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Abstract
Networks of workstations (NOWS) can be used for paral-
lel processing by using public domain software like PVM.
Thereare significant differencesbetween areal parallel sys-
tem and a NOW-based system. As aresult, load sharing on
a NOW can be different from that on a parallel machine.
Therefore, itisimportant to understand thefactorsthat influ-
ence the performance of load sharing algorithms on NOWSs.
To gain this understanding, we study performance of a ma-
trix multiplication application on a network of heteroge-
neous workstations that uses the PVM. We report perfor-
mance of five load sharing algorithms that use fixed, vari-
able, and adaptive task granularity.

1 Introduction

Exploitation of networked workstationsfor parallel process-
ing has received substantial interest with the availability of
Parallel Virtual Machine (PVM) [5, 11] and Message Pass-
ing Interface (MPI) [4] in the public domain. The chief ad-
vantage of such systemsistheir cost-effectiveness.

Parallel computersare expensive and their availability is
not as ubiquitousasthe network of workstations. It hasbeen
observed that, in practice, up to 80% of the workstationsare
idle depending on time of day [7]. Thus, networks of work-
stations (NOWS) provide an opportunity to emulate paral-
lel machines with a large aggregate processing power and
memory. An excellent justification for NOWSs is given by
Anderson et al. [2]. Severa parallel machines are, in fact,
based on workstation chips. Examples of such systemsin-
clude the Cray T3D (based on DEC Alpha) and the Intel
Teraflop system (based on Pentiums). Thus, from the hard-
ware point of view, the main difference between a paral-
lel system and the one emulated on a NOW is the commu-
nication network. Parallel systems use better interconnec-
tion networks, better switching techniques (e.g., wormhole
routing) whereas NOW-based systems use high-overhead,
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low-bandwidth LANs. The performance of a NOW-based
system improves with the use of high-speed LANSs such as
ATMs. There are, however, some other significant differ-
ences between the two types of machines. Some of theseare
listed below:

1. Node heterogeneity: NOW-based systems typically
consist of heterogeneous nodes whereas parallel sys-
tems use homogeneous nodes.

2. Loadonnodes: Sincelocal injection of loadispossible
by owners of workstations, there is a high variability
of load on nodes over time in NOW-based systems. In
addition, load imbalances can exist among the nodes.
These problems are not as serious in parallel systems
asthe system is under the control of a scheduler.

3. Load on network: Inaparallel system, thecommunica
tion network is dedicated to the parallel workload. On
a NOW-based system, the network supports the load
generated by the parallel workload as well as that gen-
erated by local jobs submitted to the workstations.

4. Node failures. NOW-based systems suffer from node
failures as owners have control of their workstations.
For example, a owner might reset his’her workstation.
Thus, fault-tolerance and fault-recovery are important
for these systems.

Load Sharing

Load sharing plays an important role in improving per-
formance of parallel applications in NOW-based systems.
Load sharing and parallel task scheduling in distributed-
memory parallel systems have received considerable atten-
tion[1, 3]. In multiprocessors, parallel loop scheduling has
been studied extensively [6, 10, 12]. However, we are not
aware of any studiesin the context of NOW-based systems.
The purpose of thisstudy isto evaluate performanceof vari-
ousload balancing algorithmsin aNOW-based parallel sys-
tem environment. We study performance of five load shar-
ing algorithms that use fixed, variable, and adaptive task
granularity.



Objectives

Our goal isto evaluate performance of these five load shar-
ing agorithms in a NOW-based system. As enumerated,
there are significant differences between a NOW-based sys-
tem and a real parallel system. Thus, it is interesting to
see how theload sharing algorithms performin NOW-based
systems. In order to gain thisunderstanding, we use amatrix
multiplication application running on a network of Pentium
and Pentium Pro nodes. The NOW-based system runs under
PVM.

The remainder of this paper is organized asfollows. The
next section givesabrief description of the experimental en-
vironment used in conducting the experiments. Section 3
gives details on the algorithms implemented. The results of
the experiments are discussed in Section 4. The paper con-
cludeswith a summary.

2 Experimental Environment

The network of nodes used in our experimentsis based on
inexpensive off-the-shelf components, both for processing
and communication. The current configuration consists of
6 Pentium and 3 Pentium Pro nodes. All nodes have 32
MB of memory. These nine nodes are interconnected with
a 10 Mbps “service” network, as well as with a 100 Mbps
100 Base TX high-speed network. The 10 Mbps network is
used for booting the system, providing the basic communi-
cation and remote file service through NFS. The 100 Mbps
network is connected with a switch that has a 2 Gbps back-
plane. Both networks can be used for high-level communi-
cation under PV M. To an outside user, the system lookslike
aset of normal workstations.

3 Load Sharing Algorithms

We implemented five load sharing algorithmsto investigate
performance sensitivity of the matrix multiplication appli-
cation to various system and algorithm related issues. We
also conducted experimentson more general types of appli-
cations using a generic workload. However, for the sake of
brevity, we present the results for the matrix multiplication
application. Results for the generic workload are available
in[9].

All algorithms are based on a master-slave strategy and
follow the fork-and-join structure shown in Figure 1la. In
this strategy, a master program acts as the coordinator and
spawns as many slave programsas required (typically equal
to the number of nodesinthe PVM). The dlave programsac-
tually perform (part of) the required matrix multiplication.
The master is responsible for distributing the work to the
daves and also for collecting the partial results returned by
the daves and processing them to get the final result. There
is no communication among the slaves. In this model, all
communication is between the master and aave as shown
in Figure 1b.

All algorithms allow load sharing and are based on the
“pool of tasks” paradigm. Each slavereceivesatask towork
on and when the task is completed it sends the results back
to the master. Master receives the results and then sends the
dave another task to do. The same code is used to multi-
ply matrices in every algorithm. The first matrix is broad-
cast to all daves. Performance of aload sharing algorithm
isafunction of task size ¢ (i.e., granularity of the task). For
example, if thetask sizeisfixed at three columns, each time
a dave requests work, the next three columns of the second
matrix are sent. Thereis atradeoff between task granularity
and communication overhead. Finer granularity (e.g., one
column) introduces more frequent communication but im-
proves load sharing. Coarser granularity decreases the fre-
guency of communication but also decreases the scope of
load sharing. Inthe extreme, wecansett = C/S, where C
is the number of columnsin the second matrix and S isthe
number of daves. Such aschemeresultsin no load sharing.

We divide the algorithms into three classes: fixed gran-
ularity, variable granularity and adaptive granularity. In
fixed granularity algorithms, task granularity is fixed stat-
ically. In variable granularity algorithms, task granularity
decreases as the computation progresses. While both these
types of algorithms take the system state into account im-
plicitly, task granularity itself isnot dependent onload varia-
tionsinthe system. The adaptivetask granularity algorithms
vary task granularity depending on the current system load.
We now describe five load sharing algorithms belonging to
these three classes.

3.1 Fixed Task Granularity Algorithm

We describe Send algorithm that belongsto this class. This
algorithm sends thefirst matrix and ¢ columns of the second
matrix together to thefirst dave soit can start the multiplica-
tion, then the first matrix and the next ¢ columns to the sec-
ond slave, and so on. Each dave multipliesthe columnsthat
it receives by the first matrix it already has. When a dave
finishes the multiplication, it sends the results back to the
master. Master collectsthe results, writesit into appropriate
place of the result matrix and then sends another ¢ columns
of the second matrix to the slave. Thisprocesscontinuesun-
til al columns of the second matrix have been sent. Perfor-
mance of other fixed granularity algorithmsis discussed in
[8,9].

3.2 Variable Task Granularity Algorithms

We describethreea gorithmsthat use variabletask granular-
ity. These algorithms have been proposed for multiproces-
sor systems for loop scheduling. All three are based on the
Send algorithm. The difference between fixed and variable
task granularity algorithmsis that the task size ¢ decreases
with time. For example, first task may have a size of 10
columns while the last one may have only one column (see
Figure 2). This can improve performancein two ways.
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Figure 1: General structure of the algorithms (a) Fork-and-join structure; (b) Structure of the implemented algorithms

1. These algorithms attempt to minimize the time the
master hasto wait to receivethelast resultsastask sizes
at the tail end are much smaller.

2. It is well-known that sending several short messages
results in worse performance than when a small num-
ber of large messagesis sent. In case of matrix multi-
plication, depending on the parameters used, variable
task size algorithms can potentially decrease the num-
ber of messages sent while increasing their average
size. Eventhough the datain Figure 2 suggeststhat the
variabletask granularity algorithmstend to create more
tasks than the fixed granularity algorithm, we show in
Section 4 that the opposite is true for the parameters
used in our experiments.

Several strategies have been proposed to decrease the
task sizes [6, 10, 12]. The following three strategies were
implemented: guided self-scheduling[10], factoring[6] and
trapezoidal self-scheduling [12].

3.2.1 Guided Sdf-Scheduling

In guided self-scheduling (GSS), task size is a function of
the remaining columns. Typically, task sizeissetto 1/G of
the remaining columns. Figure 2 shows the task size distri-
butionusing G = 4 for a70 column matrix. For example,
we can select G to be equal to the number of slaves. Choos-
ing G thisway can lead to diminished load sharing as large
tasks will take much more time on slow machines than on
fast ones. Therefore, we have experimented with various G
values. Section 4.1 presents these results.

3.2.2 Factoring

Factoring [6] creates smaller and more uniform task sizes
than the guided self-scheduling. Tasks come in groupsof S
where S is the number of slaves. Each task in a group has
the same size. Tasks size in each group is a constant factor
of the size of tasksin the previous group. The optimal fac-
tor can be calculated based on the variancein task computa-
tiontime[6]. However, in the type of systemsthat are being

considered here, loads can vary dynamically, which makesit
unreasonabl e to assume that varianceis known a priori. As
agood heuristic we set the task sizein the subsequent group
to be half of the previousgrouptask size. Figure 2 showsthe
task sizesfor a70 column matrix. Inthisexample, theinitial
task size F' is set to 8 and the number of davesisassumed to
be 4. We have conducted experimentsto study performance
sensitivity to the initial task size F' (see Section 4.1 for de-
tails).

3.2.3 Trapezoidal Sdf-Scheduling

In trapezoidal self-scheduling [12], task sizes decrease lin-
early unlike in factoring and guided self-scheduling where
they decrease exponentialy. Size of first task can be arbi-
trary. In our implementation, we have used the starting task
size as total number of tasks/(2 * number of daves). Fig-
ure 2 shows the task size distribution for a 70 column ma-
trix. The number of slavesis assumed to be 4, which gives
ustheinitial task size as9 columns. The decrement value T’
used in thisexampleis 1. We have experimented with vari-
ous decrement values (see Section 4.1 for details).

A variation of these algorithms specifies the minimum
size of atask. Thiscan eliminate the long tail of tasks with
size 1 (see Figure 2).

We have implemented these three algorithms (without
the modification suggested above) in the Send type algo-
rithm. For thisreason, in our resultssection, we comparethe
performance of these algorithms with the Send algorithm.

3.3 Adaptive Task Granularity Algorithm

In this algorithm, the task granularity adapts to the save
node’s response time. If a node is slow and/or heavily
loaded, it tends to receive finer granularity tasks. The ex-
pectation is that performance can be improved by decreas-
ing the number of messages while increasing their size. For
example, if anode is fast, instead of it requesting several
times fine granularity tasks, it could be given coarse gran-
ularity tasks fewer times. The algorithm works as follows:
Initially, C columnsare sent to each slave. Master measures
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ity algorithms (for a 70 column matrix)

the amount of time it takes for each dave to multiply the C
columns and return the results. Next time a dave requests
more columns, the dave’s response time is compared with
the average dlave response time and the number of columns
is adjusted based on this information. For example, if a
dave'smultiplication rateis’5 columns/unit time but the av-
erageis 10 columns/unit time, it will be given C/2 columns
asthe next task. In order to make sure that the task granu-
larity will be within some reasonable bounds, the algorithm
requireslower and upper bounds on the number of columns.
Thus, the algorithm takes three parameters: the number of
columns C', the minimum number of columns min, and the
maximum number of columnsmax that can be sent to daves.

4 Resultsand Discussion

This section presents the results of the experiments con-
ducted to evaluate the performance of the five load sharing
algorithms discussed in the last section. Throughout these
experiments we have used a 720 x 720 matrix. The size of
the matrix is determined by the amount of memory available
at anode as the matrix multiplication algorithm requiresthe

storage of a complete matrix at each node. Since our objec-
tiveisto study the performancesensitivity to variousparam-
eters and algorithms, we have conducted these experiments
in two controlled environments:

¢ Wth no background load: In this case, the entire sys-
tem is dedicated to the matrix multiplication applica-
tion. These experiments bring out the inherent trade-
offsassociated with the algorithms. Further, it also rep-
resentsthe performance on anidle NOW (for example,
running after mid-night). Also notethat it has been ob-
served that a large proportion of workstations are idle
most of thetime [7].

o Wth backgroundload: In thiscase we introduce back-
ground load in a controlled manner so that we can
obtain consistent results across multiple runs. The
induced background load causes the processor to be
shared between the matrix multiplication application
and the background computation. Thus, the matrix
multiplication application uses the processor half the
time while the background load is active. To introduce
variations in system load, we have turned the back-
ground load on for 1 second and off for 1 second cycli-
cally. Note, however, that the background load does
not induce network load.

Although we have conducted experiments with both slow
and fast networks, for the sake of brevity, we report results
only for the fast network. Other results are givenin [9].

We use the execution time as the performance metric.
Theexecutiontime valuesreported in this section arethe av-
erages of 30 runs (in most cases, with a standard deviation
of less than about 1% of the mean value).

4.1 Resultsfor Variable Granularity Algorithms
Variable task granularity has been shown to be useful for
loop scheduling in multiprocessor systems [6, 10, 12].
These studies have shown that fixed task granularity algo-
rithms perform worse than variable task granularity algo-
rithms (by a wide margin depending on application). Since
communication characteristics of multiprocessors and dis-
tributed parallel systems are quite different as discussed in
Section 1, we want to investigate the effectiveness of vari-
able task granularity algorithms. This section discusses the
impact of varying task granularity on the performance of the
matrix multiplication.

411 Rdative Performance

This section compares the performance of Send and the
three variable granularity algorithms. Figure 3 presents the
results when the master node performs both coordination
and computation (i.e., “master works’ on matrix multipli-
cation just like the other dlaves) and when the master is re-
stricted to coordination only (i.e., “master does not work”
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Figure 3: Performance of variable task granularity algorithms (a) Without background load; (b) With background load

on the multiplication). Send uses a fixed task granularity
of 3 columns. In Factoring, task granularity starts with 40
columns and the task granularity of each task group is half
of the previous group. In GSS, task granularity is set equal
to 1/14 of the remaining tasks. In TSS, task granularity
gtarts at 720/(2*9) = 40 columns and decreases linearly by
2 columns.

We can make the following observationsfromthe datain
Figure 3:

e Fast master versus slow master: Note that, in our
set up, the fastest machine (200 MHz Pentium Pro) is
about 3 times faster in performing the matrix multipli-
cation than the dowest machine (133 MHz Pentium).
We note the following from this data:

— When the master is dedicated to coordination
only: Mapping the master to the slowest node is
better when master does not work on multipli-
cation. The reason is that, if the fastest node is
used for pure coordination task, it is taken out
of the worker pool of nodes that actualy per-
form the computation. Therefore, the execution
timeincreases. Thisistruefor all algorithmsand
whether there is background load on the system
or not as shown in Figure 3.

— When master coordinates as well as computes:
The performancedifferenceisless pronouncedin
this case as the master also participates in com-
puting partial results.

¢ Relative performance of variable granularity algo-
rithms. The data in Figure 3 suggest that, in gen-

eral, the GSS appearsto provide the best performance.
However, in most cases, there is no substantial per-
formance difference among the three algorithms. TSS
performsworse when the master ismapped to the slow-
est node and master works on computation as well as
coordination. Thisisdueto thefact that TSS generates
320 tasks when T' is 2 (about 300 of them have a task
granularity of 1 column). With such large number of
fine granularity tasks, the speed of the master becomes
important in providing quick responseto requestsfrom
the daves. In contrast, GSS and Factoring generate 74
and 72 tasks, respectively. The performance of TSSis
similar to the other two algorithmswhen T' = 1isused.
In this case, TSS generates only 27 tasks. The perfor-
mance sensitivity of these algorithmsto their parameter
valuesisdiscussed in Section 4.1.2.

o Fixedversusvariablegranularity algorithms: To com-

pare the performance of fixed and variable task gran-
ularity algorithms, we use Send and the three vari-
able granularity algorithms. Note that the Send algo-
rithmwith atask size of 3 columnsgenerates 240 tasks.
The data presented in Figure 3 suggests that, in most
cases, the variable task granularity algorithms appear
to provide a better performance than Send. However,
the performance difference between Send and the vari-
able granularity algorithmsis not substantial. In some
cases, Sendiseven better. A problemwith variabletask
granularity algorithmsis that they are sensitive to their
parameter values (discussed in the next section). On
the other hand, the data presented in [8] indicate that
Send isfairly robust to task granularity.
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4.1.2 Performance Sensitivity

GSS Algorithm

The GSS algorithm we implemented has a single parameter
G. Theresultsinthelast section correspondto G = 14. The
performance sensitivity of GSS algorithm to parameter G is
shownin Figure4. Inthisplot, we movetowardsfiner gran-
ularity tasksasmovetotheright. Theseresults show that the
performanceof the GSSalgorithmissensitiveto thevalue of
G. Theoptimum val ue appearsto beabout 12 whether or not
thereisbackgroundload. Thesensitivity increaseswhen the
master is performing only coordination and is not working
on the multiplication. For example, compare the execution
timeswhen G is6 and 7. Thisis because coarse granular-
ity affectsthe execution time and the impact is more severe
when the master is taken away from the worker pool as it
reduces the number of workersfrom 9 to 8. The execution
time increases as we increase the G value (in our case, be-
yond 12). Thisisbecausewe movetowardsfiner granularity
causing increased communication overhead.

Factoring Algorithm

The factoring algorithm we implemented uses a single pa-
rameter that sets the initial task size F'. Choosing a larger
F value moves the system towards coarse granularity. The
performancesensitivity of Factoring algorithmtoinitial task
size F'isshownin Figure5. Asinthe previousplot, moving
to the right implies finer task granularity. For reasons dis-
cussed in the context of the GSS algorithm, there is an op-
timum task granularity that is obtained with an F* value of
either 30 or 40. Relatively, for the parameters considered,
factoring exhibits more sensitivity to F' value. In addition,
the best result for factoring is worse than the best result for
the GSS algorithm.

TSS Algorithm

The TSS algorithm uses a single parameter 7' that is the
difference between successive task sizes. Thus, smaler T
values results in coarse granularity tasks. The performance
sensitivity of the factoring algorithm to decrement value T’
is shown in Figure 6. The performance of the TSS algo-
rithm exhibitsrelatively marginal sensitivity to this parame-
ter when the value of 7" ismore than 1. The optimum value
appearsto be about 2.

4.2 Performance of Adaptive Algorithm

This section discusses the performance of the adaptive al-
gorithm discussed in Section 3.3. Recall that this algorithm
requires three parameters. a number of columns C' that is
the basisfor theinitial task granularity, minimum task gran-
ularity min columns, and maximum task granularity max
columns. We use the notation (C, min, max) to represent
these three parameters. We have implemented the adaptive
algorithm on the basic Send algorithm. Figure 7 shows the
relative performance of Send and the adaptive algorithms.
The Send algorithm uses 3 column tasks and the adaptive
algorithm uses (3, 1, 9) parameters.

It can be seen from these plots that, overal, the adap-
tive algorithms performs worse than the simple Send algo-
rithm. While we do not want to generalize this conclusion
just based on a single adaptive algorithm, we do offer some
insights into the underlying behaviour that causes this rela-
tive performance. Adaptive algorithms assume that the past
load information can be used to predict the future load and
thus can be used to adjust the next task size. However, there
may be several factorsthat may diminish this predictability
capability. Theseinclude:

e Theresponse time as seen by the master node includes
the time required by the slave to complete the compu-
tation and the round-trip delay on the communication
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network. Since the response time depends on the per-
formance of these two system components, the capabil -
ity of the response time to predict diminishes.

e The predictability of response time information also
depends on the task granularity. As the task granular-
ity increases, the system load (both CPU and network
loads) changes slowly. However, the network traffic
may be bursty and may not satisfy this requirement.

For these reasons we are not convinced that adaptive
algorithms would work well for load sharing in this type
of system. Further investigation is warranted to establish
if adaptive algorithmswould yield substantial performance
benefit over smpleload sharing algorithms; if so, what type
algorithms are useful and under what system and workload
conditions would they perform better?

5 Conclusions

We have conducted experimentsto study the performance of
five load sharing algorithms in a NOW-based parallel sys-
tem using the PVM. These algorithms are: one fixed task
granularity algorithm (Send), three variable task granularity
algorithms (GSS, TSS, and Factoring), and an adaptive task
granularity algorithm. We have used matrix multiplication
to study therelative performance of these algorithmsto var-
ious system and workload parameters.

Among thethreevariabletask granularity algorithms, the
GSS algorithm appears to perform the best in most cases.
However, no substantial performance differenceshave been
observed among the three variable granularity algorithms.
In addition, the fixed granularity Send algorithm appearsto
provide performance comparableto that of the variable task
granularity algorithms. A problem with variabletask granu-
larity algorithmsisthat it isimportant to set appropriate pa-
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rametersto get good performance. Since NOW-based paral-
lel systems are highly volatile in system load, it is probably
difficult to predict appropriate parameters. Further investi-
gation isrequired to study this problem.

The adaptive algorithm we have implemented did not
provide performance improvements over Send. In fact,
Send performed better in aimost al cases. We have iden-
tified some possible reasons for this. The previous section
identified some avenuesfor further research.
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