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Abstract
Desktop resources are attractive for running computeintensive distributed applications. Several systems that aggregate these resources in desktop grids have been developed. While these systems have been successfully used for
many high throughput applications there has been little insight into the detailed temporal structure of CPU availability of desktop grid resources. Yet, this structure is critical
to characterize the utility of desktop grid platforms for both
task parallel and even data parallel applications. We address the following questions: (i) What are the temporal
characteristics of desktop CPU availability in an enterprise
setting? (ii) How do these characteristics affect the utility
of desktop grids? (iii) Based on these characteristics, can
we construct a model of server “equivalents” for the desktop grids, which can be used to predict application performance? We present measurements of an enterprise desktop
grid with over 220 hosts running the Entropia commercial
desktop grid software. We utilize these measurements to
characterize CPU availability and develop a performance
model for desktop grid applications for various task granularities, showing that there is an optimal task size. We then
use a cluster equivalence metric to quantify the utility of the
desktop grid relative to that of a dedicated cluster.

This work was supported by the National Science Foundation under
Grant ACI-0305390
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Introduction

Cycle stealing systems that harness the idle cycles of
desktop PCs and workstations date back to the PARC
Worm [22] and have shown widespread success through
numerous popular projects [21, 32, 19, 10] such as
SETI@home [34, 31], which harvests the aggregate compute power of over one million CPU’s and sustains 10’s
of Teraflops/seconds [26]. These successes have inspired
similar efforts in the enterprise to maximize return on investment for desktop resources by harnessing their cycles
to service large computations. As a result, numerous academic projects have explored developing a global computing infrastructure for the internet [27, 29, 2, 11, 9, 5, 18] and
local-area networks [23, 4, 20]. In addition, commercial
products have also emerged [17, 36, 35, 28]. We term such
computing infrastructures desktop grids, and while these
systems can be used in a variety of environments, here we
focus on the enterprise setting.
While the motivation for using desktop resources is
clear, namely the opportunity to perform large computations at low-cost, the main challenge is that the resources are
volatile. Desktop grid systems have been deployed successfully for a many high throughput applications, and numerous studies of total available CPU power have been done.
But there have been no study of real platform utility because
the interactions of resource dynamic behaviors and application structure are complex. In fact, little insight has been
gained into the detailed temporal structure of CPU avail-

ability, even in the enterprise. Measuring and characterizing this temporal structure is key for quantifying the utility
of desktop grids for both task parallel and even data parallel applications. In this paper, we characterize this temporal
structure and analyze its impact on desktop grid applications.
Several other studies have measured the percentage of
available CPU cycles for large collections of desktop machines [3, 12, 33, 39]. The results of these studies have
the following shortcomings for characterizing the utility of
desktop grid resources. First, the monitored CPU availability may not be a good model of what an application might
receive due to O/S idiosyncrasies, as seen in a number of
instances [15, 38]. Second, these studies do not account for
keyboard and/or mouse activity which for many systems
causes a desktop grid application to be suspended. Third,
these studies do not account for possible overhead, limitations, and policies of accessing the underlying resource
via a desktop grid infrastructure. Fourth, it is not clear that
these results provide enough information to understand the
task failure behavior for an application running on the desktop grid. While these last two points could conceivably be
added synthetically, doing so in a way that reflects actual
desktop grid behavior is not straightforward. By contrast,
we conduct measurements directly via a desktop grid infrastructure, allowing us to experience the platform exactly
as it would be experienced by an application.
The core focus of our measurement and analysis is to
address the following three questions: (i) What are the dynamic characteristics of desktop CPU availability in an enterprise setting? (ii) How do these characteristics affect the
utility of desktop grids? (iii) Based on these characteristics, can we construct a model of server “equivalents” for
the desktop grids, which can be used to predict application
performance?
To answer these questions, we made extensive measurements of an enterprise desktop grid with over 220 hosts running the Entropia commercial desktop grid software. We
utilize these measurements to construct a statistical characterization of the temporal structure of CPU availability
as perceived by the application. Based on this characterization we construct a performance model for the desktop
grid for various task granularities. We find that there is an
optimal task size, which we compute. We then introduce a
cluster equivalence metric to quantify the utility of the desktop grid relative to that of a dedicated cluster. In essence,
this metric quantifies the performance penalty for the resource volatility which characterizes desktops, and enables
the direct comparison of desktop grid and dedicated server
performance.
The rest of the paper is organized as follows. Section 2 motivates and describes our measurement methodology. Section 3 describes and analyzes our measurements.

Section 4 develops a model for task completion rates and
defines the cluster equivalence metrics. Section 5 discusses
related work. Section 6 concludes the paper with a summary of results and a perspective on future work.

2

Background and Methodology

Our goal is to quantitatively characterize the utility of a
desktop grid in terms of cluster equivalence for computeintensive, task-parallel applications with a variety of task
sizes. Such a characterization depends in turn on a detailed
characterization of the temporal structure of CPU availability. More specifically, our goal is to obtain the following
two characterizations: (i) a broad characterization of the
desktop grid in terms of how often cycles can be exploited
for a desktop grid application, and how these cycles are distributed in the spectrum of available hosts; (ii) a characterization of host availability patterns, that is the distribution
of the intervals of time during which a host can be used
by a desktop grid application, and how much of the host’s
CPU is actually exploitable during these intervals. Based
on these characterizations, it is possible to reason about the
utility of these desktop resources for a spectrum of application configurations, obtain performance models, and define
a good utility metric.
A first challenge is to accurately measure the relevant
CPU availability information that is needed for obtaining
these characterizations. The next two sections present our
measurement methodology and the desktop grid on which
we conduct measurements.
We conduct our measurements via the commercial desktop grid software infrastructure, Entropia [25, 17], by
submitting actual tasks to the system. These tasks perform computation and periodically report their computation
rates. This method requires that no other desktop grid application be running, allows us to measure exactly what actual
compute power a real, compute-bound application would
be able to exploit. It differs from a range of other measurement techniques in that it is intrusive and actually consumes the CPU cycles as an application would. An interesting feature of the Entropia system is its use of a Virtual Machine (VM) to insulate application tasks from the
resources. While this VM technology is critical for security and protection issues, it also makes it possible for an
application task to use only a fraction of a CPU. The design
principle is that an application should use as much of the
CPU cycles as possible while not interfering with local processes. This allows an application to use from 0% to 100%
of the CPUs with all possible values in between. It is this
CPU availability that we measure. Note that our measurements could easily be post-processed to evaluate a desktop
grid system that only allows application tasks to run on host
with, say, more than 90% available CPU. Note also that our

During each measurement period, we keep the Entropia
system fully loaded with requests for our CPU-bound tasks.
Each task of fixed time length consists of an infinite loop
that performs a mix of integer and floating point operations.
A dedicated 1.5GHz Pentium processor can perform 37.5
million such operations per second. Every 10 seconds, a
task evaluates how much work it has been able to achieve
in the last 10 seconds, and writes this measurement to a file.
These files are retrieved by the Entropia system and are then
assembled to construct time series of CPU availability in
terms of the number of operations that were available to the
desktop grid application within every 10 second interval.
We will see in Section 2.2 and Section 3.1 that these time
series have gaps that are in themselves useful to characterize
the performance of the desktop grid.

2.1 Desktop Grid Resources

We used a deployment of Entropia’s DCGrid™ software
at the San Diego Supercomputer Center (SDSC) that is installed on over 275 hosts. The hosts are all on the same class
C network, with most clients having a 10MB/sec connection
and a few having a 100MB/sec connection. All hosts are
desktop resources that run different flavors of Windows™.
Of the 275 hosts, 30 are used by secretaries, 20 are public hosts that are available in SDSC’s conference rooms, 12
are used by system administrators, and the remaining are
used by SDSC staff scientists and researchers. The Entropia
server was running on a dual-processor XEON 500MHz
machine with 1GB of RAM.
During our experiments, about 220 of the 275 hosts were
effectively running the Entropia client and we obtained
measurements for these hosts. Their clock rates ranged
from 179MHz up to 3.0GHz, with an average of 1.19GHz.
Figure 1 plots the clock rate values for hosts sorted by increasing clock rates. The clock rate distribution is not uniform: for instance no host has a clock rate between 1GHz
and 1.45GHz, and over 30% of the hosts have clock rates
between 797MHz and 863MHz, which represents under
3.5% of the clock rate range.
We conducted measurements during four distinct time
periods: from 8/18/03 until 8/22/03, from 9/3/03 until
9/17/03, from 9/23/03 to 9/26/03, and from 10/3/03 and
10/6/03 for a total of approximatively 28 days of measurements.
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Figure 1. Host clock rate values (GHz) for all
hosts sorted by increasing clock rate values.

2.2 Measurement Gaps
The traces that we obtained from our measurements contain gaps. This is expected as desktop resources become unavailable for a variety of reasons: a host is being rebooted
or experiences downtime, local processes use 100% of the
CPU, the Entropia client detects mouse or keyboard activity, a user actively pauses the Entropia client, etc. However,
we observe that a very large fraction (95%) of these gaps
are clustered in the 2 minute range. Figure 2 plots the distribution of these small gaps. The average small gap length
is 36.9 seconds.
4
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Number of Gaps

measurements are not strictly of CPU availability, but of
CPU availability perceived by an application running with
the Entropia software, which uses its own resource management policies (e.g., task suspension for 5 minutes in case of
keyboard/mouse activity).
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Figure 2. Length Distribution of “small” gaps
(<2 min).

After careful examination of our traces, we found that these
short gaps occur exclusively in between the termination of
a task and the beginning of a new task on the same host. We
thus conclude that these small gaps do not correspond to actual host unavailability, but rather are due to the delay of the
Entropia system for starting a new task. This delay is itself
due to several overhead sources, as well as an actual builtin limitation that prevents the system from sending tasks to
resources too quickly (e.g., to avoid large number of failures in case of application misconfigurations). Therefore,
these small availability gaps would not be experienced by
the tasks of a real application, but only in between tasks.

Consequently, we eliminated all gaps that were under 2
minutes in our traces by performing linear interpolation. A
small portion of the gaps larger than 2 minutes may be also
attributed to Entropia server delay and thus means that our
post-processed traces may be slightly pessimistic. Note that
although we use interpolation, we use the average small gap
length in our performance models to account for the Entropia server delay (see Section 4). Note that these small
gaps are not due to keyboard/mouse activity on the hosts as
the Entropia client is suspended for 5 minutes when these
happen. Note also that, for a real application, the gaps may
be larger due to transfer of input data files necessary for
task execution. Such transfer cost could be added to our average small gap length and thus easily included in the performance model developed in Section 4.

We identify these two kinds of unavailability in our measurements as follows. Host unavailability corresponds to
measurement gaps in our host traces that occur between executions of our measurement tasks. In other words, either
no measurement task was running on the host, or if one was
running it failed and never produced trace data. For simplification we assume that the whole gap corresponds to host
unavailability, which may be pessimistic given that the task
may have failed only at the end of the gap (note however
that our measurement tasks are short). CPU unavailability
corresponds to gaps in our traces that occur between the beginning and the completion of a measurement task. In this
case, the lack of measurement means that the task was suspended but eventually was resumed and completed.
100
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Platform Measurements

90

% of Time Above Threshold

80

Over our 28 days of measurements, we have obtained
traces for over 220 hosts, for a total of 32,435,932 individual CPU availability measurements. The total compute
power that was available to our tasks was 12.8 trillions of
operations, which is equivalent to 11.2 years of CPU time
on a 1.5GHz Pentium processor. The gaps in our traces that
correspond to CPU unavailability represent 16% of the total timespan of the measurement period for all hosts. In
what follows, we define the term availability precisely and
present our characterization of the temporal structure of
CPU availability.
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3.1 Defining Availability
The term “availability” has different meanings in different contexts and must be clearly defined for the problem
at hand [6]. In this work we consider two kinds of unavailability: (i) host availability, a binary value that indicates whether a host is reachable and the desktop grid
client is up, which corresponds to the definition of availability in [7, 6, 14, 30]; and (ii) CPU availability, a percentage
value that quantifies the fraction of the CPU that can be exploited by a desktop grid application, which corresponds to
the definition in [3, 12, 33, 15, 38]. When a host becomes
unavailable (e.g., during a shutdown of the O/S), no new
task can be started, and if a desktop grid application task
was running on that host, it fails. When a CPU becomes
unavailable (that is with 1% CPU availability) but its host
is still available (e.g., when the CPU is used more than 99%
by local processes, there is keyboard/mouse activity from
the resource owner), then a running desktop grid application task is suspended and can be resumed when the CPU
becomes available again (that is with  1% CPU availability). Of course host unavailability implies CPU unavailability

Figure 3. Percentage of times when CPU availability, in percentage, is above a given threshold, over all hosts, for weekdays and weekends.

An estimate of the computational power (i.e. number of
cycles) that can be delivered to a desktop grid application is given by an aggregate measure of CPU availability.
For each data point in our measurements (over all hosts),
we computed how often CPU availability is above a given
threshold. We present results separately for weekdays and
weekends, which we will do throughout this paper, as the
desktop grid exhibit significant behavior during and outside of the work week. Figure 3 plots the frequency of
CPU availability being over a threshold for threshold values
from from 0% to 100%: the data point  means that  %
of the time CPU availability is over  %. For instance, the
graph shows that CPU availability is over 90% about 55%
of the time during weekdays, and 70% of the time during
weekends. On average CPUs are completely unavailable
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Figure 4. Cumulative distribution of interval
lengths in number of hours.

Figure 5. Cumulative distribution of interval
lengths in number of operations.

19% of the time during weekdays and 3% of the cases during weekends. We also note that both curves are relatively
flat for CPU availability between 1% and 80%, denoting
that hosts rarely exhibit availabilities in that range.
Other studies have obtained similar data about aggregate CPU availability in desktop grids [13, 24]. While such
characterizations make it possible to obtain coarse estimates
of the power of the desktop grid, it is difficult to related
them directly to what a desktop grid application can hope to
achieve. In particular, the understanding of host availability patterns, that is the statistical properties of the duration
of time intervals during which an application can use a host,
and a characterization of how much power that host delivers
during these time intervals, are key to obtaining quantitative
measures of the utility of a platform to an application. We
develop such characterization in the next section.

lem. Indeed, from the perspective of a compute-intensive
application, a 1GHz host that is available for 2 hours with
average 80% CPU availability is less attractive than, say, a
2GHz host that is available for 1 hour with average 100%
CPU availability.
By contrast, Figure 5 plots the cumulative distribution of
the host availability intervals, both for weekdays and weekends, in terms of the number of operations performed (instead of time) between failures. computed using our measured CPU availability. This quantifies directly the performance that an application, factoring in heterogeneity of
hosts. Other major trends in the data are as expected with
hosts and CPUs are more frequently available during weekends than weekdays. This empirical data enables us to
quantify task failure rates and develop a performance model
in the next section.

3.2 Host Availability Patterns
Figure 4 plots the cumulative distribution of the duration of host availability intervals between failures, both for
weekdays and weekends. These are intervals during which
a desktop grid application task may be suspended but does
not fail. We see that intervals are significantly longer during weekends, with an average of close to 6 hours, versus
under 3 hours during weekdays. Further, for the weekends,
several intuitive features in the availability intervals distributions are clearly visible (e.g. 24 hours, 48 hours, etc.).
While this data is interesting for applications that require
hosts to be reachable for given period of time (i.e. content
distribution) and could be used to confirm and extend some
of the work in [7, 6, 14, 30], it is less relevant to our prob-

4

Performance Models and Utility Metrics

4.1 Expected Task Failure and Work Rates
Based on our characterization of the temporal structure
of resource availability, it is possible to derive the expected
task failure rate, that is the probability that a host will become unavailable before a task completes. This expectation is strongly dependent on the task lengths, as shown
in Figure 6. The expected task failure rate on this figure
are computed from the distribution of number of operations
performed in between failures (from the data shown in Figure 5) based on random incidence, and is shown for weekdays and for weekends. For illustration purposes, the x axis

9

shows task sizes not in number of operations, but in execution time on a dedicated 1.5GHz host, from 1 to 60 minutes.
The two dominant features are first that for a given task size
the failure rate on weekends is lower than on weekdays, and
second that the failure rate increases with task size.
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Figure 6. Task failure rate versus task size (in
number of minutes of dedicated CPU time on
a 1.5GHz host).

Based on the data we have presented, we can now propose a model for an application’s expected work rate (that is
the number of useful operations performed by time units),
 , given a uniform task size  (number of operations
per task), as follows.
From our measurements we know that there is an average
overhead,  , characterized to be 36.9 seconds in between
each task on the same resource due to the Entropia server
(see Section 2). Using the data from Figure 6, we can compute the task failure rate,   , as a function of the task size.
We can also estimate the average compute rate in operations
per second for a host in the desktop grid,  , by computing
the average delivered operation per second from our traces,
and taking an average over all host.  in number of operations per seconds for an application using  hosts in the
desktop grid is then computed as:






   




(1)

where     is the effective compute rate accounting
for failures and   is the overhead for scheduling each task.
Note that one could fit the data shown in Figure 6 to an
analytical model for   (e.g., linear) to obtain a closedform expression for  .

rate for the same task sizes as in
Figure 7 plots
Figure 6, for both weekdays and weekends. For weekdays,
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Figure 7. Model of application work rate for
entire desktop grid, in number of operations
per seconds versus task size, in number of
minutes of dedicated CPU time on a 1.5GHz
host.

for task sizes below 13 minutes per-host progress increases
rapidly as the task size compensates for the fixed overhead. However, as task size increases further, the per-host
progress decreases as the penalty of additional task failures
wastes some of the CPU cycles. This trend is also exhibited for weekends, but the longer availability intervals enable compute rates to improve up to task sizes around 450
minutes. Thus, for both weekdays and weekends, the tradeoff between overhead and failures produces an optimal task
size, which is 13 and 25 minutes respectively. Note that
these are the number of minutes that a task execution would
require on a dedicated 1.5GHz host, so the effective execution times experienced on the SDSC Entropia grid range
from approximately five times longer to two times shorter.

4.2 Cluster Equivalence
To characterize the impact of resource volatility in a
desktop grid on usable performance we use a cluster equivalence utility metric, which was first introduced in [1].
That is, for a given desktop environment (and corresponding temporal CPU availability), what fraction of a dedicated
cluster CPU is each desktop CPU worth to an application?
With this information, we can establish for a desktop grid
the size of a dedicated cluster to which its performance is
equivalent. Because the objective is to quantify the performance impact of resource volatility, we normalize assuming
that the CPU clock rate of each cluster is equal to the mean
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Figure 8. Cluster equivalence of entire desktop grid.

CPU clock rate in the desktop grid .
More precisely: “Given an  -host desktop grid, how
many nodes of dedicated cluster, , with comparable CPU
clock rates, are required such that the two platforms have

equal utility?” We define
as the cluster equivalence
ratio of the desktop grid.
It is clear from our desktop grid measurements that the
cluster equivalence ratio depends on the application’s structure and characteristics. Here we consider only task parallel
applications with various task sizes as in Section 4. The
higher the task size the lower the cluster equivalence ratio
since the application becomes more subject to failures (see
Figure 7).
We compute the cluster equivalence for a range of application task sizes, as shown in Figure 8 and the curves
are essentially scaled versions of those in Figure 7. The
data points on this graph can be used to determine the effective cluster CPU’s that the SDSC desktop grid delivers.
For example, for million operation tasks (approximately
25 minutes on a 1.5 GHz CPU), the performance of the
220-node SDSC Entropia desktop grid is equivalent to a
209-node cluster on weekends, and to a 160-node cluster
on weekdays.
For comparison, Figure 9 shows the cluster equivalence
metric computed for a subset of the desktop grid that excludes the most recent machines (in this case, the 153 machines produced after the year 2001, which had clock rates
higher than 1GHz). The mean clock rate of this subset of
hosts was approximately 700MHz. We observe that the
trends are similar to that seen in Figure 8. In fact, the aver-









Numerous industrial interactions by one of the authors suggest that
this is true in many companies.
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Figure 9. Cluster equivalence of desktops
produced in 2001 or earlier.

age relative difference between the cluster equivalence ratios for the entire desktop grid and the subset, over all task
sizes, is approximately 10%.
The fact that our cluster equivalence metric is relatively
consistent for different subsets of the desktop grid is explained by Figure 10. This figure plots the cumulative percentage of operations delivered by a subset of the entire
platform, corresponding to an increasing percentage of the
sorted hosts. In other words, data point   on the graph
means that  % of the hosts (taking the most “useful” hosts
first) deliver  % of the compute operations of the the entire platform. Hosts are sorted either by number of delivered operations per seconds (as computed from our measurements) or by the corresponding clock rate, as seen in
the two curves in Figure 10. We can see that the two curves
are strikingly similar. This indicates that the average availability patterns of the hosts in our platform over our measurement period are uncorrelated with host clock rates. This
in turn explains why our cluster equivalence metric is consistent for the whole platform and a subset containing only
older machines.
Interestingly, we also find that the curves in Figure 10
while not linear, are only moderately skewed (as compared
to the dotted line in the figure). For instance, the 30%
most useful hosts deliver 50% of the overall compute power.
Similarly the 30% least useful hosts deliver approximately
14% of the overall compute power. Note that this skew is
not as high as to justify using only a small fraction of the
resources.
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Figure 10. Cumulative percentage of total platform computational power for hosts
sorted by decreasing effectively delivered
computational power and for hosts by clock
rates.
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Related Work

Several efforts have been underway to advance the stateof-the-art of computing on desktop grids and are thus
broadly related to this work. From a practical standpoint,
several commercial projects [17, 36, 35, 28] have delivered
full-fledge desktop grid infrastructures that can be deployed
securely, precisely managed, and professionally supported
within enterprises. In terms of enhancing the range of application structures that can run on desktop grids, MPICHV [8] provides a fault-tolerant MPI programming model for
volatile resources that are part of the XtremWeb [18] desktop grid infrastructure. From the application perspective,
works such as the one in [37] have demonstrated that applications can be tuned at the algorithmic level to be more
susceptible to benefit from desktop grids. Our work could
have impact for all the above projects as it provides characterization of the temporal structure of host and CPU availability in desktop grid, which is fundamental for advanced
resource management, resource selection, and application
scheduling.
The works in [7, 6, 14, 30] have presented measurement
and analysis of host availability in enterprise systems and in
large peer-to-peer networks (where host availability is defined as the host being reachable). While these results were
meaningful for the considered application domain (i.e., distributed storage), their relevance for our purpose is dubious.
Indeed, it is not clear how to relate up-times to actual CPU
cycles that could be effectively exploited by a compute-

intensive desktop grid applications. Therefore, while our
results contain host availability data (see for instance Figure 5), our main focus is on quantifying and characterizing
CPU availability during periods of host availability.
A few other studies have obtained percentages of CPU
cycles available for large collections of machines as part of
research projects [3, 12, 33], or have made available such
measurement data through a monitoring infrastructure [39].
While the results from these studies could be used to quantify the utility of a desktop grid for a compute-intensive application, we have highlighted their shortcomings in Section 1. Essentially, it is difficult to related the values obtained by lightweight CPU availability sensing to the CPU
availability that would be experienced by a desktop grid
application. Our work differs in that, rather than using
lightweight sensing, we conducted intrusive measurements
to experience the desktop grid exactly as a real application
would.
In [1], the authors use a cluster equivalence metric similar to ours. However, they focus solely on data parallel applications and base their analysis on traces resulting on limited monitoring techniques. Moreover, different monitoring
techniques were used for each of the three trace data sets,
and the definition of failure differed for each set, which may
have affected analysis. Also, the paper describes aggregate
characterization of availability intervals rather than distinguishing between weekdays and weekends, which have significant differences in terms of cluster equivalence.
A few authors have measured the performance of desktop grids for specific applications. The work in [13] studies
the performance of an Entropia deployment for four different applications with different granularities and compares
some of the results to runs performed on a dedicated cluster.
In this work we go further by conducting measurements of
effective host and CPU availability, proposing a model for
the performance of the desktop grid, and defining a cluster
equivalence metric to quantify the platform utility. It would
be interesting to apply our results to those obtained in [13].
Similarly, work in [24] reports on several applications that
were deployed on XtremWeb desktop grids [18]. Here also
our work goes further as we make a fundamental connection
between host and CPU availability characterizations on expected application performance.

6

Summary and Future Work

Desktop grids are attractive platforms for running
compute-bound distributed applications as they can provide
low-cost, otherwise unused CPU cycles, and make it possible for enterprises to maximize return-on-investment for
desktop resources. However, due to the inherent volatility of these resources, usage scenarios have been mostly
confined to the execution of a single long-lived, embarrass-

ingly parallel application, with the goal of achieving high
throughput. More advanced usage, namely strategies for
running such applications more efficiently, and the ability
to deploy more diverse applications (e.g. short-lived applications with a number of tasks significantly lower than
the number of available resources, applications that require
some task synchronization, multiple concurrent applications) is impeded by: (i) the lack of understanding of resource availability characteristics; (ii) the lack of quantitative models and metrics of the utility of both individual
resources and of the entire platform for different applications. In this paper we address these two concerns by conducting measurements of CPU availability and by running a
real-world application on a production Entropia [17] desktop grid.
We obtained detailed characterizations of the temporal
structure of CPU availability, with which we developed a
model for the task completion rate of embarrassingly parallel applications for various task sizes. We developed a general “cluster equivalence” metric that quantifies the utility of
a desktop grid by comparing its utility to that of a dedicated
cluster. This metric can be computed for any desktop grid,
and we found it to be consistent over subsets of our desktop grid. We found that host volatility reduced the power
of a 220-host desktop grid to be equivalent to a 209-hosts
cluster, and to a 160-host cluster during weekdays, where
cluster hosts have a clock rate equal to the mean clock rate
of the desktop grid hosts.
In future work we will perform measurements and compute the cluster equivalence with software platforms other
than the Entropia SDSC desktop grid. In particular, we are
planning to work with XtremWeb [18] and Enfuzion [16]
deployments to determine the generality of our results and
to understand any bias of a particular system. Regardless of
any potential differences, our characterization and evaluation of the Entropia desktop grid at SDSC is useful in it of
itself.
Our broader, longer-term goal, is to exploit the availability measurements and characterizations obtained in this
paper to study the deployment of different applications in
terms of structure and size. Desktop grids have been shown
to be a viable platform for data parallel applications, such as
CHARMM [37]. Current research efforts, such as those behind MPICH-V [8], are improving the feasibility of running
relatively short-lived data parallel applications on volatile
desktop grids. We will use our trace data and characterization to determine the costs of deploying data parallel applications and to design scheduling heuristics that take into
account for example correlation of host availability. Our
availability data and results will enable further research in
discovering intelligent resource management and application scheduling strategies.
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