
 

Abstract

 

Data-parallel applications executing in multi-user
clustered environments share resources with other
applications. Since this sharing of resources dramatically
affects the performance of individual applications, it is
critical to estimate its effect, i.e., the application
slowdown, in order to predict application behavior. In this
paper, we develop a new approach for predicting the
slowdown imposed on data-parallel applications
executing on homogeneous and heterogeneous clusters of
workstations. Our model synthesizes the slowdown on
each machine used by an application into a contention
measure – the aggregate slowdown factor

 

 – 

 

used to adjust
the execution time of the application to account for the
aggregate load. The model is parameterized by the work
(or data) partitioning policy employed by the targeted
application, the local slowdown (due to contention from
other users) present in each node of the cluster, and the
relative weight (capacity) associated with each node in the
cluster. This model provides a basis for predicting realistic
execution times for distributed data-parallel applications
in production clustered environments.

 

1.  Introduction

 

Clusters of workstations have been used effectively as
parallel machines for large, data-parallel, scientific
applications [3, 4, 6, 16]. Workstations in such clusters are
typically time-shared, causing competing applications to
split the CPU and memory capacity on each node. The
result of such sharing is that the fraction of resources
available for a single distributed parallel application is
reduced, causing a 

 

slowdown

 

 in the overall application
performance. In [1], Arpaci et al. have shown that this
slowdown can be significant. When slowdown can be
predicted accurately, this information can be used to

improve scheduling decisions in shared distributed
systems [9].

A number of researchers have investigated how
slowdown might be calculated and used to improve
performance. Slowdown on a single machine has been
used for task scheduling (as shown in [3] and [6]) and to
predict performance (as shown in [10], [13] and [22]). Co-
scheduling algorithms developed for networks of
workstations have taken the slowdown on each machine
into account, as shown in [2] and [7]. Weissman [19] has
proposed a scheduling model based on resource contention
using an 

 

interference paradigm

 

. The interference measure
determines how much slower an application will compute
or a parallel application will communicate.

In this paper, we develop a new model for predicting
the slowdown imposed on data-parallel applications
executing on homogeneous and heterogeneous clusters of
workstations. Our model synthesizes the slowdown on
each machine used by an application into a contention
measure – the

 

 aggregate slowdown factor

 

 

 

– 

 

used to adjust
the execution time of the application to account for the
aggregate load. This factor can be combined with the time
to execute the application in dedicated mode (on the same
cluster) to provide an estimate of application performance
in the presence of contention.

The

 

 

 

aggregate slowdown factor is based on both
app l i ca t ion -spec ific  resource  usage  and  node
computational capacity. Node capacity depends both on
the dedicated capacity (e.g., CPU speed) of the node and
on the load experienced by the node. Note that the
dedicated capacity of nodes in a cluster may be non-
uniform when the nodes are heterogeneous.

This paper is organized as follows. Section 2 introduces
our model and the aggregate slowdown measure. We focus
on aggregate slowdown factors for two common work
partitioning policies (load-dependent and constraint-
based) in Section 3. Section 4 discusses the local
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slowdown in each node of the cluster. In Sections 5 and 6,
we describe our experiments and evaluate the accuracy of
the model presented. Section 7 concludes with a summary.

 

2.  The Environment

 

We define a contention measure, the 

 

aggregate slowdown
factor

 

, that determines how load in the cluster will retard
the performance of an individual application. Using this
factor, the time 

 

X

 

 to execute a data-parallel application on
a cluster is given by

, (1)

where 

 

sd

 

 

 

is the aggregate slowdown factor (dependent on
the aggregate load in the cluster), and  is the time to
execute the targeted application on the cluster without
interference from competing applications.

For this paper, we focus on loosely synchronous CPU-
bound applications as defined by Fox [12]. These
applications are coarse-grained data-parallel scientific
applications in which computation and communication
phases alternate. Such applications can profit from
execution in clustered environments. 

The computational environment is a cluster of
homogeneous or heterogeneous workstations. Note that
the model is independent of the number of nodes in the
cluster. We assume that the cluster is shared by CPU-
bound serial and/or data-parallel distributed applications,
which execute for the entire duration of the targeted
application. Each node in the cluster has one CPU. We
assume that contention due to CPU-bound applications
sharing resources provides the major source of slowdown.
Developing an accurate contention model for CPU-bound
applications provides a fundamental building block for
contention models for a more heterogeneous job mix in
which competing applications may also be non-CPU
bound.

For this model, we consider the effects due to system
overhead as well as application communication costs to be
minimal. Although considering communication costs
seemed essential at first, our experiments showed that for
representative CPU-bound data-parallel applications the
amount of communication was not significant.

In our experiments, we assumed that each workstation
schedules its processes locally and independently using a
round-robin mechanism. Note that priority-based
mechanisms, usually employed by workstations’ operating
systems, reduce to round-robin when the competing
applications are CPU-bound [8]. 

Finally, we assume that the memory in each node fits
the working set of all the applications executing on the
node and that no delay is imposed by swapping. The
model can be extended to include more varied memory
access costs in a straightforward manner.

X Xded sd×=

Xded

 

3.  Aggregate Slowdown

 

Aggregate slowdown

 

 is defined to be the performance
slowdown of an application due to other applications
sharing the cluster. Aggregate slowdown factors must be
calculated based both on the work partitioning policy and
on the capacity of each node. Node capacity is given by
two parameters, each determined for each node in the
cluster:
•

 

sd

 

a

 

 = the local slowdown at node 

 

a 

 

and
•

 

w

 

a

 

 = the weight of node 

 

a

 

.

The 

 

local slowdown

 

 at node 

 

a

 

, 

 

sd

 

a

 

, is the delay
imposed on an application running on node 

 

a

 

 as a function
of other applications that share 

 

a

 

’s CPU. We show how to
calculate the local slowdown in Section 4.

The 

 

weight

 

 of a node 

 

a

 

, 

 

w

 

a

 

, reflects its dedicated
capacity relative to the other nodes in the cluster. The
value for 

 

w

 

a

 

 can be calculated as the ratio of the time to
execute a task on the slowest node 

 

s

 

 to the time to execute
the same task on node 

 

a

 

 (as described in [7]). In a
homogeneous cluster, 

 

w

 

a

 

 = 1, for all 

 

a

 

. To calculate
weights for nodes in a heterogeneous cluster, we execute a
serial benchmark in dedicated mode on the different nodes
of the cluster and calculate the weight for each node 

 

a

 

 

 

≠

 

 

 

s

 

as 

 

w

 

a

 

 = 

 

t

 

s

 

 / 

 

t

 

a

 

, such that the machine with the longest time

 

t

 

s

 

, has weight 

 

w

 

s

 

 = 1. Note that weights are dependent on
the benchmark chosen [7, 9]. 

The fol lowing subsections develop aggregate
slowdown factors for two work partitioning policies
commonly used by high-performance data-parallel
applications:
•

 

load-dependent partitioning

 

, in which the amount of
work allocated to each node is calculated based on its
computational capacity, and

•

 

constraint-based partitioning

 

, in which work is parti-
tioned among the nodes according to a set of constraints
(e.g., memory availability).

Note that we base our model on work partitioning (and
not on data partitioning) since the computational effort
required by a node is not always proportional to the
amount of data the node is assigned. Note also that the
model developed does not cover applications that have a
dynamic work partitioning independent of the load, i.e.,
applications for which work partitioning varies throughout
their execution (e.g., particle simulation). The model does
cover these applications when a dynamic rebalance
strategy, which takes the load of each node into account, is
implemented 

 

as part of the code

 

.

 

3.1  Load-Dependent Partitioning

 

In this partitioning, work is allocated according to the
available computational capacity of each node in the



 

cluster. In this case, work is partitioned so that all nodes
will finish together (ideally), assuming they all started at
the same time. For this partitioning, we determine the
aggregate slowdown in terms of the 

 

aggregate capacity

 

available on the cluster. We define aggregate capacity as
the sum of the available computational capacities of the
nodes. We define 

 

capacity

 

a

 

 as the available computational
capacity of node 

 

a

 

. It is important to note that the available
capacity of each node depends on both its local load and
its weight. For instance, for an unloaded node 

 

k

 

, 

 

capacity

 

k

 

= 

 

w

 

k

 

, and for a loaded node 

 

k

 

, 

 

capacity

 

k

 

 = 

 

w

 

k

 

 / 

 

sd

 

k

 

.
The aggregate slowdown is given by the ratio of the

aggregate capacity

 

 

 

available in the unloaded (or dedicated)
cluster to the aggregate capacity available in the loaded
cluster. We calculate the aggregate slowdown for a cluster
formed by 

 

n

 

 nodes as

(2)

Figure 1 illustrates a load-dependent partitioning. The
work for application A is partitioned according to the node
capacities of a set of heterogeneous nodes, as shown in the
figure. If node 4 is twice as slow as the others (i.e., 

 

t

 

1

 

 = 

 

t

 

2

 

= 

 

t

 

3

 

 = 

 

t

 

4

 

 / 2), then 

 

sd

 

 = (2 + 2 + 2 + 1) / (2 / 2 + 2 / 2 + 2 / 3
+ 1 / 1) = 7 / 3.67 = 1.9 according to equation (2).

 

Figure 1: Cluster formed by 4 heterogeneous nodes
and shared by three applications: A, X, and Y.
Application A’s work is divided among the nodes
according to their computational capacity. Each box
represents the amount of work associated with the
corresponding node.

 

3.2  Constraint-Based Partitioning

 

When work is partitioned based on a set of constraints,
such as memory availability or data locality, the aggregate
slowdown can be calculated from the extra amount of
work (relative to the work assigned in a 

 

uniform

 

partitioning, in which the work is partitioned evenly
among the nodes) assigned to each node. That is, the time
to execute the part of the application assigned to each node
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is formed by two components: the amount of work that
would be performed if the work partitioning were uniform,
and the extra work that must be executed by a node
because the work partitioning is not uniform. Using this
approach, the time to execute the part of the application
assigned to node 

 

a

 

 in the presence of contention is

(3)

where 
•  = time to execute the part of the application

assigned to node 

 

a

 

, in dedicated mode,
•

 

ew

 

a

 

 = extra work executed by node 

 

a

 

, calculated as

•

 

f

 

a

 

 = fraction of work assigned to node 

 

a

 

, and
•

 

n

 

 is the number of nodes in the cluster.

Note that node 

 

a

 

 can be assigned less work than it
would be if the partitioning were uniform. In this case,

 and .
If all nodes begin execution concurrently, the slowest

node will determine the time to execute the application,
which is given by equation (1). From (1) and (3), we can
calculate the aggregate slowdown as

(4)

where the numerator represents the time it takes to execute
the application in the presence of contention, and the
denominator represents the time it takes to execute the
application in dedicated mode.

Note that the uniform partitioning policy, in which each
node is assigned an equal amount of work, is characterized
by 

 

ew

 

a

 

 = 0 for all 

 

a

 

, and the aggregate slowdown for this
policy can also be calculated by equation (4).

Equation (4) assumes that the targeted application will
use the same constraint-based work partitioning (given by

 

ew

 

a

 

) in determining both 

 

X

 

 and 

 

X

 

ded

 

. This may not be
always the case, since the work partitionings used for 

 

X

 

and 

 

X

 

ded

 

 may be determined by different constraints. For
example, if the partitioning depends on the memory
available on each workstation, which varies according to
the load, the partitioning used for the dedicated and non-
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dedicated executions may not be the same. Therefore, we
must allow for different constraint-based partitionings to
be used for X and Xded. Call these constraint-based
partitionings d1 and d2. To accommodate for d1 (for X) and
d2 (for Xded), equation (4) is modified to 

, (5)

where
• ewa,y = extra work executed by node a with partitioning

dy (y = 1, 2), calculated as

• fa,y = fraction of work assigned to node a for partitioning
dy (y = 1, 2).

In the setting where the dedicated time Xded is given for
a uniform work partitioning, equation (4) can be reduced
to

, (6)

where the numerator represents the time to execute in the
presence of contention with a constraint-based partitioning
(characterized by ewa), and the denominator represents the
time to execute in dedicated mode with a uniform
partitioning.

Since , for any set of nodes,
equation (6) can be reduced to

. (7)

Figure 2 illustrates the constraint-based partitioning. It
shows application A’s work partitioning in a four-node
cluster. The application has 12 work units, which are
partitioned among the nodes according to memory
availability. The dotted lines in the figure determine
application A’s work units. According to the figure, f1 = 1 /
12, f2 = 3 / 12, f3 = 3 / 12, and f4 = 5 / 12. If the nodes are
homogeneous, nodes 2 and 3 determine the time to
execute application A. This happens because nodes 2 and
3 are both assigned 3 work units, which are delayed by a
factor of 2, whereas node 4 is assigned 5 work units,
which execute in full speed. In this case, according to
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equation (7), sd = (1 + 0) × 2 / 1 = 2. However, if the nodes
are heterogeneous and node 4 is twice as slow as the
others, the time to execute application A is determined by
node 4, and sd = (1 + 0.67) × 1 / 1 = 1.67, also according to
equation (7).

Figure 2: Cluster formed by 4 nodes and shared by
three applications: A, X, and Y. Application A’s 12 units
of work (which are determined by the dotted lines) are
divided among the nodes according to memory
availability. Each box represents the amount of work
associated with the corresponding node.

4.  Local Slowdown

The aggregate slowdown sd is calculated based on the
local slowdown sda on each workstation a of the cluster.
The local slowdown on node a is the delay imposed on an
application running on node a as a function of other
applications that share a’s CPU. In [10], we presented a
model to calculate the local slowdown based on
information (such as the computation/communication
ratio) about the applications executing on the system.
Since this information may not be always available, in this
paper we present a different way of calculating local
slowdown based on information provided by the system.

If the scheduling policy implemented by the local
scheduler executed on each workstation is reduced to
round-robin (which is generally the case when all tasks are
CPU-bound and have the same priority), the slowdown
imposed by contention on each node a can be calculated
simply as

, (8)

where pa is the number of extra processes executing on
node a. 

Equation (8) - with some slight variations - has been
used for slowdown predictions in [3, 4, 6, 13, 19, 22].
However, it assumes that the competing applications
executing on the nodes of the cluster are well balanced and
executing at full speed (without idle intervals). This may
not be always the case.

When the load is not well-balanced and idle cycles
occur in a node, the local slowdown used in the aggregate
slowdown calculation must be a function of the fraction of
the busy (as opposed to idle) time of the competing
applications. In this case, the slowdown imposed by
contention on node a should be modeled pessimistically as
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, (9)

where busya,i is the fraction of time in which application i
is busy on node a, i.e., application i is either computing
within its own time slice, communicating, or waiting for
its time slice.

The value for busya,i depends on the effects of the load
in the cluster, including the targeted application. To
calculate busya,i, we use the CPU-usage associated with
application i on node a, and we have 

, (10)

where CPUa,i is the fraction of a’s CPU used by
application i. Note that CPUa,i is a fraction provided by
the operating system. This fraction can also be predicted
by tools such as the Network Weather Service [21].

According to equation (10), application i is busy all the
time (busya,i  = 1) when its CPU-usage corresponds to at
least 1 / (pa + 1). When application i’s CPU-usage is less
than 1 / (pa + 1), it does not use the CPU all the time, and
the product of i ts CPU-usage and the number of
applications in the system gives the fraction of time in
which application i is busy. Note that, since the targeted
application will affect the amount of time application i is
busy, pa + 1 (not just pa) is used.

Equation (10) is actually an upper bound on the time
that application i is busy. It considers the worst case in
which applications’ computation cycles are synchronized
(i.e., all applications compete for the CPU at the same
time) and the targeted application neither has nor induces
idle cycles in the competing applications. When
computation cycles are not synchronized, applications will
compete for the CPU less often. Also, when the targeted
application either has or induces idle cycles in the
competing applications, these applications may stay busy
less time. In these cases, the slowdown on the node will
decrease.

5.  Experiments

The formulas presented in Section 3 provide a model for
the aggregate slowdown. To assess the accuracy of this
model, we performed a large collection of experiments on
a wide range of CPU-bound benchmarks commonly found
in high-performance scientific applications. Some
examples of the applications used were: Jacobi2D [5],
Jacobi3D [5], Red-Black SOR [5], Multigrid [5], Genetic
Algorithm [20], and LU Solver [15]. In these experiments,
we compared actual execution times with modeled times
(dedicated time factored by aggregate slowdown) for
applications executing on a cluster of workstations with

sda 1 busya i,
i 1=

pa

∑+=

busya i, min 1  CPUa i, pa 1+( )×,{ }≈

CPU-bound synthetic loads. The synthetic loads were
formed by a combination of CPU-bound serial and/or
data-parallel applications distributed over the cluster. In
this paper, we show representative experiments for each
scheduling policy. On all graphs, we show actual times in
contentious (multi-user) environment, predicted times
using our slowdown model, and dedicated (single-user)
actual times for comparison. A more complete list of the
experiments can be found in [9].

All of our experiments show the modeled execution
times to be within 15% of actual execution times. This
demonstrates that, for reasonably accurate dedicated time
performance estimates, aggregate slowdown captures
contention delays in multi-user systems correctly and can
provide an accurate model for performance predictions.
The discrepancy in error between modeled and actual
times is due to a variety of factors. For example, the fact
that the round-robin scheduling policy assumed on each
workstation is not a “perfect” round-robin contributes to
the error.

Our experiments were performed on two platforms: a
cluster of homogeneous nodes, represented by a DEC
Alpha-Farm located at the San Diego Supercomputer
Center, and a cluster of heterogeneous nodes formed by
two DEC Alphas (located in the Computer Systems
Laboratory at UCSD) and two IBM RS-6000s (located in
the Parallel Computation Laboratory, also at UCSD). In
the DEC Alpha-Farm, the nodes are connected by a
GIGAswitch, which is dedicated to the nodes. In the
heterogeneous cluster, the nodes are part of different
Ethernet networks.

In this section, we show a representative subset of the
experiments performed on the homogeneous and
heterogeneous clusters described above.

5.1  Experiments on the Homogeneous Cluster

In the first set of experiments, we targeted clusters of
uniform workstations.

Figure 3 illustrates two representative experiments with
the load-dependent work partitioning policy. Shown is a
distributed SOR application [5] developed using PVM
[18] and executed on 4 nodes of the DEC Alpha-Farm
with two different loads. The parameters for the
experiments are shown in Table 1. In experiment 1 (exp 1),
there is a CPU-bound data-parallel application executing
on two of the nodes. In this case, aggregate capacity = 1 /
2 + 1 / 2 + 1 + 1 = 3, and sd = 4 / 3 = 1.33. In experiment 2
(exp 2), there is a CPU-bound data-parallel application
executing on two of the nodes, and two serial CPU-bound
applications executing on another node, as shown in
Figure 1. In this case, aggregate capacity = 1 / 2 + 1 / 2 +
1 / 3 + 1 = 2.33, and the SOR algorithm was slowed by a



factor of 4 / 2.33 = 1.72.

Figure 3: Time to execute the SOR algorithm on 4
nodes of the DEC Alpha-Farm in dedicated mode and
with 2 different loads.

Figure 4 represents experiments using the constraint-
based work partitioning policy. Shown is a Multigrid
application [5] (developed using KeLP [11] and MPI [14])
executed for different problem sizes (given by N×N) on 4
nodes of the DEC Alpha-farm. Two of the nodes (nodes 2
and 3) also host a CPU-bound data-parallel application,
and one of the nodes (node 1) also hosts two serial, CPU-
bound applications, as shown in Figure 2. The blocks of
data were divided among the nodes according to a set of
constraints resulting in the partitioning shown in Table 2
(column f). Table 2 also shows the other parameters (sd
and ew) used to calculate the aggregate slowdown (3.0).
Note that the dedicated time is given for a uniform work
partitioning.

Table 1: Parameters for the Experiments in Figure 3

Node sd for exp 1 sd for exp 2

1 2 2

2 2 2

3 1 3

4 1 1

Table 2: Parameters for the Experiment in Figure 4

Node sd f (%) ew

1 3 25 0 3.00

2 2 17 - 0.33 1.34

3 2 25 0 2.00

4 1 33 0.33 1.33
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Figure 4: Time to execute the Multigrid application on 4
nodes of the DEC Alpha-Farm, with constraint-based
partitioning, in dedicated mode and with contention on
the nodes.

Figure 5 and Figure 6 also represent experiments using
the constraint-based work partitioning policy. They
present examples of a Jacobi3D algorithm [5] (developed
using KeLP [11] and MPI [14]) executing for different
problem sizes (given by N×N). The dedicated time was
given for a uniform work partitioning. Figure 5 shows
modeled and measured times for execution on 4 nodes
where other applications are also executing. In experiment
1 (exp 1), there was a CPU-bound parallel application
executing on two of the nodes as shown in Table 3,
imposing a slowdown of 2 on the execution of the
Jacobi3D algorithm. In experiment 2 (exp 2), there was a
CPU-bound parallel application executing on two of the
nodes, one of which was also shared by a serial CPU-
bound application, as shown in Table 4. In this case, the
Jacobi3D algorithm was slowed by a factor of 3.

Table 4: Parameters for Experiment 2 in Figure 5

Table 3: Parameters for Experiment 1 in Figure 5

Node sd f (%) ew

1 2 25 0 2

2 2 25 0 2

3 1 25 0 1

4 1 25 0 1

Node sd f (%) ew

1 3 25 0 3

2 2 25 0 2

3 1 25 0 1

4 1 25 0 1
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Figure 5: Time to execute the Jacobi3D algorithm on 4
nodes of the DEC Alpha-Farm in dedicated mode and
with 2 different loads.

Figure 6 shows an example of the execution of the
Jacobi3D benchmark for different problem sizes (given by
N×N) on 4 nodes, in which the CPU-bound applications
described by Table 5 are also executing. The fractions in
the table represent the amount of time the application is
busy on the respective node. The work partitioning was
constraint-based. The aggregate slowdown factor is 2.375,
even though there are two applications executing on node
4. This is explained by the imbalance due to the work
partitioning of the competing applications. In particular,
this imbalance causes application 2 to be idle part of the
time, increasing node 4’s computational capacity. Note
that the dedicated time parameter is given for a uniform
work partitioning.

Table 6: Parameters for the Experiment in Figure 6

Table 5: Busy Fractions for the Experiment in Figure 6

Node
Parallel

Application 1
Parallel

Application 2

1

2 2 / 8

3 1

4 1 3 / 8

Node sd f (%) ew

1 1.000 25 0 1.000

2 1.250 25 0 1.250

3 2.000 25 0 2.000

4 2.375 25 0 2.375
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Figure 6: Time to execute the Jacobi3D algorithm on 4
nodes of the DEC Alpha-Farm in dedicated mode and
together with the load described in Table 5.

5.2  Experiments on the Heterogeneous Cluster

We now relax the constraints that all the nodes in the
cluster are uniform and communication links within the
cluster are dedicated to the cluster itself.

Figure 7 shows an example of the execution of the SOR
benchmark [5] (developed using PVM [18]) for different
p rob lem s izes  (g iven  by  N×N)  on  the  4 -node
heterogeneous cluster. The work was divided among the
machines according to their capacity and loads. The
ambient load was formed by one CPU-bound data-parallel
application executing on the DEC Alphas. Table 7
describes the values used to calculate the aggregate
slowdown for this situation, which is 8.14 / 5.08 = 1.6.
Note that the time to execute the SOR benchmark for a
4000×4000 matrix is shorter than the time estimated by
the model because, for this problem size, the round-robin
scheduling policy (assumed on each workstation) is not a
“perfect” round-robin, and the SOR benchmark gets
higher priority.

Figure 7: Times for the SOR algorithm executing with
load-dependent work partitioning on a heterogeneous
cluster in dedicated mode and under contention.
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Figure 8 represents experiments using a load-
dependent work partitioning policy with a Genetic
Algorithm application [20] developed using PVM [18].
Shown are modeled and measured times for execution
with different problem sizes (given by population size) on
four nodes of the heterogeneous cluster.  In this
experiment, the IBM RS-6000s are also executing a CPU-
bound data-parallel application. The parameters for the
experiment are shown in Table 7. The aggregate
slowdown is 1.18.

Figure 8: Times for the Genetic Algorithm executing
with load-dependent work partitioning on a
heterogeneous cluster in dedicated mode and under
contention.

Figure 9 represents experiments using a constraint-
based work partitioning policy. Shown is a representative
SOR application [5] developed using PVM [18] and
executed for different problem sizes (given by N×N). The

Table 7: Parameters for the Experiment in Figure 7

Node w sd

alpha1 3.07 2

alpha2 3.07 2

rs1 1.00 1

rs2 1.00 1

Table 8: Parameters for the Experiment in Figure 8

Node w sd

alpha1 2.3 1

alpha2 2.3 1

rs1 1.0 2

rs2 1.0 2
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platform is a heterogeneous cluster consisting of two DEC
Alphas and two IBM RS-6000s. Data for the dedicated run
was partitioned according to a set of constraints, resulting
in the partitioning shown in Table 9 (column f).

.

In experiment 1 (exp 1) there was an additional CPU-
bound data-parallel application executing on the 2 IBM
RS-6000s. Table 10 shows the work partitioning (column
f) and slowdown (sd) parameters used in this experiment.
According to Table 9 and Table 10, the aggregate
slowdown for this case is 2.67 / 1.33 = 2.01.

In experiment 2 (exp 2) there was a CPU-bound data-
parallel application executing on the 2 IBM RS-6000s,
another executing on one IBM RS-6000 and one DEC
Alpha, and three more CPU-bound serial applications
executing on the other Alpha. The fractions in Table 11
represent the amount of time the application is busy on the
respective node. Table 12 shows the work partitioning
(column f) and slowdown (column sd) used in this
experiment. According to Table 9 and Table 12, the
aggregate slowdown for this case is 3.27 / 1.33 = 2.46.
Note that, even though there is one application executing
on alpha2, its local slowdown due to load imbalance is
1.33.

Table 9: Parameters for Experiments in Figure 9

Node w f (%)

alpha1 3.07 17 0.22

alpha2 3.07 33 0.43

rs1 1.00 17 0.66

rs2 1.00 33 1.33

Table 10: Parameters for Experiment 1 in Figure 9

Node w sd f (%)

alpha1 3.07 1 17 0.22

alpha2 3.07 1 33 0.43

rs1 1.00 2 33 2.67

rs2 1.00 2 17 1.33

1 ewi+( ) wi⁄

1 ewi+( ) sdi× wi⁄



Figure 9: Times for two experiments with the SOR
algorithm executing with constraint-based work
partitioning on a heterogeneous cluster in dedicated
mode and with contention.

Figure 10 also represents experiments using the
constraint-based work partitioning policy. It presents
examples of a Jacobi2D benchmark [5] (developed using
KeLP [11] and MPI [14]) executing for different problem
sizes (given by N×N). The graph shows modeled and
measured times for execution on the 4 nodes. One of the
DEC Alphas and one of the IBM RS-6000s are also used
to execute a well-balanced CPU-bound data-parallel task,
as shown in Table 13, causing the aggregate slowdown to
be 2. Note that the time estimated by the model is a little
higher than the measured time because the round-robin
scheduling policy (assumed on each workstation) is not a
“perfect” round-robin and, in this case, Jacobi2D gets

Table 11: Busy Fractions for Experiment 2 in Figure 9

Node
Parallel
Appl. 1

Parallel
Appl. 2

Serial
Appl. 3

Serial
Appl. 4

Serial
Appl. 5

alpha1 1 1 1

alpha2 1 / 3

rs1 1 1

rs2 1

Table 12: Parameters for Experiment 2 in Figure 9

Node w sd f (%)

alpha1 3.07 4.00 27 1.42

alpha2 3.07 1.33 27 0.47

rs1 1.00 3.00 27 3.27

rs2 1.00 2.00 19 1.45
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higher priority and executes faster than expected by the
model.

Figure 10: Times for the Jacobi2D benchmark
executing with constraint-based work partitioning on
the heterogeneous cluster in dedicated mode and with
contention.

Figure 11 also presents examples of the Jacobi2D
benchmark executing for different problem sizes (given by
N×N). The graph shows modeled and measured times for
execution on the 4 nodes. The work partitioning was
constraint-based. The contention is generated by one
CPU-bound parallel application executing on the IBM
RS6000s, a second one executing on the DEC Alphas, and
a third one executing on one IBM RS-6000 and one DEC
Alpha. This scenario is represented in Table 14. The
aggregate slowdown is 3 due to the load in the most
heavily loaded DEC Alpha, as shown in Table 15.

Table 13: Parameters for the Experiment in Figure 10

Node w sd f (%)

alpha1 1.00 1 25 1.00

alpha2 1.00 2 25 2.00

rs1 1.84 2 25 1.09

rs2 1.84 1 25 0.54

Table 14: Node Usage for the Experiment in Figure 11

Node
Parallel

Application 1
Parallel

Application 2
Parallel

Application 3

alpha1 ✔

alpha2 ✔ ✔

rs1 ✔ ✔

rs2 ✔
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Figure 11: Times for the Jacobi2D benchmark
executing with constraint-based work partitioning on
the heterogeneous cluster in dedicated mode and with
contention.

6.  Evaluation of the Model

The models presented were developed based on the
amount of busy time of the competing applications. They
assume that the time to execute the targeted application is
longer than the busy/idle cycles of the competing
applications. If the target application is fast in comparison
with the duration of these cycles, i.e., the time to execute
the application is close to (or smaller than) the duration of
one busy/idle cycle, the accuracy of the models decreases. 

Figure 12 and Figure 13 illustrate the difference in
accuracy obtained in the prediction of the time to execute
the SOR benchmark on the heterogeneous cluster in two
situations. In both situations, the SOR competes for the
cluster with one CPU-bound data-parallel application that
executes on one DEC Alpha and one IBM RS-6000. In
Figure 12, the time to execute one busy/idle cycle of the
competing application was 15.82 seconds. In this case, the
time to execute the algorithm was longer than one busy/
idle cycle of the competing application, and the average
error was 2%. In Figure 13, the time to execute one busy/
idle cycle of the competing application was 223.76
seconds. In this case, the time to execute the same
algorithm was shorter than one busy/idle cycle of the
competing application, and the variation of the actual

Table 15: Parameters for the Experiment in Figure 11

Node w sd f (%)

alpha1 1.00 2 25 2.00

alpha2 1.00 3 25 3.00

rs1 1.84 3 25 1.63

rs2 1.84 2 25 1.09

1 ewi+( ) sdi× wi⁄

40

60

80

100

120

140

160

2800 2850 2900 2950 3000

no contention
modeled
measured

ti
m

e 
(s

ec
on

ds
)

problem size (N)

times to execute the algorithm causes the average error to
be within 12%.

Note that in Figure 13, for problem size 4400×4400,
one execution of the benchmark with contention was
faster than the execution in dedicated mode. This
phenomenon is explained by a variation in the execution
time in dedicated mode [17] caused by traffic in the
network, which is nondedicated in the heterogeneous
cluster. In our experiments, this variation is not significant
because the amount of communication is small.

Figure 12: Time to execute the SOR benchmark in
dedicated mode and competing with one application
that has a 15.82-second busy/idle cycle.

Figure 13: Time to execute the SOR benchmark in
dedicated mode and competing with one application
that has a 223.76-second busy/idle cycle.

7.  Summary

In this paper, we have presented a model to predict
contention effects in clustered environments. This model
provides a basis for predicting realistic execution times for
applications on clusters of workstations, a fundamental
component of performance-efficient scheduling. The
model is parameterized by the policy used to partition
application work, the local slowdown present in each node
of the cluster, and the relative weight of each node in the
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cluster, all of which contribute substantively to application
performance.

To determine the effects of contention, we developed a
measure of aggregate slowdown – the delay on an
individual application due to contention from other
applications sharing the cluster. The determination of
aggregate slowdown varies with the work partitioning
policy and was developed here for two common work
partitioning policies (load-dependent and constraint-
based). We performed a set of experiments comparing
modeled and actual times on a dedicated system with
synthetic load for a set of benchmarks commonly found in
h igh-per formance sc ien t ific  app l ica t ions .  The
experiments showed our models to predict relatively
accurately – on average within 15% – the delay imposed
on an individual application due to contention on the
cluster. Since the effect caused by contention in a time-
shared environment can be large, as shown by our
experiments, the aggregate slowdown provides a critical
component in the accurate prediction of performance for
data-paral lel programs on mult i-user clusters of
workstations.
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