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Abstract 

/.WI 01’ WII.+W~~/ t/n/~&rst s (l,(.:ljlIs) f7il.~d rc+tt~ioJJal 
tlill.ill~ilS~~h I.0 itlclll(lt* lillc*;r.r aritliiltc~(.ic* ccm4raint.ri it1 

IHII~II rc~lal.iollx :i.iitl qlwric~s. A I,( ‘I)‘tl (‘itll dS0 bta 

vicwcstl as ii I)owc7ful c~xttriisioli of liucsar progratJJJlJiug 
(l,l’) wllc*rcs t.licb syst,c~ili of c:orinl.raiilh is gc~iieralixc~tl 
LB :I. (l~ll.iil~iW~ (.0lll.il.illill# coiisMinls alld LllC ol~.j&ive 

I’trilc*l.ioii is g(bric*r;iliz.cd lo a r&l.biOlii~l qufbry coutain- 

illg ~~Oll~hillk. ollr llla,i(Jr COllCt’l’ll iS (luc’ry O~~t~iillixa- 

l~loll iii I,( !lIl)s. ‘I’ratli(,ioiJal tl~till)?Wt’ approach art’ 

IlOt. iUIt’<(II;rLt li)r ~~~Jlll~l~ll~.~~~Oll Wit.ll I,]’ te~h~~d~gy. Ill- 

Sl.twi, WC* ~IIYJllOW a JWW qirr’ry optiiiiizatioil approach, 
IGIS(YI OII sl.ilt.isl.ical c\sGtJial,ioJis aJltl it8eratcbd Gals of 
~~ol.c~ril.i;i.lly bot,tc*r cbvalual,ioiJ phris. ‘r’lw rcsoltitig al- 
fioril.liJii~ il.rl' 1101, ouly c4l&tiw 0II IXI)Hs, ht. als0 011 

c~hisl.iii~ (lii(q I;l.llguagw. 

1 htroduc t ioll 

I,iii(7lr ~~ro~rillilIilill#/lill~~ilr conntraiiits is il. tf~clinology 
wi(l(k1.y iisfvl iii al)plicatioJJs of (*coiioJJJics alid busiiicss, 
IS.&, ;~lloc.;itiou of SCiIWC’ rt~sollrct’s, scheduling pdllc- 

1 ic,il il.lltl iuvc*iil.ory, cu(.l.ing StOCk and Illally Others. 
‘I’lliS pli’t’r l)rOlHJStW a llN!rg~!r of htw’ pTJgraillilIilig 

( l,l’) illltl reli~l~iori;~l db-LlM,Sf~ tecliuologies in the frame- 
work ol’ lJtt.~~nr co~Js~~i~~.~.s dnhbascs (LCDlIs), t1Ja.t ex- 
Icwl rc~l;itioJJal ~Iittid)UWN to iocludc liiiear arithJJJetic 
c~ollsl~ri~itll~s iu Iwtli relatious and qtJ(tries. ‘I’lw niotiva- 
I,ioJi COIII~ fr0111 1.11~ fact, that classical LI’ applicatioiis 
tl0 1101. sl~iur~l illOllt’, blJf, rat.her opt>rat.e oVCr a large 
-... -_---- 

Prcwcwdiugr of the 10th. VLDB Corrfcrc*rrce, Dublin, 
trt4nlrct. 1903. 

ariioullt of stored dat.a and usua.lly require not, just. t,o 
o~~l.iniiac one objective furictiou, but, to aiiswtlr more 

coniph~x queries iiivolvirig ulanipulafmion of bot.lJ regu- 
1il.r data and coust.raints. A sccontl applicat,iou realm is 

ht. of c~ogineering dt%siglJ systcJJJs, which JJJay opcra.te 
over large> cal.alogs of compouerlts, devices etc., and en- 
able queries about. design patlerns that. are described 
using constraints. LCDB technology, in particular, is 
iiiiportant because it, can enhance many existiiig soft- 
ware platforJJJs such as relatioJJal DBMS, object ori- 
cwt.ed DBMS, operation research packages, constra.int, 
logic programniiiig (CLP) system3 etc. 

‘I~aditionally, there have been two major approa.ches 
to query optimizalion. One is based on compile t.ime 
algebraic simplificat,ion of a query using heuristics as 
in [l2, 30, 33, 38, 32, 43, 6, 44, 21. The other is 
Imwd 011 cost cstinlation of different st.rategies its in 
[I, 10, 7, 8, 29, 421. The heuristics of the algebraic 
siiiiplilica(iou approach, such as perforJJJiJig selections 
as early a+~ possible, assuJne t,hat the selectioJJ condi- 
tiolJs arc’ readily available. In fact, extracting such 
couditious from the coust,raiuts of a. query involves lin- 

(‘Ar prograJnJJJing techniques which are, in general, ex- 
pt>llsivc because tlJerc may be, for example, t,lJousands 
of variables. The cost, estimat,ion approacll, on the 
other hid, has the similar problem of extract,ing ex- 
plicit colJst,raints OII attributes which are needed for 
the esthnation. Even if these constraints were readily 
available, tlJerc is a second problem: it is typically nec- 
essary to make assuJnptioJJs about the distribution of 
data (like uniformity within, and independence of, at- 
tributes), and these appear unlikely to hold in LCDBs. 
III short,, t,raditional optimization approaches are inad- 
equate for L(!DBs. 

In this paper, we propose a new generic approach 
to q\Jery optimization, that is not only effective on 
LCDB, but also on existiJJg query languages. The un- 
derlying philosophy is that expenditure of computa- 
tioJJa1 cost is necessary in order to obtain information 
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required t,o cstinlate which is t,lic best. evaluation plau. 
‘Il;e use stat.istical sa1uplirlg for t,ht: cost estinlatiou of 
specific plans, which has t.he a.dVauba.ge of avoiding do- 
pe11dencc 011 data dist.ribut,ion. Since it is inlpractical 
to consider all possible plans ill I.hr search for t.11~ hc>st, 
OUP (because cost, mtinmtion of each plau might. b(> 
t~xpmsivc~), t.rials of t!Va.lUilbioU 0lau.s are pt~rforrilc~tl, 
onr at a time, “gimbliug” s0111r work required for l,hti 
cost. est.ilmtiou of t,lie plan in an atleinpt. t,o tliscovm 
a bettc~r IIIRII. LVe bou~~d t.ht: alltounb WC can gamble, 
based on t.he best rs~.imatrd cost so far. The gambling 
algorit,h1ll is then used for opt.i1uization of geueralizetl 
select.-project.-join queries iuvolviug up t,o t,wo gcncral- 
iztxd relations. This requires t,o develop algoritlrius for 
estirnat ing costs of possihlc evalual,ion plails, ba.st?tl 011 
statistica, nl&ods. The problcni of how to perfor 
reasonably accurate aud colnI’uta.t,ionally cheap cost. 
estiinations for a ulore general class of queries requires 
more study. As additional contribution, adapting the 
algorit,hlu of [9, 371 f or n-diulcGona1 rectangle int.er- 
section, we show IIOW t,o perfornl an aualog of the sorb- 
join. 

‘I’hm: has been work ou spc>cific uses of constraiubs 
iu dal,abascs, t,hc earlier of which includes [l7, 13, 5, 35, 
41. ‘I‘hc work [ 181 proposed a framework for iutcgrat.itrg 
abstract. constraiut,s int.0 dat,ahase query la.uguagc:s by 
providing a number of design principles. They proved 
i1nportauL propertitbs on specific instances of the fratne- 
work, but did uot focus OII optilllizatiou. The work 
[in] considered optimizitiug iu tht> context arith1uetit 
equations. However, coustraiub solviug was limi~~cd 
t.o local propagation and hence uot suitable for IA’ 
problems. More recent work on deductive databases 
[31, 41, 19, 20, 261 concentrate 011 optiiniziug by repo- 
sitioning coustraints and assu~ne the impl~!1ne1ltatior1 
of selection, projection and join and optitnizatiou of 
expressions involving these operators. 

The remaiuder of the paper is organized as follows. 
Motiva.ting examples and discussion are next, in Sec- 
tion 2, aud the definitions of our data model aud qumy 
language appear in Section 3. An important aspect of 
our work, which pertains to practical USA, is the use 
of the notion of coustraiut canonical forms. Section 4 
covers relevant computational issues in coilstraint ina- 
nipulat,ion, which are fundarneutal to constraint query 
evaluat,ion. Section 5 discusses why traditional opti- 
mizat.ion methods are inadequate, elahoratiug on the 
discussion above. Section 0 and beyoud form the core 
technical presentation: we deal first with the srlec- 
tion/projection queries in Section 6, which motivates 
our generic “ganlbling” algorithm presented in Secti 
7. Section 8 gives ai) algorithnl for sort join on con- 
straiut attributes aud St~rtion 9 presents the applica- 

tiou of the gaillhling algoril~hnl to optitllixillg s&ct.-. 
proj&-join qucrit>s. 

2 Introductory Examples 

Suppose> a c*or~lparly Itl;tl~lrf;lct,llrt~s two protlw1.s IIS~II~ 

t,Wo resources. Its tla.t:~lm.sct Ila.3 1,lu% rc~lil.l.iolls ode 13 I 
nut1 ol,dc r.sZ for orders of il,s lirst, illIt sww~~d prwi- 

Uct,s rf\spcct,ivc>ly. CIach relation Ililt4 1.h ;t.t.l.ril)ul.w Ov- 

der#, ~hslo~n~~ md 1’~ot~url~q1rcr1tlrly. /\uotlm r~1;1 
lion p~odurl-rT.so,r~tTc( PI, P’L, HI, 11’2) spwiliw ;I wl:l- 

tionship bctwccu quautitias of resourc’c*s nud produc.l.s: 
PI and 1’2 rcprenent quantities of tIit* lirst, ;ml s(sc- 
olld products rcspf’ctivcly t,o bt> protluml, while* lil 
and H’L rcpremlt mroullts ol t,hc: first and sc~outl r(‘- 
sources available. A possible nmnufacturiug pronw 

can bc sprcified by (a conjunction of) l.hc~ following 
constraints: 

PI + 100 I’2 5 Rl 

1001’1+/‘2 < R2 

PI) I’2, &I, 112 2 0 

‘l’his says tIllal, 1,hc atlmrnt of ~,IIc first tmourcc umlt*(l 
to product: 1’1 and I’2 units of the first a.ii(l ~,IIc s(tc- 
and products tllust uol, c~~ceed tht\ a111ou11(, If I of this 
resource available. Sirtlilarly about thy sm~m~l r(‘. 
source. Suppose that there is auothc*r Illarllif;lc.l.ill.illg 
processrs: 

1.7 PI + 13.1 I’2 5 HI 

28.3 PI + 1 I.5 P2 5 Ic2 

f’l,I’2, Rl, II.2 2 0 

Now, the ralabion I)~“ducl-rrsout.~(, is a dis.juuc- 
tion of two co1~~ju1ictio1is of (thrt:t~) cousl.raiut.s, ;I 
finite description of the> infinit,c uunllm of tl11)lm 
(1’1, 1’2, /iI, R3) of values satisfyirlg th(b dis.juuc~tiou. 
Similarly to [18] WC tkfillf! a cO?tstrtIitr~ ISp/C I.0 I)(’ il. 

(possibly c~xistentially quautified’) coujuuctiou of COII- 
straints aml conslrainl rclaliot~ to be disjuilcl.iorl 01 
coust,raiut tuples. 

In addition to regular relational queric*s, OIIC IIIHY 
have queries like: “given that profit. for OIIC ullil. of 1.llt, 
first product is $1.6 and of the seco11t1 is $4, and l.lml. 
there are 100 arid 10000 units of the first arltl S~YY~II~I 
rf?sourccs respectively, aud 10000 units of tlic sc~~outl al. 

stock, what is the ulaximunl profit tl1e ccmpatl~y cau 
make with each manufacturing pattern?” or “givcm 
certain quantities of resources, what are t#he raugcs of 
aud the con11ectiou between the quarltitic~s of 1.hc (,wo 
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- - 
I ‘Smith 1~1 2 154.:lhR~ > 15430.0 
2 ‘sls~uc’ R, 2 49.708 A R2 1486.76 
2 ‘Slo1rc’ 111.1 1 li.2A Rz 2 1720.0 

Figure 1: Rclabiou ordct.sl-rf~sclurces 

‘I’ypicnlly 1.h. cvaluatiotr of qucrico iuvolves both 
“rc~gular” infontlatiou and constraints, for cxamyle: 

C:ONS’I’IUJC:‘l’ orders 1 msowccs( 0, C‘, Rl, t12) 
FROM ordersl(0, C, PI), 

y,loducts_rc,eolr~ccs( PI, 1~2, Rl, R2) 
WIllCItE I’2 = 0 

Notr~ t,hat iu our uoba&m the arguments 0, C, RI, 
10, 1’1 aid 1’2 in the query are variables, not at- 
I.ril)ul.cL tlil111(‘8, but WC sometinws use t,he same name 
for a variable and an attribute wheu the distinc- 
tion is uot important. Suppose the relation or- 
dcr.vf cousists of Ihe two tuples (I ,’ Smith’, 154.3) and 
(2,’ SIOUC’, 17.2), and two constraint t,uples of the re- 
Iill.iolr pl~(~duct.s_r~aosrrcs correspond to the manufac- 
hlrirlg procwses above. The auswer to the query can 
I)(* corllputtrd Iby considerirrg all four pairs of tuplea ob- 
tai& frolu or& WI and from pruduct.s_r~sourccs. In 
twb Imir, ~(4, 1’1 1.0 lho VRIUV givcu by wdcrs, set 1’2 
1.0 0, antI fiudly, siluplify th(> coustraints for Rl and 
KL. Vigurc 1 depicts the rcbsultn. Note that. we produce 
Ilc~rc~ it r&&m tbab is ody partly constraint. Order# 
aucl ~~~~.slur~c~~arc: rclgular and RI and Rz are constraint 
alAri bubes. 

( %aarly, regular relational databaw queries cannot 
product this sort of relation ss an answer. Although 
(!l,i’ cm, iu priuciplc, implement this sort of query, it, 
in iiot c*lliricM.. ( !onnidrr auothcr example query: 

CONS’I’KU(T bollrqwoductx( Ol#, 02#) 
YILOM ordcrsl(Ol,C.~,Pl), 

o1*dc1sq02, c, P2) 
WIIERIC I’1 + lOOI’ < RI, 

lOOPl+P’L~ R2, 
1’1, p2, RI, R2 2 0, 
R.1 = 100, 
R2 = 10000 

Note tlmb t,lu> first three lines irl the WHERE clauee 
corrc!tipoiitl to tho first manufacturing pattern given 
il )OV(!. I 

Note also that attributes (such as Rl and R2) do 
not have to appear in a relation. 

look simple proj. on satisf. 
-at cheeks of single tests 

constr. var. 
Naive lOI lo7 - - 
CLP(72) lo9 lo4 - IO6 
SQL lo7 lo7 - - 
Possible IO2 lo2 2 - 

Figure 2:. Both-products: evaluation costs 

In order to estimate the size of the answer to the 
query and its evaluation time, let orders denote ei- 
ther orders1 or orders2, and make the followiug 3 
assumptions. (1) The relation orders has 10” tu- 
ples. (2) The image size (that is, the number of dif- 
ferent values) of Customer in orders is 10”. (3) The 
raugr of P in orders is [0, lo”] and then, assuming val- 
ues are uniformly distributed, there are approximately 
size(ordcr.9) * (b - a)/lO’ of tuples having a P value 
in the range [a,b]. 

The table in Figure 2 depicts the costs of naive evalu- 
ation, C:LP(R), SQL and the ideal possible evaluation. 
The naive evaluation simply considers all pairs of tu- 
pies. In CLP(‘R) the only tuples of order1 that are COII- 

sistet with the constraints are checked against order2. 
SQL takes advantage of using index on Customer in 
orders2 for join operation. 

The ideal evaluation does much better, as shown in 
Figure 2, as follows. First observe that we can deduce 
that PI is in the range [O.O, lOO.O] and P2 is in the 
range [O.O, 1.01. By the assumptions, there are about 
10 relevant tuples in orders2 and 1000 relevant tu- 
pies in ordersl. If we can estimate this comparison, 
we will perform a selection on orders2. Assuming an 
index ou P2 is maintained in orders2, the selection 
of 10 tuples will take about 10 lo&-at operations, in 
addition t,o some overhead of one indexed access. In- 
stead of selecting about 1000 tuples from ordersl, find 
a uatural join on C of the tuples selected from orders2 
and the relation ordersl. By assumption 2, the result 
has approximately 100 tuples and, assuming an index 
is maintained on Customer in ordersl, this join will 
take about 100 look-at operations. Finally, check every 
tuple in the join to see that it satisfies the constraints. 

We can see, in this example, the advantages of de- 
duciug ranges on attributes and of estimating costs 
before making a decision. Our approach attempts to 
balance these advantages with the costs of range de- 
duction and estimation. 
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3 Data Model and Query 
Language 

3.1 Data Model 

A fo~rstruinl Iuplr Las t,he forJiJ (II, , I,,) U’l1EH.P: I’ ii1 

which t,lJe fi’s arr t>it,lJrr variables or row3tanl.s a.utl c is 
ill1 cxisteJJtia.lly qunJJt~ific~i1 co~~~~u~~cl~iim of collsl~rai~~l.s;, 
with free variablrs fro111 11, . . . ~ t,, By JJsiJJg equa.li1.y 

coJJst.raiJJt,s wo ca.~l wribe 011~ t.ut)le iJJl,o t,lJc staudartl 

fOJ?Jl (SJ , , J’,,) WHEHLS ( ‘, iu wiJiCh t,lJ(, J:i’s ar(‘ Vibri- 
abl(>s. MIlit‘JJ it, is coavtmicnt., WC’ will iih\JJl,ify l,hc> COJI- 

st.raiJJt, t,JJpltb wit.lJ t.lJt, coJJst,ra.iJJb (*‘. A cons!r~~i~rl rc la- 

Ilotr (or siiJJply rclat.ioJi) is a colh~cl.ioJJ of coJJSl.raitJt. l,u- 

I)h’S. It CR.Jl IN IllJl~crSt~OOt~ i1.S it fillit,f’ rc~~~rc~srllt~iit~ioJl fOJ 

il possibly iJJfiJJil(> rrgJJlar rclat~iou; c’vcry assigJJJlJcJJ1. of 

valuc5 I.0 varial)lm whictJ satisfies t.IJ(\ Coirstraiul. iJJ in 

coustraiut tJJpll> Corrt>spoJJtls I,0 a regular l.uplc. 

A con.sfratnl rcldion sch.cmr ;associal,t>s a typ(> 1.0 

i~Jch al,tribut,tl of the rclat.ioJJ, and specilies a ca.JJoJJi- 

cal ForJJi for coJrsl.raiJJt5s. ‘1‘11~ t.yp(‘ specifics th: kiud 
of vdJJt3 (iJJl.c>g:r, real, string, 1,t.c.) tlJat 1111, ablributc> 

quay ta.kcx aud whc4Jer tlJt> value nlust. a.ppCar rxplicit.ly 

iJJ c,acli coJJstraiJJt. l,ul)lc- (iW is usual for da.taba$cs), 0J 

Illi\)' bt, rf~prcst~~itetl iJJJpliCit.ly by coJistraiJtts. In t.his 

paper, only oue l,ype allows CoJJstraiuts, conshimd 
r~cn1.s. All other ~ypt>s (rmls, iubtprs, etc.) are rrgu- 
lnr dat,abase types. The cousbrniJJt,s iu cac)J coJJ&aiJJt 

tuplc iJJ t.)J(‘ relat.ioJJ are rcquirc4 1,~ be prcscntc~d in 

t.tie cauouical foriu. Wr discuss t-a.uouical forms iu t.h 
twxt. stTt.ioJl. 

Thus our data 1110dei is ahi~osl, an iJJs18aJJce of t.hc 

fralilework of [ 181. The tlifft~rcmt~ is t,ha.t WC consider 
ctxplicibly l,IJis forum iu which cousbraiuls arc prestqlt,c4 
autl allow existeutia.lly quaulifit4 constzain1.s to a.ppea.t 
in constraint, t.uples. 

3.2 Query Language 

III genc\ral, a query will take th form 

<:ONS’I‘Rll(:l‘ o( x1 ( . . * S,,) 
FROM 6, (m/s), . . , b,Jcw!/s) 
WHERE CWSI (nrgs) 

OR 

OR 

FROM c,(a.?yS), . . . ,q(args) 

WHERE cons~(arys) 
. . . 

wlJere coach occurrcuce of nrys deJJobes a sequeucf of 

vnriahlcs from t,lic sc4 { S1 q . . . , s,, ( . . . , S,, } . For con- 
vcJJittJJrt\ WC a.ssuJJJc t.hat iJJ eaclJ FROM clause no quaI- 

it.y bt%wc~c~u two tlihtiJict, va.riablcs is explicit,ly iJJJplied 

by cons iJi l,lic WHERE clause. (If l.lJis happiest it is 

always possilh~ t,o replace ime variable by 14hc\ 01 11t.r.) 

‘1’11~ quc’ry &:fincS a. ralal.ioJi n whiclJ coutairis 1.11~ t.u- 

plc (111, . , II,,) iff thftw arc va.lwn q, . . . , T+, , , u,,, 
which occur in tllc rc+~tioi~s by, . . . , hr. mcl siLl.iSfy 
COlLS~ , or occur irJ lh(\ relat8iotJs t-1 1 . , f-1 it114 sirlisfy 
mm?, or . SiJict\ n ii3 writmtmc~Ji wit.h varial& iJ.rgJJ- 

llll~llI~S, WC sorJJc%ilJmi abUSP LcmtJiJlology iI.lltl Cilll ill1 

:rl.t.ribut.(> ii. v;rri;ibh~, or victb VtTSit. ‘I’lJis quc’ry illcorI)4) 

ril.tl% st+cl~ioJi, proj(\cl,ioJi, joiu a.ud utJic)iJ op~~ri~t.ioJi5. 

A lincnr ndhwclw c~~ns/~crz~~l. II;W t.lw forlll pvI .\‘, 1 

. .+1.,,,,\‘,,, Wlop J’, whtm> r, 1.1, . . . , I’,,) arc’ WilI JllJiJil)6‘r 

coJJstaJJt.s aiJtl 7~rlop is o~ic of =, <, 5, :P, 2. Au aril.11. 

JJit4ic coJJsl~ra.iJit. iS pseudo-liacw wit,h rqm.l. I.0 ii. WI. 

of vari;tblcS c if, wheucbver t.hc variablt~s .~j art‘ rt~l)l:l4 

I)y rci1.l uuiribrr COJJSt~alJt8, t.lJt: rcmlt,iJJg coJJst.railll. IS 

liumr. Wr rcquirca l,hat. (‘very coJJSt.raiJJl~ ;ilqmJriug iii 

it WIII*;llC: (.lilllSt: IN: pstmio-liucar wit.ll rtqbe:t, I,0 l.IJosc* 

varialA3 iJJ l,lJib corrcwpoJJtliJJg FROM Clausc~ whicll II:IW 

rcplliir l.ypt‘s. 

A st.ra.iRllt.forwiJ.rcl exterlsiou Of t.lJis lauguag~ C~II ill- 

CorporiJAc~ views, c~ca.tlef+ of vichwri, coJJJl&% l.yl~+~ illlfj 

fuJiclioJJ xyJJibolx. ‘I’ht*se a.dditicJJlid fcihrcv do IlOt. 

sigJiificnJJl~ly il,H;Tt t4w issuc:s we adtlrc:ss iJJ t.liis Iqj(!r. 

Other idllit~iotJd cnpahilit.ies, sUCh as rcYJJrsic)u ;LII~ I.~Ic. 

use ofa.ggrc~galIiou op(:rators, iJJtroilurc~ furl.lJcbr CX)III~~I~ 

calions, n.rJtl w(’ will JJOB i%dtllY!W tl~~tll hrcb. 
lrJst,c:atJ we ilirc~cl~ our attr>JJt4ioJJ to a suJ~4~1, d- I.liis 

query IarJgllitgc in which all couabraiut.~ appiiriill: ii1 
ii query <art’ liuear. We cousitlar s&clhs ii.ll~l l)roTjcc 
l,ioJJS of rcl;ttioJJs, arJtl t,he joiu of two rc~lill.ioIJs, 1,111. wt. 

do uol explicit,ly tliscues the UJJioJJ optmtioJJ. 

4 Canonical 
Constraint Manipulation 

and 

In t,his pqm, l(IJ(> Coust4ra.iul. c il.VjOc~ii~l~VI WiLli ;I ~OII- 

st,ril.itll. 14up1(* is a (possibly c~xist.c:JJl,inlly qJJaJil~ilic~tl) cou. 

jrirJc.18ioJJ of liuear c~qual,ious aJJd iJJc\ctJJiilil.it3. III I liis 

scCt.ioJi, WC‘ bri4ly discuss solllt’ ~olll~~lll.;l.l.ic~llil~l issws 
011 1.11~ JtJnJJipulabioJJ of such coJJst,ra.iiJbs. 

A u~7~ou~d Jorw for couh3iut3s is a usc’flil 51 :I~I 
thrd forJJJ of 10IJ(> CoJJsl~raiJil~n, auil is gt~llt~ril.lly coiii 

pJJl,cd by siJJJp]ifiCalioJJ arid 1.h~ rc:tJJoval of rodrJJJth%tlcy. 

IJI ad&lioJJ to lchtb a.dvauhp;cts of a st.i~ilc~;r.rd Imasc%ill a 
t,ioJJ ofcoJlsbraiut~s, caJionical ~O~JIIS caJJ I)rovi(lt> saviirgs 

of space! alid t.iJJJc?. Ill the CliV3S of liucar aritJittlc4ic 
COJlStriLilItS thcrr arc luany plausible cmouical f0rtul;. 
~IOWfA’f’r, t,h?)’ Call h COSt& t0 Colll~‘llt~t!. 

. 

Corrt~spoutliri~ t.0 a. cousbrainb rclalion is a. ilisjuuc- 
t.ioJi of t,ho c0nst~raiJit.s iu each luplc. SOIJJC or ~IIPRV 

lupl(>s JJJighl, 1)~ ri~iiiJuilaJJl ill the> s(*uS(\ t.lial. otJiit.l,iJlg 

t.lJiqri iIo(3 1101. iJ.lt,c*r 1.1~: rc.giJlJtr rt~lilI~iol1 rqm3c~Jll.t~(l I)y 
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Siiiiilnrly, wliilc il, is tlic~orr4ically possible to rlinii- 
Iial.,* ii.11 (3isl,t~iil~iaI c~lliblll~ilic~rs frolic our Coiisl.raints (a.9 

rc*qlliml iu t11(> frarmswork of [ l8]), 1.11~. cost of this 
c4illiiliiltioii alId tli(b siz(l of th(> rc~sultiug coiistraint 

c:iii c;row f~xpou6~iibin.lly in I.lic size: of the original coli- 

strxiril.. Since! WC* c!xycVt applica.tioiis witli IiWgC? COW 
straiiil.s, it is ~~~~rc~+lisl.ic t,o c~xpct that all qua.nl.ificrs 

cali IJP t~liiiiiiral.t~d. Wc siigpsl, II, nit4Aod Of only per- 

foriliirig siillplifyiiig quantifirr c~liriiiria.l.iorls, similar to 

Wllilt is (l<Jlitb iii (!I,I’(R.) [l(jJ. 

‘1’11~ C~Oil~~IIIIctivt‘ Collstrainl,s offer the grcabcst stop 

iii c.lloosillg a caiionical form. One clioico is to write 

211 c~qiiatioiis iii l.lw form {Zi = li 1 i = I, . . . , tl} wlierc 
I II{. .r:,‘s :i.r(‘ clisl.incl. and appear nowlicre else in the 
c.ollstraillI.. A S~TOII~ clloicc> is whether all equatious 
wliic+ ilr(' iiiil)lici18 iii 1.h(* iircqiialil,y const8rniuts SlloUld 
1,~ r(~llr(~s(~ut4 ~~xplicit,ly. (As a sirllple c~xar~~ylc Of t,his, 

collsithbr the coast,raiUt,s 2 + I/ < 2, T + J/ 2 2.) A third 
iti 1.11~ c~xl~t~ul~ to which rc~duudaucy withiii tSlle inequali- 

tic5 sl~oi~l~l 1)~ rc~iiiovt4. [‘L3] i r j cst’iits a clitSsifiCati011 of 

I.c’~lllll~litll(.Y that sllggds siriiplc forills of r~?tllllltlitllfy 
rc~rIlov;rI. A fourl.h choice> is whrl~hcr to keep the in- 

c~qiialil~ic~s iu a difhft’rc’iit forirl, such as simplex tableau 
forill. 

A fifth opl.ioii is t,lic iultlitiou Of Wdlllltli~llb infor- 
iiial.ioii 1.0 tlit> cuiintraints. III part,icular, siuce range 
c*oustr;i.iul,s will play a11 important role in our opti- 
Illizatioll and iaiplelllcntat,ion niebhods, wt* consider a 

~i3llOllical f~Jrlll that rtbcluirt>s rxplicil. rauges for SollIe 
v;i.ri;tl&*s. (A raagc ronslrcG7,l is a coustrainl on a sin- 
gl~ vnriablr using iueyUalitica or cquatious. A range 
coilstraint is IrtGnl if it. has the forIn -oo < X or 
,\ < {wt.) Marc specifically, wc rcaquirc the “tightest” 

siicl~ riirip~, which cau h(l ObtiGllc’d for each variable 
by projccl,iiig tht‘ conjunctive\ constraint out0 the vari- 
aMe. PIacing coustraints iu rauonical form and, in 

I)itrl,i<lllRr, t&iug th(! satisfiability (or consistency) of 
cauril.raiu1.s rc+rrs, in general, liuear programming 
I.c~c.liuiquc*rr. 

l%r t.11(+ purpos(*n of this pa.pttr we consider just one 
CliWU of rauouical forms. We amme that there are 
IIO inll)Iicit, c*quaGous, that equations are preeented in 
t,l~e forlrl sugg&cld by the first choice, sc~ue simple 
rcbtlundarlcy in t,hc ineyualities is removed, and there 
art’ cxlJlici1. range? constraints for some variables. 

I II addition to choosing carionical forms for ml- 

st,raiut rt!latious, we must also cousider the maiiipu- 

Iat.iolls of constraints necessary in the evaluaiion of 
qii&-s. The most impOrtalit corijputation with query 

coiisl.raiuts is l,li(> c\xtracf.iori of a ruliga 011 il variable. 

‘I’hC! ~‘Xt~rac~~iOll Of a IOWer bOl~lld (f(Jr exalllpl~~) Oil C 

is t2XiKtly the liiiear progranmiing problem of niini- 

miaing 2 subject to the constraints. The det.oction of 
implicit equalities in the query corist,raint, is also a lin- 
ear programming problem [22] as is, of course, testing 
for consistency. 

5 Optimization: Differences in 
Approach 

In this section we highlight differeuces between cou- 
straint databases aud regular databases, which make 
thy sl.raightforward application of usual database tech- 
rliqws difficult or impossible. Consider, first, a simple 
problem of selection, that is, the query of the form 

CONSTRUCT a(S1,. . .,/r-n) 
FROM b(S], . ., xi,. . ., S”) 
WHERE cons(X~, . . . , s,, . . . , A-,,) 

LSach constraiut, tuple of u can be constructed by taking 
a coujunction of a constraint tuple from b and cons, 
testing whcthcr it is satisfiable, and if it is, fluding a 
required canonical form for it. Note t,hat depending 
on the canouical form for existential quantifiers, this 
may involve quautifier elimination (some) the variables 
.Y Y 1,+1*~~.,~ rns Thus, in general, processing a tuple in 
a constraiut selection is significantly more expensive 
than in a regular selection. 

To avoid unnecessary computation, we want to use 
the idea of fillering, similar to one used in spatial 
databases, that is, the discarding of irrelevant tuples 
of b by computationally cheap test. Suppose we have 
a range c 5 Xk < d for Xk in cons, where c might be 
-oo and d might be 1x1. If Xk is also a regular variable 
in b, we can discard all tuples in b whose Sk value does 
not lie in the range, since clearly those tuples are in- 
cousisteut with cons. Similarly, if xk is a constrained 
variable and a range for .yk is stored for each tuple of 
b, then we can discard all tuples for which the ranges 
for Sk are disjoint. 

(There is a larger class of coustraints of USC in filter- 
iug. A constraiut is simply checkable wrt a relation r, if 
every variable in the constraint also occurs in the rela- 
tion in an attribute that either is regular or has a range 
constraint in the canonical form for tuples of r. While 
testing such a constraint is a little more expensive, in 
general, than testing ranges, the cost still compares 
very favorably with the use of linear programming.) 
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We can do filtering more efficiently using indices. 
Indexing on rtagular attributes is t,he same as usual, 
whereas indexing on a const.raint attribube ,Y of r 
works as follows. For each in.sertcd constraint tuplc 
1 the range of S is extracted using linear prograni- 
lning ttrchniques. This int.erval is inserted into an in- 
dex struct,urc: maintaining intervals and ha.s a referenrc 
to t,he corresponding t.uplc. Selt:ct.ion of all tuples 1 in 
r consistent with a given set of constraints c is done 
as follows. First. the range I of ,Y is extracted from 
c. Second, using the intrrval intlrx all tuples whose 
corresponding ranges of A intersect I are retrieved. 
Third, the rel.rit>vetl buplcs art: checked for consistency 
with c using lint~ar prograniniing n~t~thotls. Of course, 
rirany tlifi&enf. indict3 cali he nutiiitaintd and usctl for 
s&ct.ion. Mort\ovrr, itI orclcr to i1llprove filtering addi- 
tional attribut.t~s can be defined as linear combinations 
of conslraint. attributes, as proposed in [:I]. 

In general we need to have in&x structures sup- 
porting storage of values awl intervals, and value and 
range yueries. Two efficient access structures for in- 
tervals are t,lie interval tree [9] and t,he priority search 
trees [‘%I. In one dimt>nsion, finding all intervals in- 
t.t!rsccting a giveu interval or containing a given point, 
t,akcs at. most. 0( II lay n+/~) tilnc, where n is the size of 
t,he relat.ion and LZ is the size of the oulput. Moreover, 
it, requires only linear space in t,he size of a relation, 
and thus seems to be ideal as an indexing structure. 
The work in [21] proposes an efficient data structure 
for secondary slorage, having the same space and time 
complexiby and full clustering. There are different, data 
sbructures to support, acceaq to multidi nirnsional in- 
tcrvals, in particular bard on colnbination of interval, 
scgiiicnt and rang“ t,recs [9, 371. For ‘L-diniensi01ia.l 
intervals (rectangles) R, II+, H’trees [II, 3G, 391 arc 
widely used iu spatial databases. 

In order to perform indexing and filt~ering, it is neces- 
sary to extract, ranges of variables from cons. This ex- 
traction involves techniques of linear programming and 
can be very expensive, especially in applications com- 
ing from operational research in which cons might in- 
volve over a thousand consCraints and variables. Thus, 
there is a trade-off to bc made between an improve- 
ment gained by filtering and indexing and the cost paid 
for extract.ing ranges from cons. 

Consider now projections, that is, the queries of the 
forin 

CONSTRUCT fl(.S~,...,S,) 

FROM b(X1,. . . , .I-,,, . . . ,a&,) 

Computing a projection may involve, depending on 
the required canonical form, quantifit~r elimination of 
(some of) the variables Stl+l, . . . , ,I’,,. In contrast to 
t.he usual database case, in which projection is a triv- 

ial operation, when constraints are involved it can bo 
computationally expensive. 

Considrr now a “co&Paint” join, where the quary 
is of the Corn1 

CONS’I’RUC~‘I U(X1,...,Si,...,Xj,,..,Sn) 

FROM b(S,, . ..,aSj), 

C(Sil.. , S”) 

In principle, each tuple in the answer to this quf*ry 
can be computed by taking a conjunction of a tuph* 
from b and a tuple from c, testing its saticlfiability aud, 
if satisfiable, presenting it in the required canonical 
form. As with the constraint sclcction, WP calI uscb til- 
tering to reduce the cost of satisfiability ttusts. ‘1’11~ 
filtt*ring step discards those pairs of tuplcr, that. Iinvt~ 
disjoint8 ranges on a common atteibuttt. A rt*finc*n~c*nt. 
step then performs a full test for satisfiability for 1.11~ 
remaining pairs. Note that the regular join dots not 
involve constraints and hence does not rcaquirc> the rc- 
finement step. III this paper, we associate the n&on 
of *join only with the filtering step, and treat the> full 
test for satisfiability a8 a separate operation. 

We would like to use the idea drvc?loped for rpgu- 
lar joins for the filtering in the constraint join. 1’11~ 
indexed join (i.e. for each tuple of one relation fintliug 
all corresponding tuples of the second using all intlt>x) 
for constraint relations differs from the indcxc~tl join 
for regular relations only in the different index xtruc- 
tures that cau be used. However, an analogy for t,ht: 
sort join (sorting both relations 011 common atbrihutes 
and then finding all matching tuples in one mcrgt~) in 
not clear, since t,licrc! is no appropriate* l,otal ortlcring 
on multidinit~nsional intervals. In Section H wt\ adapt 
work in computational geometry to givtb an analog to 
the sort. join. 

Finally, consider the two major approaches to qitcry 
optimization for regular databases. One is based on 
algebraic simplification of a query and compilr tinlc> 
heuristics. The other is based on cost csti1nation of 
different strategies. Neither of these is adcquatc~ for 
constraint database systems. The heuristics of 1.11~ 
algebraic approach, such as performing selcctic~ns its 
early as possible, arc baaed on the assumptiou thaL 
selection conditions are readily available. In conbra.4, 
extracting such conditions from the constraints of a 
query involves linear programming techniqut:fi whic4i 
are in general expensive. For the cost estimal.ion ap- 
proach, we have a similar problem of extracting ex- 
plicit constraints which are needed for the estimation. 
Even if these constraints were readily available, there 
is a second problem: it is typically necessary to make 
assumptions about. distribution of the data (like* uni- 
formity within, and indepcntlcncta of, colurn11s) in thr 
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6 Algorithm for Constraint 
Selection and Projection 

II~~rc~ thy consi&~rc~cl qucGj are of t,he form 

(:ONS’I’I1U<“I a(Y) 

t’ROM b(z) 
WIII~:R1c rvtLs(~) 

WV proceed by I~resc~nting an cvaluatiou scheme 
which rc~prt!sc:nts IlliUly tvaluatiou plans. Evaluation 
sclit~iiIc~* and plnus are not intended to rcpreseut, the 
tl(lcisiolr-rtiakitlg proc(‘ss, hut o111y to represcut the de- 
cisious t,llat II~YVI to ba Iuade, and the> work that needs 
1.0 IN! ~OIIV. We 1~11~ (liscuss the trial cvaluatiou, which 
is IlWc'ssilry I& cAiilii&iig costs, and some heuristics 
which can IX* uscttl to order evaluation plaus. The 
g(9~Gc giuilbliug nlgorithiu, tlcscribcd in the next sec- 
tiou, II~CY this information to cl~~osc which plans rc- 
cc,ivcb it trial cvaluat.iou aad, ultimatc*ly, to choose an 
tTillll;tl.iOll pl;Ul. 

WV propose the following t+alualion scl~eme for this 
qii(‘ry. 

( %OOSI~ a subst~t ‘I’ of l,lit: common attributes Z n --. 
W. For t-acli S E ‘I’, extract from c0n.s a range 
OII .Y. Let S bc* the set of all attributes for which 
(.hc!rc* arr non-trivial range constraints (including 
I.hosrt att,ribulcs from 7’). 

I’ick au in&%x tuaiutaiued o11 b whose selection 
collclition C~II Iw explicitly checked by t,he range 
CY)IIS( raiuts OII attributes in S. Using this index, 
sc+ct all tupl~n from b satisfying the constraints. 

l+oiii l.lit~s~~ I,uplcs, filter out those which do not 
satisfy simply checkable roustraints from cons and 
tlic> c~xtracbc~d range constmiuts. 

I’rojcct out all regular attributrs of b that do not 
appt’ar &whrrc, c*liminating duplicates. 

For (*acll rcallu+ining f,uplc I, check the satisfiability 
of thf* corljuuctiou oft and COILY. If it is satisfiable, 
I)ut it iu c*auouical forlu. If it is not, discard it. 

‘I’hin SC~IC~IIIC~ Icavc~s open the specific choice of a subset 
‘I’ of variables, and an index. Fixing a choice gives rise 
to a pirrlicular ~whalio1~ y/an. 

‘I’lrc: cost of au evaluation plan depends strongly on 
that r;iugt:s cxt.racted in Step 1. Therefore, the esti- 
n~rlcotl of such cost, requires, in addition to statistical 

sampling, some amount of acl,ual evaluation. (,!a11 this 
procf’ss of sampling/evaluation a trial cvalunlio~~ of the 
plan. Now, even trial evaluation can be oxpensivcb md 

tlic~rcforf~ it is unrealistic to c%stirIlattr 111~ cost of all 
evaluation plans. h fact the cobt of estimation allay 
exceed the cost of a naive evaluation. 

In the next section, we provide our gantbling al- 
gordhm that balances these t#wo costs by considering 
evaluations plans one at a time and limiting the cost of 
the estimation of a plan t,o a portion of the cost of the 
best plan according to the estimation so far. For the 
rcmaindcr of lhis section, we detail the trial eva.luation 
and provide heuristics on the order in which the plans 
are to be considered for estimation. 

The trial evaluation for a given plan is described by 
steps (a) - (e) b e ow. I These steps comprise the subpre 
cedure DO-TRIAL-EVAL-OF of the gambling algorithm 
for the case of selection-projection queries. (We pro- 
vide different steps for other kinds of queries later.) 

(4 

(b) 

t(z) 

(4 

Perform Step 1 above. 

Take a random sample of b. The number of tuples, 
say 18, in the sample is a compile time parameter. 

Select the tuples in the sample satisfying the selec- 
tion condition of the index chosen in Step 2. Let 
~1 denote the number of tuples selected in Step 2. 

Perform filtering (Step 3) and projection (Step 4) 
on these nl selected tuples. Measure the average 
cost per tuple, say al. Let n2 denote the number 
of tuples selected in Step 3. 

Perform the satisfiability test (Step 4) on these 
n2 selected tuples. Measure the average cost per 
tuple, say 02. 

Note the that Step (b) of the trial evaluation is done 
only once for all plans. The cost of the entire evalua- 
tion of the plan, except Step 1, can now be estimated as 
follows. (It is referred to as FIND Estimated-cost in 
the gambling algorit@.) First we estimate the num- 
ber IV1 of the tuples selected from b using the chosen 
iudex in Step 2 by (N/n) * n1 where N is the num- 
ber of tuples in b. Then, we estimate the number IV2 
of the tuples selected in Step 3 by (N/n) * n2. The 
cost of Step 2 is estimated by f(lv, NI), where f is a 
given cost functiont for the index chosen. The costs of 
Step 3 and Step 4 are estimated by IV1 *al and ZVz *a2 
respectively. Finally, in addition to the estimations of 
the costs above, we also compute the confidence inter- 
vals for the cost using standard statistical methods. 

tTypically, f(m,k) = O(l~m + k). 
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se1 cbesf to the jirsl euaiuulion plm to bt. wnsrdrrrd; 

sel Best-eval-plans lo {cbC ,l); 
DO-TRIAL-EVAL-Oli (best and FINI) 

Estimated--cost .(brsl and the paw Bounds-of-estimated-cost .(‘b,rf; 
set Total-spent-cost clud Incremental-spent-cost 20 the work done so far: 
set Best-total-cost to Estimated-cost. 6 b,,,,, + Total-spent-cost; 
set thr purr Bounds-of -best-total-cost to thr SUIR of 

Total-spent-cost aicd tbt’ lkr Bounds-of-estimated-cost. f’hcerl; 
COMPUTk; Max-trials-cost f/s (I lk1)(.6w~ 

of Best-total-cost ctsrl Bounds-of-best-total-cost; 

let f bt the ncrt plan to bc colt.srdt rrd: 

while I a11d 
Eb'L'lhlA'i‘~U-(:OS'I'-Of'-UO-'I'ILIAI,-RVAL-01“ r < I 

do bt!gin 

\ Max-trials-cost- Incremental-spent-cost / 

DO-TRIAL-EVAL-OF c usd E’IND 

Estimated-cost .f awl Bounds-of-estimated-cost .r; 
update Incremental-spent-cost aud Total-spent-cost to iwlude the ~uork abovc: 
if size oJ Best-eval-plans < MAX-EVAL-PLAIS then 

add c lo Best-eval-plans 
else if Estimated-cost.< < Estimated-cost.c,,,,,,,l 

j-or th.c rool’.st pla11 i’ ,,,orsl i,t Best-eval-plans thc!lk 
drscard c q,,o,‘.vl J7v1~ Best-eval-plans and add r’ to it; 

if c ha.9 brru addrd lo Best-eval-plans then hc!gin 
if Estimated-cost.r, < Estimated-cost.c/,,,l thrrlk bc!gh 

Sti Ebrnf t0 f.; 

wl Old-best-total-cost lo Best-total-cost; 
s( t Best-total-cost lo Estimated-cost .(‘C,,r( t Total-spent-cost; 
SC t th.e pair Bounds-of -best-total-cost lo the ~91~ of 

Total-spent-cost and th.r pair Bounds-of-estimated-coot . chrsl; 
end; 
if Best-total-cost < Old-best-total-cost thcu begin 

COMPUTE Max-trials-cost us a functiou 
(?/Best-total-cost and Bounds-of-best-total-cost; 

sel Incremental-spent-cost lo 0; 
end 
let c be the next plan to cousidcr (ij th.rrc is ow) 

end 
end 
return Best-eval-plans 

Figure 3: Procedure CHOOSI~:-SMALI,-SC;I'-OY-HE;S'I'-PI,ANS 
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lcl cbesi E Best-eval-plans be the plan that has the least estimated cost; 
.sEl Spent-cost lo 0; 
while aiz of Best-eval-plans > 1 do begin 

for each plan e’, etcfpt Cbesl, COMPUTE StdiSh'cd confidence &A with which the cost oft?’ 
exceeds tRe coat ojfbCsl plus E percfnt; suppose C, is 1h.c lowcat; 

discard all plans E’ in Best-eval-plans with C,I > SIGIIFICABT,COHFIDEHCE; 
COMPUl'E Max-trials-cost as a juticfiotr of 

Estimated-cost.Cbest and Bounds-of-estimated-cost.cbrsr; 
set One-trial-cost toMax-trials-cost/ MAX-ITERATIONS; 
if One-trial-cost > Max-trials-cost - Spent-cost then 

discard all plays bul Cbc.,t from Best-eval-plans 
else begin 

incrcmcnt Spent-cost by One-trial-cost; 
EVALUATE-• PTIMAL-PARTITION-OF One-trial-cost giving costs Corti and Cost2 

of work to be spenl on estimatiicg costs ojebert and e respective/y; 
TAKE additional samples for estimating costs oj eb& and e spending 

Cost1 and Cost2 respectively and re-estimate the costs Of ebc#f and e; 
if Estimated-cost.eb,,t > Estimated-coat.e then 

set eb& 10 e,’ 
end 

end 
return fbest 

Figure 4: Procedure CHOOSE-BEST-PLAN 

plans will have chance to compete for the first place. 
Note that, intuitively, there is a trend in the itera- 
tions to eventually discard E as the confidence intervals 
of costs for ebesl and e get smaller, since it becomes 
more likely that the confidcuce C, will exceed the con- 
fidence C,l of some other plan e’. On the other hand, 
HAX-ITERATIOPS should not be too large, because of 
the overhead this can create. Finally, EVALUATE- 
OPTIMAL-PARTITION-OF One-trial-cost means, in- 
tuitively, maximizing the confidence of the decision 
which plan, Cgest or e, is the best. This is done 
by minimizing the variance of the random variable 
Estimated-cost.e - Estimated-cost.eb,,t, which is a 
function of the sixes of the samples for e)& and e, sub- 
ject to the constraint that the total cost on sampling 
is One-trial-cost. This problem usually translates 
to minimizing a quadratic function in one variable and 
can be easily done. 

8 A Constraint Sort Join Algo- 
rit hm 

We adapt, the algorithm of [9, 37] for n-dimensional 
rectangle intersection to perform an analog of the 
sorted equijoin. It is not possible to sort directly on a 

constrained attribute, since each tuplc allows a raugc’ 
of values for that attribute and tuplw may cJVt!rhp. la- 

stead we sort the endpoints of the rangt!! in the* tuploti, 
usiug not, only the value of the endpoint, buk alno the 
type of the boundary: whether it is a point or a lower 
or upper boundary, and whether the boundary was 
caused by a strict or nonstrict inequality. (We amsb 
amme here that, for each common attribute S of type 
constrained real in the relations, there is a rang“ for 
X in the canonical form of each relation.) 

The value value(c) of an endpoint e may bc‘ any 
real number, -oo or 00. For each endpoint (1, there 
is a boundary type b&y(e), and these are ortlc!rc~d 
aa follows: upper-strict < lowrr-nonstrict < p01nl < 
upper-nonstrict < lower-strict. We write rl 5 c’2 if 
volue(rl) < ualue(es), or value(el) = valrrc(f~;,) aud 

bdrdel) 5 bdrv(cz). 
To simplify the exposition, we ammc initially that 

there is only one common attribute which is not rcbg- 
ular in both relations. For each relation I’, 1~1. 1) IMP 
the relation on the cor~mo~l attributes which is thr 
projection of P except that there are, in gcncral, two 
elements of p corresponding to each tuple, 011~ for each 
endpoint!. (In practice it is not0 necessary to construct 

f If a rage ia, in fact, a point theen p conlairw only one elernenl 
for that tuplc. 
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add bnl)l~ (l)i) W Active-set-for-q 20 Output; 
if II~ IS rr 1011:f.r boundary then hcgin 

cl& /tr$r(]);) lo Active-set-for-p; 
(idd lu~)ir~(l)i) W Active-set-for-q IO Output 

1wl; 

until p or q ha.v bcor exhauslcd; 
rc!tIlrn output 

I’igurc> 5: A sorl join a.lgorithm 

1) c!xpllc*il.ly.) Wr say that, y is $sorted if it is sorted ac- 
cortliug t,o the Icxicographic combination of the order 
OII (.IIc wgular a.ttril)utw and 5. We write luplr(t~i) to 
tl~nc)k 1,h~ 1,uplt: of P that. protluwd th i’th element 
of 1). Wt. NII.Y ]jr 5 tfj if pi itlltl fJj agree 011 VHIllt!S for the 
rtsgular i~~~l.ril)ubw iwl tlw valiw of pi OII the remaining 

al.trilbul,c~ j l.llV v;llllc~ of f[j on 1.11;11. a.ttribuk. 
‘1’11~~ algorit IItIl (I:igurt: 5) first, +orts p aud q cor- 

rcqwrltlitlg I.0 t.11~ inpul. rclabions P and Q. It then 
iil)plks t.lw ~~li~iif~-swrcy tc~clllliqw [9], traversiiig the 
c~ntlpointx in orth>r from Icaat to grcbatest. At each stage 
of 1.h~ NWVP~, Act ive-set-ior-p (Act ive-set-f or-q) 
l~oltls khcb nt*t of t,uplt?s of I’ (Q) which contain the cur- 
rc*iil, c~iltlpoinl,. If thr currt*nt cntlpoint e comes from y 
~.hw I try/f,(c) W Active-set-f or-qmust be conlained 
iu I’ W 0, autl simihrly if f comes from (I. We record 
I IIil; illli~lYllil~~i0ll a.t lowor f>trdpoints only, since upper 
c7itlpoiill.s only tluplicate the information. The remain- 
&r of 1.h algorithm updatrs Active-set-for-p and 
Active-set-for-q, 

WIIVII we have only one dimension (that is, only 
OIIP wllstraiut~d attribute) therm Active-set-for-p 
ilIlt Active-set-for-q can be simple set data struc- 
l.iirt’s. For two dimensions, WV want to filter out’ 

frorli Active-set-for-q IIIOSC~ (.uples which fail I.0 in- 
krscct, the current tupk clue to the ranges on I.IIP 
sc.~rond constra.kd attrihrt,c:. ‘I’hc appropriak~ data 
strucbure is the iuterval t,rce [(3] which allows us to 
do this filtering efficic!ntly. In gmcral, for d tlirucn- 
sions wo use a rombiuation of range and iutcrval trcstrs 
[Y, 371. This gives the algorithm for a d-dimensional 
sorted join a worst-case time of 0( NloyN + MloyM + 
by”-’ N + loyd- 2 A4 + Ii), and a worst-case spa.cc cost 
of 0( Mloy”-‘it4 + Nloyd-’ Iv), where 1’ has M t,uples, 
Q has N tuples and the output relation has Ii tuples. 

We refer to the regular attributes and the first con- 
stra.iuc4 attribute as warmed attributes and the re- 
nlaining attributes, those for which filtering is done 
inside the active s&s, are called active attributes. 

9 Optimization for Constraint 
Select-Project- Join Queries 

In this section we show how to use the gambling algo- 
rithm t,o evaluat,e constraint join-select-project queries. 
WC consider queries having up to two relations, that 
is, of the form 

CONSTRUC’I U(X) 
FROM b(p), 

43 
WHERE cons(m) 

where b and c are constraint relations and co7as(~) 

a set of linear constraints. We propose the following 
cvaluat,ion scheme: 

I. 

2. 

3. 

4. 

Decide on whether to use a regular join, or a cou- 
straint sort join or constraint indexed join algo- 
rithm. 

For a constraint sort join choose scanned at- 
tributes that should include all regular (in both 
relations) common attributes, in addition to one 
selected coustrained common attribute. Choose 
also a set of active common attributes. If the set 
of scanned attributes is already ordered, decide on 
whether selections are to be done on this relation 
(in the process probably destroying the ordering). 

For an index join, decide which of the relations is 
t,o be scanned, and choose an index on common 
attribute(s) for the other relation. The selections 
before the join will be done only on the scanned 
relation. 

Choose a subset T of attributes from con.s(w) 
and for each attribute V E T extract from cons 
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1 IIts I’itllal’ Ott 1’. Olti~ IlsC~fIII nl.l,riI)ul~(3 stl0llltl IW 
~IIOSCYI in ‘I’, tliat. is. 1 II osf~ Illat atjt)f‘il.r iii ill It‘iWt 
oue of 1 IIC, r.cMioils OII wlliclr sc:ht~ioir is t.0 IN> 
clonic. 1~4 S tlrno1.c~ l,tic- 54. of all ;il.l~ril)ul43 for 
which ttrcm~ arc lloll-1.riviir.t raiigc coiisl,ra.iiil.. 

(;I) Pick ati it&x w110s~~ sch-1,ioti coiitlil,ioti C;III 
Ijc t,stjlicil.ty ct~t~~kc~l by l,tic~ riiiige cuiis1,raiiil.s 
oti ;il.l.rit~ill~t~s iii S’. 

(I)) I’sitig this iiitbx, SC+~C~. ii11 t9~i~~tw froiii 1’ 
which sat,isfy 1.11~ railgt’ coiisl,rai~ll~s. 

(c) lhiii t~tit3~ 1,11tjt~~s filh 0111, tliosc~ which 
tlo 1101~ sal.isfy siriit)ly c~li~~k;rlh~ cotis1.r;iiiil.s 
w.r.1. 7’ ii) ~0t1.s aiict t IIV t~sLr;ict,c4 rai~g(’ coti 
sl~raitils. 

((I) I’ro~j6~cl. 0111. all r(~giit:ir 21 I.ril~iibi iii 1’ l.ti:il~ (to 

1101 ;it)t”‘ar (~ls(wli(~r(. iii 1.116~ q11(7y, (4iiitiil;i( 
ing tliit~lical,cs.n 

6. f’CrfOrll1 t,tl(‘ dlOSCYl ,jOill iltgOrit~tIlll Oil t~tlt’ r~‘Slltt~illg 

rt4al.ioiis. 

7. I:itl.c,r 0111, i+ll 1 llt)lrY5 ill l.tlt’ Ilc’w r(~Iilt.icJll l.tial. (IO II01 

satmisTy coIlsbrain1.s ill COT~S 1,11al arc‘ siult)ly clrcbck- 
a.t)lt, w.r.1 l.lic, llcw rc~tirl.iOll, or tlo 1101. sidisfy l.tl(k 
r~xl,ract.c~tl ritllgP collslritiltt~s. 

8. l’ro.ic~ct, out. all rt~gular at.l.ritjult3 iii l,ti(~ ii(‘w r&i.- 
t,ioii t.lia.1, do ilot. a,ppcar in cotIs llor iii lStIc itllSW(‘r 

rclat.ion (I, 4itiiiiiatitig clilplical,m. 

0. I’or chili miia.itliilg l,iit)tc I, fil1.u ml. l.host~ for 
wliicli l,h cmjuilct.ioti of I iili~l un).s is IIIlsitl~isli- 
al,lc. 

IO. ICroiii 1~t1~ rt~iiia.iiiiiig I,iit)lcs pro.jm-1, oill, rc~giitar a.l.- 
lr.it)1il.c3 l,tial, tlo ilot. a.l)tjcar in 0, cliiiiiua.l.c* dut)ti- 
ca1.c~ antI piil. t.tlcs rosrlll.iilg t tiths iiil.0 the requirml 
for 0 canoiiical forttl; 

EWII scGs of choices iii l.llc c~valiia.lioi1 scllclllc~ 
givc3 rise to a possiblt cvalualion tjlaii. WC tlis- 
cuss only briefly 1.h trial evaluatiou of a. j)ahiClllill 

phi f, and t4nlat.itig it,s cost, referrc!tl in 1.h ptii- 

tjlitig a.tgoril tini as “I)O-?‘KIAL.-E;VAI,-OF c” ntid “FINIt 

Estimated-cost.c.” First, WC cxl.ra.ct. raugcs fro111 CI~IS 
for varinths in 7’ in St,cp 4. ‘htl, WC hke a sa111tj1~ 
of t~iipl~s front t,h rc4al.ioiis 011 wltich scleclioii is t,o I)(% 
~loiit~. I~~xacl~ty as ill 1.11~ cast‘ of schb-projccl, query itI 
Sl>c.l.ioii Ci wt‘ (as{ itiiiil~c~ t,tl(, Iiirlrih of t.llpl(3 SilbiSfyillg 
__-- 

1.11(\ sfh.l.iiig c~oiitlihi of lh iilth~x, i~ii(l l.tict IIIIIII~~~~~ 
of l.iith af1.u l,ti(t iitt~iil.iott;rt lilhiiig i1tl(t Ibro.ic~c‘l.im 
iii Sl,tstb 5(l),c) ii.ii(t iisiiig l,tiis itlfortiial~ioli 1.11~ cosl. 01 
l.tlf, iii&xx il.tl(l l,tIc lill.(!riiig. 

I~~sl.itiiiil ioti of 1.11~ msl, of 1.11~ joiti it1 Slq) (i tlt~~~~ri~ts 
OII l.ti~~ joiii ~~~c~l.t~otl. tjijr iritbxf4 joill, w(b iist’ I IN* haiii 
t>t(, froiii l,tic. sca.tiii~~~t rc4alioii. ‘I’liis saiiith is lihc4) 
I,0 tr;t.vc% I)(~(~11 l.;tt~c~ll illW:ltly for chili;rl,ioii of stktt*ct 1011 
cost,. ‘1’11~~11 WV acl.Ira.tly joiti (‘i1Cll I.llt)lc iii l.tb(~ s;llllt~t~~ 
wi1.h l.li(k s(*coIi~I rc4il.l.ioll iisiiig l.llc< cIIost.11 ilitl4sx. I1 Is 
tloiic~ iii oulcr 1.0 ilimsiirt~ th avcmqc’ cosl. p-r I~trt~t(~ ;III(I 
I.0 c~sl,iiiml~c~ l.lic riiriilhr of 14pl~~s ii1 1.h~ n~siill of 1.11(* 
joitl ill sl,qj 6. For xorh-.ioiu, WC hkc ’ x;i~i~t~lt~ of l):iirh of 
l~iiplt~s froill 1.h rc4al.iotls 1) ancl c. Not.~ l.tial. in tmlt‘i 
I,0 ,g(.l siillicim1. accuracy of lh c~sl.ittlit~.ioll t.tlc sin, 01 
1.h~ saiiit~h~ sl~oirltl htr sigrlilicatlt.ly t;i.rgc>r t,lb;111 I Ilill of 
iii&~x(~d joiii. WtL 11~’ 1 his satiit)lt\ 1.0 c’Sl.illlil1.c’ l.tlc* I IIt* 

ilVI’rilg4’ iiiiiiitm of l~llt~l~~s iii 1 l~llill. (‘2.11 I)(, joilic*tl wILtI 
OII(~ l,iit)l(’ iii (’ ill l.ti(\ sorl. joiii ;1.11(1 vic.c* v(‘rsii aiMI l.t1(31 
1.0 siitbsl.il,iil.c* l.tl(*s~~ iiii1iihrs iii l.tlc* f0l’lllllli\ I;n l.tl(% sort 
joiii cosl,. ‘1‘11~~ c~ost. cAiliial.ioii of l.ti(> rclliiliiiili~ sl.t*t)s 
is ttoilc~ t)y ;I.Cl~llil.tly t)crfortitillg Lllis sld~tbs 011 t.tlcs r(‘- 

SIllI, of l.IW “siiiiiilal.~~(l code“ iuitl l~ti~~ii iioriiializillg 1.1~~ 
c’osls. ;llt;tlOgi~ittly 1.0 wllitl. is (lot1c~ iii l,ti(> (~sl.illlill~ic~ll 
for sc~t(\c.l,-t)ro.i(‘cl, ctiilh*s. 11(-n\ I,00 w(: IIS(- sl:iI isl.i 
Ci3.I 1.~1.~ l,o U~III~~IILC~ Bounds-of -best-total-cost 01 
(’ wil,tl sigtiiticull. sLa1.ist.ica.t c0tiliclt~tic.c~. 

‘l‘lic oiily iioil-hivial parl, of 1.h c~sLilllil.l~ic~ll t)I’ 1 I i;it 
c~v;i.tiial.icui cosl,. rt>fc,rrfd iii 1.tiv gnrtit~litig ;dgoril.tlltl ith 
‘%s I‘IMA’1’~~1~-~~os’I’-o~-I~0-~~~~lAI,-l~:V,~1.-o1~‘ f” is cd i 
ilb;lt,iiig rarigct c%xt,ra.cl.iou co&. ‘I’llis is ttoric~ c~x~ic~l.ty 
il.s iii 1.11~ c;w for sclvcLprojrc1~ qiwriw. 

L“irially WI‘ tjrovith* sotm~ Irc~irrisl.ics 011 l.li(> orth III 
wliich c~vatllill~ioll [)lilllS ar(~ 1.0 Iw colisihc~0 ill l.tlf\ 1$~1111 
Idiilg ;i.tgxmil~tiiii. WV protjosc I,0 coiisith I)liltlS (*a.rtit.r 
WII(‘II I Iwy: 

I. rc’cliiirct fmvc>r iItltlil~iollitl rilllg(‘ f~xl.riic’l.ic)iis 

2. illllOllfi t,tl(> t)lil.IIR wit,ti itrth~tt joiti, IIS(’ il 

“sLroiig(~r” iiitbx, wlme ‘Mrotigc-r” ih ttditlotl iis 
for sc,l~lcl.-t’roj~~rl, qiicrics. For l,Iw t)taiin wil.ti sorl 
join coiisith as follows. If l,lic*rc~ is al. Im.4 oII(\ 
at,t,riljubc 1,~ I>(> act,ivcs, corisith firs1 l.ti(* tbtatls 

wil,ti sii~alltv niiiiih of acbivc al.~.ritjirlc~s. Atllotlg 
t,ttosc,, cmsi&*r tirst. thos~~ willi n.cl.ivcb ii1 l.rilbill.t\ 
1.t1al~ is rc>gular iii OIIC* rc4al.imtt. 

3. II;IVC~ sl.roiig~~r iiltlicc:s for solccl,icm. 

4. IIYC‘ ;I.II illtlcsc~tl joill WIIVII picking a tj1n.11 1.0 1)~ 1.h 
lirsl.. 
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