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Abstract

With the development of modern manufacture, manufacturing resource becomes more and
more complex, and the manufacturing resource provided by supply user may not fully meet
the needs of demand user directly. Then the negotiation of manufacturing resource is needed
to be performed between demand user and supply user. With the refinement of the
manufacturing resource, its attributes are increasing, thus the solution spaces of negotiation
become larger, and calculation of it is more complex. To solve this problem, we design a
negotiation model of manufacturing resource, and propose a method based on MapReduce
to calculate the offer in certain round of the negotiate which is the core of negotiation. And
this method is implemented on Hadoop cluster. Experiments show that the method is stable
and scalable and it can meet the needs of the manufacturing resource negotiation.
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1. Introduction

With the rapid development of information
technology in the manufacture, the manufacturing
is becoming more and more global. Some advanced
production models have been proposed, such as
agile manufacturing, lean production, mass
customization and cloud manufacturing [1].

Among these models, the cloud manufacturing [2]
has the most obvious advantages in solving the
resource needs of enterprise. In the cloud
manufacturing, the manufacturing resource of
enterprise  has the characters of diversity,
distribution and dynamic, so the accessing and
management of manufacturing resource is more
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complex.

In the modern manufacture, due to the
continuous  refinement and complex of
manufacturing resource, it is possible that the
manufacturing resource provided in cloud
manufacturing cannot fully meet the needs of the
demand user, so it is necessary to negotiate
between the demand side and the potential provide
side (manufacturing resource is partly qualified). In
order to achieve efficient processing for massive
manufacturing resource, a novel manufacturing
resource negotiation method based on MapReduce
is proposed in this paper.

2. Model of Manufacturing Resource
Negotiation

At present, some models of negotiation has
been proposed [3, 4], but these negotiation models
are not designed for manufacturing resource. We
design the negotiation model of manufacturing
resource, which focus on the characteristics of
manufacturing resource.

In the cloud manufacturing, manufacturing
resource represents the software and hardware
elements of production activities throughout the
product life cycle, including all elements of the
design, manufacture, maintenance and other
related activities involved in the process.

In the negotiation model of manufacturing
resource, user try to find a mutually acceptable
solution with the highest total utility on the
negotiation attributes of manufacturing resource in
one or several rounds. The relevant definitions in
the negotiation model of manufacturing resource
are described as follows.

User Set: refers to the set of users in the
manufacturing resource negotiation, it is denoted

U (offer,)

fitness(offer,) = a x TP(t) x
U (offer, )

Where the parameter ¢ €[0 1] is the trade-
off factor to control the relative importance of
optimizing one’s own payoff or reaching a deal, the

term TP(t) is the time factor, dist(offer,,offer, ) js the
offer vectors distance between the user Xand the
usery.

Based on the fitness function, a variety of
genetic algorithms(GA) [4, 5] have been proposed
to solve the problem of negotiation. The
manufacturing resource is becoming more and
more complex, and more and more attributes of
manufacturing resource need to be negotiated, then
solution spaces of GA in negotiation become larger.
In order to get the global solution, more individuals
in GAare required. So there are a lot of calculations
in the manufacturing resource negotiation, and it is

asU =SuD where S=1{55,,""",S.}denotes the set

of supply users and D={d,,d;,-.d;}denotes the
set of demand users.

Attribute Set: refers to the set of
manufacturing resource’s attributes in negotiation,

is denoted as A=<a.a,-,8 > where n denotes
the size of attributes of the manufacturing resource

in the negotiation, and & € AV* €, where v*
denotes certain user’s value of attribute & and €«

denotes the value range of the attribute .
Utility Function: used to evaluate the
effectiveness of each user. The utility function of

n
U, (A) = YW x
k=1

user u is defined by and

v —vy .
v v . The term V™ (V™) denotes  the
maximal (minimal) value of user u on the attribute

min

& _
O =

a,. Weight factor W. denotes the particular

preference of user u on the attribute & .

The goal of the negotiation among the users is to
obtain the maximal social utility which is the total
payoff of negotiation parties according to their
utility function. If negotiation fails, utility of all
parties is zero then the total utility is minimum, so
the worst result of negotiation is negotiation failed.
The negotiation can obtain maximize social utility
only when negotiation is successes, meanwhile its
result must be Pareto efficient solution.

In order to solve the negotiation, we construct a
fitness function which estimates the utility of
opponent by means of calculating the offer’s
distance between certain user and its opponent. The
fitness function is defined as follows.

dist(offer, , offer,

+(L-axTP(t))x (L~ pponem))

dist(offer,,
suit to

ax ! Oﬁ:ermin ) (1)

be solved by MapReduce.

3. Framework of MapReduce

Map-Reduce model [6, 7, 8] is a parallel
programming framework proposed by Google, it
provides a distributed file system for user, which
allows users to handle large-scale data easily. And
all the procedures for computing are abstracted into
two basic operations of Map and Reduce, data will
be decomposed into smaller split in Map stage and
executed on different nodes of the cluster, and the
results are integrated summary in the Reduce
phase. Map-Reduce model is a simple but very
effective parallel programming model.

MapReduce of Apache Hadoop [9] is an
open-source MapReduce style distributed data
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processing framework, which is an implementation
similar to the Google Map-Reduce. Apache
Hadoop MapReduce wuses the HDFS [10]
distributed parallel file system for data storage,
which stores the data across the local disks of the
computing nodes while presenting a single file
system view through the HDFS API. When the
Map and Reduce function is executed, Hadoop can
optimizes data communication by scheduling
computations near the data by using the data
locality information provided by the HDFS file
system. Figure 1 shows the overall flow of the
MapReduce operation in Hadoop's
implementation.

Figure 1. The overall flow of the MapReduce in
Hadoop.

4. Method of Negotiation Based on
MapReduce

Manufacturing resource negotiation is
processed between the users (supply and demand),
and after some rounds of negotiation, when the
supply user's offer is meeting to the demand user's
expectation, then the demand user accept the offer
proposed by the supply user and the negotiation is
success. If the supply user's offer can't meet the
demand user's expectation, the demand user
proposes its offer, and the negotiation goes into
next round. The negotiation fails when time of
negotiation is over.

Due to a lot of individuals need to be
generated in the negotiation based on GA, and
those individuals need to be crossed and mutated,
so there are a large amount of calculate on the
manufacturing resource negotiation. MapReduce
can decompose the large scale data into a number
of splits and process those splits concurrently, and
then the calculation efficiency of the negotiation
can be increased greatly, so we can process the
manufacturing resource negotiation based on

MapReduce.

It can find out that the core of negotiation
is how to calculate the user's offer. There are some
approaches [11, 12] try to solve it, but those
approaches are not flexible and efficient. We
propose a novel MapReduce method to calculate
the offer. In this method, the calculation of the
fitness function for each individual is performed in
the Map phase (function), and the operation of
crossover and mutation are processed in the
Reduce phase (function). After multiple iterations,
the final results of offer in negotiation can be
calculated. Its overall flow is shown in figure 2.

Converg-
ence?

Figure 2. The overall flow of the offer calculate based
on MapReduce

In this method, we process the iteration in
offer’s calculation of negotiation as a separate
MapReduce job. The MapReduce job contains
those phases.

Input phase: input the user's offer of
current round in negotiation and the others
parameters of fitness function.

Init phase: present the data in offer and
initialize the population of GA.

Data present: data calculated in GA is
numeric, so the non-numeric data of manufacturing
resource’s attributes need to be converted into the
numeric data firstly, such as if the data of the
attribute "class" is one of the set (excellent, good,
fair, poor), then it can be mapped to (1,2,3,4), so
the attribute "class" can be calculated by GA. After
be calculated, the numeric data need to be
converted into the non-numeric data by the data
distance (Euclidean distance). For example, if the
calculate result of attribute "class" is 2.9 and the
data distance between 2.9 and 3 is the smallest, so
the calculate result of attribute “class™ in the offer
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is "fair".

Population initialize: the manufacturing
resource’s attributes in the negotiation are denoted
as A={a,a,,~-,a,}, then the individual is

presented by the binary string and the substring of
the binary string can be mapped to an attribute of
A. Those individuals (binary strings) are generated
randomly and stored on HDFS of Hadoop as lines
in HDFS file.

Map phase: evaluate the fitness of the
individuals and store the individual which has the
greatest fitness in current round. The function Map
is shown as follows.

Algorithm 1: function Map

Map (key, value) {

fitness=caculateFitness(value);
indiVector=new
IndividualVector(value, fitness);
/Istore the current best individual and its fitness
value in HDFS file result
if (fitness>currentMaxFit){
currentMaxFit=fitness;
currentBestIndi=value; }

result=HDFS.store(value,currentMaxfit);

key=CreateKey(indiVector,random);
value=indiVector; }

In the function Map, we create the vector
IndividualVector to contain individual's value
(binary string) and its fitness. The Cereatekey()
creates the key of the individual, the Key impact
the process of function Reduce, current generate
method of key is random, and the other methods
can be adopted according to the user's need.

Partition phase: determine how to
distribute the <key, value> generated by Map to the
Reduce nodes. Because we have assigned a random
key by random function for each individual in Map
phase, thus the key of the individual is uniform
distribution, and the default partition method
Hash() is able to balance the Reduce. So we employ
the default partition method, and user can override
it.

Reduce phase: generate new individuals
and store those individuals in HDFS file. The
function Reduce is shown as follows.

Algorithm 2: function Reduce

Reduce(key, values) {

/lget all the individuals on the
Reduce node
if values.hasNext() {
individuals.add(value.getValue());
fitness.add(value.getFitnessl()); }
else (
newindiividuals=SelectionAndCrossover(i

ndividuals,);
newindiividuals
=Mutation(newindividuals,finess); 1}
HDFS.strore(newindividuals); }

In Reduce function, each Reduce node
generates the new individuals through the
operation of selection, crossover and mutation and
stores the new individuals (binary strings) in HDFS
file separately.

Merge phase: merge the segregative
HDFS files generated by Reduce nodes to a single
HDFS file and this single HDFS file is the input of
Map phase in the next iteration.

During the iterations, the deviation
between the best individuals generated in each
iteration is smaller and smaller. When it is less than
the constraint, GA algorithm is convergent, and
then the iteration of GA is stopped. The offer of
current round in negotiation is generated.

The core problem of negotiation is the
calculation of the offer, so we solve it by using the
above method base on MapReduce. On this basis,
the manufacturing resource negotiation can be
solved easily.

5. Experiments and Results

The experiments were performed in a
Hadoop cluster. This cluster contains 1 master node
(intel i5 CPU, 8G RAM and 2T disk) and 10 slaver
node (Intel i3 CPU, 4G RAM and 2T disk). This
cluster runs on Centos 6.4 and Hadoop 1.0.4.

The negotiation is processed between the
demand user and the supply user and the
manufacturing resource has some attributes

a,,v¥ €[1,5]. The main parameters used in GA are

similar to the setting in [5]. We implement the
method described in figure 2 by Java.

The experiment is preformed to evaluate
the method's stability with increasing the problem
size. The number of the nodes in the Cluster is 10,
the number of attribute is increasing, and that is 50,
100, 150, 200, 250 and 300 respectively. The
experiment results are shown in figure 3.
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Figure 3. Stability with increasing the number of
attribute
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Figure 4. Scalability with increasing the node

Figure 3 shows that although the time per
iteration is increasing with the increasing of the
attribute's number, but the time per iteration is not
linear increase with the number of the attributes. It
shows that the method is stable with increasing the
problem size, and means that the method has a
relatively good performance in processing the
manufacturing resource with a lot of attributes.

Scalability with increasing the cluster node
of MapReduce is the main indicator of a method in
terms of expansion. We evaluate the processing
capabilities of this method with the same problem
size (50 attributes) and the resource (the node in the
cluster) is increasing by virtualization, the numbers
of node are 5, 10, 15, 20, 25 and 30. The experiment
results as shown in figure 4.

It figure 4, the time per iteration is
decreasing with the increasing of the MapReduce
node in the cluster, it means that the processing
efficiency of this method can be significantly
improved with the increasing the MapReduce
node. So the method is scalable with increasing the
cluster node.

From the experiments above, it can be seen
that the manufacturing resource negotiation
method based on MapReduce we proposed not
only maintains stable performance when the
problem space (number of attributes in
manufacturing resource negotiation) is increasing,
but also can improve the processing efficiency of
the negotiation by increasing the MapReduce node
in the cluster, So it is suit to process the negotiation
of manufacturing resource.

6. Conclusions

In this paper, we describe a model of
manufacturing resource negotiation, and propose a
method based on MapReduce to calculate the offer
of the negotiation. The method is flexible and
efficient for processing the manufacturing resource
negotiation.

How to improve the performance of this
method, and achieve multiple user negotiation by
MapReduce is need to be researched in the further
work.
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