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Abstract

Object clustering has long been recognized as important

to the performance of object bases, but in most work

to date, it is not clear exactly what is being optimized

or how optimal are the solutions obtained. We give a

rigorous treatment of a fundamental problem in cluster-

ing: given an object base and a probabilistic description

of the expected access patterns, what is an optimal ob-

Ject clustering, and how can this optimal clustering be

found or approximated? We present a system model

for the clustering problem and discuss two models for

access patterns in the system. For the first, exact opti-

mal clustering strategies can be found; for the second,

we show that the problem is NP-complete, but that it

is an instance of a well-studied graph partitioning prob-

lem. We propose a new clustering algorithm based upon

Kernighan’s heuristic graph partitioning algorithm, and

present a preliminary experimental comparison of this

new clustering algorithm with several previously pro-

posed clustering algorithms.

1 Introduction

It is widely acknowledged that good object clustering is

critical to the performance of object-oriented database

systems. However, in most work to date on object clus-

tering, it is not clear exactly what is being optimized,

or how optimal the proposed solutions are. In this pa-

per, we give a rigorous treatment of what we believe
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is the fundamental problem in clustering: given an ob-

ject base and a probabilistic description of the expected

access patterns over the object base, what constitutes

an optimal object clustering, and how can this optimal

clustering strategy be found or approximated?

By focusing on this underlying problem we are omit-

ting many commonly considered questions that arise

when implementing a clustering strategy in a run-

ning system. For example, we do not consider how

the description of the expected access patterns for the

database is obtained. Many techniques for this have

been proposed in the literature, including maintaining

usage statistics, using programmer hints, and perform-

ing data-flow analysis of the methods and type hierarchy

of the system. Similarly, we do not explicitly consider

the “granularity” at which the clustering is performed.

The clustering could be per type, or per instance, or

per method (where the objects touched by a method

are treated as a single, composite object) or even some

hybrid of these.

By omitting these questions from consideration we

do not wish to imply that they are unimportant. To

the contrary, we consider good answers to these ques-

tions (and others) to be an essential component of the

clustering strategy of an 00 DBMS. However, the fun-

damental question of what a “good clustering strategy”

means underlies all these other questions, hence is wor-

thy of study in its own right.

Previous work on object clustering can be divided into

several categories. Methods that use programmer hints

(E and EXODUS [RC88], Semantic Clustering [SS90])

rely on the skill of the programmer and the program-

mer’a understanding of the problem, Syntactic methods

(PS-Algol [CAC+84], LOOM-Smalitalk [Sta84]) cleter-

mine a clustering strategy based solely upon the static

structure of the object base. Dynamic methods (Cactis

[HK89], ObServer [H Z87]) gather statistics about refer-

ence patterns, and try to find a “good” clustering based

upon these statistics, while still other techniques (02

[BD90], WDFS in LOOM [Sta84]) can best be thought

of as a hybrid of the syntactic and dynamic methods.

The clustering criteria used in each of these types of
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Figure 1: The ‘(simple” example

methods are heuristics whose effect on the performance

of the system is not known with any certainty. For

this reason, evaluation of clustering strategies has relied

upon either intuitive arguments or simulations, that mix

the effects of the access stream, object base, memory

size, and caching policy with the effect of the clustering

strategy.

The following simple example illustrates why the clus-

tering problem requires careful study. Suppose we have

an object base that consists of six objects, which we will

designate s, i, m, p, 1, and e. Suppose also that there

are pointers from s to i, from i to s and m, from m to

p, from p to m and i, and finally from / to e and from e

to / (this structure is illustrated by the solid arrows in

Figure 1). Furthermore, assume that we can store any

three of these objects in one disk page, and that our

system can cache one disk page in main memory at any

given time.

Next, suppose that when object s is referenced, there

is an overwhelming tendency to reference object i next

(say, 99 times out of 100). AIso, suppose that if i is refer-

enced, there is an overwhelming chance of referencing s

next (again, say 99 times out of 100). Similarly, assume

that from m we reference p 99 times out of 100, and

from p we reference m 99 times out of 100. Finally, as-

sume that / and e are related in the same way (99 times

out of 100, when referencing one of the two, the other

is referenced next). Given this information, a probable

reference string might be w = (si)gg(mp)gg(le )gg.

Now consider two clustering strategies: c1 =
{[sire], ~le]}, and C’z = {[si], [rep], [le]}. Under most

of the clustering criteria we have seen proposed to date,

C’l is “optimal.” In particular, C’l minimizes the space

occupied by the database; it minimizes the expected

loading time for the database; it minimizes the number

of pointers that cross page boundaries; for the reference

string w given above, no object is ever brought into

memory but not used at some point in the future. How-

ever, assuming an LRU page replacement strategy for

the cache, w will produce 101 page faults under cluster-

ing strategy Cl, while it will produce only 3 page faults

under clustering strategy C2.

In this paper we present a system model for the clus-

tering problem and discuss two rigorous models for ac-

cess patterns in the system. For the first, the Indepen-

dent Identical Distribution (IID) model, exact optimal

clustering strategies can be found. While the IID model

is too simple to model detailed client access patterns, as

we shall demonstrate, it can be a useful tool in desigm

ing clustering strategies for client-server environments.

For the second, more powerful access model, the Simple

Markov Chain Model, we show that the clustering prob-

lem is NP-complete; however, in this case, we show that

the clustering problem is an instance of a well-studied

graph partitioning problem for which good heuristic so-

lutions are known. We propose a new clustering algo-

rithm based upon Kernighan’s heuristic graph partition-

ing algorithm, and present a preliminary comparison of

this new algorithm with previously proposed clustering

algorithms.

2 Defining Clustering

In giving a first cut definition for clustering, we propose

a simple client-server system model for object bases.

The main points of this model are the client request

stream and the cost of client-server interactions. Nlow
the clustering can be formulated as an optimization

problem.

2.1 The Client–Server model

In most Persistent object Base (POB) systems there

is a server entity that implements some object abstrac-

tion for its clients. We will make the standard assump-

tion that all existing objects are denoted by a positive

integer identifier and belong to a fixed object space ,S.

The client makes requests to access objects, represented

by the infinite sequence Xn, the (client) access request

stream:

Xn = Z,, z,... z,..., (3, c s)

At every time unitl n, the server must return to

the client the requested object Zn. Since, clustering

is closely related to the storage and access aspects of

the objects, we further assume that every object s c S

is assigned to some unit of storage f = D(s), called

fram e(typically, a frame is a disk page). All frames be-

long to a fixed frame space F (denoted by a subset of

the positive integers). We will use the notation ~i to

indicate the set of all objects assigned to frame i. In

this paper we assume that no object is larger than a

frame. The set–to–point (N ~ 1) mapping S ~ F

defines completely the above assignment.

1The notion of time here corresponds to the sequence of re-

quests and not directly to the elapsed time.
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For convenience we will sometimes view D as a two

step mapping:

● A partition of S; Dr : S -+ F

● A permutation of frames; D$ : F + F

Consequently every such mapping D can be expressed

as: D(. ) = D$(Dm(. )). For example, in a clustering

scheme, S may be partitioned according to the types of

the objects first. Then, the permutation D, may sort

the resulting frames with respect to their total access

probability, arrange them in descending order, and place

them on disk cylinders with that order.

2.2 The access request stream

We will assume that some statistical properties of the

client access request stream Xn are known. The sim-

plest way to describe Xn is as a sequence of indepen-

dent and identically distributed random variables (IID

modei). Their common value domain is the set of ob-

jects (S) and their distribution is defined by a probabil-

ity vector ?i~:

7r$(y) = P?’(zn = y), Vy E s, ‘n = 0,1, . . .

Obviously, this model captures no serial dependency

information. An IID stream may contain any object

reference ~ at any time with a fixed probability ~$ (y)

independent of previous requests. To describe serial de-

pendencies a more complex stochastic model must be

used. The simplest such model is the SMC (Simple

Markov Chain) model, with state space equal to the set

S and a known transition probability matrix:

P,(x, y) = Pr(%+l = Ylzrl = $), Vz,ye s

%Ve will further assume that in the case of an SMC

model, the state space S contains only one closed and

irreducible set of recurrent states. That is, in finite time

the client may request any object after any other object

with positive probability. For this reason there exists

a unique stationary probability distribution vector ~~

corresponding to P~, the solution of the matrix equa-

tion:

P,%. = 2.

2.3 Client-Server interaction

There are at least two possibilities for the client-server

(c-s) communication. In object level communication,

object is the granularity of interactions. At every time n

the client requests the object Zn from the server. Then,

the server retrieves the frame ~n = D(xn ) from the

secondary storage, it extracts the object Xn, and finally

returns it to the client. Obviously every object access

will require a c-s interaction.

Alternatively, frames can be the granularity of inter-

actions. In frame level communication, at time n the

client requests the frame ~n = D(z. ). After receiving

the frame ~n from the server, it is entitled to access not

only Zn but any other object y c ~n as well. Presum-

ably, the client must be able to store a whole frame, but

subsequent consecutive accesses to the same frame will

require no c-s interactions.

2.4 Cost of interactions

If c-s interactions were free, the clustering problem

would not be interesting at all! In reality, each time

a request is sent to the server the client is suspended

and any computation it performs is delayed. Addition-

ally, the server will spend some amount of resources to

satisfy the request. We will assume that every c-s in-

teraction has a cost that only depends on the previous

request. So each object Xn fetch2 costs Q(z~_ 1, Zn ). As

a result, the total cost Tn until time n is:

{

Tn--I +Q(zn-l, zn) n >0,
T.= o

n=()

Since all Q(i, j) are positive (they represent cost),

limn+= T. = co, and it makes more sense to consider

the average cost Tn = ~ instead. Tn is just the mean of

a sum of infinite random variables, and by virtue of the

law of large numbers and assuming ergodicity3 of the

Zn ‘s, it converges to the expected value of the random

variable Q:

A similar cost formula has been proposed elsewhere

[YW73]. The definition of T is general enough to ap-

proximate many real world situations like disk accesses.

Of course, if the client architecture is more complicated,

for example if a server cache is used, then Q will depend

not only on the last frame but on a number of previously

requested frames.

2.5 Formulation of Clustering

Now we can formulate clustering as an optimization

problem. Given a:

● statistical description of the client access stream

X., and

. a frame access cost formula Q for the client-server

interactions,

2Or frame jn fetch — whatever is appropriate depending on

the style of interactions.

3True for the ID and SMC models.
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find the mapping D : S + F such that:

. the average cost T is minimized, while

● there are at most L objects per frame4 and

c other additional constraints are satisfied.

The additional constraints can be arbitrary restric-

tions on where and how objects can be assigned. Such

constraint would be to restricting placement of objects

to frames because of their types or their sizes. Clus-

tering in the presense of additional constraints can be

very hard. For example the (frame) space minimiza-

tion problem under variable size objects and no regards

to the request stream, is NP–complete (the knapsack

problem). In this paper we will ignore those additional

constraints so we can concentrate on the rest of the

problem.

For ease of presentation, the above simple model has

ignored many details of the actual POB architectures.

A more realistic model will be introduced in Section 3

where results from the simple model will be used.

2.t3 O~timal Clustering

In this section, we first give solutions for optimal clus-

tering using simple access models and relatively simple

cost formulas. Next, we present some optimal cluster-

ing solutions for minimizing the expected cost under

more complex cost metrics. In all cases object level c-s

interaction is assumed.

The simplest access model is the IID. The simplest

frame access cost formula is the uniform fixed cost one:

where a is a non-negative constant and bi,j = 1 : i = j,

6i,j = O : i # j. Because of buffering, there is no cost if

the same object is requested again.

The optimal clustering scheme in the above case due

to [YW73], is known as the probability ranking scheme.

Its partition component D= involves sorting the objects

in descending order of their absolute probability 7~ and

successively assigning them to frames in that order as in

4If L = m the problem has a trivial solution: assign all objects

to one frame.

Figure 2, where objects with similar temperature are

assigned to the same frame as much as possible. The

permutation component is the identity (D,(f) = f).

Next, one can change the cost formula Q, so, while it

is still simple, it models the disk geometry characteris-

tics more closely. In this context the frame corresponds

to a disk block or disk cylinder. The cost of each ob-

ject access corresponds to the cost of its frame, and the

frame cost depends on the current position of the disk

head. More specifically the cost is a function of the

absolute distance from the last request:

Q(.fn,.fn+I)= C(lfn- fn+ll) (2)

Additionally, some monotonicity restrictions to the

function c(n) exist, so that the longer the head trav-

els the greater the cost is:

c(o) < c(n) < c(m), o < n < ‘m

The optimal clustering can still be found (see [YW73],

[GS73] and [Won83]). The partition component of the

optimal mapping remains the same as before (proba-

bility ranking), but the permutation is not the identity

any more. The resulting frames are sorted in descending

order, according to the sum of the probabilities of the

objects they contain, and placed on disk as in Figure 3:

2n . ..6.4,2,1,3,5 . . . 2n+ 1

This clustering scheme is known as the organ pipe ar-

rangement. In this arrangement, the hottest frames are

placed in the middle of the disk. The two next to the

hottest frame are placed adjacent to it and the process

is repeated until all the frames have been assigned.

An adaptive system described in [VC90], uses the

above method to dynamically permute disk blocks, so

that the average observed access time is minimized.

During an observation period, disk block accesses due

to the Unix filesystem are measured, and an IID model

is estimated from counting the accesses. Finally, a new

permutation is computed and implemented if necessary.

Substantial performance improvements have been ob-

served in that system, and the average seek time was

reduced by 40 – 50 Yo.

5The term temperature of an object is sometimes used instead

of the term absolute access probability of an object for the IID

case, or stationary probability of an object for the SillC case.
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The solution for the SMC case is hard, especially for

the disk cost formula (Equation 2). Fortunately, as we

will show in Section 4, with a more realistic system

model it becomes clear that it is not important to solve

this problem with the complex cost formula.

Clearly, IID-probability ranking clustering can be

better than purely syntactic clustering. IID clustering

considers usage statistics, whereas syntactic methods

use structural data only. But this data alone cannot

reveal how the object structure will be used. In the ex-

ample presented in Figure 4, syntactic methods will fail

to place the hottest objects {a, b, c, f} together because

of their structural independence, however the probabil-

ity ranking method will do so.

On the other hand, probability ranking will fail in the

example of Figure 1. It has no way to distinguish be-

tween {s, i, m, p, 1, e}, since, under the IID model, all ob-

jects have the same access probability. An SMC model

can capture dependencies like s - i, and as we will see

next, it will produce the optimal partition C2.

3 A more realistic model

The system model we have presented so far is somewhat

simple. Usually, a POB system serves more than one

client at the time. It also uses various levels of caches to

increase the performance. In this section we discuss the

effect of multiple clients and caching on a client-server

system, and revise the system model appropriately. As

we will observe, the revised system model is still sub-

ject to clustering optimizations but now with different

objectives.

3.1 Adding multiple clients

The model we have presented in Section 2.1 can be en-

hanced by adding multiple clients and queueing of their

requests at the server. Then, what are the statistical

characteristics of the combined request stream (global

request stream) of all clients?

We make the standard assumption that all client re-

quests are independent and have similar behavior. In

other words, all their (local) request streams follow the

same statistical model. Then, the statistical character-

istics of the combined request stream depend a lot on

the queueing policy used (FIFO, Priority based, etc.)

and on the load of the system [A1178]. The heavier the

load of the system, the more random the global request

stream is. Then, in moderately to highly loaded multi-

client system the global request stream loses all the se-

rial characteristics, and can be described adequately by

an IID model. The probabilities of that model, are equal

to the common (stationary) probabilities of the local re-

quest models.

This observation obviously affects the design of clus-

tering. No matter how serially dependent the local

requests are, queueing de–serialues the global request

stream. In such an environment, the frame request cost

depends more on the load of the server and less on the

cost of retrieving frames from the secondary storage.

The load is clearly a dynamically changing parameter,

and therefore, static clustering decisions cannot depend

on it.

For these reasons, clustering in multi-client environ-

ment must have different objectives than in the single-

client case. Globally optimizing for dynamic frame cost

is out of the question. one standard way to attack the

problem is deciding about each system component in-

dependently. Partitioning can be done depending on

the local client stream characteristics, while frame per-

mutation can be based upon the characteristics of the

global request stream. This idea is developed further in

Section 3.4.

3.2 Adding client caching

A primitive cache has already been introduced to the

simple system model. In Section 2.3 a cache of size one

frame was used to hold a requested frame. Subsequent

consecutive references to the same frame are satisfied

from the cache. Generalizing that cache is an obvious

step.

The client frame cache sits between the client and

the server, and is modeled as a set of frames Cn that

changes with time, together with some cache replace-

ment strategy. The cache contents depend on the pre-

vious requests and the cache replacement policy used.

A cache miss because of z. causes a client—server in-

teraction. The frame ~n = D, (zn) is requested from

the server and it is stored back in the cache. If a re-

placement decision is needed, a cache frame is chosen

and replaced by fm.

It is very important to observe that both the frame

cache and the server “see” a different access stream than

the one the client originally produces (Xn ). The server

receives frame access requests that correspond to cache

misses, and the cache does not see object requests, but

frame requests that correspond to the mapped sequence

Xn. A “bad” clustering strategy may destroy the lo-

cality of Xn. On the other hand, a “good” clustering

strategy can enhance the locality of Xn.
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In this environment we will assume that the client ac-

cess cost is O when we have a cache hit, and 1 when a

cache miss occurs. As a result, the total cost is propor-

tional to the number of cache misses, and minimizing it

is equivalent to minimizing the number of cache misses.

Unfortunately, cache misses depend not only on the re-

quest stream but on cache management as well. This

implies that such a clustering strategywill depend much

on the cache management policy.

Having to deal with the cache policy makes cluster-

ing an even more difficult problem. After all, there is

no easy way to describe all possible cache policies or to

decide in advance which one would be the best. For this

reason, instead of trying to minimize misses for caches

of some specific type, clustering should attempt to en-

hance the locality of reference of client request stream,

using a metric independent of the cache management

policy. Then, since most policies can benefit from the

enhanced locality, the expected number of cache misses

will decrease.

3.3 A Measure of Locality

It is very important to define a cache-independent met-

ric for locality, so that it can be used in the clustering

cost formula. A parametrized metric for locality is the

working set size (WS’S(kf)) [Den68]. WSS is the ex-

pected cardinality of the set R\~) of M consecutive

frame requests starting at time t (also used in [YW73]).

‘That is: take these M frame requests, eliminate dupli-

cates, and compute the cardinality of the resulting set.

Note that the larger the cardinality, the fewer the du-

plicates, hence the lower the locality. Therefore, in our

‘M)) is:case WSS (denoted as Kt

~<j~~) = ~(R~M))

M)<M.IfM>Nfobviously 1 < 1<: _ = Illl=(s)ll
then the upper limit is Nj (= the number of frames the

whole object space S maps to). The window parameter

M allows to optimize for different cache sizes, because
.,(M) .

the smaller A ~ 1s, the more effective a cache of size M

is. If the cache size is > Nf, any replacement policy will

work, since the whole object base fits into the cache.

The distribution of the K(M) is independent of time

t for IID and time invariant Markovian models, due to

their ergodicity properties. From this point on we will

drop the t subscript when we refer to those models.

Consequently, the WSS formula is:

@f) = ~(R(W) (3)

3.4 Revised Model Clustering

To take into account multiple clients and caching, we

need to revise the simple system model of Section 2.1.

x,(n)

{

Y1 (m

server queue

&
w (.)

server

Figure 5: The revised system model

Now the new system model contains a number of clients

(K). Each client i has a local access stream, denoted by

Zi (n). All access streams follow the same access model,

and they are statistically independent. A frame cache

exists between each client and the server. Cache misses,

denoted by yi (n), form the client requests that reach the

server through a queue of a certain policy (FIFO, Prior-

ity, etc). Queueing makes the combined global request

stream (denoted as w(i)) behave as an IID stream. Its

probability vector is the sum of the (stationary) proba-

bility vectors of the cache misses yi(n) (Figure 5).

Therefore, optimal clustering for the new model is

defined as two separate problems:

1.

2.

Choose a partition scheme D~ that minimizes the

working set size I{(M) of the client frame request

stream (Dm(xi(n))), for a given value of the window

parameter M.

Choose a permutation scheme D,, such that: gzven

a combined global request stream w(n), D~ mina-

mi.zes the server frame request cost,

To solve the second problem, just the statistical de-

scription of the global IID stream is needed. Then, the

methods developed in Section 2.6 can be used to give

optimal clustering. The global stream probabilities ob-

viously depend on the individual cache policies and it is

not trivial to calculate them analytically. This problem

is a good candidate for dynamic or adaptive solution,

where the global stream is inspected for some period,

and the probabilities are estimated from the stream it-

self.

The rest of this paper is devoted to the first problem.

As we will see, partitioning the object space to decrease

WSS is not an easy task.

3.5 IVSS of the IID Model

It is not hard to come up with a closed form expression

of K(”J for the IID case. [TN91] has all the steps of
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is:the derivation procedure:

K(M) = iv f-~(l-m,(q))~

q=l

= M–5(1– ~ ?r.(y))~

gal
D=(;)=q

Nf is the total number of frames, and mf (q) is the total

access probability of frame # q.

It can be shown that K is minimized for every value of

ill when each frame f contains objects placed using the

probability y ranking . This agrees with results in ~W73],

where a different methodology was used.

3.6 WSS of the SMC Model

A partitioned Markov state space, appears at the limit

like a Markov process. As a result, accesses of the frame

space F due to object accesses in S can also be modeled

as SMC.

Using an occurrence random variable W(Af, q) (=

1, if q E {x1, ..zm}, O otherwise), the WSS is:

K(M) = $j4’’(kf,,)
q=l

For M = 1, K is always 1. For M = 2:

For M >3 the formula becomes more complicated, in-

volving higher powers of the Pf matrix It can be shown

that minimizing 1<(2) corresponds to maximizing Lz:

or minimizing G2:

q=]

Minimizing WSS for A4 = 2 is a weighted graph par-

titioning problem6 where the weight w of an edge a --+ b

6We have shown in [TN90] that minimizing WSS for M > 2

is a hypevgraph pat+itioning problem.

w(a, b) = w(b, a) = m~(a)P$(a, b) + 7r,(b) P,(b, a)

Each partition must have up to a maximum number

of nodes and L2 must be maximized. Alternatively,

the problem is equivalent to minimizing G2, the sum

of weights of the all edges crossing the partition bound-

aries. It is interesting to observe that clustering scheme

C2 = { [si], [rnp], [/e]} minimizes the W SS I<(2J for the

example of Figure 1.

The weighted graph partitioning problem has been

studied previously. According to [GJ79], deciding if

there is a partition with cost ~ J, is an NP-complete

problem. The clustering decision corresponds to parti-

tioning the object graph vertices to VI, V2... 1~~,, with:

vertex weight w(v) = 1,

edge weight w(e) = w(a, b) of an edge e : a + b,

~u~v, w(v) 5 L, and

E,,E ~(~) < J

where L is a limit in the capacity of frames, and E is

the set of all edges that cross the partition boundaries.

J is the upper limit for the partition WSS sought.

Although the problem is NP-complete, there are some

good heuristic algorithms to find close-to-optimal solu-

tions fast. Notably, Kernighan’s partitioning [KL70] is

a good (9(n2) heuristic algorithm. [Bar84] and [BVJ84]

propose asymptotically faster but more complicated al-

gorithms. Since edge costs cannot be arbitrary (they

come from the vertex stationary and edge transition

probabilities), it is possible that special purpose parti-

tioning algorithms can be used. In fact we are planning

to investigate some special purpose algorithms in the

future.

4 Experimental Results

In order to test the stochastic clustering approach, we

conducted a series of object clustering experiments. A

full description of these experiments and the results can

be found in [TN91]. Here, due to space constraints, we

present the results of one representative experiment. We

present these results as a single interesting data point;

obviously, it is foolish to use a single data point to at-

tempt to answer the question “what is the best cluster-

ing method7.”

In this experiment, we used the “traversal” portion

of the Sun Engineering Benchmark to generate traces

of 5000-40000 object accesses over a database of N=200

objects. (For a description of the Sun Benchmark,

7 In fact we t~lnk that the preceding qUe5tiOn clOesn’t even

make sense, since it just raises the question “best for what?”.
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Figure 6: Clustering performance on TRAVERSAL

see [Cat88], ) The traversal portion of the benchmark

performs a large number of traversals of the object

graph, where each traversal starts from a randomly se-

lected top-level object and performs a four-level deep

depth-first search.

We tested 6 clustering algorithms. The first two

(PRP and KERN) are presented in this paper. The

PRP method uses the training trace to compute the

probabilities of access for each object in the database,

and then uses Probability Ranking Partitioning (de-

fined in Section 2.6) to cluster the objects. The KERN

method, described in Section 3.6, uses the training trace

to compute a SMC model, and then uses Kernighan’s

graph partitioning algorithm to find the optimal clus-

tering scheme for that SMC model.

The remaining clustering algorithms are drawn from

previous literature on clustering. BFS and DFS just

traverse the object graph in a BFS/DFS manner and

assign object to frames in that order. WDFS operates

as the DFS aIgorithm, except that it orders the DFS

traversal according to the usage of the object graph

edges. BFS, DFS and WDFS were proposed in [Sta84].

CACTIS based upon the clustering algorithm proposed

in [H K89]. Quoting from [DK90],

Clustering starts by placing the most fre-

quently referenced object in the database in

an empty block. The system then considers

all relationships that go from an object inside

the block to an object outside of the block.

The object at the end of the most frequently

traversed relationship is placed in the block.

To apply this method to the Sun Benchmark, we inter-

pret “relationship” as “edge in the object graph.”

The performance metrics we used were the average

working set size and the miss ratio of an LRU frame-

cache. The graphs of Figure 6 show those metrics for

different window sizes and cache sizes (the clustering

factor was 5 objects per frame). The BFS algorithm

did not perform well, since the workload does not follow

a BFS access pattern. Similarly, PRP did not perform

well because the trace is not well described by the IID

access model (DFS traversal accesses have a strong se-

rial component.) Both WDFS and DFS performed well,

since the traversal workload follows a depth-first search

access pattern. Our implementation of the CACTIS al-

gorithm performed worse than DFS/WDFS because it

always clusters objects connected by object graph edges

before considering unrelated objects. This is not always

the correct thing to do in a depth-first search; in particu-

lar, backtracking moves result in consecutive references

of objects that need not be joined by any edge in the

object graph. From both graphs it is evident that, for

this workload, the stochastic algorithm (KERN) per-

forms the best.

In addition to the traversal workload, we tested the

clustering algorithms on a variety of different workloads

and clustering parameters (the experiments are fully de-

scribed in [TN91]). In all cases that we tested, KERN

remained the best, while the relative performance of the

other algorithms differed significantly for different types

of workloads. For example, on a skewed HD workload,

the PR.P algorithm was as good as KERN.
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5 Conclusions References

In the previous sections the advantages of the stochas-

tic approach in clustering have been demonstrated. A

realistic system model has been introduced, and the

clustering problem has been given a formulation pre-

cise enough so that we can rigorously prove optimal

clustering for object bases is an NP–complete problem.

Furthermore, by reducing the problem to a well–studied

weighted graph partitioning problem, clustering strate-

gies can make use of existing heuristic solutions or vari-

ants thereof in order to improve the performance of

POB systems. Finally, our experimental results have

verified that the stochastic approach was indeed correct

in terms of improving the locality.

IVe have pointed out that object clustering has many

similarities with data access problems that have been

studied in the past. The key difference between those

problems and clustering in POBS is in the amount of

static a–priori knowledge available about the persis-

tent objects, as well as in the amount of statistical

information accumulated over their lifetime. This in-

formation, along with the semantics of object oriented

systems that restrict the usage of object references to

precompiled methods, make stochastic clustering tech-

niques extremely attractive. POBS will be used to store

and retrieve large amount of persistent data, possibly

residing in distributed servers. Consequently good clus-

tering techniques will be a necessity, and it merits a

careful investigation of the underlying problems.

In this paper, we have focussed on what we view as

the fundamental underlying problem for clustering al-

gorithms. Much important work remains. Some of the

assumptions that we have made need to be further ex-

amined. For example, the modeling of client requests

remains open, and alternative models (both stochastic

and syntactic) should be investigated [TN90]. Answers

to questions such as: “how well does the SMC model

approximate real-world POB application reference pat-

terns” must await experience with running systems; us-

ing the foundation laid by the work presented here, we

will be able to make use of these answers as they become

available.

Applying the above methodology to a “real system”

is not an easy task. Many important questions such as,

what to consider as usage data, how often reclustering

should be done, how to deal with changes of the object

store, and how to cluster in the absence of usage data,

need answers. But using the presented framework, one

can formally define for the first time, what it is that

needs to be optimized, how to optimize it, and how to

measure the optimality of solutions.
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