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ABSTRACT Today, the most popular P2P applications operatelmstruc-

Peer-to-Peer networking has become a major research topic overturEd netyvorks, \_Nith p(_eers_jpining and leaving the system_in an ad-
the last few years. Sharing of structured data in such decentralizedhOC fashion, while maintaining _only I_ocal '.‘”.OW'edge- While st_ruc-

environments is a challenging problem, especially in the absence_tured overlay_s (_e.g., [1'21) provide with efficient lookup operations,
of a global schema. The standard practice of answering a query'n many realistic scenarios the topology cannot be controlled_ apd

that is consecutively rewritten along the propagation path often re- Ithus they Icannot be useg (e.g.l, dynamic ad-hoc networks or existing
sults in significant loss of information. In this paper, we present an arge-scale unstructured overlays).

adaptive and bandwidth-efficient solution to the problem in the con-

In contrast with data integration architectures, P2P data sharing
text of an unstructured, purely decentralized system. Our method SyStems do not assume a mediated schema to which all sources of
allows peers to individually choose which rewritten version of a

the system should conform. In such a system, where peers share

query to answer and discover information-rich sources left hidden (Sémi)structured data, each is an autonomous source that has a lo-
otherwise. Utilizing normal query traffic only, we describe how ef- cal schema. Sources store and manage their data locally, revealing

ficient query routing and clustering of peers can be used to produceonly part of their schemas to the rest of the peers. Ina pure PZP Sys-
high quality answers. Simulation results show that our technique €M Peers perform local data management and coordination with

is both effective and bandwidth-efficient in a variety of workloads _thelr acqualntges, I.e. their one-hop neighbors in the overlay. Dur-
and network sizes. ing the acquaintance procedure between two peers, they exchange

information about part of their local schema and create a mediating
. . . mapping semi-automatically [3]. The establishment of an acquain-
Categories and Subject Descriptors tance implies an agreement for the performance of data coordina-

H.3.3 [Information Storage and Retrieval]: Information Search and ion between the acquaintees based on the respective schema map-

Retrieval; C.2.4 [Computer-Communication Networks]: Distributed Ping. However, peers do not have to conform to any kind of data
Systems—Distributed Databases or schema transformation in order to establish acquaintances with

other peers, and, hence, participate in the system.
In a large-scale structureless P2P data management system as
General Terms described above, joining peers become acquainted to the first ran-
Algorithms domly available nodes and not to the most useful ones, i.e. the peers
that best meet their need for information. Therefore, they have to
direct queries not only to their neighbors, but also to a greater part

Keywords of the system. As a consequence of the lack of global schema, peers

Peer-to-Peer, Query Reformulation, Structured Data express and answer queries on their local schema. Furthermore, the
lack of global knowledge deprives peers from the ability to direct
their queries to appropriate remote nodes.

1. INTRODUCTION \ PPTop

The straightforward procedure for query processing in an un-
In the last years there has been a growing interest in the Peer-structured P2P data management system consists of the propaga-
to-Peer (hence P2P) paradigm, at first as a new trend for networktion of the query on paths of bounded depth in the overlay. At
applications and later for general decentralized applications of dataeach routing step, the query is rewritten to the schema of its new
sharing. The P2P paradigm dictates a fully-distributed, cooperative host based on the respective acquaintance mappings. A query may
network design, where nodes collectively form a system without have to be rewritten several times from peer to peer till it reaches
any supervision. nodes that are able to answer it sufficiently in terms of quality but
also quantity. It is obvious that the successive rewritings decrease
monotonically the information held by a query and, thus, also re-
duce monotonically the possibility of accurate query answering.
Permission to make digital or hard copies of all or part of this work for Moreover, it is the case that peers may not be able to sufficiently
personal or cI_ass_room use is g_ranted Withou_t fee provided that copies aregnswer received queries not because their local schema does not
Eot made or distributed for profit or commercial advantage and that copies match the initial query adequately, but because the incoming rewrit-
ear this notice and the full citation on the first page. To copy otherwise, to .
republish, to post on servers or to redistribute to lists, requires prior specific ten version has been_ gradually redl_Jced- Therefore_, the perform_ance
permission and/or a fee. of the query processing procedure is degraded during the rewritings

WIDM'04, November 12—13, 2004, Washington, DC, USA. on intermediate peers.
Copyright 2004 ACM 1-58113-978-0/04/001355.00.



Patients(pid, name, age, sex)

and age, the symptoms that led to the diagnosis of X and what
was their treatment. Thus, he poses the following query in the P2P

Treatments(pid, date, symptoms, diseasedescr, treatrec, drugname)

[Se——

system:
Qorig:
Patients(pid, name, age, sex)
Results(testid, pid, date, results, diagnosis) SELECT age,sex,Symptoms,treatrec,drugname

FROM Patients, Treatments
WHERE Patients.pid = Treatments.pid
and Treatments.diseasedescr = "X"

[S——

Patients(pid, name, age, sex)

Treatments(pid, date, symptoms, diseasedescr, treatrec, drugname) DaViSDB propagaterrig tO |tS Single vaUaintee, LDB |n or-
JLMSIONSEL B Sex, Smpoms) . der for the latter to answer the above query, it rewrites it to each
reatments(trid, pid, diseasedescr, treatdescr, physid)
Medication(pid, date, time, drug, dose) own SChema:
Qorig LDB:
Figure 1: Part of a P2P system with peer-databases from the SELECT age,sex
health environment FROM Patients,Results

WHERE Patients.pid = Results.pid and

In this paper, we propose a methodology that aims at increasing Results.diagnosis = "X

the accuracy of query answering in the absence of a global schema  |n the above rewriting we have assumed that Treatments.diseasedescr
in unstructured P2P data management systems. Our method projs mapped to Results.diagnosis. LDB sends the above query to

poses a first solution to the problem of query degradation by evad-jts acquaintees: StuartDB and HDB, that rewrite it to their own
ing query rewriting at peers poor in relevant information. We pro- schemas as follows:

pose an adaptive, bandwidth-efficient scheme that performs a grad-QLDB_StuartDB:
ual clustering between peers with common interests in terms of in-
formation. This is solely performed by exploiting normally posed SELECT age,sex

queries and their replies in a decentralized manner. We then pro-FROM Patients, Treatments _
ceed to describe the query routing and clustering mechanisms asVHERE ~ Patients.pid = Treatments.pid and
well as the local metadata maintenance used to achieve these goals. Treatments.diseasedescr = "X

Finally, we present experimental results for a variety of environ- .

. " QLDB_HDB:
ments and workloads which show that our method manages to im-
prove the quality of query results using very few messages without SELECT sex

any kind of global knowledge. FROM Admissions, Treatments
L. WHERE  Admissions.pid =Treatments.pid and
1.1 Motivating Example Treatments.diseasedescr = "X"

Envision a P2P system where the participating peers are databases
of private doctors of various specialties, diagnostic laboratories and
databases of hospitals. Figure 1 depicts a small part of this system
where nodes are: DavisDB - the database of the private doctor Dr.
Davis, LDB - the database of a diagnostic laboratory, StuartDB -
the database of the private doctor Dr. Stuart and HDB - the databas
of a department of a hospital. On top of each database sits a P2PSELECT age,sex,symptoms,treatrec,drugname

In the above rewritings we have assumed that Results.diagnosis
is mapped to Treatments.diseasedescr. However, if we could rewrite
the original query to peers StuartDB and HDB, they would have to
answer the following queries, respectively.

errigStuartDB:

layer, which is responsible for all data exchange between this peerFROM Patients, Treatments
with its acquaintees. The P2P layer is also responsible for the cre-WHERE ~ Patients.pid = Treatments.pid and
ation and maintenance of mappings of local schemas during the es- Treatments.diseasedescr = "X"

tablishment of acquaintances towards the line of [3]. The schemas

of the databases are shown in Figure 1. Moreover, each peer ownd0rig-HDB:

a query rewriting and a query-schema matching mechanism. Thus, ELECT sex,symptoms,treatdescr,drug

when a query expre;sed on.the local schema of a peer is propagate ROM Adﬁwissions,Tr’eatments,Medication

to one of its acquaintees, it can be rewritten to the latter’s local \y R Admissions.pid = Treatments.pid and

schema as follows: _the peer that_has to perform the rewriting uses Treatments.pid = Medication.pid and

the mapping that exists between its own schema and the schema of Treatments.diseasedescr = "X"

the respective acquaintee and employs the query-schema matching

mechanism to deduce which matches are necessary for the rewrit- In the general case of a P2P database system such as the one de-

ing of the query. Then, it employs the rewriting mechanism and the scribed above, it is not possible to thoroughly rewrite a query posed

selected matches in order to express the query on the local schemaon a peer-local schema when it is propagated to another peer, be-

Note that the rewritten query will carry only the part of informa- cause of the incomplete matching of the two peer-schemas. A non-

tion of the original version that is present in the schema mapping complete query rewriting is acceptable in our context, even though

between the two acquaintees. The methodologies of peer-scheman a centralized or distributed database system itis not. The high au-

matching and query rewriting are out of the scope of this work. tonomy of the involved peer-databases leads to an acceptable loose

Other works like [3], [4], [5] are dealing with these issues. consistency level concerning data management, different from the
Suppose that Dr. Davis would like to search the P2P system for strict consistency imposed on traditional database systems. Despite

information about cases of patients that suffered from X. He would this fact, it is desirable to limit the inconsistencies during this pro-

like to know what are the characteristics of these patients, i.e., sexcess as much as possible. As far as query answering is concerned,



this means that our goal is to achieve a query rewriting that will lead Q,; that can be matched @,,. For the motivating example, in all

to the retrieval of the most accurate and complete answers possiblecases all the joins can be mapped to the target schema. Thus:
It is obvious that the rewritings of the original query in StuartDB  Mgjm(Qorig, Qorig_LDB) = 2/5= 0.4

and HDB maintain more information than the respective rewritings Msim(QLpB, QLbB_Stuartps) = 2/2 = 1.0

of the query coming from LDB. This extra information is lostin the  Msim(QLps, QLpe.HDB) = 1/2=0.5

rewritings of the LDB query version, not because of malfunction Msjm(Qorig, Qorig_stuartos) = 5/5= 1.0

of the rewriting mechanism in any of the peers in the propagation Msim(Qorig, Qorig.HDB) = 4/5=0.8

path, but because of the poor schema mapping between DavisDB In order to compute the similarity of the original quegrig

and LDB. Thus, with the approach of query rewriting in every step and the doubly rewritten versio ps_stuartpsandQLps_.HDB, We

of the propagation procedure, DavisDB fails not only to retrieve multiply the similarity values of the successive respective rewrit-

sufficiently accurate answers to the initiated query, but also to spot ings:

more convenient candidates for immediate neighbors in the P2P Msim(Qorig, QLpa_stuartbe) = Msim(Qorig, Qorig LDB)-

system. Msim(QLDB, QLpB_Stuartps) = 0.4- 1.0 = 0.4,
Msim(Qorig, QLbB_HDB) = Msim(Qorig, Qorig.LDB)-
Msim(QLps, QLpe.HDB) = 0.4:0.5=0.2.

2. ALGORITHM DESCRIPTION Yl

Msim(Qorig, QLpB_Stuartbe) < Msim(Qorig, Qorig_Stuartop) and
2.1 MethOdOIOgy Msim(Qorig7QLDB,H DB) < Msim(Qori@ Qorig,H DB)-

Driven by applications similar to the aforementioned example, = The comparison of the similarity values of a source query to two
we have developed a methodology that combines query rewriting target versions of it reveals which of the latter captures the infor-
together with automatic schema matching that overcomes obstaclesnation encapsulated in the source query in a more complete way.
of poor matching in query propagation paths. Our goal is for peers The above comparisons show that the straightforward rewriting of
to gradually discover remote nodes affluent in pertinentinformation Qqyig in StuartDB and HDB s far better than the rewriting of the
that are "hidden” behind peers with very dissimilar data and poor respective rewritten version they receive from LB®Byig L DB-
rewriting mechanisms. Moreover, the proposed methodology en- Lets assume that HDB performs a conservative matching and
ables peers to evaluate these promising nodes over multiple queriesewriting of Qorig. The produced query is not the complete rewrit-
and decide whether they can benefit from them in terms of relevanting Qorig_ HpB pPresented in section 1.1 but:
information. In such a case, peers can ask to get acquainted withQ’orig_HDB:
these remote peers. The resultis a gradual reformulation of the P2P
system towards a structure where acquaintances are between pee|§E|—ECT sex,symptoms
with similar schemas and data. FROM Admissions, Treatments

For two versions of a quei®, Q,; andQ,, we define asimilarity =~ WHERE  Admissions.pid = Treatments.pid
measuréVlsim as follows: and Treatments.diseasedescr = "X"

Msim(Qu1, Qv2) : dom(Qy1) UdomQy2) —

Msim(QvLQ\Q) W{%

However, it is obvious that it captures more information than the
query produced from rewriting the already rewritten query on LDB:

WhereQ,; for i = 1,2 is either the original version of @orig,
or a rewritten version of itQrewr. Also, domQy;) is the domain of

Qui, meaning the schema elements together with the relationships

among them that it involves. The implementatiorvbfi, depends
on the individual understandingf the above measure definition
of each peer.

ing methodology used by each peer but also on their preference for.
consistent or numerous answers: a peer may need to retrieve an-

swers from the P2P system that are very consistent with its local

schema; however, most of the peers that will be asked to send rel-

evant information will have very dissimilar schemas to the schema

of the first peer. Thus, peers often have to choose between quality.

and quantity, a choice that can be denoted and controlled with the
implementation oMsjm. For our motivating example, we introduce

a simplistic metric of schema similarity suitable for queries without
wildcards (like stars and variables) and WHERE clauses only with
arithmetic operators, such @rig:
Msim(Quz, Qu2) = \{UJerl/ﬂsat(J)eQaH

{UJeQu}]

Where:
-Jis a join of Qy1, sat(J) is the satisfaction of in Qyp, i.e. sat(J)
is either a relation or a join of relations @, that can be matched
with J,
-Ais an attribute of th€,, (beyond the join attributes), amdatchA)
is a matching ofA to attribute(s) oQy;.

The above similarity metric computes the fraction of mapped
attributes of the SELECT and WHERE clause of the source query
Qu1 to the target querQ,,, weighted by the fraction of joins in

. [{UA€Qu1 /Imatch{A)€Qw}|
HUAGQvl} ‘

In consequence, it depends on the schema match;

MSIm(QOI’IgaQong HDB) 2/5 0.4> MSIm(QOrIgy QLDB HDB)

Hence, we can infer that even a poor automatic query-schema match-
ing may produce a better rewriting than the “safe” successive query
reformulation on all nodes of the propagation path.

BeyondMgjm, each peer-database has a confidence me&sure
that characterizes the overall ability of the peer to be able to “guess”
the correct rewritten version of a query for which it has no schema
information. Based on this confidence, a peer decides whether to
answer the original query for which it has no schema information
or the already rewritten query on a schema for which it has map-
pings. Thus, each peer propagates to its acquaintees neither the
initial query nor the rewritten one, bbbthas a pair and the receiv-
ing node decides which one to answer according to the confidence
measure. Generally, a confidence parameter depends on internal
features of a peer:

a) the peer’s estimation about its schema matching ability, and

b) the structure of the query: specifically, the amount of informa-
tion given by the structure of the query for the schema on which it

is expressed, so that there can be a certain degree of guarantee that
a respective rewriting will be accurate.

Therefore,0 expresses the guarantee for correctness and com-
pleteness of a query rewriting based on automatic schema match-
ing. Thus@is a function of the evaluated query Q and the structure
of the function depends on the peerge= 8,(Q). In our example,
according to the proposed query propagation technique, LDB sends
to StuartDB and HDB the pailQorig_L DB, Qorig) and the latter de-
cide which one to answer according to the value of the respective
similarity measure weighted by the respective parantetéve in-



troduce this estimation metric as theverageof the target query is easy to be "decrypted”, i.e. the element£fig are reasonably

Qv2 on the source quer@y;: named and it has a simple structure. Also, the user of DavisDB

Covp(Qu2, Qu1) = Msim, (Qu1, Qv2) - 6p(Qua) prefers (up to a point) to sacrifice quality for quantity, i.e. prefers
Generally, the initial value o should be low. The peers of the to receive answers that are not quite accurate than not to receive

example are not highly confident for their query-schema matching enough of them. Based on this reasoning, the selected value for

ability. However, query rewriting based on acquaintance mappings 8jocal(Qorig) is 0.8. Thus:

is always complete and correct. Thus: Covbavisps(Qorig_LbB; Qorig) = Msim(Qorig, Qorig_LDB) -
Bstuartps(Qorig) = OHDB(Qorig) = 0.5 and Bsucd Qorig) =0.4-1.0=0.4

8LoB(Qorig) = Ostuartpe(QLbs) = BHpe(QLDB) = 1.0. Cobavisbe(Qorig_stuartds Qorig) = Msim(Qorig; Qorig_Stuartpp)-

The coverages of the rewritten queries versus the original are: Blocal(Qorig) = 1.0-0.8=10.8

COVLDB(Qorig,LDB;Qorig) =04-1.0=04, COVDavisDB(Qi)rig,H DB’ Qorig) = Msim(Qorig7Q6rig,H DB) :
Covstuartps(Qorig_stuartds Qorig) = 1.0-0.5= 0.5, Blocal(Qorig) = 0.4-0.8=0.32

Cowips(Qbrig Hpp: Qorig) = 0.4-0.5=0.2, CoVbavispe(QLpB HDB; Qorig) = Msim(Qorig, QLDB.HDB) -
Covstuartps(QLDB_stuartds Qorig) = COoM.pB(Qorig_LDB, Qorig)- Bsucd Qorig) =0.2-1.0=0.2

Covstuartpe(QLDB_Stuart Qorig_LoB) = 0.4-1.0-1.0=0.4, Hence:

Cowpe(QLbB_HDB; Qorig) = CoM.pB(Qorig DB, Qorig)- Cobavispe(Qorig_stuartds Qorig) > COMDbB(Qorig_stuartbs Qorig)
Cowpe(QLDB.HDB; Qorig,LDB) =04-05-1.0=02. andCO\bavisDB(Qi)ring DB’ Qorig) > CO\'HDB(Q:)rig,HDBv Qorig)-

Thus: DavisDB sends back to StuartDB and HDB the respective
Covstuartps(Qorig_stuartds Qorig) > COVstuartbe(QLDB_Stuartbs Qorig):  COVbavisps @s computed above, together with the estimation of
and Blocal(Qorig). Assume now that StuartDB and HDB again host
CO\'HDB(Qé,rig,HD&Qorig) = CovpB(QLDB.HDB, Qorig)- Qorig initiated by DavisDB. Taking the previoWgca (Qorig) €S-

Based on the computed coverages, StuartDB decides to answetimation into account, they increase B orig) value and loosen
the rewriting of the original querQorig_stuart, but HDB, because up the matching mechanism in order to discover more matchings
of the tie of the calculated coverages, decides to an@yes_Hps betweerQorig and their schema.
and not the rewritindd,;, upg. Each node that answers a query StuartDB increaseBstyartpg(Qorig) t0 0.8 and computes the new

9 .. . . > .
sends back a packet with the original qué&y the successively coverage value since the respectilgn is already 1.0:
rewritten versiorQsy, the automatic matched-rewritten versiQg Covstuartps(Qorig_stuartps Qorig) = 1.0-0.8 = 0.8 and sends it back
and the resulted tuples, Res with the indication of which one of the to DavisDB together with new results. At this point:
two rewritings was finally answered: Cobavispa(Qorig_stuartps Qorig) = COMDbB(Qorig_stuartbe Qorig)-
AN Q, (Qar, Qsr), RegQx)), X =ar or sr. Thus, StuartDB and DavisDB gradually come to an agreement of
StuartDB and HDB send back to DavisDB the following replies: their estimation about StuartDB’s ability of answeriQgig.
Ang Qorig (Qorig_stuartps QLpB_StuartbB), Re$Qorig_Stuartdp) ) The HDB database, encouraged by DavisDB, loosens the match-
Ang Qorig (Qorig_-HDB; QLDB.HDB), Re$QLDB HDB))- ing procedure and produces the new rewritten query:

A node that receives an answer evaluates the result and the twoQ”orig-HDB:
rewritings of the query according to the following function:
EV(Ang = CoV(Qx, Q) -max1,wg - |RegQx)|),x=ar orsr,
where the multipliemax(1,wg - [RegQx)|) gives the option to ei-
ther take into consideration the number of returned tuples weighted
by wg, or not.
Also: CoMQx, Q) = Msim(Q, Qx) - Biocal(Q), whereBjocq(Q) is a HDB achieved to match ‘treatdescr’ to ‘treatrec’ but failed again
speciald parameter that represents, on behalf of the peer that ini- to match ‘drugname’ to ‘drug’. It decides to incre&@eps(Qorig)
tiates Q: a) the estimation of how easily other peers can correctly to 0.7. The new coverage is:
and completely rewrite Q, and b) the peer’s requirement for accu- Covstyartpe(Q” orig, Qorig.HDB) = (3/5) - 0.7=0.6-0.7 = 0.42.
rate/complete answers to Q. Thus, high value$,gfy (Q) show The new evaluation on DavisDB produces:
that the query-initiating peer estimates that Q is easy to rewrite Cowbavispe(Q" orig-HDB; Qorig) = 0.6-0.8 = 0.48. Again:
and answers that are not fully accurate are welcome, whereas [0WCObavisps(Q” orig HDB: Qorig) > COMipB(Q” orig_HDB, Qorig ) -
values indicate the opposite. Consequently, the valuiefi(Q) If Qorig is hosted for a third time in HDB, the latter will decide to
will be high if we want to boost th®(Q) values on other peer- iqi even more on the query-schema matching procedure and also
databases and encourage them to risk more o!urlng the a”tomat"?ncreaseeHDB(Qorig) to 0.8. Thus, the third rewritten version will
query-schema matching procedure, 8icai (Q) will be low oth- —  he o0 ins presented in section 1.1 in which HDB achieved to
erwise. It is straightforward that for acquaintees or successively yiscover all possible matchings. Ferig rips DavisDB and HDB
rewritten queries:8gca=0succ=1.0. We remind thaMgjm, is im- come to an agreement: B
plementgd differently in eac.h peer and the sjmilarity evaluation of Covbavispr(Qorig. DB, Qorig) = 0.64 = Cowipa(Qorig_HDe, Qorig)
two queries depends on which one of them is mapped to the other, - Nqte that peers that perform automatic query-schema matching
i.e., for which one th_e matchlng r_nechamsm is aware of the respec-for 5 queryQ are not allowed to set tHQ) to a value higher than
tive schema. Thus, in general ithdsim(Qx, Q) # Msim(Q, Qx) and the respectivé®|ocqi(Q), Which they receive as feedback from the
Msim (Qx; Q) # Msim; (Qx, Q) wherei 7 j for peersi, j. For sim- query-initiating peer. In this way th,ca(Q) feedback value con-
plicity, we assume the same implementatioMgjm on all peers of 415 "the hoosting or declining @(Q) and the encouragement or
the example anql that the similarity putqome is independent of the discouragement of Q-matching on answering peers. Also, the in-
database on which the query matching is performed. crement step of @ value influences the number of recursions of the
For the motivating example, we assume that the number of tuples g cedure. Hence, a low such step gives the opportunity to the peer
of the results does not influence the evaluation (g, = O for all to get more potentially good evaluations from the requester and
the answers). Also, we assume that DavisDB estimateshat ameliorate its matching procedure gradually and to a finer degree.

SELECT sex,symptoms,treatdescr

FROM Admissions, Treatments

WHERE  Admissions.pid = Treatments.pid
and Treatments.diseasedescr = "X"



For example, if HDB decides to sétipg = 6gcal When receiv- dards of query-match and query-answer quality. Finally, our pro-
ing the first feedback from DavisDB, then it agrees to the latter’'s posal enables the enhancement of this process by having the query
estimation right away, losing the chance to refine the matching for sources continually and automatically evaluating the outcome. To-
Qorig- Accordingly, the described methodology achieves two goals: wards this line, the reinforcement or weakenin@eflues enables
a) the gradual training of peers in automatic schema matching for a recursive training of the schema matching mechanisms based on
queries initiated by specific peers and b) the discovery of nodes feedback, just like supervised learning in neural networks.
concealed in the network that are convenient for acquaintees using
only the queries posed in the P2P system. Therefore, this method- 2.3 Protocol Internals
ology can be used in order to gradually cluster the P2P network so In the following we describe our algorithm’s internals, specifi-
that peers with common interests are close enough or acquaintedcally the query routing scheme, the maintenance of local knowl-
Generally, a peer evaluates the ability of another peer to fulfill its edge and the addition/deletion of acquaintances.
information needs with the following function: 1) Routing:Our method utilizes informed walks with a TTL pa-
k<§iJEV (0.1 rem RES) rour) rameter in order to propagate queries to nodes in the overlay. The
Eval(Nid) = ZW iZo )l J-rent ZW -1 requester deployls walkers, each following independent paths. A
J k(Qp) ! node forwards to the neighbor(s) whose schemas have the highest
The above functlon is the weighted average ofi queries posed onsimilarity value relative to the query in hand.
peer Nid k times (depending on the query). In our motivating ex-  2) Local Knowledge:Each peer keeps schema information for
ample DavisDB may decide to become acquainted with StuartDB all its one-hop neighbors in the overlay. Moreover, a gpeom-
and/or HDB, since it has discovered that the latter can satisfactorily putes a valu®q(Q) which represents the peer’s ability to translate
fulfill its need for information. a queryQ to its local schema. 1 comes from a neighbor, then
8q(Q) = 1.0. The®q values depend in part on theinforcement
2.2 The feasibility context of automaticschema  mechanism we described: A requestethat receives an answer
matching from a non-neighbor can either reinforce or weakdly. This

Schema matching is a fundamental issue in the database field, depends on whether decides thags interpretation of the query
is satisfying or not. Each peer keeps track of all recent transac-

from database integration and warehousing to the newly proposed

tlons with other peers that have returned query results. Specifi-
P2P data management systems. As discussed in [6], most approach

ally, it keeps théeval value averaged over the current number of

to this problem are semi-automatic, in that they assume human tun-° . .
. X : L results from each of those peers. The corresponding entries are
ing of parameters and final refinement of the results. This is also the ; . L

updated whenever an answer is received. In case of limited stor-

case in some recent P2P data management approaches (e.g., [7]).
age/memoryEval entries are replaced using the LRU policy. As-
However, there are cases where schema and query to schema
. ) . : suming the created queries are equally important to the requester,
matching can be solved automatically. If we restrict the domain of
we model theB update operation in the following manner: If the
input of the automatic schema procedure in order to impound cases
requester is satisfied with the rewriting of a query (i.e., Hglal
of queries leading to complicated or fuzzy rewritings, then it is vi- value), it signals for an increas « 8 + |, if 6q < 0 oth
able to produce safe matchings within a small error tolerance. Of ! 9 g+ 1N, T Yq Plocal *

course, in a P2P database system, this error tolerance together wnthemnse(_)q  Opgq. For a smallin|, many recursions are needed
until the bound oBp,,,, is reached.

the matching and rewriting techniques used, depend on the individ- . .
uality of each peer. In our motivating example, we consider queries 3) Addlng/dropplng acqualntanceAnglghborq IS addgd when
i . . . . ; - everBy = Bjocal, Provided we have received at ledsteplies from
with arithmetic operators (i.e., without nesting, aggregation, group- . . .
g- We also define a maximum number of connections per peer

ng, Wlldcards_, etc). More complex_querles demand more sophis MAXDEGREE, which forces a neighbor addition to be preceded
ticated matching procedures and, in our case, more refifwgd . . . T
functions by the dropping of the neighbor with the smallest schema similar-
) L ity if that limit is reached. A link is dropped whenever the schema
Moreover, the similarity between source and target schemas ob- 7 . "~ . . ! .
similarity between two peers is beloMinwg,,, provided the de-

served in domain-specific applications is a step further towards au- .
tomatic schema matching. This situation is possible in real life grees of both the node arwa_re at least MINDEGREE. This en-
sures that peers do not get disconnected from the network.

applications where peers may store their data in similar schemas Our protocol require©(41 + MAXDEGREE space per node.
because: a) they store the same kind of data, b) there are specm

olicies for designing databases of specific domains and c) there are A represents the maximum number of peers that return answers to
P a node’s queriesq{ = O(k- TTL) on average). The second factor

popular database products used in various fields. In our example represents the stored schema information for each neighbor.
private doctors in general and specialty doctors in particular have to P 9

store the same kind of information, which is not of a wide variety:
i.e., they care about listing their patients, their medical histories, 3. PERFORMANCE EVALUATION
their patients’ visits, their own diagnosis and their own prescrip-  To evaluate the performance of our method, we use a message-
tions for their patients. Moreover, it could be the case that some of level simulator written in C. We assumepare P2P model, where
these specialists use the same commercial tool to store their infor-all peers can make and forward requests. Each peer is only aware of
mation. Obviously, for peer-databases with similar schemas suchits 1-hop neighbors in the overlay. By default, we randomly choose
as DavisDB and StuartDB, query rewriting can be done easily, even 100 nodes that play the role of the requesters, each making 200
with speculations of the schema mapping. queries to the system. We present resultsdmdom(default) and

Our approach incorporates the inherent difficulties of automatic power-lawgraphs, utilizing theBRITE[8] and Inet-3.0[9] topol-
schema matching. THeparameters provide control of the limits of  ogy generators respectively. Our random graphs have 1,000 nodes,
both schema and query structure for which peers perform automaticwhile power-law graphs have 3-10K nodes (both seem realistic val-
matching. For example, more complicated queries imply a more ues regarding our motivating application), with average node de-
conservatived value. Moreover, peers characterize and accept au- grees around 4. Results are averaged over 20 graphs from each
tomatic matchings and rewritings according to their individual stan- type and size, with several runs in each.
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Figure 2: Query coverage and bandwidth consumption over Figure 3: Query coverage for answers to the rewritten and

variable number of queries per requester original queries as the number of queries increases
T
I Adaptive 1 Table 1: Performance under varyingjqc values
1000 — Naive 1 E Coverage | Answers
_ Brute o 081 1 Blocal = 0.60 0.69 2.8 55
CE A — Bloca = 0.70 | 0.67 31 |50
g | 2T 1] Blocal —0.80 | 0.42 33 |43
5 e . Bloca —090 | 0.26 39 |40
2 Soaf 43
Q L 4
E [ 0 [ | | ]
r 100200300 40000 increases fast as more queries are created, since new acquaintances
E ] are made and neighbors with no contribution are dropped. Both
ok _ NaiveandBruteoperate in a blind fashion, regardless of the work-
- o 5 0 o =0 load, on the opposite ends of the spectrum: On one hAngde

#requesters contacts all nodes within range; however answering the original
query returns poor results. On the other hand, it may seem that
Figure 4: Query coverage and bandwidth consumption over always answering the rewritten query (likaivedoes) yields ac-
variable number of requester nodes ceptable results (average coverage about 0.4). This is not the case
though: The method’s relatively high average coverage is due to the
fact that it gets an answer from less than one node on average, and
We assume a total number of 100 attributes, which representthat node is almost always a neighbor (average hop distance equal
fields of the tables that each peer shares and forms queries fromto 1.2). Conversely, usingdaptive results are retrieved from 3-5
We utilize a uniform distribution to model both attribute placement times as many nodes relative to tRaiveapproach.
and attribute selection during query formulation. By default, each  Figure 3 shows how the accuracy of the received results for both
peer obtains about 10 attributes and queries contain 3 attributes orthe rewritten and the original query ranges in this experiment. Our
average. Initially, alB values for queries from non-neighbors are method performs a partial restructuring around the query initiators,
set to 0.5, whilewg = 0. By default, we se6jocq = 0.7 for all the results of which are shown in the coverage rates as more queries
nodesn = 0.05, Minyg,, = 0.1 andT = 10 queries. We allow at  enter the system. It is interesting to notice that not only the origi-
most 10 new extra links per node, while no links are dropped for nal queries get answered with more precision, but this is also true

nodes with less than 3 neighbors. Finally, weB&t. = 7 and the for their rewritten versions. While only 20-30% of the results are

number of deployed walkers equal to 2. answers to rewritten queries, our clustering mechanism also helps
We compare our method (namadaptive against two different into bringing more information-rich nodes closer to requesters by

schemes: The naive successive rewriting technique described in themaking the forwarding more competitive.

introduction Naive that uses the same routing schemeAdap- Our method is almost as bandwidth-efficientN&ive while it

tive and the brute-force method, where the requester performs aproduces two orders of magnitude less messagesBhae. The

Gnutella-style flood [11], with each peer trying to answer the orig- few additional messages compared\@iveare due to the commu-

inal version of the queryBrute). Our main comparison metrics are  nication between sources and requesters during teimforcement

the average query coverage (in terms of the eventually returned at-mechanism, as well as the message exchange when a new acquain-

tributes) and the average number of messages produced per requestance is made. We observe that, regardless of the workload imposed

. . by each of the requesters, no extra traffic is added to the network.

3.1 Simulation Results Next, we evaluate the scalability of our method by varying the
In the first experiment (Figure 2) , we show the performance of number of requester nodes from 1% to 50% of the overlay and

our algorithm by varying the number of queries posed per requester present the results in Figure 4. Our scheme proves very bandwidth-

node. Our method manages to return far more accurate results, anefficient in all runs, sending out only two extra messages compared

swering 2 of the 3 queried attributes on average. The accuracyto Naive regardless of the number of requesters. Peers route mes-



sages and manage their neighborhoods in a completely distributed

manner, so an increase in active peers puts no extra load on the Table 2: Comparison for power-law graphs of variable size

network. In terms of the coverage of the returned resaldsptive method N | Coverage | Messages d
proves again more efficient and even succeeds in increasing query , 3K 0.60 16.8 7.3
coverage with more requesters. Adaptive 5K 0.61 163 |53
Table 1 presents how the behavior of our scheme is affected by a 10K 0.61 16.8 5.0
change irBjoca from 0.6-0.9 (given that the defalit= 0.5). Our 3K 0.40 8.9 3.7
goal is to choose a value such that a high query coverage is achieved Naive 5K 0.41 9.7 3.9
while avoiding unnecessary new acquaintances. We can observe 10K 0.40 9.8 4.4
that the smaller th@yc4 values the more the average degdee 3K 0.20 7026 3.7
increases, as acquaintances are added more frequently. While cov- Brute 5K 0.19 11916 | 3.9
erage andl decrease with higBqcq values, the number of dis- 10K 0.19 24938 | 4.4

tinct peers that answer the queries slightly increases. This is due
to the fact that with smalleqcq (therefore denser overlay), the

“collisions” between walkers increase, thus reducing the number Ref. 141 presents a significant aporoach to the heterogeneity issue

of discovered sources. Collisions, or duplicate messages, are mes: P.2[P]dpt 9 t and PP | fg hy i

sages regarding the same request that arrive at the same peer duetf " ata mahagement and proposes a fanguage for scnéma me
lation between peers. Also, the authors present an algorithm for

network cycles. Our choic@cg = 0.7 yields a good all-around ' i

performance. A similar effect is observed if we vary the average 94" reformulation based on local-as-view as well as global-as-

number of attributes maintained per peer: For smaller values the V€W quéry answering. In [3], the autho_rs describe mechanisms for

queries are more accurate, but fewer results are returned since fewe‘he declaration of data exchange po||C|e§ on-the-fly based on ECA
rules. They also propose a general architecture for peer-databases

nodes have similar schemas. . . ;
Finally, Table 2 presents results from comparing the three meth- and elaborate on the establishment and abolishment of acquain-
’ tances between peers.

ods using 3 sets of power-law graphs, with= {3K,5K,10K}
nodes and average degrees {3.7,3.9,4.4} respectively. We no-
tice that an increase in the number of nodes does not affect the5. SUMMARY

performance of our method. The distinctiveness of the power-law  1hig paper is a first approach to solve the query degradation

topologies, where about 35% of the peers have degree one, forces,spjem in P2P data management systems in the absence of global
fewer paths to be used compared to the random topologies. Thisqchema information. By allowing peers to select the appropriate
explains the slight decrease in the average answer coverage (aboyle,yritten version of the query to answer, we discover remote peers
10%) compared to the random topologies. In contrastNhire

i > on query propagation paths that are rich in interesting informa-
scheme now discovers less than 0.7 sources per query, Brle tion but veiled by poor path predecessors. Using these discoveries,
produces thousands of extra messages each time the size of the nefjoes seeking or holding similar information are gradually inter-
work increases. connected, increasing the quality of the returned results. Our solu-

tion is specifically suited for dynamic, unstructured environments,

4. RELATED WORK since it is adaptive, bandwidth-efficient and operates in a complete

In [12], the authors propose optimization techniques for query decentralized manner.
reformulation in P2P data management systems. They focus on The next steps of the development of the presented process in-
minimizing the rewriting of a query and pruning the respective clude theoretic as well as experimental work. Specifically, we plan
propagation path in order to avoid redundant reformulations. Ad- to design an automatic query-schema matching process adapted to
ditionally, it is indicated that pre-computation of the query refor- the particular needs of the described context. Additionally, we will
mulation path-tree proves to accelerate the reformulation proce- €laborate on the structure of tBeparameter as a function of the
dure despite the disadvantage of the necessary maintenance of precharacteristics of the schema matching mechanism of the peer and
computed mappings. Our approach is specifically designed for the structure of the query. Beyond these, we are going to further
large-scale unstructured overlays. First, it evades reformulation attest the process in contexts similar to our motivating example.
peers poor in query-relevant information by adaptively choosing
the version of the query to be answered. Moreover, while the opti- ACKNOWLEDGMENTS
mizations in [12] require central knowledge of the system structure,
our scheme enables nodes to operate in a completely decentralized his material is based upon work supported in part by the U.S.
fashion, utilizing the standard lookup operations to refine their lo- Army Research Laboratory and the U.S. Army Research Office un-
cal knowledge. der contract/grant number DAAD19-01-1-0494
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to the local query and the requester directly contacts the selected ~ SIGCOMM 2001.
sources and asks for the results to the various rewritten versions [2] |. Stoica, R. Morris, D. Karger, F. Kaashoek, and

of the query. Instead, our approach employs an automated tech- ~ H. Balakrishnan. Chord: A scalable Peer-To-Peer lookup
nique based on a combination of successive query rewriting and service for internet applications. BIGCOMM 2001.

guery-schema matching, while it utilizes bandwidth-efficient walks  [3] V. Kantere, I. Kiringa, J. Mylopoulos, A. Kementsientidis,
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