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We present.in this chapter an overview of the benchmarks aimed at evaluating the
performancesof Object-Oriented Databases(OODBSs). Weparticul arly focuson the Obj ect-
ClusteringBenchmark (OCB), whichisboth generic and originally designed to specifically
evaluatethe performancesof clustering policieswithin OODBs. OCB isgeneric becauseits
sample database may be customized to fit any of the databases.introduced by the main
previousbenchmarks, e.g., Object Operation 1 (OO1) or OO7. Thefirst version of OCB was
purposely clustering-oriented due to a clustering-oriented workload, but OCB has been
thoroughly extended to be able to suit other purposes: Eventually, OCB’s code is compact
and easily portable. OCB has beenvalidated through two implementations: one within the
O, OODB and another one within-the Texas persistent object store. The performances
of two different clusteringpoliciesimplementedin Texas, Dynamic, Statistical, Tunable
Clustering (DSTC) and Detection & Reclustering of Objects (DRO), have also been
comparedwith OCB.

The need to evaluate the performances of Object-Oriented Database Management
Systems (OODBM Ss) isimportant both to designers and users. Performance evaluation is
useful todesignersto determineel ementsof architecture, choosebetween caching strategies,
and select Object Identifier (OID) type, among others. It helps them validate or refute
hypothesesregarding the actual behavior of an OODBMS. Thus, performanceevaluationis
an essential component in the development process of efficient and well-designed object
stores. Users may also employ performance evaluation; either to compare the efficiency of
different technol ogies before selectingan OODBMS or to tune a system.

The main work presented in thischapter wasinitially motivated by the evaluation of
object clustering techniques.-The benefits induced by such techniques on global perfor-
mances arewidely acknowledged and numerous clustering strategies have been proposed.
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Asfarasweknow, thereisno generic approach allowingfor their comparison. Thisproblem
isinteresting for both designers (to set up the corresponding functionalities in the system
kernel) and users (for performance tuning).

There are different approaches used to evaluate the performances of agiven system:
experimentation, simulation, and mathematical analysis. We focus only_on the first two
approaches. Mathematical analysis is not considered because it invariably uses strong
simplification hypotheses (Benzaken, 1990; Gardarin, Gruser, & Tang, 1995) anditsresults
may well differ fromreality.

Experimentation on.the real system is the most natural approach and a priori the
simplest.to.complete. However, the studied system must have been acquired, installed, and
have a real database implanted in it. This database must also be significant of future
exploitation of thesystem. Total investment and expl oitation costsmay bequitehigh, which
can be drawbacks when selecting a product.

Simulation is casually used in substitution or as a complement to experimentation. It
does not necessitate installing nor acquiring the real system. It can even be performed ona
system still in development (a priori evaluation). The execution of asimulation programis
generally muchfaster than experimentation. I nvestment and expl oitation costsarevery low.
However, this approach necessitates the design of a functioning model for the studied
system. The reliability of results directly depends on the quality and the validity of this
model. Thus, the main difficulty is to.elaborate and validate the model. A modeling
methodology can help and secure these tasks.

Experimentation and simulation both necessitate a workload model (database and
operations to run on this database) and a set of performance metrics. These elements are
traditionally provided by benchmarks. Though interest for benchmarksiswell recognized
for experimentation, simulation approaches usually use workloads that are dedicated to a
given study, rather than workloads suited to performance comparisons. We believe that
benchmarking techniques can al so be useful in simulation. Benchmarking can help validate
a simulation model as compared to experimental results or support a mixed approach in
which some performance criterianecessitating precision are measured by experimentation
and other criteriathat does not necessitate precision are evaluated by simulation.

There is no standard benchmark for OODBS, even if the more popular benchmarks,
001, HyperModel, and OO7 are de facto standards. These benchmarks are aimed at
engineering applications (Computer-Aided Desi gn, Manufacturing, or Software Engineer-
ing). These general purpose benchmarks feature quite simple databases and are not well
suited tothestudy of clustering, whichisvery datadependent. Many benchmarkshave been
devel opedto study particulardomains. A fair number of themaremoreor lessbased on OO1,
HyperModel, or OO7.

In order to evaluate the performances of clustering algorithmswithin OODBS, anew
benchmark wasdesigned: OCB (Darmont, Petit, & Schneider, 1998). It originally had ageneric
object baseand wasclustering oriented throughitsworkload. It actually appeared afterwards
that OCB could become more general, provided the focused workload was extended, as
described in this chapter.

Full specifications for a new version of OCB are provided in this chapter. More
precisely, we address the following points: the generalization of the OCB workload so that
the benchmark becomes fully generic, a’comparison of OCB to the main existing bench-
marks, and a full set.of experiments performed to definitely validate OCB. These perfor-
mancetestswereperformed onthe O, O0DB (Deux, 1991), the Texaspersi stent object store
(Singhal, Kakkad, & Wilson, 1992), andthe DSTC (Bullat & Schneider, 1996) andtheDRO
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