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Abstract— One popular application for big data is matrix
multiplication, which has been solved using many approaches.
Recently, researchers have applied MapReduce as a new approach
to solve this problem. In this paper, we provide a review for matrix
multiplication of big data using MapReduce. This review includes
the techniques for solving matrix multiplication using
MapReduce, the time-complexity and the number of mappers
needed for each technique. Moreover, this review provides the
number of articles published between the year 2010 and 2016 for
each of the following three topics: Big Data, Matrix Multiplication,
and MapReduce.
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I.

INTRODUCTION

Big data analysis is the process of examining and evaluating
large and varied data sets. Large size of data is continually
generated every day and is useful for many applications
including social networks, news feeds, business and marketing,
and cloud services. In order to extract useful information from
these large size of data, machine learning algorithms or
algebraic analysis are performed.
Matrix multiplication has many related real-life
applications, which is a fundamental operation in linear algebra.
It became a problem when matrices are huge and considered as
“big data”. Recently, researchers have found many applications
for matrices due to the extensive use of personal computers,
which increased the use of matrices in a wide variety of
applications, such as economics, engineering, statistics, and
other sciences [1].
A massive amount of computation is being involved in
matrix multiplication especially when it is considered as big
data, this encouraged researchers to investigate computational
problems thoroughly to enhance the efficiency of the
implemented algorithms for matrix multiplication. Hence, over
the years, several parallel and distributed systems for matrix
multiplication problem have been proposed to reduce the
communication and computation time [2-4].
Parallel and distributed algorithms over various
interconnection networks; such as Chained-Cubic Tree (CCT),
Hyper Hexa-Cell (HHC), Optical CCT, and OTIS HHC [5-8],
divide large problems into smaller sub-problems and assign
each of them to different processors, then all processors run in
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parallel. This makes the problem more time feasible.
MapReduce is among these computing systems [9].
MapReduce is a parallel approach that consist of two
sequential tasks which are Map and Reduce tasks. These tasks
are implemented with several subtasks. There are many
applications using MapReduce; such as, MapReduce with Kmeans for remote-sensing image clustering [10], MapReduce
with decision tree for classification [10], and MapReduce with
expectation maximization for text filtering [11]. MapReduce
has also been used in real-time systems [12] and for job
scheduling [13].
The rest of the paper is organized as follows. Section 2
presents big data analysis and research trends and a brief
summary about Matrix Multiplication and MapReduce. Section
3 reviews work related to using the MapReduce in solving the
matrix multiplication problem and compares between the
related works. Section 4 summarizes and concludes the paper.
II. BIG DATA ANALYSIS AND RESEARCH TRENDS
Big data is a hot research topic which has many applications
where complex and huge data should be analyzed. Number of
published articles in this topic is shown in Table I and illustrated
in Fig. 1. The research in this topic is increasing as it is used
almost anywhere these days in news articles, professional
magazines, and social networks like tweets, YouTube videos,
and blog discussions. Google scholar is used to extract number
of articles published for each year using the query string "Big
Data" as exact search term. As shown from the figure, number
of published articles is significantly increasing from 2010 to
2015 and an insignificant decrease is recognized in 2016.
TABLE I.

BIG DATA PUBLISHED ARTICLES

Year

No. of Articles

2010

2,520

2011

4,000

2012

11,200

2013

27,900

2014

47,500

2015

67,300

2016

56,800
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figure, number of published articles is increasing from 2010 to
2016.
TABLE II.

MATRIX MULTIPLICATION PUBLISHED ARTICLES
Year

No. of Articles

2010

7,340

2011

7,720

2012

9,250

2013

9,460

2014

9,670

2015

9,850

2016

10,600

Fig. 1. Big data published articles.

One of the most important factors discussed in big data is
the speed in which it is analyzed which is used for measuring
the efficiency of the algorithms used, especially when big data
are stored in cloud platforms. One of the big challenges facing
big data analysis is multiplying matrices which is implemented
using many approaches and frameworks like MapReduce. The
following sub sections discuss Matrix Multiplication and
MapReduce.
A. Matrix Multiplication in Big Data
Many problems are solved using matrix multiplication as it
is an essential operation in linear algebra. Thus, the efficiency of
the matrix multiplication algorithms can be enhanced by
investigating these problems. Fig. 2 shows how matrices are
multiplied to form the resulting matrix. In matrix multiplication,
number of columns of the first matrix is the same as number of
rows of the second matrix, where the sizes of the first matrix and
the second matrix are n × m and m × q, respectively.

Fig. 3. Matrix multiplication published articles.

B. Role of MapReduce in Big Data
Parallel computation has been largely used for matrix
multiplication which is replaced recently with MapReduce [14].
MapReduce is a framework for big data in parallel distributed
environments. It consists of two sequential tasks; Map and
Reduce:
x Map: takes a set of data and change it to another set of
data so that each processor work on different set of data
which is formed using a key-value pairs.

Fig. 2. Matrix multiplication operations.

The time complexity of the algorithm is O(n3), which
requires to locate every element of the arrays that are multiplied.
Better approaches have been proposed over the years with less
time complexity than the brute-force algorithm; such as,
MapReduce [9].
The research in this topic is also increasing as shown in Table
II and illustrated in Fig. 3. Google scholar is used to extract
number of articles published for each year using the query string
"Matrix Multiplication" as exact search term. As shown from the

x Reduce: combine identical key-value pairs to form the
intended output. This should always start after the map
task.
The advantage of the map and reduce tasks that a program
can execute on multiple processors in parallel [15]. Hadoop is
an implementation of MapReduce and is an open source javabased platform developed by Google [16], but includes an
additional task called "shuffle" which sorts the data so that data
with identical key is located to the same processor. Hadoop
architecture is illustrated in Fig. 4.
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III. MATRIX MULTIPLICATION USING MAPREDUCE
There are a lot of applications that use matrix multiplication
in which the matrices are considered big. Thus, finding efficient
matrix multiplication algorithm is a popular research topic. Time
and cost are the main challenges facing this problem in which
several algorithms were proposed in the literature in order to
solve this problem [2, 17].

Fig. 4. Hadoop architecture.

Hadoop distributes the input datasets to the available
processors which are called mappers. Each mapper implements
the map task and sends its output to be shuffled and then sent to
the reducer which combines all the mappers' output to form the
final output.
TABLE III.

MAPREDUCE PUBLISHED ARTICLES

Year

No. of Articles

2010

3380

2011

4990

2012

8040

2013

10700

2014

13300

2015

15300

2016

15100

Using the sequential algorithm as shown previously in Fig.
2 takes too much space and time. That is why parallel algorithms
were introduced for this type of problems. Ballard [18] proposed
a new parallel algorithm that is based on Strassen's fast matrix
multiplication and minimizes communication. Choi [19]
presented Parallel Universal Matrix Multiplication Algorithm
on distributed memory concurrent computers. Agarwal [20]
proposed a scheme for matrix-matrix multiplication on a
distributed-memory parallel computer.
Recently MapReduce has been used instead of traditional
parallel-based algorithms, where the number of research articles
combining the matrix multiplication with the MapReduce is only
4 articles that we will discuss and compare through this paper.
MapReduce is a parallel framework for big data, which
contains two jobs when is applied on matrix multiplication:
x First job: the reduce task is inactive, while the map task
is simply used to read the input file and create a pair of
elements for multiplication.
x Second job: the map task implements the multiplication
independently for each pair of elements, while reduce job
combines the results for each output element.
Operations in each job of MapReduce are presented in Table
IV, the first job responsible for reading the input elements from
the input file and the other job does the multiplication and
combination. This schema is called element-to-element
technique since each mapper implements element by element
multiplication, this technique is shown in Fig. 6.
TABLE IV.

ELEMENT BY ELEMENT OPERATION

Job 1: Map
Input
Output

‹

Files
‹

,

Job2: Map

›

‹key,

,

Job 2: Reduce
< key, [ *
]…
*
]>
[

›
*

›

< key,

*
*

+… +
>

n: number of rows for the first matrix, m: number of columns for the first matrix or number of rows for
the second matrix, q: number of columns for the second matrix

Fig. 5. MapReduce published articles.

The research in this topic is also increasing as shown in Table
III and illustrated in Fig. 5. Google scholar is used to extract
number of articles published for each year using the query string
"MapReduce" as exact search term. As shown from the figure,
number of published articles is increasing from 2010 to
2016. Qaddoura

Fig. 6. Element by element schema matrix multiplication.

In order to reduce the overall computational and overcome
the disadvantage of the element-by-element technique, a
blocking technique has been used. Sun and Rishe [21] proposed
blocking technique which is MapReduce matrix factorization
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TABLE VII.

technique, in order to enhance the efficiency of matrix
multiplication.
In this technique, also two jobs were used to complete the
multiplication process. This technique decomposes first matrix
into row vectors while it composes the second matrix into
column vectors, as shown in Fig. 7. Using this technique, the
communication overhead and memory utilization is decreased,
and the computation process for each map is increased.
Operations in each job of MapReduce are presented in Table V.
TABLE V.

Job2: Map

Job 2: Reduce

Files

‹a_ij…a_im, b_(jk
)…b_(mk )›

‹key, [a_ij*b_(jk
)]… [a_im*b_(mk
)] ›

‹

,
›

…
…

Output

‹key,
[ *
]……… [
]›

‹key, [
⋯+ [

*
∗

]+
]›

∗

n: number of rows for the first matrix, m: number of columns for the first matrix or number of rows for
the second matrix, q: number of columns for the second matrix

Fig. 7. Row by column schema matrix multiplication.

Zheng et al. [22] presented new two techniques for matrix
multiplication which are element-by-row, and column-by-row,
this is done by decomposing the first matrix into element or
columns instead of rows and the second matrix also into rows
instead of columns, as shown in Figs. 8 and 9. Tables VI and VII
show the map and reduce processes for these two techniques.
TABLE VI.

ELEMENT BY ROW OPERATION

Job 1: Map

Job2: Map

Files

‹

,

…

Job 2: Reduce
›
[

Input
‹
Output

,

…
›

Job2: Map
‹

Input
‹
Output

…
…

,
›

[

*

…
…
‹key,
]… [
]›

Job 2: Reduce

,
›

[

∗

*

‹key,
]… [
]›

‹key, [
⋯+ [

*
∗

∗
]+
]›

n: number of rows for the first matrix, m: number of columns for the first matrix or number of rows for
the second matrix, q: number of columns for the second matrix

ROW BY COLUMN OPERATION

Job 1: Map
Input

COLUMN BY ROW OPERATION

Job 1:
Map
Files

[

*

‹key,
]… [
]›

∗

*

‹key,
]… [
]›

‹key,
⋯+

*
∗

∗

Fig. 9. Column by row schema matrix multiplication.

Deng and We [23] compared between the element-to-row
and row-to-column matrix multiplication which are considered
as block-based technique. The experiments performed show that
the element-to-row technique runs faster than row-to-column
technique, and these techniques are faster than element-toelement technique. Deng and Wu [23] modified the reading
process in Hadoop by reading the input file in preprocessing
rather than reading it in map, this will lead to minimizing the
number of MapReduce jobs to one, it also reduces the overall
computation and reduce the memory consumption. This
preprocessing stage has been implemented in the HAMA project
[24] for the same purpose.
In order to enhance the efficiency of matrix multiplication in
MapReduce, Kadhum et al. [25] proposed new technique that
balances between the processing overhead and the I/O overhead
by using a balanced number of mappers so that they are not too
many which reduce the I/O overhead, and not too few which
reduce the processing overhead. Their technique implements
matrix multiplication as element-to-block technique, as shown
in Figs. 10 and 11. In the element-by-row-block scheme, the
second matrix is divided into row-based blocks. In the row-block
by column-block scheme the first matrix is divided into rowbased blocks and the second matrix is divided into column-based
blocks.

+
›

n: number of rows for the first matrix, m: number of columns for the first matrix or number of rows for
the second matrix, q: number of columns for the second matrix

Fig. 10. Element by row-block schema matrix multiplication.

Fig. 8. Element by row schema matrix multiplication.

IT-DREPS Conference, Amman, Jordan Dec 6-8, 2017

Fig. 11. Row-block by column-block schema matrix multiplication.

We compare all the pervious augments strategies for matrix
multiplication in terms of time complexity and number of
mappers, as listed in Table VIII. We assume that the matrices
are square (i.e., n × n matrices), and L block size for block
partition.
TABLE VIII.

COMPARISON BETWEEN STRATEGIES OF MATRIX
MULTIPLICATION

Matrix Multiplication
Strategies

Time Complexity

Number of
Mappers

Element-by-Element

O(logn)

n3

Column-by-Row

2

O(n )

n

Element-by-Row

O(n)

n2

Row-by-Column

O(n)

n2

Element-by-Column-Block

O(n/L)

n2×L

Column-Block-by-Row-Block

O(n/L)

n2×L

For example, in element-by-element matrix multiplication,
mappers collaborate in computing each element of output
matrix. Thus,
mappers are needed, as shown in Table VIII.
Regarding time complexity, Fig. 12 shows task-interaction
graph for element-by-element matrix multiplication for matrices
of size 4×4. Number of mappers for each level of the graph
equals the number of mappers in the previous level divided by
2. Thus, the time complexity for element-by-element matrix
multiplication is O(log n), which is the lower bound for parallel
matrix multiplication; this means that this technique is consider
as the most efficient technique in terms of time complexity, as
shown in Table VIII.

It is also observed from Table VIII that the time complexity
of column-by-row technique is O(n2); that is n columns
multiplied by n rows which makes it the least feasible one in
terms of time complexity, but not in terms of the number of
mappers, where each mapper holds one column of elements for
the first matrix and one row of elements for the second matrix.
Thus, n mappers would be needed.
The element-by-column-block and column-block-by-rowblock strategies compromise between the time complexity of the
algorithm, which is O(n/L), and the number of mappers, which
is n2×L, which might be the most feasible technique for some
applications.
IV. CONCLUSION
In this paper, we provide statistics of the number of articles
published between the year 2010 and 2016 for Big Data, Matrix
Multiplication, and MapReduce using the google scholar search
engine. We observed that articles are increasingly published for
these three areas of research, while combining them together as
one research area is still a recent research area, where only four
papers are presented; which have been discussed through this
paper.
We reviewed all the techniques used by MapReduce to solve
the problem of multiplying huge matrices and we compared
between the presented techniques in terms of time complexity
and number of needed mappers. We concluded that column-byrow technique having a time complexity of O(n) and n number
of mappers is probably the best technique, while element-bycolumn-block and column-block-by-row-block are moderately
acceptable ones, which compromises between the time
complexity of the algorithm and the number of mappers. The
element-by-element technique is the worst one in terms of
number of mappers.
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