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Abstract—The popularity of contentson the Internet is often
said to follow a Zipf-lik e distribution. Different measuement
studies shawved, however, signi cantly different distrib utions de-
pending on the measuement methodology they followed. We
performed a large-scalemeasurement of the most popular peer
to-peer (P2P) content distrib ution system,BitT orrent, over eleven
months. We collected data on a daily to weekly basis from
500 to 800 trackers, with information about 40 to 60 million
peers that participated in the distribution of over 10 million
torr ents.Basedon thesemeasurementswe showv how fundamental
characteristics of the obsewned distrib ution of content popularity
change depending on the measuement methodology and the
length of the obsewation interval. We show that while short-term
or small-scalemeasuementscan concludethat the popularity of
contents exhibits a power-law tail, the tail is likely exponentially
decreasing,especiallyover long time intervals.

I. INTRODUCTION

P2P contentpopularity hasreceved signi cant researchin-
terest Numerousvorks measuredhe instantaneoupopularity
andthe popularityof contentsover atime intenal [1], [2], [3],
[4]. The instantaneougpopularity is de ned as the number
of peersthat simultaneouslyparticipatein the distribution
of the content.It in uences the amountof control and data
trafc in the overlay, and the efciency of proximity-avare
protocols[5]. Measurementesultssuggestthat the instanta-
neouspopularity of P2P contentfollows a powverlaw with an
exponentialcutoff [4]. The popularityof contentsover time is
de ned asthe numberof times the contentsare downloaded
in a time intenal. It re ects the amountof dataand control
trafc (e.g.,search)n theoverlay, andaffectsthe ef ciency of
cachingfor P2Ptrafc [2], [3]. Several measurementshaved
that the download popularity follows a Zipf-lik e distribution,
i.e., hasa powerlaw tail [1], [3].

Ideally, measurementsf contentpopularityshouldbe based
on probability samplingmethodsj.e., the probability at which
theunitsof the populationareselectedshouldbe known. Prob-
ability samplingallows unbiasedestimatesof the population
statistics(e.g.,the distribution of the contentpopularity)to be
produced Probability samplingis, however, dif cult to apply
to large scale dynamicalsystemslik e P2Pcontentdistribution
systemslInstead measurementareoften limited in geograph-
ical coveragejn scopeandin time. Suchopportunitysampling
makesit dif cult to assessvhat portion of the populationis
capturedandin generalit is not understoochow the sample
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statisticsrelateto the populationstatistics.

Thegoalof ourwork is twofold. First, to shawv that,contrary
to commonbelief, the popularityof contentsn BitTorrentdoes
not obey the power-law over long periodsof time, and hence
the ef ciency of cachingand locality-avare contentdistribu-
tion canactuallybe betterthanpreviously thought.Secondto
shov how the distribution of contentpopularity dependson
the de nition of popularity adopted,on the samplingmethod
usedandonthemeasuremerihterval. We baseour ndings on
a measuremendf morethan 11 million contentsover eleven
monthsin BitTorrent.We obsened 40 to 60 million peerson
a weekly basis,and a total of morethan 8 billion downloads.

I1. BACKGROUND AND RELATED WORK

BitTorrentis the dominantpeerto-peer le sharingprotocol
on the Internet.BitTorrentrelies on a set of tradkers, which
maintain state information about all peerscurrently having
piecesof a particular le. The setof thesepeersis referredto
asatorrent Trackersrecordthe numberof peersdownloading
the content(called leeders), the numberof peersthat own
the whole content(called seed} andthe numberof timesthe
contentsweredownloaded A client thatwantsto downloada
contentcanlearnaboutleechersandseedshatsharea content
by contactinga tracler at its announceURL The addressof
the tracker andthe identi er of the content(calledinfo hash
is known to the peerfrom the torrent le, which it typically
obtains from a torrent searchengine, like mininova.olg. A
tracker can also be contactedat its scrape URL, in which
caseit returnsthe numberof seeds|eechersand completed
downloadsfor a speci ¢ torrent, or for all torrentsit tracks.

A. Relatedwork

Zipf's law statesthat if objects are ranked in order of
their frequenciesthe frequeny for the object with rank r
follows a powerlaw, fzipf(s,.q)(r) = fir' 9, where q is the
Zipf exponent. A generalizationof Zipf's law is the Zipf-
Mandelbrotlaw, for which fyzips(t,:1 . (r) = fa(l + )7 9. The
head of the distribution is attened, i.e., the popularity of
the top ranked objectsis low comparedto Zipf's law, but
the tail follows a powerlaw. The origins of Zipf's law are
in linguistics, but linguistics has for sometime considered
modelsbeyond Zipf's law. A recentlyproposedmodelis the
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which often capturesthe head and the tail of the rank
frequeng statistics better than Zipf's law [6]. Both Zipf's

law and the Zipf-Mandelbrotlaw are limiting casesof this

distribution. In particulay whenpu<< | equation(1) reduces
to Zipf-Mandelbrots law for small r. For large values of

r, however, it shovs an exponential cutoff. That is, the tail

of the distribution decreasegasterthan a powerlaw, hence
the numberof unpopularobjectsis signi cantly lower than
accordingto Zipf's law or the Zipf-Mandelbrotlaw.

Zipf-lik e behaior wasobseredin the popularityof objects
on the Weh Several studiescon rmed that Web object popu-
larity can be modeledusing Zipf or relateddistributions [7],
[8]. The popularity distribution of user generatedcontents,
suchasYouTube les, wasfoundto follow Zipf's law except
for the tail [9], to have a attened head[10], as well asto
follow Zipf's law [11]. The different results might be due
to the different measuremenmethodologies:the rst two
studieswere basedon crawling, the third study was based
on measurementat a university campus.

Measuremenstudiesof the Gnutellaand KazaaP2P le-
sharingsystemswverebasedon deep-packt inspection[1], [2]
or on ultrapeersmonitoring searchrequests[12], [3]. They
agree that the rank popularity statistics of the number of
downloadsor queriesof P2Pcontentexhibits a attened head
comparedto Zipf's law [1], [2]. Some proposedthe Zipf-
Mandelbrotlaw as a suitable model [3], while othersused
two Zipf curvesto t the bodyandthetail of the distribution,
respectiely [12]. However, the instantaneousontentpopular
ity shawvn in [4] basedon a small sampleof BitTorrentseems
to follow Zipf's law with a sharp exponetial cutof. Other
BitTorrentmeasurement®cuson a singletorrent(e.g.,[13]).

Our work is novel in threeaspectsFirst, to the bestof our
knowledge our measuremenis the biggestin the literature
in termsof the numberof contentsand peersobsenred, and
the geographicahndtemporalcoverage.Secondwe shav on
the samemeasurementdatasetthat contentpopularity shovs
different characteristicsdependingon its de nition, on the
measuremennethodologyandthe lengthof the measurement
period.Third, we treatour datasetasa sampleof a population,
andtestthevalidity of severalhypothesisaboutthe population-
wide popularity distribution.

I1l. MEASUREMENT METHODOLOGY AND DATA
A. Samplingmethodsof BitTorrent

MeasuringP2Pcontentpopularitycanbe donein a content-
centric or in a peercentricway. A content-centricneasure-
ment identi es contents rst and then the peersthat are
interestedin the individual contents;e.g., in BitTorrent, one
obtainsthe info hashesf contentsand the URLSs of trackers
thattrack the contents(e.g.,[4]). A peercentricmeasurement
identi es peers rst andthenthe contentsthey areinterested
in; e.g.,via deep-packt inspectionat a router (e.g.,[1], [2])

or by monitoring overlay trafc (e.g.,[3]). In both casesthe
measuredcontent popularity is a sampleof the population-
wide contentpopularity In the following, we describethree
practicalopportunitysamplingmethodsto measureBitTorrent
popularity (Mininova, PirateBay PropReer), andtwo imprac-
tical probability samplingmethods(PropTor, UnifTor).

Mininova: This content-centrisampleis limited to the tor-
rentsthat canbe found on mininova.org, which wasthe most
populartorrentsearchengineaccordingto wwwalexa.comon
1 Aug. 2008 (Alexa-rankof 75).

PirateBay This content-centricsamplingis limited to the
torrents that are tracked by the tracker with most torrents
throughoutour measuremen®RirateBay

PropReer. This peercentric samplingconsistsof observing
np samplesThe sampleselongto atorrentwith a probability
proportionalto the popularity of the torrent. We count the
samplesobsered in every torrent. PropReer sampling can
resembleuniform samplingor a local sampling(deep-pacékt
inspection)of the peersandit capturesan (unknown) fraction
of all P2Ptrafc.

PropTor: This content-centricamplingconsistsof observ-
ing nr torrentsat randomwith probabilities proportionalto
the popularitiesof the torrents.If we obsere a torrentthen
we can measurehe total popularity of the torrent.

UnifTor: This content-centricsamplingconsistsof observ-
ing nt torrentsat randomwith uniform probabilities.If we
obsere a torrentwe can measurethe total popularity of the
torrent. We usethe last two samplingmethodsto understand
what samplingmethodour measurementorrespondso.

B. Measuementdata set

On 31 Aug. 2008, 15 Oct. 2008 and 31 Aug. 2009 we
performed screen-scrapesf mininova.olg, which was the
most popular torrent searchengine at the beginning of our
measuremenperiod. From the screen-scrapege obtained
the announceURLs of 1690 trackers and the info hash of
1:24 million contentsWe constructedhe scrapeURLs of the
1690 trackers and scrapedthe trackers. We did not specify
ary info hash,so the trackersreturnedthe scrapeinformation
for all torrentsthat they were tracking. This allowed us to
ef ciently obtainthe numberof leechersseedsandcompleted
downloadsas seenby the trackersthat we determinedvia the
screen-scrapef mininova. We performedthe tracker-scrapes
weekly betweenl5 Sept.2008 and 17 Aug. 2009, and daily
from 18 Sept.2008to 18 Oct. 2008.

We removed redundanttracker information for trackers
that shareinformation aboutthe sameswarms of peers,and
identi ed 721 unique, responsie trackers. All scrapeswere
performedat 8pm GMT. The scrapesof all trackers were
done simultaneously;obtaining the biggestscrapetook less
thanhalf an hour Due to the shortscrapedurationour datais
a sequenc®f 31 daily and49 weekly simultaneousnapshots
of the information storedon 721 trackers world-wide.

IV. INSTANTANEOUS AND DOWNLOAD POPULARITY

In this sectionwe presentherankpopularitystatisticsof the
instantaneouand the download popularity We startwith the
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Fig. 1. Rankpopularity statisticsof the number
of peers,obsened on four differentdates.

instantaneougpopularity; i.e., the concurreninumberof peers
participatingin the distribution of the contentsThis de nition
of popularity was usedin [4], [5]. Figure 1 shows the rank
popularity plots of the numberof peerson four datesduring
our measuremeni he curvesshav similar characteristicsand
at a rst look they follow Zipf's law. A closer inspection
reveals, however, that eachcure consistsof a head,a trunk
andatail with differentpropertiesThe differencebetweerthe
threeregionsis mostobvious for the curve of 17 Aug. 2009.
While the headandthe trunk seemto follow Zipf's law with
different exponents,the tail seemsto decreasesxponentially
insteadof accordingto a powerlaw.

We investicate thesethree regions of the rank popularity
plot in Figure 2, which shows the rank popularity statistics
of the numberof peers,leechersand seedsobsened on 15
Sept.2008.0ut of 5:23£ 10° torrents2:93£ 10° wereactive,
i.e., had at least one peer The total number of peerswas
4:2£ 10’. The rank popularity statistics of the number of
leechersandthe numberof seedss similar in shapeto that of
the numberof peers.We usethe numberof peersto analyze
the difference betweenthe behaior of the head,the trunk
andthe tail of the distributions. We tted a Zipf distribution
to the headand the trunk of the measuredlistribution. The
differencebetweenthe two tted curvesis signi cant, both
in terms of the Zipf exponents,the domainsthey spanand
the maximumnumberof peersthey predict. We also tted a
generalizedZipf distribution to the measuredlistribution. The
generalizedZipf distribution doesnot capturethe power-law
of the headof the measuredlistribution, but it capturesthe
trunk andthe tail behaior. Consequentlythe tail of the rank
popularity statisticsdecrease®xponentially The tail of the
distribution (above rank 5£ 10°) represent®:43£ 10° torrents
and8:2£ 10° peerswhich is about20 % of all peers.

We continuethe analysiswith the downloadpopularity, i.e.,
the numberof timesthe individual contentswere dowvnloaded
in a time intenal. This was the de nition of popularity
consideredn [1], [2], [12]. Figure3 shaws the rank popularity
plots of the number of downloads for four time intervals
starting on 15 Sept. 2008. The total number of downloads
were 2:23£ 108, 1:31£ 10°, 5:86£ 10° and 8:34£ 10° over
1, 4, 26 and 48 weeks,respecitiely.

The curvesfor differentintervals shov similar characteris-
tics. Comparingthe curves we seethat the trunks' slopesare

10
Torrent rank (1)

Fig. 2. Numberof leechersseedsand peerson
15 Sept.2008.Numberof peersis tted with two
Zipf curves,anda generalizedZipf curve.

Torrer%torank 0]
Fig. 3. Rankpopularity statisticsof the number
of downloadsover four intervals startingon 15
Sept.2008.

) 10°

almostthe same.Surprisingly the headss slopesincreaseas
the intenval getslonger Onewould expectthat the numberof

contentswith approximatelyequally mary downloadswould

increaseover time, and hencethe head of the distribution

would become atter as the time interval increases.Even

more interestingis that the exponential cutoff of the tail is

barelyvisible for the 1 weekinterval, but is very pronounced
for longer intenvals, e.g., for 48 weeks.We tted two Zipf

cunesto the headandthe trunk of the numberof downloads
over 48 weeks. The differencebetweenthe Zipf exponents
for the two regions is almost a factor of two. The tail of

the distribution shavs an exponentialcutof, but still accounts
for a signi cant part of the distribution: for 48 weeksthere
are 5:95£ 10° torrents above rank 5£ 10° with a total of

9:62£ 10° downloads,i.e., 11 % of all downloads.

The rank popularity datapresentedabove raisetwo impor
tant questionsFirst, are the characteristicsof the rank popu-
larity statisticsan artifact of our measuementmethodolgy?
Second,would we observesimilar characteristicsif we had
followed anothermeasuementmethodolgy?

V. POWER-LAW OR EXPONENTIAL-CUTOFF?

We addresghe rst questionin the following.

Instantaneous popularity: We usethe datafrom 15 Sept.
2008 shawn in Figure 2 to testtwo hypotheses.
PowerLaw Trunk Hypothesis(PLTH): The population-wide
rank popularity statisticsfollow the Zipf curve tted to the
trunk of the distribution, but our measuremerfailedto capture
the distribution's headandtail. If PLTH is true thenthe most
popular torrent would have about 10° peers,the numberof
active torrentswould be 9:5£ 10° and the total number of
peerswould be 6:1£ 10’. Basedon the hypotheticalnumber
of peersandtorrentswe cannotreject PLTH.
Exponential Cutof Hypothesis (EXCH): The population-
wide rank popularity statistics exhibits an exponential cut-
off (i.e., no powerlaw tail). To see if the exponen-
tial cutoff obsered on our data is due to our sampling
method,we sampleda hypotheticaldouble-Zipf distribution
(MIn(fzipf(1:6e+ 5:0:6) (N fzipt(1e6:0.86) (1)) tted to the mea-
sured data. We took ny = 2:93£ 10° samples(i.e., the
measurednumber of active torrents) from the double-Zipf
distribution accordingo the PropTor andthe UnifTor sampling
methodsandrecordedhe discoveredtorrents.Figure4 shavs
the double-Zipf distribution, the measuredstatistics,and the
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resultsof the sampling.The curve for UnifTor samplinglies
well belov the hypothetical popularity and doesnot exhibit
the exponentialcutoff. The curve for PropTor samplingshaws,
however, a very good matchwith our measurementata,with
a Pearsorproduct-momentorrelationcoefcient of 0:99. The
obsered numberof peersmatchesaswell; 4:23£ 107 for our
measuremerand4:02£ 107 using PropTor sampling.Hence,
we concludethat either (i) EXCH holds,or (ii) our sampleof
the trackers closely resemblesPropTor sampling. Note that
if EXCH does not hold, the number of active torrentsis
9:5=2:93 Y4 3 times higher and the numberof active peers
is 5:5=4:23%, 1:3 times higher than what we measured.
Download popularity: For the download popularity we
considertwo time intervals startingon 15 Sept.2008: the 48
weeksinterval shavn in Figure 3, and the 4 weeksintenal
showvn in Figure 5. The total numberof downloads over 4
weeks was 1:31£ 10°, the number of active torrents was
2:29£ 10°. We tted Zipf curvesto the headandthe trunk of
thedistribution,and tted ageneralizeipf curve to theentire
distribution. The generalizedZipf curve shavs anexcellent t
with the entire distribution. We testtwo hypotheses.
Double PowerLaw HypothesigDPLH): The population-wide
rank popularity statisticsfollow the Zipf curves tted to the
head and the trunk of the measureddistribution, but our
measuremenrfailed to capturethe distribution's tail. If DPLH
holds then there should be 1:77£ 10’ active torrents based
on the 4 weeksintenval, and 1:43£ 10° active torrentsbased
on the 48 weeksintenal. If we comparethesenumbersto
the hypotheticalnumberof active torrents predictedby the
PLTH for 15 Sept.2008(9:5£ 10°), we seethatDPLH for the
numberof downloadswould requiretoo mary torrentsto have
nonzerodownloadsover 48 weeks.Hence for the distribution
of the numberof downloadswe rejectthe DPLH for 48 weeks
but cannotrejectit for 4 weeks.
ExponentialCutof HypothesiSEXCH): The good matchbe-
tweenour dataandthetail of the generalizedipf distribution
in Figure5 suggestan exponentialcutoff for the 4 weeksin-
tenal. To seewhetherthe exponentialcutoff could eventually
beanartifactof our measuremennethodologywe performed
the sameexperimentas for the instantaneougopularity We
took nt = 2:29£ 10° samplesfrom the DPLH hypothetical
distribution accordingto PropTor and UnifTor sampling.

Figure 6 shavs the results.The curve for UnifTor sampling

startingon 15 Sept.2008. Fitted with two Zipf
curves,anda generalizedZipf curve.

Zipf distribution of the numberof downloadsin
4 weeksstartingon 15 Sept.2008.

lieswell belaw the hypotheticalpopularityanddoesnot exhibit

the exponential cutoff. Surprisingly the curve for PropTor

sampling shavs a good match with our measurementata.
The Pearsonproduct-momentorrelationcoefcient is 0:99,

and the obsered numberof downloadsis 1:31£ 10° for our
measuremerand1:21£ 10° using PropTor sampling.Hence,
for the 4 weeksinterval either EXCH holds or DPLH holds
and our samplingresemblesPropTor sampling.Note that if

EXCH doesnot hold, thereare 17:7=2:29%, 7.8 times more
active torrentsworld-wide thanwhatwe measuredfor the 48

weeksinterval we rejectedDPLH, henceeitherEXCH holdsor

the tail of the population-widedistribution follows Zipf's law

but with a higherexponentthanthat of the trunk. In the latter
caseour samplingresemble$ropTor sampling.In both cases,
the numberof non-cacheabl€l download only) contentsis

orders of magnitudelessthanunderthe DPLH hypothesis.

VI. THE IMPACT OF SAMPLING

In the following we addressthe secondquestion,i.e., we
investicgatehow the measurediistribution of contentpopularity
dependon the measuremenmethodology
Instantaneous popularity: We applied the ve sampling
methodsdescribedn Sectionlll-A to the measureghopularity
distribution of 15 Sept.2008. The resultsare shavn in Figure
7. The numberof torrentsin the Mininova sampleis 9:7£ 10°,
out of which 4:95£ 10° were active. The numberof torrents
in the PirateBaysampleis 6:64£ 10°, out of which 6:55£ 10°
were active. For PropReer we usednp = 4:23£ 10°; i.e., 1 %
of the total numberof peersin our measureddata set. For
PropTor andUnifTor we usednt = 6:55£ 10°; i.e.,thenumber
of active torrentsin the PirateBaysample.

The Mininova, UnifTor and PropTor samplesoverrepresent
the most popular torrents. The PirateBay sampleresembles
the shapeof the original distribution much closer Onewould
expect the PropReer sampleto have the sameshapeas the
completedistribution, but it doesnot exhibit the exponential
cutoff. The exponentialcutoff disappearsasthe samplesize
decreaseswhich is in accordancewith obserations on the
word frequenyg in the corpora of natural languages[14].
Hence, PropReer gives the impressionthat the powerlaw
holds for the tail of the distribution, even if the population-
wide distribution hasan exponentialcutof (i.e., EXCH holds).

Download popularity: We appliedthe same ve sampling
methodsto the numberof downloadsover 4 weeksstarting
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on 15 Sept.2008. Figure 8 shavs the results.The numberof
torrentsin the Mininova sampleis 6:30£ 10°, out of which
3:53£ 10° were active (at leastone download). The number
of torrentsin the PirateBaysampleis 1:69£ 10°, out of which
8:29£ 10° wereactive. For PropReerwe usednp = 1:31£ 10°,
i.e., 0:1 % of the total numberof downloads.For PropTor and
UnifTor we usedny = 8:29£ 1P, i.e., the numberof active
torrentsin the PirateBaysample.

methodsof sampling the measurednumber of
downloadsin 4 weeksstartingon 15 Sept.2008.

numberof downloadsover four intenals starting
on 15 Sept.2008 on campus.

the exponentialcutoff. We shaved how methodsof sampling
the sameglobal popularity distribution affect the obsered
contentpopularity and provided insightsaboutthe limitations
and biasesof the differentmethodologies.
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the torrentswith most downloads, similar to when usedto
sample the number of peers. Surprisingly unlike for the
instantaneougpopularity the PirateBay sample differs sig-
ni cantly from the original popularity distribution; one can
hardly identify the trunk of the distribution. The PropReer
samplecaptureghe headandthe trunk of the distribution, but
it again fails to capturethe exponentialcutoff, hencegiving
the impressionthat the tail follows a powerlaw. As PropReer
is closely relatedto deep-packt inspection,our resultsshov
that local measurementshould be usedwith care to infer
the characteristicef global popularity Similarly, small scale
uniform samplingof the peerpopulationdoesnot reveal all
characteristicof contentpopularity

Local le popularity: Finally, we considerthe sample
that would be obsered from a local organization. For this
experimentwe capturedevery HTTP-tracler requestat the
University of Calgary campuswith roughly 33,000 students
andstaf (duringthe samemeasuremerperiodasour primary
dataset).Figure9 shawvs the numberof downloadcompletions
as reportedby local university clients. Curves are shavn for
the sametime-durationsasin Figure 3. Comparingthesetwo
gures, we notethat the popularity shavs similar characteris-
tics (but ata smallerscale)asobseredin our dataset.Clearly,
the samplingmethodologyis importantwhentrying to capture
the wide-areapopularity characteristics.

VII. CONCLUSION

Basedon a large scalemeasuremendf BitTorrent content
popularity performed over eleven months we shoved that
previous beliefs aboutP2P contentpopularity do not hold on
a global scale.We found that Zipf's law might describethe
instantaneoupopularity The download popularity over long
time intervals doesnot follow a power-law, but neithersmall
scalenor shortterm measurementa/ould be able to capture

(iCore)in the Province of Alberta, Canada.
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