Decapsulation:

Estimating Execution Pro�les

in Ob ject Bases

Donald Kossmann Mic hael Stein brunn Alfons Kemp er

R WTH Aachen, Lehrstuhl f � ur Informatik I I I

Ahornstra�e 55

W-5100 Aachen, Germany

f kossmann j steinbrunn j kemp er g@informatik.rwth-aachen.de

Abstract

In this pap er, we prop ose a novel metho d|called de c apsulation |for static al ly

estimating the (running time) cost of ob ject base application programs. The ap-

proach is based on extracting weighted inter-ob ject reference chains that are p o-

tentially traversed during the execution of the program. These reference chains,

called p ath expr essions at the syntactical level, are obtained by data ow analysis;

the weights, which denote the traversal probability

, are derived from selectivity es-

timates of the branching statements, i.e., the if-statements. F rom the inter-ob ject

reference pro�le thus obtained, a Petri net based simulation of the application pro-

gram is derived. The Petri net is initialized by the ob ject base characteristics, such

as the cardinality of the relev ant typ e extensions, the fan-in and fan-out of the ob-

jects, etc. The outcome of the simulation constitutes an estimate of the I/O costs,

i.e., the numb er of (di�erent) ob jects read by the program.

1 In tro duction

Many measures of optimization in database systems dep end on reliable cost estimates, i.e.,

go o d quality estimation of the execution cost of the particular application. F or relational

systems the cost estimation for ev aluating de clar ative queries is understo o d quite well|

witness the adv anced cost mo dels describ ed in, e.g., [SAC

+

79 , Y ao79 ]. However, most

ob ject-oriented database applications are not submitted in the form of a declarative query

but, rather, as a pro cedural application program co ded in an imp erative programming

language such as GOM [KMWZ91] or C++ [Str90].

Principally

, there are three v astly di�erent p ossibilities to estimate the execution pro-

�le of an application:

1

1. user sp e ci�c ation : Let the programmer of an op eration submit a (more or less)

reliable estimate.

1

Of course, some hybrid combinations of these approaches are also conceiv able.

2. sampling : Monitor the execution of the application with a sample of the p ossible

input parameters and, thus, obtain an estimate of the average execution cost.

3. static analysis : Analyze the application program statically (without actually exe-

cuting it) and estimate the execution cost with resp ect to the current ob ject base

characteristics.

In this work we prop ose a metho d|called de c apsulation |which is based on the third

p ossibility

, i.e., static application program analysis. The approach is based on extracting

weighted inter-ob ject reference chains that are p otentially traversed during the execution

of the program. These reference chains, called p ath expr essions at the syntactical level,

are obtained by data ow analysis; the weights, which denote the traversal probability ,

are derived from selectivity estimates of the program branches, i.e., the conditions of

if-statements. F rom the inter-ob ject reference pro�le thus obtained, a Petri net based

simulation of the application program is derived. The Petri net is initialized by the ob ject

base characteristics, such as the cardinality of the relev ant typ e extensions, the fan-in and

fan-out of the ob jects, etc. The outcome of the simulation constitutes an estimate of the

I/O costs, i.e., the numb er of di�erent ob jects read by the program.

W e decided to follow the approach of estimating the execution cost based on static

analysis b ecause of several considerations:

� Even though a knowledgeable user could p ossibly submit a reliable cost estimate,

this estimate is inv alidated by the dynamically changing ob ject base con�guration.

F urthermore, the system should also supp ort less knowledgeable users for whom

optimization has to b e transparent in any case.

� Monitoring the ob ject base under (regular) op eration imp oses a certain system over-

head which may not b e tolerable.

� Static analysis facilitates the instantaneous optimization as so on as an application

is co ded. On the other hand, a monitoring based approach has to b e delayed until a

representative sample has b een collected either under regular ob ject base application

or under simulated, o�-line execution of the applications|which, for this purp ose,

have to b e stripp ed of any statement p ossibly mo difying the ob ject base.

The remainder of this pap er is organized as follows: Section 2 gives a closer view on

the optimization techniques that can b e supp orted by decapsulation. F urthermore, our

architecture of estimating the execution costs is presented, the assumptions are listed,

and related work is discussed. Section 3 outlines the key ideas of decapsulation. A

complete de�nition of decapsulation can b e found in [KSK93]. Section 4 describ es our cost

estimation based on a Petri net simulation. In Section 5 some exp eriments are presented

that investigate the quality of the estimation for realistic applications and typical ob ject

bases. Section 6 concludes the pap er.

2 F o cus

2.1 Applications

The range of optimization techniques that can b e supp orted by decapsulation is di-

verse. Predicting the access b ehavior of an op eration can b e used for pr efetching [WZ86 ].

In [KKM90] decapsulation was intro duced for the materialization of functions. The

metho d intro duced there was re�ned in [GKKM92a ] in order to obtain information for

clustering. F urthermore, the use of ac c ess supp ort r elations [KM92] can b e planned by

the information derived by decapsulation.

In Section 4, the cost of an op eration is estimated on the basis of decapsulation. An

estimation of cost is indisp ensable in query optimization and the optimization of Bo olean

expressions. The idea in optimizing Bo olean expressions is to ev aluate those terms �rst for

which the ratio b etween in uence on the result and ev aluation cost is highest. In [KMS92]

a heuristics is develop ed which requires the cost estimate of the terms, which p ossibly

invoke computationally complex op erations.

2.2 Arc hitecture

The estimation of the execution pro�le devised in this work is carried out in two steps

(cf. Figure 1): �rst, the co de of every op eration is insp ected with the help of the de c ap-

sulation to ol. As a result, decapsulation returns a deterministic �nite automaton that

accepts those path expressions that are p ossibly dereferenced by the application.

Given this automaton and the characteristics of the ob ject base, in the second step,

the execution of the application is simulated. This simulation is carried out on Petri nets

and yields an estimation of the numb er of ob jects of every typ e that are accessed by the

application. Alternativ ely , the cost of an application can b e determined by monitoring ;

i.e., executing the application and, thereby

, counting the numb er of ob jects that are read

from disk. The architecture of monitoring is illustrated in dotted lines in Figure 1.

F rom the p oint of view of e�ciency

, estimating the cost of an application by program

analysis is far sup erior to monitoring. Monitoring either requires an extensive \train-

ing" phase or is carried out on-line inducing a running time p enalty of the application.

Although the numb er of path expressions that are p ossibly dereferenced can grow exp o-

nentially with the numb er of statements of an op eration, decapsulation and the subsequent

simulation are carried out within seconds even for extreme cases. On the other hand, we

exp ect that the cost estimation obtained by monitoring can b e more precise|if a large

enough sample is monitored.

2.3 Assumptions

2.3.1 Programming in terface and data mo del

W e assume, that an application consists of a set of op erations that are co ded in a strongly-

typ ed, imp erative programming language, e.g., GOM [KMWZ91]. Each op eration is a

sequence of assignments, if-statements, lo ops (while, for e ach) and op eration calls. In the

current version of decapsulation, only side-e�ect free op erations can b e analyzed.

Architeof estimating the execution Ob are eitherset or are an aggregation of thatareaccessedbytheop erator.Inter-ob referencechainscan b e represenby so-calledathessions;

e.g., tocompute the v alueofouse.age ob referred to by the path expression we were interestedin estimationofcost, decapsulationreturnsthose pathexpressions, e.g.,,dereferencto thestrong typingthetyp eof theob jecteverypath referstoisknownatcompile time, e.g., refers to a set of Personsbu�er or the cost estimation, we assume that the size of the system’s main memory bu�er p otena consequence, we p ostulate that no ob ject has to b e brought inthe bu�er twice when running the application and therefore, every ob ject induces to maximoneunitofObthisassumption isa sourceof error,as, ,

the size of the bu�er is limited.However, we are mostly concerned with \non-standa applications, e.g., CAD/CAM, that have a very high lo cality in their access b ehaour exp erience, for this kind of applications, the in�nite bu�er mo del applies very wrelational database systems, the problem of determining the cost of a query

(e.g., in SQL) is understo o d very well

[SAC

79, ao79 ,

Ull88orn[WZ86 ] already used ametho d thatanalyzes application programs tosupp efetching. However,work was restricted to the relational mo del, to decapsulation carriesout a data ow analysis [ASU89andger [LH88] and eihl [ei80] also used data ow analysis for the related problem Recen,numb erofalgorithmstostate of a database haveb een lished. and Naughton develop ed an adaptable sampling algorithm to estimate size of generalized transitive closures [LN89mo di�ed their algorithm in order determinethe selectivityof a Bo olean expression [LNS90and Swamiconcenthe estimationofthesize ofaquery bythe meansofsampling[HS92However,wknoofnoworkthatappliesthesesamplingalgorithmstotheestimationofthecost of an arbitrary ob ject base application of Isolated we suggested in the precedingsection, analyzing a program by means of denotes mo deling its b ehavior by way of a �nite this section, we prosome insight into the techniques utilizDecapsulation is grounded �rmly on data ow analysis, a well-known approach b rowed from the �eld of compiler construction (cf., e.g., [ASU89Ththe program dissected statement by statement while pursuing the ow of information into and out each we are only concerned ab out I/O cost, path expressions are the only of information we are interested the same reason, only statements where expressions are involvedneed to b e path , aprogram’sexpressions(arithmetic maas asp ecialcase,containexpressions. extract the path expressions from a program, every statement, sp statements’ expressions, must b e cked for path expressions; the set of all statemenpath expressions is used to estimate the execution a program do not contain any assignments, such a simplish scheme yields indeed the desired However,usually programs do containassignments, so a techniquehas to b e develop thatkeeps track of the v ariables’ v v Assignments establish newormo difyexisting relationshipsb etween the targetv

\basicv ariables,"namely function argumentsorglobalv ariables thatconstituteenp oininto the ob ject get path expressions that originate in basic v ariables wmust keep track of the v alues, i.e.,path expressions As a consequence of the assumptionof side-e�ect freeness, only assignments to lo v are p ossible|everything else would constitute a mo di�cationof the ob ject

Thus, an assignment is generally of the shap := ::� � � :n�:

P

(S

R

(S

StatemenS

P

,R

,R

(S

P

(S

R

(S

)

P

(S

iR

(S

i

Statement S

iP

,R

,R

(S

i

P

(S

iR

(S

i Figure Principledata ow where is a lo cal v information derived from this kind of statement twofold: decapsulation registers that the path expression :::�:n�dereferenced.Second,fromthisp oint on,thev ariablecanb e replacedbyitsv alue,namely::�:wewanttorepresenteachpath expressionas anattributechainin basic v ariables, lo cal v ariables have to b e replaced by their actual v to ols accomplishingthistaskareso-calledewriterulestheab ove statement,therewriterule,thesecond pieceofinformationextracted,is! :� � �:thedataEvstatementof the program yieldsthese twopiecesofsetofpathpressions,denotedasP

,andthesetofrewrite rules,denotedasR

do es not dep end on the context and is characteristic for the statemenHowever,as it do es not su�ce to p erform an isolated analysis of each statement, connection to statements executed earlier,if an, must b e rewrite rules (denoted by R

) are applied to the newly generated rules and path yielding the sets P

and R

, that b ecome, in turn, P

and R

for the statementhis pro cess is illustrated in Figure Apart from assignments, there are more typ es of statements in a program that thecourse of Constructures,although contributingnothing bythemselveplaa decisiveif-statemenlead to forking of the control ow, which is by considering eachbranch , whereas lo ops (while, ach)are dealt with bviewingtherewriterulesof theb o dy as pro ductions of a left-lineargrammar; v constitutethenon-terminalalphab etofthegrammar,andv ariable andattributetheterminal alphab rep eated application of pro ductions in this grammar mo iterative characteristic oflo alineargrammarisalwaysregular[Sal73],wcanrepresentitconvenientlyas theaccepting�niteautomaton [Sal69 adv antage in the canonical sp eci�cation (as opp osed to regular expressions) of path expression that facilitates further pro cessing, esp ecially cost example that this approach is provided in Section In able 1, the data ow equations for the rewrite rules R are listed for each statementyp op erator \�" in the expression R

R

the application of rewrite in R

to rules in R

by substituting the v ariable on the right-hand side of a rule in R

by the entire right-hand side of the matching rule in R

instance, the rule :� � � :from Section 3.1.2 can b e rewritten by a rule with on its

Data ow

:=

R

(S = f(! p)R

(S )= f (p

) 2 R

(S ) j = v R

(S ) = (R

(S ) � R

(S )) [ (R

(S ) n R

(S

then S

else S

R

(S = (R

(S

); R

(S

)R

(S ) = (R

(S

); R

(S

)R

(S

) = R

(S R

(S

) = R

(S R

(S )= (R

(S

); R

(S

)

S

; S

R

(S ) = (R

(S

)�R

(S

))[(R

(S

)nR

(S

R

(S ) = R

(S

)[ R

(S

R

(S

) = R

(S R

(S

) = R

(S

R

(S )= R

(S

e do S

R

(S =R

(R

(S ) =f(!p)2R

(S ) j9p

: (! p

) 2 R

(S R

() = R

(S R

(S ) = (R

(S ) � R

(S )) [ (R

(S ) n R

(S

v in p do S

R

(S = R

()�fv ! p@R

(S ) = f (p

) 2 R

(S ) j 9p

: (p

) 2 R

(S R

() = R

(S R

(S ) = (R

(S ) � R

(S )) [ (R

(S ) n R

(S ow equations for rewrite f! :� � � :g � f! :� � � :f! :� � � ::: � � � :set R

app earing in able 1 has not b een mentioned so simply contains rewrite rulesthatareinv alidated(\killed") bythecurrentstatemeninstance, assignment with v

on its left-hand side kills all rewrite rules that also have v

on left-hand The data ow equations for extracted path expressions lo ok quite similar to able howevlack of space do es not p ermit a comprehensive treatment of each asp ect decapsulation.

main purp ose of able 1 is the illustration of the working principleSection 3.3 contains the complete analysis of a sample program; a more formally oriendescription of the underlying concepts can b e found in [KSK93Apart from the letter of the terminal alphab et, a assigned to every of the automaton derived this wadenotes the probability that the ob ject represented by the terminal letter is dereferenced up on execution of the branching probabilities of if-statements are estimated;

conditions in while-statemenare not considered, b ecause no attempt is made by the decapsulation mo dule to

exp ectednumb erof iterationsofawhileop|due to thefactthatprobabilitieskind arelikely tochangein thecourseofp erformingthe iterations,thiswouldin b e imp ossible anywaour implementation, we used a simple estimation to[SAC

79 ];

inparticular, the probability ofanequality comparison(=

)estimated as1=10,and(> ) as1=ChecforNULLreferences aredi�erently:(expr 6NULL)isassumedtob ealwaystrue,i.e.,theprobability is1, b succhecksare usually terminatingconditions for lo ops or recursions, therefore considerations as forwhileops can b eaddition,allconditions areto b e sto chastically indep endent, so the probability of a conjunction is the pro duct of individual do esnot need to b e mentioned that this rather elementary scheme leaves plenttob eHowever,it do esnota�ectthe principles of decapsulation,we b this strategy for its simplicity while keeping in mind that enhanced precision canb accomplished by intro ducing a more sophisticated metho d, e.g., one of [Dem80, Chr83 PSC84 MD88, LNS90 Aany rate, the precision of the probability estimation is of imp ortance if, for instance, the execution costs of the two branches of an if-statement approximately the the results of the cost estimation are, in spite of simple probability estimation, quite In the previous section, the principlesof decapsulation for a single function have b intro Noweshall take a higher p oint of viewfor theanalysis and invthe relationships b etween several functions that invokeeach other, includingrecursivinvo the ob jectbase constitutes,in general, a directedgraph, recursivfunctionsarefrequently encountered, e.g., in implementations oftransitive thereforeimp ortantthatananalysisto oliscapableofhandlingthisHowever,itisnot necessary tointro duce completelynew basicideaexpressing each traversed path in terms of basic v ariables do es not need to b e Firstofall, theprerequisites forinter-function decapsulationmustb ePpassingisalways\byv function called must b eidenti�able by staticrules out\p ointofunction" v ariables andlate is asingle eturn-statement at the endof the function b o The analysis is carried out in a manner similar to lo op the �rst step, functions inved are treated , i.e.,an isolated analysis is p erformed as scrib in the previous section|this is analogous to the treatment of a lo op b o \statement of a function op is considered an assignment op := to ascal).urthermore, parameter passing is realized by assigning every actual p

to the corresp onding formal parameter v

rewrite rules that can thus b derived are viewed as the pro ductions of a left-linear grammar, and the further is the same as for lo resulting sets of rewrite rules and path expressions, R

and P

, can b e viewed as the \inter-function" analogue for the sets R

and P

the isolated

search: No de, int ! No co de searcco de�nesearcco de(tree,searchkey)b while (tree

6= NULL and tree:key6=searchkeyb if (searchkey>tree:keytree:=tree:righttree:=tree:leendreturnendsearcdeclareNo ! inco de co de�neco de(tree)al:

inb if

6=b al

:=tree:entryal

:=al + sum(tree:lefal

:=al + sum(tree:right)endal

:=returnal)endillustrate howdecapsulationworks,weshall take acloser lo okattwosample

�rst program

(Figure

3a)searches a key in a tree andreturns (a p ointer to) asso ciated no de

(NULL in case of failure), the second

(Figure 3b) computes the sum all entries in a tree thatmay serve asinput forb othprogramsis depicted

Figure of shall start with the function ch in Figure traverses exactly one path from ro of the argument tree to one of its leaves. the cost for non-ob ject op is presumed negligible, statements of this kind will b e omitted in the following At the b eginning, the set of rewrite rules R

and path expressions P

is initialized R

f! treeP

�rst statement in ch is the while-lo to

Section

3.1, the b o dy of lo op has to b e treated consists of a single if-statemenrewrite rule for then-branch is e :,fortheelse-bra nche!

:Ththe lo op b o dy yields the following two rules

(according to Section

3.1.4, probabilitofchkey:is

1=Rewrite

Probabilit

tree ! tree:righ

1=tree ! tree:l

2=The complete grammar G = (�; ; that we obtain from these rules fN

Automaton mo deling the while-lo op of = ftree:left;

:right= fN

N

N

:leftN

N

:rightThe

�nite automatonthat accepts the languagegenerated by G is depicted in Figure together with the probabilities; Zis the initial state, N

the (sole)

�nal of path expressions accepted by this automaton ftreetree:left;

tree:right;

tree:left:l; : : := ftree(:left j :right) question is, how the sets R

and P

can b e derived from this rewrite rules, the answer is set consists of rules that have the v corresp onding to the �nal states as their left-hand sides, and all p ossible words that to this particular

�nal state as their right-hand our example,there is but �nal state, so the rules in R

for the while-lo op R

ftree ! tree(:left j :right) gR

for the while-lo opconsists of only one rule, namely e! e , that do es not mo therulesofR

Thus, we obtain R

= R

However,our chief interest fo cuses on the set of path expressions p otentially travby ; this is the information we ultimately want to Lo closely at while-lo o we notice that some paths have not b een considered ypaths are in expressionsthatdonotyield areference toanob ject, butaBo oleanorinteger v Therefore,theydo not in uencethecomputation ofthe setsof rewriteHowever,

doin uencethecomputationof thesetsof paththesetP

foronepass through theb o dy ofthewhile-lo op has tob e determined.

In contrast to the computation of R

, the conditions of the if-statement must b e takinto accounHowever,only \cost-relev ant" path expression P

of the lo op’s b o P

= ftreewith weight order to obtain P

, R

has to b e applied to P

and the path pressions extracted from the whileunion of the two results constitute P

the entirewhile-lo o as forthe computationof R

,R

has to b etoP

;furthermore, P

hastob e our example,however,this do esnot maka di�erence, so we P

= ftree(:left j :right) as the result of the analysis of the function ch mo delingtherecursiveimplementationof ofThe recursiveimplementation of the function 3b) cannot b e resolved by means used in the previous

Instead, the concepts of inter-function as sketched in Section 3.2 must b e The �rst step consists of the isolated analysis of the function in exactly the same waas in the previous

However,the b o dy of sum do es not contain any assignmenof ob ject references, no rewrite rules are other words, R

is the same the initial v alue of R

,i.e.,fe !e grewrite rulesaregeneratedbmo delingtheparameterpassing mechanismoftherecursiveinvo is actual parameter e.right, generating the rewrite ! tree:letree ! tree:righare propagated into fe ! g, ftree ! treeg � ftree ! tree:!

tree:righg ftree ! tree:left!

tree:rightyielding the set R

Rewrite eigh

tree ! tree:le tree ! tree:righ which leads to the automaton in Figure is quite similar to Figure 4, but the di�erenweights are crucial for the cost

With this information, the computation of the set of traversed paths P

for sum straightforwrules of R

must b e applied to the set of path expressions areextracted from

’sb o setofextracted pathexpressions fortheb o dyis P

= fe g with weight the rules of R

into P

, the ofpathstraversed by aninvo cation ofsum canb edescrib edby thefollowingP

ftree(:left j:right) thesetoftraversedpathsisdescrib edbythesameregularexpressionb othfunctions,the actualcostsare completelydi�erenthecost which is presented in the next section, do es not take the regular expression as its

Matcan automaton onto a buttheautomaton inFigure

4resp.

Figuredi�erent weights ofthe corresp transitions, which re ect the di�erent b ehaviorof ch andsum, make the di�erence thecostof ExecutionstatedinSection2,theinformationderived bydecapsulationcanb eusedtosupp agreatv ariety ofapplications. Inthissection, theestimationoftheexp ectednumb er ob jects accessed by an application on the basis of decapsulation is ao’s formula [ao77 ] and/or the clustering of ob jects on pages [GKKM92b], exp ected numb er of ob jects accessed is a measure for the I/O activity and hence, for cost (running time) of executing an or example, Figure 6a illustrates the automaton and the weights returned by sulation for a mo di�cation of function sum (cf. Fig. a no de is visited, its �eld is dereferenced with probability 1, whereas its is only dereferenced probability an average 4.75 ob jects are read, when applying this program on tree illustrated in Figure Figure 6b, the probability that a no de is read is by the p ortion of the no de that is shaded, e.g., No de 22 is accessed with probability are several p ossibilities to estimate the cost of an application given the with weights and the ob ject [GKKM92a ], an algorithm is devised traverses the ob ject base on the basis of the at everyp ossible enp oint of the ob ject base and the initial state of the automaton the algorithm nathrough the ob jectbase according to the transitions of theautomaton untila NULL erenceis detectedor up to a certain algorithmprop osed in[GKKM92a ]wdesigned to obtain information for clustering;however,it couldeasilyb e adapted to A more e�cient,alb eit less precise, way to estimate the execution cost is to the ob ject base; i.e.,rather than considering every p ossible entry p oint, the ob ject is traversed iterativelyb eginning at a randomly selectedentryp oint until a conditionthemeaniscomputedas anestimationoftherunningtimeof andNaughtonsuggestedasamplingalgorithmthatwouldsuitproblem quite well

[LN89, even asophisticated sampling algorithm will run for hours,when pliedtoarealistically largethis delayis not tolerablefor manycations, we designed a very fast estimation metho d; thereby allowing an even imprecisiestimation is obtained by execution of the on Petri nets [Pet77] from the p oint of view of the main memory simno I/O is necessary to investigate the state of the ob ject matter holarge the ob ject base is and how many states the automaton has, the running time of simulation will always b e less than a arameters of the state of the ob ject base is characterized by the following enumb of entry p oints of the ob ject d(cardinality of the extension of typ e �(T avfan-in of an ob ject of typ e i.e.,the numb er of references refer to ob jects of typ e by d().

fo(T avfan-out of an ob ject of typ e i.e.,the numb er of emanating form ob jects of typ e d(:x):average cardinalityof allsets referredto byan x �eldof an ob of typ eif x contains a referenceto a set-structured ob In most systems, all entry p oints to the ob ject base are known; e.g., in our mo del theentryp oints aredeclaredas p ersistentv ariables[KMWZ91d(is known quantit, to the other hand, the computation of �(and d(:x) can b exp ensivHowever,only need to b e computed once, or each time the ob ject has changed signi�can,and henceforth, can b e stored in the scaverageout of all instances of typ e determined considering the attributes ob jects of typ e conOb,these parameters alone cannot re ectcompletelythe complexstructurea large ob ject results willonly b e achieved,if additional assumptions In particular, the structure of the ob ject base has to b e regular, e.g.,all instances of sametyp e havapproximately the samefan-in(Tthecurrentversion,like ob jects that are not referred to by any other ob ject, are not dealt with, b ecause wwereinterestedto keepthe system as \slim"as p However,simulation that is based on Petri nets can easily b e extended to incorp orate additional or example, the degree of sharing (the numb er of ob jects that are shared) can b e takinto account by adjusting the weights of the transitions of the Petri net corresp the etri idea of the simulation is to sort out for every typ e the numb er of ob jects that b eread intothebu�er and thenumb erof ob jectsthat willnotb e ,

ransitionderived fromatransitionofanautomaton, and(b)athree thePetrinet are establishedfor everytyp e(T keeps at evp ointof the simulation the numb er of ob jects thatstill need tob esortedout,

(representhe numb er ofob jects that have b een broughtinto the bu�er,and(T references referring to ob jects that have not b een Initiall(T (tokens, whereas (and (T are emptThe b ehavior of the application is considered by mapping the automaton returned bdecapsulation into the Petri or every state of the automaton a place is and each transition of the automaton is re ected by a transition of the Petri for the states of the automaton represent the numb er of references that need to b pro cessed when the execution \reaches" this the place for the initial of the automaton holds e tokens (representing the e entry p oints of the ob ject base) all other places are emptFigure 7a illustrates how an arbitrary transition (from State State weighvia attribute x of an ob ject of typ e to an ob ject of typ e T2) of is re ected in the Petri the p ointer in the x �eld is simbthe the token is removed from the places for State (T2 denoting that another ob ject is the other hand, the �res w tokens into the (place denoting that w ob jects are read on an avas the application will dereferencethe x �eld with probability w a new ob ject of typ read, fo (that are stored in the ob ject need to b e Consequen� (tokens are �red into the place representing State II. if x is set-v alued, (:xtokens are removed from the (T2 place, w� (T1 :xtokare

�red into the (place, and � fo (�

(:xtokens are into the place representing

State

IIWith probability (1 � w the ob ject that is referred to by the x �eld is not The probability that this ob ject may b e sorted out into the (T2 place dep largely on the fan-in of the ob higher the fan-in

(the higher the probabilitthat the ob ject can b e accessed via another obtained go o d results by the weight of the incoming edge of a (T place by 1=(T addition, some ob jects of the transitive closure of an ob ject that is not not b e is mo deledby establishinga d for every identi�er.7b depicts the structure of the for the x �eld ob of typ e T1the probability that an ob ject within the transitive closure not accessed dep ends on its this reason, the activity of a is stemmed by (T2 ) again, this weighting was obtained heuristically by extensive

b encsummarize, the Petri net is constructed as folloplaces and transitions derived from the automaton and the schema of the ob ject weights of are derived from the parameters (T fo (and (:x), and from the weighreturned by initial marking is determined by the parameters e (of the simulation is carried out iteratively ob eying the following each iteration of the simulation every transition will �re that is able to p a transition will also �re several times simultaneously; e.g., if all weighare 1 and all a�ected places contain two tokens, the transition will �re tother hand, transitions will also transp ort fractions of tokens, e.g., if a only holds half a toktransition will b e it is p that two transitions e a token, when they �re simsimulation terminates as so on as no transition is able to �re anis guaranteed, b ecause the numb er of tokens in the decreases every The estimation is obtained by counting the numb er of tokens in the (places the end of the simFigure 8 illustrates some steps carried out in the simulation of the example of Figure tree has 7 no des ((= is only one entry p oint (e = 1), the ro ot the trees, no ob jects are shared, consequently (T = 1 tree is binary inducing fo (= exp ected, the simulation returns 4.75 as the for the execution of the and e simulation on the basis of decapsulation will estimate the execution pro�le for applications precisely; e.g., an application that rotates every of a set of es cardinalitis knowill detect that every every the simulation will estimate the cost .However,in general, it is not p to predict the cost of an application there even is no upp er b for the error of an estimation based on program analysis that holds for arbitrary ob bases, arbitrary applications, and arbitrary user’s In the estimation pro cedure devised in this work there are �ve sources of

theexecutioncost with a Petri(a) initial marking, (b) the �rst iteration, and (c) after

Decapsulation returns no information ab out the numb er of iterations a lo op map erform.

example, a lo op that navigates through a very large list may halt afewiterationswhenanappropriateelement is found,orit mayscanthroughentirelist to computean has no means to detectdi�erence; it is alwaysassumed thatthe entire list is scannedselectivity ofaconditionisnotalwaysdetermined .

or recursive op erations,the set of all path expressions that are p ossibly erenced is context-free and not regular as set of path by the automatonreturned by decapsulation is asup er-set of all the expressions that are p ossibly dereferenced,which may b e the cause of ovthe cost ofanThe parameters of the simulation do not characterize the state of an ob ject .

in�nite bu�er mo del can b e a source of These aws b ecome particularly apparent in applications that browse recursively the ob ject base, e.g., the computation of transitive closures or searching for a k.Consequenthe remainder of this section concentrates on presenting exp erimenforapplicationsofthiskind, b ecauseprogramswithstraightforwardb ehaviordonotp a problemfor in the �rst exp eriment, we measured the cost to search for a key in trees that organized in four di�erent wachose four di�erent v ariants to investigate hodecapsulation reacts on v arying traversal 9 illustrates how No de 13 retrievedforeachofthefour v ariants;everyno dethathasto b evisitedto�ndNo deis the no desare unsorted, asin

Figure

9a,the tree is traversed depth-�rstunthe key is the worst case, if the key is not stored in the tree, the entire needsto b eFigure9bthetreeisorganizedso thatthesearchmayb ecarriedout bythrough the the ro ot is compared with the key to search case every son of the ro ot is insp ected and the subtree is chosen in which the key p ossibly b e search terminates as so on as the key is found or a leaf is reacare kept within every no dethat indicate in which subtree to continue search, notevery child needs to b e technique is illustrated in Figure

9dillustrates anindex are only storedin the leaves of a tree, and evinnerno decontainssignp osts thatindicatetowhichsubtreetobrancor each of the four v ariants, we estimated the cost of the search by analyzing corresp program with the help of the decapsulation to ol, and then, carrying out simulation on the corresp onding Petri we considered three di�erent with degree 2, 3 and 5.

The higher the degree of a tree, the lower is the

degree of a tree onds to the fan-out, parameter fo of the simulatio

(c) sortedbyindex

FigureSearcheighforthesearchintheheightisthedominatingcases,thetreesconsistedof 10000 no des andweretheotherhand, wthe executionof the corresp onding programs; i.e.,we carriedout the search counthenumb er of no des that werebrought intothe rep eated the searcwith a sample of 10000 random search kwe found out exp erimentall10000 samples are usually enough to obtain precise and stable results for exp eriments.However,matter how many samples are considered, error can never b precludedwhen using a random Figure 10 summarizes the exp erimental results (a, c, e, f ) and the relativeerror d, f, h) of the simulation under the assumption that the results obtained by (extensivemonitoring are representative.The hit probability is plotted against the xprobability is de�ned as the fraction of the search keys that are stored in the when building the sample. increasing hit probability the average cost to search a key decreases, b ecause the algorithms terminate as so on as the key is index trees, the average cost remains inv ariant with increasing hit probabilit, as stops at leaves in any graphs lab eled by SIM refer to the obtained by the simulation, whereas those lab eled by MON refer to the costs by or diving, derch, and index e the error is quite small (less than

5000

6000

7000

8000

9000

10000

11000

12000

0 20 40 60 80 100

Costs

hit probability [%]

(a) unsorted

SIM MON

23

24

25

26

27

28

29

30

31

32

33

0 20 40 60 80 100

Costs

hit probability [%]

(c) diving

SIM, deg=2

MON, deg=2

SIM, deg=3

MON, deg=3

SIM, deg=5

MON, deg=5

6789101112131415 0 20 40 60 80 100

Costs

hit probability [%] (e) preorder search

SIM, deg=2

MON, deg=2

SIM, deg=3

MON, deg=3

SIM, deg=5

MON, deg=5

67891011121314 0 20 40 60 80 100

Costs

hit probability [%]

(g) index tree

SIM, deg=2

MON, deg=2

SIM, deg=3

MON, deg=3

SIM, deg=5

MON, deg=5

01020304050607080 0 20 40 60 80 100

error [%]

hit probability [%] (b) unsorted

0 1 2 3 4 5 6 7 8

0 20 40 60 80 100 error [%] hit probability [%]

(d) diving deg=2 deg=3 deg=5

0

1

2

3

4

5

6

7

0 20 40 60 80 100

error [%]

hit probability [%]

(f) preorder search

deg=2

deg=3

deg=5

0 1 2 3 4 5 6

0 20 40 60 80 100

error [%]

hit probability [%]

(h) index tree

deg=2

deg=3

deg=5

forsearchingarandomk strategies turnedout to havea verylowdeviationand thehit probabilityhas a rather small Consequenthe uncertainty at compile-timeis low, decapsulationreturned precise the other hand,the costof searching in hasavery highdeviationandisvery sensitive withresp ecttotheprobabilit. the key is stored in the tree, half the tree must b e read in the average untilthekey isHowever,assumes thattheentiretreeistravwith probability

0.9;thus, it is estimated that onanaverage

9000no desareread.

ClosureinGeneralIn general, the ob ject base is not Consequenwe considered digraphs in the subsequent exp erimengenerated randomly e connected with one entry p oint eactotal,

10000 no des were we added p ossibly connecting two subgraphs|by selecting two no des randomly;

thereb,cycles the resulting digraph were not As in the preceding exp ts, the edges were implemented by inter-ob ject

Evno de contained an attribute to, a multi-set of references representing outgoing of a no no other references were de�ned, (= (de :to )

#=1000 0 eimplementedanaivealgorithmthat computesthetransitiveclosureof a givenp oinalgorithmdereferencesallthe p ointersstored inthe to �eldsrecursiveland marks all the visited no 11a and 11c illustrate the exp erimentalfor v arying � and e, and two di�erent probability distributions that control the of the the estimationobtained bycarrying out thesimulation for v arious con�gurations (SIM) is contrasted to monitoring the execution of the (MON). Here, we executed and monitored the algorithm for every p ossible entry p oinand computedthemeanoftheresultingestimationobtainedbythesimulationcanb eseenasago d measureofthat detects what in uence the parameters have on the execution the the error can b ecome very high; we observe p eaks for the relative error

(cf.

Fig.

when the simulation overestimates drastically the cost of computing the transitive

However,the relative error only is not always a constant the relativeerror increases with decreasing b ecomes particularly apparenFigure 11d for � this pap er, we develop ed a cost estimation for ob ject-oriented database which is based on static program analysis and subsequent simapproacthe very e�cient deriv ation of costestimates|orders of magnitudefaster monitoringtheexecution oftheapplicationprogramsonsampleinputparametersandrepresentativedatabase quantitativeev aluation of our metho d indicatesthat the obtained results quite precise inmostHowevthereare cases|esp eciallywhenconsidering

isthe estimated selectivity of the condition(e :key 6=chkey

0 2000 4000 6000 8000 10000 1 1.2 1.4 1.6 1.8 2

Costs

fan-in (a) binomial distr. (n=2, p=0.1)SIM, e=2

MON, e=2

SIM, e=100

MON, e=100

SIM, e=1000

MON, e=1000

0 2000 4000 6000 8000 10000 0 200 400 600 800 1000 1200 1400 1600 1800 2000

Costs

entry points (c) binomial distr. (n=5, p=0.01)

SIM, fi=2

MON, fi=2

SIM, fi=3

MON, fi=3

SIM, fi=5

MON, fi=5

050100150200 1 1.2 1.4 1.6 1.8 2

error [%]

fan-in

(b) binomial distr. (n=2, p=0.1)2 EP100 EP1000 EP

0510152025303540 0 200 400 600 800 1000

error [%]

entry points

(d) binomial distr. (n=5, p=0.01)fi=2fi=3fi=5

ransitivclosure of regular (contrived) program and/or ob ject base structures|in which the cost obtained by decapsulation deviates substantially from the actual future wwe willanalyze a large set of realisticprograms|obtained from engineering co op partners|to ev aluate thequalityof decapsulation on real-lifeob jectbase wledgemts

This work was partially carried out within the graduate college \Computer Science Engineering"attheechnical

UniversityAachen andsupp ortedby the Research

Council under contract numb er Ke 401/6- Detro implemented lationandhelp edcarryingouttheexp eriments. thank Carsten Gerlhof for letting use his graph generator that is part of the simulation workb ench also thank Christoph Kilger and Guido Mo erkotte for their contribution in the design V. Aho, R. Sethi, and J. D. Construction, volumeI Reading,MA,

Christo record selectivitiSystems8(2):105{115Demolomb Estimatiof the numb er of tuples satisfying a query in predicate calculus c. of the Conf. on V ery ge Data (VLDB)pages 55{63, Gerlhof, A. Kemp er, C. Kilger, and G. Mo erkin ob ject ecRep ort 6/92, f Informatik, UnivKarlsruhe, Jun Gerlhof, A. Kemp er, C. Kilger, and G. Mo erkotte.Partition-based in ob ject theory to ecRep ort 92-34, AacD-5100 Aachen, Dec Haas and A.N. SwSequensampling pro cedures for query size c. of the ACM SIGMOD Conf. on Management of Data, Jun Kemp er, C. Kilger, and G. Mo erkMaterializatiof unctions in Ob Bases: Realization, and Ev ecRep ort 28/90, f UnivKarlsruhe, D-7500 Karlsruhe, Sept. app ear IEEE rans. Knowledge and Data Engineering, Apr Kemp er and G. Mo erkotte. Access Supp ort Relations: an indexing metho d ob ject Information Systems, 17(2):117{146, Kemp er, G. Mo erkotte, and M. SteinBo olean in ob ject c. of the Conf. on V ery ge Data Bases (VLDB),79{90, ancouver,B.C.,

Canada,

AugKemp er,G.Mo erkotte,H.-D.

alter, andA.Zacatyp ed,p ersistent ob ject mo del with p c.derGI-F anken in B T chnik und Wissenschaft

(BTW), pages

198{217, slautern, Mar 1991.

erlag, achb erichte Nr. Kossmann, M. Steinbrunn, and A. Kemp Decapsulation:

Estimatition pro�les in ob ject ecrep ort,

Aachen,

D-5100

AacLarus and . con icts b etween structure of the ACM SIGPLAN

Conf. on amming anguage

Design and tion, pages

21{34,

Atlanta,

June

Lipton and J. Naughthe size of generalized e In c. of the Conf. on V ery ge DataBases

(VLDB), pages

165{171,dam, J. Lipton, J. F. Naughton, and D. A. Scselectivity throughadaptive In c. of the ACM SIGMOD

Conf. on of Data, pages

1{11,

Muralikrishna and D.J.

DeWitt.Equi-depth histograms for estimating tivity factors for multi-dimensional In c. of the ACM SIGMOD on Management of Data, pages

28{36,

[PPeterson. PAComputing Surveys, 9:223{252,Piatetsky-Shapiro and C. estimation of the numb er of satisfying a c. of the ACM SIGMOD Conf. on Management Data, pages 256{276,Boston, USA, Jun [SAC

G. Selinger, M. M. Astrahan, D. D. Chamb erlin, R. A. Lorie, and T. G. Access path selection in a relationaldatabase management c. of ACM SIGMOD Conf. on Management of Data, pages 23{34, Boston, USA, of Automata, volume 100 of Int. Series of aphs e and d Mathematics. PPress, Oxford, Salomaa. F ormal anguages. Academic Press, New ork, C++ amming anguage2nd D. of Data and dge Bases, volume I Press, o o dland Hills, CA, E. Interpro data ow analysis in the presence of p ointers, cedure v ariables, and lab el v c. 7th ACM Sypm. on Principles amming anguages, pages 83{94,San Diego, August edeking and G. ornPrefetcin realtime database In c. of the ACM SIGMOD Conf. on Management of Data, pages 215{226,

D.C., B. Approblo ck accesses in database organizations.tions of the ACM, 20(4):260{261, April of query ev aluation algoritACM T ans. on Systems,

4(2):133{155,