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Abstract Multicomputer systems based on message passing draw attractions in the ﬁeld of high performance
computing, where loop or data parallelism is a main source of parallel processing. When exploiting parallelism
on multicomputers, however, we confront several challenging problems. First, the nodes of multicomputer
are likely to be heterogeneous with respect to computing power and workload. To minimize the elapsed time
of program, loads should be balanced according to the performance of nodes. In addition, various dynamic
failures should be managed appropriately. Lastly, selecting a proper number of nodes in a node pool is also
desirable to achieve a good performance. We propose a new dynamic load balancing scheme called RAS to
simultaneously deal with the three issues. RAS solves the load-balancing problem and dynamic failures by
a work stealing mechanism, and the processor selection problem by data distribution based on a reservation
scheme. According to our experiments on an IBM SP2 with matrix multiplication and ray tracing, RAS has
shown better performance than other algorithms such as static chunk and weighted factoring under a shared
running environment and even under the dedicated running environment.
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Introduction

As the performance of computer networks improves and the software supports of interprocess communication such as PVM[1] and MPI[2] prevail, multicomputers based on message passing emerge
as a viable platform for high performance computing. Multicomputer has a wide spectrum of systems from MPP to a cluster of workstations. A node of multicomputer is an autonomous computer
which communicates with other nodes by explicit message passing through a high performance
network.
A main drawback of message passing is its high communication overhead, which includes software
overhead, hardware latency and delay caused by network and memory contention[3][4]. The high
communication overhead implies that coarse-grain parallelism is the most adequate for the message
passing communication; coarse-grain parallelism can amortize the overhead. We can ﬁnd candidates
for coarse-grain parallelism in the ﬁelds of scientiﬁc simulations and computer graphics algorithms.
When exploiting parallelism on multicomputers, we confront several challenging problems regardless of the form of workload. The ﬁrst problem is load-balancing. Many prior load balancing
algorithms are devised assuming that the nodes of system are homogeneous with respect to computing power and workload[5][6][7]. However, in a shared running environment, the working condition
of nodes changes dynamically and unpredictably due to the interference of the operating system and
other processes. Therefore, any load balancing algorithms for multicomputers should be adaptive
to heterogeneity of processor speed, network latency and workload.
In addition, a multicomputer system, especially NOW/COW, may experience various dynamic
failures. A node can be down, very heavily loaded with other tasks, or disconnected due to network

problems. Few previous dynamic load balancing approaches, if any, do allow such dynamic failures.
A robust algorithm should deal with those failures even under an extremely dynamic environment.
Finally, it is useful to consider the node selection problem. As discussed in [8], it is not always
true that the performance of algorithm increases with the number of nodes. The overall elapsed
time of a parallel program is totally dependent on the ﬁnish-time of the slowest node. In addition,
superﬂuous nodes may enlarge the scheduling overhead. Selecting an appropriate number of faster
nodes can lead an algorithm to better performance and give other tasks chances to use the resources
of the slower nodes.

1.1

Applications

There are two types of parallelism to be exploited on multicomputers: task parallelism and data
parallelism. While many load balancing algorithms focus on task parallelism to minimize the
average response time of tasks[7][9][10][11], our goal is to exploit data parallelism within a task,
that is, to minimize the total execution time of a program.
Data parallel applications can be classiﬁed according to their characteristics. When it comes
to data dependency, they can be categorized as independent, adjacently dependent and totally
dependent. Independent is a data parallel application, if the decomposed data has no relation to
each other for computing(e.g. matrix multiplication), adjacently dependent, if it has a relation to
only its neighbors(e.g. macro block in a MPEG frame), and totally dependent, if it has a chaining
relation(e.g. ﬁbonacci number).
From the point of view of execution time, they can be classiﬁed into uniform, semi-uniform
and non-uniform[12]. A data parallel application is uniform if the computation times of data are
uniform(e.g. matrix multiplication), semi-uniform, if they depend on the indices of data(e.g. adjoint
convolution), and non-uniform, if they depend on data themselves(e.g. ray tracing).
Specially, in this paper, we deal with two applications of independent type. First, we implement
a matrix multiplication program of two diﬀerent dimensions as a benchmark, since matrix multiplication is one of the most common routines of scientiﬁc computing. Next, we implement a simple
ray tracing algorithm drawing a 320x200 sized image . Ray tracing is a time consuming rendering
algorithm to create photo realistic images[13]. We carry out the experiments on an IBM SP2 using
MPI, a standard of the message passing communication.
The multicomputer does not have a shared address space, which prevents a node from displaying
a part of image independently. Hence, we need a node to display an image on the screen. Due
to this constraint, we adopted the master/slave programming model. The master takes charge in
serial execution, data distribution and image display, while the slaves determine the value of pixels.
[Place for Figure 1: The master/slave program model]
We propose a new dynamic load balancing algorithm called RAS to exploit loop or data parallelism on multicomputers. RAS stands for Reservation And work Stealing. RAS is proven superior
to other algorithms such as static chunk and weighted factoring under a shared running environment and even under the dedicated running environment. Furthermore, we show that RAS deals
with one of dynamic failures as long as the master is alive.
The rest of paper is organized as follows. In section 2, we discuss relevant prior works on
load balancing. Then, we carry out preliminary experiments in section 3 to determine a good
communication strategy. We also give the details of our algorithm by phases in this section. In
section 4, we analyze the experimental results and ﬁnally in section 5, we conclude with a discussion
of future work.
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2

Previous Work

Load distribution in distributed environments has been a challenging issue in the parallel computing
society. Regardless of the form of workload being task or data, load balancing algorithms can be
categorized according to their characteristics. First, algorithms can be classiﬁed as centralized
and decentralized. Centralized algorithms have one special purpose node called coordinator or
master, which manages global load information and distributes loads according to the information.
However, in case of decentralized algorithms, there is no coordinator, but each node manages its
local(global) load information and balances the workload according to the information interacting
with other nodes.
In addition, algorithms can be characterized as relocatable and irrelocatable. Relocatable methods distribute loads at an early stage of distribution, and monitor the workloads of nodes. When
the degree of load imbalance exceeds a certain threshold, an algorithm directs loads to migrate
from a heavily loaded node to a lightly loaded one. On the other hand, irrelocatable schemes try to
schedule or partition data without a signiﬁcant load imbalance. As irrelocatable schemes have no
mechanism of load migration, the scheduling should anticipate the performance of nodes accurately.
Finally, algorithms can be categorized into static and dynamic. Shivaratri, Krueger and Singhal[9]
divided algorithms into three types; static, dynamic and adaptive. For simplicity, however, both
dynamic and adaptive are called dynamic in this paper. Dynamic algorithms use the information
reﬂecting the state of nodes to distribute loads. However, static algorithms just use the hard-wired
prior information of system. Table 1 shows the classiﬁcation of algorithms referred to in this paper.
[Place for Table 1: Algorithm classiﬁcation]

2.1

Load Balancing on Multiprocessors

Given N data and P nodes, we wish to schedule data among nodes to minimize the overall ﬁnishtime. Static Chunking algorithm(SC) is the simplest static algorithm with minimal scheduling
overhead. SC simply assigns N
P data to each P slaves. Even though SC seems an intuitive choice
under a perfectly balanced condition, it results in very poor performances under shared running
environments. Moreover, due to the interference of the operating system and the communication
overhead, SC is not a good choice even under the dedicated environment. Zhiwei Xu stated the
relation between the communication overhead and the message size for the point to point communication on the SP2 as
O(m) = 46 + 0.035m (us)

(1)

in [3][4], where O denotes the communication overhead and m does the size of data in bytes.
Generally, the value of N
P for data parallel application is large. The gap of start-times between the
ﬁrst slave and the last one is O( N
P ∗ (P − 1)), which is not negligible.
As a progressed form of variable chunks approaches, Guided Self Scheduling(GSS)[5] was proposed. In addition that GSS was mainly proposed to balance non-uniform loads per item on shared
memory multiprocessors, it can deal with the discrepancy in the start-time. GSS decreases the
amount of data to schedule as the scheduling progresses. Larger chunks at the beginning reduce
the scheduling overhead of the master, while smaller chunks assigned dynamically towards the end
are suﬃcient to achieve a good load balance. In GSS, the chunk size scheduled on the next idle
slave is P1 of the remaining data. Thus, the ith chunk size(Gi ) is determined as


Gi = (1 −

1 iN
)
P P
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(2)

. Allocation of too many loads in early chunks, however, does not balance the loads specially when
large chunks of data are allocated to poor slaves[6].
As a variant of decreasing chunk method, factoring[6] was designed by Hummel. Factoring
schedules data in batches of P chunks sized equally. The total number of data per batch is a ﬁxed
proportion of the remaining data. Where Fi is the size of a chunk in the ith batch, Fi is determined
according to formula 3 :


Fi = (1 −
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)
x xP
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In practice, it is impossible to determine the optimal ratio. Therefore, they chose a magic value for x
as 2, meaning that the total number of data per batch is half the remaining data. However, factoring
still allocates too many data at the beginning of computation. If one slave is approximately twice
slower than others, the slow one may become a bottleneck. In Table 2, we illustrate the sample
chunk sizes according to these algorithms.
[Place for Table 2 : Sample chunk sizes according to algorithms]

2.2

Load-balancing on Multicomputers

There is less research carried out on load balancing for multicomputers than for multiprocessors.
Weighed factoring(WF)[8] is a variant of factoring which was proposed for a cluster of workstations.
WF assigns weights(W) to nodes in proportion to their computing powers determined experimentally. The master decides the size of chunks in a batch in proportion to W instead of the ﬁxed ratio
of factoring. Where Fij is the size of the jth chunk in the ith batch, Fij is determined according
to formula 4 :


Wj
1 N
Fij = (1 − )i k=p
x x k=1 Wk
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(4)

What is noticeable is the eﬀect of slow superﬂuous nodes. By ignoring several slowest nodes, they
achieved a better performance. However, WF has no automatic mechanism to exclude slow slaves
in a node pool.
Many algorithms for multicomputers adapt a kind of load migration scheme[12][14][15]. In addition, they consist of four typical steps: initial data distribution, load monitoring, decision of
balancing, and load migration. At ﬁrst, algorithms distribute initial data statically and evenly
according to the number of nodes. After that, they balance loads by their unique solutions.
Nedeljkovic and Quinn[14] introduced the notion of virtual processor as the unit of workload.
They adopted the average execution time per virtual processor as the index of node performance.
The nodes exchange load information periodically and when the cost of load migration is less than
some portion of the performance penalty due to load imbalance, the algorithm redistributes virtual
processors. Their algorithm is a distributed approach but uses global information to determine the
load imbalance.
Hybrid Scheduling[15] combines a static scheduling method with a dynamic one. The master
evenly distributes data to the slaves at the beginning. Then, the slaves divide the given data
into chunks using an algorithm like GSS. After the execution of each chunk, all the slaves send
messages to the master to inform of their performance. The master periodically counts the number
of messages received and uses it as the index of node performance. When the master detects a
certain imbalance of workload, it sends a direction to the heavily loaded nodes to send chunks to
the lightly loaded ones.
4

Hamdi and Lee[12] introduced the notion of region as the unit of parallelism. The master
periodically polls the slaves to collect load information and partitions data into several regions. To
avoid unnecessary communication, a slave sends a request for the data in the region to the slave
who has the data, when the requesting slave has no data to compute.
Maeng[16] used the average idle time of an iteration as the load index. She focused on how to
detect a load imbalance, while the aforementioned algorithms focused on the mechanism to balance
workload. The algorithm took into account small diﬀerence of the idle time an iteration, which
may have a bad eﬀect on the performance, when the diﬀerence is accumulated through several
iterations.
Schnekenburget and Huber[17] expanded the existing homogeneous domain decomposition algorithms, which are discussed in [18] in detail, and applied them to a network of heterogeneous
workstations. To gather load information they introduced the term of process weight, which is a
normalized measure of node speed. What is noticeable is they do not use an explicit load index,
because the behavior of virtual memory management can have a considerable inﬂuence on the
execution time.

3

RAS Algorithm

We propose a new dynamic load-balancing algorithm, RAS, for the multicomputers. To reduce or
hide the communication overhead, RAS adopts an overlapped communication. In message passing
architectures, sending a large message is more desirable than multiple small messages, because it
amortizes the high start-up cost. However, as shown in Figure 2, a large message delays the slaves’
start-time.
[Place for Figure 2 : Comparison between large message and small message]
In order to achieve high performance, there has to be a trade-oﬀ between the start-up cost and
the start-time. The communication overhead is proportional to the size of message, if the size is
large enough. From an experiment shown in Figure 3, we can ﬁnd the point where linearity is
broken; the message larger than 1KB gives us relatively constant overhead per unit message. As a
result, a good compromise is to use multiple small messages of size larger than 1KB. We estimated
the communication overhead using a kind of blocking operation, MPI Send.
[Place for Figure 3 : The communication overhead per 1KB of MPI Send on the SP2]
RAS consists of three phases. In the ﬁrst phase, the master estimates the performance of the
slaves in terms of their computation time. Then, the master distributes data on the basis of the
estimate using the reservation scheme. In the distribution phase, the master can select faster slaves
in a slave pool as many as proﬁtably used. In the last phase, the master monitors the workload of
slaves and redistributes data when a load imbalance is detected. As the master is responsible for
scheduling data, RAS allows several slaves to redundantly compute a data. This mechanism makes
RAS survive under a dynamic node failure.
[Place for Figure 4 : The ﬂowchart of RAS algorithm]

3.1

Estimate for Slaves’ Performance

The estimate for the performance of slaves should be made in advance to schedule data precisely.
We divide the whole data into basic chunks which are the unit of computation. In case of matrix
multiplication, one column(row) can be a basic chunk and in case of ray tracing, a pixel can be
one. If the size of a basic chunk is smaller than 1KB, several basic chunks are packed into a
basic message to reduce the communication overhead. The size of a basic message is determined
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as





1024
Bbasic ,
Bbasic

(5)

where Bbasic denotes the size of a basic chunk in bytes. When RAS starts up, the master sends one
basic message to each slave for the estimate. The ﬁrst basic message sent to each slave is called
probe.
The average execution time of a basic message is used to represent the performance. The master
wants the slaves to report their performance every computation of a basic message for the accurate
estimate. However, frequent reports will be burdensome to both the slaves and the network. As a
compromise, a slave reports the result of computation piggybacked with its average execution time,
when it meets the following conditions.
• When a slave ﬁnishs computing the probe(initial estimate).
• When a slave receives the End Of Data Distribution message.
• When a slave produces results larger than 1KB.
• When the master interrupts a slave to steal data.
• When a slave has no data to compute.
The estimate is used both in the distribution phase and in the work stealing phase. The master
continues to check the arrival of reply to the probe until the end of the distribution phase, if not
all the slaves report their performance.

3.2

Data Distribution on the Basis of Reservation

To distribute data in proportion to the performance of slaves, RAS uses the reservation mechanism.
The main idea of the reservation is that the master sends a basic message to each slave periodically.
The sending period is determined by the communication overhead of the master and the execution
time of the slave. In the distribution phase, the master sends data in units of basic message.
Therefore, the master converts the average execution time into the sending period of basic messages
and distributes basic messages on the basis of the period. The sending period of the ith slave(Pi )
is determined as


Pi =



Texec (i)
,
Toverhead

(6)

where Texec (i) denotes the average execution time of a basic message in the ith slave and Toverhead
does the overhead of sending operation for a basic message. The number of MPI Send operations
is used to represent the sending period. When the ith basic message is sent to the jth slave, the
(i+Pj )th basic message is reserved for the slave.
During this reservation process, there can be two possible ambiguous cases. One is the case that
several slaves try to reserve the same basic message. In this case, the master selects the fastest slave
and sends the basic message to that slave. The others that fail to get the basic message reserve the
next basic message.
The other is the case that no slave reserves a basic message. This case is divided into two
sub-cases. When there is no slave who replies the result of the probe, the master sends the basic
messages in a round-robin fashion to all the slaves. When there are more than one slaves that
6

responded to the result of the probe, the master sends the basic messages in a round-robin fashion
to the responded slaves. These two cases make some slaves receive superﬂuous data. The master
does not count these superﬂuous data for future reservation.
This distribution scheme enables the master to select faster slaves. When the number of slaves
exceeds a certain threshold, all the messages will be reserved by some faster slaves. Since the master
sends messages to faster slaves, slower ones repeatedly fail to get data.
A scenario of the data distribution based on the reservation is shown in Figure 5, where the
sending periods of slaves are 6,9,5 and 7, respectively. The ﬁrst four messages M1, M2, M3 and M4
are the probes for the estimate. The master sends M5, M6, and M7 to S1, S2, and S3, respectively
in a round-robin fashion, since they are not reserved by any slave. As the master receives a reply
from S1 while sending M7, it can decide the sending period of S1 as 6(=7-1). Then, the master
sends M8 to S1 and reserves M14 for S1. Similarly, the master sends M9 to S3 and reserves M14.
M10 and M11 are sent to S1 and S3 in a round-robin fashion with the replied slaves. While sending
M11, the master receives two responses. This is the same case as the next data, M12, is reserved
by the two slaves. The master selects the fastest slave, S4 and sends M12 to S4. S2 who fails to
get the message, reserves the next message M13.
[Place for Figure 5 : A scenario of data distribution based on the reservation]

3.3

Work Stealing

Even though the master tries to distribute data in proportion to the performances of slaves, the
dynamic change of running condition makes the ﬁnish-times of slaves inconsistent. Superﬂuous data
distributed in a round-robin style can be another source of load imbalance. The master redistributes
data by work stealing when it detects any signiﬁcant load imbalance.
To monitor the workload of slaves, the master maintains the global information about the number
of chunks assigned and computed. The slaves also maintain the local information about the number
of chunks assigned and computed. Synchronizing both information is carried out when the master
gathers the results of computation. When a slave requests additional chunks after computing all the
assigned chunks, the master determines whether a meaningful load imbalance occurs. At ﬁrst, the
master chooses the richest slave on the basis of its global information. Then, the master determines
the amount of chunks to steal. When the amount of chunks to steal is more than 1, the master
sends the data to the requesting slave. Otherwise, the master redundantly sends one basic chunk
of Srichest to Srequesting without interrupting Srichest to avoid the interrupt overhead. The amount
of basic chunks to steal is given by




Texec (richest)
Drichest ,
Texec (requesting) + Texec (richest)

(7)

where Drichest denotes the amount of the remaining basic chunks of the richest slave.
To implement the work stealing mechanism, a software interrupt is required. The master should
notify the richest slave of the number of chunks deprived using an interrupt. However, the MPI
standard does not deﬁne any interrupt mechanism between processes running on diﬀerent nodes[2].
Therefore, we implement an interrupt using the asynchronous I/O with a BSD socket. After a
socket is set up between two processes, one can interrupt the other by just writing data on the
socket.
This stealing mechanism enables RAS to survive under dynamic failures, since the master can
reallocate data to any slaves. When a node is very heavily loaded with other tasks, the slave in
the node can not reply the result of computation due to long computation time. In this case, the
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master meets a situation of virtual node failure. When the master receives data requests from other
slaves, it gradually steals data from the failed slave until the failed slave is deprived of all data.

4

Experimental Results

RAS is compared with static chunk and weighted factoring. We take weighted factoring as a
counterpart, because it is simple and shows a better performance than a simple distributed work
stealing algorithm[8]. In this paper, we only focus on the applications with independent data type.
We implement matrix multiplication programs for the uniform type and a ray tracing algorithm
for the non-uniform type.
[Place for Figure 6 : A sample image created by ray tracing]
Experiments are carried out under two running environments: dedicated and shared. The booking facility of the SP2 easily has the whole system dedicated to a program. However, creating a
shared running condition is somewhat ad hoc. We have to execute a background process using
the IP protocol, because the SP2 does not allow several processes to simultaneously use the high
performance switch under the dedicated environment. The background process is a parallel version
of matrix multiplication and ray tracing programs respectively, adopting static chunk algorithm.
The background process interferes the foreground process, changing the load of node dynamically
but not signiﬁcantly on average. Both the foreground and the background processes use the same
number of processors.
We check the net elapsed time of programs excluding the initialization time of MPI. We take the
mean value of the elapsed time after 10 executions of programs. When we refer to the number of
processors, it means the total number of processors allocated including the master.
The results show that RAS is superior to weighted factoring under the shared running condition
and a little better even under the dedicated running condition. The superiority under the dedicated
condition is due to the communication strategy. In the distribution phase, communication overlaps
computation with multiple small messages.
[Place for Figure 7 : The elapsed time of 100x100 matrix multiplication
under the dedicated running environment]
[Place for Figure 8 : The elapsed time of 200x200 matrix multiplication
under the dedicated running environment]
Note the results of the experiments with 16 processors shown in Figure 9 and Figure 10. RAS
balances the loads very adaptively under the dynamic environment, while weighted factoring suﬀers
from load imbalance. The main reasons are that the master sends too many data to the slower
slaves and the number of nodes is too large compared to the problem size. In addition, in Figure
11 and Figure 12, it is conﬁrmed that SC methods give poor results for non-uniform applications.
[Place for Figure 9 : The elapsed time of 100x100 matrix multiplication
under the shared running environment]
[Place for Figure 10 : The elapsed time of 200x200 matrix multiplication
under the shared running environment]
[Place for Figure 11 : The elapsed time of ray tracing under the dedicated running environment]
[Place for Figure 12 : The elapsed time of ray tracing under the shared running environment]
It is useful to observe the number of stealing, since the number of stealing is highly related to the
performance. Table 3, Table 4, Table 5, and Table 6 show the number of stealing under the various
conﬁgurations. The number of interrupts excluding the number of redundant computations is used
to represent the number of stealing. The interrupt is burdensome to slaves due to the context
switch. Nevertheless, if computation time is large enough, the wrong placement of data is more
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serious, since the performance of a program is determined by the performance of the slowest.
The number of processors and the variance of environment have an eﬀect on the number of
stealing. When the master schedules data incorrectly, it will try to balance loads with additional
stealing. As expected, the number of stealing increases as the number of processors grows and the
environment becomes dynamic. If the initial estimate is accurate, the number of stealing is small
and RAS takes advantage of the overlapping scheme. The tables show that the number of stealing
does not increase severely regardless of running conditions. The small number of stealing wipes out
this worry and leads to good performance.
[Place for Table 3 : The number of stealing in case of matrix multiplication
under the dedicated running environment]
[Place for Table 4 : The number of stealing in case of matrix multiplication
under the shared running environment]
[Place for Table 5 : The number of stealing in case of ray tracing
under the dedicated running environment]
[Place for Table 6 : The number of stealing in case of ray tracing
under the shared running environment]
To demonstrate the merit of the work stealing, we forced RAS to undergo a surge of loads in
a node. For simplicity, we modeled a surge of loads with an inﬁnite loop. We let a slave fall into
an inﬁnite loop after program starts. Then, the master can not obtain any information about the
slave. As the master is responsible for distributing data, it redundantly sends the data sent to the
virtually failed slave to others. RAS was successfully terminated without signiﬁcant performance
degradation, while weighted factoring was not terminated. Even though this experiment does not
guarantee fault-tolerance of algorithm, it has simulated a node failure and given a hint to solve the
fault tolerance.
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Conclusions

To write a portable and eﬃcient parallel program on multicomputer systems, user must take into
account of the three problems: load balancing, processor selection and dynamic node failures. We
showed that RAS can be a good solution to exploit parallelism with the experiments on the SP2.
RAS showed good performance under both the dedicated and the shared running environments.
Furthermore, RAS was adaptive to the number of slaves and survived under the virtual node failure.
To rigorously evaluate our algorithm, however, it is necessary to apply RAS to various applications with diﬀerent data types which are not tested in this paper. In fact, many application
programmers experience hard time in writing parallel programs taking into account of the issues.
Hence, it is required to build up a user friendly library easy to develop parallel programs without
the knowledge of the issues in detail. In addition, to be tolerant to dynamic failures, we need more
sophisticated error handling routines. RAS will be not only applicable, but also user friendly in
the future.
The users in the application ﬁelds suﬀer from harsh economic cost in using MPP systems. We
expect multicomputer systems to evolve into a cluster of PCs, as the network-based operating
systems appear. Since PCs will experience more dynamics in a multiprogrammed environment,
fault tolerance will be a major issue in parallel programming. We conjecture that the proposed
algorithm will be a promising load balancing scheme to PC clustering environments.
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Static
SC

Irrelocatable
Dynamic
Guided Self Scheduling[5]
Factoring[6]
Weighted Factoring[8]
Maeng’s method[16]
Schnekenburger’s method[17]
Centralized

Relocatable
Dynamic
Hybrid Scheduling[15] Nedeljkovic’s method[14]
Hamdi’s method[12]

Decentralized

Table 1: Algorithm classiﬁcation
Algorithm
Chunk Size
Static Chunk
25 25 25 25
GSS
25 19 14 11 8 6 5 3 3 2 1 1 1 1
Factoring
13 13 13 13 6 6 6 6 3 3 3 3 2 2 2 2 1 1 1 1
Weighted Factoring 17 13 13 9 8 6 6 4 4 3 3 2 2 2 2 1 1 1 1 1 1
(P=4, N=100, Weights are 2 1.5 1.5 1.)
Table 2: Sample chunk sizes according to algorithms
Matrix Size
100x100
200x200

Number of Processors
4
8
16
2.93 4.50
8.00
1.39 3.30
4.15

Table 3: The number of stealing in case of matrix multiplication under the dedicated running
environment
Matrix Size
100x100
200x200

Number of Processors
4
8
16
3.67 4.67
8.00
3.73 8.53
9.20

Table 4: The number of stealing in case of matrix multiplication under the shared running environment
Image Size
320x200

Number of Processors
4
8
16
13.1 33.1
51.9

Table 5: The number of stealing in case of ray tracing under the dedicated running environment
Image Size
320x200

Number of Processors
4
8
16
14.5 33.7
53.0

Table 6: The number of stealing in case of ray tracing under the shared running environment
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Figure 1: The master/slave programming model

Figure 2: Comparison between large message and small message

Figure 3: The communication overhead per 1KB of MPI Send on the SP2
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Figure 4: The ﬂowchart of RAS algorithm

Figure 5: A scenario of the data distribution based on the reservation

Figure 6: A sample image created by ray racing
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Figure 7: The elapsed time of 100x100 matrix multiplication under the dedicated running environment

Figure 8: The elapsed time of 200x200 matrix multiplication under the dedicated running environment
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Figure 9: The elapsed time of 100x100 matrix multiplication under the shared running environment

Figure 10: The elapsed time of 200x200 matrix multiplication under the shared running environment
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Figure 11: The elapsed time of ray tracing under the dedicated running environment

Figure 12: The elapsed time of ray tracing under the shared running environment
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