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Abstract— The performance. Search efficiency and functionality, and scalability of the 

application is highly effected by the peer to peer topology. This paper is consisted of 

proposing a Differential Evolution (DE) approach that can be applied to Neighbor Selection 

(NS) in P2P Networks. Upper half of the peer-connection matrix is encoded by each 

candidate. It is done through the undirected graph to reduce the search space dimension. The 

result outcome is that for large scale problems, DE usually required shorter time to obtain 

better results than the Genetic Algorithm (GA). 
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I. INTRODUCTION 

In the current networking system peer-to-peer networking scheme is very popular among all 

the networking scheme and also popular betweens computer users in their network places. It 

is not only used for sharing music files and videos but a lot of P2P systems have been made 

for some new purpose and now being used. There are many number of P2P systems which 

are used in corporate networks for public prosperity. P2P is composed of peers and the 

connection between those peers. Those connection may have different weights and maybe 

directed or undirected. Many properties of peer-to-peer topology based architecture are 

affected by the connection of these nodes. This forces to change the performance, 

functionality, search efficiency and scalability of systems a mazor problem called by the 

dynamic participation at peer host lies in the current peer-to-peer systems. Dynamic 

membership of peer host causes difficulty in the P2P systems these days. This results in a 

constant reorganization of the topology [15]. 

          

 Kurmanowytsch et al. propose a new peer-to-peer system for  reducing the  information and  

content through the  observation of peer-to-peer  topology and  its  applications  these 

systems provide us a very good service such as direct communication between neighbour 

nodes and  distributed search . These systems are good for certain task like alter the files but 

it was predefined topology. Koulouries et al. after some time introduced a new topology for 

maintaining the peer-to-peer networks This topology provides for self organization and good 

control over dynamic computing, which is being necessary for services like routing, access, 

and topology forming and resource management. 

DE optimizes a problem by maintaining a population of individuals solutions called 

candidates and moving these candidates around in the search-space according to simple 

formulae. The movements of the candidates are guided by the best found positions in the 

search-space, which are continually updated as better positions are found by the candidates. 

DE optimizes a problem by maintaining a population of candidate solutions called candidates 

and moving these candidates around in the search-space according to simple formulae. The 
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movements of the candidates are guided by the best found positions in the search-space, 

which are continually updated as better positions are found by the candidates. 

 

In this paper, we explore the neighbor-selection problem based DE for P2P Networks. This 

paper is organized as follows. We formulate the problem in Section 2. The proposed 

approach based on differential evolution algorithm is presented in Section 3. 

II.  PROBLEM FORMULATION 

Kooa et al. presents a new topology for selecting a node and trying to find the connection 

between those nodes through used of undirected graph [6]. Given a fixed number of N peers, 

we use a graph G = (V;E) to denote an overlay network, where the set of vertices V = 

{v1,…………,vN} represents the N peers and the set of edges E ={eij є{0,1},i , j,=1,……, N} 

represents their connectivity : eij  = 1 if peers i and j are connected, and eij = 0 otherwise. For 

an undirected graph, it is required that eij = eij for all I ≠ j, and eij = 0 when i = j. Let C be the 

entire collection of content pieces, and we denote {ci ⊆   C, I=1,……, N} to be the collection 

of the content pieces each peer i has. And further assume that each peer i will be connected to 

a maximum of di neighbors, where di< N. The disjointness of contents from peer i to peer j is 

denoted by c i\  c j ,which can be calculated as: 

 

                 ci \ cj  = ci - ( ci ∩ cj )                         (1) 

 

Where\ denotes the intersection operation on sets. This disjointness can be interpreted as the 

collection of content pieces that peer i has but peer j does not. In other words, it denotes the 

pieces that peer i can upload to peer j. Moreover, the disjointness operation is not 

commutative, i.e., ci \ cj  ≠  cj   \ ci , we also denote  mod ci   \ cj   to be the cardinality of ci \ cj , 

which is the number of content pieces peer i can contribute to peer j. In order to maximize the 

disjointness of content, we want to maximize the number of content pieces each peer can 

contribute to its neighbors by determining the connections eij’s. Define eij’s to be sets such 

that eij = C if eij = 1, and eij =Ø (null set) otherwise. Therefore we have the following 

optimization problem: 

                            

                   

max
𝐸

   ( ci ∩  cj ) ∩ eij 

𝑚

𝑛=1

 

𝑁

𝑖=1

 

(2) 

Subject to 

 

 𝑒𝑖𝑗 ≤ 𝑑𝑖  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖

𝑁

𝑗=1

 

 

III. DIFFERENTIAL EVOLUTION IMPLEMENTATION  

 For applying Differential Evolution  algorithm one of the key issue is mapping of the 

problem solution into the candidate space , for doing these its need to state a problem 

S=(N,C,M,f) where the N is used for the total number of peers, and C shows the entire 

collection of contain piece, M is represented the maximum number of peers which each peer 

can contain steadily the session, f is to goal the number of swap pieces, i.e. to maximize 

Equation (2), which directly affects its feasibility and performance. Usually, the candidate’s 
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position is encoded to map each dimension to one directed connection between peers, i.e. the 

dimension is N * N. But the neighbor topology in P2P networks is an undirected graph, i.e. eij 

= eij  for all i ≠ j. We set up a search space of D dimension as N *(N −1) =2. Accordingly, 

each candidate’s position is represented as a binary bit string of length D. Each dimension of 

the candidate’s position maps one undirected connection. The domain for each dimension is 

limited to 0 or 1. 

 

The differential Evolution method is perhaps the fastest evolutionary computational 

procedure yielding most accurate solutions to continuous global optimization problems. It 

consists of three basic steps[17]:  

 Generation of (large enough) population with individuals in the m-dimensional space, 

randomly distributed over the entire domain of the function in question and evaluation 

of the individuals of the so generated population by finding f(x), where x is the decision 

variable. 

 Replacement of this current population by a better fit new population. 

 Repetition of this replacement until satisfactory results are obtained or the given criteria 

of termination are met. 

 

An optimization task consisting of D parameters can be represented by a D-dimensional 

vector. In Differential Evolution, a population of NP solution vectors is randomly created at 

the start. This population is successfully improved by applying mutation, crossover and 

selection operators. 

 

 The differential evolution consists of a population of candidate, which are initialized with a 

population of random candidate solutions. They move iteratively through the D-dimension 

problem space to search the new solutions, where the fitness f can be measured by calculating 

the number of condition attributes in the potential reduction solution. Each candidate has a 

position represented by a position vector ~pi (i is the index of the candidate), and a velocity 

represented by a velocity-vector ~vi. Each candidate remembers its own best position so far in 

a vector ~p# i , and its j-th dimensional value is p# ij . The best position-vector among the 

swarm so far is then stored in a vector ~p*, and its j-th dimensional value is p*j . When the 

candidate moves in a state space restricted to zero and one on each dimension, the change of 

probability with time steps is defined as follows: 

  P(𝑝𝑖𝑗 (t) = 1) = f(𝑝𝑖𝑗 (t-1);𝑣𝑖𝑗 (t-1);𝑝𝑖𝑗
# (t-1); 𝑝𝑗

∗ (t-1))           (3) 

 

where the probability function is 

                        

    𝑠𝑖𝑔  𝑣𝑖𝑗  𝑡  =
1

1+𝑒
𝑣𝑖𝑗 (𝑡)

                                   (4) 

At each time step, each candidate updates its velocity and moves to a new position according 

to Eqs.(5) and (6): 

 

𝑣𝑖𝑗  𝑡 = 𝑤𝑣𝑖𝑗  𝑡 − 1 + 𝑐1𝑟1  𝑝𝑖𝑗    
#   𝑡 − 1 − 𝑝𝑖𝑗   𝑡 − 1  

+ 𝑐2  𝑟2  𝑝𝑗
∗ 𝑡 − 1 − 𝑝𝑖𝑗  𝑡 − 1  … .. 

                                                                                              (5) 

 

𝑝𝑖𝑗  𝑡 =  
1, 𝑖𝑓 𝜌 < 𝑠𝑖𝑔(𝑣𝑖𝑗 (𝑡))

0, 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒
                      

                                                                                         (6)                                                                                        
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Where c1 is a positive constant, called as coefficient of the self-recognition component, c2 is 

a positive constant, called as coefficient of the social component. r1 and r2 are the random 

numbers in the interval [0,1]. The variable w is called as the inertia factor, which value is 

typically setup to vary linearly from 1 to near 0 during the iterated processing. ½ is random 

number in the closed interval [0, 1]. From Eq.(5), a candidate decides where to move next, 

considering its current state, its own experience, which is the memory of its best past 

position, and the experience of its most successful candidate in the population. The candidate 

has a priority levels according to the order of peers. The sequence of the peers will be not 

changed during the iteration. Each candidate’s position indicates the potential connection 

state.  

 

DE [2] is a population-based global optimization algorithm that uses a floating-point (real-

coded) representation. The i-th individual  of the population at generation (time) G is a D-

dimensional vector containing a set of D optimization parameters: 

 

Z i,G =[ Zi,1,G . Z i,2,G,......Z i,D,G] 

 

Now, in each generation, a donor  G Yi,j,  is created. The method of creating this donor vector 

demarcates between the various DE schemes. In one of the earliest variants of  DE, now 

called DE/rand/1 scheme, three other parameter  vectors (say the r1, r2, and r3-th vectors 

such that  r1, r2 r3  NP] and r1≠ r2≠ r3 are chosen at random from the current 

population. Next the difference of any two of the three vectors is multiplied by a scalar  

number F and the scaled difference is added to the third one, whence we obtain the donor 

vector  Yi,G. The process for  the j-th component of the i-th vector may be expressed as: 

 

Yi,j,G  = Zr1,j,G + F.( Zr2,j,G -  Z3,j,G) 

 

Next a crossover operation takes place to increase the potential diversity of the population. 

We use ‘binomial ’crossover in which case the number of parameters inherited from the 

mutant has a (nearly) binomial distribution. Thus for each target vector Zi,G  a trial vector  

Ri,G is created in the following fashion: 

 

R i,j,G  = Yi,j,G  , if( randi,j(0,1)≤ Cr or j=j rand) 

    Zi,j,G  ,otherwise 

 

for j = 1, 2, ….., D and rand j (0, 1) ∈ [0,1] is the j-th evaluation of a uniform random number 

generator j [1,2,...., D] rand Î is a randomly chosen index which ensures that R i (t) gets at 

least one component from Z i(t). 

 

Next step of the algorithm calls for selection in order to determine which one between the 

target vector and trial vector will survive in the next generation i.e. at time t = t+1. If the trial 

vector yields a better value of the fitness function, it replaces its target vector in the next 

generation; otherwise the parent is retained in the population: 

 

 
Zi(t+1) = Ri(t)  if f (Ri(t))≤ f(Zi(t)) 

 

          = Zi(t)) if f (Ri(t))≥f(Zi(t)) 

 

where f(.) is the function to be minimized. 
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The pseudo-code for the candidate search method is illustrated in Algorithm 1. 

 

Algorithm 1 Algorithm Based on Differential Evolution for Node Selection  

 

Input: Population size , Problem size ,Weighting factor ,Crossover rate   

Output:  Sbest 

Population  Initialize Population( Population size , Problem size , ) 

EvaluatePopulation(Population) 

  Sbest    ←  GetBestSolution(Population) 

While ( ¬ StopCondition()) 

    NewPopulation  ᶲ    

    For (Pi  Population)  

        Si ← NewSample(P, Population, Problem size ,Weighting factor ,Crossover rate  ) 

        If (Cost(Si)  ≤ Cost(Pi)) 

            NewPopulation   ←     Si    

        Else 

            NewPopulation   ←       Pi  

        End 

    End 

    Population  NewPopulation 

    EvaluatePopulation(Population) 

    Sbest    ←    GetBestSolution(Population) 

End 

Return ( Sbest)                                                                                              

IV. PARAMETER FOR ALGORITHM  

 

Population 

Numbers(NP) 

The size of population decides the total number of the 

solution vectors in the same iteration 

Mutation 

Factor(F) 

This factor decides how many perturbation ratios the solution 

can acquire. If the value is greater, the magnitude of jump 

will be increase 

Crossover 

Rate(CR) 

 

Crossover rate decides the swap probability between trial 

vector and target vector 

 

 

V. EXPERIMENTAL RESULTS  

 

All the simulations are being done in MATLAB in intel i3 processor. The effectiveness and 

performance of the differential evolution algorithm is illustrated by an execution trace of 

algorithm for NS problem. We can divide a file of 7 MB into 14 parts {512 MB each}to be 

distributed , 6 peers may download from P2p networks ,also them maximum we can connect 

is 3, it can be represented as {6,14,3}problem. For an instant, the situation may be as follows 
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1 0 0 4 0 6 7 8 0 10 0 12 0 14
0 0 0 4 5 0 7 0 9 0 11 0 13 0
0 2 0 0 0 6 0 0 0 0 11 12 0 14
0 2 3 4 0 6 0 0 0 0 11 0 0 0
0 2 0 0 0 0 7 8 0 10 0 12 0 14
1 2 0 0 5 0 0 0 9 10 11 0 13 14 

 
 
 
 
 

 

 

 

 

The optimal result search by the proposed algorithm is 31, and the neighbor selection solution 

is illustrated below: 

 

       1   2   3   4   5   6 

1     0   0   0   1   1   1 

2     0   0   0   0   1   1 

3     0   0   0   1   1   1 

4     1   0   1   0   0   0 

5     1   1   1   0   0   0 

6     1   1   1   0   0   0 

 

We test other three representative instances (problem (25, 1400, 12), problem (30, 1400, 15) 

and problem (35, 1400, 17)) further. In our experiments, the algorithms used for comparison 

were GA (Genetic Algorithm) and DE (Differential Evolution). The GA and DE algorithms 

share many similarities [11]. In a GA, a population of candidate solutions (for the 

optimization task to be solved) is initialized. New solutions are created by applying 

reproduction operators (mutation and crossover). The fitness (how good the solutions are) of 

the resulting solutions are evaluated and suitable selection strategy is then applied to 

determine which solutions will be maintained into the next generation. The DE/GA 

algorithms were repeated 4 times with different random seeds. Each trial had a fixed number 

of 50 or 80 iterations. Other specific parameter settings of the algorithms are described in 

Table 1. The average fitness values of the best solutions throughout the optimization run were 

recorded. The average and the standard deviation were calculated from the 4 different trials. 

Figures 1, 2 and 3 illustrate the DE/GA performance during the search processes for the NS 

problem. As evident, DE obtained better results much faster than GA, especially for large 

scale problems. 

VI. CONCLUSIONS 

 

In this paper, the problem of neighbor selection in peer-to-peer networks is studied in the 

presented paper. It made use of the particle swarm optimization approach during solving the 

problem. In the mentioned approach the upper half of the peer connection is encoded. That is 

done through undirected graph. It substantially reduces the dimensions of search graph. 

Afterwards, the DE was compared with GA. The outcomes favored DE showing that it 

required lesser time to get better outcomes when coming to large scale problems we can rely 

upon DE approach which giver quicker results than GA.  
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Table 1 Parameter settings for the algorithms. 

 

 

 

Algorithm                Parameter name                 value 

 

size of the population    int(10 + 2sqrt(D)) 

GA                   Probability of crossover              0.8 

Probability of mutation              0.08 

partical size            int (10 + 2sqrt (D)) 

Self coefficient c1                    2 

DE                      Social coefficient c2                   2 

Inertia weight w                    0.9 

Coefficient ½         0.5 

 

                

 
Figure 1 Performance for the NS (25, 1400, 12) 

 
    Figure 2 Performance for the NS (30, 1400, 15) 
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Figure 3 Performance for the NS (35, 1400, 17) 

 

The mentioned algorithm will serve as the best approach for obtaining the solutions to NS 

problems. The future work on this may contain the testing of more complicated situations in 

the in an online environment of P2P networks and involve more intelligent/heuristics 

approaches. 
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