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Abstract 

Peer-to-Peer networks are overlay networks that are constructed over underlay networks. These networks can be 

structured or unstructured. In these networks, peers choose their neighbors without considering underlay positions, 

and therefore, the resultant overlay network may have a large number of mismatched paths. In a mismatched path, a 

message may meet an underlay position several times, which causes redundant network traffic and end-to-end delay. 

In some of the topology matching algorithms such as X-BOT, PROP-O, PROP-G, and THANCS, each peer uses a 

local search operator for gathering information about the neighbors of that peer located in its neighborhood radius. 

In these algorithms, each peer also uses a local operator for changing the connections among the peers. These 

matching algorithms suffer from two problems; neither the neighborhood radius nor the local operator can adapt 

themselves to the dynamicity of the network. In this paper, a topology matching algorithm that uses learning 

automata to adapt the neighborhood radius and an adaptation mechanism inspired from the Schelling segregation 

model to manage the execution of the local operator is proposed. To evaluate the proposed algorithm, computer 

simulations were conducted and then the results were compared with the results obtained for other existing 

algorithms. Simulation results have shown that the proposed algorithm outperforms the existing algorithms with 

respect to end-to-end delay and number of mismatched paths. 

 Keywords Mismatched paths · Local search · Local operator · Schelling segregation model · Learning automata  

1  INTRODUCTION 
Peer-to-Peer networks are computer networks in which all peers have the same role (client and server). In these 

networks, all peers communicate directly with each other. These networks are overlay networks that are constructed 
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over underlay networks. There are two different types for peer-to-peer networks: structured and unstructured. In 

unstructured peer-to-peer networks such as Gnutella[1], GIA[2], and Freenet[3], there are some lightweight 

algorithms to manage the overlay topology. Unstructured peer-to-peer networks are widely used because their 

design are simple. In structured peer-to-peer networks such as Chord[4], and CAN[5], distributed algorithms are 

provided to manage the overlay topology that can provide efficient resource locating algorithms. In structured peer-

to-peer networks, any resource can be located within a bounded number of hops. A major consequence of the 

network dynamicity caused by joining and leaving peers in both structured and unstructured peer-to-peer networks is 

that the overlay topology can change drastically over time. The network changes might adversely affect the 

performance of the overlay topology in terms of traffic and end-to-end delay. This issue is more important in an 

unstructured peer-to-peer network because in such a network, peer dynamics can rapidly change an initially good 

topology to an ineffective one. To prevent the performance degradations caused by the dynamicity of peer-to-peer 

networks, the topology management algorithms should be able to adapt themselves to the dynamic conditions of the 

network[6]. In unstructured peer-to-peer networks, for designing the topology management algorithms several 

problems such as topology mismatching[7–10] and topology clustering[11] must be solved. Since the primary goal 

of this paper is to design an adaptive algorithm for topology mismatch problems in peer-to-peer networks, the rest of 

the introduction section will be devoted to a more detailed discussion about this problem.  

 

 
Fig. 1 an example of topology mismatch problem 

 

Consider n peers that are connected to each other through an overlay network over an underlay network. The 

topology of the overlay network can be represented by an overlay graph ܩ ൌ ሺܸ, ሻܧ  where  

ܸ	 ൌ ሼݎ݁݁݌ଵ, …,ଶݎ݁݁݌ , ܧ ௡ሽ is a set of peers andݎ݁݁݌ ⊆ ܸ ൈ ܸ is a set of links connecting the peers. The topology of 

the underlay network can be also represented by an underlay graph ܩᇱ ൌ ሺܸᇱ, ᇱሻܧ  where 

ܸᇱ ൌ ሼ݊݋݅ݐ݅ݏ݋݌ଵ, ,ଶ݊݋݅ݐ݅ݏ݋݌ , … , ᇱܧ ሽ is the set of positions in the underlay network and	௡݊݋݅ݐ݅ݏ݋݌ ⊆ ܸᇱ ൈ ܸᇱ is a 

set of links connecting the positions. In the peer-to-peer network each peer in ܸ is mapped to a position in  ܸᇱ 

according to a one-to-one function ܪ:ܸ → ܸᇱ. In both structured peer-to-peer networks and unstructured peer-to-

peer networks, peers choose their neighbors without considering underlay positions and for this reason, the topology 

of the overlay network may have been mismatched with the topology of the underlay network. Creating a large 

number of mismatched paths is one of the problems that topology mismatching causes. Fig. 1 shows an example of a 

mismatched path. To transfer a message from L to J ሺܮ → ܮሻ in the overlay network path ሺܬ → ܭ →  used, but	is	ሻܬ
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in the underlay network, we may have an inefficient path such as ሺܮ → ܬ → ܭ →  ሻ. This means that a message mayܬ

meet an underlay position several times that causes the communication delay and traffic of flooding techniques to 

increase. In this example, path ሺܮ →  ሻ is called a mismatched path. Since the mismatched paths cause redundantܬ

end-to-end delays, a type of topology matching algorithm, such as those reported in [7, 8, 12, 13] try to reconfigure 

the overlay network using local operators in order to decrease redundant delays caused by the mismatched paths. 

Therefore, the sum of end-to-end delays of the overlay network computed using (1) is used as an objective function 

that should be minimized by the matching algorithms.   

 

ሻܪ,ܩሺܯ ൌ ෍ ෍ ,ܧሺܫ ሺ݅, ݆ሻሻ

	

௣௘௘௥ೕ∈௏ିሼ௣௘௘௥೔ሽ

	

௣௘௘௥೔∈௏

ൈ ݀௜௝ 

 

(1) 

In (1), ݀௜௝ ൌ ,௜ሻݎ݁݁݌ሺܪሺܦ ௝ሻሻݎ݁݁݌ሺܪ  is the end-to-end delay from ݎ݁݁݌௜  to ݎ݁݁݌௝ , function ܦ:ܸᇱ ൈ ܸᇱ → Թ 

computes the end-to-end delay between the pairs of positions in the underlay network, function ܪ:ܸ → ܸᇱ maps a 

peer in the overlay network into a position in the underlay network and function I is an indicator function that takes 

a set of links E and a link (i, j) and returns 1 if  link (i, j) is in E and 0 otherwise.  

In some of the topology matching algorithms, each peer uses a local search operator for gathering information 

about the neighbors of that peer located in its neighborhood radius (in the overlay network). In these algorithms each 

peer also uses a local operator for changing the connections among the peers with the aim of decreasing the number 

of mismatched paths of the overlay. This type of algorithm is used in both structured [14][15][16] and unstructured 

peer-to-peer networks [17][8][7]. These algorithms reconfigure a given overlay graph ܩ௙ ൌ ሺܸ,  ௙ሻ to another graphܧ

௢ܩ ൌ ሺܸ,  ሻ (as given in (1)) is minimized. Let ࣦ be the set of all of graphs that can beܪ,ܩሺܯ ௢ሻ in such a way thatܧ

used as topology for the overlay network, and ݀݁ ௜݃ denotes the number of links of ݎ݁݁݌௜ when the graph of the 

overlay is ܩ. Both the PROP-O algorithm reported in [7, 16], and the algorithm proposed in this paper try to find an 

overlay graph so that (2) is minimized subject to constraint  (3). 

 

min
ீ∊ࣦ

෍ ෍ ,ܧሺܫ ሺ݅, ݆ሻሻ
௣௘௘௥ೕ∈௏ିሼ௣௘௘௥೔ሽ௣௘௘௥೔∈௏

ൈ ݀௜௝  

 

(2) 

.ݏ ݐ ݀݁ ௜݃ ൌ ݀݁ ௜݃
௙ ∀௣௘௘௥೔ (3) 

 

Where ݀݁ ௜݃
௙ denotes the number of links of ݎ݁݁݌௜ when the graph of the overlay is ܩ௙. Constraint (3) means that 

the matching algorithm should not change the degree of peers. This constraint tries to hold some characteristics of 

the graph of the overlay network such as degree distribution and number of links. Changing the degree of peers is 

not appropriate in both unstructured networks and structured networks, and therefore, satisfying the constraint (3) 

enables the topology matching algorithm to be used in a wide range of peer-to-peer networks. To satisfy constraint 

(3), a local operator called the exchange operator is proposed in[7]. Fig. 2 shows how the exchange operator 
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exchanges an equal number of neighbors between ݎ݁݁݌௜  and ݎ݁݁݌௝ if ݀௞௜ ൅ ݀௟௝ ൐ ݀௞௝ ൅ ݀௟௜ . In this operator, the 

edges ሺݎ݁݁݌௜, ,௝ݎ݁݁݌ሺ	and	௞ሻݎ݁݁݌ ௟ሻݎ݁݁݌  will be replaced by ൫ݎ݁݁݌௝, ,௜ݎ݁݁݌ሺ	and	௞൯ݎ݁݁݌ ௟ሻݎ݁݁݌  only if ݎ݁݁݌௜  and 

 ௝ are adjacent to each other. With variable neighborhood radii, the exchange operator can be extended if there isݎ݁݁݌

a path between ݎ݁݁݌௜  and ݎ݁݁݌௝. In this paper, {ݎ݁݁݌௜,ݎ݁݁݌௝} and {ݎ݁݁݌௞,ݎ݁݁݌௟} are called corresponding peers and 

candidate peers, respectively. Note that the exchange operator does not change the number of connections of the 

peers of the network during the exchange operation. 

 

 
Fig. 2 Exchange Operator 

 

Existing matching algorithms such as X-BOT [13, 18], THANCS[8], PROP-O[7, 16], and PROP-G[7, 16] suffer 

from two problems. The first problem is that there is no adaptive mechanism for setting the neighborhood radius 

parameter. Finding an appropriate value for this parameter manually is a time consuming process and also error 

prone. Large neighborhood radii speed up the convergence of the matching algorithm (because the number of 

candidate peers at each step increases), but it increases the number of exchanges that must be endured until the 

convergence of the algorithm. Also, large neighborhood radii cause higher traffic and computational overhead of the 

network. Small neighborhood radii decreases the number of candidate peers at each step of the algorithm, which 

causes the number of exchanges to be increased. Small neighborhood radii result in lower traffic and computational 

overhead. Because of the dynamicity of peer-to-peer networks, the operational environment and the neighbors of 

each peer may change over time (peers continually join and leave the network) and for this reason, using a fixed 

neighborhood radius for the operation of the local search operation may not be appropriate. The second problem is 

the lack of an adaptive mechanism for managing the execution of the local operator of the marching algorithm. A 

non-adaptive mechanism for managing the execution of the local operator leads to performing unnecessary local 

operations (such as exchange operations) that result in increasing the overhead of the matching algorithm (higher 

number of peers to be reconfigured and extra control messages). It should be noted that the structure of the underlay 

network is fixed, but the structure of the overlay network continually changes because of the network dynamicity 

caused by joining and leaving peers. Therefore the topology matching algorithms try to continually observe the 

changes occurring in the overlay network and modify the links of the overlay network in order to mitigate the 

negative effects of the topology mismatching problem. Therefore, having a self-adaptive mechanism for topology 

matching has a positive impact on the efficiency of a matching process. 

Since peer-to-peer networks are large and also dynamic, algorithms for managing them must be self-organized 

algorithms, and for this reason several self-organized algorithms such as Ant Colony(ACO), Growing Neural 

Gas(GNG), and the Schelling Segregation Model(SSM) have been reported for topology management in the 
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literature [11, 19–21]. The Schelling Segregation Model (SSM), which has been used as part of the proposed 

algorithm is briefly discussed in the rest of this paragraph. The Schelling Segregation Model is composed of 

independent and identical agents[22]. Each agent cares only about the composition of its own local neighborhood. 

Each agent using a function (called similarity function) calculates the portion of its neighbors which they have 

similar attributes with that agent. According to a rule called the happiness rule, each agent decides whether or not to 

change its neighbors. If the value of the similarity function is lower than a threshold z, the agent is unhappy and 

prefers to change its neighbors in order to increase the number of similar neighbors. This process continues until no 

agent wants to change its neighbors. In this model, designing a proper happiness rule is very crucial to the proper 

functioning of SSM.  

In this paper, a self-adaptive algorithm for solving the topology mismatch problem in unstructured peer-to-peer 

networks will be proposed. In the proposed algorithm, we use learning automata to adapt the neighborhood radius 

and an adaptation mechanism inspired from the Schelling segregation model to manage the execution of the 

exchange operator. To show the superiority of the proposed algorithm, computer experiments have been conducted 

and then the results are compared with the results obtained for algorithms PROP-O [7, 16], X-BOT[13, 18], and 

THANCS [8]. The rest of this paper is organized as follows. In section 2, the theory of learning automata is briefly 

described. Section 3 reviews the related works. In section 4, we present a novel topology matching algorithm. 

Section 5 reports the results of experimentations and section 6 concludes the paper. 

 

2 LEARNING AUTOMATA 
Learning automata (LAs) are models for adaptive decision making in random environments. A learning automaton 

has a finite set of actions. The learning process of the learning automaton is described as follows. Each time the 

learning automaton interacts with its environment, it randomly selects an action based on a probability vector. 

Initially, each action can be selected with equal probability. According to the response of the environment (reward or 

penalty) to the selected action, the learning automaton updates its action probability vector and then the procedure is 

repeated. The updating algorithm for the action probability vector is called the learning algorithm or the 

reinforcement scheme. If this algorithm is properly designated, the selection probability of the appropriate action 

approaches unity while the probabilities of other actions approach zero. The appropriate action is an action with the 

highest probability of being rewarded by the environment. The interaction between the learning automaton and the 

random environment is shown in Fig. 3[23]. 
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In heuristic algorithms, some local operators such as exchange operators are used to decrease the mismatched 

paths of the overlay network. This type of algorithm consists of two parts: a local search operator to gather some 

information about neighbors of a peer and local operators to reconfigure the connections of that peer in order to 

minimize its mismatched paths. The Two-Hop-Away Neighbor Comparison and Selection (THANCS) algorithm is a 

heuristic algorithm reported by Liu et al. in [8]. This algorithm adds links with low delay and removes those with 

high delay by checking peers within its neighborhood radius. THANCS is a well-known topology matching 

algorithm. In [12], a matching algorithm is presented by Rostami et al. This algorithm uses local information about 

peers to eliminate mismatched paths. Both the algorithm reported in [12] and THANCS are not able to improve their 

functionality considering the network conditions. In [36], the Location-aware Topology Matching (LTM) algorithm 

is reported by Liu et al. In this algorithm, the peers eliminate the redundant links of the overlay by measuring the 

delay of the overlay links. A main drawback of this algorithm is that a synchronization method must be 

implemented. In [7, 16], the Peer-exchange Routing Optimizing Protocol (PROP) was designated by Qiu et al. This 

algorithm has two relevant policies: Generic (PROP-G) and Optimized (PROP-O). In PROP-G, each peer searches 

its neighbors (within a particular distance) to select an appropriate peer and then exchanges all of its neighbors with 

the selected peer. In PROP-O, a threshold is defined to determine the numbers of peers that can be used in each 

exchange operation. In PROP-O, a peer searches its neighbors (within a particular distance) to select an appropriate 

peer and then exchanges an equal number of connections with that peer. PROP-O tries to preserve the number of 

connections of each peer during the execution of the matching algorithm. A main drawback of both PROP-O and 

PROP-G is that they have no self-adaptive mechanism to tune their parameters (such as parameter distance) of their 

local search algorithm. In [13, 18], X-BOT is proposed. X-BOT is an algorithm for topology optimization in 

unstructured peer-to-peer networks that can be used to solve the topology mismatch problem. This algorithm is able 

to bias an initial random overlay in order to optimize some efficiency criteria; for example, to reduce the delay of the 

overlay. This algorithm and PROP-O algorithm preserves the degree of nodes of the graph of the overlay network 

and the overlay connectivity. This algorithm has two main drawbacks. The first drawback is that this algorithm has 

several parameters which should be tuned by a designer. The second drawback is that the local search of this 

algorithm is not adaptive.  

All of the heuristic algorithms reported in this section suffer from two problems. The first problem is that there is 

no adaptive mechanism for setting the neighborhood radius parameter that determines the scope of the local search 

of the matching algorithm. Finding an appropriate value for this parameter manually is a time consuming process 

and also error prone. Fixing this parameter is not also appropriate due to network dynamicity. The second problem is 

the lack of an adaptive mechanism for managing the execution of the local operator of the marching algorithm. To 

solve these problems a self-adaptive topology matching algorithm will be proposed in the next section.  

 

4 THE PROPOSED ALGORITHM 
In this section, a self-adaptive algorithm based on the learning automata and Schelling segregation model for 

solving the topology mismatch problem will be proposed. In the proposed algorithm, each peer searches its 



9 

 

neighbors to find an appropriate peer, and then uses the exchange operator to exchange its connections with that peer 

in order to reduce the number of mismatched paths of the overlay network. We define variable ri  to save the 

neighborhood radius of peeri. Each peer is equipped with a learning automaton. This learning automaton has two 

actions: "increase radius" and "decrease radius" and is responsible for adaptively tuning up the neighborhood radius. 

Fig. 5 shows the interaction of the learning automaton LAi of peeri with its environment when ri=1. The 

environment of the learning automaton LAi residing in peer peeri is composed of the local environment of peeri, and 

the global environment that consists of local environments of the peers, which are in the neighborhood of the peeri. 

In the proposed algorithm, for peeri, a variable called ߤ௜ is defined and can take a value of either "not moving" or 

"moving". This variable determines whether peeri can participate in the exchange operation or not. Function ߣ௜ takes 

information about the neighbors of peeri as the input and returns the portion of the neighbors of peeri that cannot 

participate in the exchange operation to all neighbors of peeri. Variable ߤ௜ and function ߣ௜ are defined to implement 

the process of changing neighbors of the agents of the Schelling segregation model in the proposed algorithm and 

are responsible to manage the execution of the exchange operator. The formal definitions of all used variables and 

functions are given later. Algorithm 1 shows the high level structure of the proposed algorithm. This algorithm is 

briefly described in the next three paragraphs.  

 

 
Fig. 5 Learning automaton for peeri and its environment 

 

Once peeri joins the network, it first uses a neighborhood selection algorithm such as the neighborhood selection 

method of Gnutella for finding its neighbors and then executes the proposed algorithm. Before describing the phases 

of the proposed algorithm, the method used in Gnutella for the neighborhood selection is described in more detail as 

follows. In this method, peeri connects to global caches, which are called the Gnutella Web Caches. After 

connecting to the caches, peeri requests a list of peers. peeri tries to connect to the peers of the list, until it connects 

to a specific number of peers [6]. Now we describe the phases of the proposed algorithm that uses information about 

delays among peers in order to solve the topology mismatch problem. The management algorithm consists of three 
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phases: the local search phase, exchange phase, and maintenance phase. The phases of the proposed algorithm are 

summarized in Algorithm 1 and the procedure of the reinforcement signal calculator unit used by the learning 

automata is given in Algorithm 2. The phases of the proposed algorithm are briefly described in the next two 

paragraphs. 

During the local search phase, peeri uses its learning automaton to determine the value of the neighborhood 

radius. If the value of the neighborhood radius is lower than or equal to 0, the peer computes the value of the 

reinforcement signal (using the procedure reinforcement_signal_calculator given in Algorithm 2) otherwise, the 

peer activates all of its neighbors, exchange information about delays with its neighbors, and finds appropriate 

corresponding and candidate peers. Then peeri saves the found corresponding and candidate peers in its local 

database, computes the value of ߣ௜ , finds the action selected by the majority of learning automata of neighboring 

peers, and  finally computes the value of the reinforcement signal. peeri at the end of the local search phase asks its 

learning automaton to update its action probability vector and then goes to the exchange phase. 

During the exchange phase, peeri first finds an appropriate corresponding peer, peerj from its local database to 

participate in the exchange operation. Then, peeri executes the exchange operator for exchanging its connections 

with peerj, computes the value of ߣ௜, and sets the value of variable μ௜. The peer sets the value of μ௜ to "not moving" 

if the value of ߣ௜ is equal to 1 and set to "moving", otherwise. At the end of the exchange phase, if the value of 

variable μ௜ is equal to "moving", peeri goes to the local search phase, otherwise goes to maintenance phase. During 

the maintenance phase, which is an ever going process, peeri continually waits for one of the events of  “changing 

connections by a  neighboring peer”  or  “ activation of matching algorithm by neighboring peer”,  which in that 

case, peeri restarts the matching algorithm. In the next paragraph, we describe how the concept of changing 

neighbors of agents in the Schelling segregation model is used in the proposed algorithm. 

The process of changing neighbors in the proposed algorithm plays the same role as the process of changing 

neighbors of agents in the Schelling segregation model. In the proposed algorithm, similar to the Schelling 

segregation model, peeri changes its neighbors in order to increase the portion of neighboring peers (ߣ௜ሻ that do not 

have a mismatched path with peeri. Since the value of the similarity function gives valuable information about the 

position of peeri, it is used in the stopping condition and the reinforcement signal calculator unit of the proposed 

algorithm. The details about the similarity function are given later in the detailed descriptions of the proposed 

algorithm. 

 

Algorithm 1 peer_management_skeleton() 

 Inputs: 

 ݉ // the initial value of the neighborhood radius of the peer 

 the threshold for the percentage of all neighbors of the peer that cannot participate in the exchange  // ݐ 

        operation  

 Notations: 

 Let LA determines the learning automaton of the peer 
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 Let ߤ determines whether the peer can change its neighbors using exchange operation or not 

 Let r determines the neighborhood radius of the peer 

 Let ߣ determines the portion of the neighbors of the peer which cannot participate in the exchange operation  

 Let ߬ determines the portion of the neighbors of the peer which cannot participate in the exchange operation 

 Let A determines the selected action of LA 

 Let X determines  the action selected by majority of learning automata of neighboring peers  

01 Begin procedure 

ߤ - 02 ⟵ "moving";  

ݎ - 03 ⟵ m;  

04 -	߬ ⟵   ;ݐ

05 While (ߤ =  "moving") Do 

06     // local search phase  

07     - activate ܣܮ to choose an action and save the selected action in ܣ; 

08     - change r using the action selected by LA;//  the selected action of LA is saved in ܣ 

09     Ifሺݎ ൑ 		0ሻThen  

10        - β ⟵ ,ݎሺݎ݋ݐ݈ܽݑ݈ܿܽܿ_݈ܽ݊݃݅ݏ_ݐ݊݁݉݁ܿݎ݋݂݊݅݁ݎ ,ߣ ߬, ,ܣ ܺሻ;// the pseudo code of this procedure is given 

                                                                                                           In Algorithm 2 

11     Else  

12        - activate all of neighbors of the peer determined by r;                                                                                       

13        - exchange information about delays with neighboring peers;                                                                           

14        - find appropriate candidate and corresponding peers; 

15        - save the identifiers of found corresponding and candidate peers into a local database in the peer;                 

16        - compute ߣ; //using information stored in the local database of the peer 

17        - find the action selected by majority of learning automata of neighbors of the peer and save it in ܺ; 

18        - β ⟵ reinforcement_signal_calculatorሺݎ, ,ߣ ߬, ,ܣ ܺሻ; // the pseudo code of this procedure is given 

                                                                                                    in Algorithm 2 

 

19     EndIf 

20     - LA updates its action probability vector using reinforcement signal β; 

21     // exchange phase  

22     - find an appropriate corresponding peer peerj from the local database of the peer;                                             

23     - execute exchange operator with peerj; 

24     - compute ߣ; //using information stored in the local database of the peer and the information of new 

                            neighbors which are added during exchange operation 

25     If (ߣ ൌ 1ሻThen 

ߤ -       26 ⟵ "not	moving"; 
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27     EndIf 

28 EndWhile 

29 // maintenance phase 

30 - wait until some event occurs; 

31 If (changing connections by a  neighboring peer  or  

      activation of matching algorithm by neighboring peers has been occurred) Then 

32    - goto line 01; 

33 Else 

34    - goto line 29; 

35 EndIf 

36 Endprocedure 

 

Algorithm 2 reinforcement_signal_calculator() 

 Inputs:     

 the value of the neighborhood radius of the peer // ݎ 

  the percentage of all neighbors of the peer that cannot participate in the exchange operation  // ߣ 

 ߬ //  the threshold for the percentage of all neighbors of the peer that cannot participate in the exchange 

             Operation 

 the action selected by the learning automaton of the peer  // ܣ 

 ܺ// the action selected by majority of learning automata of neighboring peers 

 Outputs:  

 the reinforcement signal of the learning automaton of the peer // ߚ

01 Begin procedure 

02 Ifሺݎ ൑ 		0ሻThen   

03     If (ܣ ൌ  Then ("ݏݑ݅݀ܽݎ	݁ݏܽ݁ݎܿ݁݀"	

04       - β ⟵ 0; 

05     Else 

06       - β ⟵ 1; 

07     End 

08 Else 

09     If (ߣ ൒ 	߬) Then      

10        If ሺܣ ൌ  Then ("ݏݑ݅݀ܽݎ	݁ݏܽ݁ݎܿ݁݀"	

11           - β ⟵ 1; 

12        Else  

13           - β ⟵ 0; 

14        EndIf 
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15     Else 

16       If(ܺ ൌ ݁ݏܽ݁ݎܿ݊݅" ܣ and"ݏݑ݅݀ܽݎ ൌ ݁ݏܽ݁ݎܿ݊݅"   Then("ݏݑ݅݀ܽݎ

17           - β ⟵ 1; 

18       Else 

19           - β ⟵ 0; 

20       EndIf 

21     EndIf 

22 EndIf 

23 Endprocedure 

 

Before we present the proposed algorithm in more detail we need to define the following: 

1. The neighborhood radius of peeri of the algorithm is denoted by ݎ௜. This parameter will be used to determine the   

     broadcast scope of the control messages in the algorithm. ݎ௜ is initially set to a given value.  

2. The neighborhood set of peeri denoted by ௜ܰ
௥೔contains all peers residing in the neighborhood radius of peeri, that 

is, ௜ܰ
௥೔ ൌ ሼ	ݎ݁݁݌௝ ∊ ,௜ݎ݁݁݌൫ݐݏ݅݀	|ܸ ௝൯ݎ݁݁݌ ൑ ,௜ݎ݁݁݌൫ݐݏ݅݀ ௜ሽ whereݎ  ௝൯ is the length of the shortest path (withݎ݁݁݌

the minimum number of hops) between ݎ݁݁݌௜ and ݎ݁݁݌௝ in the overlay network. The immediate neighbors of 

peeri is denoted by ௜ܰ
ଵ. 

3. The candidate peer set of peeri for peerj denoted by ܥ௜௝. This set contains some of the neighbors of peeri, which 

change their connections from peeri to peerj, during the exchange phase. 

4. The corresponding peer set of peeri denoted by ܯ௜. This set contains some of neighbors of peeri such as ݎ݁݁݌௝ ∈

௜ܰ
௥೔		of	which	ݎ݁݁݌௝ has a candidate peer set ܥ௝௜⊆ ௝ܰ

ଵ, and ݎ݁݁݌௜ has a candidate peer set ܥ௜௝ ⊆ ௜ܰ
ଵ so that 

ቂ∑ ݀௞௜௣௘௘௥ೖ∈஼೔ೕ ൅ ∑ ݀௟௝௣௘௘௥೗∈஼ೕ೔ ቃ ൐ ቂ∑ ݀௟௜௣௘௘௥೗∈஼ೕ೔ ൅ ∑ ݀௞௝௣௘௘௥ೖ∈஼ೕ೔ ቃ. 

In other words, ܯ௜  contains some of the neighbors of ݎ݁݁݌௜ that can participate in the exchange operation to 

decrease the number of mismatched paths of the overlay network. 

௜ߣ .5 ൌ
หே೔

భหି|ெ೔|

หே೔
భห

  is the portion of neighboring peers that do not have a mismatched path with peeri (the portion of 

the neighbors of peeri which cannot participate in the exchange operation). The similarity function ߣ௜used in the 

proposed algorithm is designated based on the fact that when a peer has no mismatched paths with its neighbors 

|௜ܯ|) ൌ 0), the peer should stop executing the matching algorithm. The value of ߣ௜ increases during the exchange 

operation and reaches 1 when peeri has no mismatch path (|ܯ௜| ൌ 0). The value of the similarity function gives 

valuable information about the position of the peer and is used for computing the reinforcement signals of the 

learning automata. 

6. Candidate table of peeri denoted by ܥ ௜ܶ saves information about the corresponding peers and the candidate peers 

of peeri. This information is required by the algorithm to compute the reinforcement signal for the learning 

automaton of peeri.   
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7. There are five types of control messages: ExchangeRequest, ExchangeReady, UpdateState, ReleaseRequest and 

ReleaseReply that are used in the proposed algorithm. Table 1 shows the fields of these messages. Field Type 

contains the type of the message. Field TTL contains the “time to live value” for the message to ensure that the 

message dies out. The neighborhood radius is used to determine the TTL value. Sender and Receiver fields 

contain the sender or receiver identifier (such as the IP addresses). Field Action contains either the “Increase 

radius” or “Decrease radius”. Field Candidate-Peers contains the identifiers for candidate peers, and field Delay 

contains the delays for candidate peers.  

 

Table 1 the format of the used messages 
Message name The fields of the message 

ExchangeRequest Type, Sender, TTL, Candidate-Peers 

ExchangeReady Type, Sender, Receiver, TTL, Action, Candidate-Peers, Delay 

ReleaseRequest Type, Sender, Receiver, TTL, Candidate-Peers 

ReleaseReply Type, Sender, Receiver, TTL 

UpdateState Type, Sender ,TTL 

 

Now we describe the three phases of the process LA_Match. Algorithm 3 shows the pseudo code for process 

LA_Match performed by peeri. Once peeri joins the network it uses the neighborhood selection method of Gnutella 

to find its neighbors, broadcast UpdateState messages to all its neighbors, and then executes the proposed 

management algorithm. The detailed descriptions of the proposed algorithm are given in the remainder of this 

section. 

 

4.1 Local search phase: 
The local search phase starts with the initialization phase and ends with the candidate selection phase as described 

below. 

Initialization phase: During the initialization phase performed by peeri, learning automaton LAi randomly selects 

one of its actions "Increase radius" or “Decrease radius" according to its action probability vector.  The new 

neighborhood radius ݎ௜  for peeri is then computed accordingly. If ݎ௜  is greater than or equal to one, then peeri 

generates an ExchangeRequest message that contains its immediate neighbors as candidate peers and broadcasts it 

to all of its neighbors and then goes to  the candidate selection phase. If ݎ௜ is less than one, then peeri computes the 

reinforcement signal of the LAi using the reinforcement_signal_calculator procedure given in Algorithm 2. After 

computing the reinforcement signal, LAi updates its probability vector and then peeri calls the exchange procedure to 

start the exchange phase. The pseudo code of the exchange procedure is given in Algorithm 4. 

Candidate selection phase: In this phase, peeri waits for a certain duration (SEARCH_DURATION) to receive an 

ExchangeRequest message or ExchangeReply message from its neighbors. peeri upon receiving an ExchangeRequest 

message from peerj, which contains the candidate peers, and finds the delays between itself and the candidate peers. 

peeri then sends an ExchangeReply message to peerj. This message contains the immediate neighbors of peeri, the 
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delays between peeri and the immediate neighbors, the delays between peeri and the candidate peers, and the action 

selected by LAi during the Initialization phase. peeri then restarts the candidate selection phase. 

peeri upon receiving an ExchangeReply message from peerj, which contains the candidate peers and the delays 

of the candidate peers, finds the delay between itself and the candidate peers. peeri then uses all of the gathered 

information about the delays of links to determine whether peerj can be a corresponding peer or not. If peeri can 

select some of its neighbors as Cij (the candidate peer set for peerj) and select some of the candidate peers as Cji (the 

candidate peer set for peeri) so that |Cji|=|Cij| and 

ቂ∑ ݀௞௜௣௘௘௥ೖ∈஼೔ೕ ൅ ∑ ݀௟௝௣௘௘௥೗∈஼ೕ೔ ቃ ൐ ቂ∑ ݀௟௜௣௘௘௥೗∈஼ೕ೔ ൅ ∑ ݀௞௝௣௘௘௥ೖ∈஼ೕ೔ ቃ then peerj is a corresponding peer. If peerj is a 

corresponding peer, then peeri inserts peerj as its corresponding peer and the selected peers (Cij and Cji) as the 

candidate peer sets into its candidate table. peeri then restarts the candidate selection phase. If peeri does not receive 

any messages during the specified period of the SEARCH_DURATION, then it computes the reinforcement signal 

for learning automaton LAi. After computing the reinforcement signal, LAi updates its probability vector, and then 

peeri goes to the exchange phase by calling exchange procedure.  

Note that for selecting candidate peer sets, peeri generates all possible candidate peer sets and then compares the 

generated sets with each other in order to find appropriate candidate peer sets. That is, peeri selects two candidate 

peer sets (Cij and Cji) in such a way that the difference between the sum of the end-to-end delays of the network 

before and after the exchange operation becomes the maximum. 

 

4.2 Exchange phase: 
During this phase, peeri for each corresponding peerj given in its candidate table, generates a ReleaseRequest 

message containing all the candidate peers of peerj and then sends it to the corresponding peerj. After sending the 

ReleaseRequest messages to all the corresponding peers, peeri waits for certain duration 

(EXCHANGE_DURATION) to receive the ReleaseReply messages or ReleaseRequest messages from its neighbors.  

peeri, upon receiving a ReleaseRequest message that contains candidate peers from peerj, finds Cij and Cji, 

creates new links to the candidate peers that are available in Cji, removes the old links to the candidate peers that are 

available in Cij, sends a ReleaseReply message to peerj, and returns to process the LA_Match that is called the 

exchange phase. peeri sends ReleaseReply messages to peerj via two paths: a path that uses the candidate peers that 

are connected to the corresponding peer peerj and a path that exists between peeri and peerj to ensure that 

ReleaseReply messages reach peerj. 

peeri, upon receiving a RelaseReply from peerj, goes to its candidate table and finds those candidate peers whose 

corresponding peer is peerj. Then it finds Cij and Cji , creates new links to the candidate peers that are available in 

Cji, removes the old links to the candidate peers that are available in Cij, sends an UpdatedState message to its 

neighbors, and returns to the process LA_Match that is called the exchange phase. If peeri does not receive any 

messages during the specified period of EXCHANGE_DURATION then it returns to process LA_Match that is called 

the exchange phase. 
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When peeri returns to the LA_Match process, if the portion of its neighbor that cannot participate in the exchange 

operation is equal to one then its variable ߤ௜ is set to "not moving" and it goes to the maintenance phase. peeri 

restarts the local search phase when its variable μ௜ is equal to "moving".  

4.3 Maintenace phase: 
During this phase, peeri waits until some event occurs. peeri restarts the matching algorithm if it receives 

UpdateState or ExchangeRequest messages and restarts the maintenance phase, otherwise. 

 

Algorithm 3 LA_Match 

 Inputs:  

݉// the initial value of the neighborhood radius 

  the threshold for the percentage of all neighbors of the peer that cannot participate in the exchange // ݐ 

 operation  

 Notations: 

 Let ݎdetermines the neighborhood radius of the peer 

 Let ߤ determines whether the peer can participate in exchange operation or not 

 Let ߣ determines the portion of the neighbors of the peer which cannot participatein the exchange operation  

 Let 	ܶܥ determines the candidate table of the peer 

 Let LA determines the learning automaton of the peer 

 

01 Begin procedure 

02 - μ ⟵ "moving";  

ݎ - 03 ⟵ m;  

04 - ߬ ⟵  ;ݐ

05 While (μ =  "moving") Do 

06 //local search phase 

07 //Initialization Phase 

08     - activate ܣܮ to select an action and save it in ܣ; 

09     If(ܣ ൌ  Then("ݏݑ݋݅݀ܽݎ	݁ݏܽ݁ݎܿ݊݅"		

ݎ -        10 ⟵ ݎ ൅ 1; 

11     Else 

ݎ -        12 ⟵ ݎ െ 1; 

13     EndIf 

14     Ifሺݎ ൑ 		0ሻThen  

15         - β ⟵ reinforcement_signal_calculatorሺݎ, ,ߣ ߬, ,ܣ ܺሻ; // the pseudo code of this procedure is given 

                                                                                                    In Algorithm 2  
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16     Else  

17         - Broadcast ExchangeRequest message containing the immediate neighbors to all the neighbors 

                                                                                                                                        determined by ݎ; 

18         // Candidate selection phase  

19         - isSelectionCompleted ⟵ False; 

20         Repeat 

21             - wait for a certain duration SEARCH_DURATION for ExchangeRequest or ExchangeReply 

message; 

22             If(no message has been received  during SEARCH_DURATION) Then 

23               - isSelectionCompleted ⟵ True; 

24             Else 

25                If(ExchangeRequest message has been received from another peerj) Then 

26                   - find delays to candidate peers;//candidate peers are reported by ExchangeRequest messages 

27                   - select all immediate neighbors and consider them as candidate peers; 

28                   - send an ExchangeReply message containing the selected candidate peers, delays and action ܣ 

to 

                     peerj;//	ܣ	 is the action chosen  by LA during Initialization phase 

29                EndIf 

30                If (an ExchangeReply  message has been received from peerj)Then 

31                    - find delays to candidate peers;//candidate peers are reported by ExchangeReply message 

32                    - select candidate peer sets;//select candidate peer sets using all delays which are found and 

                                                                 reported by ExchangeReply  message 

33                    If(݄݁ݐ	݁ݐܽ݀݅݀݊ܽܿ	ݎ݁݁݌	ݏݐ݁ݏ ݁ݎܽ ݐ݋݊  ሻThenݕݐ݌݉݁

34                      - insert peerj as the corresponding peer and the selected candidate peer sets of peerj in 

candidate 

                       table  ܶܥ; 

35                    EndIf 

36                EndIf 

37             EndIf 

38         Until (isSelectionCompleted) 

39         - compute ߣ ; //using ܶܥ 

40         - find the action selected by majority of learning automata of neighboring peers and save it in ܺ; 

         // ܺ  is found using  information provided by ExchangeReply messages 

41        - β ⟵ reinforcement_signal_calculatorሺݎ, ,ߣ ߬, ,ܣ ܺሻ; // the pseudo code of this procedure is 

                                                                                                   given in Algorithm 2 

 

42      EndIf 



18 

 

43      - LA updates its action probability vector using reinforcement signal β; 

44       // Exchange phase  

45       - call exchangeሺܶܥ,  ሻ; // the pseudo code of this procedure is given in Algorithm 4ݎ݁݁݌

46       - sends an UpdatedState message to the neighbors of the peer; 

47       If (ߣ ൌ 	1ሻThen 

48          - μ ⟵ "not	moving"; 

49       EndIf 

50 EndWhile 

51 // maintenance phase 

52 - wait until some events occurs; 

53 If (an UpdateState or ExchangeRequest message has been received)Then 

54    - goto line 01; 

55 Else 

56    - goto line 51; 

57 EndIf 

58 Endprocedure 

 

  
 

Algorithm 4 Exchange   

 Inputs: ܥ ௜ܶ
	,  ௜ݎ݁݁݌

01 Begin procedure 

02 If (ܥ ௜ܶ
	 is not empty)Then 

03    For each corresponding peer peerj in the ܥ ௜ܶ  do 

04       - generate a ReleaseRequest message containing all the candidate peers of peerj and send it to peerj; 

05     EndFor 

06     - isExchangeCompleted ⟵ False; 

07     Repeat 

08         - Wait for a certain duration EXCHANGE_DURATION for ReleaseReply or RelaseRequest message;     

09         If(no message has been received during EXCHANGE_DURATION)Then 

10             - isExchangeCompleted ⟵ True 

11         Else 

12           If(a RelaseRequest message has been received from another  peerj) Then 

13              - find Cij and Cji;  

14              - creates new links to the candidate peers in Cji; 

15              - send a ReleaseReply message to peerj ; 

16              - removes the old links to the candidate peers in Cij; 
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17           EndIf 

18           If(RelaseReply message has been received from a peerj) Then 

19    - select all candidate peers whose corresponding peers is peerj; 

20             - find Cij  and  Cji ; 

21    - creates new links to the candidate peers in Cji; 

22             - removes the old links to the candidate peers in Cij; 

23           EndIf 

24      EndIf 

25    Until (isExchangeCompleted) 

26 EndIf 

27 Endprocedure 

 

 

5 EXPERIMENTAL RESULTS 
All simulations have been implemented using OverSim that is an overlay network simulation framework [42, 43]. 

OverSim supports different kinds of underlay network models: Simple, SingleHost, INET, and ReaSE[44]. Simple 

model is the most scalable one and the ReaSE model is able to generate different types of underlay networks. We 

used the ReaSE model to generate router-level topologies[45]. Experiments reported in this section are conducted on 

three different underlying networks: Topology.1 as an example of the Simple model, and Topology.2 and Topology.3 

as examples of the ReaSE model, as given in Table 2. For the overlay network management algorithm, Gnutella[46] 

and GIA[2]are used. Since Gnutella is used to test several matching algorithms reported in[7, 8, 10, 37–40, 47] and 

it is a peer-to-peer network with an open and well-documented protocol specification, we use it as the default 

overlay network management algorithm in this section. We used the Gnutella dataset of [48] to generate the initial 

overlay topology. This data set contains a graph where its nodes, edges, and diameter are 10876, 39994 and 9, 

respectively. In an experiment, GIA is used as the overlay network management algorithm. GIA is fully implemented 

in Oversim. The Random churn model[42] and Pareto churn model[42] are also used to model the process of  

joining and leaving peers in the network. 

 

Table 2 Underlay topologies  
Underlay topology Descriptions 

Topology.1 In this underlay topology, peers are placed on a N-Dimensional Euclidean 

space and the Internet latencies are based on CAIDA/Skitter [49, 50] data.  

Topology.2 Consists of 10 autonomous systems, and about 1087 router -level nodes. This 

topology contains few and populated groups 

Topology.3 Consists of 50 autonomous systems, and about 217 router -level nodes. This 

topology contains many low populated groups in which the distance between 



20 

 

the groups is far greater than the distance between the peers in each group. 

 

To evaluate the performance of the proposed algorithm called LA_Match, it is compared with three algorithms: 

PROP-O [7, 16], X-BOT [13, 18], and THANCS [8]. It should be noted that, the proposed algorithm, like algorithms 

PROP-O, X-BOT, and THANCS (to which the proposed algorithm is compared) uses only the delays of links for 

solving the topology matching problem. Other algorithms, such as those reported in [24–34, 41] use other 

information, such as geographical positions and information about landmark peers, which may not always available. 

Both PROP-O and X-BOT algorithms, like the proposed algorithm use a management operator (called the exchange 

operator) to exchange connections among the peers to maintain the number of connections of each peer during the 

execution of the matching algorithm. Other algorithms, such as those reported in  [10, 12, 17, 36–40] change the 

number of connections of peers that are not appropriate for some peer-to peer networks. The PROP-O algorithm has 

a parameter called nhops that plays the same role as parameter m in the proposed algorithm. The reason of selecting 

THANCS is that it is a well-known algorithm for topology matching in unstructured peer-to-peer networks.  

The proposed algorithm has four parameters: m, t, SEARCH_DURATION, and EXCHANGE_DURATION. Two 

parameters SEARCH_DURATION and EXCHANGE_DURATION must be set to large values in order to provide 

enough time for the peers of the network to communicate with their neighbors. For the experiments, 

SEARCH_DURATION is set to 5s, and EXCHANGE_DURATION is set to 5s. To test the impact of parameters m 

and t on the performance of the algorithm and also to show the learning capability of the proposed algorithm, several 

experiments were conducted as reported in the remaining part of this section. For all experiments, each peer is 

equipped with a variable structure learning automaton of type LRP with a reward parameter a=0.25 and a penalty 

parameter b=0.25. The other parameters of the PROP-O algorithm are set as follows: MIN_VAR=0, 

MAX_INIT_TRIAL=10, m=3, INIT_TIMER=10 min, MAX_TIMER=1000 min. The parameters of the X-BOT 

algorithm are set as follows: k=6, PBO=10s, π=2, and μ=3. In the THANCS algorithm each peer flood control 

messages periodically (every 5s) to gather required information about its neighbors. Experiments 1, 2, and 3 are 

conducted to find the most appropriate parameters for the proposed algorithm to be used in the later experiments. 

Results reported are averages over 10 different runs. 

The algorithms are compared with respect to four metrics: overlay communication delay, mismatched paths, 

overlay reconfiguration overhead, and control message overhead. These metrics are briefly explained below: 

 Overlay communication delay (OCD) is the sum of end-to-end delays of links in the overlay network 

(using(3)).  

 Number of Mismatched Paths (MP) is the number of all mismatched paths of the overlay network. A 

mismatched path is a path in an overlay network that in its corresponding underlay path, a particular 

position has been visited more than once.  

 Overlay reconfiguration overhead (ORO) is the number of peers that are reconfigured by a matching 

algorithm. This metric implicitly shows the changes made by the local operators (such as exchange 

operators) of the matching algorithms. 
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 Control message overhead (CMO) is the number of extra control messages generated for the purpose 

of reconfiguration of an overlay network. 

 

5.1 Experiment 1:  
This experiment is conducted to study the effect of parameter t on the performance of the proposed algorithm when 

parameter m is set to 1. For this study, the proposed algorithm is tested for three initial values for parameter t = 0.3, 

0.6 and 0.9, and Topology.1 is used as the underlay network. The results are compared with respect to the four above 

mentioned criteria. According to the results of this experiment, which are shown in Figures 6 to 9, one may conclude 

the following:  

 In terms of OCD and MP, the proposed algorithm (with t=0.6 or t=0.9) performs better than the proposed 

algorithm with t=0.3. This is because a low value for parameter t leads to low sensitivity of the proposed 

algorithm of a peer to the information about other peers of the network. It should be noted that in each peer, 

parameter t implicitly determines whether or not the information about neighboring peers should be 

considered in the reinforcement signal calculator unit of the proposed algorithm. Since the knowledge 

about the neighbors of the peers gives valuable information about the state of the network, a low value for 

parameter t lead to conduct the learning automata of the peers to converge to inappropriate actions which 

lead to a low accuracy of the proposed algorithm (with respect to a high OCD and MP) and high overhead 

caused by the algorithm (with respect to a high CMO and ORO).  

 In terms of ORO and CMO, the proposed algorithm with t=0.6 performs better than the proposed algorithm 

with t=0.3 or t=0.9 except for the early rounds of the simulation.  

 Increasing the value of parameter t leads to a decrease in OCD and MP, but increases ORO and CMO in the 

early rounds of the simulation. This means that by increasing the value of parameter t, we can find an 

appropriate overlay with a low OCD (overlay communication delay) and a low MP (number of mismatched 

paths). However, we will have a high overhead (with respect to CMO and ORO) in the early rounds of the 

simulation. 

 From round 40 to round 100, the proposed algorithm (when t=0.9) does not perform well with respect to 

CMO and ORO but does perform well with respect to OCD and MP. In other words, for a high value for 

parameter t, when the overlay topology is changed to an appropriate overlay (with respect to a low OCD 

and MP), the overhead of the proposed algorithm remains high (with respect to a high CMO and ORO). 

This is because the learning automata of the peers do not decrease the parameters neighborhood radius of 

peers even after changing the overlay topology to an appropriate one. A high value for parameter t leads to 

high sensitivity of the proposed algorithm to information about peers of the network. Since the knowledge 

about the neighbors of some peers of the network may not reflect the whole state of the network, a high 

value for parameter t may conduct the learning automata of some peers of the network to converge to 

inappropriate actions that lead to set the neighborhood radius of the peers to large values. It is obvious that 
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large values for the parameter neighborhood radius lead to generating many control messages and 

performing many unnecessary changes in the network that leads to a high CMO and ORO.  

 

 
Fig. 6 The effect of parameter t on the performance 
of LA_Match with respect to OCD 

 
Fig. 7 The effect of parameter t on the performance 
of LA_Match with respect to MP 

 
Fig. 8 The effect of parameter t on the performance 
of LA_Match with respect to ORO 

 
Fig. 9 The effect of parameter t on the performance 
of LA_Match with respect to CMO 

 

5.2  Experiment 2: 
This experiment is conducted to show the impact of the parameter m (neighborhood radius) on the performance of 

the proposed algorithm when the parameter t is set to 0.6. For this purpose, the proposed algorithm is tested for three 

initial values for parameter m = 1, 2, and 3 and Topology.1 is used as underlay topology. The results are compared 

with respect to the four above mentioned criteria. According to the results of this experiment that are shown in 

Figures 10 to 13, one may conclude the following:  

 Increasing the value of parameter m leads to improving the performance of the proposed algorithm in terms 

of OCD and MP. This is because a large radius gives each peer of the overlay more appropriate 

corresponding and candidate peers during a local search. Appropriate corresponding and candidate peers 

can participate in an exchange operation to decrease more mismatched paths that lead to low OCD and MP. 

 Increasing the value of parameter m results in high CMO and ORO at early rounds of the simulation. Note 

that the parameter m affects the scope of the local search in the proposed algorithm. In a peer, parameter m 

determines a set of peers so that the information about them should be used by the reinforcement calculator 
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unit of the matching algorithm in that peer. Increasing the value of parameter m results in gathering more 

information about the current state of the network in an early round of the simulation. Gathering more 

information results in generating more control messages (with respect to a high CMO) and more peers can 

be reconfigured (with respect to a high ORO). Note that, gathering more information about the network 

enables each peer to find appropriate links to other peers in order to solve the topology mismatch problem 

which leads to a low OCD and MP.  

 It can be noted from the results that as the time passes the performance of  the proposed algorithmin in 

terms of CMO and ORO improves. This is because, after finding appropriate neighbors by a peer, the peer 

is able to decrease its neighborhood radius using its own learning automata. Decreasing the neighborhood 

radius leads to a decrease in the scope of the local search, and decreasing the scope of the local search leads 

to a low CMO and ORO. 

 

 
Fig. 10 The effect of parameter m on the performance 
of LA_Match with respect to OCD 

 
Fig. 11 The effect of parameter m on the 
performance of LA_Match with respect to MP 

 
Fig. 12 The effect of parameter m on the performance 
of LA_Match with respect to ORO 

 
Fig. 13 The effect of parameter m on the 
performance of LA_Match with respect to CMO 

 

 

5.3 Experiment 3: 
This experiment is conducted to compare the proposed algorithm with (1) the proposed algorithm in which the 

learning automaton residing in each peer is deactivated (LA_Match_D algorithm); this is the proposed algorithm 

without leaning capability; (2) the proposed algorithm in which each learning automaton is replaced with a learning 
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automaton that has three actions, "increase radius", "don’t change radius", and "decrease radius" (LA_Match_M 

algorithm); and (3) the proposed algorithm in which each learning automaton is replaced with a pure chance 

automaton(LA_Match_P algorithm). In a pure chance automaton the actions of automaton are always selected with 

equal probabilities[51]. For this experiment, parameter m is set to 1 and parameter t is set to 0.6 and Topology.1 is 

used as the underlay topology. The results of this experiment are given in Figures 14 to 17. From the result we may 

conclude the following:  

 In terms of OCD, MP, CMO, and ORO, the LA_Match and LA_Match_M algorithms perform better than 

other algorithms (LA_Match_D and LA_Match_P) except for the early periods of the operation of the 

network. This is because of the fact that in LA_Match and LA_Match_M algorithms (because of their 

learning capability) improve their performance by updating their action probabilities according to the 

reinforcement signal received from the network. This reinforcement signal, which is computed based on 

some information about the peers and their neighbors reflects the current state of the network, and it is used 

to improve the behavior of the learning automata in finding the appropriate neighborhood radius. Finding 

the appropriate neighborhood radius leads to finding better candidate peers and corresponding peers 

resulting in fewer numbers of mismatched paths and also a lower OCD, CMO and ORO.  

 LA_Match performs better than LA_Match_M in terms of CMO and ORO. This is because in LA_Match_M, 

the learning automaton of a peer may converge to "don’t change radius", which leads to fixing the 

neighborhood radius for the peer. When the neighborhood radius of a peer is fixed and the peer cannot find 

an appropriate position within its neighborhood, then many unnecessary control messages will be generated 

by the peer (leading to a higher CMO) or unnecessary changes may occur in connections of the peer with 

other peers (leading to an increase ORO).  

 From the results of this experiment we may conclude that the learning automata with two actions ("increase 

radius" and "decrease radius") can be sufficient for this problem.  This is because the stopping condition 

used in the LA_Match can conduct the process of matching without using additional action for the learning 

automata. In the LA_Match, the matching algorithm tries to change its neighborhood radius when it has a 

mismatched path with its neighbors. In a peeri, the value of λi is equal to a portion of the neighboring peers 

that haven’t the mismatched path to the peeri, and it is used in the stopping condition of the algorithm. 

When peeri has no mismatched path with its neighbors, the matching algorithm is stopped and peeri does 

not need to execute the matching algorithm so it isn’t forced to learn a specific neighborhood radius. 

Therefore, a learning automaton with two actions ("increase radius" and "decrease radius") can be sufficient 

for this problem.  
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Fig. 14 Comparison of different versions of the 
proposed algorithm with respect to OCD 

 
Fig. 15 Comparison of different versions of the 
proposed algorithm with respect to MP 

 
Fig. 16 Comparison of different versions of the 
proposed algorithm with respect to ORO 

 
Fig. 17 Comparison of different versions of the 
proposed algorithm with respect to CMO 

 

5.4 Experiment 4: 
In this experiment, we compare the proposed algorithm with X-BOT, PROP-O, and THANCS algorithms with 

respect to OCD, MP, CMO, and ORO. In this experiment, parameters m and t of the proposed algorithm are set to 1 

and 0.6 respectively, and Topology.1 is used as the underlay topology. According to the results of this experiment 

which are shown in Figures 18 to 21, we may conclude that in term of OCD, MP, CMO, and ORO, the proposed 

algorithm performs better than X-BOT, PROP-O, and THANCS algorithms except for the early periods of the 

operation of the network. This is because of the fact that in the proposed algorithm, each peer utilizes a learning 

automaton for parameter adaptation (parameter neighborhood radius) and a mechanism inspired from the Schelling 

segregation model for adaptive execution of the exchange operator that improves its functionality as the network 

operation proceeds. Adaptation of parameter m helps each peer to find appropriate corresponding and candidate 

peers to be used in the exchange operation leading to a lower OCD and MP. Adaptive execution of the exchange 

operator also helps each peer to manage the exchange operators in such a way that unnecessary exchange operations 

are avoided and lead to a lower ORO and CMO. In contrast to X-BOT, PROP-O, and THANCS algorithms, which do 

not utilize adaptive mechanisms to improve their functionality, the proposed algorithm (by utilizing an adaptive 

mechanism) is able to improve the quality of the overlay (with respect to a low OCD and MP) and decrease its 

overhead (with respect to a low ORO and CMO). 
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Fig. 18 Comparison of LA_Match with existing 
matching algorithms with respect to OCD 

 
Fig. 19 Comparison of LA_Match with existing 
matching algorithms with respect to MP 

 
Fig. 20 Comparison of LA_Match with existing 
matching algorithms with respect to ORO 

 
Fig. 21 Comparison of LA_Match with existing 
matching algorithms with respect to CMO 

 

5.5 Experiment 5:  
In this experiment, we study the performance of the proposed algorithm when m=1 and t=0.6 on an overlay that 

utilizes GIA to manage the overlay topology. In this experiment, Topology.1 is used in the underlay network. The 

results are compared with the results obtained for X-BOT, PROP-O, and THANCS algorithms in terms of OCD, MP, 

CMO, and ORO. In this experiment, each peer uses GIA to find its neighbors and then executes the matching 

algorithm (LA_Match, PROP-O, X-BOT, and THANCS) to modify its connections to its neighbors in order to solve 

the topology mismatch problem. From the results given in Figures 22 to 25, we can say that the proposed algorithm 

performs better than other algorithms in terms of OCD, MP, CMO, and ORO except for the early rounds of the 

simulation. This means that, the proposed algorithm can be efficient even for GIA. This is because the proposed 

algorithm is equipped with a self-adaptive mechanism and its design is not dependent on a specific overlay network, 

and therefore, it can be useful for different types of overlay networks. 
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Fig. 22 Comparison of LA_Match with existing 
matching algorithms with respect to OCD when GIA 
is used 

 
Fig. 23 Comparison of LA_Match with existing 
matching algorithms with respect to MP when GIA is 
used

 
Fig. 24 Comparison of LA_Match with existing 
matching algorithms with respect to ORO when GIA 
is used 

 
Fig. 25 Comparison of LA_Match with existing 
matching algorithms with respect to CMO when GIA 
is used

 

5.6 Experiment 6: 
In this experiment, we compare the proposed algorithm with PROP-O, X-BOT, and THANCS algorithms when 

topologies Topology.2 and Topology.3 have been used. Both Topology.2 and Topology.3 belong to the class of 

router level topologies[45]. Topology.2 contains few populated groups, but Topology.3 contains many low populated 

groups in which the distance between the groups is far greater than the distance between the peers in each group. In 

other words, in Topology.3 the probability that two peers in the overlay network belong to different autonomous 

systems is high. Parameters m and t of the proposed algorithm are set to 1 and 0.6, respectively. The results are 

compared with respect to four criteria OCD, MP, CMO, and ORO. Figures 26 to 29 give the results of this 

experiment for Topology.2 and Figures 30 to 33 for Topology.3. From the results one may conclude the following: 

 In terms of OCD and MP, the proposed algorithm outperforms X-BOT, PROP-O, and THANCS algorithms 

when Topology.3 is used. This is because (1) for Topology.3 the probability that any pair of peers in the 

overlay network selected by the exchange operator be far apart from each other is high and (2) the proposed 

algorithm is able to find more appropriate candidate peers due to the adaptation of the parameter radius, 

and therefore, the exchange operator of the proposed algorithm can significantly reduce both OCD and MP. 
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 In terms of OCD and MP, the proposed algorithm performs better than X-BOT, PROP-O, and THANCS 

algorithms when Topology.2 is used. Since Topology.2 has large and populated groups, for other matching 

algorithms that use local search with fixed neighborhood radii take some number of rounds until a peer 

finds an appropriate candidate to be exchanged with. This leads to a higher OCD and MP. 

 From the results of this experiment, we can conclude that the proposed algorithm can be efficient even for 

router level topologies. This is because the proposed algorithm uses some information about delays of 

links, and delays of the link reflect information about the structure of the underlay network. Therefore, the 

overlay network utilizing the proposed algorithm is able to change its configuration considering 

information about the underlay network. 

 

 
Fig. 26 Comparison of LA_Match with existing 
matching algorithms with respect to OCD when 
Topology.2 is used 

 
Fig. 27 Comparison of LA_Match with existing 
matching algorithms with respect to MP when 
Topology.2 is used 

 
Fig. 28 Comparison of LA_Match with existing 
matching algorithms with respect to ORO when 
Topology.2 is used 

 
Fig. 29 Comparison of LA_Match with existing 
matching algorithms with respect to CMO when 
Topology.2 is used 
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Fig. 30 Comparison of LA_Match with existing 
matching algorithms with respect to OCD when 
Topology.3 is used 

 
Fig. 31 Comparison of LA_Match with existing 
matching algorithms with respect to MP when 
Topology.3 is used 

 

 
Fig. 32 Comparison of LA_Match with existing 
matching algorithms with respect to ORO when 
Topology.3 is used 

 

 
Fig. 33 Comparison of LA_Match with existing 
matching algorithms with respect to CMO when 
Topology.3 is used 

 

5.7 Experiment 7: 
This experiment is conducted to study the effect of different churn models on the performance of the proposed 

algorithm when m=1 and t=0.6. The churn models used are the Random churn model[42] and Pareto churn 

model[42] according to Table 3. In Table 3, the probabilities of joining and leaving the peers for two Random churn 

models and the lifetime mean and the dead time mean for one Pareto churn model are given. The results obtained for 

the proposed algorithm are compared with the results for the X-BOT, PROP-O, and THANCS algorithms with 

respect to OCD, MP, ORO, and CMO. Figures 34 to 45 give the results of this experiment. 

 

Table 3 Churn model setting 
Churn model type Churn model name Churn model  parameter 

Random churn model[42] Random churn 1 joining_probability=0.8  

leaving _probability=0.2 

Random churn model[42] Random churn 2 joining _probability= 0.7 

leaving _probability=0.3 
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Pareto Churn model[42] Pareto Churn 1 LifetimeMean: 90 sec 

DeadtimeMean:10 sec 

 

From the result we may conclude the following: 

 In terms of overlay communication delay (OCD) and number of mismatched paths (MP) the proposed 

algorithm performs better than PROP-O, X-BOT, and THANCS algorithms for all churn models. This is 

because of the fact that the proposed algorithm tunes up its neighborhood radius in a self-adaptive manner 

that leads to finding better candidate peers and therefore, results in a fewer number of mismathed paths and 

also a lower OCD. 

 In terms of CMO (control message overhead) and ORO (overlay reconfiguration overhead), the proposed 

algorithm performs worse than other algorithms at early rounds of the simulation for all the churn models. 

This is because in the proposed algorithm, each peer cooperates with its neighbors to improve the decisions 

of its management unit during the operation of the network. The information about the joining and leaving 

peers will be propagated among peers because of the cooperation among peers. The information 

propagation among peers increases the amount of control messages of the algorithm (with respect to a high 

CMO) and motivates the management units of more peers to consider the changes that were made in the 

network and which lead to an increase in the changes of the configuration of the peers (with respect to a 

high ORO). It should be noted that X-BOT, PROP-O, and THANC have no mechanism to mitigate the 

negative effects of the churn. 

 

 
Fig. 34 Comparison of LA_Match with existing 
matching algorithms with respect to OCD when 
Random churn 1 is used  

 
Fig. 35 Comparison of LA_Match with existing 
matching algorithms with respect to MP when 
Random churn 1 is used 
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Fig. 36 Comparison of LA_Match with existing 
matching algorithms with respect to ORO when 
Random churn 1 is used 

 
Fig. 37 Comparison of LA_Match with existing 
matching algorithms with respect to CMO when 
Random churn 1 is used  

 
Fig. 38 Comparison of LA_Match with existing 
matching algorithms with respect to OCD when 
Random churn 2 is used  

 
Fig. 39 Comparison of LA_Match with existing 
matching algorithms with respect to MP when 
Random churn 2 is used  

 

 
Fig. 40 Comparison of LA_Match with existing 
matching algorithms with respect to ORO when 
Random churn 2 is used  

 

 
Fig. 41 Comparison of LA_Match with existing 
matching algorithms with respect to CMO when 
Random churn 2 is used  
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Fig. 42 Comparison of LA_Match with existing 
matching algorithms with respect to OCD when 
Pareto Churn 1 is used 

 
Fig. 43 Comparison of LA_Match with existing 
matching algorithms with respect to MP when 
Pareto Churn 1 is used 

 
Fig. 44 Comparison of LA_Match with existing 
matching algorithms with respect to ORO when 
Pareto Churn 1 is used 

 
Fig. 45 Comparison of LA_Match with existing 
matching algorithms with respect to CMO when 
Pareto Churn 1 is used 

 

 

6 CONCLUSION 
In this paper, an algorithm based on learning automata and the Schelling segregation model to solve the topology 

mismatch problem was proposed. The proposed algorithm uses learning automata to improve its local search 

operation and the Schelling segregation model to improve its connection establishment process. Improving the local 

search operation causes more appropriate corresponding and candidate peers to be found and used by the exchange 

operation leading to decreasing the number of mismatched paths and also decreasing the delays of the paths of the 

overlay network. Improving the connection establishment process helps each peer to better manage the exchange 

operators that prevent performing unnecessary exchange operations that lead to decreasing the number of 

reconfigured peers and the number of control messages of the matching algorithm. To evaluate the proposed 

algorithm, several computer experiments have been conducted using OverSim. Experimental results showed that the 

proposed algorithm can compete with some of the existing matching algorithms including X-BOT, PROP-O, and 

THANCS algorithms in terms of overlay communication delay and the number of mismatched paths.  
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