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Abstract

Query processing and optimizati on in mediator systems that access di stributed non-propri etary sources

pose manynovel probl ems. Cost-basedquery optimizati on i s hardbecause the mediator does not have access

to source stati sti cs informati on and furthermore i t may not be easy to model the source's performance. At

the same time, querying remote sources may be very expensive because of hi gh connecti on overhead, hi gh

computati on time, �nanci al charges, and temporary unavai l abi l i ty. We propose a cost-based optimizati on

technique that caches stati sti cs of actual cal l s to the sources and consequently estimates the cost of the

possibl e executi on plans based on the stati sti cs cache. We investi gate i ssues pertaining to the desi gn of

the stati sti cs cache and experimental l y analyze vari ous tradeo�s. We al so present a query resul t caching

mechani smthat al l ows us to e�ecti vely use resul ts of pri or queri es when the source i s not readi l y avai l abl e.

We employ the novel invariantsmechani sm, whi chshows howsemanti c informati on about data sources may

be used to di scover cached query resul ts of i nterest.

1 Introduction

During the past few decades, the worldhas wi tnessed a spectacul ar expl osi on i n the quanti ty of data avai labl e i n

one el ectroni c formor another. Thi s vast quanti ty of data has been gathered, organi zed, and stored by a smal l

army of i ndi vi dual s, worki ng for di�erent organi zati ons on vari ed probl ems i n ways that were best sui ted to

accompl i shthe task i nquesti on. Wi ederhol d [27 ] proposed the concept of amediator as a wayof formul ating the

semanti c i nformati onnecessary to i ntegrate i nformati onf romthese heterogeneous sources andmake sense out of

a col l ecti on of potenti al l y i ncompl ete, i nconsi stent i nformati on systems and inherentl y i ncompatibl e programs.

Intui tivel y, amedi ator i s a programthat accesses and i ntegrates mul tipl e databases and/or sof tware packages. In

parti cul ar, the user of a medi ated systemsends queri es to the medi ator, whi ch i n turn passes al ong appropri ate

subqueri es to di�erent sof tware packages and/or databases i n the medi ated system. The HERMES project

(short for HE terogeneous R easoni ng and ME diator System) at the Universi ty of Maryl and [ 26 , 3, 25, 18] and

the TSIMMIS project at Stanford Universi ty [ 39 ] provi de a uni formframework for handl i ng di�erent types of

heterogenei ty that exi st between programs and databases.

In thi s paper we focus on i ssues rel ated to query processi ng andoptimi zationi nmedi ator systems that access

di stri buted non-propri etary i nformati on sources. In thi s paper, we make the fol l owing contri buti ons:

1. Intelligent Caches: We showhowa medi ator may maintai n \l ocal " caches consi sti ng of the resul ts of

previ ous cal l s to external sof tware packages (l ocal or remote). Furthermore, we i ntroduce the noti on of
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an invariant that provi des \knowl edge" about howto use a cache. In parti cul ar, i nvariants may be of ten

used to process cal l s to external packages even if these calls were not previously stored explicitly in the

cache.

2. Query Optimization: We showhowgi ven any query Q to a medi ated systemM , we can rewri te both

the query and the medi ator to a newquery Q 0 and a newmedi ator M 0 respecti vel y such that the answers

to query Q w. r. t. medi ated systemM coi nci des wi th the answers to query Q 0 w. r. t. M0 and

3. Q0 andM 0 make appropri ate usage of

� the cache and invari ants,

� exi sti ng, wel l -known query rewri ti ng techni ques (e. g. , pushi ng sel ecti ons down, joi n reorderi ng, etc. )

In general , gi ven a query and a medi ator our rewri ter constructs a number of vi abl e rewri ti ngs of the

query and the medi ator. Essenti al l y, the rewri ti ngs are possi bl e executionplans and the optimi zer has to

choose one of thembased on an estimati on of thei r cost.

4. Cost- stimates: The fundamental probl emincost estimati oni nmedi atedsystems i s that medi ators may

access a vari etyof sof tware packages/databases. Some of these external sources mayhave wel l -understood

cost estimates for the queri es that are sent to them. For exampl e, i n rel ati onal DBMSs, cost model s have

wel l known characteri sti cs [ 29 , 30, 31] . ) However, i n other cases, cost estimates may be hard to obtai n

{ for exampl e, i n several domains that exi st wi thi n HERMES (face recogni ti on system, terrai n reasoni ng

system, transportati on l ogi sti cs pl anni ng system,vi deo retri eval system) i t i s extremel y di cul t to devel op

a reasonabl e cost model . We have devel oped a omain ost and Statistics odule ( S ) wi thi nwhi ch

both ki nds of domains (ones wi th good cost-estimati on functi ons, as wel l as ones wi thout) can be model ed

based on actual performance. D SMi s based on stori ng stati sti cs on previ ous cal l s to data sources, i n

order to estimate the cost of the cal l s that wi l l be i ssued by a pl an.

5. Lossless and LossySummarizations: If the si ze of the cached stati sti cs becomes too l arge, we may

encounter probl ems i n maintaini ng themand e ci entl y accessi ng them. We showthat stati sti cs caches

can be neatl y \compacted" through the use of a speci al process cal l ed summarization. Two kinds of

summari zati ons are i ntroduced { lossless summari zati ons that reduce the si ze of a cache wi thout l osi ng

any i nformation that was found in the ori gi nal cache, and lossy summari zati ons that compress cached

stati sti cs, but may l ose some informati on i n the process, thus compri si ng the qual i ty of cost estimati on.

ur experiments compare the tradeo�s i nvolved i n l ossy summari zati ons.

6. istri utedImplementationand xperiments: The al gori thms descri bed i n thi s paper have been

implemented i n an experimental testbed on top of HERMES. We wi l l report on speci c experiments that

i ntegrate data on 3-5 machines across the Internet (si tes i n Maryl and, ornel l , Bucknel l , and Ital y). The

experiments we report onwi l l deal wi th the fol l owing packages { IN RES, at l es, and a speci al sof tware

package cal l ed IS for content-based vi deo i nformati on (that has no wel l -understood cost estimati on

pol i ci es). We wi l l report on experiments compari ng the use of cachi ng wi th and wi thout i nvari ants, as

wel l as the use of the D SM, l ossy and l ossl ess compressi on schemes.
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Figure 1: rchi tecture of the HERMES heterogeneous optimi zer

In other words, our f ramework can be used i n conjuncti on wi th almost any known query optimizati on

paradi gm.

In the next secti on, we wi l l gi ve a short descri pti on of the Hermes systemand expl ai n howthe Hermes

systemincorporates the processi ng of external programs and informati on sources to answer user queri es. Then

we wi l l present the proposed archi tecture for the optimi zer for our systemand expl ai n i n detai l howdi�erent

components of the optimi zer works. Fi gure 1 shows the archi tecture of our query optimizati on scheme.

s ort o r i o t s st

In our f ramework, a medi ator i s a set of rul es of the form

A 1 : : : n 1 : : : m 1 : : :

where:

� A; 1; : : :; n are l ogi cal atoms, and

� 1; : : :; m are atoms of the form ( ; : ( ) where i s an external package, i s a prede ned

functi on i n package , and i s a l i st of arguments. When the external functi on i s cal l ed wi th

a l i st of arguments, i ts output i s a set of answers. The predi cate ( ; : ( ) succeeds i f and

onl y i f i s i n the set returned by executi ng on the l i st of arguments. Note, the functi on

may return compl ex data structures. Simi l arly, the arguments to may incl ude compl ex data types as

wel l . In thi s paper, we wi l l not go i nto detai l s of howthese compl ex types are handl ed and impl emented

{ that i s di scussed i n [ 26] .

I f an el ementary val ue i s o tai ned, i t can e treated as a s i ngl eton set .

3



� The 's are of the form ( 1; ) where i s one of ; ; ; ; and each of 1; i s ei ther

a constant, or i s of the form : : � � �: n where where i s a vari able that gets i nstanti ated to a

compl ex type whose attri butes/ el ds can be sel ected usi ng the sequence of attri butes shown above.

For exampl e, consi der the rul e:

( ; ; ; ) ( ; : (0 0; ; )

( : ; )

( ; : ( ; )):

Thi s above rul e nds a route f roma gi ven l ocati on ( ) to a pl ace that has a gi ven ki nd of suppl y i tem.

When thi s i s queri ed wi th (\ "; \ � "; ; )we request to nd a pl ace that

has the `` - '' and pl an a path f rom`` '' to i t. In thi s exampl e, we rst execute a

operati on on an IN RES rel ati on cal l ed , ndi ng al l pl aces that have the desi red - . Then

we attempt to nd a route f rom to the desi red l ocati on usi ng the functi on de ned i n a terrai n

database package (suppl i ed to us by a thi rd party).

Thi s forms a very qui ck i ntroducti on to medi ator constructi on i n a l anguage such as that supported by HER-

MES{ compl ete detai l s maybe found in [ 26 ] . ur approach i s impl ementedand tested usi ng amixof rel ati vel y

\standard" external domains suchas IN RES, P R D , DB SE, at l e data, some \semi -standard" exter-

nal domains suchas spati al data structures anda text database, but al so some trul y unusual domains suchas an

rmy path pl anner, a face recogni ti on system, a transportati on l ogi sti cs package, and a vi deo-retri eval system

cal l ed IS. Furthermore, HERMES currentl y runs across the Internet, accessi ng about 10 si tes i ncl udi ng si tes

i n the US , Europe and ustral i a, and i nvolvi ng approximatel y 10 i gabytes of di �erent forms of data.

n o r i o t u r o ti i r nd i ts rc i t ctur

Thi s secti on provi des anovervi ewof the optimizati onarchi tecture (Fi gure 1) andthe functi onof al l the modul es.

The compl ete descri pti on of the modul es wi l l be gi ven i n the fol l owing secti ons. The optimi zer consi sts of four

components descri bed bel ow.

Fi rst, the rule re riter that takes a programand a query as i nput, and nds di�erent possi bl e rewri ti ngs of

the ori gi nal programal l owed by the possi bl e adornments [ 33 ] of i t. For simpl i ci tywe assume that domain cal l s

are always ground, i . e. i n a cal l of the form , : A , we requi re A to be ground, but canbe ei ther

ground or vari able. If i t i s vari abl e, then i t i s i nstanti ated to an answer returned by : A . therwi se, we

check i f i s i n the answers returned by the domain cal l . Hence, i f i s ground, i t can be used to prune the rest

of the query. The rewri ter al so deri ves rewri ti ngs of the ori gi nal query and programso as to use the cache and

invari ant manager modul e i nstead of actual l y cal l i ng the external domain.

The cacheandin ariantmanager ( IMfor short) modul e i s used to maintain caches and to avoid actual l y

cal l i ng an external domain when the answer to that cal l i s physi cal l y present i n the cache. The caches are

usual l y scanned for exact matches. In addi ti on to thi s, IMuses expressi ons cal l ed i nvari ants to nd other
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acceptabl e entri es i n the cache { i ntui ti vel y, an i nvari ant speci es certai n rel ati onshi ps between di�erent cal l s.

For exampl e, i f and are twodi�erent cal l s, and ' s answer i s stored i n the cache, and the i nvari ants

imply that al l answers to are al so answers to , then we mayuse the cached answers to to provi de

a parti al answer for - i n such cases, we may avoi d the need to execute the domain cal l al together.

We wi l l expl ai n thi s i n detai l i n the next secti on. The deci si on as to when to use IMcan be performed both

onl i ne or o i ne. We investi gate the condi ti ons under whi ch the cache i s useful and howto use thi s i nformati on

duri ng optimizati on.

The next modul e i s the domaincost andstatisticsmodule(D SMfor short). It i s responsi bl e for provi di ng

estimates of cal l s to external programs/sources. Formnowon, we wi l l ref er to these programs/sources as

domains. The modul e keeps executi on time and cardi nal i ty stati sti cs i n a database and provi des cost estimates

to the rul e cost estimator. D SMmay keep very detai l ed tabl es of stati sti cs i nformati on. l ternati vel y, i t may

maintain summari zed tabl es.

D SMi s bui l t as an extensi bl e modul e. Hence, i f a domain al ready provi des a cost estimati on modul e, the

D SMcan be connected to themand avoi d cachi ng stati sti cs for thi s domain. Hence, the estimates for cal l s to

these domains wi l l be di rected to thei r respecti ve domains.

Fi nal l y, the rule cost estimator takes the rewri tten programs fromthe rul e rewri ter and computes the cost

of each pl an by obtai ni ng the cost estimates of i ndi vi dual cal l s to the sources f romD SMand combining the

resul ts. The modul e then deci des on the best pl an for executi ng the gi venquery. We wi l l not gi ve the detai l s of

rul e rewri ti ng and rul e cost estimati onespeci al l y when the programcontai ns recursi on due to space restri cti ons,

[ 33] gi ves a detai l ed di scussi on on thi s subject.

In thi s paper we assume that there are two modes of operati on for the medi ator. The rst mode i s the all

answers modewhere the medi ator cal cul ates al l the answers automatical l y. The second mode i s the interactive

mode, where the medi ator cal cul ates a rst set of answers and presents themto the user. The medi ator then

asks the user i f he wants to see more answers. If the answer i s yes, the next set of answers i s eval uated. The

user has the choi ce of requesti ng al l the remaini ng answers at any time.

In ri nts nd int i nt c c in usin in ri nts

We have seen above that domain functi ons are executed uni formly i n the medi ator through the use of the

cal l s. Most of the time, however, these cal l s are costl y operati ons. For exampl e, the requi red domain may be

l ocated at a remote si te, or the domainmay charge an access f ee per request, and so on. It i s desi rabl e to store

the resul ts of previ ous executi on of the costl y operati ons. achi ng onl y prevents making the same cal l more

than once. However, i n order to make better use of the caches, we propose to use speci al i zed knowl edge cal l ed

\i nvariants. "

Invari ants are expressi ons that showpossi bl e substi tuti ons for a domain cal l . Suppose we have a spati al i ndex

and we can performrange queri es on thi s i ndex. The functi on returns al l the poi nts at a gi ven di stance

to a gi venpoi nt. Suppose we knowthat al l the poi nts i n l e \poi nts" l i e wi thi n a 100x100 square. Then we can

5



wri te the fol l owing i nvari ant:

: `` '', , , : `` '', , , .

Thi s says that gi ven a very bi g range query, we can shri nk i t to the smal l est admi ssi bl e range query, i . e. , a

range of . The equal i ty i n thi s i nvari ant i ndi cates that the answer set returned by one of the domain cal l s

i s i denti cal to the other' s. Thi s i nvari ant uses semanti c i nformati on speci c to a certai n domain. Suppose we

wri te amore general i nvariant for a speci c rel ati onal database (l et' s cal l i t ) whi chsupports a functi on

cal l ed gi vena tabl e name, attri bute name and val ue, sel ects al l the tupl es f romthe gi ven tabl e where

the gi ven attri bute stores somethi ng l ess than the gi ven val ue.

: ( ; A ; ) : ( ; A ; ).

Thi s i nvari ant says that gi ven a cal l to , we can repl ace i t by another cal l to wi th a

smal l er val ue. The rel ati on between these two cal l s i s not that of equal i ty as i n the previ ous exampl e. In-

stead, i t states that al l the answers returned by : ,A , wi l l al so be returned

by : ,A , . Hence, i nvari ants are vi ewed as sound, but not necessari l y compl ete

rewri te rul es, i n our system. Invari ants are i ntended to enhance the i ntel l igent use of caches when processi ng a

domain cal l . The query processor i s expected to rst check the cache to see i f the answer for a domain cal l i s

al ready stored i n i t. Then, i t wi l l use the i nvari ants to substi tute domaincal l s and check i f these cal l s are i n the

cache. If the i nvari ants i ndi cate that there i s a domain cal l i n the cache that provi des a parti al l i st of answers,

then the actual domaincal l may need to be performed eventual ly. Even i n thi s case, we expect to get a rst set

of answers qui ckl y usi ng the fast cache and invari ant processi ng. In some cases, the user may not want the rest

of the answers to hi s/her query and the actual domain cal l s may not need to be executed at al l .

Formal ly, an i nvari ant i s an expressi on of the form:

where i s one of ; , and ; are two domain cal l s and i s a conjuncti on

of atoms i n the underl yi ng l anguage. We wi l l assume that the i nvari ants onl y use simpl e condi ti ons such as

compari sons and al so that there are no f ree vari abl es i n the i nvari ants, i . e. al l the vari abl es i n appear

ei ther i n or i n .

cache consi sts of a l i st of grounddomaincal l s of the form : ,..., and the answer

sets associ atedwi th eachdomaincal l . Hence, we mayvi ewthe cache as a col l ecti on of pai rs of the form(domain

cal l , answer set). The domain cal l i n thi s pai r i s used as the uni que i ndex to the answer set.

.

Inthi s secti onwe speci fy howdomaincal l s are handl ed i nthe presence of caches andinvari ants. For thi s purpose,

we are goi ng to de ne a speci al programcal l ed\ ache and Invari ant Manager" ( for short. ) Duri ng run-time

(i . e. , when we execute the pl an) the IMbehaves l i ke any other domain. Thus, no speci al operators are needed

f romthe HERMES executi on engi ne i n order to retri eve data f romthe cache.

Suppose we execute the domaincal l : ,..., i n . Then, the fol l owing operati ons

take pl ace i n :
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� Fi rst tri es to match thi s cal l wi th one of the cal l s al ready i n the cache. In thi s case, al l the answers

associ ated wi th the cached cal l are returned to the medi ator and the cached entry repl aces the actual

domain cal l .

� In case there i s no such entry i n the cache, then consul ts the i nvari ants. Suppose the fol l owing i s an

i nvariant i n ,

.

and there exi sts a substi tuti on where : ( ; : : : ; ),

i s true and i s i n the cache. In thi s case, the answer set for i s passed on to

the medi ator and thi s set repl aces the actual domain cal l .

� Final l y, suppose bothof the above twocondi ti ons are not sati s ed, but contai ns the fol l owing i nvari ant,

.

andthat there exi sts a substi tuti on where : ( ; : : : ; ),

i s true andthere exi sts anentry i nthe cache. Inthi s case, the answer set for

i s passedonto the medi ator toprovi de a su set of the actual answer set for : ,..., .

If these answers are not su ci ent, must i nvoke the actual domain cal l .

Note that several deci si ons need to be takenwhen invoki ng the modul e. For exampl e, i t i s possi bl e to make

the actual domain cal l i n paral l el whenever a parti al answer set i s obtai ned. In thi s case, i s used to qui cken

the response time for the rst set of answers. In the i nteracti ve mode, the parti al set of answers mayprove to be

su ci ent and the actual cal l may not need not be made. Thi s may be accompl i shed si nce the query processor

stops the executi on of al l the running external programs when they are no l onger needed. The advantage of

having a separate cache and invariant manager i s that i t i s possi bl e to bui l d speci al purpose caches for di�erent

domains, hence making the overal l systemvery exi bl e.

The query processor for the medi ator does not need to knowof the exi stence of the caches and the i nvari ants.

l l thei r processi ng i s done i n the IMmodul e. We onl y need to di rect the rel evant cal l s to thi s modul e

i nstead of actual domains. Suppose we bui l d a simpl e decodi ng systemin IMwhere a cal l to IMof the form

: i s transl ated i nto a cal l to i n . Then, we can simply repl ace al l the

occurrences of thi s functi on cal l i n the medi ator wi th : . The deci si on to send al l cal l s for a

certai n domainor some speci c functi on cal l s can be made pri or to query executi on. In thi s case, the medi ator

i s edi ted as descri bed above for those cal l s (and domains). s for the other cal l s, there i s a deci si on that can be

made whether to use IMor not. Even though the run-time query processor does not knowof IM, the rul e

rewri ter and the rul e cost estimator can be made aware of i t. In thi s case, one of the rewri ti ng choi ces i s then

whether to make the actual cal l or a cal l to IMinstead.
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u ri t r

The rule re riter (see Fi gure 1) transforms the rul es of the program , that contai ns the query and the

medi ator speci cati on, i nto equi valent programs, that wi l l re ect pl ans, by appl yi ng one of the fol l owing trans-

formati ons:

1. Repl ace a subgoal wi th a cal l to the cache and invari ant manager.

2. Push sel ecti ons to the source.

3. Rearrange the order of the subgoal s of the rul e, as l ong as i t i s compati bl e wi th the permi ssi bl e adornments

of every domain cal l .

Note that the rul e rewri ter processes onl y the rul es that wi l l be used for answeri ng the query. et us i l l ustrate

the rul e rewri ter' s worki ngs wi th the fol l owing exampl e.

xample onsi der the fol l owing medi ator (M1).

(M1) (R2) A, :- A, , , .

(R3) A, :- A , : , A . , A , A . , .

(R4) A, :- A, : .

(R5) , :- A , : , A . , , A . , .

(R6) , :- , : .

et us al so consi der the query ( 7)

( 7) - ,

The query rewri ter rst adorns the predi cates i n a way that i ndi cates the i n-goi ng and outgoi ng arguments

of every predi cate. The former are annotated wi th a , that stands for \bound", and the l atter wi th ,

that stands for \f ree". Then, the subgoal s of a rul e are re-ordered i n al l possi bl e ways, provi ded that there

i s a corresponding adornment. In our exampl e, the query rewri ter devel ops two programs that can compute

the query. The rst one, (P8) assumes that rst we obtai n al l bi ndi ngs f romdomain and then we pass

bi ndi ngs to and obtai n corresponding bi ndi ngs. Note, the rewri ter pushes the condi ti on A to the

source. onsequentl y, i t projects out the attri bute A of the predi cate. To avoid confusi on, we repl ace wi th

where i s a reminder that we have projected the A attri bute that would always be equal to . In general ,

our query rewri ter performs al l the tradi ti onal al gebrai c optimi zations (push sel ecti ons and projecti ons down)

but we wi l l not further deal wi th set thi s of optimizati ons i n thi s paper. ([ 33 ] provi des an extensi ve l i st of

al gebrai c optimi zati ons that can be appl i ed. )

(P8) (R9) ( ; ) : � ( ); ( ; ):

(R10) ( ) : � ( ; : ( )):

(R11) ( ; ) : � ( ; : ( )):

The second pl an, (P12), assumes that we rst obtai n and bindi ngs f rom and then we pass bi ndi ngs to

.
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(P12) (R13) ( ; ) : � ( ; ); ( ):

(R14) ( ) : � ( ; : ( ; )):

(R15) ( ; ) : � ( ; ; : ()):

ssuming that the rul e rewri ter deri ves more than one pl an for a query (somethi ng expected i n al l but the most

tri vi al medi ators) we have to estimate the cost of each pl an and sel ect the best. Thi s i s the task of the D SM

modul e, whi ch i s presented i n the next secti on.

o in ost nd t ti sti cs odu

s di scussed i n the i ntroducti on, heterogeneous systems necessi tate the devel opment of di �erent cost estimate

strategi es. In optimi zation of rel ati onal queri es, typi cal l y we have extensi ve stati sti cs about the rel ati ons (e. g. ,

sel ect/project sel ecti vi ti es, cardi nal i ti es, and so on) and we al so understand the behavi or of the basi c operators

(sel ect, project, . . . ) Hence, cost estimators can be customi zed for the speci c domain. Thi s i s not however a

reasonabl e assumpti on for a general purpose cost estimator of a heterogeneous system. systeml i ke HERMES

may integrate arbi trary domains whose i nternal s we wi l l not knowin general . Furthermore, the domains may

be non-propri etary and hence we may not be abl e to access stati sti cs i nformation even i f i t exi sts. Sometimes,

even the devel oper of these systems may not knowthe appropri ate cost functi ons. In addi ti on, the access to a

domain at a remote si te may vary greatl y f romtime to time because of network del ays.

Recal l that the medi ator i n the HERMES systemonl y knows a set of functi ons for any gi ven domain, thei r

i nput/output types and the use of these functi ons. The medi ator may not knowthe functi on that best charac-

teri zes the time i t takes to eval uate the cal l s. Hence usi ng curve tti ng techni ques [ 34 ] to approximate the costs

may not be practi cal si nce we do not knowthe shape of the functi on. l so, cost functi ons do not easi l y adapt

to abrupt and unexpected changes i n the costs of domain cal l s. Fi nal l y keepi ng di�erent cost functi ons for the

di�erent cost parameters such as time and cardi nal i ty, for di �erent cal l i ng patterns, i . e. where some arguments

are set to known constants, where the others are onl y knownto be bound and evenmaintai ning these functi ons

wastes a l ot of o i ne PUtime. In thi s system, we provi de a general cost estimati on techni que that can adapt

to the behavi or of the underl yi ng systemeasi l y. We nowexpl ai n the D SMmodul e i n greater detai l .

The modul e provi des cost estimates for domain cal l s. In parti cul ar, i t provi des the si ngl e functi on cal l ed

whi ch gi ven a domain cal l pattern, returns an estimate of the cost of executi ng the gi ven domain cal l .

domain call pattern i s an expressi on of the form : A ,...,A where A i s ei ther

a constant or the speci al symbol whi ch stands for . Whenever appears at posi ti on of a domain

cal l pattern, i t means that we knowA i s bound but i ts exact val ue i s not avai labl e. For exampl e, the

cal l : : , i s aski ng the modul e for cost estimates of a domain cal l : where the rst

argument i s and the second argument i s some constant that we do not knowyet. Recal l that we assume al l

domaincal l s are groundbefore they are executed, hence there cannot be a f ree vari abl e i n a domaincal l pattern.

Simi larl y, we de ne predicate patterns. Predi cate patterns may contai n the symbol to i ndi cate that a corre-

sponding vari able may be f ree when thi s predi cate i s eval uated. For exampl e, a predi cate pattern of the form

9



: i ndi cates that the rst argument of a three pl ace predi cate i s f ree, the second one i s bound and the

thi rd one i s a known constant .

cost estimate (associ ated wi th a domain-cal l pattern or a predi cate pattern) i s a cost vector of the form

[ ; ; ]where i s the (estimated) time to nd al l answers, i s the (estimated) time requi red to retri eve

the rst answer, and i s the (estimated) cardi nal i ty of the answer set. It i s possi bl e that a speci c cost

estimator i s avai labl e for some domain but thi s estimator does not provi de some of the parameters menti oned

above. Then the mi ssi ng parameters sti l l can be provi ded by the D SMmodul e whi l e getti ng the others f rom

the better estimator easi l y. Fromnowon, we wi l l restri ct our attenti on to domains wi th no cost estimati on

capabi l i ti es. We nowstart descri bi ng the basi c components of the modul e.

.

Thi s database records cost i nformationabout domaincal l s as they get executed bythe medi ator. In the simpl est

versi on, for each domain cal l , i t contai ns a tri pl e of the form , , ,

where i s the actual time (together wi th the day) the cal l was recorded i n the database. For

simpl i ci ty, we wi l l i gnore the i nformati on for now. Hence, the cost vector database consi sts of

tabl es for di �erent domain cal l s, where the col umns correspond to the time to compute the rst answer, time

to compute al l the answers, the cardi nal i ty of the answer and the arguments to whi ch thi s val ues correspond

to. Some of thi s i nformati onmay not be avai labl e for some domain cal l s si nce al l answers may not have been

obtai ned (e. g. pruni ng mayhave been appl i ed, or the medi ator mayhave been worki ng i n i nteracti ve mode and

the user stopped the query executi on). We nowgi ve some exampl e tabl es that wi l l be used throughout the rest

of the paper to i l l ustrate the worki ng of the D SMmodul e.

xample et us reconsi der the medi ator (M1), the query ( 7) andthe twocandidate pl ans (P8) and(R12).

Inorder to estimate the cost of the twopl ans we have to estimate the cost of the domaincal l s : , : ,

: and : that appear i n the two pl ans. et us assume that the tabl es (T16), (T17), (T18) and

(T19) of Fi gure 2 descri be the total executi on time and the cardi nal i ti es of : , : , : and

: cal l s that have been i ssued i n the past. Note, the same val ue for an argument may appear more than

once i n the tabl es corresponding to di�erent cal l s. Note al so that for presentati on simpl i ci ty we i ncl ude onl y

the attri butes and whi l e i n general we have al so the response time to rst answer and the time when

the cal l was i ssued.

Now, we may estimate the cost of a domain cal l , e. g. , : , for the executi on time to al l the answers,

by taki ng the average of the two entri es i n the tabl e (T16) of Fi gure 2, namel y 2. 00 and 2. 20 to get 2. 10. We

may al so estimate the cost of a domain cal l where we do not knowone or more of the parameters. For exampl e,

consi der the cal l : . We can estimate i ts cost by taki ng the average, i . e. (2. 00 2. 20 2. 80 2. 84)/4.

.

Though the tabl es of Fi gure 2 have the necessary i nformati on, there are three important probl ems regardi ng

thei r use and maintenance:
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(T16)

: A

A

4 2. 00
5 2. 20
8 2. 80
8 2. 84

(T17)

: A,

A

0 2. 50
1 2. 70
1 2. 68
0 2. 65

(T18)

:

40 50. 0
41 51. 0
39 49. 0
30 48. 0
35 52. 0

(T19)

:

100 50. 0

95 48. 0
105 52. 0

Fi gure 2: Tabl es i n the cost vector database

� ully detailedstatistics inormation: eepi ng the ful l stati sti cs data of al l the cal l s puts a heavy

burden on storage.

� expensi e aggregation unctions: We repeatedl y appl y computati onal l y expensi ve aggregati on func-

ti ons { i n our exampl es, the average functi on. Thus, the time requi red for cal cul ati ng the cost may be

prohi bi ti vel y l ong.

In the fol l owing subsecti ons we wi l l showhowwe sol ve the above probl ems usi ng o�-l i ne summarizations of the

stati sti cs i nformati on stored i n the cost vector database.

Loss-less Summarizations

s we have seen above, the cost vector database contai ns very detai l ed stati sti cs that make i t very hard for

the D SMmodul e to anal yze and maintain rel evant cost i nformation for domain cal l s. In many cases we may

summari ze the stati sti cs tabl es wi thout l osi ng any i nformati on that may be useful duri ng cost estimati on, i . e. ,

any stati sti cs questi on posed by the cost estimator wi l l have the same answer on the summari zed tabl e and the

ori gi nal tabl e. We cal l these summari zati ons loss less. For exampl e, the summari zati on of the tabl e (T16) of

Fi gure 2 wi th the tabl e (T20) of Fi gure 3 and the corresponding summari zati on of the tabl e (T19) of Fi gure 2

wi th the tabl e (T21) of Fi gure 3 are l oss-l ess. In e�ect, the tupl es wi th A ' ' (or A ' ') have been aggregated

i nto a si ngl e tupl e. The attri butes i ndi cate the number of ori gi nal tabl e tupl es that correspond to the

summari zed tabl e tupl es.

The exampl e suggests a rather strai ghtforward summari zati on procedure:

1. Spl i t the attri butes of every stati sti cs tabl e i nto a set of dimensions that consi st of al l attri butes of

the corresponding cal l , and the set of metrics that re ects the the response time of the cal l , and the

cardi nal i ty of the resul t. (Note that i n general we may have more metri cs attri butes than response time
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(T20)

: A

A

4. 5 2. 10 2
8 2. 82 2

(T21)

:

100 50. 0 3

Fi gure 3: Summari zati on of tupl es wi th i denti cal val ues for the dimensi ons attri butes

(T22)

: A,

A

0. 5 2. 60 2
0. 5 2. 665 2

(T23)

:

37 50. 0 5

Fi gure 4: Dropping dimensi ons attri butes whose bi ndi ngs we can not predi ct

and cardi nal i ty. ) Inour running exampl e, the set of dimensi ons of tabl e (T16) i s A and the set of metri cs

i s ; .

2. For al l tupl es that have i denti cal val ues 1; ; : : :; m on the dimensi on attri butes, aggregate the metri cs

attri butes i nto a si ngl e pai r of average response time and average cardi nal i ty and create a si ngl e

tupl e ( 1; ; : : :; m; ; ; ), where i s the number of ori gi nal tabl e tupl es that have been aggregated

i nto the speci c tupl e.

LossySummarizations

The summari zati ondescri bed al l ows us to avoi dthe expensi ve average aggregati ononl ywhen al l the arguments

of a domain cal l are set to constants. When, however, some constant i s known to be bound, but i ts speci c

val ue i s not known, we sti l l need aggregati on. Suppose for exampl e, we want to estimate the time i t wi l l take

to execute the cal l : ( ) based on tabl e (T20) i n gure 3. Then, agai n the most general concl usi on we

can drawi s the average of al l the tupl es for thi s tabl e. In fact, we can deri ve such a tabl e and put i t i n our

summary tabl es. et us moti vate thi s i dea by the fol l owing exampl e.

xample Recal l the medi ator gi ven i n exampl e 6. 1. The tabl es (T17) and (T18) of Fi gure 2 contai n i n

thei r dimensi ons set the attri bute , i . e. , they provi de the expected response times and cardi nal i ti es for speci c

val ues of the attri bute. However, i f we assume that the predi cates and of exampl e 6. 1 are \hi dden" f rom

the user, then i t i s impossi bl e that the cost estimator wi l l ever ask the response time for a speci c val ue. The

reason i s that we can not knowthe speci c val ues unti l we start executi ng the programand obvi ousl yby that

time i t wi l l be too l ate to undo our deci si ons. Thus, we can remove the attri bute f romthe dimensi ons set and

deri ve the summari zed tabl es of Fi gure 4.

The i ntui ti on that al l owed us to remove f romthe dimensi ons set can be impl emented by a procedure that

i nspects the gi venmedi ator programanddeci des whi chattri butes mayever be i nstanti atedto a speci c constant

duri ng the rewri ti ng phase. l l attri butes that can never be i nstanti ated to a speci c constant are dropped
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f romthe dimensi ons sets. Simi l arl y, we can watch for the access patterns for the tabl es and deci de whi ch tabl es

are needed very f requentl y and deci de to create these tabl e. l ternati vel y, drop the tabl es that are not accessed

very of ten.

Summari zati on has a dual purpose rst, i t reduces the stora e space needed for statistics. Second, i t provi des

fast responses to the questi ons of the cost estimator. We have the opti on of maintaini ng ei ther summary tabl es

and provi di ng for rough and out-of -date estimates but savi ng time and space, or usi ng the cost vector database

for al l purposes whi ch i s very time and space consuming. In Secti on 8 we gi ve the experimental resul ts for

the uti l i ty of the D SMmodul e. We note here that, i t i s possi bl e to performthe summari es i n a more bi ased

fashi on, especi al l y for the remote domain cal l s by observi ng the l oad of the network, by gi vi ng precedence to

more recent stati sti cs. urrentl y we are expl ori ng these possi bi l i ti es.

.

Now, gi ven a domain cal l to the D SMmodul e, we descri be howwe can make use of the cost vector database

and the summary tabl es to estimate the cost of the gi ven cal l . t any gi ven time we may have a coupl e of

di �erent tabl es for a domain cal l : . Havi ng these tabl es does not guarantee that we can estimate the cost of

the gi ven cal l pattern wi thout any cal cul ati ons. The fol l owing exampl e i l l ustrates thi s poi nt.

xample Suppose we have a three pl ace domain cal l : A, , . For thi s domain cal l we have three

tabl es namel y : A, , , : , , , : , , , and : , , . Now, we want to estimate the

cost of the cal l : , , by a simpl e tabl e l ookup. (Note that the tabl e : , , means that the

vari ables and are set to known constants where the rst argument i s onl y known to be bound. Simi larl y,

: A, , means that al l the arguments are set to known constants. )

bvi ousl y, the tabl e : A, , i n the cost vector database cannot be used for thi s cal l , si nce i t i nvolves

performing aggregate operati ons. Then, we l ook i f there i s a tabl e for : A, , . We see that there i s no

such tabl e. Next, we rel ax our cal l and l ook i f we have tabl e : , , or : A, , . We see that we

have : , , , hence we l ook i n the tabl e for the entry : , , . Suppose now, there i s no entry for

i n thi s tabl e. Then, we rel ax the cal l one more time and l ook i f we have the tabl e : , , whi ch i s

the average of al l the i nformati on for thi s domain cal l . Si nce we have i t, we l ook up the onl y tupl e and get our

estimate.

The compl ete al gori thmfor estimati ng a domain cal l ' s cost i n the most l ossl ess way, gi ven a col l ecti on

of (possi bl y summari zed) tabl es, i s gi ven by the fol l owing steps. et us assume that the cal l has the form

( 1; : : :; n; ; : : :; ).

1. Fi nd a tabl e whose set of dimensi ons attri butes contai ns the rst col umns of .

2. Fi nd the speci c tupl e ( ; : : :; ) of . If i t i s found, return i t to the cost estimator. If not conti nue:

3. Nondetermini sti cal l y repl ace one of the constants ; : : :; wi th a and recursi vel y cal l the al gori thm.
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u ost sti tor

The rule cost estimator associ ates cost and stati sti cs i nformati on wi th every rul e that was output f romthe

rul e rewri ter starti ng f romthe query. The rul e cost estimator i nvokes a functi on , that, gi ven the cost vectors

of the subgoal s of a rul e, estimates the cost vector of the head.

xample Recal l the medi ator gi veni nexampl e 6. 1andthe pl ans generatedfor thi s medi ator i nexampl e 5. 1.

et us assume that the mode of operati on i s al l answers to the query - , as gi ven i n exampl e 6. 1. Now,

we have access to the fol l owing pi eces of i nformati on:

� The expected time to al l the answers ( ( )) for computi ng , or equi valentl y ( ; : ( )),

and the expected cardi nal i ty ( : ) of : tupl es.

� The estimated time ( ) for , or equi valently for ( ; : ( )).

Now, we can estimate the cost of executi ng (P8) by the fol l owing formul a, that consi ders that we rst execute

, : that takes time ( ) and then we i ssue : , : cal l s

that each one takes ( ). Thus, the cost i s gi ven by formula 1.

( ) ( ( : ( )))( ( )): (1)

Simi larl y, we may estimate the cost of executi ng (P12) by the formul a 2.

( : ()) ( ( : ()))( ( : ( ; ))): (2)

where ( : ()) i s the time needed for executi ng A , : , ( : ()) i s the number of

A tupl es that we recei ve f romthe A , : cal l , and ( : ( ; ))i s the time to execute an

, : , cal l .

onsi der a query ( 1; : : :; m) that i nvolves usi ng a rul e havi ng head ( 1; : : :; m). The processi ng of thi s

query causes certai n arguments i n the head of (i . e. certai n ' s) to become bound, whi l e others are f ree.

Suppose we wi sh to estimate the cost vector of rul e wi th respect to thi s parti cul ar cal l (and hence wi th

respect to the bi ndi ngs generated by thi s cal l ). Suppose the body of (sui tabl y i nstanti atedw. r. t. thi s cal l ) i s

1; : : :; n (i n that order). ur estimati on procedure uses the fol l owing steps:

1. If i s of the form ( ; : ( ; : : :; )), thenwe convert i ntoadomain-cal l pattern : ( 1; : : :; )

where i f i s a constant and otherwi se. Then, we i nvoke the cal l : ( : ( 1; : : :; ))

and obtai n the cost vector for thi s cal l pattern.

2. If i s anIDBpredi cate then compute the cost vector of byrecursi vel y i nvokingthe descri bed procedure

for the rul es de ni ng andthenaddingupthe cardi nal i ti es andthe executi ontimes of the resul ts produced

by each rul e.

3. ssuming that
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(a) we impl ement the joi n of the subgoal s usi ng nested-l oops wi th l ef t to ri ght order, and

(b) we performno dupl i cate el iminati on, i . e. , for every resul t we recei ve f rom we i ssue a cal l to 1

regardl ess of whether we have i ssued agai n thi s cal l

we can associ ate wi th the body of the rul e the cost vector

[ ; ; ] [ 1 1; ; ]

ssuming that we do no dupl i cate el iminati onwe can wri te

[ ; ; ] [ ; ; ]

I nt tion nd ri nt suts or t r s ti

i r

The HERMESsystemcurrentl y i ntegrates 3 rel ati onal DBMSs (Paradox, DBase andIngres), one object-ori ented

DBMS ( bjectStore), mul timedi a packages (M S and IS), a US rmy path pl anning package, a face

recogni ti on package, as wel l as at l e data, text databases (i n parti cul ar a US Today news-wi re corpora),

and a spati al database. It runs on the Unix/ windows pl atformas wel l as on the P /Windows pl atform, and

incl udes over 80, 000 l i nes of -code. 1000 of these l i nes rel ate to the Opt ( ) part of thi s paper, whi l e the rest

rel ate to a parti cul ar query processor as descri bed i n [ 18, 3] . The systemi s currentl y capabl e of accessi ng

data di stri buted at ten sel ected si tes across the Internet (5 i n the US , 4 i n Europe, 1 i n ustral i a).

In order to determine the performance of the al gori thms descri bed here, we ran a number of experiments. For

space reasons, we report bel owonl y a smal l set of experimental data that i s representati ve of the total i ty of the

experimental resul ts obtai ned. l l timingval ues are gi veni nmi l l i seconds and they showthe \query i ni ti al i zati on

wai t for response di spl ay the resul ts" times.

xecuting emoteCalls ithCachingand or In ariants: Figure 5 shows a smal l representati ve sampl e

of the times obtai nedwhen running queri es that requi red accessi ng data/operati ons i n a vi deo retri eval package

cal l ed IS. IS. It i s easy to see f romthese gures that usi ng caches always l eads to savi ngs i n time when the

sof tware/data i s l ocated at remote si tes. Furthermore, usi ng i nvari ants i s useful when the query i s not expl i ci tl y

cached { i n such cases both parti al i nvari ants and equal i ty i nvari ants l ead to si gni cant savi ngs i n time over

actual l ymaking the cal l . We found parti al i nvariants to be always useful , except the si ze of the parti al answer

returned pl ays a si gni cant rol e. IMmust keep the answers f romthe cache i nmemoryandcompare themwi th

the answers f romthe actual cal l . We al so found the overhead of checki ng the cache and the i nvari ants wi thout

success and making the actual cal l to be negl i gi bl e i n our experiments.

he tilityo CS : The tabl e i n gure 6 shows our resul ts on the uti l i ty of the D SM. In parti cul ar, we

show, for a representati ve set of queri es that i nter-operate between IS and IN RES data l ocated across the

network, the times taken to compute the rst answer and al l answers. In each of these two cases, three times

are shown: (1) the actual running time of the query, (2) the running time of the query as predi cated by the

ote, cachi ng gets around the di sadvantages of com i ni ng dupl i cate el i mi nat i on and pi pel i ned nested l oops .
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Query ype ime for ime for Comments

i rst Ans. Al l Ans.

i nd al l actors no cache si tes in A

in he ope no invar. si tes in taly

cache, no inv. both A, taly si tes

cache equal i ty inv. both A, taly si tes

resul t tupl es bytes cache parti al i nv. si tes in A

bytes fromparti al i nv. si tes in taly

ind al l frames in no cache si tes in A

he ope in whi ch no invar. si tes in taly

hi l l i p appeared. cache, no inv. both A, taly si tes

cache equal i ty inv. both A, taly si tes

resul t tupl es bytes cache parti al i nv. si tes in A

bytes fromparti al i nv. si tes in taly

ind the ob ects that appear no cache, no invar. si tes in A

between frames and cache only

in he ope cache equal i ty inv.

cache parti al i nv. si tes in A

resul t tupl es bytes no cache, no invar. si tes in taly

bytes fromparti al i nv. cache parti al i nv. si tes in taly

ind the ob ects that appear no cache, no invar. si tes in A

between frames and cache only

in he ope cache equal i ty inv.

cache parti al i nv. si tes in taly

resul t tupl es bytes no cache, no invar. si tes in taly

bytes fromparti al i nv. cache parti al i nv. si tes in taly

Figure 5: Executi ng Remote al l s wi th achi ng and/or Invari ants

D SMusi ng ossl ess Tabl es, and (3) the time taken for the query as predi cated by the D SMusi ng ossy

Tabl es, where the l ossy tabl es are obtai ned by dropping al l the attri butes of the cached domain cal l stati sti cs.

In the tabl e bel ow, each of queri es and 0 are \equi val ent" i n the sense that query 0 i s a rewri ti ng of query

. The actual queri es are l i sted i n the appendi x. The l ossy tabl es are obtai ned for dropping al l the attri butes

i n the cost vector tabl es of al l the domain cal l s. The cost vector database (l ossl ess) contai ns about 20 di�erent

i nstantiati ons for the arguments of a domain cal l i n the corresponding tabl es.

There are several poi nts to be noted when examini ng the above tabl es. Fi rst, when we l ook at the times taken

to compute l l nswers, the ossy and the ossl ess D SMpredi cti ons cl osel y match the actual running times

(though i t i s certai nl y not perfect i n i ts predi cti ons, e. g. the case of query2' ). The D SMerrs both ways,

sometimes over-predi cti ng the time taken, and sometimes under-predi cti ng the time taken, ossy tabl es do

worse mainl y as a resul t of the di screpancy between the expected and the real cardi nal i ti es of the outputs.

When l ooki ng at the gures for computi ng the \ rst" answer, D SM' s predi cti ons are of ten good, yet i n some

cases, i t can vastl y under-predi ct the actual times taken. These are cases when i t i s hard to predi ct the amount

of \backtracki ng" that the HERMES systemmight take i n actual l y processi ng a deri ved query. The rul e cost

estimator cal cul ates the cost of cal cul ati ng predi cates as i f the rst answer i s goi ng to be found by combining

the rst answers returned for the cal l s made to compute i t. In real i ty, the amount of time spent onbacktracki ng

cannot be negl ected as our experiments have shown. ne wayto remedy thi s sol uti oncan be to cache, especi al l y
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Query i rst Answer Al l Answers

Actual ossl ess ossy Actual ossl ess ossy

ime w C w C ime w C w C

query

query '

query

query '

query

query .

Figure 6: The Uti l i ty of D SM

the time for the rst answer of predi cates i n the same way we cache stati sti cs for domain cal l s.

ur experi ence, supported by the experimental gures shown above al so imply that when Q1 i s a rewri ti ng of

Q2:

1. If we want al l answers, and D SMpredi cts 1 i s better than 2, then we have found that 1 almost

always runs much faster than 2. Furthermore, the predi cted values and the real val ues are qui te cl ose

to one another.

2. The si tuati on i s sl i ghtl y stranger when rst answers are bei ng computed. If D SMpredi cts 1 i s better

than 2 by at l east a 50 margi n, then 1 i s usual l y runs faster than 2. However, i f D SMpredi cts

1 i s better than 2 by a smal l margi n, then the resul ts are unpredi ctabl e i n some cases 1 executes

faster, whi l e i n others 2 may do much better.

t d or nd onc usions

There i s now a great deal of work i n medi ated systems techni ques. For exampl e, there have been several

e�orts to i ntegrate mul tipl e rel ati onal DBMSs[ 8 , 19] and rel ati onal DBMSs, object-ori ented DBMSs and/or l e

systems [ 9 , 13, 22, 14, 15] . ur approach i n the thi s paper di�ers f romthe above approaches i n the fol l owing

ways: rst, i n most of the above approaches, there are wel l -devel oped cost model s for eval uati ng the behavi or

of queri es. In contrast, i n our f ramework, we wi sh to medi ate between arbi trary \non-tradi ti onal " databases

(i ncl udi ng face databases, vi deo reposi tori es, databases of pl ans for transportati on l ogi sti cs, etc. ) where such

cost model s are not always avai lable. Furthermore, when cost model s are avai labl e, we would l i ke to take

maximal advantage of themas wel l . Second, our noti on of an i nvari ant i s uni que and appl i es i n a uni formway

to heterogeneous data \exchanged" duri ng computati onof compl ex queri es that appl y to mul tipl e data sources.

Thi rd, we have, presented experimental resul ts that appl y not onl y to heterogeneous databases consi sti ng of

\tradi ti onal" sources, but al so a number of \non-tradi ti onal " sources.

ost based optimizati on i nmedi ated systems i s a novel probl emthat i s di �erent f romtradi ti onal di stri buted

query optimi zati on. n extensi ve di scussi on of the di�erences and the need for novel research i n the area of

optimi zation i n medi ated systems appears i n [ 42 ] . The most important di�erence i s the absence of stati sti cs

of non-propri etary sources. [ 40 , 41] nd out the performance behavi or of a non-propri etary source by probi ng
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i t wi th careful l y organi zed sampl e queri es and appl yi ng regressi on methods for estimati ng vari ous parameters

of a predetermined cost model . Thei r method i s very e�ecti ve but i t i s i nappl i cabl e when we do not have a

predetermined cost model . Thi s i s the case wi th many unconventi onal sources. For exampl e, i t i s very di cul t

to generate a cost model for the face recogni ti onor the vi deo retri eval or terrai n reasoni ng/pathpl anni ng sources

of HERMES.

Work on cachi ng i n databases has been done extensi vel y through the noti on of a materializedview[ 1 , 2, 6,

7, 10, 11, 20, 21, 23, 24] . These papers showhowvi ews (and thei r materi al i zati ons) maybe de ned for di�erent

ki nds of databases such as rel ati onal DBMSs, object-ori ented DBMSs, and object-rel ati onal systems. However,

i t i s onl y recentl y that materi al i zed vi ews were studi ed i n the context of medi ated systems [ 17 ] . onsequentl y,

very l i ttl e work has been done on howto e�ecti vel y use suchmateri al i zedmedi ated vi ews to e�ecti vel y process

queri es [ 31, 32, 37, 38] . materi al i zed medi ated vi ewmay be vi ewed as a domain cache and hence, al l the

al gori thms i n thi s paper deal wi th howto e�ecti vel y use such caches to process queri es (and optimi ze them) i n

a di stri buted heterogeneous database management system. In addi ti on to thi s work, there has been work on

cachi ng i n the deducti ve database communi tythrough the use of DT-resol uti on [ 35 , 36] . ur work e�ecti vel y

shows howsuch caches maybe de nedwhenvi ews access non-l ogi cal data representati ons and sof tware packages

and furthermore, through the use of i nvari ants, shows howsuch caches may be e�ecti vel y used.
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ndi i st o u ri s s d in nd ri nt

query1(Fi rst, ast, bject, Si ze) : -

i n(Si ze, vi deo: vi deo si ze(' rope' ))

i n( bject, vi deo: f rames to objects(' rope' ,Fi rst, ast)).

query1' (Fi rst, ast, bject, Si ze) : -

i n( bject, vi deo: f rames to objects(' rope' ,Fi rst, ast)

i n(Si ze, vi deo: vi deo si ze(' rope' )).

query2(Fi rst, ast, bject,Frames, ctor) : -

i n ( bject, vi deo: f rames to objects (' rope' , Fi rst, ast))

i n(Frames, video: object to f rames(' rope' , bject))

i n ( ctor, rel ati on: equal (' cast' , rol e, bject)).

query2' (Fi rst, ast, bject,Frames, ctor) : -

i n ( bject, vi deo: f rames to objects (' rope' , Fi rst, ast))

i n ( ctor, rel ati on: equal (' cast' , rol e, bject))

i n(Frames, video: object to f rames(' rope' , bject)).

query3(Fi rst, ast, bject, ctor) : -

i n ( bject, vi deo: f rames to objects (' rope' , Fi rst, ast))

i n ( ctor, rel ati on: equal (' cast' , rol e, bject)).

query4(Fi rst, ast, bject, ctor) : -

i n (P, rel ati on: al l (' cast' ))

(P. name, ctor)

(P. rol e, bject)

i n ( bject, vi deo: f rames to objects (' rope' , Fi rst, ast)).
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