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Abstract 

Gnutella and Napster, once most popular P2P file sharing systems, have encountered a 
serious problem for their significantly unbalanced content sharing between peers. Most 
peers in the sharing networks benefit from the sharing of others without contributing. This 
problem is so-called the free-rider problem. It is a very important issue to avoid the 
free-rider problem so that all of the peers in the networks can benefit substantially from 
collective actions so as to sustain the operations of the sharing networks. For the 
foreseeable wireless P2P contents sharing, this paper presents a correspondent solution 
model (utilizing the P-Grid storage model) named as “Contextualized Information 
Contribution Model, CICM”. This model enables peers in the network to share content 
fairly and efficiently by considering information contribution of peers and instituting peers 
the incentives to account for the global benefits of a private act. 

Keyword: P2P, distributed computing, content sharing, information contribution, free 
rider, ad-hoc network  
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4.P-Grid [K. Aberer et al., 2003] 

5. 4 P-Grid Routing Table Exchange [K. Aberer et al., 2003] 
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A P-Grid Manipulator PGM
P-Grid sharing experience

routing table
4 5

P-Grid Manipulator PGM

A Contribution Evaluator CE C
C

slice 
of moment

Contribution Evaluator CE Contribution Evaluator
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1. Contribution Evaluator Algorithm 

Requester X : a peer who requests content sharing in the p2p ad-hoc network. 

Peeri: peers who currently are alive in the p2p ad-hoc network.

Definition

Ic Requester X, Peeri the information contribution of Requester X evaluated by Peeri.

Fwi the weights of features that constitute the information contribution construct, e.g. value of

sharing, rate of rejection and rate of refusal. 
Contextual attributes 

En Requester X : detected location, device and time from the environment. 

Nt Requester X : detected bandwidth, connection and speed from the network. 

St Peeri : the selected sharing strategy from the strategy pool by Strategy Evaluator.

Vs Requester X : Value of sharing delivered by X who triggers the computation of  En(), Nt(),and

St().

y : Sigmoid function, the output is a continuous function of its input which is between 0 and 1.

i.e., 1
1

1)(0 ≤
+

=≤ − ye
yσ

Rrj Requester X, Peeri : rate of rejection representing the ratio of content-sharing requests (from

other peers) rejected by X (the records of these rejections are retained at the side of the requestors –

Peeri).

Rrf Requester X, Peeri : rate of refusal denoting the ratio of peer X’s requests of content sharing

refused by other peers – Peeri ( the records of these refusals are retained at the side of the providers –

Peeri).
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Contribution Evaluator Algorithm:

Contribution Evaluator CE information contribution
:

=

n

i 1 i)Peer(X,Tt
i)Peer(X,Trj  (Formula 1 ) Rate of Rejection i

target peer X

=

n

i 1 i)Peer(X,Tt
i)Peer(X,Trf (Formula 2) Rate of Refusal

X i Formula 1
X X

Function Ic Request X, Peeri returns the information contribution of peer X evaluated by 

Peeri in a slice of moment. 

Input X, a peer who is requesting for information 

sub function Vs Requester X returns the value of sharing delivered by X

      1. Start the Context Agent to detect the contextual values between Requester X and 

Peeri in the p2p  network. 

      2. Start the Strategy Evaluator to choose a strategy of content sharing based on the 

contextual values. 

3. Choosing a model of content sharing based on the strategy. 

4. Return En(Requester X)+Nt(Requester X)

sub function Rrj Requester X, Peeri returns the ratio of content-sharing requests (from 

other peers- Peeri ) rejected by X 

      1. Start the P-Grid Manipulator to search the transaction experience about X in the

p2p network 

      2. Return 
=

n

i 1 i)Peer(X,Tt
i)Peer(X,Trj

sub function Rrf Requester X, Peeri returns ratio of peer X’s requests of content sharing 

refused by other peers – Peeri.

      1. Start the P-Grid Manipulator to search the transaction experience about X in the

p2p network 

      2. Return 
=

n

i 1 i)Peer(X,Tt
i)Peer(X,Trf

While receiving the request MSG. from Requester X

    1. Vs = Call function Vs Requester X

    2. Rrj = Call function Rrj Requester X

    3. Rrf = Call function Rrf Requester X
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X Formula 2
X X

X
Formula 1&2 Rate of Rejection

Rate of Refusal threshold
free rider

Vs, value of sharing s sigmoid 

function
ye

y −+
=

1
1)(σ (Formula 3)
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3 0 1
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2.
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2 Stw ∗ Rrf*FwfRrj*FwjVs*Fwv ++ Formula 4 Stw
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Preference Learning Agent PLA
Ontology
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Preference Learning Agent PLA

Ontology
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Context Agent CA P-Grid Manipulator PGM

Context Agent CA

category vector matrix, CVM
Profile

3
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CICM
Preference Learning Agent PLA

4.Preference Learning Agent Algorithm

8. Ontology

CVL Srt, Cf Category vector learning machine that calculates  

the category weights based on the behavior of peerX.

Srt is a set of selections (rendered by peeri) from the option menu. 

Cf is the contextualized factor created by Context Agent.
CVM Category Vector Matrix storing the category vector for peerX. 

CVM Srt, Cf = def kmn ,,∃  is C1T1I1, C1T1I2, …., C1T1Ik,

C1T2I1, C1T2I2, .…, C1TmIk, C2T1I1, C2T1I2, …., CnTmIk , n,m,k N∈ .

CnTmIk =def )(14,...,3,2,1 CVMxorxxxis ∈ , {0,1}14,...,3,2,1 ∈xxxx .
Itv s Item to vector (transforming the selected options and the contextualized factors

into a category vector matrix). i.e., basing on the file feature set match with the feature of

category selected vector.

CWold An old category weight stored in the user profile. 

CWnew An new category weight calculated with user’s file sharing behavior. 

α Learning rate, ]1,0[∈α , ℜ∈α .
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4 CnTmIk n
m k

4
8 Ontology

4

Itv
(0,1,0,1,0,0,0,1,0,0,0,0,0,0) 5 4

Itv
CnTmIk

Preference Learning Agent PLA

Preference 
Learning Agent Algorithm

Preference Learning Agent PLA category weight

KMN

xiITC
N

n

M

m

K

k
kmn

∗∗
= = =1 1 1

)(
(Formula 5) category vector matrix, 

CVM category weight

Itv
Compute CVM itv

0.6 6/10

                                                
4 ontology ontology

5 4

Itv ontology 7

14
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Preference Learning Agent Algorithm

CICM JXTA [L. Gong, 2001] P-Grid
Peer JXTA

PDA PC
CICM

CICM

(1) CICM
(2) Preference Learning Agent (PLA) 

(1) CICM acceptance rate CICM
metric acceptance rate

acceptance rate CICM

(2) PLA ranking difference Preference 
Learning Agent metric ranking difference Preference Learning 
Agent

Evaluative Function

CICM

Evaluative Function

Function CVL Srt,Cf returns the category weights of peer X learned evolved by 

Preference Learning Agent. 

Input Srt, Cf

    1. Attain CWold from the profile of the peerX. 

    2. Compute CVM = Itv Srt ∪ Itv Cf .

    3. Calculate CWnew =
KMN

xiITC
N

n

M

m

K

k
kmn

∗∗
= = =1 1 1

)(
.

    4. Return newCWCW ∗−+∗ )1(old αα .

    5.Replace Cwold  with newCWCW ∗−+∗ )1(old αα  in the user profile. 
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Evaluative Function 1
malicious peer

CICM
CICM malicious peer rate Evaluative Function 

1 1 malicious peer rate
malicious peer rate

Evaluative Function 1 0 Evaluative Function 1
CICM

Evaluative Function 2 ranking preference 
learning agent ranking 
difference Evaluative Function 3

Preference Learning Agent
Evaluative Function 36 preference learning agent

Evaluative Function 2 3 preference learning agent

Evaluative Function 2 2 B:(3-2) - A:(2-3) +
C:(1-1)

Preference Learning Agent
4 Evaluative Function 3

50% 2/4

                                                
6 real case of difference worst case of difference

PLA

Evaluative Function 1 = (1 - acceptance rate)  malicious peer rate 

Evaluative Function 2 = 
=

−
n

i

kiPLAItemRannkipeerItemRa
1

)(

peerItemRank i, the information item rank provided by the peer. 
PLAItemRank i, the information item rank provided by PLA. 

Evaluative Function 3 = real case of difference  worst case of 
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5.
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90%
CICM

CICM
0.6 12

12 X Y
630 352
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74.7% (352-89)/352

83.5% free rider rate = 0.2, 0.6
CICM
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Average Rejection Rate = 
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Average Rank Difference (2)
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