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Abstract

We considerthe problem of data sharing be-
tweenautonomousdata sourcesin an envi-
ronment where constraints cannot be placed
on the shared contents of sources. Our so-
lutions rely on the use of mapping tables
which de ne how data from di erent sources
are assaiated. In this setting, the answer
to a local query, that is, a query posed
against the schema of a single source, is
augmerted by retrieving related data from
assaiated sources. This retrieval of data
is achieved by translating, through map-
ping tables, the local query into a set of
gueries that are executed against the as-
sociated sources. We consider both sound
translations (which only retrieve correct an-
swers) and complete translations (which re-
trieve all correct answers, and no incorrect
answers) and we presen algorithms to com-
pute sud translations. Our solutions are
implemented and tested experimentally and
we describe here our key ndings.

1 Intro duction

We consider the problem of data sharing between
autonomous structured data sources. Sudh sources
may use dierent schemasto structure their data.
Furthermore, both the data and the schemasof the
sourcesmay overlap little, if at all. Still, data resid-
ing in the di erent sourcesmay be closelyassaiated.
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As an example, consider the domain of biological

data sources. Di erent biological data sourcescan

storeinherertly di erent data which rangefrom data

for genesor proteins to data for genetic diseases.
Nevertheless,thesediversedata setsare closelyasso-
ciated sincegenesenade for proteins and are related

to genetic diseases.

How can we sharedata in such a setting? In the
domain of biological sources,we can imagine that a
biologist who queries her local source for informa-
tion on a particular protein, say OPH, would like to
retrieve, in addition to the local data, related infor-
mation that is found in any number of networked
sourcesincluding related genesthat encade for pro-
tein OPH and geneticdiseaseselated to thesegenes.
To support such sharing of data, we must be able to
translate the local query into the vocabulary of the
other sources. This involves translating both the
structure of the query to usethe schemaelemerns of
the assaiated sources,but also the data itself. For
example, assa@iated sourcesmay use synonyms of
protein OPH, such as APH and AARE, or distinct
identi ers for the samegene.

Notice that the related data that ead sourcere-
turns may be very dierent and it is often not pos-
sible to make this data conform to the local schema.
For conformanceto be possible,the local database
must have anticipated the structure of all possible
answers to a query. Mappings are neededto t
these structures into the local schema. Such a so-
lution may be undesirablefor seeral reasons.First,
we may not wish to changethe local schemato ac-
commaodate data for which it was not designed. In
our example, the query results may be returned to
usersand not stored locally, soit seemsonerousto
insist that even virtual local structures be prede-
ned for receiving this data. Second,if any of the
networked data sourceschangetheir schemas,the lo-
cal database must, somehav, becomeaware of this
and update its mappings. Otherwise, the translated



gueries may not be valid on the updated sources.
Again, this is an onerousrequiremert.

Data sharing dealswith the exchangeof data be-
tween heterogeneoussourceswhose data need not
be interdependert and may represent di erent real
world domains. In keeping with the literature, we
refer to such autonomous, heterogeneoussourcesas
peers. Data sharing between peersdi ers from the
well-studied problems of data integration [12] and
data exdchange [6]. The latter two problems use
schema-level mappings to expressthe relationships
between heterogeneousschemas. In data integra-
tion, these mappings are used, at run time, to con-
form the data of onesourceto the schemaof another.
In data exchange,the mappingsare usedto populate
a target schemawith the data of a sourceschema.

In this work, we considerhow to translate queries
in the absenceof such restrictiv e schema-lewel map-
pings. We make useof a form of data-level mappings
called mapping tables which we rst introduced in
[11]. In brief, a mapping table contains a set of
data assaiations between data valuesin two peer
databases.Our previous work shawved how to auto-
mate the managemen of mapping tables by cheding
the consistencyof the assaiations and by inferring
new assaiations from existing ones. Our current
work focuseson how to use mapping tables during
qguery answering. Our main contributions are:

We intro ducethe semartics of query answering
in an ervironment of autonomouspeers. The seman-
tics relies on the translation of queriesbetweenthe
peersthrough the use of mapping tables.

We intro ducethe notions of soundtranslations
(which only retrieve correct answers) and complete
translations (which retrieve all correct answers, and
no incorrect answers) to characterize the relation-
ship betweentranslated queries.

We extend the de nition of mapping tables to
store not only assaiations betweendata values, but
alsoassaiations betweenpairs of translated queries.
This commonrepresenation of di erent typesof as-
sociations permits more systematic and robust solu-
tions for managing the assaiations.

We presert an algorithm for computing com-
plete translations and an algorithm for testing if a
guery is a sound translation of another. We usethe
latter algorithm, and our ability to store past trans-
lations in mapping tables, to determine if a query
can be translated (partially or in full) by meansof
the stored translations.

This paper is organized as follows. We motivate
our solutions in Section 2, while Section 3 describes
the related work. Section 4 presens the semartics
of query answering and introduces the notions of
sound and complete translations. Section5 preseris
the algorithms for computing such translations. Sec-

tion 6 discussesour implementation while Section7
preseris the experimental results. We conclude in
Section 8 with a summary of the work.

2 Motiv ating example

In what follows, we consider two biological
databasesnamely MedLine and PubMed [1]. A por-
tion of their schemasand instancescan be seenin

Figures 1 (a) and (b), respectively. Both databases
store similar information about articles, namely, an
article identi er, somekeywords, which refer to pro-
tein namesmerntioned in the article, and date of pub-
lication (PubMed storesthe month (pm) and year
(py) of publication, while MedLine stores only the
year). In spite of the similarities in their schemas,
the databasesusedi erent vocabulariesto describe
articles. For one thing, the two databasesusetheir

own local identi ers. Furthermore, they often refer
to the sameprotein by usingdi erent names. For in-

stance,OPH in MedLine and APH in PubMed refer
to the sameprotein. We can use mapping tables to

represern how valuesfrom di erent vocabulariesmay
correspond [11]. In the same gure, we showv exam-
ples of such tables. Mapping table keywod2kw as-
sociates keywords from MedLine to keywords in the
PubMed relation. Notice that not all keywords from

MedLine are mapped, that is, the tables might bein-

complete. Mapping table id2id storesthe identi ers

of articles that are mertioned in both databases.Fi-

nally, mapping table year2yr usesa variable in its

single tuple to represert the identity function, i.e.,
that ead yearin the rst databaseis mapped to it-

self in the second. We note that not all attributes

needto be mapped through mapping tables. For ex-
ample, notable involvesattribute pm of the PubMed
relation.

Example 1 Assume that a user wants to retrieve
all MedLine articles that mention protein OPH.
Then a query such as the following may be used:

Qq: select *
from MedLine
where keywod = \OPH"

What if this user also wants to retrieve all PubMed
articles mentioning the same protein? Given that
APH and AARE are synonymsof OPH, the follow-
ing query may be used:

Q,: select *
from PubMd«
where (kw = \APH" OR kw = \AARE")

Mapping tables might provide us with su cien t
information to automate the processof translating a
query posedagainst one databaseto a query posed



article _id | keyword year
20185348 | OPH 2000
96281126 | OPH 1996
87051725 | NGF receptor | 1986
99455262 | CRAF1 1999
99455262 | TNF receptor | 1999

(a) MedLine relation instance

paper _id kw py pm
10719179 | APH 2000 | March
8724851 | AARE 1996 | February
9915784 p75 ICD 1999 | January
10944856 | Sialidase 1 | 2000 | July

(b) PubMed relation instance

article _id paper _id
keyword kw 20185348 || 10719179
OPH APH
OPH AARE (d) Table id2id
NGF receptor p75 ICD
G9 sialidase Sialidase 1 year py

X X

(c) Table keyword2kw
(e) Table year2py

Figure 1: Instancesand Mapping tables

against another, where both queriesretrieve related
data. The details of how this is achieved, and under
which circumstancessuch a translation is possible,
is the main focus of this work.

Notice that the retrieved data do not conform
to the sameschema. Even in this simple scenario,
wherethe schemasare rather homogeneouswe can-
not merge the results due to the di erence in vocab-
ularies. In general, we will not know before-hand
what data we are going to retrieve and in what for-
mat. We expect that even the typesof the retrieved
data may di er signi cantly. For example, our bio-
logical scenarioincludes not only information about
protein articles but also data about genesand dis-
eases.One of the objectives of this work is to deal
with this heterogeneity in the retrieved results.

Example 2 Continuing with our example, assume
now that the user decidesto execute query Qs which
retrieves PubMed articles mentioning protein APH:

Q3. select *
from PubMed
where kw = \APH"

Intuitively, query Q3 satis es the initial user sele-
tion requirements since it returns PubMed articles
mentioning protein OPH. However, it does not re-
trieve all such articles. So, query Q3 is incomplete,
compared to Q,. Neverthelessneither query Q, nor
query Qg return any incorrect answers,i.e., articles
not mentioning protein OPH.

Notions such ascorrectness(soundness)and com-
pletenessof query translations are formalized in the
next sections. Soundnessis a property that every
translation must satisfy, however, executing queries
that areincompleteis often su cien t. For onething,
usersare often satis ed with incomplete answers if
complete answers are overwhelming. We may also
be able to cacde the results from sound queriesto
deliver some answers faster. From a systemspoint
of view, we shaw that signi cant savingsin computa-
tion time can be achieved by reusing sound queries.

Our last remark concernsour represenation of
queries. Mapping tables allow us to store, as part
of our database,the assaiations of values between
di erent peers[1]1]. Motiv ated by the samerational,
we o er herea similar represenation for assaiating
queriesand their translations. This uniform repre-
sertation allows usto develop a commonset of tools
to manageboth data and query assaiations.

3 Related work

Our previouswork on mapping tables focuseson the
managemen of the tables and how thesecanbe used
for value-basedlookups[11]. Thus, it doesnot con-
sider structured queries. In the context of peer-to-
peersystems,advancedquery mechanismshave been
proposedby Harren et al [8] and Huebsd et al [9].
The latter work proposesstructured query answer-
ing in an architecture that canscaleto accommalate
a large number of peers. However, peersmust agree
to support a common schema. Our work does not
consider scalability issuesbut addressesinstead is-
suesrelating to the heterogeneiy of peers.

In Piazza, assiations between peers are ex-
pressed through either global-as-view (GAV) or
local-as-view (LAV) sthema-lewvel mappings [7, 14].
Both typesof mappings are consideredwhile trans-
lating queriesbetweendi erent peers. Our solutions
are complimentary to this work sinceour framework
operates in the absenceof schema-level mappings
and the only mappings used are in the data-level
and have the form of mapping tables. The main
di erence betweenthe two approadcesis that while
their work assumesthat the retrieved data can be
made to conform to the schema of the peerwhere a
query is initiated, we make no such assumption.

Ng et al [15 also deal with the translation of
queriesin a network of peers. Descriptive keywords
are used to assaiate schema elemeris of dierent
peers. Then, the translation of queriesis performed
using the assaiated elemers. A limitation of the
approad is the underlying assumptionthat the key-
words are usedconsisterily throughout the peernet-
work. Thus, unlike our work, their solutions can-
not handle di erences in the vocabularieswithin the
data valuesof the peers.



The work of Chang and Garcia-Molina [5] also
dealswith the translation of queriesbetweenhetero-
geneoussources. There, syntactic rules are usedto
map selection predicatesfrom one databaseto that
of another. At rst glance,mapping tables look like
materializations of these syntactic rules. However,
the two constructs operate under di erent assump-
tions. A syntactic rule that maps MedLine article
identi ers to PubMed article identi ers assumeghat
for any identi er of the former we can compute an
identi er of the latter. Thus, the query translation
procesgelieson this assumptionto translate a query
from the former databaseto onein the latter without
having to deal with the intricacies of the mappings
at the data level, that is, the fact that mappings
are often incomplete. Our work makes no such as-
sumptions and our translation techniques deal with
exactly these circumstances. We also use a uniform
represenation both for the rules, i.e., the mappings
betweendata valuesand for the queriesand the map-
pings betweentranslated queries.

4 Query semantics

We assumethat query executionin our peernetwork
usesa gossipingmecdanism. The processs initiated
by the execution of a user-de ned query locally in a
peer. Then, the user-de ned query is forwarded ei-
ther asis or in sometranslated form to either all
or to a selectednumber of acquaintancesof the cur-
rent peer. Then, the exeute-and-forward step is
repeated in ead of the forwarded peers, causingin
turn the further propagation of the query. The pro-
cessterminates after a xed number of propagations
of the initial user-de ned query has occurred.

In accordancewith the above, we assumehere-
after that eadh query is de ned, in terms of syntax,
with respect to the schemaof a single peer. Our the-
sisis that for a userto issuea query, she needonly
be aware of the local schemasheis using. Over this
schema, we assumethat the user posesqueriesthat
involve only the operations of selection, projection
and join. Still, this is a signi cant extension of the
value-basedlookups supported thus far. In terms of
execution, queriesare classi ed into two categories.
A local query, much like a query in a certralized
system, is executedusing only the data in the local
peer. On the other hand, a gloal query usesthe
peernetwork to augmert locally retrieved data with
data that residein other peers. We now formalize
the above notions and explain the query semartics
with emphasison the semartics of global queries.

Assume that peer P; exposesa set of attributes
U (1 i n) and that Ui\ U; = ; (i 6 j,
1 i n), and let r; be an instance of P;j. A
local query g, hereafter just called a query, over a
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Figure 2: A query dependencygraph

peerP; (1 i n)isdened with respectto the
schemaof P;. The result of g is a relation over a set
of attributes V;, whereV, U;, whosecontent is the
setof tuples g(ri). Wedenoteby att(q) the setof at-
tributes V;. A global query g over the peersin P is

wherequeryd (1 i nandl j ki) is over
the schemaof peerP; andatt(q ) = att(q), for every
| 2 [1;ki]. Each queryin gp is called a component of
op and, conversely gp is saidto be comprised of the
indicated set. The result of global query g is a re-
lation over the schemaRp [V1[ V2 [ :::[ Va], where
Vi = att(gl) = = att(d“) @ i n), whose
content is the set of tuples in the outer-union of the
union of @e queriesinseam peer, that i§, the outer-
union of = 2, dy(r1), ~ (2 oh(ra), i1t (% Gh(ra).
Hence, we permit peersto return results with dif-
ferent schemas. We also propose not to merge re-
sults as merging semartics tend to be application
specic. Given these de nitions, ead local query
can be thought of as a trivial global query which is
comprised of a single componert query.

Example 3 The setfQ 1; Q»g of queries(from Ex-
ample 1) is a glokal query over the MedLine and
PubMed peers. The exeution of this glotal query
is initiated by local query Q1. The result of this
glokal query is a relation with attributes f article _id,
keywod, year, paper_id, kw, py, pmg, whosecontent
is the outer-union of the relations obtained by ap-
plying queries Q1 and Q> to the instances shownin
Figures1 (a) and (b), respectively.

We now examine the relationship between the
componert queriesof a global query. For this, we
introduce the notion of query depgndencies Intu-
itiv ely, as queries are propagated in the system, a



(directed) query dependencygraph is induced. The
nodesin this graph represen queriesand there is an
edgefrom query g to query ¢ if query o degends
onquery g . A query g on peerPy is said to depend
on query ¢ over peer P;, denoted as dep(ck) = ¢,
if peersP; and Py are acquairted and query o has
resulted from the propagation of query g on peer
P; to peerPy. Special careis takento avoid the cre-
ation of cyclesin the induced graph. This happensif
aquery propagatedby a peerPy is re-received by the
samepeerthrough oneof its acquaintances. Tagging
guerieswith the path of peersthrough which they
are propagated allows the detection of suc situa-
tions. In Figure 2(a) there is an example of a peer
network that consists of six peers,i.e., P = fPy;

if they are acquairnted. In Figure 2(b), we use an
intermediate represenation where eat peerin the
network is annotated with the componert queriesof
global query gp = fa; Gp; ; G; O CB; G; GEg that it
executes. The edgesin this represeration show the
propagation of queries. Finally, Figure 2(c) shows
the dependency graph of g-. Notice that in some
peersmore than one query is executed. For exam-
ple, in peerPs we have the execution of two queries,
namely ¢ and ¢2. Query ¢ results from the propa-
gation of query g; from peerP; while query ¢g results
from the propagation of query gt from peerPs. We
dewote the next paragraphs examining how exactly
the propagation, and possibletranslation, of queries
is achieved betweenpeers.

4.1 Mapping tables

We o er here an overview of mapping tables since
they are the main vehicleusedfor query translation.

Considertwo peersthat exposerelations with at-
tributes U and V, respectively. A mapping table is
a relation over the attributes X [ Y, whereX U
andY V arenon-empty setsof attributes from the
two peers. For example,a mapping table from a set
of attributes X = fkeyworg to a set of attributes
Y = fkwyg is shawvn in Figure 1(c). A vertical double
line is usedto separatethe two attributes sets.

To represent di erent semartics for mapping ta-
bles and values within them, the standard cornven-
tion of using variablesis followed. For instance, Fig-
ure 1(e) shows a mapping table containing variables.
Every valuation of these variables gives a value of
year that can be mapped to a value of py. Since
this mapping table contains the samevariable in its
two columns, every valuation is a tuple of the form
(a;a), where a is a constart in the domains of year
and py. Thus, in this casevariableso er a compact
way of represerting the identit y mapping.

Mapping tables restrict the way in which infor-
mation may be exchangedbetweenpeers,instead of

restricting their contents. Let r; and r, beinstances
of peersP; and P, respectively, and m be a map-
ping table from X to Y, whereX and Y are subsets
of the setof attributes exposedby P; and P,, respec-
tively. Given a valuation of the variables of m, a
valuex 2 x ( (m)) is assaiated with the set of val-
ues v ( x=x( (m))) and, hence,eac t; 2 r; suc
that t;[X] = x can be mapped only to the tuples
t2 2 rp for which t2[Y]12 v ( x=x( (m))).

4.2 Sound and complete translations

We are interested in translating, through mapping
tables, queriesthat involve the operations of projec-
tion, selectionand join. In what follows, we consider
how this is achievedin the presenceof the latter two
operators. Then, in Section4.3 we showv how to han-
dle projections. This separationis possiblesince, as
we show, the issuesinvolved are orthogonal.

Consider peersP; and P, that exposeattributes
U; and Uy, respectively. To begin, we assumethat a
single mapping table m exists with schemaM [U; [
U;] that asscaiatesvaluesof U; to valuesof U;. We
relax this assumption later. Consider two queries
1 and ¢ over peersP; and Py, respectively, such
that dep(qp) = i, that is, query o resulted from
the propagation and translation of query ;. We
claim that the nature of this translation should be
such that @ retrieves from peer P, only the data
that are related with those that could be retrieved
from query ¢ in peer P;. The exact relationship is
determined by the set of mapping tables that exists
betweenthe two peers.

De nition 4 Letq and g be queriesover peers P
and P,, resmctively, suchthat g = g(R1 ./ A
Rk), wher E is a conjunction of equality atoms and
Ri1, :::, Rg arerelationsin P;. Then @ is a sound
translation of g with respect to mapping table m,
denota by op 7! o, if for every relation instance r»
of P, andt, 2 p(ry), there existsa valuation of m
andatuplet2 g( (m)) suchthat 4 (q,)(t) = ta.

We o er a few remarks on our de nition. First,
obsene that in the de nition query q; operateson
mapping table m, instead of operating on somein-
stancer; of P;, while query g operateson an in-
stance r, of P,. This is to allow for query @ to
retrieve data from r, that could be mappedto some
instancer; of P; through m, but that it is not nec-
essaryfor the data retrieved from g;. Second,note
that sincem contains all the attributes mentioned
in Ry, :::, Ry, in order to evaluate ¢ in the relation

(m) we do not needto compute the join of Ry, :::,
Rk, we just have to ched the condition E.

Example 5 Consider the mapping table ML2PM
shown in Figure 3. Since all variables in the ta-



article _id | keyword | year || paper_id kw py |pm
X1 OPH Y1 Xo APH Yo Zo
X3 OPH Y3 X4 AARE Ya | Za

Figure 3: Mapping table ML2PM.

ble are distinct, the table essentialy maps protein
OPH in MedLine to proteins APH and AARE in
PubMed. Now, consider queries Q1 and Q, from
our motivating example (see Section 2). Query Q>
is a sound translation of query Q; with respect to
the table ML2PM. On the other hand, the following
guery is not a sound translation of query Q1.

Q4: select *
from PubM«

where kw = \APH" OR kw = \p75 ICD"

To see this, consider the PubMed relation instance
in Figure 1(b). Its third tuple satis es Q4 butit can-
not be assaiated, throughML2PM, to any MedLine
article retrieved by Q.

Another obsenation is that the above de nition
is not symmetric. Also, note that soundtranslations
are not unique.

Example 6 While our previousexampleshowsthat
Q4 is not a soundtranslation of Qq, notice that Q,
is a sound translation of Q4, with respect to table
PM2ML (which is the inverse of the ML2PM). Tu-
plesretrieved by Q;, from every possibleinstance of
MedLine, correspnd to articles mentioning protein
OPH which, throughPM2ML, can be assaiated with
PubMdl articles mentioning protein APH. Concern-
ing the uniquenessof sound translations, rememigr
from our motivating example that both queries Q»
and Q3 are sound translations of query Q;.

Since one sound translation might retrieve more
data than another, we consider next the notion of
completeness That is, whether there is a sound
translation that retrievesfrom remote peersall pos-
sible sound data.

De nition 7 Given queries q;, ¢ over peers P;
and P, respectively, we say that @, is a complete
translation of query qu with respect to mapping ta-
blem, if & 7! @ and for every query q over P,
such that g Yé 08 and every instance r, of Py,
®(r2)  B(ra).

Notice that, by de nition, if two queriesg and
o are complete translations of a query q;, then ¢
and ¢f are equivalert.

Example 8 Consider query Q; from our motivat-
ing exampleand its sound translations, namely, Q

and Q3. We claim, without providing a formal proof,
that query Q, is a complete translation of Q1, with
respect to mapping table ML2PM.

We are now in a position to formally characterize
the relationship betweenthe component queriesof a
global query. Speci cally, we require that for each
pair g; ¢ of componert queriessud that dep(q ) =
g, query g is a sound translation of query ¢;.

Our de nitions assumethat a single mapping ta-
ble mapsall the attributes in the relations involved.
We relax this assumption in Section 5.5. We also
note that so far we have only consideredthe selec-
tion and join operators. We investigate the issues
concerningthe projection operator next.

4.3 The pro jection operator

Sound translations guarantee that only correct tu-
ples are retrieved from remote peers. However, not
all the attributes from the remote peersare necessar-
ily of interest. The userhasthe ability, through the
projection operator, to expresswhat local attributes
are of interest to her and, thus, we provide a similar
mechanism for the data retrieved from remote peers.

Our solutions make use of attribute correspon-
denceswhich assaiate attributes in di erent peers.
Learning attribute correspondencesis a main com-
ponernt of schema matchers [16]. An attribute cor-
respondencefor attributes requiring no data trans-
lation can be encaled by a simple mapping table
with the identity mapping. This is the situation de-
picted in Figure 1(e). In general, a mapping table
m[X [ Y] encades,in addition to the set of data as-
sociations, an attribute correspondencebetweenthe
set of attributes X and Y.

De nition 9 Let P and P° be peers exposing set of
attributes U and U° respctively, and m[X [ Y] be a
mapping table suchthat X U andY UC Then,
m is relevant to a query q over P, if att(q) X.

Hence,whentranslating a query g that includesa
projection on attributes att(q) we make useof all the
relevant mapping tables mq[X1 [ Yi1], ma[X2 [ Y2],
simy[X k[ Yk], and the translated query returns the
union of all the Y;'s in thesetables.

Example 10 Consider the query that retrieves
from MedLine all the protein names mentioned in
articles publishel in 1998:

Qs: select keywod
from MedLine
where year = \1998"

The completetranslation of Qs, with resgect to map-
ping table year2py shownin Figure 1(e), is:



Qs select kw
from PubMeal
where py = \1998"

There are two points to make here. First, due to
mapping table year2py, our projection is on the kw
attributes of the retrieved PubMed tuples. Second, it
is possiblethat the latter query retrieves PubMed ar-
ticles that violate mapping table keyword2kw shown
in Figure 1(c). However, this is consistent with our
guery semanticssince soundnesss de ned here only
with respect to the year2py mapping table.

5 Algorithms

In general,queriesare initially expressedn a query
language(e.qg., relational algebra, SQL) and are later
transformed in someappropriate internal represen-
tation. Before we discussthe issueof querying, we
needto x thesetwo parameters,i.e., the query lan-
guageand the represeration used.

We focus here on queries that are expressedin
S+J algebra. An S+J query usesthe operators of
selectionand join. The selectionformula is positive,
i.e., it hasno negationand it consistsof conjunctions
and disjunctions of atoms of the form (A = B) and
(A = a), where A and B are attribute namesand a
is a constart. Note that projection is supported in
our framework but is handled independertly.

Common query represertations include tableau,
which is atabular represeration of a query which re-
senbles a databaseinstance, and query trees, which
is a graph-like represeriation of a query [3]. In
this work, the tabular represeration is the preferred
choice. One reason for this is uniformity. Notice
that we already usea similar represenation, namely,
mapping tables, to addressissuesof heterogenei
amongdi erent peers. In the following paragraphs,
we intro duce T-queries which is a tabular represen-
tation of queries and we show that for eadh S+J
guery we can have an equivalent T-query. Then, we
show how T-queries can be usedto test whether a
query o°is a soundtranslation of query g. Finally, we
show how T-queries can be usedto compute sound
and complete query translations.

5.1 T-queries

We start by de ning T-queries over one relation.
Thus, we only consider selections. We later showv
how our de nitions are extendedto considerqueries
over multiple relations, thus taking into accourt
joins. The following paragraph preserts the syntax
and semartics of T-queries.

A T-query or over relation schemaR[U] is a ta-
ble T with attributes U where eat variable appears
in at most one row. Intuitiv ely, one can think of
eah t 2 T asa tableau query whosecorresponding

tableau only has a singletuple. Then, T represers
a set of tableau queries. Given a T-query gr over
schemaR and an instancer of R, the result of exe-
cuting gr onr, denotedasqr (r) is:

ar(n) =1 (1]

Example 11 Consider the following query that re-
turns all articles from PubMed mentioning proteins
APH or p75ICD:

is a valuation of t 2 T and (t) 2 rg:

Q7: select *
from PubMda
where kw = \APH" OR kw = \p75 ICD"

Then, the correspnding T-query is shown below:

paper_id kw py | pm
X1 APH Y1 | Z1
X2 p75ICD Y2 Z>

Prop osition 12 For any S+ query q over a rela-
tion R[U] there is an equivalent T-query gr, and vice
versa.

To construct query ¢gr from g, rst we haveto trans-
form qginto an equivalent query g°of the form g (R),
where E is in disjunctive normal form. T-query or
is of sizelinear in the sizeof g% which, in turn, hasa
sizewhich is exponertial, in general,with respectto
the size of the initial query g. However, this is not
a problem in practice since large selectionformulas
rarely occur.

We extend the de nition of T-queries over multi-
ple relations in the following way. Let R = fR1[U4];
R2[U2]; :::;Rn[Un]g be a relational schemaand U
be[[L; Ui. A T-query gr over R is a table T with
attributes U where eac variable appearsin at most
onerow. In terms of semartics, considera T-query
or over R and an instancer = fry; rp; :::;rng of
R. Then the result of executinggr on r, denoted by
or(r), is:

gr(r)=f (t)j isavaluationoft2 T

and (t)2r; ro:
Prop osition 13 For any S+J query g over a rela-
tional schemaR, there is an equivalent T-query qr,
and vice versa.

We concludethis subsectionby preserting the no-
tion of join between T-queries. This will play a
certral role in all the algorithms presened in the
following subsections. Let T; and T, be the tables
of T-queries gt and ¢ with attributes U; and Uy,
respectively. Attribute setsU; and U, are not nec-

essarily disjoint. Then T, e T, is a T-query with
attributes U; [ U, dened as follows. Recall that



a substitution is a function that maps only vari-
ables to either variables or constarts. For every
t1 2 Ty and t, 2 T,, nd substitutions ;1 and »
for the variablesof t; and t;, respectively, such that
1(t1[U1\ Ug]) = 2(t2[UL\ Uz]). Furthermore, we
require that for any other pair of substitutions ¢
and 9 satisfying this condition, ; is as generalas
9 and , is as generalas 9, that is, there exist
substitutions 1 and , suchthat ;1 1= ‘fand
2 2= J(this correspondsto the notion of most
geneal uni er usedin logic programming [13]). If

substitutions 1 and 5 exist, then add to Ty v T,
a Up [ Up-tuple t dened as: t[U;] = 1(t;) and
t[Uz] = 2(t2).

Intuitiv ely, givenrelation instancesr; andr, over
U; and U,, respectively, the join of T; and T, gives
us a new T-query gr sud that:

Or(ra rz):(#(rl) Q%(fz)-

5.2 Algorithms for sound translations

In the previous section, we intro duced sound trans-
lations and we provided a de nition through which
we can test, given two queries q and q° over peers
P and PC respectively, whether query ¢°is a sound
translation of g with respect to a mapping table m.
The de nition of sound translations, however, does
not provide us with a practical way to do the test-
ing. In the next paragraphs,we show that oneof the
bene ts of represeriing queriesas T-queries is that
we are able to perform such a test e cien tly.

In brief, the proposedalgorithm acceptsas input
two queries g and o° over peersP and P respec-
tively, and a mapping table m betweenthe sets of
attributes U and U° exposed by these peers. Ini-
tially , it corverts both g and o° to their correspond-
ing T-queries, sy gqr = T and ¢® = TO respec-
tively. Then the algorithm usesmapping table m
to constrain the assaiation of query disjunctions.
Formally, given T, m and TY the algorithm con-
structs a T-query ¢ with attributes att(q®) de ned

var var

as ai(q(T T9. We note that it is
possibleto perform this join since mapping tables
and T-queries use the same syntax. In the last
step, the algorithm cheds whether ¢ is equiva-
lent to of, that is, for every instance r° of peer P°,
(9 = 2(r9. To perform such a test we usean
algorithm that cheds for cortainment of union of
conjunctives queries[17]. If o is equivalert to @2,
then the algorithm outputs yes

Theorem 14 The alove algorithm outputs yes on

input (g; m; ¢ if and only if g°is a soundtranslation
of q with respect to mapping table m.

The following proposition is used in the proof of
this theorem. It also shows that the previous al-

article _id | keyword | year || paper_id kw py |pm
X1 OPH 1998 X2 APH |1998| Y2
X3 OPH 1998 Xa AARE |1998| Y4
Xs OPH 2003 Xe APH |2003| Yg
X7 OPH | 2003 Xs AARE |2003]| Yg

Figure 4: Storing query translations

gorithm only needsto chedk whether o2
verify whether o° is a sound translation of g.

of to

Prop osition 15 The queries ¢ and ¢f¢ computed
by the atove algorithm on input (g;m; g% are such

that ¢ 2.

Finally, we establish the exact complexity of our
problem.

Theorem 16 The problem of testing whether a
query is a soundtranslation of another queryis 5-
complete.

5.3 Computing complete translations

Here we describe an algorithm that, givena query q
and a mapping table m, computes a query o° such
that g°is a soundand completetranslation of g with
respect to mapping table m. The algorithm extends
the algorithm for testing sound translations. Let
P and P° be two peersthat expose attributes U
and UY respectively, and assumethat q is a query
over P and m is mapping table betweenthe set of
attributes U and U° The algorithm beginsby con-
verting query qto its corresponding T-query gr = T.
Then, it considersmapping table m and computes

T-query @ = yo(T v m). Finally, the algorithm
outputs the query o represeried by . The follow-
ing theorem shows that ¢ is a sound and complete
translation of query q.

Theorem 17 Query ¢° computed by the alove al-
gorithm on input (g; m) is a complete translation of

g.

5.4 Comp osing translations

In this section, we show the bene ts of using a com-
mon formalism for represening both data and query
assaiations. In more detail, we show that the algo-
rithms that were created for inference of mapping
tables can be usedto e ectiv ely perform query com-
position. Consider the point in time after a com-
plete translation has been computed. This trans-
lation may be stored within a mapping table. An
exampleis showvn in Figure 4. The query on the left
of the table retrievesMedLine articles that mention
protein OPH and were published in 1998 or 2003.



The query on the right represens a complete trans-
lation on PubMed. Notice that ead tuple in the
mapping table pairs a query with a sound transla-
tion of the query. Such storage permits us to reuse
the data assaiation inferencealgorithm of our ear-
lier work [11] to compose query translations. Con-
sider a path = Pq;Py;:::; P, of peerswith a set
of mapping tables m; storing data assiations be-
tweenpeersP; and Pj.1, for 1 i n 1. Now
let T; be a mapping table containing pairs of sound
query translations (that is, ead tuple (q; ) in the
mapping table represens a T-query g on P; and a
soundtranslation o° of qwith respectto the mapping
table m;).

Let m denotethe mapping table that results from
our inferencealgorithm [11] over the path and the
set of mapping tables m;. And let T denote the
mapping table that results from our inference algo-
rithm overthe path andthe setof (query) mapping
tables T;. Then, ead tuple (q; o) in T contains a T-
query ¢’ that is a soundtranslation of q with respect
to the mapping table m.

5.5 Using multiple mapping tables

The algorithms presened in the previous sections
assumethe existenceof a single mapping table that
maps all the attributes in the relations involved. In
real life, we expect that multiple mapping tables are
provided and that someattributes are not mapped.
In what follows, we investigate how to handle these
two situations.

Assumethat instead of a single mapping table m,
we are given a set of mapping tables M to usedur-
ing the computation of a complete translation. The
exact way in which these tables are combined can
be either pre-speci ed or it can be left to the user.
Here, we propose a technique for combining mul-
tiple tables automatically. The following example
illustrates that combining all available tables during
the computation of translations might yield courter-
intuitiv e translations.

Example 18 Consider query Q; from our motivat-
ing example that retrieves articles from MedLine
mentioning protein OPH. Assume that instead of
just using mapping table keywod2kw, in Figure 1(c),
we consider both mapping tables keywod2kw and
id2id to compute the translation. Furthermore, as-
sume that every retrieved tuple from PubMed must
be assaiated with a local OPH article with respect to
both mapping tables. Then, the resulting translation
is equivalent to the following query:

Qg: select *
from PubMd«
where (kw = \APH" OR kw = \AARE")
AND paper_id = \10719179"

That is, by using both mapping tables, we are forced
to restrict the identi ers of the retrieved articles.
Since no restriction is imposel in the article_id at-
tribute of the MedLine retrieved articles, a similar
reasoning should be followed when translating this
query for the PubMed articles. This reasoning sup-
ports not using mapping table id2id, in Figure 1(d),
in translating this query.

The proposedtechnique acceptsasinput a query
g over a peer P and a set of mapping tablesM from
P to a secondpeer P and it usesthe set M to
compute a completetranslation ¢ of g. Initially , the
algorithm converts q into its equivalent disjunctive
normal form. Then, it proceedsby consideringead
disjunct D; of g in isolation. For ead disjunct Dj,
it selectsa table for the translation, if this table's
local attributes participate in an atom of the dis-
junct. Call M; the set of selectedmapping tables.
If the set of attributes of D; is contained in the set
of attributes of M; (M; is relevant to D;), the al-
gorithm combines the mapping tables in M; into a
single mapping table m; by using the " -operator
[11]. For the time being assumethat m; mentions
all the attributes exposedby peersP and P Then,
the algorithm considersD; asa T-query T; cortain-
ing only one row and computes a sound and com-
plete translation of T; with respectto mapping table
m;. Then the translated T-query is corverted into
an equivalert relational algebraexpressionwhosese-
lection formula becomesa disjunct in the resulting

query oC.

Example 19 By usingthe algorithm descriked here,
query Q; is translated to query Q» which is indeed
its complete translation. As another example, as-
sumethat Qg is a query retrieving information from
MedLine about articles that mention protein OPH
and were publishal in 1999:

Qg: select *
from MedLine
where keywod = \OPH" AND year = \1999"

Then, our algorithm selets only mapping tables
year2py and keywod2kw for the translation, result-
ing in the following query:

Q10: select *
from PubM«
where (kw = \APH" OR kw = \AARE")
AND py = \1999"

If any of the mapping tables m; computed by the
above algorithm doesnot mertion all the attributes
exposedby P and PP then it is extendedto a map-
ping table m]-O that mapsthe extra attributes to any
value. For example, mapping table ML2PM in Fig-
ure 3 is the extensionof the following mapping table
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6 Implemen tation

We implemented our ideasover the prototypeimple-
mentation of the Hyperion peer-to-peer data man-
agemen system [4]. The structure of eact peerin
this system is shown in Figure 5. We provide a
graphical user interface through which a user can
set up acquaintances with new peersor poselocal
gueries. Each peerin the system managesits own
collection of data and it autonomously choosesa log-
ical design and physical organization for the data.
We usethe MySQL relational DBMS to store both
the peerdata and any possiblemapping tables that
ead peer might maintain.

The senent, which is the main componert of this
architecture, consistsof four main modules. From
these four modules, the query processingengine is
the main focus of this work. It includes the im-
plementation of the algorithms that cornvert SQL
queries to their disjunctive normal form; cornvert
SQL queriesto their equivalent T-queries and bad;
and compute the complete translation of a query
given a mapping table. Furthermore, it includesthe
algorithm for testing containment of T-queries and
the algorithm to test whether a query is a sound
translation of another one, with respect to a given
mapping table. Finally, we alsoimplemented the al-
gorithm that, givena query g and a set of mapping
tables M, selectsthe set of mapping tables to usein
order to compute a complete translation.

We implemented a number of optimizations to
improve the e ciency of our algorithms. One suc
optimization relies on the fact that our represerta-
tion of queriesas T-queries allows us to store in the
databaseboth the query itself and the relationship
with its sound translations. As an example, con-
sider again the stored translation shown in Figure

4. Assumethat the calculation of this translation
happened some time in the past, but the system
stores this relationship between the two T-queries
in the database. Now, assumethat a new query is
issuedon MedLine askingonly for articles that men-
tion protein OPH and were published in 1998. At
this point, we could run the optimized version of
the algorithm for computing complete translations
in order to retrieve the corresponding PubMed arti-

cles. Alternativ ely, one can usethe algorithm for T-
query cortainment to concludethat the correspon-
dence between T-queries in Figure 4 can be used
to compute the translation. In more detail, we test
whether the T-query represenation of the current
query is contained in the left part of the table in the
gure. Sincethis is the casein our running example,
we treat the table in the gure asa mapping table
and we useit to compute the translation of the cur-
rent query. In this example, this computation will

result in the selectionof the right parts from the rst

two tuples.

An interesting application of the previous opti-
mization relies on the obsenation that in peer-to-
peer systemsusersare often satis ed with answers
that are not complete, as long as they are given
the guarantee that anything that is retrieved is cor-
rect. With this in mind, even a query that re-
trieves all articles in MedLine mertioning proteins
OPH or NGF receptor can be answered satisfacto-
rily from the PubMed peerby just retrieving articles
that mertion these proteins and were published in
someparticular time interval (for example, the last
5 years). Testing for T-query containment is also
certral in this approach since the stored query is
contained in the query being posed.

We conclude our overview by noting that the
implementation of the query processingengine was
donein the C programming languageand it contains
approximately four thousand lines of sourcecode.

7 Exp eriments

To evaluate our algorithms, we undertook two stud-
ies. The objective of our rst study is to investi-
gate the performance of our translation algorithms
with respect to three problem parameters, namely,
the size of the input query, the size of the output
query, and the sizeof the mapping tables usedin the
translation. The secondstudy investigatesthe per-
formance of our algorithms under large query load
and examinesthe benets of storing and re-using
past translations. Due to lack of space,our second
study is only available in the extendedversion of the
paper [10]. The data used by both studies are real
and are extracted from publicly available sources.
We usethese data to create distinct peers,one per
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machine within the same LAN, and ead peer has
the structure shown in Figure 5.

7.1 Biological Databases

The data for this study belong to the MedLine,
PubMed and SwissProt[2] databases.We populated
ead of the MedLine and PubMed relations with ap-
proximately 25000tuples corresponding to protein-
related articles. We assumedthat MedLine articles
are indexed, through the keyword attribute, by the
currently approved protein hame while PubMed ar-
ticles are indexed by aliasesof the approved names.
Mapping table id2id had approximately 24000tuples
while mapping table keywod2kwhad approximately
12000tuples. The former table maps an MedLine
article to at most one PubMed article while the lat-
ter table maps currently approved protein namesto
their corresponding aliases. Both mapping tables
were retrieved from SwissProt.

Given query Q1 and mapping table keywod2kw
we expect that the time to translate Q; isin uenced
by the number of valuesthat OPH is assaiated with,
sincethis number in uences the number of disjuncts,
and thus the size, of the output query. Thus, the
objective of our rst experimernt is to investigate the
exact relationship between the time to perform a
query translation and the size,in terms of disjuncts,
of the translated query. For this purpose,we select
20 distinct input queriesead of which is similar, in
spirit, to query Q1, i.e., it retrievesMedLine articles
for a particular keyword/protein. The querieswere
selectedin such a manner that the rst query refers
to a protein with a single alias in keywod2kw the
secondquery refersto a protein with 2 aliases,and
so on, while the last query refersto a protein with
20 aliases. Figure 6 shows the translation times (in
seconds)for eat of these queries. As we can see,
the translation time scalesgracefully and, even for
large output queries, it is still fractions of a second.

In the previous experiment, all the input queries
have only a single disjunct. In this experiment, we
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vary the number of disjuncts in the input query and
we investigate how this in uences the translation
time. We start by selecting20 distinct input queries
ead of which, oncetranslated, results in an output
query with 14 disjuncts. From the 20 input queries,
4 queries have 2 disjuncts, 4 have 3 disjuncts, and
soon, and the last 4 querieshave 6 disjuncts. We
consider 4 alternativ e queries for the same number
of disjuncts since, given the number of disjuncts in
a query, there are di erent combinations with which
these disjuncts can cortribute to result in 14 out-
put disjuncts. For example, for a query with just
two disjuncts, ead of the two input disjuncts can
be translated to 7 output disjuncts, or alternativ ely,
the rst input disjunct can result in 10 output dis-
juncts while the secondinput disjunct can result in
the remaining 4. In Figure 7, we averagethe transla-
tion times of input querieswith the samenumber of
disjuncts and we alsoreport, in the rst column, the
translation of an input query with a single disjunct.
Notice that asthe number of disjuncts in the input
query increasesthere is a corresponding increasein
the translation time of the query. Although there is
a correlation betweenthesetwo quartities, our next
experiment shows that there is another factor that
also comesinto play during the translation process.

For this experimert, we usethe input query that
had the worst performance,in terms of time, in our
previous experiment. This is the input query with
6 disjuncts, denoted with D, to Dg, where disjunct
D1, once translated, results in 9 output disjuncts
while the remaining 5 input disjuncts all result in a
singleoutput disjunct. Notice againthat the number
of disjuncts in the output query is 14. During this
experiment, we translate this input query 6 times
and the only di erence betweenthe translations is
the order with which we translated the 6 input dis-
juncts. In particular, in the rst run, the input dis-
junct D is considered rst for translation, while in
the secondrun, disjunct D; is consideredsecondin
order for translation. Continuing in this fashion, in
the sixth run, the v e single-output disjuncts are
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consideredrst, while disjunct D is consideredlast.
Figure 8 shaw the translation time for ead of the six
runs of the algorithm. The drop in translation time
is due to the following reason. After a disjunct of
the input query is translated, the algorithm chedks
whether any of generatedoutput disjuncts is already
part of the output query due to a previously trans-
lated input disjunct. The objective of this ched is
to avoid duplicate disjuncts in the output query, or
pairs of disjuncts where oneis cortained in another.
However, the chek generatesmore comparisons,and
thus more computation, if a large number of output
disjuncts is generated early in the translation pro-
cess. Hence, delaying the translation of a disjunct
like D, causeseducedtranslation times. In general,
reordering of input disjuncts seemsbene cial and
it can be achieved by storing frequency information
about the values of a mapping table. Using these
frequencieswe can estimate the number of output
disjuncts for ead input disjunct.

We also experimented with varying the mapping
table sizes. Our experiments show that this param-
eter doesnot in uence the translation time. This is
becauseve do not scanthe wholetable in orderto lo-
cate the tuples to be usedin the translation, but we
use in-memory hash indexes. Our implemertation
of the hash indexesis customizedto the semariics
of mapping tables and thus takesinto consideration
the existenceof variablesin the tables.

8 Conclusions

We have consideredthe problem of data sharing be-
tween autonomous data sources. We used mapping
tables to assaiate data from dierent sourcesand
we have shovn how the tables can be usedin the
translation of structured queries. We intro ducedthe
notions of sound and complete translations and we
proposed algorithms to compute suc translations
and an algorithm to test if a query is a soundtrans-
lation of another. We implemerted our algorithms
and we have preserted experiments which show that

thesecan be usedin practice.

Our future work investigatesalgorithm optimiza-
tions along with support for more expressiwe query
languagesthat include, for example, negation.
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