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A rac

When datn objects in dalabases are involved in more than one kind of relationships, we say that these objects are in a maultiple
relationship cnvironment. Object-Oriented datzbuses are an example of such in  a multiple relationship environment. That is, an object in
QODBs may participate in is-a, is-insfance-of, part-of and other relationships. The main goal of this paper is to take into account of all of
these relationships when clustering objecis in secondary siorage, We develnp a distance metric.for objecls to measure the degree of inter-
relationship, and apply ® greedy algorithm to order the objeets. Alier this sequence is constructed, we then can eagily put this object
sequence onto the secondary storage and achieve the purpose of clustering. We also discuss in this paper the features of our method that

meke it different from the previeus proposed metheds.

L. Introduction

1.1 OQverview of Clustering in

QODBs

The Object-Oriented (QO) paradigm has been recognized as
a useful approack in knowledge representstion, programming
languages, and software engineering. Besides, the OO concept has
also been applied to the databass systems recently becsuse of its
extensibility and semantic richness. Object-Oriented databases
(OODBs) offer the next-generation database applications a good
solution to the major shertcomings of traditicnal relational
database systems. These are several characteristics of OQODBs
which we consider make it especially suitable for the newly-
emerging applications, such as 015, CASE, and CAD/CAM
systems.  These characteristics include 1) the support of
complex ohjects that enabls uscrs 10 define new complex data
types instead of only system-defined flatiened primitive dala
types. 2} the inclusion of ebstract data types which make it
easier to describe the dypmamic behavior of the data, thus
increasing the level of abstraction. 3) the use of inheritance
that facilitates the database’ designers to reuse the
attributefeode definitions, and 4) the support of ohject identity
that makes it more natural to model the real-world enlities,

Many OO langueges such as Smallialk and CLOS have heen
extended with the functions of persisitence and shoreability in
order to make them become database programming languages.
These OO0 languages have both the advanuages of object-
oricntation and database systems. However, in order for these
Object-Oriented database systems lo be more practical and
useful, some other dalabese features must be added [9}[25][26]
For example, = declarative query language [18], concurrency
mapagement [14], authorization [12], and storege control [13]
must also be reconsidered In OCDBs. Espccially, the functionality
of managing large amount of data safely and efficiently is crucial
for QODBs design. In this paper, we concentrate on discussing
and proposing an approach for clustering in OODBs.

Clustering is an importent issue in physical database
design [23]. It is concemed with how to store the reluted duta
onto sccondary storage as closely as possible in order to expedite
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the cfficiency of data retrieval.  Therefore, clustering can
improve the performance of the database systems, which is the
s major problem of OODBs. In waditional relational database
systems, each relation is independent. The relations are joined
dynamically according w the inter-relalionship of relations when
a user’s query is processed. Consequently, it is sufficient to use
zither the n-ary storage model (NSM)} or the decomposition
storage modcl (DSM) [31(10] for the rclationzl database
clustering. Bw in OODBs, clustering is complicated by the
multiple relationships among the objects. That is, an object can
be both an instance of a class and & component of a complex
object.  Besides these aggregation end generalization
relationships, other siructural relationships such ns versions and
configurations [1] can alse exist. In this situation, the objects are

"in a multiple relationship environment. This environment affects

the clustering methods that can be used because we have multi-
dimensiona! goals while storing the related objects onte the
single-dimensional storsge. In order 1o solve this problem, we
proposc a method in this paper for compromising on the possible
relationships among ohiects and then ordering the objects into a
clustering sequence, After the sequence is constructed, we can
then casily map the sequence into the secondary storage and
preserve the multiple relationships of ‘the objects,  thus
achieving the purpose of clustering.

1,2 Previgus Related Work

Must previous papers on OODB  clustering have been
focusing on complex sbjects (nested objects). In [2] Banerjee and
Kim studied the possible traversal methods of a DAG( Directed
Acyelic Graph), which is in fact the complex object hierarchy. In
[21] Dewitt discussed the representation of large complex objects
and the algorithms to dynamically insert and delete objects in
the large complex objects with an emphasis om optimizing
performagce.  Another complex object storage model which is
not based on the the object reference relationships but rather on
the objeet identifiers was presented in [22), But the above
research only restricted Lheir discussions to a single relationship
between objects and did nol cover the thorough semantics of the
OO0 paradigm. [!] was the first paper to take into account the
multiple relationships {Inheritance, Version, Configuration) in
ODDBs, and a smart clostering algorithm was also given that




could  explail these struciural relationships for  clustering
objects. However, only one kind of relationship could be input
into the ‘smart algorithm insiead of the ait possihle multiple
relntionships.  The actual pioncering paper dealing with ihe
clustering technigues in a multiple-relationship envirenment is
[5]. In [5] related objects can be connected into = multi-gruph hy
assigning » weight nceording to cach relationship helween crch
lwo objects, Then, w level clustering algorithm is used 10
construct & maximal spanning trce from this weighied multi-

graph. The clustering problem and our approach in this paper
most rescmble [5]. However, our approach is different from [5)
in that we actually develop a metric lo messure the distanee
between objects, which is n concrele culeulation of the weight w
in [5]. Besides, the distance metric in our approach also tukes
inte account the cardinality (size) of each relationship  se
(explained Inter), which was not considered in [5].

The remaining sections of this paper sre orgunized as
follows: In Section 2 we give an OODD example madel in order 10
clarify our problem end nlso peve the way for fulure discussions.
Section 3 presenis our proposed rpproach,  including the
distance metric snd sequencing algorithty. I Seclion 4, we
diseuss the feawres of our approsch and alsa give some
conclusions.

2. The Example Model and
Cl . Opti

In order 10 better expluin the clusiering oplivns in a
multiple relationship environment and use this cxample as an
illustration wher we introduce our approach, we borrow a
sample modcl from [B]. We choose this example for threc
ressons.  One reason is that most of the importent concepts of
00 are incorpomted inte ORION [19], which make it 2 famous
OODB. Another reason is that most of the major issues of QRION,
including the quory model [18], schemm evalution [15], and
Iranssction control [14] are elready discussed in the lterature.
The third reason is that QRION system is not a only a proposed
model but also implemented and ogerational [20]. The following
graph is & schema example of a mini-database in an OODB. Each
square box is a class with atributes  for that class defiped
inside  the box. The dashed line represents the inherilance
(is_a ) relationship and the solid lize represems the aggregation
(port_of ) relationship. The part_of relationship is the inler-
object relationship or the nbove-mentioned complex object
relationship, and the is_a relationship says that esch insiznce of
a subclass is also an instance of its supersclasses. Anather
selationship which it not explicit in this example is the
instapce_of relationship. All of the instences belonging to the
same class are considercd 1o possess this relationship.  In 1this
paper,  if only one kind of rcltionship was considered, we call
timt clustering in & single relationship enviroament, and if all
relationships are considered, then clustering is in a multiple
relationship envirorment
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Figure 1 : A sample dntebase
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Several clustering options for the ahave sample datubuse
may be adopted.  Option 1 is 1o eluster att ohjecls which helong
e sume class. This involves stiring ohjects according 1o Lhe
instance-of  relalionship.  For example, al] ohjects in Vehicle
would be stored together.  Option 2 is to cluster all objects
helanging to the same clsss lierarchy.  This involves sloring
ohjects according to the is-a relationskip,  For example,  all
ohject in Vehicle, Automobile, and Truck would he siored
together.  Optien 3 is 1o clusier objects that other objects  inter-
reference.  This involves clustering  objects according 10 the the
part_of relaticnship. For example, the objects in Vehicle,
Company, and Employes would he storad together. I should
be noted that the abave clusiering options are just some of the
possible relationships in QODHs.  Other more complicated
relationships [rom applications' scmantics might also exist.  For
exanple, Tigure 2 represenis the version relationship for the

sample databege,
VehiclaDrlvetrain[1]

part_ol

my_car|1]

Is_anceslar ol

D

is_decendant _o!

Figure 2 : A version neiwerk

Each clusiering option has major effects on the retrieval
performance for the application’s aceess paitern. The access
pattern is defined as the traversal scquence for the classes
involved in the vser's guery. We list several possible user's
queries to the sample daabase. A class veriable associated
with a  star (*), like Vehicle*, means ta retrieve from this class
and all of the subclasses rooted at that class,

Query I :  (Vehicle seleet :V ( .V color = "Blue” )
Query 2 : (Vehicle select :V { :V  drivetrein  Iransmission = ©
Juel" and {:V manufacurer name = "Ford" }))

Query 3 :(Vehicie® select :V ( :V weight > 1000 and color = ©
red” ])

Query o @ [Vehicle* select :V { ;V coler = “Blus” )]
and (¥ marufaciurer name = “Ford" }))

For cach query sbove, there is a corresponding clustering
option that makes the retrieval performance of that query morc
efficient.  For example, 1he clustering option 1 favors query 1,
Similarly, clustering optien 2 favors query 2 and clustering
option 3 favers query 3, However, no clustering oplion that we
mentioned above favars query 4 because it involves more kinds
of reletionships than other queries. In summary,  each
clustering option might be aptimal for some kinds of access
patterns (queries)  but may sacrifice performance on ather
access patterns.  Furthermore, dedicating 1he clustering 10 one
kind of reiationship will ineur very poor access perfermance for
other queries,  For inslance, clustering objects secording lo
pert of relationship in the same disk bhlock will cuuse ohjects of
oy single class Lo be spread oul over a larger number of pages
than if the class is the only class 10 be swored in one black.
However,  the multiple relationship property is an inherent
constraint  for both Object-Oricnted systems and nexi-
generation applications, Therslore, some way to compromise
all of these relationships while dealing with clustering must be
developed in order o achieve a betier average performance for
users' ad hoc gueries.  This is the metivetion for our method Lo
solve 1his problem.

3. _The Distance Metric and
Cl X - T




3.1 _Outline of Our Approach

As mentioned before, we are going to use distance Lo
measure the inter-relationship of objects. Each object,
according to the kind of relationships in which it may
participate, can be represéntéd by ‘in n-tuplé of (calegory 1,
category 2 , .., category n ) if there aréd n possible relationships
involved in the sysiem, For example, mn object of { C1, COI,
V1) cin be thought of as belonging to class C1, complck ohject
CO1, and version network VI. Oné prablem is that most of the
‘values of each.catégory in the n-tuple are quolizative and
discrete data.  This meens that io caleulate the distance
between each two abjects, some quantilying. method must he
nused in order to convert the natuple inlo numeric data, from
which a distance can be measured, There are two basic
constraints which we consider must be satisfied i some
quantifying method is to he used. The first constraint is that
any quantifying configuration which faithfully rcpresents the
patterns existing smong objects must guarantee  that more
related objects should be represented by points that are closer.
The second constraint is that if two objects are-non-comparahly
inter-related, then there should nst he zny less or greater
distance comparison after the transformation. ~ These 1wo

constraints  can rephrased as follgws where &  denotes the

semantic relationships between abjects and ( denotes the
closer than operator .

Constraint 1 : @(ol,02) ot &(ol,03) =>
Distance{ol,02) <«  Distance(ol,03)

Constraint 2 ; not (( B(ol,02) o O(ol,03) or { Boled) o

S(o1,02))) =» not ({{Distance{o1,02) <
Distance{ol,03) } or {Distance{o1,03) <
Distance{o1,02))) )

Our original idea was to quantize each objecl from a
qualitativeé n-tiple to 2 numeric n dimensional coerdinate
system and apply a mullivarizte apalysis method such as the
principle component analysis [7] to project these n dimensional
points into the principle component, and thus maximize the
preservation of relationships from the original n dimension
space. We did not adopt this approach bceause when we
quantize each object inte sn  n-dimensional numeric coordinate,
we will lose some semantics, This will not satisly the secund
constraint.” For example, if category 1 represénts the class lo
which one object helong and we’ quantize class’ Vehicle as I,
Compsny as 2 and VehicleDrivetrain as 3, then this makes
Vehicle more related 1o VehicleDrivetrain than to Company ( 3-
1 > 32 ). flowever, this quantified trangformation of the
qunlitative data is wrong:- ' Therefors, - we develop a metric to
directly mesgure the distance bstween each two objects
initead of transforming each object into an n-dimensional point.
Our -imétric satisfies both the first ‘and second constraints, thus
does not lose any semantics of object inter-relationships.

A relationship set s defined 1o be the set of ohjects that
are constrained in the relationship - and the -size of the
relationship set is defined to be -the number of objects in this
set. For example, one relationship set is the class Veliicle; and
its size -is the number of. instances in Vehicle.  Another
relationship. set is the complex objser instance involved in
“Vehicle, Company, and Employes, and its size is the number of
objects that comprise this complex object instance. In this
paper, cach relationship set will be denoted Rm and its size
will be denoted IRml. We can now define the purameters -and
the distanee meiric, which is 8 measure of distznce between
each two objects, as follows.
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Dislnncc(oi,nj) =

i P * (& jRem * (172} * Rmb+ B j R * (112)* L) * s

m=1]

2 -

n : number of relatiodship sets-

k : number of objects in the sysicim
3 : object sizes
L : total size of all abjecis (.= % * =)

=

: disk block size

The above formula is rather generdlized since it
encompasses every possible relationship in the system and is
calcilated by compromising the c¢ffects of all' relationships. In
this formuls, we have assumed that the size for each object in
the system is the same, and is'cqual to s. Pm is the probability
that the system is clustered by relationskip Rm. This
probability comes  from the probabilistie distribution of
applications' sccess patterns and can be specified by system
designers. If some access pattern occurs more often or is more

‘implortait, then its corresponding probability will alse be

larger. Fowever, we assume ihat each probability Pm is the
same and is equel to l/n in the discussion below. We now
explain the meaning of this distance metric. It is the expected
value of the object distance by considering all semantic
relationships. This expected distance is formed by summing the
product of the probability Pm and the average distance (sce
Figure 3) of objects clustered by each possible relationship. The
R is the m:th relationship set  or the property category m il
ohjects are represented by an n-dimensional eoordinate.

d ure mutually-inverse characteristic

SijRm 2 BijiRm
functions that have values cither 1 or 0. They can be stated as
follows:

ai.j.RlTl = i i€ object i and object j are in
relationship s¢t m
0 if object 1 and object j are not
o relationship m
e == Q il & . =1
ﬁld,Rm . ‘ 81,],Rm

" 8ijRm ="

Now assume the. -simple case that only: instince-of znd
part-of relationships exist in the systém. Suppose that the
instance-of relationship is indexed as K1 and part-of
relationship is indexed s R2. We show how the distance of
cach two objects of the example in Section 2 can be calculated.
Decause we assume that Pl and P2 are the same, they will be
both equal to 1/2.

Rl R2

Case 1: A yErcel 12*L)
if oi and of are in the same class Cr
hut pas - in the same complex objecl

Case 2 : 12%12*L + ) 172 % 1COd )
if oi-and of are not in the same class
but are in lhe same complex objest COr

Case 3 : AR AT ICl o+ 112 * ICOryl )
il oi and oj are in the same class Cr| and
arc also in the same complex object COrg

Case 4 : 2 12*L + 12*L)
il oi and of are nof in the same class
and are not in the same complex object

For example, the distance belween two objects in class
Vehicle will be 172(1/2 * IYchiclel + 12 * L) if they arc not
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cyclically referenced.  However, if oi and of are further
recursively referenced [16], then the distance will be 112¢1/2
Wehiclel + 12 ICOpl) where COp is the complex instance that

- conteins oi and oj. It can be shown that the distance for the [ Totally Shorter Spanning Path Algarithm)
above case has the properly that distance (case ) <
distance(case 1) < distance (cmse 4) and distance (case 3 < Input : Stmilarity matrix M[i ).
- distance{case 2} < distance (case 4). This satisfies our constraini )
1 because more related objects have less distance. EHowever, Oulput : a spanning path that includes {o1,02,...0k,

the distance for case | and case 2 is non-comparable, [t
depends on the size of the relationship set ( ICI and ICOI ). This
also satisfies our consiraint 2 beeause the closeness relationship
is also not comparable. If ol and o2 are in the same class and
ol and o3 are in the seme complex object, them no absclute

Step 1:Leti=1, W= {o1,02,..0k], and current
spanning path P =], -
Randemly select an object o rom the

R semantic closeness can be siated for ol w o2 and ol to 03, The unprocessed objects W,
- two fonsiraints will be  satisfied because the expression IRjl < L Delete o from W,
halds for every relationship sel in the system. We now explain
¥, how the relationship size is included in the formuls, This can be Step 2: Choose an object ou lrom the remaining k-i
< demonstrated in Figure 3. If two objects are in the same class objects in W such that
and we also cluster by the insmnce-of relationship, then 1he M{RL cu} + M{ou, R1+1) - M{ALRt1} is

distance will be the the average of the clags size. Figure 3

. . . L . minimized,
explains how the distance beoiween of and oj is obtained for

[nsertou inta the current spanning path ta

Case 1. be P=/R1....ALou,Rt+1,.,Ri.
Delete ou from W,
- {See Figure 4)
ot " Inuemlnu-w'lc v @ Slep3:ifi<kihen i=i+1,g0 o Step 2.
2 .L il . T Step 4 : Oulput P as the clustering sequence.
Cinsh 2 I
Avingudisance = 1/2°L
I |
. [£4]] o
‘l Clas [ OO O O O
. o] o O
Ditk Luyauil chsindng by inmanca-of Divk Levoul it Guptwing by parteot o) (o] Unprocessed objects

Figure 3 Clusiering options for n two-relationship simple cuse

A similarity matrix [24] can then be consiructed. This is a O
k*k matrix where cach entry of the matrix is the distance Chosen obfect Y-

between any two objects { M{j) = disxancc(oi,nj)}. This matrix Ri
i+ symmetric with ell dingonal elements equal 10 0. From this ~

. matrix, we can then find n spanning path which includes all of -~

: these k objects by applying the sequencing algorithm in the @-._\ @/

_‘ nexl seclion. @\ X -

,! R1 . e

i nein lgorithm 2 Rt

\

u Since we must eventally put sll of the objects onta the ;

] linear secondary storage, a befier way is to sort the abjects of
the mystem into m one-dimensional dats structure, Then the Figure 4 Insert one chosen object into the current spanning
mapping of the onec-dimensional dals structure to the path
secondary storage will be siraightforward, The previous
research in [S] constructed objects into a maximally weighted
spenning trec, However, because 8 trec is e two-dimensional The preblems of finding the optimal clustering scheme for
data siructure, some traversal methods such as DFS or NF§ generalized access patlerns and 1he finding of a shortest-
must then be applied in order to linearize the spanning iree. spanning-path (STSP) are  both NP-Complete [11][17). Our

- We consider this to be disadvaniageous because when we Totally Shorter Spanning Path {TSSP) algorithm was inspired
linearize the spanning tree, some distance relationships, which by the Sherter-Spanning-Patk (SSP)  algarithm proposed in
ar¢  also  semantic relationships of objccts, may he [11]. The main diffcrence between TSSP and SSP is that in Siep
compromised. Therefore, our sequencing alporithm oulpuis the 2 85P randomly cheoscs an abject from W and inserts it into
result as a spenning path, by which all of the multiple the carrent spanning path at a perticular position which adds
relationships can still be preserved to some degree. the  minimum extra distance but TSSP jterutes over sll of the

After the distance matrix is constucted by assigning the unpracessed objects in W 10 find the minimum added distance.

distance beiween each two chjects, the following sequencing The total distance of the resulting spaaning path Tor TSSP is less
elgorithm [11] cen be used 1o order the ohjects into a path than thal of SSP beceuss in T'SSP the checking of all of the
soquence.  The input of this algorithm is the distance matrix unprocessed objects in @ W also covers the checking of the
which can represent the weighted average of each relationship randomly selected object from W in §SP. In order to clarify the
between each 2 objects. We also assume that there ore totally k difference between these three spanning path constructing
objects in the system. Each one of these k objects cen be a algorithms, we compare STSP, TSSP, and SSP with respect to
member of more than one kind of relotionship ser.  This Ume complexity and optimality in the following:
algorithm js based on the greedy strategy because L works by
including one ohject at a time into the current spanning path. Optimality : STSP>TSS5P » SSP
This can be done by selecting an unprocessed object which adds Execulion time SSP(O(kz)) >'|‘SSP(O(k-3}) > STSP{exponential)

the minimum distance to the tolal distance of the current
spanning path.
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Bocause the secondary storzge access unil is a disk
scgment o a hlock, the spanning path must be be cut into
path segments  meeording 1o the ratio of the object size to the
block size (bfs). Notée that our clustering sequence is not
interrupted by segmenting the spanning path. Theé change only
occurs at the scgmentalion boundary.  This can still be
compensated for by placing the adjacent path segments inta the
contiguous necighboring blocks, which can save disk access time.
In the next secction, we discuss the common fcawures af
clustering in dalabase syslems and compars our approach with
the previous proposed methods,

4.1 Discussion

In this section, we discuss several features of our
zpproach, which are also the criteria for clustering. We only
list  those peoints that we consider different from previous
proposed approeches. ’

1. Access performance: Clustering fastens 1he access
performance of related data in the databases. The related dama
are correlated by mulliple kinds of relationships. Therefare,
the access performance is the expected average access cost of
all possible access patterns, each of which retrieves data
aceording to some relationship. Because there are n kinds of
relationships in the system, =n kinds of access patterns (queries)
denoted QR1,QR%... and Qry may be issued Lo the databases.
We also assume that each clustering scheme based on
relationship sct m favors access pattern QR . The retrieval cost
of objects for Qpy will be proportionsl to the distance of any
" two objects belonging 1o relationship set Rm. If =l of the access
patterns arc considered, - then the average retwrieval cost for
QRr1.Qr2r- 81 Qry, which equals (Pi * Cos(Qp i)+ Py *
Cost(Qua)+..+Py * Cost(Qpp) ), will be proportional to our
distance metric, if the access probability of Qgpy is Pm. This
means that our distance metric is also based oa the expected
average access cost for possible access paterns Qp(.Qp2,... and
QRy. Our wpproach pains in sccess performance in that we are
consteucting @ towally shorter spanning path that sums up less
total access cost.  Thersfore, our approach has a better chance
to induce bhetter average ‘nccess performance: We want to
emphasize that the optimal access performance is very hard to
achieve because il's an intractable problem. The advantages of
aur approach come from the merits of the shorter spanning
path (SSP), whichk are shown in [l1]. Furthermore, our
sequencing algorithm results in a T33P which is better than SSP
in [11}-

2. Aulomatic and adaplive: Many DBMS adopt the scheme
of receiving hints from uszers, which are fréquent secess
patterns, and support a default strategy if hints are not
specified by users. Two.drawbacks might exist for this scheme.
One is that users have to deal with the multiple relationships of
objects, which are intrinsically multiply-dimensional and which
could even conflict with each other, Users probably dre  able to
specify one kind of relationship but sre unable to combine =ll of
the relationships and then give hinis 1o the DBMS. The other
problem is: that sometimes .users will need to specify =a
subgraph of the nested schema. praph of & class for clustering
[26]. For example, it may be uscful for uscrs te give hints to
store physical components of a vehicle object in the same block,
but not the Company objects for the menufacturer attribute of
the Vehicle objects. This problem comes from the fact that
users have liule knowledge of the extensional information,
such ss the class size, the zctuzl object refsrence relationships
and object sharing relationships, of the dalabases. Therefore, a
better approach is for the system to .avtomatically cluster
objects, because the system knows more infermation for
clustering than the users. QOur approach is aulematic bacause
the calculation of the distange metric and the sequencing
process are all done by the system. [Flowever, our approach is
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also adaptive. This is from our sequencing algorithm Step 2
that when there nre several chosen objects that all satisfy the
condition { M(Rl' ou) + M(nu. R1+l) - M(RI.R'H-I) is minimized),

Users can then be invalved in which object should be chosen.
That means our clustering method is adaptive when the system
has alternatives to decide and the users help to make the
decisions.

3. Declustering: Declustering  in databases is used to divide
the dalabase into homogeneous pgroups and store each
homogeneous group in & mulli-disk system of distributed
environment in order to cxploit the parallel accéss of related
data [4][6].  Our sequencing algarithin oulpits the result as a
path sequence.  This séquence cen then be tul to form
homogeneous proups, which we call path segments above.
Ezch  path segment can be allocated to a site in distributed
environments or to each block in a multi-disk system and a
parallel search techniques may be used to fasten the access
speed fur the users' queries [6].

A method of measuring distances between objects and a
sequencing algorithm are proposed in this paper. Qur distance
metric covers the thorough semantic relationships of objects in
the OODBs. This is important for Object-Oriented database
clustering because the OODBs applications impose more
complicaled aceess patterns than waditional relavionsl databese
applications, Any clustering scheme for QODBs which is offered
ta versatile applications -should not favor some special access
pattern but sacrifice others. A better average performance for
each kind of access patiern ought to be achieved in order ta
generalize the uses of the Object-Oriented database system. Our
method js based on the simplicity of caleulating distance but
without losing flexibly to consider multiple kinds of object
refationships. Tt is further' enhanced by our sequencing
algorithm, which finds a direct mapping between the object
segilence and sccondary storage. Because of the imporance of
improving the efficiency of OODB access times, including for
distributed systems, we feel that clustering in multiple-
relationship environments should remain a majer research
issue-for some time o come.
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