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Abstract--We present Ad-Share, a distributed method for mutual advertisement hosting among a group of 

participating entities in P2P architecture. In such architectures the issue of free riding is well known. A multitude of 
reputation and incentive-based methods have been proposed to improve the system performance. Ad-share is based on 
two reputation schemes, the reputation algorithm EigenTrust and a reputation-based incentive model. The Ad-Share 
constitutes a novel approach towards an online distributed advertising method lacking any payment scheme. We evaluate 
Ad-Share extensively in environment in which a group of participating organizations is heterogeneous with regard to 
their quality and services and we show that our method can effectively provide fair and robust advertisements 
assignments. 
 

Index Terms-- Peer-to-Peer, Online advertising, Incentives, Reputation Management.  

I. INTRODUCTION 
Peer-to-peer (P2P) networks are distributed systems that allow the direct communication of participating peers 

without the necessary mediation of a server. An extensive survey on P2P networks can be found in [1]. The main 

characteristic of P2P networks is the absence of central control over the users. The users are autonomous, having 

control of their files and connect/disconnect to the network spontaneously. In P2P networks emerge the problem of 

free riding. The users mainly act as consumers and lack motivation to contribute. Extensive research has been 

conducted in this area and many models have been proposed to motivate the users’ contributions. The research is 

focused on applications of reputation and incentive-based mechanisms in P2P networks. A comprehensive survey 

on online reputation mechanisms is [4] and on P2P reputation systems is [5]. Recalling from [5] “the core of any 

P2P reputation system is in the answer to the following question: how can a given peer use the experiences between 

the peers, that it can retrieve from the network, to evaluate the trustworthiness of any other peer?” In P2P systems 

there is no central authority to distribute the reputation values of the users. Thus there is the necessity for a 

distributed mechanism to spread the reputation ratings for the entities. In [8] the authors propose a distributed 

reputation algorithm that produces global reputation ratings for the evaluation of peers, robust to malicious peers.  

The reputation problem in P2P has been studied extensively using game theoretic framework and many models 

have been proposed. Game theory is an appropriate tool for modeling systems with selfish and autonomous 

participating entities. The notion of Nash Equilibrium is a tool for prescribing of peers’ behavior. The main 

underline assumption on the behavior of the participating entities is that are rational i.e. they act as to maximize 

their profit. Proposed approaches are the micro- payment model [9], differential service-based incentive scheme [2] 
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and reputation-based incentive model [10].  

The recent growth of online markets is impressive and has become the key point for the companies in the web. A 

significant number of firms, from small businesses to multinational corporations, incorporate online advertising into 

their marketing strategy. A large number of online advertising methods have been developed, some of the most 

popular follow: banner ads, email marketing and search engine marketing. 

The online methods use different types of payment schemes, the most common being the CPA (Cost Per Action), 

the CPC (Cost Per Click) and the CPV (Cost Per Visitor). In online advertising the scheme is centralized, i.e. there 

is a service provider who defines places on the relevant web server pages to be occupied by the advertisees, ie. the 

entities that want to be advertised.  

The P2P systems have be become very popular mainly as file sharing systems. In this paper, we deal with the 

problem of designing a distributed advertising method for P2P systems lacking any payment scheme. The methods 

have to be robust and fair with regard to advertisements assignments. We propose an online distributed advertising 

method which alleviates the need for a payment mechanism. Our method is decentralized in the sense that there is 

not central authority responsible for the advertisements (ads) assignments but the companies themselves. Our 

method is a first approach for the designing a P2P incentive-based advertising mechanism. We apply two reputation 

mechanisms, an incentive-based scheme [10] and the EigenTrust algorithm [11]. We consider a setting where the 

participating organizations (peers) differ with regard to their quality and services. We have developed two 

variations of the EigenTrust, the first, group the peers into homogenous clusters according to their reputation in real 

market and the second ensure the homogeneity of the clusters. Our proposed method efficiently achieves the desired 

goals of fair and robust advertisements assignments. 

The paper is organized as follows. Section II covers the background of the present method. In Section III, we 

present the advertising method. In Section IV we present the evaluation of the method. Finally, in Section V we 

present the conclusions of the paper.  

II. BACKGROUND 
In this section we review reputation models the methods we exploit in our advertising method. The authors in 

[11] present EigenTrust a distributed reputation algorithm. EigenTrust evaluates the peers’ transactions and is based 

on the notion of transitive trust. Moreover, the algorithm aggregates the reputation values based on a distributed 

method robust to malicious peers. In [10] a reputation model is defined based on incentives in order to address the 

problem of free riding. In the following we present Eigentrust and the incentive-based model in detail as they are 

used as an integral part of our approach.  

A. The EigenTrust Algorithm 
The Eigentrust algorithm [11] is based on the notion of transitive trust. Recalling from [11], every peer assigns 

local trust values to the peers that have committed at least one transaction in the past. If peer i wants to rate 

unknown peers then it asks its acquaintances about their opinion about those peers. Acquaintances of peer i are 

peers which peer i has rated with high trust value in the past. . When peer i rates a transaction with peer j as 

positive, then  (if negative then ). The local trust value  that peer i assigns to peer j is the sum of ijtr 1= ijtr 1= − ijs
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the respective ratings, . The normalized local trust value  is defined as: ij ijs t= ∑ r ijc ij
ij

ijj

max(s ,0)
c

max(s ,0)
=

∑
. When 

peer i rates an unknown peer k, it asks its acquaintances about their opinion about k. Peer i weights their opinion 

( ) by the trust values ( ) it has assigned in them, thus:jkc ijc ik ij jk
j

t c c= ⋅∑ . If C is the matrix  and ij[c ] icG a vector 

containing the trust values which i assigns to his acquaintances then T
it C ci= ⋅
G G . If peer i aims at improving its 

knowledge about a larger part of the network it may ask the friends of its friend’s friends and so on. Then, after n 

steps we have . As demonstrated in [11] when n is large the trust vector  converges to the 

vector .  

( )nT
it C c=
G G

i⋅

t

⎬

it
G

(k 1) T kt C+ = ⋅
G G

In Eigentrust the notion of pre-trusted peers is defined as a tool to avoid manipulation from malicious peers. The 

set P of pre-trusted peers is a subset of the set of peers and they are considered as honest from the beginning of the 

procedure. The notion of pre-trusted peer is important for the convergence of the algorithm. The pre-trust value for 

peer i is defined as:    (1). Finally, we havei
1/ | P |        if  i P

p
0           otherwise

∈⎧ ⎫
= ⎨

⎩ ⎭
( )(k 1) T kt 1 b C t bp,   0 b<1+ = − ⋅ + <

G G G , where 

the parameter b is a constant. In fact each peer computes its global trust value as follows: 

   (2).  k 1 k k k
i 1i 1 2i 2 ni nt (1 b) (c t c t .... c t ) b p+ = − ⋅ + + + + ⋅ i

i

The distributed EigenTrust algorithm is defined as follows: 

For each peer i two sets of peers are defined,   

iA : The set of peers that have at least one transaction with i.  

iB : The set of peers with which peer i has at least one transaction. 

Then the EigenTrust algorithm appears in Table I.  
                                                            TABLE I                                                                  
                                        THE EIGENTRUST ALGORITHM                                           

Each peer i do { 

Query all peers  for ; ij A∈ 0
j jt p=

repeat  

       Compute  ; k 1 k k
i 1i 1 ni nt (1 b) (c t .... c t ) b p+ = − ⋅ + + + ⋅

       Send  to all peers  ; k 1
ij ic t +

ij B∈

       Compute k 1 k
i it t+δ = −  ; 

       Wait for all peers ij A∈  to return k 1
ij jc t + ;  

until  δ < ε

} 
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B. A Reputation based Incentive Model  
The authors in [10] present an incentive-based scheme in P2P networks to improve the system performance. They 

apply a game theoretic model, an infinite repeated game, analyzing the incentive scheme and identifying the pure 

and mixed Nash Equilibria. The peer interactions are modeled as an infinite repeated game, the Service Game ∞G . 

Time is divided in infinite time periods. In each of them each peer can has two activities; to serve others, to obtain 

service for itself. Peers are motivated to serve others by imposing that every peer will receive service with 

probability equal to its current reputation. Peers gain reputation only by serving others. The reputation of each peer 

is measured each time period using a recursive function R. The value  is the reputation value of a peer i in the 

time period t. Function  is a linear function of the reputation value 

i
tR

i
tR i

t 1R −  and the reputation value that peer i gains 

from its actions in period t. In every time period each peer will increase (decrease) its reputation value R depending 

on its actions. The request from a peer i, in a time period t, will be served from a peer j with probability . In each 

time period, each peer receives one request for service while it could receive service one time per time period.  

i
tR

The incentive scheme is evaluated using a game theoretic framework. A service game  is initiated as an 

infinite repeated game and is defined as follows:  

G∞

• Time t is divided into infinite time-periods,  t 0,1,2, ,= ∞… . 

• Each of the N peers is considered as a player.  

• The set of possible actions for each peer is {Serve, Don’t serve} 

Function R is defined as:    (3). { }i i
t t 1R (1 ) R       t 2−= − α ⋅ + α ⋅ω ≥

While:  and . i
0R 0,   = ∀i i

1

i
1R ,   = ω ∀

Parameter ω is set to 1 if the peer chose the action “serve”, 0 otherwise. Parameter α, ( ) defines the 

portion of the reputation a peer maintains from its past performance vs. its current action. Low values for α imply 

small changes to a player’s reputation if it does not serve. Basic assumption is that the population of peers is 

homogeneous i.e. have equivalent capabilities and then is difficult for them to coordinate. 

0 ≤ α ≤

The authors in [10] estimate the pure Nash equilibrium and the symmetric mixed Nash equilibrium of the service 

game. They prove that the pure Nash equilibrium is the action “don’t serve” and a symmetric mixed Nash 

Equilibrium is the mixed strategy (p, 1-p), same for all peers. Briefly, the proof is as follows. According to Nash 

Folk theorem for the infinite repeated games [12], G and the infinite repeated game  have the same Nash 

Equilibria. Therefore, we have only to detect the Nash Equilibria of the G. The pure Nash equilibrium of the 

advertising game is the action “don’t serve”. We notice that if a player chooses the action “serve” its payoff is -C 

instead of zero in the case it chose the “not advertise” action . The payoff of a player i who chooses to advertise is 

 because all the other players will chose the equilibrium action and will not advertise. This implies that each 

player’s request will be rejected. This pure equilibrium is unstable, because if the players stay at the equilibrium 

then the system collapses.  

G∞

C−

For the mixed strategy Nash equilibrium, we notice the game G exhibits a symmetric Nash equilibrium because 
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of the homogeneity of the peers. The peers are indifferent about the peer that they will request for service. We recall 

the following statements from [12]:  

• (Mixed strategy equilibrium existence) “Every finite strategic game has a mixed strategy Nash 

equilibrium”.  

• “Every action in the support of any player’s equilibrium mixed strategy yields that player the same payoff”. 

The proof is based on these statements and the existence of a symmetric mixed Nash Equilibrium. Assume that the 

symmetric equilibrium is {p, 1-p} where p is the probability that the player choose the action “serve”. Then: 

Serve Don't payoff payoff   = ⇒  

serve i don ' t i
t tp( C R U) (1 p)( R U) − + ⋅ = − ⋅ ⇒…

don ' t i
t

serve i don ' t i
t t

R  
p

C R R
U

=
−

+ + ⋅
   (4) 

If we assume that C 1
U
� , then 

don ' t i
t

serve i don ' t i
t t

R  
p

R R
=

+ ⋅
 

If the function R is positive and se , then regardless of the relation , p is always 

less than 0,5. Finally, from (3) and (4) follows: 

rve i don ' t i
tR   > R t t

serve i don ' t i
tR   and  R

i
t 1

i
t 1

(1 )R  
p

C2(1 )R
U

−

−

− α
=

− α + α −
   (5). 

This is the symmetric Nash equilibrium for the game G∞ . Also, this is a stable Nash equilibrium. An important 

observation is that even we assume C 1
U
�  the parameter α must be small in order to the probability p to converge 

to 0,5. 

III. THE ADVERTISING METHOD 
We develop an advertising method for mutual advertisement hosting in a group of participating companies, where 

each company owns a web site. We assume that the firms have been clustered in semantically coherent groups 

according to their services and products classification. These semantically related peers-companies are grouped into 

a semantic overlay network (SON). The authors in [3] and [6] show that files shared in P2P networks can be 

clustered efficiently by content categories. The exact method for the generation of the semantic overlay network is 

out of the scope of this paper. The semantic overlay network contains M semantic categories and each of them L 

subcategories. In each category peers are evaluated with regard to the quality of their services and products and are 

grouped into relevant quality categories. The advertising process starts at each semantic category of SON and at 

each quality category independently. The basic assumption is that if the peers in a quality category are relevant with 

regard to reputation level in the market, then they don’t have the motivation to cooperate. This assumption is 

important for the game theoretic analysis of Ad-share.  

The Ad-method is based on the combination of two reputation methods: the Eigentrust algorithm [11], and an 

incentive-based scheme [10], aiming to motivate the peers to accept advertisements at their web sites. Each peer has 



 6

a dual role, act as advertiser (i.e. host advertisements on its web site) and as advertisee (“pay” for having an 

advertisement hosted). We have developed two versions of the EigenTrust algorithm, the Eigen-Clustering and 

Eigen-Test. The first version computes the reputation of the companies in the market. Eigen-Clustering clusters the 

peers in quality categories according to their reputation. The underlying assumption is that Eigen-Clustering values 

reflect the reputation of a company in the market. We cluster the peers in quality categories in order to ensure that 

each category has a homogenous population of companies. The second version of EigenTrust, the Eigen-Test, is 

used periodically, evaluating the homogeneity of the categories. The algorithm ensures that the peers participate in a 

group of companies witch is homogenous with regard to reputation level in the market.  

Briefly the steps of the method are as follows: After the end of Eigen-Clustering the main advertising process 

starts in every quality category independently. The time is modeled by an infinite number of advertising periods 

(Ad-periods). In each Ad-period, every peer has a reputation value Φ. The reputation values are measured by a 

recursive function Φt.  The reputation values are increased each time the peer acts as advertiser. We apply an 

incentive in order to motivate the peers to act as advertiser. The incentive is that the request of peer i as advertisee 

(i.e. asking for some other peer to host its advertisement) will be served with a probability equal to its reputation 

value. In the next sections we describe analytically the stages of the advertising method. 

A. The Advertising Game 

Similarly to the service game presented in [10] we define the advertising game Ad-Game. We assume infinite 

consecutive advertising periods. In every period each peer has to decide if it will make available for advertisement 

K slots (at its website) or not. The action “open K slots” implies that the peer is willing to accept to host exactly K-

ads in its web site. We also assume that the peers are honest with their choices, i.e. if they have opened k slots they 

would not reject any request for advertising if they have at least one slot vacant. The underlying assumption is that 

we identify the action of “open K-slots” with the potential acceptance at the future K requests for ads hosting. We 

compute the reputation values of a peer with a recursive function Φ, whose values depend on the actions of a peer. 

In our model the action “open k slots” is equivalent to the action, “advertise K peers”. The function Φ

G∞

t is the 

function R (3) using different initialization strategy. In the same manner as in the service game in section II, by 

default, the probability for a peer to be advertised in a web site is equal to its reputation. Under this incentive 

scheme, the peers have the motivation to be advertisers in order to increase their reputation and thus to increase their 

chances of having theirs ads accepted in other peers. 

We apply a game theoretic approach analyzing the incentive scheme and identifying the pure and mixed Nash 

Equilibria of the game.  

We define the Ad-Game an infinite repeated game as follows: 

1. The time t is divided in infinite ad-periods, t 1, 2,3.....,= ∞ . 

2. We define the game G. 

3. The Ad-Game based on the infinite repetitions of the G. 

4. The set of N players is the set of N peers.  

5. The set of actions , for each peer is: 1 2A {a ,a }=
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              {Open K slots, Don’t open K slots} ≡ {Advertise K peers, Don’t advertise}.  

6. We define the function Φ as follows: 

                 (6). 
i

i t 1
t

(1 )       t 1
1                                  t=0

−⎧ ⎫− α ⋅Φ + α ⋅ω ≥⎪ ⎪Φ = ⎨ ⎬
⎪ ⎪⎩ ⎭

The N players have to decide independently if they are willing to accept to host K ads in their website. Each 

player/peer represents a company with a web server. During the first period all peers have a reputation value 1. This 

is a different initialization strategy to the one presented in [10]. We give a bonus of reputation to every peer at the 

beginning of the game in order to have a successful Ad-Hosting from the first period. Parameter ω is set to 1 when 

the player opens Κ slots and 0 otherwise. 

Following an analysis similar to [10] we can detect the Nash Equilibria of the Ad-Game. The pure Nash 

equilibrium of the advertising game is the action {Don’t open k slots}. The proof for the symmetric mixed Nash 

equilibrium is the same with the proof for the service game G∞ in section II, since we assume that the group of 

companies is homogenous. It is easy to prove that the symmetric mixed Nash equilibrium for the Ad-Game is the 

strategy (p, 1-p) where: 
i
t 1

i
t 1

(1 )  
p

C2(1 )
U

−

−

− α Φ
=

− α Φ + α −
   (7). 

B. The Eigen-Clustering and Eigen –Test Algorithms 
The Ad-method uses two versions of EigenTrust algorithm. The first version, Eigen-Clustering, clusters peers in 

quality categories Low, Medium and High. Each peer is a company with a web site. We assume the peers’ market 

reputation as proportional to the size of the company, and the quality of its products. Thus the peers participating in 

the advertising already know some of the other peers and have an opinion for them. We define the sets and  

of peer i in the same fashion as in the original EigenTrust. Set  is the set of peers who have an opinion about i. 

Set is the set of peers that peer i knows from the market and it can evaluate them (i.e. the opinions of peer i for 

the peers it is aware of). We define the local trust values  as the evaluation of peer i to peer j, 

. The Eigen-Clustering follows the same approach as EigenTrust appearing in Table-

I. 

iA iB

iA

iB

ijc

i

ij ij
j B

0 c 1 with c 1,  i, j
∈

≤ ≤ = ∀∑

We consider all the peers as pre-trusted, |P|=N, meaning that in the first repetition of the algorithm each peer has 

. The output of the algorithm is the  values used for the subsequent clustering.  The experimental 

results show that this simple measure is efficient for the clustering process. 

0t 1/ | P= | markett

The second version, the Eigen-Test, evaluates the homogeneity of the quality categories. It runs periodically at 

the end of a randomly chosen ad-period. The algorithm runs simultaneously in all quality categories of the semantic 

subcategory. We assume that the peers cannot predict the exact ad-period during which Eigen-Test is executed. We 

choose the ad-period randomly in order to retain the game theoretic settings of the infinite repeated game and to 

ensure that the equilibrium remains the same. Also, the test can run only after the ad-period r, where r is the number 
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of periods needed for the recursive function Φ to converges, and has been defined experimentally.  

We define sets and  and the local trust values  as follows:  iA iB ijc

Assume the Eigen-Test runs at the end of the ad-period µ, then: 
iAµ : The set of peers that peer i has advertised during the µ Ad-periods. 

iBµ : The set of advertisers of peer i during the µ Ad-periods. 

Then, we define: 

i

i
j, µ

ij
i
k, µ

k B

c
v

µ∈

ν
=

∑
   (8) 

where: 

•  ij Bµ∈

•  : The sum of user clicks on the Ads of peer i , with j as advertiser, during the µ Ad-periods. i
j, µν

•   : The sum of user clicks on the Ads of peer i. 
i

i
k, µ

k B

v
µ∈

∑

The entity  is the evaluation of peer i to its advertiser peer j, with regards to the overall advertising profit that 

peer i received during the µ Ad-periods. The distribution of the global Eigen-Test values in a quality category 

reflects the reputation level of peers as advertisers. If the Eigentrust values did not exhibit significant differences 

then we can assume that the quality category is homogeneous, i.e. peers are similar with respect to their 

reputation/performance as advertisers. If not, then the peers must be clustered anew, based on the Eigen-Test values 

in all quality categories.  

ijc

C. The Ad-Share Algorithm 
Summarily we present the overall steps of the Ad-Share method as execute in each semantic category of a SON.  

Semantic Overlay Generation Algorithm 

1. Semantically related peers are grouped into SON. 

2. {< peer id, name of the company, url, Category, SubCategory >1,..,<   >N} denotes the set of peers in a 

Semantic Category. 

3. In each Semantic Category the Eigen-Clustering run. 

Eigen-Clustering 

1. The peers are clustered in quality categories Low, Medium, High 

2. In every quality category the Ad-hosting process run. 

Ad-Hosting  

        In every ad-period: 

1. Each peer i do  

2. Compute probability p, using (7)  

3. Decide, with probability p, “opens K- slots” or “Don’t open K-slots” 
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4. Compute Φi. 

5. Propagate L requests for ad-hosting, where L K≤ . 

6. Every request has the form: <peer id, name of the company, url, peer’s semantic subcategory, host 

semantic subcategories (or “all”), Φ>. 

7. Receive requests for Ad-hosting. A request from a peer j would be served with probability jΦ  only if :  

peer i has empty slots and peer j is not in the same subcategory with peer i. 

8. Store the user-clicks of ads.  

9. The Eigen-Test run (in a randomly chosen period) in each quality category and after the end of period r. 

Eigen-Test  

1. If the Eigen-Test run at period t . 

2. Compute the Eigen-Test values based on user-clicks from the t periods. 

3. Compare the Eigen-Test values in each quality category. 

4. If are homogenous,  

5. Ad-Hosting run in period t+1 

6. If not,  

7. End of Ad-Hosting. 

8. Cluster anew in quality categories all the peers in the semantic category based on Eigen-Test values. 

IV. EVALUATION OF THE METHOD 
In this section we present the experimental results evaluating the Ad-method. 

A. Initial Clustering 
First, we assess the Eigen-Clustering. We simulate each semantic category with a homogenous network (i.e. all 

nodes have the same connectivity) of 200 peers using the GTITM topology.  

As we have already mentioned, the action “open K-slots” implies that the peer is willing to accept to host K-ads 

and we assume that the peers are honest with their choices. We make a similar assumption considering all the peers 

as pre-trusted. We define the sets  and  of a peers i as the 10% of the peers using a uniform distribution. We 

define  and each peer has to give a reputation value to each peer in . We define the local trust 

values representing the trust a peer attributes to the peers in - as follows:  Assume peer i has to evaluate four 

peers: k, l, m, n, then we choose randomly 3 values between 0 and 1, e.g. 0.156, 0,627, 0.256. We divide the range 

(0,1) into the intervals (0, 0.156), (0.156, 0.256), (0.256, 0.627), (0.627, 1). The size of each interval represents the 

trust values , ,  and . 

iA iB

i

ij
j B

c 1,  i,
∈

= ∀∑ j iB

iB

ikc ilc imc inc

Then, we estimate the convergence of the Eigen-Clustering for 200 peers, we set b=0.1 in the equation 2. In Fig. 

1(a) we present the Eigen-Clustering values for 20 randomly selected peers and for 10 iteration of the algorithm. 

Fig.1(b) shows an estimation of the convergence rate of the Eigen-Clustering, it convergences fast, after the 6th 

iteration, similar with the original EigenTrust [11] . 



 10

 
Fig. 1. (a) The Eigen-Clustering values for 20 random peers. b) Eigen-Clustering convergence 

 

We further estimate the quality categories Low, Medium, High for a semantic category from the frequency of the 

Eigen Values for iteration after the convergence of the algorithm.  

 
Fig. 2. The frequency distribution of Eigen-Clustering values after the 6th iteration and for 200 peers. 

 

We compute the number of peers with Eigen-Clustering values in the intervals [0, 0.001),…, [0.009, 0.01] 

respectively. The results in Fig. 2 show the frequency distribution of the Eigen values. Small number of peers has 

Eigen-Clustering values into the interval [0,002, 0,004) and (0,006, 0,009], those set of peers are the clusters Low 

and High. More than 50% of peers are drawn to the interval [0.004, 0.006] and constitute the cluster Medium. 

Finally, we define the quality categories Low, Medium and High as the sets of peers with Eigen-Clustering values in 

the intervals [0,002, 0.004), [0.004, 0.006] and (0.006, 0.09] respectively. 

B. Ad-Hosting 
The experiments in this section address the convergence of function Φ for different values of α. We simulate an 

unstructured homogenous network with 200 peers and an average connectivity 4. Each semantic category includes 

10 subcategories, we assign the peers to sub categories randomly using the uniform distribution. In every ad-period 

the peers choose to advertise others with probability p, according to mixed Nash Equilibrium (7). In (7) we 

set C U 1 100= . Each peer has to decide independently with probability p if it will open K-slots, with K=4. In every 

ad-period every peer could request for advertisements. The maximum number of request per peer is K. The requests 

have the form: <peer’s id, name of the company, url, peer’s semantic subcategory, host semantic subcategories (or 
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“all”), Φ>.  At the field “Host sub categories” we set “all”, i.e. the peers are indifferent about the subcategory of 

their advertisers. The requests are propagated using a version of the m-random walks [8] method as follows: The 

request is propagated to m randomly chosen neighbours of the peer. Thus, m random paths-requests are created. 

Each neighbour propagates the request to only one randomly chosen neighbour. The process continues until the time 

to live (TTL) of the request reaches zero. If a request is served from a peer then all the others m-1 sub-requests 

stopped. This ensures than every request would be served from one peer.  

For our simulation experiment we set TTL=10 and we implement a 4-random walks algorithm. 

 
Fig. 3. (a) Average Φ values for 200 peers for various α. (b) Deviation of Φ for α=0.05 and α=0.1. 

 
Fig. 3 depicts the convergence of function Φ for different values of α. If 0,1α >  Φ convergences to zero. We 

study further the deviation of Φ, for α=0,1 and 0,05 (Fig. 5). For small values of α the reputation values converge to 

0,5. 

The next experiment computes the average p value and the deviation for 500 Ad-periods and α=0,05 and 0,1 (Fig. 

4, 5).  

 
Fig. 4. Average p for α=0.05 and α=0.1. 

 

Fig. 4 shows that for α=0,05 the probability p converges very close to 0,5. We recall that the upper bound of p is 

0,5. In Fig. 5 we present the deviation of p for α=0,1 and 0,05. The deviation of p for α=0,05 is very small, less than 

0,01. Thus, for the rest of the experiments we set α=0,05. 

In the following experiments we estimate the average number of Ads per advertiser and the average number of 

Ads per advertisee. The number of Ads per advertiser is very important for the efficiency of the method since we 

want to ensure that the sources of the system (the open slots) will not remain unused. 
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Fig. 5 Deviation of p for α=0.05 and α=0.1 

 

As can be seen from Fig. 6 the average number of Ads for the advertisers is almost 4 from the first ad-period. This 

implies that the peers who are willing to accept to host K-Ads they host eventually almost 4 Ads per ad-period.  

 
Fig.6. Average number of Ads for the advertisers 

 

In Fig. 7(a) and (b) we present the average number of Ads for the advertisees (500 ad-periods) and the deviation. 

The average number of Ads is significant of the efficiency of Ad-method. The method must ensure that the 

participating entities eventually will be advertised at every ad-period. The experimental results shows that in every 

ad-period each peers will be advertised at least in one web site. 

 
Fig. 7. (a) Average number of Ads for the advertisees. (b) Deviation of Ads for the advertisees. 

 

C. Homogeneity of clusters 
In the last section we assess the performance of Eigen-Test. The Eigen-Test algorithm runs after µ Ad-periods, 

where µ randomly chosen, and after Φ has converged. We implement the same simulation network as in section IV-

B. We set the following values for the involved parameters: α=0,05, b=0,1 and 0,5. We set α=0,05 because for 
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α=0,05 the probability p converges very close to 0,5. Also we experiment with b=0,1 and 0,5. The parameter b (2) 

determines the percentage of the pre-trust value of peer in an iteration of EigenTrust. We define the overall quality 

of a category as proportional to the total number of clicks its advertisements collected in one Ad-period. We 

evaluated the Eigen-Test for a quality category of 10.000 user-clicks. We assume that the advertisements in the 

category are equivalent with respect to their penetration to the market, i.e. they gather similar amounts of user 

clicks. We assign the clicks to the advertisements uniformly as follows; each advertisement gains a click with 

probability 1/Y, where Y is the total number of advertisements. Fig. 8(a) shows that the Eigen-Test converges after 

the 6th iteration. The result is similar with those for the convergence of Eigen-Clustering and EigenTrust. Figures 

8(b), 9(a) and 9(b) depict the frequency distribution of Eigen-Test values for 50, 100 and 200 ad-periods, assuming 

b=0,1.  

 
Fig. 8. (α) Eigen-Test convergence. (b) The frequency distribution of Eigen values (b=0,1) 

 
We observe that as the number of ad-periods (parameter µ) increases the Eigen-Test values tend to concentrate in 

the interval [0.004, 0.006]. As µ increases the sets µΑ  and µΒ  of the peers grow larger. Thus, the peers evaluate a 

larger part of the network and the global Eigen-Test values tend to concentrate in the same interval. 

 
Fig.9. The frequency distribution of Eigen values for 100 and 200 Ad-periods respectively (b=0,1). 

 
We experiment with b=0,5 and the main observation is that the Eigen-Test values tend to the concentrate into the 

same intervals as for b=0,1 but in a much smaller number of periods. Fig. 10(a) and (b) shows the experimental 

results for b=0,5. 
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Fig.10.  The Eigen-Test values distribution, for b=0,5, are drawn faster to the same intervals. 

 

V. CONCLUSION  
In this paper we have proposed a distributed online advertising method for P2P systems. Our method based on 

two variations of EigenTrust algorithm and an incentive-based scheme.  The contribution of our method is that it 

constitutes a novel approach towards an online distributed advertising method lacking any payment scheme. We 

evaluate the method extensively and the experimental results show that Ad-Share can effectively provide fair and 

robust advertisements assignments. 
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