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Abstract

In this paper, an adaptive matrix multiplication algo-
rithm for dynamic heterogeneous environments is devel-
oped and evaluated. Unlike the state-of-the-art approaches,
where load balancing is achieved through unequal distri-
bution of the matrix data among the heterogeneous nodes,
the matrices in our approach are partitioned into blocks of
equal size. Task allocation and the block size are adapted
during run time. Data pre-fetch is used to perform efficient
communication. Our approach enables the use of various
task scheduling heuristics. Further, we show that the con-
trol and coordination overheads of this approach are negli-
gible when compared with the overall execution time. The
effectiveness of the approach is verified through a config-
urable simulator developed for understanding the perfor-
mance of heterogeneous computing environments.

1 Introduction

Recently, distributed heterogeneous computing systems
have become attractive platforms for high performance
computing. In such systems, distributed resources such as
workstations and supercomputers are connected through lo-
cal and/or wide area networks. By utilizing these distributed
resources in a coordinated manner, a heterogeneous com-
puting system can meet the computational demands of com-
plex applications [8].

However, effective use of these resources is still a chal-
lenge [6]. Computation and communication resources are
typically shared among different users and applications.
The network conditions and the effective compute power
of each node vary at run time. This is particularly true in
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the case of the Grid [11]. Thus, in order to improve perfor-
mance, the execution of applications should be adaptive to
the changes in the system [2]. This introduces (1) control
overheads because additional compute power must be spent
to perform the adaptation, and (2) coordination overheads
because additional communication costs must be spent to
transfer control messages among the nodes. The efficiency
of an algorithm lies not only in the adaptive computation
scheme, but also in the minimization of these overheads.
Further, in a distributed system, the performance of an ap-
plication is also affected by the large communication laten-
cies among various computing resources. In this paper, we
develop and evaluate an efficient matrix multiplication algo-
rithms in dynamic heterogeneous environments, where the
performance of the resources vary at run time.

Recently, matrix multiplication for heterogeneous envi-
ronments has received some attention. The approach in [4]
partitions the source matrices into uneven rectangles, based
on the compute power of each node, and optimizes the per-
formance by searching for a partition that minimizes the
overall amount of communication. However, this approach
targets static environments, i.e. the performance of the re-
sources does not vary at run time. Also, the nodes are as-
sumed to be connected through a homogeneous network.
The GrADS project [5], which focuses on the application
development framework for the Grid environment, proposes
a numerical linear algebra library for the Grid. This library
is based on ScaLAPACK [14]. However, ScaLAPACK
is designed for homogeneous distributed memory parallel
computers. To the best of our knowledge, we are not aware
of any effective techniques to perform matrix multiplication
in a dynamic heterogeneous environment.

In this paper, we develop and evaluate an adaptive al-
gorithm for matrix multiplication in a heterogeneous envi-
ronment. The matrices are partitioned into blocks of equal
size. The basic task unit of matrix multiplication is one
such block. These tasks are adaptively assigned to the com-
puting resources during run time, based on the performance
of the resources and the progress of the computation. Data



pre-fetch is used to reduce effectively the impact of com-
munication cost. In order to utilize effectively the resources
in the environment, both the task allocation and the size of
the blocks are adapted during run time.

Our method provides a general framework to compute
matrix multiplication in a dynamic heterogeneous environ-
ment. The framework coordinates the overall progress of
the computation, while computation at each compute node
can be performed by using highly optimized matrix multi-
plication subroutines (e.g. ATLAS [15]). The framework
captures the dynamic behavior of the resources by collect-
ing information about resource status and adaptively con-
trols the computation during run time. Analysis shows that
the control and coordination overheads are low compared
with the overall execution time.

Besides the initial motivation from linear algebra, the
proposed matrix multiplication problem reduces to the
problem of scheduling independent tasks to heterogeneous
resources. This problem, in its general form, has been
shown to be NP-complete [12]. Hence various heuristics
have been developed to schedule the tasks [7, 13]. Some
of the heuristics perform static scheduling while others fo-
cus on dynamic scheduling. In this paper, our intent is not
to develop new scheduling heuristics. Our proposed solu-
tion attacks the critical problems of hiding latency and min-
imizing control and coordination overheads. Our approach
permits the use of various scheduling heuristics. As an il-
lustrative example, we propose an O(log M) time heuristic,
where M is the number of compute nodes, to adapt the task
allocation.

A configurable simulator [9] is used to evaluate our ma-
trix multiplication algorithm. The simulator provides a
general simulation environment to describe the interactions
among various resources in a heterogeneous computing en-
vironment. Simulation results show that our approach is
robust to system heterogeneities and run-time performance
variances of the resources. It shows improved performance
compared with the approach in [4], in dynamic heteroge-
neous environments.

The rest of this paper is organized as follows: Section
2 describes our adaptive algorithm for matrix multiplica-
tion. Simulation results are presented in Section 3. Section
4 concludes the paper.

2 Adaptive Matrix Multiplication Algorithm

In this section, we first provide an overview of our ap-
proach. This is followed by a detailed discussion on several
key issues in optimizing the performance of this algorithm:
task allocation, data pre-fetch, block size selection, and con-
trol/coordination overheads. We also discuss techniques to
minimize the communication. In this paper, we will use the
words ‘scheduling” and “allocation’ inter-changeably.

2.1 Algorithm Overview

We consider a heterogeneous computing environment
that consists of a set of compute nodes. These compute
nodes are connected through a set of network links. In this
environment, both the compute power of the compute nodes
and the bandwidth of the network links are heterogeneous
and dynamic. We are interested in computing matrix multi-
plication C' = A x B in such an environment. The matrices
are of size N x N. The objective is to minimize the overall
execution time.

In our approach, there is a single data server, which
stores the source matrices. Other nodes in the system are
compute nodes that can be assigned particular tasks. The
matrices are partitioned into blocks of the equal size b x b
(1 < b < N). The basic task unit is to calculate a b x b
block of matrix C. Each task unit will be executed by a cho-
sen compute node, the required source data being provided
by the data server. One of the nodes is designated as the co-
ordinator, where the scheduling algorithm is executed. The
following procedures briefly describe the functions for the
coordinator, data server and compute nodes. Throughout
this paper, we refer “allocation plan’ or ‘plan’ to the output
of the task allocation algorithm.

Procedure_f or _Coordi nator {
col l ect resource information
generate an initial task allocation plan
do {
collect information on resource status
collect information on conputation progress

if one row block of matrix C finishes conputation {

adapt bl ock size b

adapt the task allocation plan
assign tasks to conpute nodes
} until the matrix multiplication conpletes

}
Procedure_for_Data_Server {
| oop {
accept and en-queue data request fromthe conpute nodes
de- queue and serve the requests
}
}
Procedure_f or _Conmput e_Node {
I oop {
accept and en-queue tasks fromthe coordinator
de- queue one task
performthe followi ng two functions in paralle
a. pre-fetch data fromthe data server for
future tasks
b. execute matrix multiplication for current task
}
report current resource status to the coordinator
}
}

In our algorithm, there is no fixed scheme for data distri-
bution or task allocation to the compute nodes, the compu-



tation is adapted to the dynamic behavior of the resources.
Tasks are assigned to the compute nodes based on their run-
time compute power and available bandwidth to the data
server.

The impact of communication cost is reduced by using
data pre-fetch. Data pre-fetch enables a compute node to
perform computation and communication in parallel, there-
fore hiding (not always fully, though) the impact of com-
munication costs. Block size b is a critical factor that affects
the efficiency of data pre-fetch and the overall performance.
The selection of b also determines the total number of tasks,
which affects the parallelism of the computation. However,
these two objectives (parallelism and the efficiency of pre-
fetch) conflict with each other and trade-offs exist. We will
present an efficient approach for selecting the optimal value
of b.

We assume that matrices A, B, and C' are of size N x N.
b x b is the block size. M denotes the number of com-
pute nodes. N; is the j** compute node. P; denotes the
compute power of node N;. B; denotes the available band-
width between node N; and the data server (1 < j < M).
Q(N;) denotes the number of tasks to be assigned to node
N; 1 £ j £ M). For node Nj, Teomp(IN;) denotes the
computation time, Tomm(IN;) is the data transfer time for
one task, and Te,..(IN;) is the expected execution time of
one task. T'f;,(IV;) is the expected time that node IN; fin-
ishes all the assigned tasks. T'¢;, = maxjf‘i1 Tyin(N;), de-
notes the expected overall execution time.

Network (start up) latencies are negligible when estimat-
ing the data transfer time for a task. For example, in a
100 Mb/s Ethernet, the latency is typically around 150 us,
while the transfer time for a 400 x 400 double precision
matrix is 102 ms. Hence network latencies are only consid-
ered when estimating the transfer time of control messages.
In our approach, the computation time and data transfer
time for one task can be approximated as Tcomp(N;) =
2Nb2/PJ and Tcomm(Nj) = 2Nb/B] (]. <jJ < M)
Tezec(N;) is predicted as max(Teomp (N;), Teomm (IN;)) if
communication can be overlapped with the computation,
otherwise Tezec(N;) = Teomp(IV;) + Teomm (N;)-

2.2 Task Allocation and Adaptation

In our algorithm, when a compute node completes its
current task, this node reports its status to the coordinator.
This is designated as a control point. At each control point,
the coordinator adapts the task allocation.

Our implementation of the task allocation plan contains
only the number of tasks to be assigned to each compute
node, rather than the detailed mapping of the tasks to the
compute nodes. This is because the matrices are partitioned
into blocks of equal size. Every task requires the same
amount of computation and communication to complete.

The task allocation plan is maintained using a binary tree
B with M nodes. Each node in B has two fields T'f;,, (IV;)
(the key field) and Q(V;), (1 < j < M). We also use an
auxiliary heap H with M nodes. The key field of each node
in H stores the values of T;,,(N;) + Tegec(IV;) (denoted
as TI(NJ), 1 SJ < M)

At the beginning of the computation, an initial task
allocation plan is calculated according to the minimum
completion time [7] (MCT) heuristic. B and H are then
initialized according to this initial plan. Each consecutive
update to the task allocation plan is performed at the
control points, where information of a compute node (e.g.
the compute power P;, and available bandwidth to the data
server By, for node Ny) is updated. The update procedure
is as follows:

1 Q(Ng) =Q(Ng) —1
2 update Ty;,(Ng) according to P, and By
3 if Tfin(Ng) increases

4 do
5 sel ect root node N, in H
6 if Tl(NT) <szn(Nk) t hen
7 Q(Nk) = Q(Ng) —1
8 Q(N,) = Q(N,) +1
9 update Tfin(Nk)y Tfin(Nr) and B
10 update Ti(N,), Ti(Ng), and H
11 update Ty;p
12 until Ty no longer decreases
13 el se
14 do
15 find node N, in B
such that Tf,,n(Nm) = Ina.le‘il Tfin(Nj)
16 if szn(Nk) + Tea:ec(Nk) < szn(Nm) t hen
17 Q(Ni) = Q(Ng) +1
18 Q(Nm) = Q(Nm) — 1
19 update Tfin(Nk)y szn(Nm) and B
20 update Ti(Nm), Ti(Ng), and H
21 update Ty,
22 until Ty no longer decreases

In the above procedure, if T'¢;, (NNy) increases, tasks are
removed from node NV}, and assigned to other nodes to re-
duce the overall execution time. Similar operations are ap-
plied when T';, (Ny) decreases. In the above procedure,
lines 5, 7, 8, 11, 17, 18, and 21 take constant time; each
of the lines 9, 10, 15, 19, and 20 takes O(log M) time.
Both do loops contain at most a constant number of itera-
tions (less than the number of tasks scheduled to a compute
node). Hence the complexity of each update to the task al-
location plan is O(log M).

2.3 Data Pre-Fetch

Data pre-fetch is used to overlap the communication
and computation. According to our approximations of
Tcomm(Nj) and Tcomp(Nj)’ Tcomm(Nj)/Tcomp(Nj) =
P;/(Bj - b). The extent to which communication and com-
putation can be overlapped depends on the block size b,



the compute power P; and the available bandwidth B;
to the data server. For example, if the data elements
are double precision, b = 100, B; = 100 Mb/s(=
1.56 M Data_element/s), and P; = 400 M Flops (sus-
tained performance of Pentium Il 550 MHz for ma-
trix multiplication, reported by the ATLAS project [15]),
then Teomm (N;)/Teomp(N;) = 1.28, which means that
1/1.28 = 78% of the communication time can be over-
lapped with the computation. Data pre-fetch in our algo-
rithm is performed using a greedy method: for each com-
pute node, if current data transfer finishes and there exist
tasks waiting for source data, perform pre-fetch for the next
such task. In Section 3, we will validate the efficiency of
this data pre-fetch strategy.

2.4 Adaptation of Block Size

As shown by our the performance metric approx-
imations,  Teomm (N;)/Teomp(N;) = P;/(Bj - b),
and Topee(N;) = max(Teomp(N;), Teomm(N;)) or
Tezec(N;) = Teomp(N;) + Teomm(N;) 1 < j < M). Ifb
is small, data transfer time will dominate the execution time
for the tasks; the compute node will spend time idling (wait-
ing for the data transfer to complete) even if the computa-
tion and the communication can be overlapped. However,
choosing a large b reduces the number of tasks and hence
the parallelism of the computation. An extreme example is
to set b = N. Although communication is most efficient
for this choice, only one node can be chosen to perform the
computation, wasting most computing resources.

Consider the case where P; and B; do not change
over time, P, = P; and B; = B; for 1 <
i,j < M. Assume all compute nodes do data pre-
fetch. The execution time of any task on any com-
pute node is Tezee = max(Teomp(N;), Teomm(N;)) =
max(2Nb?/P;,2Nb/B;). There are a total of (N/b)?
tasks. The optimal task allocation for this scenario is
to assign each compute node |(N/b)2/M| tasks. For
the remaining (N/b)?2 — |(N/b)2/M | tasks, randomly
choose (N/b)? — |(N/b)2/M| compute nodes and as-
sign one task to each of these selected nodes. Therefore,
Tiin = (IN/02/M]| + 1) - Tegee = [(N/)2/M] -
max(2Nb?/P;,2Nb/B;). For a typical setting of N =
10000, M = 64, P; = 600 MFLOPS, B; = 100 Mb/s
(1 < j < 64), the impact of b is shown in Fig. 1. Although
this is a simple homogeneous and static scenario, it illus-
trates the performance degradation when b is too small or
too large. We will demonstrate in Section 3 that in a dy-
namic heterogeneous environment, the impact of b on the
overall execution time has similar variations; the optimal
block size depends on the run time performance variation
of the resources.

We search through the range 1 < b < N and choose the
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Figure 1. Impact of block size b

smallest block size that results in the minimum expected
execution time. During the search process, the performance
of a particular block size b may be evaluated by using either
a simulator or the task allocation heuristic (T, is a direct
output of the task allocation heuristic). The search process
for the optimal block size may be computation intensive as
it needs to evaluate the performance of multiple block sizes.
However the search can be executed by the coordinator as
a background job, with a priority lower than the adaptation
of the task allocation plan. Note that the procedure in Sec-
tion 2.1 needs some minor changes if block size selection is
executed in the background. In our approach, b is adapted
only after the execution completes for one row block of ma-
trix C.

2.5 Control and Coordination Overheads

In this section, we show that the control and coordination
overheads of our algorithm are negligible compared with
the overall computation time.

Control overheads: In [7], it is shown that the complex-
ity of MCT is O(M). For a problem with 512 tasks and
16 compute nodes, it takes less than 1 us on a 400MHz
Pentium I1. Even though our algorithm needs to update the
allocation plan multiple times, the overheads of the update
is negligible. For example, for problem sizes 2000 x 2000
to 6000 x 6000, there are 10? ~ 102 allocation plan updates
(as shown by our simulations); Even each update takes 1 us,
the total execution time for adapting the allocation plan is
less than 1 ms. This is much smaller than the 10 ~ 100 sec-
ond execution time of the matrix multiplication (as shown
by our simulations and also reported in [4]).

Coordination overheads: Control messages are trans-
ferred in the system when (1) a task is assigned to a compute
node, (2) a data transfer request is sent to a data server, or (3)
the compute node reports its status to the coordinator upon



the completion of a task. The control messages for these
cases consist of only a small amount of information (node
ID and matrix block index (4, j) for cases 1 and 2; node ID,
compute power, and network bandwidth for case 3). Sup-
pose each control message consists of 16 bytes. Note that
there are three messages for each block and the total num-
ber of blocks is N2 /b2, the total amount of control message
transfer is Aciq = 3 % 16N2/b? bytes. At the same time,
the total amount of data transfer is Aga:a = (2N3/b) x 8
bytes (assuming each data element is 8 bytes). The cost of
transferring control messages is negligible when the matrix
size becomes large.

2.6 Minimizing Communication and Communi-
cation Bottlenecks

Note that during the computation, a compute node
caches the it* row block of matrix A and the jt* column
block of matrix B, if this node is assigned the task of com-
puting C(7,j). If future tasks assigned to this node is to
compute blocks in the same row(column), then this node
can utilize the locally cached row(column) block of ma-
trix A(B). This optimization reduces the total amount of
communication, rather than hiding the communication cost.
Also, a compute node can act as a data server, providing the
cached data to other compute nodes. The impact of these
optimizations can be found in [10].

3 Performance Evaluation

We use a modular and extensible simulator [9] to eval-
uate our matrix multiplication algorithm. This simulator
is capable of describing the interactions among various re-
sources in a dynamic heterogeneous computing environ-
ment. The simulator consists of three classes of entities:
scheduler, global information directory, and computing and
network resources. These entities interact with each other
by sending and receiving messages. The simulator has built-
in support for evaluating the performance of adaptive appli-
cations in dynamic heterogeneous environments. It models
the interactions between the applications and the resources
through a closed adaptation loop, in which the computation
is adapted according to the run-time performance variations
of the resources.

Various components of the simulator are configurable by
the user, such as the scheduling algorithm to be used, the dy-
namic behavior of the resources, the time interval between
the adaptations, the method for partitioning the problem,
etc. This flexibility in configuration makes it possible to
simulate various applications (matrix multiplication in this
study) and various dynamic heterogeneous computing en-
vironments. The simulator provides a set of commands to

collect the key performance statistics (e.g. the start and fin-
ish time of each task and the overall execution time of an
application) of a simulation. The simulator can also be used
to analyze the activities of entities in a simulation, trace the
idle time of the compute nodes, and determine possible per-
formance bottlenecks.

3.1 Simulation Results

The simulations are arranged into four sets. The first
set tests the efficiency of the greedy data pre-fetch strat-
egy. Second, the impact of control and coordination over-
heads is presented. The third set of simulations illustrates
the impact of block size on the execution time. The last
set compares our approach with a state-of-the-art technique
proposed in [4]. More simulation results can be found in the
technical report version of this paper [10].

In the simulations, P; and B; (1 < i < M) are
modeled as normally distributed random variables with
mean values P(3) and B(i), and standard deviations o (7)
and op(i). As discussed earlier, network latencies are
considered only when estimating the transfer time for
control messages. Let P = Z¢Ai1 P(i)/M, B =

M, B(i)/M,oP = \/S"M, (P(i) - P)2/(M - 1),and

oB = \/Zij‘il (B(i) — B)?/(M —1). o P and 0B repre-
sent the system heterogeneities in compute power and net-
work bandwidth. Following a similar classification as in [3],
the systems are classified into four categories based on the
values of ¢P and ¢B: high ¢P and high ¢B, high ¢ P
and low ¢ B, low ¢ P and high ¢B, low ¢P and low ¢B.
These are abbreviated as ‘HH’, “HL’, ‘LH’ and “LL’ respec-
tively. For static environments, there is no run-time per-
formance variation, o,(é) = 0 and o,(i) = 0; in a dy-
namic environment, we assume that ¢,,(i) = 0.15P(3) and
op(i) = 0.12B(i). The heterogeneities of the simulated
systems are described in Table 1. For dynamic environ-
ments, each simulation was repeated multiple times until
a 95% confidence interval with a 10% precision was ob-
tained, and the reported simulated execution time is the av-
erage over these simulations.

3.1.1 Summary of Results

We first tested the performance of our greedy data pre-fetch
strategy. Two 20-node dynamic HL systems were simu-
lated. System 1 was connected using a 100 Mb/s network
and System 2 was connected using a 10 Mb/s network.
The two systems had the same P (200 M FLOPS) and op
(30 MFLOPS). We compared our data pre-fetch strat-
egy with non pre-fetch for problem size 6000 x 6000 and
8000 x 8000. The idle time of each individual node was
recorded using the simulator. The results in Table 2 show



Table 1. Heterogeneities of the simulated sys-
tems. P and ¢ P are in MFLOPS. B and ¢ B are
in Mb/s

Systems P |oP|| B | oB
9-node HL 440 | 188 || 1000 0
9-node HH 440 | 188 || 1000 | 290

50-node HL 210 | 90 100 0

64-node HH(LAN) | 400 | 84 | 100 | 29
64-node HH(WAN) | 400 | 84 || 1.5 | 0.32

Table 2. Average idle time of the compute
nodes (percentage of the overall execution

time)
Method Pre-fetch No Pre-fetch
Problem size | 6000 8000 6000 8000
System 1 22.1% | 14.8% || 36.7% | 30.7%
System 2 72.2% | 67.8% || 76.8% | 70.5%

the average idle time of the compute nodes. The simple data
pre-fetch strategy used in our approach reduces the average
idle time from 30.7% to 14.8% for System 1. The perfor-
mance improvement in a lower speed network environment
(System 2) is smaller. This is because the data transfer time
for a task is much larger than the execution time of a task in
such a system, hence data pre-fetch becomes less effective.

The second set of simulations studies the impact of con-
trol and coordination overheads. These simulations were
based on the dynamic 64-node HH LAN and WAN systems
in Table 1. The results are shown in Fig. 2. The network
latencies for the LAN and WAN environments were actual
test results of MPICH-G2 reported in [1]. MPICH-G2 is a
well-known programing interface for the Grid environment.
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100 Mb/s is the typical bandwidth for Ethernet bound en-
vironments, while 1.5 Mb/s is a reasonable estimation for
WAN environments. Given these parameters, the cost of
transferring one message is estimated as 180 us in a LAN,
and 16 ms in a WAN. As can be seen from the results, only a
small portion of the overall execution time was spent trans-
ferring the control messages. For example, with 15 ms per
control message transfer in the WAN environment, the over-
all execution time for problem size of 8000 x 8000 increases
only 3% when compared with the zero cost per control mes-
sage scenario. Our simulations showed that the impact of
control overheads was negligible, less than 1% for all the
cases considered in this paper. This is because the 1 usec
execution time per call of the task allocation heuristic is
negligible compared with the 10 ~ 200sec overall compu-
tation time. Due to space limitation, the results are omitted
here.

The third set of results was extracted from the simulation
of a 50-node dynamic HL system shown in Table 1. Block
size adaptation occurred multiple times during the simula-
tion. In Fig. 3, Scenario 1 and 2 show two instances of these
block size adaptations. For each scenario, we evaluated the
performance of possible block sizes using our simulator. In
Fig. 3, the impact of block size shows the same trend as an-
alyzed in Section 2.4. Performance is degraded if b is too
small or too large. In Scenario 2, some nodes lost 40% of
their available compute power, compared with Scenario 1.
This performance variation changed the optimal block size
from 800 to 500. If the block size had not been adapted
between these two scenarios, the execution time would in-
crease by 11.5%. This illustrates the importance of run-time
block size adaptation in a dynamic environment.

Comparison with the static matrix multiplication
[4](denoted as SHMM, Static Heterogeneous Matrix Multi-
plication) was performed on several 9-node systems. A sim-
ilar system connected by a Myrinet network was tested in
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Figure 4. Comparison with the method in [4].
(a) a static HL system, (b) a static HH system,
(c) a dynamic HL system, (d) a dynamic HH
system. (SHMM represents the method in [4],
USC represents our approach)

[4]. B(i) = 1000 Mb/s, 1 <4 <9, was used as the band-
width of each link. Note that in these results, the reported
execution time of the SHMM method does not take into ac-
count the cost of initial data distribution. In our method, no
initial data distribution is needed because the data distribu-
tion is automatically performed at run time by task alloca-
tion.

For a fair comparison of our approach with that in [4],
which targets a static heterogeneous environment with a
homogeneous network, we first conducted simulations on
a static 9-node HL system with a homogeneous network
(eB = 0). The two methods showed similar performance
(See Fig. 4(a)). Fig. 4(b) shows the results on a static 9-
node HH system (¢ B = 290). Since our approach con-
siders heterogeneity in both compute power and network
bandwidth, it showed an improved performance of up to
11% over SHMM. Figs. 4(c) and 4(d) show the results on
the above two systems (9-node HL and HH), when run-
time variations exist. Our approach is up to 22% faster
than SHMM. Besides modeling the performance of the re-
sources as normally distributed random variables, we also
evaluated the performance in a scenario where the perfor-
mance of some resources drops severely. A system similar
to the 9-node HH system in Table 1 was simulated. During
the simulations, the performance of the most powerful node
was altered such that it loses 75% of its compute power
immediately after the computation begins. The results are
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Figure 5. Impact of severe performance vari-
ation of the resources. Problem size is
3600 x 3600. (a) no severe performance varia-
tion. (b) scenario in which the most powerful
node loses 75% compute power immediately
after the computation begins.

shown in Fig. 5. Our approach is adaptive to the changes of
the environment, the simulated execution time increased by
14.5%, while a 30.2% increase was observed in the SHMM
method.

4 Conclusion

This paper proposed an approach for matrix multiplica-
tion in a heterogeneous environment in which the perfor-
mance of the resources vary at run time. Task assignments
are determined at run time based on the performance of the
resources in the system. Our approach is adaptive to the
changes in both the compute power and the network band-
width. Simulation results show that our approach provides
improved performance compared with the state-of-the-art
matrix multiplication algorithms, when the environment is
dynamic and heterogeneous. However, the use of our ap-
proach in a static heterogeneous environment needs further
investigation. Although our approach avoids the cost of ini-
tial data distribution, the adaptation becomes unnecessary
and the overheads incurred during the adaptation may de-
grade the overall performance.

Although the effectiveness of our algorithm in dynamic
heterogeneous environments has been verified through sim-
ulations, several issues need to be addressed. We have ob-
served that a single data server may cause bottlenecks. We
are exploring two possible solutions: (1) using multiple data
servers and (2) utilizing the cached data on the compute
nodes. We are also exploring the relationship between the
adaptation intervals and the overall performance. In this pa-
per, we evaluated event-driven adaptation. Another alterna-
tive is to perform the adaptations periodically. We are also



investigating the effectiveness of various scheduling algo-
rithms and studying other applications such as LU decom-
position and transitive closure.
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