkeeping information about a job’s primary and backup allocations. Monitoring
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Figure 4: QoS-GRAF Framework

information is fed back to the QoS-GRAF controller. Backfilling techniques [13] are used by the

controller to increase system utilization. Once a failure happens, the failure is escalated to the

QoS-GRAF controller by the monitoring feedback. The controller then triggers the RPM to switch

the set of concerned jobs to their backups. One inherent assumption in this framework is that it is

possible to transfer the state of a failed job to its backup resource in a timely and efficient manner.

In some cases, this might require process migration and checkpointing techniques [10]. In case, it

is not possible to resume the failed job from its checkpointed state, it can simply be restarted at

the backup. Note that, the cost of job migration is not considered during backup allocation and is

beyond the scope of this work.

4 Problem Formulation

We next address the central problem of provisioning primary and backup resources for a batch of

jobs. We consider a grid with J heterogeneous resources. The input to the system is a batch of

K jobs, where each job has atmost D resource dependencies (e.g. CPU, disk, DB). Each resource

can satisfy exactly one dependency. The demand-revenue function of a job, for each dependency,

is a step-wise function with I distinct steps. Each step represents a different QoS level that can

be used to service the job. Further, we assume that the available resource capacity is sufficient to

guarantee the minimum requirement for each dependency of a job.

We use the the following notations: (1) Dδ(i, k) denotes demand of job k at level i for dependency

δ, (2) Rδ(i, k) denotes the revenue earned by job k if demand Dδ(i, k) is satisfied, (3) Dminδ(k)

and Dmaxδ(k) denote the minimum and maximum demand of job k for dependency δ respectively,

(4) CP (j) and CB(j) denote available capacity of resource j for primary and backup allocations
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respectively, (5) Satδ(j) is 1 if resource j satisfies dependency δ, and 0 otherwise. Given a batch of

jobs with multiple dependencies and the demand-revenue function associated with them, we first

formulate the revenue maximization problem for the primary allocation.

4.1 Maximum Revenue Primary Allocation (MRPA)

Let U i,j,k
δ be an indicator variable, assigned 1 if job k is allocated primary resource j, at level i, for

dependency δ ; 0 otherwise.

The Maximum Revenue Primary Allocation problem can be then stated as follows:

Objective function

max

D∑

δ=1

I∑

i=1

J∑

j=1

K∑

k=1

U i,j,k
δ Satδ(j) Rδ(i, k), (3)

subject to

Capacity Constraint:
I∑

i=1

K∑

k=1

U i,j,k
δ Satδ(j) Dδ(i, k) ≤ CP (j), ∀j (4)

Minimum Requirement Constraint:

I∑

i=1

J∑

j=1

U i,j,k
δ Satδ(j) Dδ(i, k) ≥ Dminδ(k), ∀δ, k (5)

Maximum Requirement Constraint:

I∑

i=1

J∑

j=1

U i,j,k
δ Satδ(j) Dδ(i, k) ≤ Dmaxδ(k), ∀δ, k (6)

Feasible Assignment Constraint:

I∑

i=1

J∑

j=1

U i,j,k
δ Satδ(j) ≤ 1 ∀δ, k (7)

Integrality Constraint:

U i,j,k
δ ∈{0, 1}, ∀δ, i, j, k. (8)

The capacity constraint ensures that resource capacities are not exceeded. The minimum and

maximum requirement constraint ensures that the minimum demand is met for each dependency

and that the allocation does not exceed the maximum demand of any dependency. The feasibility

assignment constraint makes sure that each job is assigned to exactly one resource and at exactly

one priority level. Finally, the integrality constraint prevents jobs from being split across resources

and priority levels. This is a mixed integer programming problem, which can be shown to be

NP-hard by reduction from the multi-bin knapsack problem [7]. We describe a heuristic approach

to solve the problem in a later section.

Next, we consider the problem of backup allocation for each job, i.e., finding a backup resource

for each primary. Note that, the integrated version of the problem where all primary and backup

allocations are computed simultaneously is hard to solve. For ease of handling, we consider the
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decoupled problem, where given a set of primary allocations (one for each job), we need to compute

a backup allocation for each primary, such that the total revenue loss is minimized across all jobs.

Before we detail the problem formulation, we wish to point out that our approach assumes that

no more than one failure occurs at a given point of time. Further, the mean-time-between-failures

is usually higher than the mean-recovery-time. This, in turn, implies that we need to find backup

resources that can continue to provide some QoS to all the jobs during this recovery time. We also

note that providing backup protection against k multiple failures is a much harder problem. In the

case of advanced reservation, k backup resources need to be allocated for each primary. Given that

the probability of k failures decreases rapidly as k increases, the single failure model has received

the maximum attention in the research community [17]. We assume a single failure model in our

formulation, and later provide insights for handling multiple failures.

4.2 Minimum Loss Backup Allocation (MLBA)

Given a set of jobs with multiple dependencies, the demand-revenue functions, and the primary

allocation for each job–the problem is to find a set of backup allocations, such that the total revenue

loss, in moving each primary to a backup allocation is minimized. In a single failure model, all

primaries are equally likely to fail, and hence minimizing the total revenue loss essentially minimizes

the average revenue loss due to a single failure.

We introduce the following notations: (1) RP k
δ is the total revenue accrued by the primary

allocation of job k for dependency δ, (2) DP k
δ is the primary allocation of job k for dependency

δ, (3) Bp,i,j,k
δ is an indicator variable, assigned to 1 if job k, running on primary resource p, is

allocated backup resource j at level i, for dependency δ; and 0 otherwise, (4) rk
δ is the backup

revenue of job k for dependency δ, and (5) αk
δ be the revenue loss by job k for dependency δ.

We define,

rk
δ =

J∑

p=1

J∑

j=1

I∑

i=1

Bp,i,j,k
δ Satδ(j) Rδ(i, k), ∀δ, k (9)

αk
δ = RP k

δ − rk
δ , ∀δ, k (10)

The Minimum Loss Backup Allocation problem can be then stated as follows:

Objective function

min

K∑

k=1

D∑

δ=1

αk
δ , (11)

subject to

Minimum Requirement Constraint:

I∑

i=1

J∑

j=1

J∑

p=1

Bp,i,j,k
δ Satδ(j) Dδ(i, k) ≥ Dminδ(k), ∀δ, k (12)

Maximum Requirement Constraint:

I∑

i=1

J∑

j=1

J∑

p=1

Bp,i,j,k
δ Satδ(j) Dδ(i, k) ≤ DP k

δ , ∀δ, k (13)
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Feasible Assignment Constraint:

I∑

i=1

J∑

j=1

J∑

p=1

Bp,i,j,k
δ Satδ(j) ≤ 1, ∀δ, k (14)

Disjoint Primary Constraint

Bp,i,j,k
δ = 0, ∀p = j (15)

Integrality Constraint

Bp,i,j,k
δ ∈{0, 1}, ∀δ, i, j, k (16)

Backup Sharing Constraint

Sjp ≥
I∑

i=1

K∑

k=1

Bp,i,j,k
δ Satδ(j) Dδ(i, k), ∀δ, jp (17)

Capacity Constraint

Sjp ≤ CB(j), for all j (18)

The integrality, feasible assignment, and minimum requirement constraints are the same as

before. The maximum requirement constrained is now enforced by the primary allocation of the

job, i.e., we do not allow a backup to exceed the corresponding primary allocation. The disjoint

primary constraint ensures that primary and backup resources of a job are disjoint. The backup

sharing constraint ensures that backups of disjoint primaries can share the backup capacity. Finally,

the capacity constraint ensures that the total shared backup capacities are within the available

limits. Once again, the MLBA problem is a mixed integer programming problem which can be

shown to be NP-hard [7].

LPRound-Primary()

1. Sort primary indicators in descending order of real values

2. For each job k, select (i, j, k) with maximum indicator value

2.1. Assign job k to resource j, s.t. D(i, k) <= AvailCap(j); Reduce AvailCap(j)

3. While (UPDATE POSSIBLE) UpdatePrimaryAllocation()

UpdatePrimaryAllocation()

1. Sort jobs in descending order of unit revenue increment

2. For job i, if (AvailCap(j) >= D(i+1, k) - D(i, k)):

2.1. Assign(i+1, j, k), Reduce AvailCap(j)

3. else, find resource j
′

s.t. AvailCap(j
′

) >= D(i+1,k)

3.1 Assign(i+1, j
′

, k), Reduce AvailCap(j
′

), Increase AvailCap(j)

Figure 5: Heuristic MRPA for primary assignments
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LPRound-Backup()

1. Sort backup indicators in descending order of real values

2. For each job k, select (p, i, j, k) with maximum indicator value

2.1. Assign backup of job k to resource j, s.t. D(i, k) <= AvailBkupCap(p,j);

2.2. Reduce AvailBkupCap(p,j)

3. While (UPDATE POSSIBLE) UpdateBackupAllocation()

UpdateBackupAllocation()

1. Sort jobs in descending order of unit revenue loss

2. For job i, if (AvailBkupCap(p,j) >= D(i+1, k) - D(i, k)):

2.1. AssignBkup(i+1, j, k), Reduce AvailBkupCap(j)

3. else, find resource j
′

s.t. AvailBkupCap(p,j
′

) >= D(i+1,k)

3.1 AssignBkup(i+1, j
′

, k), Reduce AvailBkupCap(p,j
′

), Increase AvailBkupCap(p,j)

Figure 6: Heuristic MLBA for backup assignments

4.3 Linear Relaxation Based heuristics

In order to develop efficient heuristics, we consider linear relaxations of the above problems. In

effect, we relax the integrality constraint so that it can take real values. We then solve the LP

problems to obtain the fractional optimal solutions. However, this solution may not be a feasible

solution, since it may split jobs across QoS levels and/or resources. To obtain a feasible solution

we use a sort–and–round technique based on the real values of the indicators i.e., Ud(i, j, k) and

Bd(p, i, j, k). For jobs split across levels, the maximum value of the split indicator is considered. If

a job can be fitted on the “indicated” resource at the “indicated” level, then assignment is done. If

not, the job is initially allocated to a lower QoS level and marked for later handling. Once the initial

assignment for all jobs is complete, an iterative routine tries to update allocations by boosting the

QoS of all marked jobs. This is done by either boosting its level at the already assigned resource

(in case capacity is available), or assigning it to a different resource, i.e., one that can fit this job

at a QoS level higher than its current level. The primary heuristic for Maximum Revenue Primary

Allocation (MRPA) is shown in Figure-5.

The backup heuristic employs a similar techniques, but additionally utilizes sharing informa-

tion. In particular, the available backup capacity, AvailBkupCap(p, j), indicates the backup ca-

pacity available to job k for sharing on resource j, where p is the primary resource of k. The

available backup capacity is given AvailBkupCap(p, j) = AvailCap(j) − BkupCap(p, j), where

BkupCap(p, j) is the total backup capacity allocated on resource j by all jobs that have a primary

on p. The backup heuristic for Minimum Loss Backup Allocation (MLBA) is shown in Figure-6.
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Jobs Demand (Units) Revenue ($)

Level 1 Level 2 Level 3 Level 4 Level 1 Level 2 Level 3 Level 4

Small
LO 20 100 200 400 1000 2000 3000 4000

HI 100 200 400 500 2000 3000 4000 5000

Medium
LO 200 400 500 2000 2000 4000 8000 12000

HI 400 500 2000 5000 4000 6000 10000 15000

Large
LO 1000 2000 5000 8000 12000 20000 25000 27000

HI 2000 5000 8000 10000 15000 24000 27000 30000

Table 1: SLA Model

5 Performance Evaluation

In this section, we present experimental results to illustrate the effectiveness of our approach for

(i) maximizing earned revenue, and (ii) minimizing revenue loss due to failure. A large number

of experiments were conducted under a wide range of parameter settings in a simulated grid

environment. Our objective was to assess the performance of the proposed algorithms, MRPA

(for primary allocation) and MLBA (for backup allocation), both with respect to the optimal

solution and alternative heuristics. A representative set of results are presented herein. We start

by describing the alternative heuristics for primary and backup computation, followed by the

simulation setup, and finally report our main findings.

5.1 Alternative Heuristics

We compare our approach with four different heuristics. Each of the heuristics, follow a common set

of steps: sort the available jobs (in descending order of priority) based on some criterion; starting

with the job at the head of the sorted list, select a suitable resource instance that can accommodate

the maximum requirement of the job; assign the job to the resource instance by allocating required

demand and continue until the job list is empty or there are no resources available. If the job list

is empty, the algorithm terminates. Otherwise, in order to make space for minimum requirements

of the unassigned jobs, the allocations of previously assigned jobs are reduced. The sorted list is

traversed in the reverse order, where jobs higher up in the list are selected only after the allocations

of all lower priority jobs have been reduced to their minimum capacity. The algorithm ends when

all jobs have resources assigned to them. This procedure is repeated for each dependency. The four

heuristics differ in their sort criterion and suitable resource selection method. In case of backup

allocation, the heuristics additionally allow sharing of backup resources.

• MAX BIG: This heuristic sorts the job list based on maximum earned revenue (maximum

revenue loss in case of backup) of each job. Among multiple resources that satisfy the job

requirement, one with the largest available capacity is chosen.
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• MAX BEST: This heuristic is similar to MAX BIG in terms of sorting the job list. Among

multiple resources that satisfy the job requirement, one that has its available capacity closest

to the demand is chosen.

• UNIT BIG: In this heuristic the sorting order is determined by revenue earned per unit

demand (revenue loss per unit demand in case of backup) of the jobs. The choice among

multiple resources is made in the same way as MAX BIG.

• UNIT BEST: This heuristic is a combination of UNIT BIG and MAX BEST. It sorts the job

list as UNIT BIG does and for choosing the most appropriate resource, it follows the same

principle as MAX BEST.

5.2 Simulation Setup

The input to the algorithms is a batch of K jobs, and the set of resources J that the jobs will be

competing for. Each job has three resource dependencies–namely, compute server, network sub-

system and storage sub-system. Each dependency is associated with a demand-revenue function

that specifies multiple QoS levels. We consider four levels of QoS and compare the algorithms

in terms of revenue earned ($) for primary allocations, and revenue loss suffered ($) for backup

allocations. The total available capacity in the system is the sum of available primary and backup

capacities, where the backup capacity is some fraction of the primary. Let p̂f, b̂f be the primary

and backup resource availability factors, CP , CB be the available primary and backup capacities,

and D̄ be the average resource requirement of a job.

We define the total available capacity in the system as:

TotalAvlCap = CP + CB = CP + b̂fCP (19)

where,

CP = p̂f
∑

jobs

D̄job, p̂f , b̂f ∈ (0, 1) (20)

This gives us the capability of controlling the load imposed on the system by tuning the p̂f, b̂f

parameters. The primary capacity of each resource instance is selected from a normal distribution

with mean µ = TotalAvlCap/J and variance σ = 0.75. The backup capacity depends on the

primary capacity and b̂f . The set of jobs is divided into three pools of small, medium and large

jobs depending on their demand requirements and the corresponding value they are willing to pay

at each QoS level. The demand-revenue ranges [LO, HI) at each QoS level are shown in Table-1

for one dependency. The overlapping regions between small, medium and large jobs simulate the

fact that there might be some small jobs that are willing to pay more for a higher level of QoS

than a medium job at a lower service level. For each job, the demand-revenue at each QoS level

is picked randomly with a uniform distribution in the [LO, HI) range. Finally, the mix of small,

medium and large jobs is varied for different experiments.
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Figure 7: Performance of different heuristics for primary allocation.(a) Total revenue at different p̂f

(b) Revenue per dependency for small, medium, large jobs (c) Assigned QoS levels for all jobs (d) Revenue

earned by all jobs (e) % of unused resources per dependency (f) Total revenue with increasing number of

jobs

5.3 Primary Allocation

In the first set of experiments, we evaluate the performance of our MRPA algorithm. For all

the runs in this set, the mix of small, medium and large jobs in the system is 20%,70%,10%.
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Figure 8: Performance of different heuristics for backup allocation. (a) Total revenue loss at different

b̂f (b) % Revenue loss wrt prmary revenue (c) Revenue loss per dependency for small, medium, large jobs

(d) Assigned QoS levels for all jobs (e) Total backup revenue with increasing number of jobs (f) Sharing

of backup resources at different b̂f

We define the low, medium and high resource availability conditions, by choosing values of p̂f

in the ranges of (0.25-0.5), (0.5-0.75) and (0.75-1.0), respectively. In Figure-7a, with a batch of
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100 jobs in the system, we compare the total revenue earned by each algorithm with the optimal

(fractional) solution, at various resource availability conditions. We observe that all algorithms

earn more revenue at medium and high availability conditions than in lower availability condition,

where there is high contention for resources. The UNIT algorithms do consistently better than

their MAX counterpart. This reconfirms our claim that the greedy technique of choosing the

maximum revenue earning job is not the best solution for profit maximization scenarios. Also, the

BIG fit algorithms result in higher revenue earnings than the BEST fit ones. MRPA outperforms

UNIT BIG by about 20% and always achieves performance within 5% of the optimal at the low,

medium and high availability conditions.

In Figure-7b, we focus on 100 jobs with p̂f = 0.75. The intention is to see the breakup of

the revenue earned by small, medium and large jobs across all dependencies. We note that for

all algorithms, the major portion of the revenue comes from medium jobs. Both UNIT BIG and

MRPA have an equal contribution in revenue from the small jobs. However, the big difference in

the total revenue comes from the medium and large jobs. For deeper understanding, we present

the scattered plots in Figure-7c,d showing the QoS levels for the small, medium and large jobs

and the revenue earned, for one dependency. The results show that MAX BIG greedily runs the

maximum revenue jobs at the highest level, and hence all the small and medium jobs are pushed

to the lowest level. UNIT BIG earns most of its revenue by running more medium jobs at the

highest priority. However, because of this, it is forced to push all large jobs at the lowest priority.

In comparison, MRPA runs the medium and large jobs well distributed between QoS levels 2 and

3, with its maximum revenue coming from medium jobs at level 3. Because MRPA is able to adjust

priorities of all classes of jobs, it does not penalize any particular class while earning steady revenue

across all classes. The total revenue earned by MRPA exceeds that of UNIT BIG and MAX BIG

by 20% and 30% respectively.

While allocating jobs to resources, it might be that the unused capacity left in a resource is

too small to fit in any job requirement. This fragmentation results in lower utilization of available

resources. In Figure-7e, the maximum and average unused resources is shown for each heuristic.

Figure shows that MRPA achieves more efficient resource utilization (due to lesser fragmenta-

tion) than UNIT BIG and MAX BIG. On an average with MRPA, about less than 3% resources

were unutilized. The maximum capacity unused on any resource instance was no more than 7%.

While UNIT BIG and MAX BIG achieve an average resource fragmentation of within 10%, their

maximum unused capacity is as high as 30%.

Finally, Figure-7f shows how the total revenue earnings scale with the number of jobs, when

the total available resources is constant. For a small number of jobs, all algorithms do well. But as

the number of jobs in the system increases, MRPA achieves substantial more in revenue than the

best among the other heuristics. At about 200 jobs in the system, the revenue earned from MRPA

shows 20% improvement over UNIT BEST and UNIT BIG.
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Failure Count
Revenue Loss ($) # Stopped Jobs # Unprotected Jobs

MLBA UNIT BIG MLBA UNIT BIG MLBA UNIT BIG

1 40703 45290 0 0 0 1

2 94077 156016 0 1 4 0

3 207626 285353 0 1 8 10

4 485494 510482 1 7 28 45

Table 2: Protection and Revenue loss with successive Failures

5.4 Backup Allocation

In this set of runs, the primary allocations are given by MRPA. The backups are pre-provisioned

using the MLBA and the four heuristics, and the total revenue loss is calculated for each approach,

in case of a single failure. In this case, we define the low, medium and high resource availability

conditions depending on the value of b̂f in the ranges of (0.08-0.15), (0.2-0.25) and (0.3-0.4) re-

spectively. We report results only for UNIT BIG as it is found to be the most efficient among the

four. To demonstrate the effectiveness of backup sharing, we also add results from the No-sharing

case, when no backup resources are shared. Figure-8a shows the total revenue loss for the different

algorithms, along with the optimal, at different backup resource availability regions. We show that

near-optimality of MLBA as the revenue loss is always within 1.05 times the optimal in medium

and high availability regions. In the low availability region, where resource contention is high it can

produce solutions that are about 1.02 times the optimal loss. In comparison, UNIT BIG can be

twice as bad as the optimal solution in medium and high availability regions. Figure-8b represents

the revenue loss as a percentage of the primary revenue, showing that MLBA achieves between

(10-20)% revenue loss in medium to high availability regions, which is around 20% better than

UNIT BIG. By focusing on the revenue loss when b̂f=0.15, we show the split of the loss across

different jobs in Figure-8c. We observe from the scatter plot in Figure-8d that the loss of MLBA

is uniformly lower across small, medium and large jobs.

In Figure-8e, we comment on the scalability of the algorithms as the number of jobs in the

system increases, for a constant resource capacity. As the contention for resources increases with

more jobs in the system, the MLBA achieves a 18-20% improvement over UNIT BIG. Finally, in

Figure-8f we show the degree of sharing achieved by the backup algorithms. Sharing factor for each

resource (> 1 when backup resources are shared), can be estimated by the total backup capacity

allocated to the jobs on a resource, divided by the available backup capacity on that resource.

Intuitively, higher sharing suggests more efficient utilization of backup resources. We see that in

all availability regions, on an average MLBA achieves higher degree of sharing than UNIT BIG.
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5.5 Multiple Failures

Until now, we have focused on the single failure model. Sometimes, the failure of one component can

trigger cascaded failures of related components. The notion of shared risk groups (SRG)[5] bundles

the resources based on their failure patterns. The failure of one resource instance can trigger the

failures of one or more resources in its SRG. Within the QoS-GRAF framework, if primary and

backup resources are pre-allocated, such that they are SRG disjoint, then multiple failures limited

to a single SRG can be handled. However, the case when multiple un-correlated failures occur

in the system, the nature of the problem becomes hard to solve and is beyond the scope of this

paper. As a special case, if these failures are not simultaneous, then one way to handle them is

to initially provision for a single failure; and then re-run the algorithm at the occurrence of every

additional failure. Thus, some re-adjustments are made in the backup allocations at occurrence

of every failure. Note that, since with every failure, available capacity in the system decreases,

some jobs will eventually have to run without backup protection. If a subsequent failure involves

any of the unprotected jobs, then that job will be stopped and its revenue is entirely lost. Table-2

reports the revenue loss, number of unprotected and stopped jobs in a system of 100 jobs with 4

successive, random failures. The MLBA and the UNIT BIG algorithms are run at the occurrence

of every failure. We see that MLBA achieves a (10-20)% lower revenue loss (primary revenue =

1M$) than UNIT BIG and also has fewer stopped and unprotected jobs.

6 Related Work

SLA based profit maximization has recently received a lot of attention in the utility computing

domain. In [19], authors present an online admission control mechanism for profit maximization

of providers. The work uses statistical prediction techniques to estimate remaining service times

of jobs. [20] presents an allocation controller that maximizes profits from multiple class SLAs for

web servers, when web servers can be added or removed dynamically depending on system load.

In the grid utility domain, however, there are additional semantics that need to be considered. For

example, a grid application typically is dependent on different types of resources and co-selection

requirements can be imposed on these dependencies [18]. Work on SLA based profit maximization

has not previously considered co-selection requirements. In addition, grid jobs also require end-to-

end reservation of resources in order to provide QoS guarantees even in case of failures. Resource

reservation for failure provisioning in networks has been addressed in [16, 17] where network traffic is

protected against a single failure with a certain protection guarantee. However, failure provisioning

from the perspective of profit maximization has not been addressed. In our work, we consider a

failure provisioning model, where the minimum requirements of all jobs are protected. In addition,

depending on QoS pricing of multiple level SLAs, we allow a job to be protected at the same

level as its primary allocation or at a lower QoS level, enabling finer control for choosing backup

allocations and reduced revenue losses.
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7 Conclusion

In this paper, we propose QoS-GRAF, a framework for providing revenue maximization in a utility

computing grid where jobs have multiple resource dependencies. Multiple class SLAs are specified

indicating differentiated QoS pricing. The framework supports advance reservation of primary and

backup resources. To solve the revenue maximization problem we propose near-optimal heuristics,

MRPA and MLBA that achieve performance within 1–5% of the optimal solution and significantly

outperform alternative approaches. The heuristics adjust QoS levels, to achieve revenue earnings

across small, medium and large jobs, with efficient resource utilization. We further outline an online

backup technique that can handle multiple failures. As part of ongoing work, we are incorporating

job penalties explicitly (instead of minimum requirements) in the QoS–GRAF framework. We are

also developing backup algorithms for multiple failures that exploit failure history (probability).

In the future, we plan to extend QoS-GRAF to incorporate migration cost of failed jobs. Finally,

we plan to evaluate QoS-GRAF in a real grid environment.

References
[1] Gaurav Banga, Peter Druschel, and Jeffrey C. Mogul. Resource containers: A new facility for

resource management in server systems. In Proceedings of OSDI’99, 1999.
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