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ABSTRACT

A usergererated podcasing senice ower nobile
oppatunistic networks can facilitate the ser geneated
contert disemination while hmans are o the move.
Howeve, in such a détributed and dymaic network
environment, the desigof efficient conteihforwardng and
cacle managemensclremes ae challenging due to the lack
of global poatast chanel popularity mformation at each
individual node. We dggn a dstributedreputationsystem
at each nodeof estmating the global channel popularity
information which is significant for forwarding and cache
management decision. Our smulation result shows that,
compare to Histoly-based rark schene, ou reputation
system can dgnificantly improve g/stem perfamance
uncer Community-based Rarmun Way-Pant (C-RWP)
mobility model and localized channel popularity
distribution. The performance evaluation undehree C-
RWP scearios shavs that tke reptation systembrings
more peaformance gain when channel popitia
distribution becones more localized and nodenobility
became more localized.
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1. INTRODUCTION

In recent eas, oppotunigic network has become attradive

researb area for networking small mobile devicesarried by

human beig, vehiclesand animls Besides unicast routing,

disemination basedouting isproposed byPodNetproject [1]to

provide seamles content distribution bewnd infragructure

network. Thisdissemination baed routing particularlysupport

applicationsin which the st of u®r interestedin recaving a

given dhta is not knownin advance. In thigpaper,we focuson

designng reputatim-based coment forwarding and cache
replacementschemesfor User Generated Wireles Podcastig

(UGWP) sewice overthe ystem architecte of PodNet. W

mainly target atobsokte podcasting ervice whereonly the mog

recentcontent isof intere¢s andold content isalways obsoéte by

the lates one e.g.short newsreport distribution or software

updates of mobile device. In UGWP, obtaimng popularity
information of podcas channelsis signficant for the content

forwarding ad cache replacement decisios. Unlike eisting

Interret-based ur generatesewice sich asYouTube P] where

the contenpopularity informatian is made centi&ed, in ad-hoc
podcastingthe channel populéty information is fully distributed

throughaut the networkand dynamic due tonode$ mobility. Thus

it is much more difficult for edt node to obtain and predict

popularity information of global channels. With inacairate

channel popularity information, node mayforward the ontert

that future encouner nodesare not interesed in. Ultimately, this

would lead to low hit ratio of content etrieve, lav utilization of

both the node contact oppanities and cache stage.

In this paperwe deign adistributed reputationsystem based on
Bayesian frameworkthrough which each node rcaesimate the
global channelspopularities. The populaty of channel is
repregnted by the reputation rating.The reputation system
consig of three partsFirstly, the reputtion raing of channelsat
eachnode isbuilt and updatedybthe nunber of requess to each
channel from encounte nocdes. This is cdled the first hand
information of chand populaity by each node’s direct
observéions Secondly, reputation rating is éso updated by
integratirg its encourter nales direct observationswhich is
cdled the second had information of channel popularitee By
dong ®, node can learn anddjust popularity information of
channels from observéions madeby others even before havirg
learn by own experience. By nodes g@qsng the channel
reputations the acurate channel popularityinformation can



propagate much fasteéhroughot the network, specially when
the popularity distribution is non-uniform and localized.
Moreover, to protecagains rumor sprea from liars, the second
hand infomation isonly accepted if a deation test ispas&d.
Thirdly, to adapt the channpbpularity shifts boththefirst hand
information and the reputationtiegs d ead channel écays
after each entact. The previousobsevations are gradually
forgotten whie more weight isput on recentlybservations

To the beg of our knowledge, our work is the firsittenpt to
employ Bayesian Framework based reputatiosystem for
estimating thecontent popularityin the contexbf user-geneated
opportwistic content disemination. Previous the Bayesan
framework based reputation systerhas been entpyed incoping
with misbehaviors in mobile ad hoc networkq3]. The papeis
organizedas follows: in sdion 2, the conceptof Bayesian
Framework ba=l Reputation is introduced. In sdion 3, the
protocol gecification and datatructure ofreputation system is
describel. We evaluatethe performance foreputationsystem by
discrete event smulation in section4. Section 5concludesthe
paper.

2. REPUTATION SYSTEM

To implement Bagsan framework bagd reputatiorsystem, bah
first hand information and repdian ratings are needed. Firs
hand information ighe direct observations othannel popularity
and @n be passd to other nodeas second handinformation.
Reputdion rating isthe chaand popularity information t&ing
aacounts both firshandinformation andsecond hand information
by node’s encounte nodes’ direct observations. Inthis section,
we introduce how both first hand information andeputation
rating is built and updated.

2.1 Standard Bayesian Framewor k

Node i model the popularitgf channelj as anacta in the base
system asfollows. Nodei thinks thatthere isa parameter@ sich

that thechannel i is inteasted by ay node with probatity & .
The outcane is drawn indpendently from obervation to

observation (noeli thinks thereis a different & for different
channd j while different node i mayhave different believe in

different paramter @). The parameters@ are unknown and

node i model tis uncertaintyby asuning € itself is dawn
according to a dstribution (the “prior”) that is updated as new
obsevationsbecome wailable. We use BetdA, B) asthe prior
distribution snce t is suitable for Bernallli distribution andthe
conjugateis al® a Beta digtribution. The tandard Bayesian
procedure s as follows. Initially, the pior is Beta (1,1), the
uniform distribution[0,1]; this repreentsabsence oinformation
about which @ will be drawn. Thenafter (f+s) observations
during contactswith encounter nodessay with s times the
channd i is requested by encountemodeswhile f times it is no
requestd by encounter nodeJhe prior is updated:

A=A+s, B=B+f.
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If @, the true unknown value is consant, thenafter a lage
number m of contacts

A=nd, B~ n(l-6)

ard Beta( A, B) becomes clasto a Dirac atf, as expected. W
denote EBeta @, B)) asthe expectation of Bet#\( B). Thuswe
can esimate € as bllows.

A
6 ~ E(Beta(A,B)) = ——
(Beta(AB)) = ———

2.2 First hand information by modified
Bayesian approach

The firg hand informatiorior the popularityof channel j at odei
is defined as:

F =(A,B)

This repregnts the parametexsf the Beta disibution assumed
by node i in itsBayesian view @ the populaity of channej asan
ador in thebase sgtem Initially, it is set to (1, 1). Thestandad
Bayesian methodgives the sme weight to each slervaton
regardles of its time of occurrence. Howevehe popularityof a
podcast bannel maychange when nodesove letween dfferent
communities with different chanel popularity digibution. For
this reason, weadd a reputation fadinmechanisn to give less
weight to the pa obsrvations beause the lates obsrvations
would be more importg for estimating currentand future
popularity of the channel. Assume node makes one individual
observéion of channel j during aontact with enconter node. Let
s=1 if channel j is muesed by the encounter node, asd0
otherwig. The update is as follows

A:=ue A +s, B =ueB +(1-9)

j
The weigh u is a disount factor for the past experiences, which
senes as he fading mechanis.

2.3 Reputation Ratingand Mode Merge

The reputaion rating of channel j at node i is defined as:
i i
R, ;= (a},B))

Initialy, it is set to(1, 1). It is built and updated otwo types of
events: () when first-hand informationis updated byown
observéions (2) the &cond hand information from encounter
nodes are aepted and copied.hEre are two variant of using
second hand information from encounter nodes direct
observéions (first hand infemaion) from encounter noes and
reputation ratingrom encounter nodes. For evenpey(1l),the
update of reputin rating is the same for the first-hand
information updating. & s€ {0, 1} is the observéons:

B =uef+(1-5)

For the case (2), if wesaume passng direct observationsthe
linear pool model isused to merge ownreputationrating with
directobservationspassd from encountemodes orthe condition
if the deviationtes is pased. Deviation tesis used to protect
system against fatsrating fran encounter node$heideabehind

a}:zuoa}+s



it is that humansonly believe the opiniondrom othersonly if, to
them, it seemdikely i.e. it dos not differ too much frontheir
own opinions Moreover, &en if they acceted opinions from
others they only attach lessweightto other'sopinonsthan their
own opinions. Let

the firsthand information of dannelj at encounter node x:
Fo=(ALB)

The deviatio test § asfollows:

it |[E(Beta(ar}, B}) - E(Beta(A;, BY)) | < THs

(THS is a positive condant (deviation threshold)), thethe
deviation test is pasd and webelieve thereportfrom nodex is
trusworthy. Then,otiJ , ,Bi' are updated byfirst hand
observation®f node x umg the linea pool mald merging:

i_ i X, pi_ i X
aj=a;+we A]- : ﬂj—ﬁj twe Bj , O<w<1.

3. DATA STRUCTURE AND PROTOCOL
SPECIFICATION

The cate at eah node consistsf a private cache for soring
node’sprivate or own irterestecthannel3 anda public cachgfor
staing othernodes’ inteested chanirg). Each node raintainsa
table of chand reputation ratings which is usedfor content
forwarding and public cache replacement decisions. /A
example, the reputation rating table of node A is dsowedin
table 1:

In brief, the protocolgedfi cation of reputatiosystem basd
podcastig is asfollows:

1. Idle node periodicallybroadcas as®ciation rejuests to its
neighbors If it discoversseveralneighboring nodest randonty
selectsone node to a®ciate and éablish pair-wise connection.

2. Node upddes its reputation ratingsf all chanmls by merging
the second hand information fropeer if the deviation tg is
pased [Event 1].

3. Nodefirstly pulls contat of private intersted channel§Event
2].

4. Node updatebothfirst handinformationandreputationrating
of channelsby pee’s requests of privatelynterested channels
[Event 3].

5. Node pull content of public intereted channels based on
estimated channel poplarities and popularitybasd forwarding
and public cache replacementchemes [Event 4] Various
forwarding and public cache replacemesthemesre descrbed
later on.

For detailed description of protad specification, £e the mesge
sequence chiiat fig 1 (sippo® node A anchode B egablish
pairwise asociation).
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Node A

Association Request

Association Response

Association ACK + rating table of A

\

Rating table of B

Event 1

Event 3

Pull Request of Private Channels

\\\\

Pull Request of Public Channels
Event 4

‘/
W

Node B

Private
Content
Download

Public
Content
Download

Figure 1: Message Sequene Chart

Table 1: Reputdéion Rating Tale

Reputation rating table at node A

Channel First Hand Reputation Latest Entry ID Subscribed
Feeds Information Rating (entry name. time or Not
of publish) (S/™N)
1 e P “Weather forecast of s
=5 Bl LEStsat Copenhagen
-13th July at 10:00 am
3 4 B4 e “BBC news S
3 B
-10th July at 10:00 am
=0 | e oaroan S
= s
9 S
L Aiy By &5 it N
Channel Feeds: Podcast channel identifications.
A5 BL: the first hand information of channel M at node A.
ai . B the reputation rating of channel M

Latest Entry ID:
“S”: the channel is subscribed by node A.
“N™: the channel is not subscribed

the latest updates correspond to each podcast channel.




4. PERFORMANCE EVALUATION

In this section, by digete event iswlation, we evduate the
performance of reputation gstem under Commurity-based
Random Way-Point” (C-RWP) mobility model and localized
channd popularity digtribution.

C-RWP cgptures the “clugering” dfect of ralisic human
mobility: The mobiliy of nodestendsto be localizedin cettain
geographicalareawhere they frequently meet other nodewith
similar social rolese.g.workmate, clasmete; On theotherhand,
nodes aly occasionally meet nodesttvdissimilar social olesin
other geographicabress. In C-RWP, nodes are divided into
different cormunities One community is a goup of nodes with
the similar mobility patterns Nodes of one community move
within the @me square in a randomvay-point (RWP) model.
Nodes ofthe same sque have equal chancef meetingeach
otherregularly while nades of differentsquaresanseldommeet
each othe or only occaionally med near the borders of two
squars.

Secondly we asaume channel populdty digtribution. Based on
the measurement results of YouTube, aecent paper [Slshows
that: video clipsof local interess only have a high local
popularity, there is no corretion observed betweeglobal and
local popularity Along the line oftheir observations, we asume:
firstly, one community of nodes have one group of interesting
channds which is a sibst of total global available channels
Among one commmity, the popularity of itsgroyp of channels
follows Zipf-like digribution. ®oondy, different cormunities
havedifferent groupsof interested channels. Omgample ould
be one community isinteresed in thke channelsof English
language while other is imested in channels of German
language

Thirdly, the locationof the channel publishing nodeand its
subgribing nodes could besdollows: (1) the publifing node
andits subsgribing are in tle same comnunity; (2) theyare intwo

different communities which are partially or totaly physicaly

separated(3) publishing node and some of itsubscribing node
arein the samecommunity while other subscribing nodesarein

other community We focuson the senario (2):dueto physical

separation of communities, nodes one comrmnity may have
difficulty of learring popuérities of channels published from

other conmunities

4.1 Simulation Model

The simulator is based onsmple communiation model: two
nodes en communicatewith a nominalbit-rate if their geometric
distane is snaller than a threshd value.We do not modekny
MAC layer issuesswch as collision or interference,since we
assime networks are spasely conrected wigre collisons and
interferencebetween diférent aswciationsarerare. Nodesonly
as®ciated pair-wise, even if moe than two arewithin reachof
oneanother. Tie reason is that theontadt duration maybe short
and it is better to get hidn throughputby only sharing the
transnission capacity between two paties than to get hgh
connetivity. We asuume the forwardirg schemeis “Most” and
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public cache replacenent scheme is aso “Most’. This

combination gives the bes performane under the ideal

knowledgeof channel populaty at each nodg6]. The channel
popularity at each node isspresented by local reputationratings

By “M og” forwarding £heme, node forward the contémm the

mog popula channelsto leas popula channelsuntil two nodes
get dizonneted becau® oftheir mobility or when bdh nodesdo

not have content © exchange. By“Mog” public cache
replacemenscheme, when public cache is full, the content less
popular dannel is always replaced with contentfanore popular
one. Otherisnulation parameterare simmarized in thle 1.

Table 2

Paraneters of ReputatiorSystem

THS 04

u 0.99

w 0.2

Other Paameters
Cache sze 2GB
Public Cache size 60 MB
Chunk s$ze 2MB
Simulated time 12 hours

4.2 Performance Metrics

To quantify the u®r satsfaction of user generated podcasting,
therecalland delayare empbyed asthe perfemance metds of
reputation gstem. Reall is defined asthe fraction of node’s
own interded chunks tha are succedslly received. It is
borrowed from thearea of Information Retrieve (IR). Delay is
defined aghe latency between the #when chunkis published
and thetime when it is received. V& believe, ér obolete pocas
senice, bah recall and delayare inportant for the end user
satidaction. Recall of node i byjme t isdefined as

=R i=012...N -1
X5 ()

N: thetotal number of ades; i: the node ID. X'r(t): the total
number of privée interested chunkghat have leen receivedby

node i bytime t. X'p(t): total number of pivate intereted
chunks that have been published frath node i's interesed
channels by time t. Aveege recallis defined ashe averagerecdl
over the total number afiodesN. In this work, we areonly
interesed in the aveage recd at the end of theimulation. Delay
is defined aat = Tpublish =T receive - Tpublish is the chunk
publish time while T,__ . is thetime when it isreceived. Mis
definedasthetotal numbeiof chunks received bgll nodes at the
end of dmulation. The average delaig defined as

Z AT,

4.3 Simulation Results
We canpare the pdormance of Repuation Systemwith
History-based Rank [1] under three scenar® 1. two



semrated communities d nodes andtwo groups of
localized popular clamels. 2 four se@ratedcommunities
and wo graups of localized popuar channes. 3. four
sepaated communities and four groups of localized
popular channels. The history-based rank method [1] is a
method which satimate channel populdy only by first
hand inbrmation (in the fam of number of encouter
requests gr channel). It waks asfollows: node leepstrack
of the channdal that were regested bypast encouter
nodes and maintairs a histoy-based ranking. Only the
requests br chamels that encountenodessubsciibed are
counted.

Scenario 1. two separated communities of nodes, two
groups of localized popular channels

A B

Figure 2: Scenarid

As indicated in figue 2, 100 nodes are grouped intotwo
communities: A (blue) and B (g@llow). The nodes aréhuman
beings who arry WiFi-enabledmobile device.Eadh community
is interestedin one group of populachannelsamong total 100
channds. Nodes 6 ID 0-49bedong to conmunity A while nodes
of ID 50-99bdong to commnity B. Both rodes of communityA
and B move withira squaref the me side length 500 etersin
RandomWay-Point (RWP) model. The movingpeed is cortiant
1 m/swith pause time 1.€€ach node pblishes onechannelwith
the channel ID idatical to the nde ID, e.g. node Opublish
chaond 0, noce 1 publish channel 1. Commuity A publish
channds from 0-49while communityB publih channel from 50-
99. The content publts intervd per dannel is600 s whichis
identicalfor all channelsCommunity A is only interesed in the
channés published from cormunty B (channellD 50-99) while
conmunity B is only interested in the channel publied from
community A (channel ID 0-49). Each node is intdesh two
channds. Among community B, the popularitdistribution of
channds 0-49 follows Zipf-like dstribution with a=1.5, wére the
chand 0 is the highes popula channel, channel 1 is thecond
popular &ad so on. Define the popularity of chaind 0-49 in
community B:

P ~W,i=o, 1,2..8
i+

Likewise, among commnity A, the popularity disibution of
channds 50-99 follows thesame Zpf-like digribution with a=1.5.
Asaume the channel 50 is the highpspularchannel,channel 51
is thesecond popular ad so on:Define the popularity of channel
50-99 in conmunity A:

Qj" 1

T a j =150, 51, 52....99.
(j—49)
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Number of requests per channel ( log )

|
I I

0 50 100 150 200 250

time (unit=2 min)

Figure2: Number of requés per tiannel at node 60

Fromthe figures2 and 3, it isobviousthatthe history-based rank
poorly egimates the popularity of chanel 0,1,2,34,8. With
history-based rank, mde60 canot get any populéty information
of channel 0,1,2,3,4,8 until 46@inutes. The reasos that node
60 cannothave enoughfirst-hand information abouthannel
popularity In contrast, reputationystem can alway perfedly
estimate the popularity of charel 0,1,2,3,4,8since the very
beginning of the simulation ahowed in figure 3.

Reputation Ratings ( log )
3

1 1
0 50 100 150 200 250
time (unit=2 min)

Figure 3: reputation ratings per channel ate6@

Table 3

History-based Rank | Reputdion System

Average 0.015 0.250
Recall

Average
Delay 1510 s 1112 s

Without the enouglpopularityinformation, nod@s will notbeable
to forward the channels ofontent which are interegd by its

future encounternodes. Thus the average recallmsch lower

whenusng History-basel Rank method than ReputatidBystem,

as showed in the table2. Higory-basedRank only achieves
average recall 0.015 whild&Reputation Sstem achieves0.250.

The performace gainof reputaion systam is morethan20times

In terms ofaverage delayReputatio system al® perforns better
than Historybased Rank, where reputationsysten achieves
amog 400s of averagedelay les than history-based rank As
showed intable 3,



Scenario 2: four communities, two groups of localized
popular channels

As indicated in figure4, nodesare moving within faur identical
square areas (communities) (A1, A2, B1, and B2). Popula
chands are grouped into two taste(the redand the bl).
Community Al and A2 (ed color)are onlyinteresed inchannels
of 50-99 publised bycommunityB1 and B2, while communiy
B2 and B1 (ble color) are only interested in channel publised
by A1 and A2.Node0-24 aremoving withn Al square; node 25-
49 are moving within A2 square node 50-74are moving witfin
B1 square;node 75-99 arenoving within B2 sjuare.Similar to
the previous scenario, € node publishes one channel. The
channd ID is identical to the nodéD. The channelpopularity
distribution among communit1 and B2 togetheollows Zipf-
like distribution with a=1.5 (published from community A1 and
A2). Asaime the channel Gs the highes popular channd;
chand 1 is the secongopularand < on. Define the nmber of
nodes interestbin channéi:

P-———i=0,1,2.49
(i+1?

Likewise, the channel populayidistribution among community
Al and A2 together followsZipf-like distribution with a=1.5
(published fromcommunityB1 andB2). Assume the channe30
is thehighestpopular channel, channbl isthe gcond popula
and so ondefine the nuier of nods interested in channel j:

Qj ~.;a ,j=50, 51, 52..99.
(j—49

B2

Bl

Fgure 4: $enarb 2

500F - - - - oo

4001 - - —— To———am-

300F ——--7-------

200F ————f-———d--———---—

100p - - - -l oL

Number of requests per channel

|
|
|
I . I |
0 50 100 150 200 250
Time (2 minutes)
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Figure 5: Hisory-based Rank: Nunber of requestper channel at
node 60

—_
1
|
|

o
o

o
~

o
()

Reputation Ratings per channel

[

I

|

I

|

1
0 L L L I}
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Figure 6: Reputation stem:reputation ratings per channel at
node 60

Fromfigure 5 ands, in tems of channel popularityestimation, it
is obvious that ngutaion system far ouperforms history-basel
rank in both in estmation accuracyand estiration speed. h
figure 4, before 300ninutes, noce 60 hasno observéons of the
channel populaity information of clannelO, 1,2,3,4.Even after
300 minuts, except channel 0,1, node &fill doesnot have
popularity observations of other channels. In consta using
reputationsystem, only after 54 minutes node 60 caralready
accurately egimate the popularityranking of channel0, 1,2,34,
asin figure 6.

We compare theperformance of reputatiorsystemwith history-
based rankunde the impact of publish intervalSimulation
Paraneters are as follows: Zipf-a=1.5, PublicCache Sie=30
chunks, Channel of Intess=2, Length of Sguare=350m,
Number of Channetsl00.

Fromfigure 7 and 8, weobseve that, h terms é average ecdl,
the publish interval doesot have impact on thperformanceof
history-based rank £heme. Wien increasing publish intervitom
300s to 900s, thaverage redhincreases slightlyfrom 2.0% to
6.3%. In contrag in the @ of usirg reputationssystem, the
averagerecall increases dramatielly from 0.132to 0.390when
the publi® interval increass from 300sto 900s. In terrs of
averagedelay, the reputaion system nethod alway hasa much
lower average delathan hisory-based rank.

Average Recall

1 1 1 1 1
gOO 400 500 600 700 800 900
publish interval (second)

Figure 7: AveageRecall



1
! = History-Based Rank
180 [ - Reputation System

16001 ———+—— - g -~ -~ — -

1500

Avserage Dhay

1 1 1 1 1
300 400 500 600 700 800 900
publish interval (second)

Figure 8: Aveage Delay

Scenario 3: four communities, four groups of popular
channels

As shown in figue 9, nodes @ groupedinto four comnunities
A, B, C andD. Nodesof ID 0-24 are moving withinguare A area
according to randonway-point mobility model. Nodef ID 25-
49 ae moving within square B area accordig to random way
point nobility model. Nodes of ID 50-74 aremoving within
squareC area with random wapoint mobility model. Nodesof
ID 75-99 are movig within suae C area with randomvay-point
mobility model. The fou squaes A B, C, D are &l identical.
Each node publishesre channel with thesame ID asthe node
ID. The community A is only interesed in the channels
published by comranity C; the conmunity B is only interesed in

thechannelgpublished by community D; the community C is only

interegsed in the chands published bycommunity A; the
community D is only interesed in channels published by
community B. The channelpopularity distribution of channels
published from each commuity follows Zipf-like distribution
with a=1.5.

Figure 9: fou communities with four groups of palar channels
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Reputation Ratings

0 50 100 150 200 250
time (2 minutes)

Figure 10: Reputan system:reputation ratings per channel at
node 60

nnel

Number of requests per cha

0 50 1(30 1‘50 260 250
time (2 minutes)

Figurel1l: Higory-based Rank: Numbeof requets pe channel

at node 60

From figure 10and 11, weobrve that, by usng history-basel
rank, node ® cannot get any ob®rvations for esmating the
channel populaities. In contras, with reputation sgtem, the
channel popularityranking informawn is vey high andacarate.
For the popularities of channdl,1,2,3,4 has been perfectly
estimated since the tart ofthe smulation.
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Figure 13: Averge Delay

As d$owed in figure 12 and 13, with four communities, unar
different publish intevals, hisory based rank almbsalways
achieves 0 average redla With reputaton system, the average
recall increass from 0.069 to 0.220 when the publish interval
changes from 300s t0900s In terms of averae delay, for
reputation gstem, the delayincreases from 1200s to 180 sas
the publi$ interval increass from 300 to 900 .g~or histary-basel
rank, there isno average delagince Ochunksare successlly
delivered.

4.4 Summary of the simulation results

From scenario 1,2 to <enario 3, the popularity distribution
bemmes morelocalized (i.e. from twogroups of localized
channés to four group$, providedthe numberof channelsand
number of nodes arthe same for all scenarios. In thisase,the
reputation sgtem gives moreperformance gain over hitory-
based rak asthe channel popularithecomesmore localized.
On the corary, from scena 1 to scenai 2, reputation system
does not bring more performance gairerohistory-basel rank as
the node mobility becomes mare localized (i.e.from two
community to four comnmunity), given the channel popularity
distributions arehe same.

5. CONCLUSION AND FUTURE WORK

We desig a disributed reputatiorsystem for estimating podcas
channd popularity information in user generated wireless
podcastig service. With reputationsystem, by nodessharing
their direct observations ofchannel popularities, theccurate
channd popularity information can propagatemuch faste
throughout the network, espedija when the node mobilityis
communitybased and channebpularity distribution islocalized.
Our simulation resllts shows reputdion system overwhelminky
outperformshigory-basel rank £heme in £rms of avesage recdl
and average delay undcer a two-community C-RWP model and
localized channel popularity diution. Besdes, the more
localized the channel populdty is, the more performance gain
can reputation gstem achieve over Hhisry based rank.
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As the next step, we envison gudying the perfamance of
reputation gstem under anore realistic mobility model such as
[4] which capturesnodemoving both within the communities and
between communities Also, we intendto study the inpact of liars
on the perforrance of reputéion system in user generted ad hoc
podcasting
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