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Abstract— In this paper, we present a load-balancing
strategy (Adaptive Load Balancing strategy) for data
parallel applications to balance the work load effec-
tively on a distributed system. We study its impact on
computation-hungry matrix multiplication application.
The ALB strategy enhances the performance with fea-
tures such as intelligent node selection, pre-task assign-
ment, adaptive task sizing and buffer allocation, and
load balancing. The ALB strategy exhibits reduced
nodes idle time and inter process communication time,
and improved speed up as compared to Run Time task
Scheduling strategy.

Index Terms— task partitioning, load balancing, het-
erogeneous distributed systems, matrix multiplication,
and performance evaluation

I. INTRODUCTION

Distributed computing system (DS) is a better
choice for multifarious computations of high pro-
cessing demand scientific applications. Nodes in the
DS show diverse behaviour in terms of performance
under variations in workload [1]. Such variations
mandate the effective distribution of tasks which is
a major issue in distributed computing environment
[2].

Parallel matrix multiplication is one of the most
studied fundamental problems in distributed and high
performance computing. Our focus is to minimize
the total execution time of an application that can
be achieve by reducing inter process communication
and nodes idle time, and incorporating effective load
balancing components [1]–[3]. Matrix multiplication
is used in many scientific and engineering applica-
tions such as robots, remote sensing, and medical
imaging etc. The matrix multiplication is an extensive
data parallel application. We have been evaluating
the performance of matrix multiplication on network
of workstations [4].

Recently, the matrix multiplication computational
complexity has been reduced using Strassens algo-
rithm [5]. In [5], author replace the number of matrix

[
a11 a12
a21 a22

]
×
[
b11 b12
b21 b22

]
=

[
c11 c12
c21 c22

]

Q1 = (a11 + a22)(b11 + b22)
Q2 = (a21 + a22)b11
Q3 = a11(b12 − b22)
Q4 = a22(b21 − b11)
Q5 = a11 + a12)b22)
Q6 = (a21 − a11)(b11 − b12)
Q7 = (a12 − a22)(b21 + b22)

C11 = Q1 + Q4 −Q5 + Q7

C12 = Q3 + Q5

C21 = Q2 + Q4

C22 = Q1 + Q3 −Q2 + Q6

Figure 1. Matrix multiplication by Strassen’s algorithm [4]

multiplication by matrix additions that reduced the
time complexity of matrix multiplication from O(n3)
to O(n2.8). The proposed model of [4] is shown in
Figure 1.

The authors in [5] reduced the mathematical
complexity of the application at the cost of supporting
features of parallel data applications, for example,
independency of sub-tasks and pattern repetition. The
more is the independency and pattern repetitions, the
less is the inter process communication time (this
is not the case in [5] as shown in Figure 1). In
[6] the authors have provided a new parallel matrix
multiplication algorithm based on the Strassen’s
algorithm, which is named CAPS (Communication-
Optimal Parallel Algorithm for Strassen’s Matrix
Multiplication), in which they have reduced the
communication overhead of Strassen’s algorithm.
The authors also provided a comparison of different
matrix multiplication algorithms which is shown in
Table I. Here ω0 = log2 7 ≈ 2.81 is the exponent of
Strassen; ` is the number of Strassen steps taken.
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Classical algorithms must communicate asymptoti-
cally more than an optimal Strassen-based algorithm.
To compare the lower bounds, it is necessary to
consider three cases for the memory size: when
the memory-dependent bounds dominate for both
classical and Strassen, when the memory-dependent
bound dominates for classical, but the memory-
independent bound dominates for Strassen, and when
the memory-independent bounds dominate for both
classical and Strassen. Briefly, the factor by which
the classical bandwidth cost exceeds the Strassen
bandwidth cost is P a where a ranges from 2

ω0
− 2

3 ≈
0.046 to 3−ω0

2 ≈ 0.10 depending on the relative
problem size.

Various parallel classical matrix multiplication
algorithms minimize communication relative to the
classical lower bounds for certain amounts of local
memory M . For example, Cannon’s algorithm [7]
minimizes communication for M = O(n2/P ). Sev-
eral more practical algorithms exist (such as SUMMA
[8]) which use the same amount of local memory
and have the same asymptotic communication costs.
We call this class of algorithms “2D” because the
communication patterns follow a two-dimensional
processor grid.

Another class of algorithms, known as “3D” [9],
[10] because the communication pattern maps to a
three-dimensional processor grid, uses more local
memory and reduces communication relative to
2D algorithms. This class of algorithms minimizes
communication relative to the classical lower bounds
for M = Ω(n2/P 2/3). As shown in [11], it is not
possible to use more memory than M = Θ(n2/P 2/3)
to reduce communication.

Recently, a more general algorithm has been
developed which minimizes communication in all
cases. Because it reduces to a 2D and 3D for the
extreme values of M but interpolates for the values
between, it is known as the “2.5D” algorithm [12].

It is therefore evident that, in such applications,
the distribution of tasks become very complex and
effectively increases the network usage and nodes
idle time [13]. Due to wide range usage of matrix
multiplication in many scientific and engineering
applications, there is a need to develop an efficient
task partitioning, scheduling, and load balancing
strategy for such resource hungry computations.

The static and dynamic (RTS) task distribution
strategies are used to balance the loads among
the WSs/PCs. Since WSs/PCs have a performance
variation characteristic [2], [18], therefore, the static
task distribution is not effective for HCC system

[19]. RTS strategy can achieve nearly perfect load
balancing [20], because the machines performance
variations and non-homogeneous nature of the ap-
plication (image) is adjusted at runtime [5]. The
RTS strategy’s performance depends upon the size
of the sub-task. If sub-task size is too small then
it generates a serious inter-process communication
overhead. In other case, if the sub-task size is too
large then it may create a longer master (client)
machine waiting time due to the inappropriate sub-
tasks size of slow performance machine [5]. Many
researchers suggested enhancement in dynamic task
scheduling strategies for homogeneous HCC system
[21] [6-7]. However, these strategies do not work
well for heterogeneous HCC system without further
modifications. The crucial point is that they are based
on fixed parameters that are tuned for the specified
hardware. In heterogeneous systems, this tuning is
often not possible because both the computational
power and the network bandwidth are not known
in advance, which may change unpredictably during
runtime.

The strategies based on task distribution and then
task migration from heavy loaded to light-loaded
nodes are expressed [22], [23]. The task migration
has two serious drawbacks [23]:
• All nodes should continuously monitor the status

of other nodes.
• During the computations, a node has to search

its load and float the information on the network,
hence, produces a large amount of communica-
tion overhead.

In DS, static and dynamic task partitioning strate-
gies are common. Static strategy is effective only
in cases where there is no change in the nature of
application and system during the dispensation of
application [24]. To deal with nodes performance
variation problem, Runtime Task Scheduling (RTS)
strategy was proposed which provides effective load
balancing, but fixed task size in RTS has raised
many problems, i.e., appropriate determination of task
size for each node is very difficult [4]. It increases
the number of requests and replies and effectively
increases the nodes idle time. Optimal task sizing
is a complex problems small task size increases
communication cost while large task size increases
nodes idle time [4].

Dynamic scheduling for the purpose of load
balancing scientific computations on homogeneous
as well as heterogeneous systems has been exten-
sively researched [25], [26]. In general, scientific
applications adapt to variable work loads from one
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TABLE I.
ASYMPTOTIC MATRIX MULTIPLICATION COMPUTATIONAL AND COMMUNICATION COSTS OF ALGORITHMS AND CORRESPONDING

LOWER BOUNDS. [6]

Flops Bandwidth Latency
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n3

PM1/2 ,
n2
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}
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PM3/2 , 1
}
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P
n2
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P
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P2/3 logP
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}
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P (ω0−1)/2
n2

P1/2 P 1/2
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(
7
8

)` n3

P

(
7
4

)` n2

P1/2 7`P 1/2
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{

n3

PM3/2−ω0/2 ,
nω0

Pω0/3

}
max

{
n3

PM1/2 ,
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}
n3

PM3/2 + logP
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(
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7
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(
7
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} (
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CAPS [6] nω0

P
max

{
nω0

PMω0/2−1 ,
n2

P2/ω0

}
max

{
nω0

PMω0/2 logP, logP
}

step to the next of their computation by using an
iterative static approach. In this approach, repeated
partitioning is performed, and between partitioning,
computations on each partition segment is performed
without further concern for load balancing until
completion .

In heterogeneous systems, the differences in pro-
cessor speeds, architectures and memory capacities
can significantly impact performance. In case of
heterogeneous NOW, loads and in general resource
availability of workstations are unpredictable, and
thus it is difficult to know in advance what the
effective speed of each machine would be. For
effective load balancing of scientific applications,
algorithms that derive from theoretical advances in
research on scheduling parallel loop iterations with
variable running times have extensively been studied
[29], [30]. As a result, dynamic loop scheduling
algorithms based on a probabilistic analysis have
been proposed, and successfully implemented for a
number of scientific applications [29], [31].

In [2], a pre task assignment strategy is pro-
posed in which more than one tasks are assigned
to nodes according to their current performance.
Assigning more tasks to a faster node is not very
effective because there is a possibility that faster
nodes complete the tasks and then waits for further
assignment which essentially will increase idle time.
In [24] a load balancing strategy is proposed for data
parallel applications by combining static and RTS
strategies. Data is divided at compile time and during

execution, in case of load imbalance; task migration
is carried out. Also to reduce communication between
processors, boundary elements between adjacent pro-
cessors are duplicated. This strategy has to face the
overheads of task migration, and memory usage due
to the duplication. Also, task migration [22] requires
continuous monitoring of network and floating of
load information of all nodes on the network which
results in degraded performance due to overhead.

Adaptive Load Balancing (ALB) strategy has been
developed to exploit data parallelism on distributed
systems. As a benchmark, matrix multiplication
application of large dimensions is considered.

II. ADAPTIVE LOAD-BALANCING FOR DATA

PARALLEL APPLICATIONS (APL)

The terms used to formulate the APL (Adaptive
load-balancing for data Parallel applications) strategy
are defined in Table II, while the components of the
strategy are described below.

A. Nodes selection

Due to the advancements in processing technolo-
gies in the previous years, the increase in computing
power is far beyond the increase in the network
speed. The network of workstations computing envi-
ronment is available in various places, for example,
in industries and in educational institutions. Such
environments may consist of hundred of computers
and using all of them for parallel computation is
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TABLE II.
SYMBOLS USED AND THEIR DEFINITIONS

Term Definition
T Total number of tasks (size of matrix)
i Node number
ti Node’s assigned task or computed sub-task size
Tb Total number of unprocessed tasks (Tb = Tti)

Np(i) Node’s estimated current performance
pi Node time taken to process |1x1| matrix
Bi Node’s buffer size

Npslow Slowest node’s estimated current performance
Fi Number of pre-tasks assign to nodes buffer
Wi Power weight factor of node
NT Total number of nodes used in DS
Oi Client waiting time
Tpf The time taken by the fastest machine to process

the application independently
TDS Time take by the distributed system to process

the application
tci Node’s completion time for the task
tsi Node’s start time for the task

not scalable due to the instability of nodes perfor-
mance [32], limited network performance, and over
utilization of network.

In a DS, the dynamic nature of operating systems
and variation in computing power compel to dis-
tribute workload as per nodes capacity. But there
is a possibility that faster nodes becomes idle after
completing all assigned tasks while a slower node
is still processing it. A better idea will be to choose
well performing and more stable nodes [32].

The stability of a node is the ratio by which the
node changes its performance in the presence of
heavy work load [9]. To calculate the stability of a
node, we measured the variance in performance of
nodes by using unit of the task (one row multiply
by one column) and measured the time taken by the
node. Nodes average performance is measured by
average the results after 5 runs of pi. Equation 1 is
used to compute the nodes variance in performance.

V ariance =
n∑

i=1

(pi − pavg)2

n
(1)

If a node shows more variance in performance,
it means the node is not stable, i.e., in loaded
condition its performance will degrade. Variances
of all nodes are sent to a master which calculates
variance percentage by using the Equation 2.

V ariance percentage =
V ariance

n
× 100 (2)

The nodes with less than 33 percentages in
performance-variation are considered stable nodes

and can be use in the distributed system while the
others are discarded. This reduction in number of
nodes is not more than 20 percent of the total number
of available nodes. Using the stable nodes in DS
guarantee the DS will give a better scalability and
speedup by reducing the overhead of task-migration
[32].

B. Dynamic task sizing

After selecting the stable nodes for DS, the task
size for each node is calculated (by using Equation
3). As the node start processing her share of work,
its runtime performance is estimated (by using
Equation 4). The runtime performance is than used to
calculated the dynamic task size for each subsequent
assignments the the respective node. which will be
used to calculate each node runtime task size.

Np(i) =
1

pi
(3)

Each node computes its task size whenever the
node performance varies in 25 percent as compare
to current nodes performance. We consider that ma-
chine’s performance have dynamic in nature and 25%
variation is toleratable. The updated performance of
slowest node is multicast to all nodes whenever it is
need to update.

ti =
Np(i)

Npslow
(4)

C. Adaptive semi de-centralized approach of re-
sources management

Since centralized resource management strategy
degrades the performance of master node, therefore,
the master node cannot make new assignments or
receive reports from slave nodes on immediate basis
[5]. This results in increased idle time of the nodes
and subsequently in degraded DS performance. In
APL strategy, we use a semi-decentralized approach
of resources management. Initially, the master node
computes the initial task size for each node and then
each node is responsible to compute its performance
and current task size accordingly. Therefore, in our
proposed strategy, the master node can make new
assignments as well as receive reports from slave
nodes thus enhancing DS performance by decreasing
idle time.
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D. Dynamic buffering

To completely eliminate the nodes idle time, we
introduce a buffer for each node that contains the
number of tasks to be execute by the node. The
number of tasks is dependent on nodes performance..
In APL strategy we classified the number node into
three categories:
• Category A – Highest performance Pi ≤ 25%
Pi nodes

• Category B – Pi of 25% ≤ 50% Pi nodes
• Category C – All Remaining nodes
The size of the buffer to hold the number of task

in advance is dependent upon the node performance
and is determine by Equation 5.

Bi = ti × Fi (5)

Where Fi for
Category A node is 4
Category B node is 3
Category C node is 2

Therefore, when a node completes task processing
and result reporting; another thread starts processing
another task available in the buffer, thus minimizes
the waiting time to start new task. In maximum, 4
tasks can be held by the buffer of the node. Increase
in the number of tasks in buffer will result in load
balancing and task migration overhead [2].

E. Availability of tasks at the end of application

As discussed previously, the master node is respon-
sible for assigning tasks and collecting results. The
availability of unprocessed tasks in main task buffer
is the key to guarantee that none of the nodes is idle.
For this purpose, the master node assigns tasks to the
nodes on the basis of their performance as described
above. The master follows this mechanism till 70%
of the application is completed. After that, master
node reduces the sub task size by 30%, i.e., the nodes
getting 4 tasks previously starts getting 3 tasks. The
mechanism makes sure that the buffer is not empty
and requests made by nodes are entertained until the
application cycle is complete. We implemented the
same idea in [2].

F. Sub-task duplication

Once all the tasks are assigned and the buffer
is empty, the faster nodes finish the tasks earlier
compared to the slower ones; whereas, the slow nodes
very often create a master / manager waiting time.

To avoid such type of waiting times, the following
slow nodes task duplication mechanism from [2] is
implemented:

“...master / manager searches the least
performance node in the current HDC
configuration and duplicates its assigned
task to the next idle node. It creates a
competition between two nodes, the result
of the node who completes the task first
is considered and that of the other is
ignored. Each least nodes task is duplicated
only once. So all computing resources are
utilized at the end of application. This also
eliminates the excessive manager waiting
time that would have occurred at the end
of application..”

G. ALP strategy in steps

The breakdown of the ALP into steps is shown in
the Table III.

TABLE III.
MAJOR STEPS IN ALP

Step Description
1 Assign task of size pi five times to each

node i to calculate the performance variation.
Reduce NT upto 10% by dropping nodes with
higher performance-variation (to reduce the
task-migration overhead).

2 Multicast Npslow to all connected nodes.
3 Each node i computes ti, categorises itself on

the basis of Np(i) and calculates Fi.
4 Each node i informs master about ti. The

master then assign task according to Fi.
5 When a node i experiences a performance

variation higher than 25% it repeats Step 3
& 4.

6 When 70% of T is completed, ti is reduce by
30% for all i.

7 Sub-task duplication mechanism (Section II-F)
remains in effect.

III. COMPARISON AND IMPLEMENTATION

Runtime task scheduling strategy (RTS): The
RTS strategy uses a unit of task that is distributed
at runtime. As the node completes the previously
assigned sub-task, new task is assigned for processing.
The performance of ALB strategy is compared with
RTS in terms of number of requests made by nodes
to the master, client waiting time, and speedup of
the system.

Client waiting time: It is the amount of idle
time that nodes have to wait between completion
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of previous task and assignment of next task. It is
directly proportional to the number of requests made
by the nodes to master / manager [2], [4]. It can be
calculated as

Oi = tsi − tci−1 (6)

Where Oi is the overhead time during which all the
communication and data access delays are performed
[33]. Thus the total client waiting time is as follows:

Client′s waiting time cost =
Wt∑
i=1

Oi (7)

The theoretical speedup and measured speedup
of ALB strategy is also compared. The theoretical
speedup can be calculated as follows.

Power weight: The power weight of a node is the
nodes computing speed relative to the fastest node in
the distributed system [33]. It can be calculated as:

Power weight(Wi) =
Tpf

Tpi
(8)

Power weight is then used to compute the theoret-
ical speedup of distributed system [32] as:

NT∑
i=1

Wi (9)

Measured speedup: Speedup is used to measure
the performance gain from parallel computation of
an application over its execution independently on
the fastest node in the system. It can be defined as:

Tpf

TDS
(10)

All measurements are carried out on homogeneous
distributed computing environment. The system is
composed of 30 nodes with speed of 1 GHz and
Linux Operating System. Dimensions 512 x 512 and
1024 x 1024 of matrices multiplication application
has been selected for the performance evaluation of
the proposed strategy. Measurements are taken in
both un-loaded and loaded environments, i.e., with
and without users using the network.

IV. RESULTS AND DISCUSSIONS

The measured number of returns and replies made
by the master node are listed in Table 2 for RTS
and ALB strategies. From Table IV, we can observe
that for each DS configuration, the total number of
returns and replies occurs in ALB strategy is quite
less as compared to RTS strategy. The less number of

Figure 2. Measured client waiting time of five distributed system
configurations in RTS strategy for matrix dimension 1024x1024.

returns and replies means lesser utilization of network
resources and lower overhead. Therefore, ALB has
priority on RTS strategy.

TABLE IV.
COMPARISON OF RTS AND ALB STRATEGIES IN TERM OF

NUMBER OF REQUESTS MADE BY THE MASTER TO

DISTRIBUTE THE TOTAL TASK AMONG THE NODES

Nodes
RTS Strategy ALB Strategy

Matrix Dimensions Matrix Dimensions
512x512 1024x1024 512x512 1024x1024

5 512 1024 52 98
10 512 1024 84 152
15 512 1024 103 210
20 512 1024 167 330
25 512 1024 210 450

The measured results of non-optimal (using all the
available nodes) DS and optimal nodes (omit the high
performance variation nodes from the available nodes
of DS) DS is shown in Table V. The measurement is
carried out by five DS configuration. From Table V
it show that not using the high performance variation
nodes in DS give a better speed up.

The measured client waiting time occur in RTS
strategy is shown in Figure IV. Due to the pre-task
assignment and dynamic buffer sizing features of
ALB strategy the client waiting time is not occur in
ALB strategy.

The theoretical and measured speedup comparison
is shown in figure. From Figure IV, we can conclude
that measure speedup achieved by ALB strategy is
closed to theoretical speedup.

The measured speedup for RTS and ALB strategy
for five DS configuration is listed in Table VI. For
each DS configuration the ALB strategy has better
speedup as compared to RTS strategy as shown in
Table VI.
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TABLE V.
COMPARISON OF RTS AND ALB STRATEGIES IN TERM OF NUMBER OF REQUESTS MADE BY THE MASTER TO DISTRIBUTE THE

TOTAL TASK AMONG THE NODES

Nodes Speedup (Non-Optimal Nodes) Speedup (Optimal Nodes)
Non-Optimal Nodes Optimal Nodes 512x512 1024x1024 512x512 1024x1024

5 4 2.18 2.58 2.53 2.85
10 8 3.78 3.28 3.92 3.42
15 13 3.24 4.24 4.19 4.23
20 18 3.75 5.15 4.45 4.93
25 22 4.26 5.96 5.02 5.37

Figure 3. Comparison of theoretical and measured speedup
using ALB of five distributed system configurations for matrix
dimension 1024x1024.

TABLE VI.
MEASURED SPEEDUP FOR 5 DS CONFIGURATIONS IN RTS

AND ALB STRATEGIES.

Nodes
Speedup (RTS) Speedup (ALB)

Matrix Dimensions Matrix Dimensions
512x512 1024x1024 512x512 1024x1024

5 2.241 2.476 2.53 2.859
10 3.713 3.061 3.923 3.429
15 3.981 3.833 4.194 4.236
20 4.234 4.634 4.456 4.938
25 4.601 5.300 5.021 5.739

V. CONCLUSION

In this paper, we proposed and implemented
adaptive load balancing strategy (ALB) for matrix
applications on distributed systems. Experimental
results show that ALB strategy has reduced number
of requests made by master node and thus reduced
the overhead. Due to the pre-task assignment and
dynamic buffer sizing, ALB strategy also decreased
the client waiting time. In case of using optimal
nodes, ALB has gained 20% speedup over non-
optimal number of nodes. In loaded environment
ALB has gained 25% speedup over RTS. We have
compared ALB speedup with theoretical speedup and

the speedup of ALB is nearly equal to theoretical
speedup. Besides matrix multiplication, the ALB
strategy can also be applied in other data parallel
applications like image process, looping, and other
scientific applications.
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