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Abstract. Background: Cloud computing, as a technology developed under the rapid
development of modern network, is mainly used for processing large-scale data. The
traditional data mining algorithms such as neural network algorithm are usually used for
processing small-scale data. Therefore, the calculation of large-scale data using neural
network algorithm must be based on cloud computing. Materials and Methods: Firstly
a Hadoop system was established taking MapReduce as the programming framework.
Then the parallelized traditional data mining algorihtm was investigated based on cloud
computing cluster to verify its feasibility in processing large-scale data. Finally, the
speed and training precision of the algorithm were tested. Results: It was feasible to
process large-scale data with cloud computing based parallelizing multi-layer neural
network algorithm. The speed of parrallel processing was faster if data size was larger,
especially if the sample was in a size of more than 1 million. It was more superior to
the serial back propagation network in training preciseness. Conclusion: Parallelizing
multi-layer neural network based on cloud computing platform can process large-scale
data effectively in the perspectives of time and quality.

Keywords: Cloud computing, neural networks, layered representation, paralleliza-
tion, speed, training preciseness, data, feasibility.

Significance statement

This study realized multi-layer neural network parallelization based on cloud
computing and applied it for processing large-scale data. Compared to the
serial back propagation algorithm, the algorithm showed high operation speed
and training precision in processing the sample in a size of more than 0.6 million.

1. Introduction

Since cloud computing technology first came into being in 2007, it has been
developed greatly [1]. With the further development of the information society,
data explosion has stepped into our life. As the conventional data mining algo-
rithms cannot process such large-scale and complex data [2-3], large-scale data
need to be processed with the help of distributed parallel computing technology.
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Cloud computing is capable of processing the massive data, therefore, combin-
ing cloud computing with the conventional data mining algorithm is a preferable
solution to the problem of data processing. So far, quite a few scholars have
carried out relevant researches.

For instance, in 2012, Aizenberg et al. [4] performed a thorough research
on low density parity check (LDPC), multinuclear parallel idea and artificial
neural network; by combining parallel idea and neural network technology with
LDPC decoding effectively, they designed and implemented LDPC parallel de-
coding algorithm, LDPC decoding algorithm based on general neural network
and LDPC decoding algorithm based on multilayer perceptron. In 2014, Nunez
et al. [5] applied the modified artificial neural network back propagation al-
gorithm to the identification of physical parameters of multi-layer soil mass in
deep foundation pit excavation engineering. Compared with the conventional
back analysis method, this algorithm was easy to master and implement. In
2012, Krawczak et al. [6] put forward a new algorithm that integrated genetic
algorithm with adaptive deformation gradient learning algorithm and could be
applied in multilayer feedforward neural network training. Based on the exper-
iment on Hadoop cloud computing platform, this paper presents a study on the
parallelization of multi-layer neural network, suggesting that the parallelized
network is advantageous in dealing with large-scale data for its high speed and
high quality. Therefore, this study contributes to the development of this field
to some extent.

2. Methodology

2.1 Parallelization of neural networks

For the parallelization of neural networks, there were two approaches. The first
one was node parallelization, i.e., network nodes were distributed on different
machine nodes so as to achieve parallelization. However, with this approach, the
integrity of similar networks would be destroyed after node distribution [7, 8].
In cloud computing, programmers could not directly control the specific nodes;
therefore, parallelization of this kind of nodes could not be achieved in cloud
computing. The second one was data parallelization. With this approach, each
compute node had a complete network at the same initial state.

2.2 Implementation of MapReduce

As an open-source distributed cloud computing system, Hadoop is established
based on MapReduce programming framework and Google file system (GFS).
Operating on Hadoop, users can avoid lowlevel details of parallel programming,
such as automatic parallelization, load balancing and disaster management; in
addition, users can process large-scale data using simple parallel programming
framework. So far, Hadoop has become the most representative mainstream
platform for distributed computing [9-11].
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Hadoop distributed file system (HDFS), MapReduce and Common compose
the Hadoop system. With clear structure, this kind of parallel programming
framework is easy to use. On the large-scale cluster composed of thousands of
nodes, as for the writing of application programs on the basis of this framework,
parallel processing of data set can be implemented securely and reliably, and
the fault tolerance is high [12-15].

As a functional calculation programming framework, MapReduce imitates
the Map and Reduce functions of LIST Processing. It simplifies the parallel
computing, and finally, the process is divided into mapping stage and reduction
stage. Map refers to mapping stage: a group of input data is replaced with
key value pairs [16]; according to the set rules, a list of new key value pairs are
mapped and used as the input data of Reduce. Reduce refers to the reduction
stage; according to the shared key groups, all the mapping is sorted, reduced
and simplified; the final results are saved in Hadoop file system.

Cluster configuration of MapReduce The command ”sudo vi/etc/profile”
was executed, and the following information was added to the end:

export JAVA_HOME=/usr/hadoop/jdk1.7.0_25

export JRE_HOME=$JAVA_HOME/jre

export PATH=$JAVA_HOME/bin:$PATH

By executing java-version, it could be observed whether the configuration
was successful.

Network configuration

In the network configuration files, static Internet protocol (IP), gateway and
domain name server (DNS) were set.

The command ”sudo vi /etc/network/interfaces” was implemented and the
following content was added:

auto eth1

iface eth1 inet static

address 192.168.1.24

gateway 192.168.1.1

netmask 255.255.255.0

dns-nameservers 210.47.208.8

The command ”sudo ifup eth1” was implemented; after restarting the net-
work, the command ”ifconfig” was implemented to check if the network con-
figuration was correct. The command ”sudo vi /etc/hostname” was imple-
mented, so that the hostname was changed; for example, it could be renamed as
”hadoop01”. However, ubuntu of the original name had to be deleted; instead,
only the set name remained.

Installation and configuration of Hadoop
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Hadoop-1.1.2 was installed; Hadoop environment variables were added; “sudo
vi /etc/profile” was implemented; the following content was added:

export HADOOP_HOME=/usr/hadoop/hadoop-1.1.2

export PATH=$PATH:$HADOOP_HOME

export PATH=$PATH:$HADOOP_HOME/bin

The file “hadoop-env.sh” was modified; the command “sudo vi /usr/hadoop/hadoop-
1.1.2/conf / hadoop-env.sh” was implemented; the installation path of jdk was
altered- export

JAVA\_HOME=

/usr/hadoop/j jdk1.7.0\_25; HADOOP_HOME

was added:

export

HADOOP_HOME=/usr/hadoop/hadoop-1.1.2/ export PATH=$PATH:$HADOOP_HOME/bin.

The configuration file “core-site.xml” was modified. The following command
was implemented:

sudo vi /usr/hadoop/hadoop-1.1.2/conf / core-site.xml.

<configuration>

<property>

<name>hadoop.tmp.dir</name>

<value>/tmp/fs</value> /* the folder of hadoop file system was set */

</property>

<property>

<name>fs.default.name</name>

<value>hdfs://localhost:9000</value>

/* applied port number clamp of Namenode in HDFS*/

</property>

</configuration>

The file “hdfs-site.xml” was modified.
The following command was implemented:

sudo vi /usr/hadoop/hadoop-1.1.2/conf / hdfs-site.xml.

<configuration>

<property>

<name>dfs.replication</name>

<value>4</value> /* duplicate count of data block saved in HDFS */

</property>

</configuration>

The file “hdfs-site.xml” was modified.
The following command was implemented:
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sudo vi /usr/hadoop/hadoop-1.1.2/conf / hdfs-site.xml.

<configuration>

<property>

<name>dfs.replication</name>

<value>4</value>

/* duplicate count of data block saved in HDFS */

</property>

</configuration>

The configuration file was modified: mapred-site.xml.

<configuration>

<property>

<name>mapred.job.tracker</name>

<value>localhost:9001</value> /* port number of JobTracker was set*/

</property>

</configuration>

The configuration file “masters” was modified; the name of the main node
was set as “hadoop01”.

The configuration file “slaves” was modified; list of the node names was set:
hadoop01, hadoop02 ...

Test of Hadoop cluster

First, HDFS was formatted on Namenode; “hadoop Namenode format” was
implemented; then, all the daemons were started, and “start - all.sh” was imple-
mented. The starting status of the process was checked; “jsp” was implemented.

3. Experiment on Hadoop cloud computing platform

3.1 Experiment environment

The experiment was performed with Hadoop as the cloud computing platform.
The machine cluster on the platform consisted of seven machines, one of which
was the node and the others were data node machines. Within the Hadoop
cluster, machine hardware configuration was: Intel (R) Core (TM) i3- 3240
CPU 3.40 GHz, 8.00 GB of internal memory, 512 GB of hard drive; software
environment was Linux operating system, JDK 1.6, Hadoop 0.20.1.

3.2 Experiment results and analysis

The purposes of the experiment included: validation of the feasibility of neural
network algorithm based on cloud platform, test of the speed of the algorithm
and test of training precision of the algorithm. The experiment involved two
data sets Breast Cancer Wisconsin Data Set and KDD Cup 1999 data set. The
former was used to test the classification effect. In the data set, there were 699
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sample data. Removing the 16 data whose record was missing, the first 450 data
were used as the data of training samples, while the other 233 data were used as
test data. There were 11 fields in each record. Data field 1 was used to record id;
data fields 2 D were data input mode; data field 11 was used for classification
of the records. Each record included two types: negative and positive. KDD
Cup 1999 data set was used to detect abnormal network intrusion; each sample
of the file contained 42 attribute values.

In the study, the training samples were arranged to multiple Mappers for
training. In the experimental driving function, accuracy test on network clas-
sification was performed. Each experiment item was operated for eight times,
and their average values were obtained. The results can be seen in Table 1 and
Fig. 1.

Figure 1: Experimental results of multi-os remote booting protocol (MRBP)

Table 1 Experimental results of multi-os remote booting protocol (MRBP)

Figure 2: Comparison of errors of serial BP and MRBP

As shown in Table 1 and Figure 1, after two rounds of training on the
training samples with MRBP, the effect was satisfactory and better than that
of serial BP. The reason why MRBP was more effective was that the training
samples were segmented properly and assigned to each Mapper; a reduction
in sample size could accelerate the convergence rate on each Mapper, then the
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entire training process was accelerated. However, as the segmented samples
failed to cover the total samples effectively, multiple training was required.

Table 2 shows the running time of serial BP and MRBP in training samples
when the amounts of samples were respectively: 240, 000; 600, 000; 1, 000, 000.

Figure 3: Running time of serial BP and MRBP

As shown in Table 2, when sample amount was 240,000, the parallel pro-
cessing speed of serial BP was faster than that of data-parallel MRBP pattern
classification algorithm, which was due to the influence of factors such as system
overhead of Hadoop [17,18]. However, as sample amount increased to more than
600,000, there was parallel efficiency; and as the data size continued to increase,
the parallel processing speed became faster and faster, and the speed-up ratio
started to increase gradually, which was because parallelization and Hadoop
distributed file storage could reduce data network transmission overhead and
memory overhead. As the samples amounted to one million, the growth trend
of speed-up ratio was more obvious, proving that on Hadoop platform, parallel
MRBP combination classification algorithm was effective, feasible and superior
in processing large-scale data.

Suppose Ta as the running time of Hadoop cluster and Tb as the running
time of uniprocessor, then Tb/Ta could be defined as the speed-up ratio which
was an important measuring standard of the experiment. Separately, with two
kinds of data sets, six experiments were performed, and the results can be seen
in Table 3.

Figure 4: Performance contrast of uniprocessor and Hadoop cluster

According to Table 3, with the use of these datasets, while the amount of
cluster machines increased, speed-up ratio increased correspondingly. When
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there were two machines in the cluster, the speed-up ratios were respectively up
to 1.85 and 1.94, which were close to parallel amount 2; when the amount of
cluster machines was 4, the speed-up ratios respectively raised to 3.91 and 3.32;
when the amount of cluster machines increased to 6, the increase in speed-up
ratios was not significant, indicating that a greater amount of machines did not
necessarily mean the speed-up ratio would be higher. The more the machines in
the cluster, the greater the overhead of communication between nodes [19]; if the
processing data size did not increase correspondingly, the loss would outweigh
the gain.

Therefore, it was suggested that a proper coherence point between machine
amount and the processing data size should be determined where the speed-up
ratio was the closest to the amount of cluster machines, so that cloud computing
platform could be used the most effectively, which could be achieved by setting
the parameters of MapReduce tasks and performing multiple experiments. In
the experiment, the optimal condition was that there were six machines in the
cluster when the running time of Hadoop cluster was respectively 4.46 and 3.64
times that of uniprocessor; still, there was a certain gap between the speed-up
ratios and the parallel amount, which indicated that the parallel process of the
algorithm stilled needed to be improved. To enhance the efficiency of parallel
computing system, the applications should be optimized and their concurrency
should be enhanced.

The number of cluster machines was increased to 8. Ta(s) of KDD Cup 1999
was 1608; Tb/Ta was 4.84. Ta(s) of Breast Cancer Wisconsin (Original) Data
Set was 2147; Tb/Ta was 3.39. Compared to the situation when there were 6
cluster machines, the speed increase of Ta(s) was not obvious, and the value of
Tb/Ta was significantly different with the parallel number. Therefore, it could
be concluded that, 6 cluster machines was the most suitable.

4. Discussion

BP neural network, a kind of multi-layer forward artificial neural network model
simulating the learning and memory processes of the brains of creatures, has
been extensively applied in many fields. With the increase of the accumulated
data in various fields, the problems faced by BP neural network in practical
application become more and more complicated. Ren C. et al. [20] predicted
the optimal wind speed based on the optimal parameter selection of the par-
ticle swarm optimized BP neural network in wind power generation. In the
medical field, Samanta S. et al. [21] distinguished normal retina from the retina
which was affected by glaucoma using Haralick function, processed the extracted
features with BP neural network, and successfully realized the classification of
eyes with glaucoma, with an accuracy of 90%. Based on the previous studies
on BP neural network, this study parallelized multi-layer neural network based
on cloud computing and compared it with the serial BP neural network in the
perspectives of the speed and preciseness in processing data set. The results
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demonstrated that, the preciseness of MRBP was superior to that of the serial
BP; the processing speed of the serial BP was larger than that of MRBP when
the size of data set was smaller than 0.25 million; but the processing speed of
MRBP was higher when the size of data set was larger than 0.6 million, and the
speed was higher if data size became larger. Thus the advantage of the cloud
computing based multi-layer neural network was that it could decompose the
large-scale input data and effectively shorten operation time on the premise of
ensuring the accuracy of the algorithm.

5. Conclusion

In this study, multi-layer neural network was parallelized based on cloud com-
puting platform, and it achieved favorable efffect in procesing large-scale data,
which performed well in time and quality. But due to the limited experimen-
tal conditions and resources, there were many defects in the experiments and
analysis, which remain to be corrected and perfected in the future studies.
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