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Abstract 
Application scheduling studies on large-scale shared 
resources have advocated the use of resource 
provisioning in the form of advance reservations for 
providing predictable and deterministic quality of 
service to applications. Resource scheduling studies 
however have shown the adverse impact of advance 
reservations in the form of reduced utilization and 
increased response time of the resources. Thus, 
resource providers either disallow reservations or 
impose restrictions such as minimum notice periods 
and this reduces the effectiveness of reservations as the 
means of allocating desired resources at a desired time. 
In this paper, we suggest adaptive pricing as an 
alternative for allowing reservation of resources. The 
prices charged for allowing a reservation are based 
directly on the impact these reservations have on the 
other users sharing the resources. Using trace-based 
simulations, we show that adaptive pricing allows  
users to make reservations at the desired time while 
making it uneconomical in comparison to the best effort 
service. Thus users are induced to make the correct 
choice between reservations and best effort service 
based on their real needs. Moreover, this pricing 
scheme is more cost effective and sensitive to the 
system load as compared to a flat pricing scheme and 
encourages load balancing across resources. 

1. Introduction 
Shared distributed infrastructures such as the TeraGrid 
[1], the Open Science Grid [2], etc, provide the 
software and hardware resources for facilitating the 
execution of resource intensive applications from 
various scientific domains such as astronomy [3], high 
energy physics [4], earthquake science [5], and others 
etc. In such shared best effort environments, fairness of 
allocation and resource utilization is often a major 
criterion and thus scheduling regimens such as first-
come first-serve and its backfill-based variants [6] are 
often used for allocating resources to tasks. Thus the 
start time of a task depends on the current workload and 
is not under control of the user. Moreover, workload 
characteristics such as inaccurate runtime estimates and 
job cancellations make it impossible to predict in 
advance when a task will start. This class of service is 

often termed as best effort. Users on the other hand 
often desire more predictability in the availability of 
resources for their tasks, for example, to meet deadlines 
or to satisfy co-allocation requirements of their 
applications. Emerging classes of deadline driven 
scientific applications such as severe weather modeling 
[8] require simultaneous access to multiple resources 
and predictable completion times. Earthquake 
engineering experiments require coupling and co-
allocation of geographically distributed resources [7]. 
Thus, users of such shared resources have diverse 
preferences with regards to the performance of their 
applications and the price that they are willing to pay 
for that performance. 
Provisioning of resources in the form of advance 
reservations can be used for providing predictable 
application completion times [9] and co-scheduling 
application across different resources [10]. By 
committing to resource availability at a specified time 
and duration, advance reservations provide a means by 
which the needs of an application are factored into the 
local resource management policy. While most local 
compute resource management systems such as Maui 
[11], PBS [12], and LSF [13] support advance 
reservations, such reservations are known to adversely 
impact the utilization and response time of the 
resources [14-16]. Moreover, users might try to exploit 
the system by making advance reservations in order to 
get their tasks completed earlier while paying the same 
service charge as the other users whose tasks are 
queued up. Thus most resource administrators disable 
user-level advance reservations. Instead, reservations 
typically are done manually by system administrators 
and require a few days advance notice. As a result, 
application schedulers are not able to take advantage of 
the advance reservation facility and instead depend on 
prediction services such as the Network Weather 
Service [17] or queue wait time estimators [18, 19] in 
order to optimize the application performance.  
Any reservation policy that solves this problem should 
compensate the resource providers for any lost 
utilization and discourage reservations to be used 
unless truly required. Both of these objectives can be 
achieved by a suitable pricing policy for reservations. 
In this paper, we suggest an adaptive pricing scheme 
for advance reservations. Reservations are allowed as 



long as they do not conflict with any currently running 
task (in case of non-preemptive scheduling) and other 
reservations. The queued jobs are ignored in 
determining the admissibility of a reservation. Thus a 
reservation can bypass the queued up best-effort jobs. 
Moreover, it can adversely impact them i.e. cause them 
to start later than when they would have otherwise. We 
suggest a reservation price model consisting of two 
components. The first component is a per unit charge 
that is greater than or equal to its best effort counterpart. 
The second component is designed to account for the 
adverse impact of the reservation on the best effort jobs 
and is based on the estimated increase in completion 
time of the queued best effort jobs that get delayed due 
to this reservation. Since this second component is 
based on the current state of the resource, we call this 
pricing scheme adaptive. This pricing scheme is 
motivated by the work in priority pricing [20-23] where 
different priority classes exist and the admission price 
of a priority class is based on the expected impact on 
this class on the lower classes.  
The goal of our pricing scheme is for the resource 
providers to allow the users to reserve resources 
without any abuse of the system. To this end, using 
trace-based simulations, we show that our pricing 
scheme makes reservations more expensive than best 
effort service. The price of a reservation seems to vary 
inversely with the start time of the reservation with 
early start times costing more than late start times. Any 
start time advantage over best effort service translates 
into a significant price differential. Thus reservations 
would be made by the users only when absolutely 
required. This need for a reservation is measured by the 
willingness of the user to pay a premium price for the 
reservation. We also show that our adaptive pricing is 
more cost-effective than a static pricing scheme and a 
significant percentage of the users pay less than the 
static price. Moreover, the prices are sensitive to the 
current load on the resource and increase as the 
resource becomes overloaded. 
The organization of the paper is as follows. The pricing 
algorithm is described in Section 2. Section 3 discusses 
the start time selection for reservations. Evaluation of 
the pricing algorithm using trace-based simulations is 
presented in Section 4. We discuss the priority pricing 
work that motivated our pricing algorithm and other 
related work in Section 5 followed by conclusions in 
Section 6. 

2. Pricing Algorithm 
This section describes the algorithm for determining the 
pricing for advance reservations. We model a 
reservation request to consist of a desired start time s, 
number of processors required n and the duration for 
which the processors are required d. 
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The resource response consists of a multiplicative cost 
component p and an additive component f. The implied 
total cost of the reservation is (n x p x d + f). The 
multiplicative component p represents the basic unit 
charge e.g. one service unit (SU) per processor hour for 
the resource and might be the same as the charge for 
best effort service. Since we allow a reservation to be 
granted delaying the queued best effort jobs, the 
additional charge, f, is added to account for the delay 
caused to the best effort jobs if any.  The pricing 
algorithm described in this section determines this 
additonal component (f) while the multiplicative part is 
assumed to be a constant for the resource provider. In 
order to determine the delay caused to any job, the 
algorithm computes the schedule of the queued best 
effort jobs with and without the reservation in place 
using the resource scheduling policy. By comparing the 
start times of the jobs in the two schedules, we can find 
the jobs, which were delayed and by how much. The 
additional charge (f) is then set equal to the sum of the 
delays of the delayed jobs multiplied by the number of 
processors requested by these jobs. Thus if the 
reservations does not delay any jobs according to the 
computed schedules, then the additional charge is zero.  
In order to illustrate the working of the algorithm, a 
resource with 5 processors is shown in Figure 1. Tasks 
A and B are currently running. C and D are queued 
tasks and R is a reservation. A reservation X for 2 
processors and 3 time units is desired starting at time 2. 
Figure 1 shows the resource schedule with (bottom) and 
without (top) the reservation in place. As a result of 
putting the reservation in, Task C gets delayed by 1 
time unit and task D gets delayed by 2 time units. Thus 
the charge to the reservation X would be (1x2) + (2x2) 
= 6 since both Task C and D require two processors. 
The algorithm is more formally listed in Figure 2. The 
asymptotic complexity of the algorithm is O(S + n) 
where S is the runtime complexity of the resource 
scheduling algorithm and n is the number of the queued 
up jobs.  
The user is free to ask for a reservation starting at any 
particular time. It is possible that a reservation cannot 
be done at a particular start time due to conflicts with 
currently running jobs and existing reservations. The 
price in that case would be ∞ indicating non feasibility 
of the desired start time. For example, in Figure 1, the 
reservation cannot be done before time 2 if preemption 
of currently running tasks is not allowed. This is also 
the assumption in the algorithm in Figure 2. However, 
we can drop this assumption and add the currently 
running tasks to the list of queued tasks in order to 
provide more flexibility in adding reservations. 
However, most production systems do not allow 



preemption of running tasks and hence we do not 
model preemption in our algorithm. 

 
Figure 1. Resource schedule with (bottom) and 

without (top) the reservation in place. 

 
Figure 2. Reservation pricing algorithm. 

3. Reservation start times 
A user might wish to examine different possible start 
times for a desired reservation in order to optimize the 
price to be paid and/or the utility derived from the 
reservation. For example, the user might want to know 
the earliest possible time when a reservation can start or 
the time when the additive cost of a reservation will be 
zero i.e. when the resources can be reserved without 
delaying any other jobs. In order to provide more 
possibilities for the user, we model a feature where the 
resource sends back a set of possible start times for a 
desired reservation and the prices at these start times. 
The response to a reservation query for n processors for 
d duration can be represented as  
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where si denotes a possible start time with associated 
price components of pi and fi as explained earlier. The 
price component pi is assumed to be a constant for a 
resource and we do not discuss it further. For the rest of 
this paper, the term price always refers to the additive 
price (fi) unless otherwise mentioned. The response 
should include the earliest start time and one or more 
start times when the price would be zero. One possible 
approach for generating the list of possible start times 
that we use for the experiments in the next section is to 
create a schedule of all the running and queued jobs and 
existing reservations. We examine this schedule from 
the current time to the end of the schedule and 
whenever there is a discontinuity in the resource 
availability e.g. as a result of tasks or reservations 
starting or finishing, we include that time instant into 
the list of possible start times. The intuition for picking 
these start times is that the availability of the resource 
changes at these time instants and hence the price 
would be likely affected too. The current time is also 
included in the list since it is possible that the 
reservation might be able to start right away if enough 
resources are available. Then the price for each start 
time is computed using the algorithm in Figure 2 and 
the list of start times along with the price for each of 
them is sent back to the user. Since the earliest possible 
time for a reservation is always either the current time 
or the end time of a job or reservation, this list also 
contains this earliest start time for the reservation. The 
list also contains at least one time when the additive 
price is zero, for example at the maximum finish time 
of any job or reservation. At this time the resource is 
empty and the reservation can be done without delaying 
any jobs.  

Input: reservation start time s, processors p, duration d 
Input: set of queued tasks Q, scheduling policy π 
Input: existing reservations and running tasks.  
Output: a price for the reservation, f 
 
1. Create a schedule of the tasks in Q using π. Let vq = 

start time of task q in Q as per this schedule.  
2.  Add the reservation at time s.  
3. If the reservation cannot be added at s due to conflicts 

with running tasks and other reservations, return ∞.  
4. Recreate a schedule of the tasks in Q using π. Let v’q = 

start time of task q in Q as per this schedule 

5.  Return  as the price 

for the reservation where n
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As an illustration, based on the resource schedule 
shown in Figure 1(top), the list of start time would 
include times {t0, t1, t2, t3, t4, t5, t6}. t0 is an unfeasible 
start time and the price for the other start times is 
shown in Table 1 based on the delays to jobs C and D. 



The table shows that an earlier start time does not 
always mean a larger cost e.g. t3 is costlier than t2 
which is more costlier than t1. The reservation can be 
granted at any time from t4 to t6 without delaying any 
queued task and thus have a price of 0. Thus the 
resource response can be very useful for the user to 
determine a desirable start time for the reservation. 
However the user is not constrained by these start times 
and can always self select a start time for the 
reservation provided that he/she is willing to pay the 
resulting additional cost.  

Table 1. Reservation cost from t1 to t6. 
Time 

instants 
Delay for 

task C 
Delay for 

task D 
Additive 
cost(fi) 

t1 1 2 1x2+2x2 = 6 
t2 1 3 1x2+2x3 = 8 
t3 1 4 1x2+2x4 = 10 
t4 0 0 0 
t5 0 0 0 
t6 0 0 0 

4. Experiments 
In order to evaluate the performance of the adaptive 
pricing scheme for advanced reservations, we 
performed experiments using trace-based simulations. 
The simulations were done using workload traces of an 
IBM SP2 128 processor system and a CTC 430 
processor system from the parallel workload archives 
[24]. These workloads have been used extensively for 
scheduling studies [6] and to characterize the effect of 
reservations on best effort jobs [14, 16]. In this paper, 
we evaluate the impact of the best effort jobs on the 
advance reservations for these workload traces in the 
terms of the pricing and start time of these reservations. 
We use aggressive backfilling [6] as the resource 
scheduling policy for the best effort jobs in the 
simulations.  
Each resource was simulated independently. To obtain 
a reservation, a query was first sent to the resource 
being simulated and a response including a set of 
possible start times and prices is obtained using the 
approach described in Section 3. A possible start time is 
selected from this set using a preference factor α that 
varies between 0 and 1 such that it minimizes the 
following cost function.  
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fmin(max) = minimum(maximum) price in the set 
smin(max) = earliest(latest) start time in the set 

α = 0 signifies that the user wants the earliest possible 
start time irrespective of cost. α = 1 signifies the other 
extreme where the user wants to minimize the cost 
irrespective of start time. Note that when α = 1, there 
might be several start times that correspond to the same 
minimum price. In that case, we take the minimum start 
time among those. Because of the fact that the resource 
response always contains at least one start time with a 
zero cost, α = 1 always selects a start time with zero 
cost. Different values of α model different sensitivities 
of the user towards price and start time. Each 
experiment was run using a single value of α only 
unless otherwise stated.  
The complexity of the algorithm in Figure 2 was 
mentioned earlier. Experimentally it never took more 
than 5 ms for the SP2 and 30 ms for the CTC cluster to 
execute this algorithm on a dual processor Pentium 4 2 
GHz machine. Creating a set of possible start times and 
price take longer because a number of start times need 
to be evaluated instead of just one. However, it never 
took more than 20 seconds to create the set of start 
times and prices and this time was much less than the 
average inter-arrival time of reservations that was 
around 30 minutes. 
Due to the computational complexity of the resource 
scheduling and the pricing algorithms we limit the 
simulations to a 30 day workload trace from the 
beginning of the trace. This 30 day trace had 2888 jobs 
in the SP2 trace and 7588 jobs in the CTC trace. In the 
experiments, 10% of the tasks were selected using 
random sampling and executed using reservations. For 
the tasks simulated as reservations, we use the actual 
task runtime as the requested duration for the 
reservation. The reason is that since a user would need 
to pay for the reservation irrespective of use unlike best 
effort service, we assume the user would use tight 
estimates of the task runtimes. The prices shown in this 
section are computed using the algorithm in Section 2 
and are in service units (SU) where one SU is equal to 
one processor hour.  
For the first experiment, the value of α was varied from 
0 to 1 in increments of 0.1. Figure 3 shows the average 
price paid by the reservations, the average wait time of 
the reservations and the average queue wait time of the 
best effort jobs. The wait time of a reservation is the 
difference between the time when the reservation query 
was made and the start time of the reservation. For the 
CTC system, the reservation wait time is less than the 
best effort wait time for small values of α. However, the 
price is significantly higher. For the SP2 system, the 
reservation wait time is more than or about the same as 
the best effort wait time even for small values of α. 
There may be two reasons for this behavior. First, the 
CTC runtime estimates are better than the SP2 runtime 
estimates. The average CTC job runtime is 40.4% of 



the estimated run time whereas it is 33.9% for the SP2 
system. Second, the SP2 had a higher resource load 
63.4% as compared to the CTC load of 58.7%. When 
there is a start time advantage with reservation i.e. wait 
time of reservation is less than the average best effort 
wait time, a significant price premium is charged for 
the reservation. 
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Figure 3. Average price and wait times of 

reservations and best effort jobs for different α. 
When reservations do not cost extra i.e. f = 0 at α = 1, 
the average wait time for the reservations is 
significantly higher than that of the best effort jobs. The 
reason is that best effort jobs take advantage of 
backfilling opportunities created when tasks finish 
before their specified wall clock time to jump ahead 
and finish earlier than otherwise predicted. However, 
the reservations are fixed in time and cannot move 
forward to take advantage of these opportunities. Thus, 
when the reservation price is zero, there are no start 
time advantage with the reservation.  Thus under this 
pricing scheme there doesn’t appear to be any 
advantage to the user to make reservations over using 
the best effort service unless a specific requirement for 
the reservation exists. When such a requirement for 
reservation exists, a price-sensitive user is well off 
making the reservation well in advance when the price 
for the reservation would be low. This pricing scheme 
is somewhat similar to advance purchase discount 
pricing [25] that is widespread in the airline and the 
hotel industry.  

In order to examine the effect of the resource load on 
the prices and wait times of the reservations, we 
increase the resource utilization by duplicating 20% and 
40% of the tasks, selected randomly, in the simulated 
workload. As a result the utilization of the CTC system 
rises from 58.7% to 68.4% and 78.8% respectively and 
that of the SP2 system rises from 63.4% to 77.8% and 
87.4% respectively. We keep the percentage of 
reservations in the final workload to 10%. Figure 4 
shows the increased prices and wait times of 
reservations when the utilization is increased. As 
resource utilization increases, the average prices for 
reservations and the start times when these reservations 
can be provided increase, reflecting the current state of 
the resource. This shows the adaptiveness of the pricing 
algorithm to the current state of the resource. As the 
resource comes under high utilization, the high prices 
would tend to deflect the reservations towards less 
utilized resources in the Grid.  
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Figure 4. Average prices and start times of 
reservations for different utilization and α.  

The resource scheduling policy for the best effort jobs 
would also affect the reservation price since it 
determines the job placements and hence the resulting 
delay due to a reservation. We also implemented 
conservative backfilling (CB) [6] and compared the 
resulting reservation prices to that of the aggressive 
backfilling (AB) that has been used for the preceding 
experiments. Conservative backfilling allows a job to 
be executed out of order only when it would not delay 
any job ahead of it in the queue while aggressive 
backfilling allows out of order execution only when it 



would not delay the first job in the queue. Thus, AB 
provides more freedom than CB in scheduling jobs 
from the queue. 
In these experiments, the value of α for determining the 
start time of a reservation was randomly chosen 
between 0 and 1. Figure 5 shows the average 
reservation price using the aggressive and conservative 
backfilling for the CTC and SP2 systems with different 
utilization levels. The average reservation price under 
aggressive backfilling is generally greater than that of 
conservative backfilling. The reason is that aggressive 
backfilling packs the schedule more tightly than 
conservative backfilling due to the additional flexibility 
in placement of jobs and thus a reservation under 
aggressive backfilling causes more perturbance than 
under conservative backfilling. Moreover, this 
difference in price becomes accentuated as the resource 
utilization increases. Aggressive backfilling is more 
widely used than conservative backfilling since it has 
been shown to result in faster average turnaround time 
[6]. Thus we have used aggressive backfilling as the 
default scheduling policy in our experiments. 
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Figure 5. Price Effect of Aggressive (AB) and 

Conservation Backfilling (CB). 
Some resources often implement a high priority queue. 
Jobs from this queue are executed before tasks from the 
low priority queue but are also charged at double the 
unit rate. Thus assuming that the total cost of using the 
high priority queue is 2xnxd and that of the best effort 
queue is 1xnxd, the additional price (over the best 
effort) for the high priority queue is 1xnxd where n is 
the number of requested processors and d is the 
duration. In order to compare our reservation pricing 
with that of a high priority queue, we convert the 
reservation price f to a unit rate ρ by dividing it by n x d 
where n is the number of processors requested and d is 
the duration. Thus f = ρxnxd. Note that ρ for a high 
priority queue is 1. Figure 6 shows the cumulative 
distribution of ρ for reservations when they are selected 
to start at the earliest possible time (α = 0) under 
various resource utilization levels. Each point shows 
the percentage of users (in Y axis) who pay no more 
than the unit price (ρ) shown in the X axis. Since a high 

priority queue has ρ = 1,  Figure 6 shows that under the 
original utilization level, around 75% of the 
reservations pay no price and 80% pay less than the rate 
of the high priority queue. 
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Figure 6. Cumulative price distribution of 

reservation on a per unit basis.  
As the resource utilization goes up by 20%, the 
percentage of users who pay less then the high priority 
queue rate is around 70% for both the systems. When 
utilization is increased by 40%, the percentage of users 
who pay less than the high priority queue rate is 58% 
and 48% for the CTC and SP2 systems respectively. 
Thus the reservation pricing scheme is more cost 
effective for the users than a priority queue system 
since a large percentage of the users pay less than the 
high priority queue rate. The top 10-20% of the 
reservations seem to pay a very high unit rate in 
comparison to a high priority queue in Figure 6. 
However, in practice, when faced with a high price, 
users are likely to choose the priority or the best effort 
queue or choose another less loaded resource provider. 
Thus prices can help in load balancing between the 
resources.  
A high priority queue would however, generally lead to 
a faster turnaround time than a reservation system even 
when the earliest start time is chosen. The reason is that 
the reservation start time is computed based on the 
maximum run time estimates of the best effort jobs and 
once granted, it cannot be shifted in time. However, 
jobs from the high priority queue can be backfilled 
when a job finishes earlier than estimated leading to a 



faster turnaround time. If the exact runtime estimates 
were available, then the turnaround time of the high 
priority queue and that of reservation with earliest start 
time would be similar.  
Multiple priority queues can also coexist with the 
reservation system described in this paper. The 
algorithm described in Section 2 can be extended to 
account for delays to jobs in more than one queue. Each 
queue will have a delay cost associated with it and the 
delay caused to the jobs in the queue would be 
weighted by this delay cost factor in determining the 
price for a reservation.  
We also increased the percentage of reservations from 
10% to 30% in the workload and found the price for the 
reservations to decrease slightly overall and the average 
wait time of best effort jobs to increase. This is due to 
the corresponding reduction in the best effort workload. 
When the entire workload is composed of reservations, 
the price would become zero since there is no best 
effort traffic that would get delayed because of 
reservations.    
It is also important to note that in a system where the 
runtimes of the queued and running jobs are not 
accurately known, the delays computed by the pricing 
algorithm are only an estimate since they depend on the 
maximum runtime estimate of these jobs. If the 
runtimes were accurately known, then the delay 
calculation would be accurate and one can even think of 
making refunds to the best effort jobs based on how 
much the job was delayed due to a reservation. The 
refund can be done from the price charged to a 
reservation. However, due to the inaccurate runtime 
estimates, some jobs which were supposed to get 
delayed by a reservation might end up executing sooner 
than anticipated due to backfilling and this change of 
run order might delay some jobs more than anticipated. 
Thus in such a stochastic environment, the exact delays 
caused to jobs because of a reservation cannot be 
determined in advance. However, the prices computed 
with maximum runtimes still have the desired effect of 
providing cost differentiation between reservations and 
best effort service while being sensitive to the resource 
load.   

5. Related Work 
Pricing of services in priority based systems have 
received a significant amount of attention during the 
seventies and eighties [20-23]. In these studies, a delay 
cost is associated with each user or job where the delay 
cost is defined as the amount of money the user will be 
willing to spend to get the job finished one time unit 
earlier. Thus each user or job incurs an implied waiting 
cost which is the product of the waiting time for service 
and the delay cost.  Price discrimination has been 
shown to provide efficient allocation of resources 

minimizing the total expected waiting costs in the 
system when demand exceeds capacity and users differ 
in their delay costs. This is achieved by creating a 
number of priority classes and setting the price of each 
priority class based on the expected increase in the 
waiting costs of lower priority classes due to this class. 
Each user or job selects a class for service that 
minimizes the sum of the price paid and the expected 
waiting cost using that class. In an M/M/1 system, this 
price scheme has also been shown to be incentive 
compatible in the sense that it makes it optimal for the 
users to make decisions based on their true delay costs 
[26].  
Delay cost pricing as summarized in the previous 
paragraph has been the motivation for the adaptive 
pricing scheme developed in this paper. However, there 
are important differences. First, we don’t explicitly 
elicit the delay cost of the best effort users whose jobs 
get delayed. Instead, the size (number of processors) is 
used as an implicit delay cost in the pricing algorithm 
described in Section 2. Thus there is a greater penalty 
for delaying larger jobs than smaller ones. Getting users 
to specify their actual perceived delay costs in the 
current framework would require a pricing scheme that 
is provably incentive compatible and is the subject of 
future work. Second, the analysis of pricing schemes of 
dynamic systems [20, 26] is generally performed under 
steady state conditions using expected values of arrival 
and service rates with an assumed distribution. The 
resulting prices are constant for a priority class. We 
have done the pricing analysis under a static condition 
by taking a snapshot of the system and using currently 
queued jobs and their characteristics. The reason is that 
it is difficult to assign a distribution and its parameters 
that accurately model the job and reservations arrivals 
and their characteristics. Instead, our pricing algorithm 
is more responsive to the current state of the resource. 
For example, the user does not have to pay a premium 
when the system is empty encouraging use of an 
underloaded system and the premium is significantly 
high when the resource is overloaded causing demand 
to shift to the less loaded resources or greater start 
times. Moreover, our pricing scheme does not assume 
any particular job scheduling algorithm and allows the 
resource provider to use any scheduling algorithm for 
the best effort jobs. 

6. Conclusion 
Advance reservations allow users to get deterministic 
quality of service from resources. Yet, the resource 
providers disallow reservations because these can be 
used to get unfair advantage over the other users and 
tend to degrade the quality of service for other users by 
increasing their response times. In this paper we 
presented an adaptive pricing scheme for reservations 



that charges a premium for a reservation based on the 
adverse impact of the reservation on the best effort jobs. 
Thus it encourages users to use reservations carefully. 
The need for a reservation is indicated by the 
willingness of the user to pay a premium price for the 
reservation or to accept a reservation start time that 
gives little advantage over the best effort queue. The 
pricing scheme is also more cost effective and adaptive 
to the current system load than a flat price high priority 
queue system. In the future, we plan to explore the 
incentive compatibility of this pricing scheme. 
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