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Abstract ranking effectiveness, fewer queries need to be issued to
find a particular data object. Furthermore, effective ragki
Peer-to-peer information systems have gained promi- reduces the likelihood that a user will accidentally find and
nence of late with applications such as file sharing systemsdownload interesting, but unrelated data.
and grid computing. However, the information retrieval
component of these systems is still limited because tradi-
tional techniques for searching and ranking are not dingctl
applicable. This work compares search in peer-to-peer in-
formation systems to that in metasearch engines, and de- Our model is based on that which exists in common P2P
scribes how they are unique. Many works describing ad- file sharing systems, such as Gnutella and Kazaa [8]. Peers
vances in peer-to-peer information retrieval are cited. of a P2P system collectivelshare a set ofdata objects
by maintaining local eplicas of them. Each replica(of a
data object) is a file (e.g., a music file), which is identified
by adescriptor. A descriptor is ametadata set, which is
composed oferms. Depending on the implementation, a
term may be a single word or a phrase. (A metadata set is
File-sharing is a major use of peer-to-peer (P2P) tech-technically abag of terms, because each term may occur
nology. CacheLogic estimates that one-third of all Inter- muyltiple times.)
net bandwidth is consumed by file-sharing applications [2]. A peer acts as dient by initiating aquery for a partic-
Although much of this bandwidth consumption can be at- 5y data object (as opposed to any one oaegoryof data
tributed to the large sizes of the shared files (i.e., mediagpjects). A query is also a metadata set, composed of terms
files), the fact that the usage has been consistent use sugnat a user thinks best describe the desired data object. A
gests its popularity. Increasing system size increases thgyuery is routed to all reachable peers, which aceagers.
importance of search technology that helps rank query re-queryresuilts are references to data objects that fulfill the

2 Peer-to-Peer File Sharing M odél

1 Introduction

sults. matching criterion
The task of effective ranking is exactly the goal of infor-
mation retrieval (IR). However, traditional IR ranking doe Do 2 Q, whereQ # 0, (1)

not function effectively in a P2P environment. Some work

in the area of Web IR, however, is similar: the metasearchwhere Dy, is the descriptor of data obje€t, and( is the
engine whose goal is to dispatch queries to other search enguery. In other words, by design, the data object’s descrip-
gines and then rank their results. The goal of this paper is totor must contain all the query terms [14].

ronment as well as the similarities and differences betweenyg|| as the identity of the source server. The descriptor
metasearch engines and search in the P2P environment.  he|ps the user distinguish the relevance of the data object

The impact of improved ranking should be significant to the query, and the server identity is required to initiate
in terms of resource usage as well. The popular Gnutella-the data object's download.

based P2P file sharing systems basically flood the network
with queries, which is bandwidth intensive. By improving LWe use the term replica and data object interchangeably.




Once the user selects a result (for download), a local dynamism of the P2P environment.
replica of the corresponding data object is made. In ad-
dition, the user has the option of manipulating the repdica’ 3.1 Source Selection
descriptor. He may manipulate it for personal identificatio

or to better share it in the P2P system. _ Source selection in metasearch engines is done by main-
The set of peers in a P2P file sharing system is connectedaining statistics on the contents of each search engiris. Th
in a general graph topology. Generally, peers join the sys-is often done by sampling [5]. Terms are extracted from a
tem at arbitrary points, creating a random graph, althoughyre-defined corpus, and the contents of a search engine are
other topologies are possible and may yield performanceyequced based on the results.
benefits [13, 15, 18, 20]. . Source selection in P2P file sharing systems is related to
Note that one major variation to the model isin what data the task of query routing because of the topology of the net-
are shared. We assume that data are binary objects, andyork. Because of the size of the network, two peers may be
to be effectively shared, need to be identified via metadataconnected, but only through intermediate peers. The most
in descriptors. Shared data, however, may be text. In thisgeneral form of source selection, used by Gnutella [8], is
case, the data are self-describing, containing text that ca hrough flooding, where queries are routed to all neighbors
be searched directly. This distinction may be important be- i, 3 preadth-first fashion, until a certain query time-teeli
cause the ranking scores of self-describing data objeets ar 55 expired.
consistent, not being dependent on user-tunable deswipto  ajternatives to flooding include the use previous query
Furthermore, self-describing data objects are easiemio ra responses and the publication of content signatures to in-
because the information contained in descriptors tends to b telligently route queries. A peer may learn how responsive
more sparse and less consistent. its neighbors are based on its responses to past queries and
An(_)ther variation is in the way the network and data are may route future queries accordingly [6, 16, 19]. Another
organized. We assume a random graph, but more structurgyay a peer can control routing is by looking at signatures
may be introduced, such as a ring or mesh, as suggestehat servers generate to describe their shared conterit [4, 9
above. Furthermore, in such systems, data are often regyeries are routed to servers whose signatures are the best
stricted in where they can be placed. For example, in the pnaiches.
DHT described in [20], a ring network topology is enforced, Finally, many P2P routing algorithms are based on dis-
and a data object is placed on a node with a node identifieriiphuted hash tables [13, 15, 20], which efficiently route si
that most closely matches the data object’s object identifie gle keys to nodes with the closest-matching node identifiers

Consequently, replication of data is not allowed. This problem searching for data objects described with mul-
tiple terms has been addressed in various ways, such as by
3 Similarity to Metasearch Engines generating a query for each term in the query or by using

unhashed queries and unhashed signatures to describe con-

Metasearch engines’ main selling points are their ability tent[3, 17, 21]_- ) )
to search a larger data repository and return results teatar  1h€ sampling technique used by metasearch engines
ranked better. These features stem from the fact that differ d0€S not in general work for P2P file sharing systems be-
ent data sources (other search engines) may index differenfause of the dynamism and topology of the latter. Because
data repositories, and, if their data repositories ovetligy ~ @ll peers are autonomous, they can leave the network at any
can improve overall ranking by corroborating or contradict time. This can render any collected statistics obsolete.
ing each others’ rankings.

The main tasks carried out by a metasearch engine in-3.2 Query Dispatching
clude source selection, query dispatching, result selecti
and result merging [11]. Source selection is the process of Query dispatching in metasearch engines has received
selecting the search engines to query. Query dispatchindittle attention because it is considered straightforwdiar
is the process of translating a query to the search engine’xample, to express term weights in a query, certain terms
local format, preserving the semantics of the final results. may have to be repeated in the translated query. A certain
Result selection is the selection of the results returneal by number of results may be desired from each search engine
search engine for consideration in the final results. Resultso that the total number of results returned to the metalsearc
merging is the ranking of the selected documents. engine is fixed; this can be adjusted as well.

These tasks have analogs in P2P file sharing systems be- Little attention has been paid in the literature to query
cause they and metasearch engines both work in an envidispatching in P2P file sharing systems as well. In general,
ronment where there are many independent, heterogeneouall peers that have been “selected” are given the same query
data sources. The difference, as we shall see below, is in thend are assumed to use the same ranking function. This is



generally the case in practical P2P file sharing systems. Fur3.4 Result Merging

thermore, their results are not ranked—results basicalhg h

to conform to the matching criterion, described in Section  Result merging in metasearch engines generally employs
2. It therefore makes little sense to modify a query. ranking scores returned in the result set of each of the se-

Attempts to improve performance by query transforma- !ected ;earch engines. Each of these scores is normal-
tion have been limited. One attempt is to use query expan-12€d using knowledge of relevance of each search engine
sion by creating graphs that connect related terms as SynTto the query and_then a f_|nal result set is created contain-
onyms [12]. This term graph is generated dynamically us- |ng.the rgsults with the highest normalized scores. Alter-
ing the data stored locally on each peer. We are Current|ynat|vely, if results refer to text documents, all top-rathke
also using a process we cajliery masking to grow and documents from each search engine can be downloaded by
shrink queries at the client or server to tune the results tha the metasearch engine to perf_orm_ '9ca' ranking. Duphcate
eventually reach the client [24]. The idea behind query reSults can be handled by maintaining only the maximum,
masking is to control the recall and precision of query re- 1€ Sum, or the average rank score.

sults by selecting a subset of the terms in the query. Result merging in P2P file sharing systems poses two
fundamental problems. First, it assumes that the client has

Applying traditional query transformation techniques in  knowledge of the ranking process of the servers, which is
a P2P file sharing environment is also made difficult by ynlikely, considering the heterogeneity and dynamism of

the scale of the system. To effectively transform a query, the system. Second, it assumes that ranking can be done
the client must maintain statistical information aboutreac at all by any peer_not a Certainty' Considering the lack of

server. The fact that the number of potential serversisan th glopal statistics.

millions obviates the use of traditional methods. Traditional IR techniques have been adapted to result
merging in P2P environments with reasonable levels of ef-
fectiveness [4, 7, 10]. In [4], servers are ranked and then se

3.3 Result Selection quentially searched until a server’s result set does netaff
the current topV results. In [10], semi-supervised learn-
ing and Kirsch’s algorithm are used for result merging in

ultrapeers. A novel result in [22], however, is that group

Result selection in metasearch engines is performed USy;, o _the number of results that refer to the same data object

Ing knowledge of each search engine’s relevance to aparygr g given query—is a better ranking metric than tf-idf. +ur
ticular query. In general, the more relevant search engine i thermore, [23] shows that different ranking functions can b

asked to retur_n more results, so that the metasearch eng'nm@ﬁectively used to find data of varying popularity in a P2P
can tune the final number of results to return to the user. file sharing system

Result selection requires that the search engine rank re-
sults so that the top few can be returned. Ranking is gen-4  Conclusion
erally not supported by servers in P2P file sharing systems.
Recent research efforts, however, have incorporated rank-

'Eg Into theltservers. _Int[;)],;c;rpexarpple% sp?_mallzed hodes plicated due to the fact that global statistics are hard to co
(known asltrapeers) in the systemIunctionas Seers 1o e to the dynamism of the system in terms of the

for pe_lrt|cular content, an_d 6?” peers th_at have such Contentshared content, the availability of peers, and the topology
are directly connected with it. All queries are routed to the

| tuit hich. k ina th tent d ranki of the network. One fundamental question therefore is to
][e e\f;\n ufrapeﬁr\:‘v.tm ’tt ncr)]wljng € COQ ﬁnd.s and ranking ge \whether IR can be performed at all in P2P systems.
unction ot each ot Its attached peers (K- IVErgence, I rhe works cited in this paper present solutions that put
this case), can perform effective document selection. Jin [4

) ) various levels of constraints on the system (e.g., froma ran
the client locally ranks results from servers keeping thpe to dom to a fixed network topology). These constraints af-
ones for the final result.

fect the applicability of a P2P system (e.g., a fixed topology
In general, however, metasearch engine result selectiorwould be appropriate for a grid system, but inappropriate
is inapplicable in P2P file sharing environments becauseiti for today’s file sharing systems). As systems become more
difficult to control the servers to which a queryis sent, mott constrained, it seems, traditional IR becomes more appli-
mention to maintain knowledge of every potential server’'s cable, because more global statistics can be harvested. In
contents and ranking functions. Furthermore, it is difficul unconstrained environments, the work becomes more chal-
to maintain a P2P network that effectively clusters peerslenging, as fewer assumptions can be made and less infor-
based on their shared content. This complicates the imple-mation is available; pre-existing IR techniques lose rele-
mentation of a hybrid architecture containing ultrapeers.  vance. In effect, we propose that work be done carefully

Information retrieval in P2P file sharing systems is com-



considering the parameters of the P2P system, including thg12] K. Nakauchi, Y.

network topology, the autonomy of the peers, type of data
shared, and the distribution of data. Contributions cdh sti
be made in constrained environments, but fundamental ad-
vances, such as link analysis in Web IR [1], can only be
made in unconstrained ones.
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