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ABSTRACT

Peer-to-peer file-sharing systems commonly usesétef-terms
model to describe succinctly a peer’s shared éte ¢he union of
the terms in the share files. This information &edi to guide
query routing decisions. The problem with this mpdewever,
is that it falsely suggests term co-occurrencesdbanot exist in
any single file. Consequently, queries get rowgadneously to
peers that have no matching files, wasting netwaurkd
computation resources in the process. We redweeartiount of
co-occurrence errors by partitioning each peers fiet and
representing the peer as several file partitiorstead of one.
Experimental evidence demonstrates that it is ptess$o reduce
the network traffic between neighbors by up to 68&#irtually
no cost.
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1. INTRODUCTION

In weakly structured peer-to-peer file-sharing egst (e.g.,
Gnutella), a peer makes query routing decisionguldging the
likelihood that a neighbor's shared content corgtainatching
results. The peer compares the query to a locstibred
description of each neighbor’s shared contentthdfdescription
does not preclude the possibility of a match, them query is
routed to the corresponding neighbor.

A common way of implementing a peer’s descriptienas a
“term set,” comprised of the union of the termseiach of its
shared files (or filenames in the case that thes fidre binary [3]).
Queries are matched conjunctively; if a term settaios all
query terms, it is routed to the corresponding pee file

matches a query if its filename contains all queryns.

The term set model, however, lacks precision incileisg
content and may lead to queries being erroneouslyed to
neighbors with no matching results. Such erroneauging
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wastes both network and peer resources. For eraifi@d peer
shares two files, named “world” and “cup,” respesly, its term
set would be {world, cup}. In this case, the quémporld cup”
will be routed to it, even though none of its filase actually
matches. We refer to this phenomenon agdlse co-occurrence
problem referring to the fact that the term setdbl suggests that
“world” and “cup” co-occur in some filename.

False co-occurrence is a significant problem in-weald P2P
file-sharing systems. In our experiments with datthected from
the Gnutella network, well over 50% of the queriested to an
average peer do not match any of that peer’s fdeal

To address the false co-occurrence problem, we osmp
partitioning the peer’s shared file collection amréating a term
set for each partition — each peer is representadwllection of
term sets instead of just one. A partitioned teghis a more
precise description of a shared set of files bexdtideads to
fewer co-occurring errors and ultimately less nekwviraffic.
Returning to the example above, we could create gamitions
for the peer, one for each file, resulting in thesdtiptor:
{{world}, {cup}}. Because the query “world cup” mahes
neither term set in the descriptor, it would notrbated to the
corresponding peer.

Each partition represents a subset of a peer'sdiliection; thus
we expect it to be more precise a representati@ur main

contribution explores the allocation of files t@tpartitions. We
contrast our work to previous work on the represton of

arbitrary collections in networks that partitionite$ randomly
(e.g., [29]) as well as previous work in meta-skangines that
partitions files semantically [12][30]. Unexpedigdnone of

these techniques work very well in our applicatsanwe propose
a novel alternative that improves on these by ugbh.

Second, we consider the cost in terms of space abfitaining
several data structures to represent a singlectiolie which may
be a factor particularly in networked environmen@e consider
the cost/benefit tradeoffs that are incurred binfixthe size of the
representation — the cost decrease using fixedrs@esentations
is at most 50% in our experiments. We also proposzhnique
that dynamically balances cost and benefit. Thymadic
technique is able to compute a fixed-size represemt that
reduces cost to within 8% of manually tuned reprg@®ns.



2. RELATED WORK

Distributed hash tables (DHTSs) (e.g., [17][31]) ae efficient
approach to search in reliable networks. Basic BHTowever,
only allow search for single keys. Since genendibrimation
retrieval systems allow multi-term queries, digitdd inverted
lists based on DHTs were devised [5][11][18]. utls systems,
each term is associated with the list of documeédéstifiers
(doc-ids) containing it. The DHT maps each of #édsts to
nodes based on its associated temterm user queries retrieve n
doc-id lists, and the intersection of these liststhe set of
identifiers of the documents that contain all oé terms. The
problem addressed here is in reducing the cosetoiving all
the lists, each of which may be very long.

The work on search with DHTs is distinct from ofws several

reasons. First, the application of DHTS requireme system
stability, which most P2P file-sharing applicatiais not exhibit

[19]. Second, they assume that the shared datstitda an

integrated collection, whereas in P2P file-shaidggtems, each
peer is considered a separate collection, requitingwn search
mechanism. The specific problem they address the. cost of
retrieving and intersecting several large listgjiginct from ours
(i.e., representing a single peer’s shared codiajti

A more general problem of representing a collectiérshared
data has been considered in the information systemmsnunity
[51[8][9][20][21][22][23]. These techniques incledusing hash
sketches, vector space models, language modelspgondximate
collection samples, which are then used to guidetidr queries
should be issued to the corresponding data soutdesiever, as
these representations are only approximations, yqueating
choices are subject tboth false-positive and false-negative
errors. Our goal is to reduce the false-positivating errors
without introducing any false negative ones. Femtiore, our
solution of partitioning files can be combined witthe
aforementioned representation techniques to improiveir
precision.

Specific routing techniques have been devised fer P2P
environment [12][24][25][26]. The focus of [12][R#& on index
propagation and update management, but use coltecti
representations similar to those mentioned in thievipus
paragraph. Specifically, because the problem opggating and
updating indices are largely orthogonal to collati
representation, it is straightforward to apply théschniques to
our collection representation technique. (For eplam the
proposed techniques for representing multiple ctibes as one
to create a collection representation hierarchy che
straightforwardly applied to our representatiorhtéques.)

[25][26], on the other hand, focus on representi§lyiL
documents and queries either as an adjacency2i§tdr as a
matrix [26]. However, these works do not addréssproblem of
removing the false co-occurrence problem while g the
complexity of collection representation, which makéem
orthogonal to our problem. Their solutions ar@ddased largely
on the graph structure of XML documents.

Our work improves the precision of the peer desorigvithout
introducing any false-negative routing errors byugng the
number of false co-occurrences implied by a pedg&criptor.

3. QUERY PROCESSING AND ROUTING
SPECIFICATION

In P2P file-sharing systems, each pBeshares a collectioR of
files. Each fileF; O R is represented by file descriptor(e.g., a
filename), denote®(F;), which is a set of “terms.”

Let T be the union of all terms of all file descriptafsfiles in R
(i.e., T=0grD(F)). We refer tol as thepeerdescriptorof P or
theterm setof R.

A queryQ is also a set of terms. A quefythat is routed to a
peerP is compared with all files iff; 0 R. Queries are processed
conjunctively, saQ matchesF; if Q is a subset of thB(F) (i.e.,

Q O D(F)) [3]. In the event of a matci)(F;) andP’s id are
returned to the client who issu€} which uses this information
to decide on whether to download the associated fil

In practice, a peer only maintains collection infiation about its
immediate neighbors. This information is updateédregular
periods or whenever a peer joins the network.

Each queryQ is initialized with a time-to-live of 3 to 7 and
flooded in the network until the last hop. Thetlhep routing
decision toP is made by comparin@ to T. T matcheQ if T
containsQ (i.e., if Q O T). This matcksuggestshatR contains a
file F; that matche®. A non-matchguaranteeghat no file inR
matchexQ.

This last-hop routing design is a reasonable ces#fit trade-off:
maintaining collection information beyond immediateighbors
is complex and expensive [12], and, in any case nthjority of
network traffic happens during the last hop.

Because peer descriptors are only used on théndgst without
loss of generality, our model consist of a singten® to which
an abstract “neighbor” routes queries based on geseriptorT
as shown in Figure 1la
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b. Routing with a 2-partitioned collection.
Figure 1. Basic (a) and partitioned collection (b) routing.

4. PROBLEMSWITH TERM BASED
QUERY ROUTING

A co-occurrence errooccurs betwee® andP if Q matchesT,
but no fileF; O R matchexQ:

QO Tand-0F, ORs.t.Q O D(F).



In this case,Q is erroneously routedto P, wasting network
bandwidth and computation resourcesSatWe refer to routing
decisions due to co-occurrence errors as a tydalsg positive
error becaus@; falsely suggests that routirigto § would result
in at least one positive match. Note tFelse negativesannot
occur in the given model.

Co-occurrences errors occur becads@enerally suggests the
existence of file descriptors for files Rthat do not exist. The
number of unique queries thatmatches is exponential || T
theoretically matches™ - 1 unique queries, but there are far
fewer than this number of files iR in practice. Reasonable
values for T| and IR are 500 and 100, respectively, which
suggests the potential impact of this problem.

We use the following ratio to measure the degredalse co-
occurrences that exist in a descriptibof a collectionR:

G(R) =1-Nc/ (P(M[-1), @
whereN; is the total number of non-empty queries thatroatch
some file inR and%(T) denotes the power set Bf(i.e., the set of
all possible queries that can maf€h The second term on the
right side of Equation 1 represents the proportbmon-empty
queries that match bo#'s descriptor,T, and at least one file in
R One minus this value is the proportion of queridat
erroneously match.

N, can be expressed as the union of power sets D{&)l, where
FOR

N. = [0;2(D(F))| - 1, wheres; O R,

By definition, #(D(F))| is equal to 8, but a closed form
expression foN, is not possible in general due to the possible
overlaps in®(D(F)) for variousj.

Our goal is to minimizeG(R) by partitioning R. Intuitively,
partitioning R reduces%(T)|, thereby reducin@(R), which we
explain in more detail below.

5. SOLVING CO-OCCURRENCE ERRORS
BY PARTITIONING THE FILE SET

We reduce the degree of false co-occurrences tiwtron T by
K-partitioning collectiorR into R, R, ..., R¢ with corresponding
term setsT?, T, ..., TX. A peer consequently h#sterm setsT?,
T2, ..., T representing its collection instead of one.

Using partitioned descriptions slightly changes they that
queries are routed. A neighbor rou@so P if Q matchesT for
any 1<j < K as shown in Figure 1b. Although partitioned
descriptions increase routing decision overhead fagtorK, this
cost is trivial compared with the cost of erroneawsiting.
However, if desired, it is straightforward to appilye cost-
reducing techniques covered in [12] to our approach

By partitioning the collection, the degree of fatseoccurrences
for the partition®R}, R, ..., R becomes

G'RLR, ...,R)=1-N./ (02T -1). (2

In this equation, the denominator on the right sidscribes the
number of non-empty queries that match at leasobiig T?, ...,
TX. This expression suggests the positive effedt ghetitioning
R has on the degree of false co-occurrences. S$qahif if we
compare the denominator from Equation 2 to tha&aiation 1,
we see that it must be the case #B&R) > GX(R!, R, ..., RY)

because];#(T)| < |2(T)].

The extreme cases whefe= 1 orK = R are illustrative. When

K = 1,G(R) clearly equalss'(R"). The case wheré = R] is the
case where one partition is created for each fie., (T' =
D(F), OF O R). In this case, the minimum number of queries
matches the peer descriptor Bf equivalently, all matched
queries match at least one file fa The following two results
formalize the performances of these two extremesas

Lemma 1. When all files are in a single partition, thesciéptor
matches the maximum number of queries.

Proof: We prove the lemma by contradiction. Assumedlie a
solution withK > 1 such that a quer® matches term sét of
this solution but does not match term Feif theK = 1 solution.
This is a contradiction becaustO T: all queries that match
must also matchi. o

Lemma 2: When there is one file per partition, all querteat
match the (partitioned) descriptor Bfmatch at least one file in
R.

Proof: We prove the lemma by contradiction. Assumé there
exists some quer such thatQ matches som& but does not
match any fileF; O R. However, becaust = D(F;) for someF;
O R, it must be the case th@tmatches=;.o

Correspondingly, the degree of false co-occurrendtsthe one-
descriptor-per-partition solution is zero:

GYRL R, ..., RRY
=1-@2OF)| - 1)/ @PT)] - 1)

=1-(E2OE) - 1)/ @POFE)) - 1)
=0.

IncreasingK to the limit trivially eliminates false co-occunees,
but is an unscalable solution, considering thatespmers share
hundreds or thousands of files. The solution isltow a user-
tunableK number of partitions. Thus, our goal iskepartition R
to minimize []]j.‘?(Tj)| for a givenK value. We consider the
framework of effective partitioning techniques spective ofK
in Section 6 and then consider the determinatiorpraictical
values ofK in Section 7.

6. EXPERIMENTAL RESULTS

We study the effectiveness of partitioning by appiyit to data
we collected from the Gnutella network during theriSg of
2007 using our IR-Wire data logging tool [15]. Faur
experiments, we randomly selected 65,000 queries 20
random peers that share from 100 to 500 files e@éthran the
same experiments with both smaller (50 to 100 files peers)
and larger (1000 to 5000 files per peer) data séigh revealed



little relative difference; therefore, the presehteesults are
representative.

As done in commercial P2P file-sharing systemsyse aBloom
filter to represent a partition of files [2]. A Bloonitdr is a fixed
length bitmap that compactly represents set merhigers A
Bloom filter is initially all zeroes when the setéempty. When an
item (i.e., a term of a file descriptor in this ep$s put into the
set, the bit (or set of bits) corresponding to ftexh is set to one
in the Bloom filter. Checking if the item might brethe set using
a Bloom filter requires checking if its correspamglibits are set
to one.

The use of Bloom filters (and hash-mapped bitmapgeneral) to
represent a set makes possibtdlision errors which lead to a
type of false positive error distinct from thoseused by co-
occurrence errors. A collision error is definedttas case where
two items set the same bit(s) in the Bloom filtéf.one of these
items is inserted into the set, a search for theratem using the
Bloom filter will return a positive result eventtie item is not in
the set. Bloom filters, however, do not allow &leegative
errors.

The number of bits used to represent an item set Bloom

filter influences its rate of collision errors (agplained in [2]).

We use a single bit to represent each item bedhisé done in

practice [1] and results in fewer collision errassthe number of
inserted items increases [2].

Our Bloom filters are created with an MD5-basedhhasiction
as done in previous work (e.g., [12][27]). Theesiaf each
Bloom filter is 64KB, as it is in the Gnutella netui [1].

For each serve?, we record the following:

¢ Q- the number of queries routedRo
¢ Qun—the number of queries that match at least daénfRR.

¢ Q. — the number of queries routed Podue to collision
errors with the Bloom filter(s). These queries eamiat least
one term not found iff.

¢ Qg - the number of queries routedRalue to co-occurrence
errors. We defin€y asQ; — Q. — Q.. By this definition,Qq
may be under-reported as it mayerlap withQ. However,
the magnitude of overlap should be small as we db n
anticipate many collisions.

Our main cost metric ik Because the query matching
technique does not admit any false negative erthes|ower the
Q. the better. We report values averaged overGafiéers in our
test set.

6.1 Partitioning Technique

We partitionR usingK-means with random centroids and cosine
similarity as the basis for distance between adéscriptor and a
centroid [4]. This method is well-understood anda@nmon
baseline for partitioning performance in informatigystems.

To review, K-means initially createsK centroids in space
(randomly in our experiments) that form the centfrglisjoint

clusters. It then iteratively assigns each objbett is to be
clustered to the centroid to which it is closegfifted by cosine
similarity in our experiments). After all objectsave been
assigned, each centroid is recomputed as the av@@sjtion of

the objects that have been assigned to it. Theeproof object
assignment and centroid computation is repeatedl time
position of allK centroids stabilizes — that is, until they do not
change beyond a user-defined threshold. Equivgaitmeans
repeats until no object changes cluster memberfbim the
previous iteration.

Cosine distance between term sBtsand D, is defined as one
minus the cosine similarity @, andD.:

Leod D1, D2) = 1 V(D) « V(Do) / (IMD)IIIMD2)]).

In this equationV(D;) is D;'s representation as a term frequency
vector,e is the dot product, and/(D))|| is the length o¥(D;). We
also tried more complex distance functions (e.lge squared
Jensen-Shannon divergence [7]), but without sigaifily
different results.

In the case of a tie in cosine distance, we usédeime set size of
the partition for tie-breaking. A descriptor iss@med to the
partition that has the fewest terms. Tie-breaksgarticularly

important during beginning phases of partitionisgtas is when
it is most likely that the descriptor has zero nessimilarity with

every partition.

We assign the descriptor to the partition with thi@imum term
set size to encourage the creation of partitioas dhe as small as
possible with as little size variation as possibWe discuss the
motivations behind these design goals in latelicest

6.2 Varying the Number of Partitions

We compare the performance of cosine-based paititjo to
random partition generation with varyitgy Recall in Section 1
our mention of how previous work either used semmant
random partitioning of data when creating collettiescriptors.
Our use of cosine-based and random partitioningespond to
these approaches.

In Figure 2, we show the performance of cosine rmtiom on
cost ) with increasingk. We also include the minimui®;
(opt), which corresponds to the number of querfet match
some fileF O R. We will discuss\M in Section 6.2.1.

The minimal cost is 160 queries, whereas the baseis ~600
queries. This means that approximately 75% of igaeare
erroneously routed to peers.

Cosine steadily decreases cost from 608 to 495am16r18%) as
K increases from 1 to 5 partitions. Unexpectedbndom
partitioning is more than twice as effective asimesartitioning
over the same interval, decreasing cost by abdit 44

The poor performance of cosine partitioning is doe the

partition’s physical characteristics, which are smdi by the
behavior of cosine distance. Objects in a partittoeated by
cosine partitioning have maximum similarity with mimal

dissimilarity (as defined by the cosine distancdritie On the
other hand, partitions generated randomly have trargi
similarity. Thus, partitions created by cosinetitianing have
less overlap and consequently a lower averagetisaethose of
random partitioning as shown in Figure 3 and Figdire Low

overlap is generally a good characteristic of parts and is good



in our case as well. However, another characterest cosine
partitioning makes it worse than random.

The problem with cosine partitioning is that it qéa all
“semantically similar” descriptors in the same jt@m without
regard to partition size. Furthermore, largeriparts contain a
larger variety of terms, increasing their simikarito the
remaining, unassigned descriptors. Ultimately, tlege
partitions get even larger.

Although cosine distance also measures dissinyiléétween a
partition and a descriptor, dissimilarity is unlikeo be a factor
because of the skew in term distributions and thallssizes of
the descriptors. Therefore, regardless of the edegof
dissimilarity, a small amount of similarity is liketo be enough
to determine the assignment of a descriptor tortitipa.
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Figure 2. Number of queriesrouted to P (Qy) with various
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Another consequence of the behavior of cosine tiaring is
that size variance in solutions is high, as showrFigure 4.
Cosine partitioning tends to create solutions whenest
descriptors are assigned to very few partitions.

Large partitions must be avoided when creatingitpans for
routing. Consider the case where no partitionglape Then,
the number of unique term combinations that malch golution
is approximated by the following expression:

> o
2"
~

This expression is minimized wheR| is uniform (i.e.,T| = [T /

K, where 1<i < K) and maximized wherT;| has high variance
(e.g., whenT| = [r| for somei). Variance inT|, therefore,
matches more queries and leads to more routingrserro
Furthermore, as suggested in Lemma 1, large mausiti
approximate worst-case performance.

Random partitioning allows partitions to overlagading to
larger partitions on average. Randomly generatgtitions are
as much as 33% larger than cosine-generated pasgiton
averagel{ =5 case). However, this does not make up fofabe
that cosine generated partitions have a size \aidhat is 8
times greater than that of randomly generatedtjmars.

As the number of descriptors grows, however, sosdte
average size of each partition. In time, randomtifEning
performance will approach that of cosine partitignas all terms
will be represented in all random partitions. Riart size
variance will decrease, but average partition sl be
maximized.

The general problem with cosine partitioning istttiaonsiders
descriptor similarity with partitions. Considerirtge skew in
practical term distributions, this leads to highiamace in partition
size. The general problem with random partitionisgthat
random partition sizes increase arbitrarily regesdl of their
contents. To solve the problems of both of thedetisns, we
proposdifference-baseg@artitioning.



Difference-based partitioning considers how différa descriptor
is to a partition without considering how simildrey are when
making assignment decisions. By avoiding a sititylar
comparison, it avoids the problem that cosine fianing has

with size variance. By considering difference,aitoids the

problem that random partitioning has of uncontlgowth.

6.2.1 Difference-Based Distance

The number of false co-occurrences created byrasgidile F to

R can be computed by compariBgF) with T'. All of the terms
that are inT' — D(F) falsely co-occur with all the terms that are in
D(F) — T' as shown graphically in Figure 5. The falsely co-
occurring term set is computed by the cross prodfi¢f — D(F))
and D(F) —T'). We define the cardinality of this set as thet ©fs
assigning- to R, which is computed by

AM(D(F), T)=DP(F) -T|x I =D(F).  (3)

D(F) T

False co-occurrences bR(F) — T) x (T' — D(F))

Figure 5. The false co-occurrences introduced by adding F to
R' are caused by their non-overlapping term sets.

The design of\M encourages the creation of partitions with both
small average size and small size variance. Wesearnthis by
considering its behavior in containment and nont@ioment
conditions between pairs of term sets (i.e., a ij@sec and a
partition). First, if one descriptor properly caimts another, then
AM, but not cosine, implies that combining them haszost.
This is the correct behavior as the set of termlioations of the
containing term set subsumes that of the contaiset
Therefore, combining these two term sets into o®duces no
false co-occurrences. This behavior has the terydtm create
smaller partitions on average because it avoidstigbar
containment assignments.

If there is only a partial overlap between ternssétien theAM
focuses on the difference, whereas cosine focuseboth the
difference and the similarity. This focus on ttiedlence has the
tendency of assigning descriptors to smaller panit, which, by
expectation, leads to fewer false co-occurrencéss has the
effect of reducing the size variance in the finartpioning
solution.

We re-ran our experiments, replacing cosine digtamith AM.
Our results, shown in Figure 2 through Figure 4vstthatAM
outperforms both cosine and random partitioninguoing Q; by
53% versus 18% and 44% for the other two, respalgtivThe
reason for this performance improvement is cleamfthe results
shown in Figure 4. partition sizes are on aversigeller than
those of random partitioning and have less varidhae those of
cosine partitioning.

7. CONTROLLING COSTS: REDUCED-
SIZE BLOOM FILTERS

The cost of our proposed solution is a functiorKof LargerK
values increase routing accuracy but at the expefismore
maintenance and transmission cost. We propos& toot by
fixing the number of bits used to encode Ka8loom filters that
represent a peer descriptor; specifically, we fixat 64KB
regardless ofK. In doing this, we introduce a tradeoff.
IncreasingK decreases routing errors due to co-occurrenceserro
as described in Section 5. However, it also irswsdhe rate of
routing errors due to hash collisions; as eachtjmartis allocated
fewer bits, the rate of collision errors increas@se challenge is
to identify aK that balances these two effects to minimize the
overall number of routing errors.

Let Ng be the total number of bits used in the Bloomefilt
encoding of the peer descriptdr, and letN; = [T|. The
probability of a collision in the Bloom filter endng of T is [2]:

_Nx/NB .

(4)

Pr(collision) =1-e

We expect that fixing the size Bloom filter is aasenable
approach becauséls is large compared td\; in practice.
Therefore, the probability of a collision is lowLet Ng' be the
number of bits available for the Bloom filter enauglof partition

T, which containd\ terms. In our data set, a peer’s collection
contains at most 4,000 unique terms, encoded irBodkrth of
bits. Pr¢ollision in R|Ng' = 64KB /K andN; = 4,000) is 0.008
whenK =1 and increases at a rate of 0.007 for practialales of

K (i.e.,K < 20). This low collision rate gives us the flexityi to
increaseK.

Two problems arise that complicate increasikgarbitrarily.
First, N decrease more slowly th&'. (Recall the results from
Figure 3). Due to overlapping term sets, average/ Ng'
increases withK and therefore so does the collision rate of each
partition.

In addition, the variance in partition sizes ingesa with K.
(Recall the results from Figure 4.) The increasieé variance
and the increased overlap mean that the abilifyasfitioning to
reduce co-occurrence errors decreases Kuitour goal is to find
an optimalK that minimizesQ;, where the marginal increase in
collision errorsQ, is equal to the marginal decrease in co-
occurrence errorgy.

7.1 Experimental Setup

Since each partition in the optimal solution comsathe same
number of unique terms, we assign the same numnibkitsoto
each partition’s Bloom filter:Ng' = N5 / K. Therefore, reducing
the range of the hash functibhis straightforward:

H’ =H modNg,

whereNg is the number of bits in the original Bloom filtedn
addition, each peer descriptor that is transmitted neighbor
also contains it& value so that the neighbor knows how to parse
it for individual Bloom filters.



7.2 Performance of Reduced-Size Bloom

Filters

In Figure 6, we plot the performance of reduce@-dBioom

filters with different values ofK. We break down the
performance oAM in terms ofQ;, Q. andQy. As expected, ds

increases(). increases an@y decreases. The rate of decrease in

Qqdecreases, however, while the rate of increasg is linear in
our K range, which includes all practical valueskf These
trends result in a net increaseQpbeginning ak = 8.
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Figure 6. Error breakdown using reduced-size Bloom filters.

7.3 Incremental Collection Partitioning

Although settingK to 8 yields the optimal average performance

in our experiments, we cannot generalize the padoce of this
K value over all peers and all collections. ThermatK value
for a particular peer may be greater or less thaep@ending on
its term distribution over its file descriptors.

We propose a way of dynamically approximating aalqueer’s
optimal K, balancing the slowing decreaseQawith the increase
in Q. asK increases. Our technique uses the expectatianshih
rate of increase Q. is non-decreasing ik and the rate of
decrease inQy is non-increasing inK. (Both of these
expectations can be demonstrated analytically.) velGithis
behavior, wher); begins to increase with, it is guaranteed not
to decrease with increasikg Therefore, the optima is some
smaller value.

We propose to increase incrementélyntil the rate of decrease
in Qq is below a given threshold). Before this threshold, the
decrease i is expected to compensate for the increasg.jn
but not after it. We use a fixed threshold because&xpect). to
be linear for our range &f.

During each iteration of our technique, one pantitin the set of
partitions issplit in two usingAM partitioning. If an analysis of
the split reveals that it decreas®s by a minimum threshold,
then the split is accepted and another split issictamned.
Otherwise, the split is undone at the process stops

There are two criteria for picking the partitionslit:

1. The partition that has been involved in the fewsgdits is
split first.

2. Inthe event of a tie, the partition with the mastque terms
is split first.

Criterion 1 effects round-robin partition selectiby avoiding
splitting partitions that have either been eithglitsor created
most recently. Because in the optimal solutighis equal for all
i, each split should create “sibling” partitions hvia similar
number of unique terms, so splitting the same tiamtitwice
consecutively should not be necessary anyway exdept
degenerate or boundary conditions. In other wonds,expect
Criterion 1 to be less of a factor in determininigiel partition to
split next than Criterion 2.

Criterion 2 splits the partition with the most teriirst because
the potential benefit of splitting these partitioisshigher. As
explained in Section 4, large partitions match spdiportionate
number of queries.

When necessary, we denote cases where we genenedeced-
size peer descriptor incrementally by inserting tkerm

“incremental” where appropriate. In cases where fieer
descriptor is generated with a pre-Ketve insert the term “fixed-
K” where appropriate.

The stopping condition of the splitting procesglmally based on
a direct measurement of the rate of decrea$g;inThe problem
with using this measure in a stopping conditionthiat it is not
possible to determine the impact of a splitQanalytically.

Fortunately, there exists a strong correlation ketvQ, and the
averageN, with increasing<. This correlation, with a correlation
coefficient of 0.99954, is shown in Figure 7. Thisrrelation
conforms to the fact that there exists a directi@hship between
number of terms in a partition and the number dfjue queries
it matches. Because averad is measurable during the
partitioning process, whileQy is not, we use the former in
formulating our stopping condition.
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Figure 7. Number of co-occurrence errorsand average
number of uniquetermsin each partition with increasing K.
In these results, full-sized Bloom filters are generated with
fixed-K partitioning.



The stopping condition occurs when a split doesdeatease the
averageN, by threshold percentage. Because averagh
approximate®),, the drop in averags,' must be large enough to
offset the expected increase (@ caused by the split. An
insufficient decrease in averaljg means that the split is unable
to reduceQ;. In the event that the stopping condition is heaf;
the split is rolled back and the splitting procetsps. Formally,
the stopping condition is reached if the followiisgtrue when
trying to create al{ + 1" partition:

avg(N,, K +1)

— = -1>U
avg(N,,K)

In the expression above, al( K) refers to the averadé' given

K partitions.

Empirically, we found that) = -0.1 yields the best results, so if a
split does not change the average nuniyeby -10%, we undo
the split and stop the splitting process. In Fég8r we show the
performance of incremental partitioning with difetU values.

Incremental partitioning with the U = -0.1 stoppitiyreshold
results in an averad® (304) that is on average within 8% of the
averageQ; of the case where we manually tune the optikdal
value for each peer (281) — labelgut-K — and 50% lower th€)
with the base case &= 1(608).

To show that this improved performance is constséemong all
peers in our experiment, we also consider the pednce of
incremental partitioning on a peer-by-peer basisFigure 9, we

show theQ; values for each of the 50 peer collections when:

using a single partition (max); when using #ptand when using
incremental partitioning. The consistent closer#sthe graphs
for optK and inc indicates clearly the fitness of the inwzetal

partitioning technique and the stopping conditi@n &rbitrary

peer collections.
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Figure 9. Number of routed queries per peer with incremental
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8. OTHER CONSIDERATIONS
8.1 Handling Collection Updates

Over time, users may add or delete files from tloeitections.

These changes must be reflected in the peer dgsosp
Handling file addition is straightforward, due tetgreedy nature
of the AM partitioning algorithm. Our experimental resudie

based on an arbitrary ordering of file files. Wxspect that

additional files will be assigned to likewise appriate partitions.
Updating the corresponding Bloom filters is meralynatter of
modifying the appropriate bits that were previoushkt to O.

Transmitting Bloom filter updates to neighbors gspartitioned

descriptions may be more efficient, as it is pdsstb transmit
updates to just the modified partitions.

Handling file deletion requires a little more enggning because
it requires knowing whether the deletion removethviti the last

instance of a particular term from a partition. stf, this term

must be removed from the partition’s term set amdesponding

Bloom filter. This requires maintaining a map betn files and

partitions as well as maintaining counts of termgfrencies in
each partition. This is the technique used in ok, such as
[12][27][29] and is straightforward to apply to otase.

Under certain conditions, it is also reasonableandle deletions
by ignoring them. In cases where collections amd, for

example, it is unlikely that ignoring a single dia will result in

a routing error and therefore ignoring it is worthile. Peers that
tend to stay online for long periods of time tewmdhave large
collections and delete relatively few files. Pe#hrat join and
leave regularly have their descriptions updated nmiey join.

Finally, ignoring deletions does not introduce dalge negative
routing errors, only, possibly, false positivesor Rll of these
reasons, handling deletions may be relatively uoitgmt.

Updates to descriptions can be transmitted to mheigh either
periodically (e.g., whenever a user logs into tiistesn), when
neighbors request updates (as done in Gnutelleof3}fter some
change threshold has been reached.



8.1.1 Updates to the incrementally created

partitions

One question is whether the partitions need toduated due to
inserts or deletes. These operations affect teeageN,, either

increasing it (on inserts) or decreasing it (oretkd). If average
N gets too high, then the rate of collisions incesasl|f average
N, gets too low, then the partitions are not aggvesshough in
reducing co-occurrence errors.

On an insert, therefore, we attempt to merge twditjmens.
Merging partitions reduces the collision rate bgre@asing the
number of bits available to encode each Bloomrfilte

We attempt to merge the smallest partition (in eeohterm set
size) with another usingM to pick the most appropriate one.
We merge the smallest partition in an attempt tepkehe
partition sizes as even as possible. If the attechmerge does
not undo a good split as defined by the stoppingditmn
mentioned in Section 7.3 (that is, allow the mafga/g(N,, K +

1) > (1 +U) avgN{, K)), then it is allowed. This process repeats
until some merge violates the stopping conditionnf@rging. A
new Bloom filter is then encoded based on the nastitipns.

A similar process occurs when a file is deletedmfrahe
collection. A split is attempted on the largesttiian (in terms
of the term set size). If the split does not vieléthe stopping
condition, then it is allowed. This process repeattil some
split violates the stopping condition.

8.2 Handling Multi-Hop Routing

We have so far ignored multi-hop routing in thisrkvbecause it
is ignored in practical P2P file-sharing systerfiis is the case
because, with flooding, routing cost is concenttate the last
hop. If we flood with a degrefethe ratio of last hop messages to
the rest of the messagesfis-(1) /f — very close to 1 for practical
values off, which is on the order of tens.

However, if desired, we provide a rough outline hafw to

implement multi-hop routing with our technique. @approach
is to apply the hierarchical indexing discussed[24]. With

hierarchical routing, each peer transmits to eddfsmeighbors
the summaries of the collections of its other nkak, which
could also contain the summaries of its neighboegjhbors.

The opportunity that our partitioned collectionhaimue affords
is that the index hierarchies can be more predesding to
greater routing accuracy. Instead of treating gredr as a set of
terms, we can treat it as a set of term sets. spkeific claim we
are making is that our techniques can be appliedigarchical
routing to improve its accuracy. The details ofsthouting
scheme are the subject of ongoing work.

9. CONCLUSION AND FUTURE WORK
Analyses of Gnutella network query logs indicatat tbver 50%
of queries forwarded to a peer return no matchileg,fwasting
both network and computational resources. Thelpnobies in
how peer descriptions are created and used in ukeyqouting
process. Each peer is described by its term sete(bon file
descriptors) and queries are routed to the peereb§ying the
existence of query terms in this set. The seeohs, however,
may suggest term combinations in shared filesdbatot actually
exist, resulting in incorrect routing decisions.

To increase the resolution of a peer descriptiom,partition its

files and create a description for each partiticeducing the

number of erroneous term combinations. Experinieatalts on

data from the Gnutella network show that our teghes can

reduce the number of incorrectly routed querie830% to 60%

at virtually no cost. Furthermore, we can increraiptgenerate
an appropriate number of partitions for individpakrs based on
the distribution of descriptive data in its shafiéelcollection.

Our algorithm for generating partitions is compigtaélly simple
and generates solutions that traditional clustedlyprithms do
not admit. Furthermore, the solution, by its gseeadture, is
immediately amenable to file additions while handglifile
deletions is a matter of simple engineering.

We are currently considering the use of query latado further

increase the accuracy of the partitions. Thisigdrtant as we do
not want to break potential co-occurrences thatenectually

occur in queries.

Second, we are applying these techniques to impgovthe
routing accuracy of Web corpora. So far, our rsswdre
promising.
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