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Abstract— P2P file-sharing applications are quickly advertisers will be able to expose them to relevant
being adopted by a wider and more mainstream targeted advertising content. In order to improve
audience. There is much to be learned from keyword agdvertising relevance, it is critical to analyze the
searches users perform in order to retrieve content pahavior and preferences of P2P users, taking into

from these networks, account the user’s geographic location and temporal
This paper presents a large-scale measurementbehavior

study of search terms in the modern Gnutella net-
work. We developed a hlghly parallelized architecture Most measurement studies on P2P content have
capable of capturing an unprecedented amount of ¢,.,5ed either on analyzing ISP data traffic [1], [2]
geographical-identified queries. We applied this ar- or the content in user's shared folders [3], [4], [5]

chitecture to generate daily logs of search queries. . .
We collected over25 such daily Gnutella logs, with [6]. The popularity of files [3], [5], [6] follows a

more than 15 millions unique queries in each, over a ZiPf distribution, that is power-law. A log-quadratic
three month period. We analyzed both static snapshots distribution, or a second-order Zipf distribution, was
of the Gnutella networks, as well as the dynamics found by [3]. However, content in shared folder
of the network over time. In particular, we look at accumulates over time, and is actually an integration
the geographic location and the trends of searches to of shifting interests over an extended period of time.
better understand the dynamics. A much more valuable approach would be to analyze
I. INTRODUCTION user queries as they propagate the network. This can

, . L .provide strong insight into the current interests of

P2P file sharing applications have been becomi : :

increasingly popular as means for multimedia file P users. Previous measurement studies on query
strings [7], [8] were limited in scale, both in the

sharing for several years now. Although P2P Vendoﬁ%mber of queries that were sampled and the in the

and USers have peen facing legal pressure fr(.)rﬂort time of the data collection period. Moreover,
copyright owners, it seems that the P2P commumE

. . gr] used a modified Mutella client to perform their
at large remains strong and healthy, with an ev g . ) )
research. This is not an optimal choice, as according

growing numbers of avid users. Copyright OWners, [9] and our own measurements the vast majority

seem to be accepting that P2P is here to stay, a(51fdthe network is comprised of Limewire clients

are expected to start focusing on building busmeigo — 85%) and Bearshare client$ (- 10%). Leaf

models that will allow them to generate revenu des of both these cliets have a strong preference
from P2P activity, rather than attempting to shut P2 gp

down. For this to happen, the next generation of P%E connect to their own kind. Thus, it is possible

S : at a small minority of unpopular clients is severely
protocols and applications will be developed, suc . )
- overrepresented in their data.
that they will improve the relevancy of the end user’s
P2P experience. Users will be able to more easilyln this paper we empirically characterize

find relevant content that matches their tastes, agdographically-identified Gnutella queries captured



by Skyrider system®ver a period of three and Ultra- Ultra—
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at all possible to capture significant numbers o

geographically-identified queries. Changing focus to

analysis we begin by observing the weekly pattern
in the quantities of queries intercepted concentrating rear
on the coutries, which generated the majority of the A
gueries. We continue by examining the breakdown
of queries by countries, and then examine the
diurnal pattern of user behavior in a few of thesgig. 1. Geo-Aware Query Measurement in a Two-Tier Overlay
countries. Next we analyze the temporal behavior

of queries over the logging period and classify two

types of queries’ "constant” and "volatile”. This isthUS mlght be concluded that, when the location of
followed by a comparison of the top query stringthe lead originating a query is not known, its ul-
in different countries, which allows us in a senséapeer's geographic location could be used instead.
to develop a measure for determining the "culturdVe verified this is a false conclusion, by perform-
similarity” of one country to another. Using theséng network crawls and comparing the geographic
findings we demonstrate that the query’s popularitpcation of ultrapeers to their leafs it is possible
rank, as shown in [7], [8], and its frequency exhibit§? determine the probability of a leaf being from

a power-law relationship. the same geography as its ultrapeer. This probability
ranges between 55% and 69% for US ultrapeers, is
A. Measurement Goals and Methodology between 24% and 44% for Japanese ultrapeers, and

O?S low as 3% to 10% for UK ultrapeers. Thus, an

Our goal was to capture large quantities it . hy i i q h oredict
geographically-identified human generated querie% fapeers geograpnyis not a good enougn predictor

while it is possible to capture a large quantity o?f the geography of its leafs, especially if we want

gueries by deploying several hundred ultra pegF know the geographic origin of queries with full

nodes, it will not be possible to tell the origin o elr:t§1|nt1y.d ict Il network ¢ i
most of these captured queries. The basic problem 9. Sk e_glc S a;ma | he o_rhseghmen | contain-
in identifying the origin of captured queries is that"9 @ SKyrider node, along with other ultrapeers

queries do not in general carry information regardingd |€afs. Lets assume that leafs and ultrapeers
their origin. What they do usually carry is an "Out o end queries that are eventually intercepted by the

Band” return IP address. This address allows C”en%(yrider node, and analyze the availability of ge-

that have content matching a query to respond toographic information. Ultrapeer B is directly con-
ected to the Skyrider node. Thus any query that

location close to the origin of the query, withouf' d onl inale h h f
having to backtrack the path taken by the que_r ve:jse Orr:y ak sihg'e lgmlézt aveLco][nAe IrOTC
message. However, as most queries come from fif __an we thus know its IP address. Leal A, lea

walled clients, in most cases the out of band addre gewalled), a\t/rc/d ultrapeer D {:}re;t "’_‘ dlsf[arr:cg of two
will belong to the ultra peer connected to the que ops away. We cannot easily distinguish between

origin, acting as a proxy on behalf of the quer ueries coming from A, C.’ and D Fu1rthermore
originator. queries originating at C will contain B’s out of

It was previously shown that that Gnutella clientgiggléetgjgcgsd{ ('anS:o?nS'nC 'Csogrneggl(ljii Oﬂftgeg':;
show a tendency for inter region clustering [9]. It . P! ng 1ons. Howev

we are directly connected to ultrapeer B, we can

ISkyrider is a startup company dedicated to providing er?ilmply compare the query’s out of band address

hanced services to users of peer-to-peer (P2P) networksoand
make these networks more useful to the consumer and businessA hop is one step, from one Gnutella node to the next, on
communities. the path of a message on the Gnutella network.



with B’s address. If they are not identical, the quer,"lposl17 1%?5 gg‘g 5488 392 % %’S

must have come from A or D, and the address sig/27 1147 250 | 250 | 89 | 78 | 84
guarantied to be the origin’s address. If the quefyl0/31 1080 240 | 201 | 89 | 74 | 86

contain’s B’s address but passed two hops, it mLsﬁLQ(l)J/elri;S 0T 12611857 1330 461391
be acting as a proxy for C. In this case C’s addretslo/24 2000 1224 1950 1246 4871375

iSs not available, and the query iS not recordej.10/31 6601 13191 15211 12811 356 | 386

Ultrapeer F and leaf E are at a distance of 3 hop®ercert | 42.8| 83 | 93 | 79 | 28| 25

away. When we intercept their queries we cannPptivg%e= | 6.12 | 550 | 7.61 [ 14.25] 6.05| 4.45

know whether the out of band IP address belong to TABLE |

them, or perhaps to ultrapeer D acting as a ProXyNumeer oF UNIQUEIP ADDRESSES(THOUSANDS) AND

for E. Thus any query that traversed 3 hops or MOXi@,vser oF UNIQUE QUERIES(THOUSANDS) PER COUNTRY

is discarded. As a result, a Skyrider node records PER DATE

traffic originating from its immediate neighborhood

only (having a hop counk 2), thus requiring a

massive deployment of such nodes. It is important

to state that the described setting eliminates mdst Data Processing

of the bias against popular queries that travel only Our system simulates a vast number of nodes run-

short distances before been satisfied, as we dlSCﬂ[ﬂg on mu|t|p|e computers. Logs of geographica”y_

queries that travel more than 2 hops. However, thigentified queries, which are intercepted by the sys-

setting does introduces a bias against queries fragin, are generated on each computer and IP in-

firewalled clients, as we record only queries that cgrmation is resolved into geographical information

receive incoming connections. using the MaxMind database (a country code for

N he purposes of this article). These log files are

In _order to significantly reduce the amount Oiransferred daily to a central repository. Due to the

queries recorded that were !“?t ge_.\nerated b_y hur_nqgét that the same query may be intercepted by more

we captured 9”'y queries originating from I"me\’\”r‘?han one Skyrider node we run a de-duplication

clients. The Lw_newwe client d(_)es not allqw users tgcript that removes duplicate instances of the same

perform any kind of e_lutom_atlc or robotic que”_esquery by using the Gnutella message ID, as this ID

It does n(_)t allow queries W'th the SHAl extensm_)r]s constant per query instance when the out of band

hor doe_s it allow the autom_atlc resend_mg O,f AUENERsturn address belongs to the query originator. The

When it does send dupllcate queries, It USES ffdal result of this preprocessing stage is a single

constant Message ID which enables us to efﬁuent&/a”y log file, containing a single record for each

remove duplicatﬁons. Thus, we avoid many of thﬁeographically identified query captured. These files
difficulties experienced by [8]. As mentioned abov re used as input for further analysis

Limewire is by far the most popular Gnutella client,

thus we do not loose much by excluding all other II. DATA-SET STATISTICS

clients. Capturing only Limewire queries is an easy \we have captured query traffic for 38 days, be-
task as Limewire "signs” the message ID associat%ening on 7/15/2006 and ending on 11/5/2006.
with each message it sends. This signature can Pge total number of unique geographically identified
easily verified by the intercepting node, and thus cqjyeries intercepted is 665 million queries. The daily
who do not employ the Limewire signature schemgeekdays and increases on Saturdays and Sundays
by 20 — 25%.

_The Igrge scale deployme_nt of our system_, COM* rable 13 provides details on the number of unique
bined with the features explained above, provides us

with unprecedented _amognts Of recordg of humarsthe preakdown of queries in other countries is as follows:
generated geographically-identified queries. FR-3.3%, AU-2.7%, DE-2.2%, IT-1.4%, BE-1.4%, SE-1.1%.




IP addresses and the number of unique queriéd5/2006 and ending at 10/31/2006. As we begun
observed on three different dates from six diffemur analysis it became immediately evident that
ent countries. Note the dominance of US queriethere are two distinct types of search phrases over
42.78%, and of queries from mainly English speakthe Gnutella network, we denote them as "Constant
ing countries (US, CA, GB, AU)63.24%. The top Phrases” and "Volatile Phrases”. Constant phrases
13 countries account fo86.89% of all queries. are searches phrases aimed at finding any content of
Fig. 2 examines the diurnal patterns of quers certain type. Popular constant phrases are mainly
activity in the six countries with most queries. Thenusic related terms like "country”, "rap” and "hip-
X axis is the time of day (UTC) and Y axis denotefiop” or adult related like "adult”, "porn” and "sex”.
the number of queries observed per hour, dividadle find that over a 3 month period there are only
by the total number of unique IPs observed duringlight changes in the frequency of these queries. On
the entire day. This is calculated on 3 differenthe other hand, volatile phrases are search phrases
days (Oct. 17, 24, and 31) and an average is uséot. more specific content. The top volatile search
Normalizing this way allows us to factor awayphrases are all name of performing artists. As the
the population size, and more easily compare tip®pularity of artists changes rapidly, the frequency
behavior of the average user in different countriesf these phrases changes rapidly with time, and it is
Similarities between the different countries are impossible to track significant popularity changes over
mediately evident. In all countries plotted, peak 3 and a half month period.
activity occurs in the local evening hours. At the

very late night hours query activity drops to abouti1

Fig. 3 shows the evolution of the popularity of

1% — 13% of peak activity. Excluding Japan, the''© top 10 phrases Qf each ype f_or the 7/15/2906
remaining 5 countries are similar in the activity Ievezlmd the 9/11/2006. Fig. 3(a) is sufficient to describe

of their users. At peak hours we record an average%?th dates since the top 10 constant phrases do

0.5-0.6 queries per non Japanese user per hour ! _chrlalnge Eetwezn hth(fase two da;eﬁ. NOti how
0.01—0.05 queries in the trough hours. ForJapane§8 atively unchanged the frequency of these phrases

users we record a peak of above 1.2 queries per u ains_ throughout the repor_ted peﬁod. The order of
per hour and).17 in the trough hours. At this stagepc’pu'a”ty of these phrases just slightly changes. It

we can only speculate on the reasons for the ratHEnﬁISO interesting to observe that "adult” stands out

higher activity levels of Japanese users througho'ﬂtbemg much st_ronger_ than any other search t«_arm,
the day. constant or volatile. Fig. 3(b) shows the evolution

of the top 10 volatile phrases on 7/15/2006. Fig. 3(c)
shows the evolution of the top 10 volatile phrases
on 9/11/2006. It is interesting to note that only 3
of the 10 most popular phrases on 7/15/2006 are
also popular on 9/11/2006 ("eminem”, "beyonce”,
"lil wayne”). These three phrases enjoy a perhaps
not stable, but still clear upward trend. The other
7 top phrase show a constant decline, and are out
of the top 10 by 9/11/2006, and continue declining
thereafter. Fig. 3(c) provides a view of the past and
future of the top 10 phrases on that date. As might
be expected, some of the phrases show a peak on
[1l. TEMPORAL BEHAVIOR OF THEMOST L I . 0
POPULAR QUERIES the vicinity of 9/11,_ exhibiting thelr past climb into
the top 10 and their future decline (see for example
A. Phrases of constant and volatile popularity "sexy back”, "justine timberlake”, "danity kane”,
We examine the change in popularity of searcimoney maker”). "akon” on the other hand, shows
terms over a 3 and a half month period beginning steady climb thought out the reported period.

Fig. 2. Queries per hour per user
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Fig. 3. Top-10 Phrases Popularity Evolution. (a) constaht (gl| top 100 terms.

volatile topped at beginning (c) volatile topped at 0911 Fig. 4 compare the ranking drift from the first
shapshot, captured at 07/15, in the depicted 6 coun-
tries over a period of three month till 10/20. As
expected the ranking drift increases for the longer
We analyze change in popularity between two seg¢mpared time interval.
of queries captured from different populations at Fig. 5 compares the difference between the top
the same time or from same population at differedi00 terms in several countries to the top 100 US
times. We choose to consider just the top 10@rms. To increase confidence the CDF of ranking
popular queries as they reflect the interests of tleift is calculated from four snapshots, captured
compared population during the capture interval. Fapproximately every month (at 07/15,08/13,09/11
each of the top 100 terms we define theking drift and 10/20). First, we rank the top 100 terms of each
as the difference between its rank in the compareduntry from each snapshot separately. The ranking
set to its rank in the reference set. We then plot tligifts are then calculated for all 100 terms from
cumulative distribution (CDF) of this difference foreach snapshot, and the CDF is calculated over all

B. Cumulative Top-100 Rank Drift
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query strings as a function of their popularity but it
is omitted to save space. For US we found a fairly
good fit to Zipf power-lawy = —1.89z + 6.11, in

the popularity range< 200. We found a similar fit
for Japan and all other countries, for the frequencies
of their mid and low popularity.

IV. CONCLUDING REMARKS

We have demonstrated large-scale capturing of
geographical-identified queries, which enables us
to track the instant changes in P2P users interests
from each geographic area. We can use the same
tools and techniques to deepen our understanding
of cultural difference between countries, cities and
even neighborhoods in the same city. We have also
started working on correlating real world events like
the release of a new video clip or an appearance
in a national event with changes in the popularity

400 ranking drifts. Fig. 5 (left), depicts the rankingf artists on P2P networks in different geographic
drift of each country from the top 100 US termsiegions.

The ranking drift of US from the top 100 terms
of each country is depicted in Fig. 5 (right). The
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