P artition-Based Clustering in Ob ject Bases:

F rom Theory to Practice

Carsten Gerlhof

�

A lfons Kemp er

�

Christoph Kilger y

Guido Mo erkotte y

�

R WTH Aachen y

Universit� at Karlsruhe

Lehrstuhl f � ur Informatik I I I F akult� at f � ur Informatik

Ahornstra�e 55 Am F asanengarten

W-5100 Aachen, Germany W-7500 Karlsruhe, Germany

[gerlhof j kemp er]@informatik.rwth-aachen.de [kilger j mo er]@ira.uk a.de

Abstract

W e classify clustering algorithms into se quenc e-b ase d techniques|which transform

the ob ject net into a linear sequence|and p artition-b ase d clustering algorithms.

Tsangaris and Naughton [TN91, TN92] have shown that the partition-based tech-

niques are sup erior. However, their work is based on a single partitioning algorithm,

the Kernighan and Lin heuristics, which is not applicable to realistically large ob ject

bases b ecause of its high running-time complexity .

The contribution of this pap er is two-fold: (1) we devise a new class of greedy

ob ject graph partitioning algorithms (GGP) whose running-time complexity is mo d-

erate while still yielding go o d quality results. F or large ob ject graphs GGP is the b est

known heuristics with an acceptable running-time. (2) W e carry out an extensive

quantitative analysis of all well-known partitioning algorithms for clustering ob ject

graphs. Our analysis yields that no one algorithm p erforms sup erior for al l ob ject

net characteristics. Therefore, we derive a multi-dimensional grid: the dimensions

corresp ond to particular characteristics of the ob ject base con�gurations and the grid

entries indicate the b est clustering algorithm for the particular con�guration. W e

prop ose an adaptable clustering strategy by determining �rst the characteristics of

the clustering problem|given by

, e.g., numb er and size of ob jects, degree of ob ject

sharing|and then applying the most suitable algorithm which is obtained from the

multi-dimensional grid.

1 In tro duction

Clustering of logically related ob jects on the same page is a very p owerful optimization

concept. Unlike other, more restricted mo dels|e.g., the hierarchical mo del or the nested

relational mo del|the ob ject-oriented data mo dels allow arbitrary ob ject graphs. F rom

the ob ject graph a cluster gr aph is derived whose vertices corresp ond to ob jects and

whose weighted edges corresp ond to logical relationships b etween ob jects, e.g., traversal

frequencies of inter-ob ject references. Clustering , then, consists of mapping the ob jects of

the cluster graph onto pages. W e distinguish b etween se quenc e-base d and p artition-b ase d

clustering. Under sequence-based clustering the cluster graph is transformed into a linear

sequence of ob jects which is then sequentially assigned to pages. Under partition-based

clustering the cluster graph is partitioned into ob ject partitions that �t onto a single page.

The goal, of course, is to minimize the total weight of those edges of the cluster graph

that cross page b oundaries.

Tsangaris and Naughton [TN91 , TN92 ] showed that the partition-based clustering is

sup erior to sequence-based clustering. Unfortunately

, the well-known partitioning algo-

rithms|such as the Kernighan and Lin (KL) algorithm, which was the only one inves-

tigated in [TN91, TN92]|have a very high running-time complexity

. This makes their

application to realistically large ob ject bases imp ossible.

Therefore, in this work we develop a new class of gr e e dy gr aph p artitioning (GGP)

heuristics which have a mo derate running-time complexity while still yielding go o d qual-

ity results. The starting p oint for this class of algorithms is Krusk al’s algorithm for

computing the minimum spanning trees [Kru56]. The basic GGP algorithm is an adapta-

tion of Krusk al’s algorithm to graph partitioning|obtaining, however, only a sub-optimal

solution for the NP-complete partitioning problem. F rom the basic GGP heuristics we

develop more sophisticated heuristics by incorp orating a lo ok-ahe ad with the p ossibility

of rejecting less promising choices and a new-c hanc e for those rejected choices at a later

stage.

Our extensive quantitative analysis|of which only a fraction could b e covered in the

pap er|indicates that the quality of the (sophisticated) greedy partitioning is slightly

inferior to the computationally complex algorithms, such as KL. However, the greedy

heuristics are indisp ensable for two reasons:

1. They are extremely useful for pre-partitioning the cluster graph. These pre-partitions

can then b e improved using the computationally complex algorithms, e.g., KL.

2. F or (realistically) large ob ject bases the computationally complex algorithms cannot

b e employed b ecause of their enormous running-time (e.g., KL needs more than 24

hours for clustering 16.000 ob jects). In this case we can employ our greedy heuristic

which is far b etter than the b est known sequence-based algorithms|the b est-�rst

heuristics.

The ab ove discussion leads to the conclusion that there is no one single cluster heuris-

tics which is sup erior for al l ob ject base con�gurations. This motiv ates us to prop ose an

adaptable cluster strategy: dep ending on the characteristics of the ob ject base con�gu-

ration|given by

, e.g., the numb er and size of ob jects, the degree of ob ject sharing|the

b est known algorithm should b e applied. T o supp ort this (algorithmic) adaptability we derive a multi-dimensional grid from our extensive b enchmarks: the dimensions of the

grid corresp ond to particular characteristics of the ob ject base con�guration and the grid

entries indicate the most suitable cluster heuristics for the particular characteristics.

The rest of the pap er is organized as follows. In Section 2 the cluster problem is

de�ned and the related work is classi�ed. Then, in Section 3 the well-known partition-

ing algorithms are reviewed and the basics of our greedy graph partitioning heuristics is

intro duced. In Section 4 the basic GGP heuristics is enhanced by the lo ok-ahe ad and

new-c hanc e heuristics. Section 5 contains some of our extensive quantitative analysis of

many di�erent partition-based cluster heuristics. Based on the outcome of this analysis,

we derive the adaptable cluster strategy controlled by the multi-dimensional grid, in Sec-

tion 6. Section 7 concludes the pap er. The App endix contains the complete sp eci�cation

of our sophisticated greedy partitioning algorithm.

2 Clustering as a Graph P artitioning Problem

The clustering problem is closely related to the graph partitioning problem where some

graph is to b e partitioned into several disconnected subgraphs (partitions). The obje ct

gr aph (OG) is constructed considering ob jects as vertices and the inter-ob ject references

as directed edges [TN91 ]. Clustering algorithms partition the OG by assigning ob jects to

equally sized pages. Instead of the OG clustering algorithms often use a more sp eci�c graph

as input that is derived from the OG and/or from information ab out the applications’

access b ehavior, e.g., access traces. W e follow [TN91] and call this graph the clustering

gr aph (CG). The vertices and edges of the CG are lab eled with weights: vertex weights

represent ob ject sizes and edge weights represent the application’s access b ehavior (higher

weights denote that the start and terminal ob ject of the edge are more often accessed in

succession). Generally

, the set of edges of the CG may b e a multi-set. However, in order

to simplify the problem, we prop ose to transform the CG into a simple graph, i.e., every

edge o ccurs only once, by accumulating the weights of edges b etween the same start and

terminal vertices. F or a given partitioning of the CG, the total weight of all edges crossing

partition b orders (i.e., page b orders) are the external c osts of this partitioning.

1

The

clustering problem is to �nd a partitioning of the CG such that the size of each partition,

i.e., the total size of its ob jects, is less or equal the page size and the external costs are

minimized. This problem is an instance of the fr e e p artitioning pr oblem as the numb er of

pages taken to store the ob jects of the CG is not part of the problem sp eci�cation. It is

known that this problem is strongly NP-complete, even if all ob jects are of equal size and

all edge weights equal 1. The problem is in P if the CG is a tree and all ob jects have the

same size [GJ79] or all edge weights equal 1 [Had74].

F or a given CG and a given numb er of partitions r a lower b ound for the optimum

external costs was found by Barnes [Bar82]:

EC

opt

� EC

max

�

1

2 r

X

i=1

B � �

i

(C )

where EC

opt and EC

max denote the optimum and maximum external costs, resp ectively ,

C is the weighted adjacency matrix of the CG, and B is the maximum numb er of ob-

1

The external costs are often called the cut size of the partitioning.

jects p er page. �

i

(C ) denotes the ith largest eigenv alue of C . A stronger|but more

complicated|low er b ound for EC

opt was prop osed by [DH73].

There are two dimensions along which clustering algorithms can b e classi�ed: (1)

the determination of the access patterns, i.e., edge weights, and (2) the algorithm that

is applied to map ob jects onto pages. Along the �rst dimension|the determination of

the access patterns|static and dynamic metho ds can b e distinguished. Along the second

dimension we distinguish se quenc e-b ase d from p artition-b ase d mapping algorithms.

2.1 Determination of the Access P atterns

Static metho ds are based on analyzing either the schema or the ob ject base|or b oth, in

combination. In [GKKM92] we prop osed to extract information on the access b ehavior

of op erations (that are part of the schema) by analyzing their data ow. The result

of this analysis is a set of weighted path expressions, that are matched with the ob ject

graph in order to estimate the transition counts of the inter-ob ject references. These were

then used to lab el the edges, yielding the CG. Other static metho ds are based on the

static reference counts of ob jects

2

[Sta84 ] or request input from the database programmer,

e.g., [Ben90, CDRS86 ].

Dynamic metho ds analyze the access trace of former database applications by mon-

itoring the system. F or example, the numb er of times a reference is traversed can b e

counted yielding the dynamic tr ansition c ount of this reference [Sta84 , HK89]. The dy-

namic transition count of some reference is used to lab el the corresp onding edge in the

CG.

Usually

, it is far more exp ensive to gather dynamic information on the access b ehavior

of applications since this requires monitoring the applications. F or a thorough discussion

of the pros and cons of static versus dynamic access information see [GKKM92]. In the

remainder of this pap er we assume the weights of the edges of the CG to b e given|either

by dynamic or static analysis.

2.2 Sequence-Based Mapping Algorithms

Sequence-based algorithms partition the CG by applying a graph traversal algorithm pro-

ducing a linear sequence of all ob jects from the CG. This sequence of ob jects is then seg-

mented|from left to right|into partitions. Sequence-based algorithms can b e denoted

in the style of a UNIX pip e consisting of the two steps Pr eSort and T r aversal :

Pr eSort j T r aversal

The T r aversal comp onent starts with some ob ject and traverses all ob jects that are reach-

able from the start ob ject and have not b een visited b efore. After the current traversal

is �nished, e.g., b ecause all reachable ob jects have b een visited, a new (unvisited) ob ject

is selected to start the next traversal. The Pr eSort metho d is used for sorting all ob-

jects|and, by that, sp ecifying the order in which ob jects are considered as starting p oints

for new traversals.

2

The static referenc e count of some ob ject equals the numb er of reference s p ointing to that ob ject.

F or the Pr eSort order many sortings have b een prop osed, e.g. ordering by typ e [HZ87,

Sta84 , Ben90 ], ordering by decreasing dynamic reference counts

3

[HK89], and using some

arbitrary ordering [Sta84, BKKG88].

The simplest T r aversal algorithm maps ob jects to pages according to their p osition in

the presort order; it is applied in [Sta84, HZ87]. The depth-�rst and breadth-�rst traversal

algorithms for graphs were applied in [Sta84 , BKKG88]. In Cactis [HK89] the usage of a

b est-�rst (BSTF) traversal algorithm is prop osed:

The �rst ob ject according to the presort order is stored on a new page. T o

cho ose the next ob ject all edges emanating from the current page are inserted

into an EdgeList , which is then ordered by descending weights. The �rst edge

is removed from the EdgeList and the terminal ob ject of this edge is stored

on the current page. If the current page is full

4

a new page is started and the

next ob ject is selected according to the presort order.

There are three heuristics that re�ne the T r aversal comp onent of sequence-based al-

gorithms:

� New p age new tr aversal (NPNT): This heuristic suggests to terminate the current

traversal and start a new one if the current page is �lled up.

� New tr aversal new p age (NTNP): If the current traversal terminates b ecause all

ob jects that were accessible from the start ob jects have b een clustered, a new page

is set up to start the next traversal. The NTNP heuristic is b ene�cial if the CG is

disconnected into several subgraphs .

� Using undir e cte d e dges (UDE): The edges of the CG are directed. Nevertheless, the

direction of the edges is not imp ortant for clustering decisions and, therefore, should

not b e considered by the T r aversal comp onent.

W e have intensiv ely examined the impact of the three enhancements NPNT, NTNP and

UDE on the p erformance of algorithms based on BSTF traversal. W e have found, that in

almost all cases the combination of all three heuristics achieves the b est results. Interest-

ingly

, switching from directed to undirected edges is not b ene�cial for tree-like structures,

i.e., if the degree of sharing

5

of the CG is b elow 5 � 10% [F ah93 ].

A full algorithmic description of BSTF is given in the app endix. BSTF was the

b est T r aversal algorithm in many comparison studys of clustering algorithms, e.g. [TN91,

GKKM92 ]. Therefore, in the remainder of this pap er, we investigate only BSTF supple-

mented by the NPNT, NTNP and UDE heuristics as the representative for sequence-based

clustering.

3

The dynamic r efer enc e c ount of an ob ject equals the numb er of times the ob ject is reference d by a

sampling application.

4

Actually

, the clustering strategy of Cactis incorp orates the NPNT heuristics that is describ ed

subsequently .

5

The degree of sharing is the ratio of the numb er of shared ob jects to the total numb er of ob jects.

2.3 P artition-Based Mapping Algorithms

Partition-based clustering algorithms segment the CG utilizing graph partitioning algo-

rithms. In the literature graph partitioning algorithms for clustering were only considered

in the work of Tsangaris and Naughton [TN91 , TN92], where the algorithm by Kernighan

and Lin (KL) was applied [KL70 ]. The work of Tsangaris and Naughton indicates that

the clustering results obtained by the KL algorithm are far sup erior to those obtained by

sequence-based algorithms.

Although the work of Tsangaris and Naughton lead the way to partition-based clus-

tering their results were based on b enchmarks run on a rather small ob ject base where

all ob jects were of equal size. In practice there is a large diversit y of ob ject nets whose

characteristics are essential for the p erformance and the cluster quality of partitioning

algorithms:

� The size of the ob ject net which may range from a few hundred to hundreds of

thousands of ob jects.

� The size of the ob jects which may strongly v ary .

� The degree of sharing: there are tree-lik e ob ject nets and others which exhibit a

highly connected network strucure.

It turns out that no one algorithm, e.g. KL, can b e identi�ed as sup erior in all (or even

most of the) cases. Therefore, we investigate a wide range of partitioning algorithms for

the clustering problem.

3 The Graph P artitioning Algorithms

According to [SM91] graph partitioning algorithms can b e divided into two classes: c on-

structive p artitioning and iter ative impr ovement. Constructive algorithms build a parti-

tioning of a graph from scratch; iterative algorithms start with some initial partitioning

and rep eatedly try to improve this partitioning. Iterative algorithms usually pro duce b et-

ter results than constructive algorithms, but have a very large running-time compared to

constructive algorithms. However, as ob ject bases may b e of arbitrary size, sp eed is an

imp ortant factor when selecting an algorithm for clustering.

In the remainder of this section we sketch four graph partitioning algorithms known

from the literature. F urther, we describ e the basics of our new greedy heuristics for

graph partitioning|more sophisticated heuristics based on greedy graph partitioning are

develop ed in Section 4.

3.1 Iterativ e Algorithms

3.1.1 The Kernighan-Lin Heuristics

The Kernighan-Lin algorithm (KL) [KL70] was designed for the placement of VLSI chips|

that is why KL is not well suited for clustering in ob ject bases:

1. The asymptotic running-time of the KL algorithm is O (n

2:4

) where n is the numb er of

vertices of the graph. This indicates that the KL heuristics is prohibitively exp ensive

for realistically large ob ject bases.

2. The KL algorithm starts with an arbitrary partitioning of the CG and iterates over

all pairs of partitions, trying to improve the partitioning by exchanging ob jects

b etween the pair of partitions currently considered. Thus, the ob ject sizes must not

b e strongly diverging for allowing ob jects to b e swapp ed. While this may b e true

for VLSI applications, it is in general not true for ob ject bases.

Presupp osed that the ob jects are of similar size and the ob ject base is small the partitioning

results obtained by the KL algorithm are of high quality (in terms of external costs).

Subsequently

, we discuss two iterative algorithm that are extensions of the KL heuris-

tics.

3.1.2 The Fiduccia-Mattheyses Heuristics

The graph partitioning algorithm by Fiduccia and Mattheyses (FM) [FM82] is derived

from the KL algorithm. The main mo di�cation is that ob jects are move d across partition

b orders instead of b eing swapp e d . Throughout the iteration pro cess a minimum balance

criterion for the partitions is maintained. The main adv antage of the FM heuristics is that

single ob jects can move across the cut. This mo di�cation allows for handling unbalanced

partitions and non-uniform ob ject sizes. On the other hand, swapping as employed in

the KL heuristics, is adv antageous in case of uniform size and nearly full pages|in this

case no ob jects can b e moved by the FM heuristics. F urther, the FM heuristics is able to

adapt the numb er of ob jects of the partitions (KL remains always stuck with the numb er

of ob jects p er partition that was initially chosen), and even the numb er of partitions (if

all ob jects are removed from some partition, the partition can b e deleted).

Fiduccia and Mattheyses prop ose a very e�cient data structure for cho osing the next

ob ject to b e moved. Unfortunately

, this data structure requires two one-dimensional

arrays of size 2 � B

max

� D

max where B

max is the maximum numb er of ob jects p er page

and D

max is the maximum vertex degree of CG. As there may b e an arbitrary numb er of

edges emanating from (or leading to) an ob ject|e.g., think of set-structured ob jects|this

running-time improvement of the FM heuristics cannot b e employed for clustering in ob ject

bases. Thus, the complexit y of the FM heuristics is ab out the complexity of KL|i.e.,

O (n

2:4

).

3.1.3 Hierarc hical P artitioning

The hierarchical partitioning algorithm (HP) is a combination of the KL and FM algo-

rithms: KL is used to compute a go o d initial partitioning which is then improved using

the FM heuristics.

The HP algorithm works as follows: All ob jects are assigned to one partition whose

size is P = 2 x

� PageSize where x is chosen to b e the smallest integer such that the total

size of all ob jects is less than or equal to P . This partition is split such that the ob jects are

distributed equally (by size) among b oth partitions. The resulting partitions are improved

using the KL heuristics. Then, all partitions are split, KL is utilized again to improve the partitions, and so on. This metho d is recursively applied until the size of every partition

is b elow the page size. After the termination of this pro cess FM is applied to further

improve this partitioning.

The idea that lead to the HP algorithm was taken from the work of Breuer [Bre77].

3.2 Constructiv e Algorithms

3.2.1 Optim um P artitioning of T rees

Lukes [Luk74] presents a pseudop olynominal-time algorithm for computing an optimum

partitioning for the vertices of a tree, based on dynamic programming. The complexity of

the algorithm is O (n � B

2

max

) where n is the numb er of vertices of the tree and B

max is the

maximum numb er of ob jects p er page.

This algorithm can only b e applied for those parts of the CG forming a tree.

3.2.2 The Greedy Graph P artitioning Heuristics

Because of the very go o d clustering results but p o or running-time p erformance of known

partition-based clustering algorithms, we have develop ed a new heuristics for graph parti-

tioning, called Gr e e dy Gr aph Partitioning (GGP) . (The GGP algorithm was �rst prop osed

in [GKKM92 ].) Graph partitioning is strongly related to subset optimization problems for

which greedy algorithms often �nd go o d solutions very e�ciently .

Input: The clustering graph CG;

Output: A list of partitions;

PartList := h i;

Assign each ob ject to a new partition and insert this partition into PartList ;

Let EdgeList b e a list of tuples of the form (o

1

; o

2

; w

o

1

;o

2

)

where w

o

1

;o

2 is the total weight of all edges b etween o

1 and o

2

;

Sort EdgeList by descending weights;

foreach (o

1

; o

2

; w

o

1

;o

2

) in EdgeList do b egin

Let P

1

; P

2 b e the partitions containing ob jects o

1

; o

2

;

if P

1

6= P

2 and the total size of all ob jects of P

1 and P

2

is less than the page size then b egin

Move all ob jects from P

2 to P

1

;

Remove P

2 from PartList ;

end if;

end foreach;

Figure 1: The Greedy Graph Partitioning Algorithm

The GGP algorithm (see Fig. 1) is based on a simple greedy heuristics that was de-

rived from Krusk al‘s algorithm for computing the minim um weight spanning tree of a

graph [Kru56]).

First, all partitions are inhabited by a single ob ject only

, and all partitions are inserted

into the list PartList . F or all ob jects o

1

, o

2 connected by some edge in the CG with weight

w

o

1

;o

2 a tuple (o

1

; o

2

; w

o

1

;o

2

) is inserted into the list EdgeList . All tuples of EdgeList are

visited in the order of descending weights. Let (o

1

; o

2

; w

o

1

;o

2

) b e the current tuple. Let

P

1

, P

2 b e the partitions to which the ob jects o

1 and o

2 are assigned. If P

1

6= P

2 and if the

total size of all ob jects assigned to P

1 and P

2 is less than the page size the two partitions

are joined.

6

Otherwise, the edge is merely discarded|and the partitions remain inv ariant.

While Krusk al’s algorithm yields the optimal solution to the minim um spanning tree

problem, the GGP heuristics, of course, generates only a sub optimal solution to the par-

titioning problem.

Let e b e the numb er of edges of the CG. The running-time complexity of the GGP

algorithm is O (e log e)|the dominating factor b eing the sorting of the list EdgeList .

4 New Heuristics for Greedy Graph P artitioning

W e have extensively b enchmarked the GGP heuristics on v arious forms of CG’s comparing

it to several clustering strategies for ob ject-oriented database systems, e.g., the clustering

algorithms of the database systems O

2

[Ben90] and Cactis [HK89], and the algorithms

prop osed in [TN91 ] and [CH91]. The results are presented in [GKKM92].

In these exp erimen ts the p erformance of GGP|b oth, in terms of running-time as well

as clustering quality|w as determined as quite go o d in comparison to the other algorithms.

Nevertheless, there are situations in which GGP makes non-optimal choices when selecting

two partitions that are to b e joined. In this section we present two heuristics that improve

the results of GGP:

1. b ounde d lo ok-ahe ad: Before the partitions incident to the current edge, i.e., the edge

with maximum weight, are b eing joined a BSTF traversal is p erformed lo cally in

order to lo ok for b etter candidate partitions to b e joined.

2. new-chan c e: If the b ounded lo ok-ahead heuristics �nds p otentially b etter candi-

date partitions the current edge is rejected. Rejected edges need b e re-considered

(triggered) if the condition that lead to the rejection changes.

W e identify the GGP algorithm that incorp orates the ab ove two heuristics by GGPla (GGP

with lo ok-ahe ad ). Subsequently

, b oth improvements|lo ok-ahead and new-chance|that

lead to the GGPla algorithm are discussed in more detail. The complete description of

the algorithm GGPla can b e found in the App endix.

4.1 k -Lo ok-Ahead

During each iteration the GGP algorithm takes the edge with maximum weight from the

EdgeList and tries to join the partitions of the ob jects incident to that edge. Of course,

this is not necessarily the b est decision. Consider the example shown in Fig. 2. The CG

is visualized in Fig. 2 (a); the maximum external costs are EC

max

= 28.

7

W e assume

uniform ob ject sizes and a page capacity of 2 ob jects. Without lo ok-ahead GGP decides

to assign the ob jects o

2 and o

3 to the same partition resulting in a �nal partitioning with

external costs of 18, visualized in Fig. 2 (b). Obviously

, the optimum partitioning of this

CG has only external costs of 10 (Fig. 2 (c)). The idea of the b ounded lo ok-ahead is to

6

Partitions are represente d as binary trees to accelerate the join op eration.

7

Squares denote ob jects, dashed b oxes denote partitions.

detect situations where it is adv antageous to r eje ct the current edge, i.e., the edge with

maximum weight, and to consider other edges �rst. Subsequently

, this rough outline of

b ounded lo ok-ahead is detailed.

o

1 o

2 o

3 o

4

9 10 9 o

1 o

2 o

3 o

4 o

1 o

2 o

3 o

4

(a) EC

max

= 28 (b) E C = 18 (c) E C = 10

Figure 2: An Example for Non-Optimal GGP Clustering

Consider the CG depicted in Fig. 3. The ob jects o

l and o

r have b een assigned to the

partitions P

l and P

r

. Besides the edge (o

l

; o

r

) there are n external edges incident to o

l

with weights w

l

1

; : : : ; w

l

n and m external edges incident to o

r with weights w

r

1

; : : : ; w

r

m

.

Assume the next edge to b e considered by GGP is (o

l

; o

r

) with weight w , which implies

w � maxfw

l

1

; : : : ; w

l

n

; w

r

1

; : : : ; w

r

m g. F urther assume that the partitions P

l and P

r could

b e joined b ecause their total size b eing less than or equal to the page size.

� @

@ �

P

l

�

�

� w

l

i w

l

1

� � �

w

l

i+1

@

@

@ w

l

n

� � �

� @

@ �

� @

@ �

P

r

�

�

� w

r

1

� � �

@

@

@ w

r

j w

r

j +1 w

r

m

� � �

� @

@ � o

l o

r w

Figure 3: Clustering Graph Before Analyzing the Edge (o

l

; o

r

)

T o decide whether it is b ene�cial to join the partitions P

l and P

r

(or not) we pro ceed

in two steps:

1. W e ev aluate the p otential gain in the case P

l and P

r are b eing joined and the re-

sulting partition is b eing �lled up to the maximum size. F or that, a BSTF traversal

is p erformed on the external edges of the CG starting at the ob jects fo

l

; o

r g.

8

The

traversal is terminated if either (1) the depth of the traversal exceeds some integer

b ound k , or (2) the total size of all partitions encountered (including P

l and P

r

) ex-

ceeds the page size. Let W

join equal w plus the total weight of all edges accessed dur-

ing the traversal. Assume that these are the edges lab eled w

l

1

; : : : ; w

l

i

; w

r

1

; : : : ; w

r

j

(see Fig. 4); thus, W

join

= w + w

l

1

+ : : : + w

l

i

+ w

r

1

+ : : : + w

r

j

. W

join denotes the

p otential gain in the case that the partitions P

l and P

r are b eing joined and the

resulting partition were �lled up completely using a BSTF traversal starting at the

ob jects fo

1

; o

2 g.

2. W e ev aluate the e�ect of not joining P

l and P

r

. T o do so, we p erform two BSTF

traversals (on the external edges of the CG) starting at o

l and o

r

, resp ectively

. The

8

Note that the BSTF search insp ects only paths that emanate from o

l and o

r

|instead of insp ecting

all ob jects already in partitions P

l and P

r

. Our exp eriments showed that the running-time b ecomes

prohibitively large, otherwise.

� @

@ �

�

�

� w

l

i w

l

1

� � �

� @

@ �

� @

@ �

�

�

� w

r

1

� � � w

r

j o

l o

r w

Figure 4: BSTF Lo ok-Ahead Starting F rom Ob jects o

l and o

r

�rst traversal is called left tr aversal , the latter is called right tr aversal . The left

(right) traversal is terminated as so on as the depth of the traversal exceeds k or

when the total size of all partitions encountered including P

l

(P

r

) exceeds the page

size. Let W

left denote the total weight of all edges traversed by the left traversal, and

let P

left denote the set of partitions encountered during the left traversal (including

P

l

). W

left denotes the gain that can p otentially b e achieved by GGP on the left part

of the CG if the partitions P

l and P

r are not joined in the current stage of GGP .

W

right and P

right are de�ned analogo usly for the right traversal.

Based on the de�nitions made ab ove we can de�ne two heuristics H1 and H2:

Heuristics H1: The edge (o

l

; o

r

) is rejected, i.e., P

l and P

r are not joined in the current

stage of GGP

, if either

� W

left

> W

join and the total size of all ob jects on pages in P

left

[ fP

r g exceeds

the page size, or

� W

right

> W

join and the total size of all ob jects on pages in P

right

[ fP

l g exceeds

the page size.

Heuristics H1 rejects the edge (o

l

; o

r

) if either the gain on the left part of the CG

(ro oted at o

l

) or on the right part of the CG (ro oted at o

r

) is larger than the gain achieved

by joining the partitions P

l and P

r

.

Note, however, that by this heuristics the optimal partitioning of the CG shown in Fig. 2

is not found. This observ ation leads to the de�nition of

Heuristics H2: The edge (o

l

; o

r

) is rejected, i.e., P

l and P

r are not joined in the current

iteration of GGP

, if

� W

left

+ W

right

> W

join and the total size of all ob jects on pages in P

left

[ P

right

exceeds the page size.

Under heuristics H2, the total gain that can b e p otentially achieved by not joining the

partitions P

l and P

r is compared to the gain p otentially achieved by joining P

l and P

r

.

It is easy to see that the condition of H2 is always true if the condition of H1 is ful�lled|

thus, H2 is a strengthening of H1.

A similar heuristics that intro duces more lo ok-ahead into the Fiduccia-Mattheyses

algorithm was prop osed by Krishnamurthy [Kri84].

4.2 New-Chance

In this section we discuss the \fate" of edges that were rejected by the k -lo ok-ahead

heuristics. First, we observe that rejected edges must not b e removed from the EdgeList

b ecause they should b e re-considered b efore termination of GGP . F or example, in the CG

visualized in Fig. 5 (a), let us assume that the edge (o

1

; o

2

) is rejected by the k -lo ok-ahead

heuristics H1 (k > 2). Obviously

, b ecause (o

1

; o

2

) may b e the only (external) edge incident

to the partition P

2 this edge should b e re-considered in order to retry the join of P

1 and

P

2

. T echnically

, in our implemen tation, edges are given a new chance by moving them to

the end of the EdgeList when they are rejected (see Fig. 5 (b)).

� @

@ �

P

1

9

@

@

@

10

P

2

� @

@ �

� � �

9 o

1 o

2

o

3

(a)

EdgeList :

(b) (o

1

; o

2

) : : : : : : : : (o

1

; o

3

) : : : : : : : :

6

(c) (o

1

; o

3

) : : : : : : : : : : : : (o

1

; o

2

) : : : :

?

6

1.

2.

Figure 5: T riggering Rejected Edges

The set of the external edges which has b een visited in the k -lo ok-ahead for some

rejected edge e

r is called the trigger-set of e

r

. F or example, in Fig. 5, the trigger-set of

(o

1

; o

2

) is f(o

1

; o

3

); � � �g. Now let us assume that some edge e is considered and is not b eing

rejected during the current iteration of GGP . F urther assume that e is in the trigger-set

of the rejected edge e

r

. In this case the edge e

r is said to b e trigger e d. After the join of

the partitions incident to e the lo cal situation in the CG that was resp onsible for rejecting

the edge e

r has changed. In this new situation the edge e

r would p ossibly survive (i.e.,

not b eing rejected). Thus, we prop ose to retry any rejected edge when it is triggered.

9

T riggered edges are moved to the �rst p osition of the EdgeList as their weight is greater

than or equal to the maximum of the weights of all edges that have not yet b een considered.

F or example, in the CG visualized in Fig. 5 (a), the rejected edge (o

1

; o

2

) is moved to the

front of the EdgeList when it is triggered by the edge (o

1

; o

3

) (see Fig. 5 (c)).

4.3 Discussion

In our exp eriments, we have found that the results of the GGPla algorithm using the

b ounded lo ok-ahead and the new-chance heuristics are b etter than those of the basic

GGP algorithm. Esp ecially

, if the degree of sharing of the CG is small, i.e., the CG has

a tree-lik e structure, GGPla p erforms much b etter than GGP

. This issue is discussed in

more detail in Section 5.

9

T o avoid exhaustive searching we employ sp ecial data structure s facilitating the direct access from

the current edge to the set of triggered edges.

Of course there are many further heuristics that could b e applied to the basic GGP

algorithm. In fact, we have exp erimen ted with lots of heuristics that were very attractive

at �rst glance but did not pro duce the exp ected results. Some of these heuristics are:

� sorting the e dges by the desc ending r atio of e dge weights to p artition sizes. This

heuristics was applied to the global EdgeList and to the BSTF traversal of the

b ounded lo ok-ahead heuristics. In the �rst case it lead to a tremendous increase in

running-time b ecause of the necessary resorting of the EdgeList after every iteration.

In the latter case, the partitioning results b ecame worse.

� uni�c ation of al l external e dges incident to a p air of p artitions to one e dge with

ac cumulation of the e dge weights. This heuristics requires the global EdgeList to

b e resorted after each iteration and, therefore, leads to a tremendous increase in

running-time.

In our exp erience other improvements of the basic GGP heuristics we have tried always

lead to a drastic prolongation of the running-time|preventing them from b eing applied

to large ob ject bases.

5 Quan titativ e Analysis

In this section we investigate the quality of clustering algorithms (1) in terms of quality

, i.e.,

external costs and (2) in terms of running-time. In the related work clustering algorithms

are often ev aluated by running sp eci�c b enchmark applications and measuring the miss

ratio of the cache or the average working set size. W e decided to use the external costs

of the partitioning to ev aluate the quality of the clustering b ecause this measure do es

not dep end on the choice of the b enchmark applications, the bu�er size, the replacement

p olicy

, nor the working set window size.

The exp eriments were carried out using a graph generator|that is part of our simu-

lation workb ench TEXAS.

10

The graphs used in the exp eriments consist of 10 mo dules,

each constituting a highly connected subgraph. The mo dules are tree-structured with �ve

successors p er inner no de. Dep endent on the degree of sharing further edges b etween ran-

domly selected ob jects of the same mo dule are inserted into the graph. These edges are

called additional e dges. F or example, a degree of sharing of 50 % with 2 additional edges

p er shared ob ject denotes that 50 % of all ob jects are shared, and that each shared ob ject

is hit by 3 references (2 additional edges and 1 edge of the original tree). Every mo dule

is connected to one randomly selected mo dule by an edge with minimal weight (1). The

weights of the intra-mo dule edges are uniformly distributed in the range 2; : : : ; 20. The

average ob ject size in all exp eriments was 300 bytes; the standard deviation of the ob ject

sizes v aried and is sp eci�ed separately for each exp eriment. The partition (page) size was

v aried in many of the exp erimen ts. The cardinality of the entire database was 1000 ob jects

unless stated otherwise.

W e classify the characteristics of the examined clustering graphs according to �ve

dimensions:

10

The EXtensible Access Simulator for ob ject bases.

database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

The cardinality of the database is the dominant factor of the running-time of the algo-

rithms, whereas the remaining four parameters in uence the quality of the partitionings

generated by the algorithms. The degree of sharing is stated in % and determines the ratio

of the numb er of shared ob jects to the total numb er of ob jects. The static reference count

of an ob ject equals the numb er of references referring to (\hitting") the ob ject. Thus, the

SRC of shared ob jects is larger than 1, and the SRC of non-shared ob jects is 0 or 1. W e

conducted exp eriments on many combinations of the �ve parameters.

The following algorithms were measured:

Algorithms R emarks

BSTF, GGP

, HP BSTF with NPNT/NTNP and UDE

GGPla Heuristics H1, H2, new-chance of rejected edges

Lukes approximated, see b elow

KL(x), FM(x) with pre-partitioning pro duced by x, for x 2 f GGPla, BSTF g

The (iterative) algorithms KL(x) and FM(x) were run until no further improvement was

achieved (or maxint was reached). T o comp ensate for one ma jor disadv antage of Lukes’

algorithm (pro ducing memory over ow when working on high trees) we limited the keeping

of the b est assignments of ob jects to partitions only up to the average numb er of ob jects

p er page.

5.1 Running-Time vs. Qualit y of Cluster Algorithms

The �rst exp eriment ev aluates the cluster algorithms BSTF, GGP

, GGPla, FM(GGPla),

KL(GGPla), and HP in terms of (1) their partitioning quality|that is, we compute the

relative savings in external costs in relation to a random placement|and (2) their running-

time dep endent on the database cardinality .

The algorithms worked on a scalable database of n mo dules|each constituting a ran-

dom graph with 1000 ob jects and 4 edges p er ob ject on the average. The ob ject sizes

have a standard deviation of 300 bytes with mean v alue 300; the average page capacity

is 15 ob jects. Fig. 6 visualizes the results where the database size is plotted against the

x-axis. In Fig. 6(a) the running-time is plotted against the y -axis, in Fig. 6(b) the relative

savings of the obtained clustering to a random placement is plotted against the y -axis.

The exp eriment was run on several randomly chosen graphs; the vertical (error) bars in

the plots of Fig. 6 (b) visualize the standard deviation of the clustering results for the

di�erent graphs.

The most imp ortant result of this exp eriment is that the running-times of the algo-

rithms are drastically di�erent. Whereas the constructive algorithms GGPla and GGP ,

and the sequenced-based technique BSTF are very fast (30 minutes for 32000 ob jects), the

running-time of the iterative algorithms KL(GGPla), FM(GGPla), and HP is not accept-

able for large databases. W e limited the maximal running-time to 24 hours; HP exceeded

this limit at a database cardinality of 4000 ob jects, and KL/FM exceeded this limit at a

database cardinality of 16000 ob jects. Thus, HP is only feasible for small databases up to

2000 ob jects and KL/FM may b e feasible for databases up to 8000 ob jects|if the long

reorganization time is tolerable at all.

(a) Running-Time

 10 s

  1 m

 10 m
0.5 h
  1 h
  2 h
  4 h
  8 h

             1 2 4 8 16 32
running-time
database size [1000 nodes]

   HP KL(GGPla)

                  FM(GGPla)

                                GGPla

                                  GGP

                           BSTF

(b) Clustering Quality

  32

32.5
33.0
 ...
35.0
35.5

36.0

36.5

37.0

37.5

           1 2 4 8 16 32
savings to random [%]
database size [1000 nodes]

    HP

                 FM(GGPla)

                 KL(GGPla) GGPla

                             GGP

                            BSTF

database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

v ariable 15 300 100% 4

Figure 6: Performance of Clustering Algorithms Dep endent on the Database Size

The clustering results of all algorithms range b etween 32% to 37% savings to random

placement. Note, that even smal l di�erences in relative savings exhibit enormous di�er-

ences in absolute external costs|e.g., 40273 b etween BSTF and GGPla at a database

cardinality of 32000 ob jects. Even though, these absolute savings are in terms of external

costs of the partitioning they ultimately lead to a prop ortional saving in page faults|as

our exp erimen ts (not rep orted here) indicate.

The iterative algorithms HP

, KL(GGPla), and FM(GGPla) exhibited the b est parti-

tioning results. Nevertheless, the results of the KL and FM heuristics strongly dep end on

the quality of the pre-partitioning. Utilizing a p o or- quality pre-partitioning KL and FM

cannot achieve such go o d results. Among the algorithms whose running-time is reasonably

low GGP and GGPla p erformed b est. The relative ordering of the algorithms in b oth as-

p ects, i.e., in running-time as well as in their quality of clustering results, that was observed

in this exp erimen t remains stable in the ma jority of the exp eriments we conducted|as

indicated by the error bars in Fig. 6 (b) which represent standard deviation.

5.2 T esting the New Heuristics

F rom the �rst exp eriment we can conclude that the GGP heuristics represents an interest-

ing alternative to the computationally complex iterative algorithms. In this exp eriment we

fo cus on the impact of the lo ok-ahe ad heuristics H1 and H2 combined with the new-chan c e

heuristics (see Section 4) on the clustering results of GGP

. This exp erimen t was run on

a graph with v arying ob ject sizes, an SRC of 2 for shared ob jects, and an average page

capacity of 20 ob jects. The results are visualized in Fig. 7 (a) for a sharing of 0 % and

Fig. 7 (b) for a sharing of 20 %. The depth k of the lo ok-ahead is plotted against the x-axis, the relative savings of GGPla to GGP is plotted against the y -axis.

(a) Degree of Sharing 0 %

 0

 5

10

15

20

        1 2 3 4 5
savings to GGP [%]
look-ahead

       GGPla(H2)

       GGPla(H1)

         GGP

(b) Degree of Sharing 20 %

 0

 5

10
                   GGPla(H2)

                   GGPla(H1)

                       GGP

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 20 300 0% 0

1000 20 300 20% 2

Figure 7: Performance of the New Heuristics

Both lo ok-ahe ad heuristics H1 and H2 improve the p erformance of GGP

. The version

of GGPla using the H2 heuristics clearly outp erforms the version using the heuristics

H1|indicating that H2 actually re�nes H1.

In the plots of Fig. 7 (a) where sharing is 0 the maximal improvement by H2 is 15 %.

11

Thus, the heuristics work very well on trees.

In the plots of Fig. 7 (b) where 20 % of the ob jects are shared (1) the overall improve-

ment is lower compared to trees and (2) the savings to GGP de cr e ases if k exceeds 3.

The reason for this b ehavior lies in the sharing of ob jects: the BSTF traversal employed

by the lo ok-ahead heuristics tries to pull ob jects into the current partition|tearing them

away from other partitions. Thus, if k increases the BSTF traversal gains more in uence

and|b ecause of that|may cause more damage (generally

, GGP is a b etter heuristics

than BSTF when working on shared ob jects). W e have found that a go o d estimate for

the depth k of the lo ok-ahead is given by

k =

�

(1 �

S

100

) �

N

R

�

+ 1

where S is the degree of sharing in %, N is the average numb er of ob jects p er page, and

R is the average numb er of references emanating from an ob ject.

11

In individual cases we even observed savings of more than 20%.

16

5.3 Changing the P artition Size

The numb er of ob jects p er page has an imp ortant in uence on the clustering results.

Therefore, the page size is an e�ective tuning parameter in physical database design.

However, if the page capacity is one ob ject p er page or if all ob jects can b e stored on one

page any clustering strategy is optimal. In the subsequent exp erimen t we measure the

p erformance of the clustering algorithms Lukes, HP

, KL, FM, and GGPla under v arying

page sizes. Note, that v arying the average ob ject size instead of the page size would have

the analogous e�ect. Fig. 8 (a) visualizes the results for a tree-structured graph (sharing =

0) and Fig. 8 (b) visualizes the result for a graph with 50 % shared ob jects and an SRC of

11 for shared ob jects. All ob jects were of equal size. Thus, in this case our approximation

of Lukes’ algorithm is optimal.

(a) Degree of Sharing 0 %

55
60
65
70
75
80
85
90
95

     5 10 15 20
savings to random [%]
objects per page

                     Lukes

                     KL(GGPla)

                     FM(GGPla)

                     GGPla

                     KL(BSTF)

                     FM(BSTF)

(b) Degree of Sharing 50 %

20

25

30

35

40
                                       HP

                                       KL(GGPla)

                                       KL(BSTF)

                                       FM(BSTF)

                                       FM(GGPla)

                                       GGPla

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 v ariable 0 0% 0

1000 v ariable 0 50% 11

Figure 8: In uence of the Page Size on the Clustering Results

Lukes’ algorithm achieves 93 % savings compared to random placement. The plot of

the results of KL(GGPla) runs very close to this optimum|indicating that KL with the

high quality pre-partitioning of GGPla is a go o d candidate for clustering trees of mo derate

size. However, as the exp eriments in Section 5.4 demonstrate, KL achieves such go o d result

only with uniform ob ject sizes|under v arying ob ject sizes FM achiev es b etter results.

The clustering results on the graph|plotted in Fig. 8 (b)|range from 20 % to 40 %

savings to random. Thus, if the degree of sharing is high and the page size is small,

only small improvements can b e achieved by clustering. With an increasing page size, the

p otential improvement by clustering increases, to o. The plots of Fig. 8 (b) indicate that

KL outp erforms FM|due to the uniform ob ject sizes in this exp eriment|indep endent of

the pre-partitioning. This issue is examined in more detail in the subsequent exp eriment.

17

5.4 V arying Ob ject Sizes

Usually

, the ob jects’ sizes v ary signi�cantly|note, that the ob ject net is comp osed of

ob jects of many di�erent typ es. E.g., there may b e tuple-structured ob jects of just 50

bytes, whereas the size of set- or list-structured ob jects easily may even reach the page

size.

12

In this exp eriment we investigate the impact of v arying ob ject sizes on clustering

of a graph with sharing of 50 % and an SRC of 11 for shared ob jects. Fig. 9 (a) visualizes

the results for a page capacity of 5 ob jects, and Fig. 9 (b) visualizes the results for a page

size of 20 ob jects.

(a) 5 Ob jects p er Page

17
18
19
20
21
22
23
24

    0 50 100 150 200 250 300 350
savings to random [%]
standard deviation of object sizes

                                  FM(GGPla)

                                  FM(BSTF)

                                  KL(GGPla)

                                  KL(BSTF)

                                  GGPla

                                  BSTF

(b) 20 Ob jects p er Page

30
32
34
36
38
40
42
44
46
48

   0 100 200 300 500 800

                                             FM(GGPla)

                                             FM(BSTF)

                                             KL(GGPla)

                                             KL(BSTF)

                                             GGPla

                                             BSTF

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 5 v ariable 50% 11

1000 20 v ariable 50% 11

Figure 9: Performance of Clustering Algorithms Under V arying Ob ject Sizes

The main observ ation from the plots of the two diagrams is that the relative saving

increase up on increasing the deviation of ob ject sizes.

The second result of this exp eriment is that FM p erforms b etter than KL if the ob ject

sizes v ary substantially

. Below a page capacity of 20 ob jects the break even p oint b etween

KL and FM is at a standard deviation of ob ject sizes of ab out 300 (see Fig. 9 (b)). If the

page capacity is only 5 ob jects p er page on the average, the break even p oint is moved to a

standard deviation of 150 (witness Fig. 9 (a)). T o understand this result, consider Fig. 10.

Neither KL nor FM can improve the partitioning of the graph depicted in Fig. 10 (a),

where strong internal edges prevent from moving or swapping ob jects b etween the two

partitions. In the graphs depicted in Fig. 10 (b) and (c) FM can improve the partitioning

by moving a single ob ject from one partition to the other. However, KL cannot improve

the partitioning as there are no pairs of ob jects to b e swapp ed. Obviously

, if the numb er

12

Ob jects larger than the page size are of no interest for clustering.

18 of ob jects decreases the probability of �nding clustering subgraphs similar to those in

Fig. 10 (b) and (c) increases|leading to b etter results of FM relative to KL.

H

H

� � �

�

�

�

�

� � �

H

H

(a)

�

�

� � �

H

H

(b)

H

H

� � �

�

�

(c)

Figure 10: Three Partitioning Problems

5.5 Degree of Sharing

The exp erimen t in Section 5.3 already indicated that ob ject sharing makes clustering

more di�cult. The next exp eriment is designed to investigate the in uence of the degree of

sharing on the clustering results. W e measure the algorithms HP

, KL(GGPla), KL(BSTF),

GGPla, and BSTF on a graph with uniform ob ject sizes

13

and an SRC of 2 for shared

ob jects. Fig. 11 (a) visualizes the results for a page capacity of 5, Fig. 11 (b) for a page

capacity of 20 ob jects p er page on the average. The degree of sharing v aries from 0 % to

50 % (plotted against the x-axis).

(a) 5 Ob jects p er Page

44
46
48
50
52
54
56
58
60
62

   0 10 20 30 40 50
savings to random [%]
degree of sharing [%]

                           HP

                           KL(GGPla)

                           KL(BSTF)

                           GGPla

                           BSTF

(b) 20 Ob jects p er Page

65

70

75

80

85

90

95

                                               HP

                                               KL(GGPla)

                                               GGPla

                                               KL(BSTF)

                                               BSTF

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 5 0 v ariable 2

1000 20 0 v ariable 2

Figure 11: Performance of Clustering Algorithms Under V arying Degrees of Sharing

13

The ob ject sizes were chosen to b e equal in order to omit the in uence of v arying ob ject sizes. As

indicated by the preceding exp eriments FM achieves only mo derate clustering results for uniform ob ject

sizes and, therefore, has not b een measured in this exp eriment.

19

As exp ected, the plots of all algorithms show a steep decline as the degree of sharing

increases. With 5 ob jects p er page on the average the savings relative to random placement

drop by ab out 10 %, with 20 ob jects p er page even by 15 %.

In b oth exp eriments, HP and KL(GGPla) yield the b est clustering results among the

algorithms tested.

5.6 Static reference coun t

This exp eriment investigates the impact of the v ariation of the static reference count on

the clustering results. W e measured the same algorithms as in the preceding exp eriment

| HP

, KL(GGPla), KL(BSTF), GGPla, and BSTF | on a graph with uniform ob ject

sizes. The degree of sharing was 10 %; the SRC v aried from 0 to 11. As in the preceding

exp eriment the average page capacity was 5 ob ject p er page and 20 ob jects p er page. The

results are visualized in Fig. 12 (a) and (b).

(a) 5 Ob jects p er Page

30
35
40
45
50
55
60
65

      1 2 4 6 8 11

[savings in %]

[src]

                    HP

                    KL(GGPla)

                    KL(BSTF)

                    GGPla

                    BSTF

(b) 20 Ob jects p er Page

50
55
60
65
70
75
80
85
90
95

                                               HP

                                               KL(BSTF)

                                               GGPla

                                               BSTF

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 5 0 10 v ariable

1000 20 0 10 v ariable

Figure 12: Performance of Clustering Algorithms Under V arying Static Reference Counts

Both plots show a deep decline up on the increase of the SRC. Thus, with increasing

connectivity of the graph the clustering results b ecome worse.

Up on a page capacity of 5 ob jects p er page the algorithm HP p erforms b est indep en-

dently of the v alue of SRC (see Fig. 12 (a)). Up on a page capacity of 20 ob jects p er page

(Fig. 12 (b)) there is a break even p oint b etween the plots of HP and KL(GGPla)/G GPla

at a SRC of ab out 6. Thus, for larger page capacities, KL(GGPla) and GGPla outp erform

HP if the SRC is small. This result is similar to the results of the preceding exp eriment,

where GGPla and KL(GGPla) outp erform HP for large page capacities and a small de-

gree of sharing (rf. Fig. 11 (b)). F rom these two exp erimen ts we can draw two conclusions

20 ab out the clustering results of the algorithms HP

, KL(GGPla), and GGPla dep ending on

the connectivity of the graph, i.e., the SRC and the degree of sharing, and the average

page capacity:

1. If the average page capacity is small (e.g., 5 ob jects p er page), HP shows the b est

results indep ently of the connectivity of the graph.

2. Up on larger page capacities (e.g., 20 ob jects p er page), KL(GGPla) and GGPla

p erform b etter than HP as long as the connectivity of the graph is low. In particular,

in the ab ove exp eriments, KL(GGPla) shows b etter results than HP for a degree of

sharing b elow 40 % (SRC = 2) and for a SRC b elow 7 (degree of sharing = 10 %).

F or large pages, i.e., a page capacity over 20 ob jects p er page, the plots of GGPla

and KL(GGPla) in the Figures 12 (b) and 11 (b) run very close. In these cases the KL-

heuristics do es not improve the initial GGPla-clustering signi�cantly

. Therefore, GGPla

should b e used without KL (or FM) for large pages and small connectivity of the graph.

The v ariation of the SRC (in this exp eriment) and the v ariation of the degree of

sharing (in the preceding exp eriment) indicate the following correlation b etween graph

connectivity and clustering results: Both parameters, the SRC and the degree of sharing,

are measures for the connectivity of the graph. The results of all clustering algorithms

measured in this pap er show a large decline up on an increase of the graph connectivity |

either by increasing the SRC or the degree of sharing or b oth.

5.7 Time Limit for KL(BSTF)

The exp erimen ts in Section 5.1 have shown that the algorithm GGPla p erforms b etter than

BSTF in terms of external costs, but GGPla needs a longer running time than BSTF. On

the other hand using the KL heuristics to improve an initial partitioning constructed by

BSTF achieves b etter results than GGPla. This observ ation leads to the idea to measure

the p erformance of KL(BSTF) vs. GGPla under the constraint that b oth algorithms use

(approximately) the same amount of time. I.e., in this exp eriment, we use the time

saved by BSTF compared to GGPla to improve the BSTF-partitioning employing the KL

heuristics.

In the preceding exp eriments, KL(BSTF) terminated after no further improvement of

the current partitioning could b e achieved. In this exp eriment, we �rst conducted the

GGPla algorithm and measured its running time. Then, we used a mo di�ed version of

KL(BSTF) | called KL

0

(BSTF) | which terminates after the current iteration when the

running time of GGPla is reached.

Fig. 13 (a) visualizes the results under a v arying page capacity and uniform ob ject

sizes. Fig. 13 (b) visualizes the results under v arying standard deviation of ob ject sizes

and an average page capacity of 20 ob jects p er page. In b oth plots the results of GGPla

are b etter than those obtained from KL

0

(BSTF).

Note, that the time consumed by the original KL(BSTF) algorithm | with no time

constraint | exceeded the running time of GGPla by a factor of 20.

21

(a) V arying page capacity

10
15
20
25
30
35
40
45

     5 10 15 20

[savings in %]

[objects per page]

                          BSTF
                          KL’(BSTF)
                          GGPla

                          KL(BSTF)
                          KL(GGPla)

(b) V arying ob ject sizes

24
26
28
30
32
34
36
38
40
42
44

    0 50 100 150 200 250 300

              [standard deviation of objects]

                                            BSTF

                                            KL’(BSTF)

                                            GGPla

                                            KL(BSTF)
                                            KL(GGPla)

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 v ariable 0 50 11

1000 20 v ariable 50 10

Figure 13: Performance of KL(BSTF) with time limit

5.8 Changing the Edge W eigh ts

In all preceding exp eriments the application pro�les, i.e., the edge weights, were uniformly

distributed b etween 2 and 20. In this exp eriment, we wanted to investigate the e�ect of

changing the application pro�le on the clustering results. The edge weights were deter-

mined by a normal distribution with mean v alue 20 and v arying standard deviations (see

Fig. 14). All edge weights were non-negative (negative numb ers pro duced by the random

numb er generator were discarded). The table in Fig. 14 visualizes the remaining parame-

ters of this exp eriment. The plots in Fig. 14 (a) shows the results using an average page

capacity of 5 ob jects and the plots in Fig. 14 (b) show the results using an average page

capacity of 20 ob jects p er page.

All algorithms p erform b etter if the deviation of the edge weights increases. The

average improvemen t of a standard deviation of 15 compared to a standard deviation of

0 is 10 % (5 ob jects p er page) and 50 % (20 ob jects p er page), resp ectively

. Because the

algorithm GGPla is based on sorting the edge list GGPla p erforms worst if all edges have

the same weight, i.e., the standard deviation is 0.

Both �gures show that GGPla p erforms b etter than KL(BSTF) and FM(BSTF) if the

standard deviation of the edge weights is greater than 2. Using KL or FM to improve the

initial partitioning obtained by GGPla is only b ene�cial if the standard deviation of the

edge weights is less than 10; for larger standard deviations the reduction of the external

costs achieved by KL(GGPla) and FM(GGPla) compared to GGPla remains under 1 %.

Contrary to GGPla the partitioning computed by BSTF is improved using KL or FM |

even under a large deviation of the edge weights.

22

(a) 5 Ob jects p er page

30
35
40
45
50
55
60
65
70
75

     0 2 4 6 8 10 12 14 16

[savings in %]

[deviation of edge_weights]

                          KL(GGPla)
                          FM(GGPla)

                          FM(BSTF)

                          KL(BSTF)

                          GGPla

                          BSTF

(b) 20 Ob jects p er page

40

50

60

70

80

90
                                           KL(GGPla)
                                           FM(GGPla)

                                           FM(BSTF)

                                           KL(BSTF)
                                           GGPla

                                           BSTF

(a)

(b) database average numb er of deviation of degree of static reference

cardinality ob jects p er page ob ject sizes sharing count (SRC)

1000 5 300 10 2

1000 20 300 10 2

Figure 14: Performance of Clustering Algorithms Under V arying Edge W eights

The results of FM are | in this exp eriment | b etter than the results of KL b ecause

of the large standard deviation of the ob ject sizes (300).

6 The Case for Adaptable Algorithms

The results of the quantitative analysis presented in the previous section lead to the

conclusion that no one algorithm p erforms sup erior for al l ob ject base con�gurations.

Therefore, we derive a multi-dimensional grid: the dimensions corresp ond to particular

characteristics of the ob ject base con�gurations and the grid entries determine the b est

clustering algorithm for the particular con�guration. Thus, the adaptable cluster strategy

consists of determining the characteristics of the ob ject base and then applying the b est

algorithm which is obtained from the multi-dimensional grid.

The grid is shown in Fig. 15. Three dimensions are visualized by the axes of the grid,

i.e., the average numb er of ob jects p er page, the standard deviation of the ob ject sizes,

and the degree of sharing. The fourth dimension, i.e., the size of the databas e in numb er

of ob jects, is visualized by the coloring of the grid entries shown on the right hand side.

Here, we distinguish three con�gurations: (1) a database with less than 2000 ob jects, (2)

a database with more than 2000 and less than 8000 ob jects, and (3) a database with more

than 8000 ob jects. F or each con�guration, the coloring (shading) of the grid indicates the

most appropriate clustering algorithm. Subsequently

, we brie y discuss the entries of the

grid.

Let us start with the left hand side of the grid|representing a sharing of 0%. In this

23 the Best Clustering theapproximationofLukes’algorithmisoptimalifallob jectsareofequalexp tsfurtherindicatethat theapproximationofLukes’algorithmyieldsgo o aslongastheratioofthestandard deviationoftheob ject sizetotheavnumb er of ob jects p er page is small

(this area is colored white in the increases other algorithms p erform b etter than the approximation of Lukes, e.g.,

Lukes’ algorithm needs a tremendous amount of main , esp ecially if the heighofthetreeb ecomeshave foundthatb eyondadatabase cardinality of2000 Lukes’ algorithm ran out of is whywe prop ose to use for medium cardinality and GGPla for large cardinality ob ject bases even if the CG a Next we investigate the right hand side of the grid, where the degree of sharing than the database is of low or medium cardinalit, i.e., b elow 8000 ob KL(GGPla) or FM(GGPla) are the algorithms of cBecause KL is based on swapping ob jects, it is sup erior to FM if the of the ob ject size is Beya standard deviation of around 300, FM achieves b etter clustering or a database cardinality b elow 2000 ob jects HP can b e used as an alternative to (in the ma jority of the exp eriments we conducted HP pro duced the b est However cannot p ossibly b eappliedto databases withmorethan 2000 ob jectsb ecause of high

Consider theupp er righthand cornerof thegrid,wheresharing is high,thenumb ofob jectsp erpageissmall, andthedeviation oftheob ject size is b etween

150andHere, the FM heuristics is sup erior to KL b ecause in this sp ecial case, moving ob achievb etter results than swapping ob jects (this is explained in detail in Section Beyondadatabase cardinality of8000 ob jects,theGGPlaheuristics istheonlymetho yieldingacceptableclusterqualityunder reasonably lowis the metho d of choice for large the title of this pap er \Partition-Based Clustering in Ob ject to theory of partition-based clustering was develop ed by Naughton [TN91inparticular, proved thesup eriorityoftecoverthe sequence-based approacHowever,hitherto known partition-based cluster approaches had to rely on knocomputationally rather complex iterativepartitioning algorithms, e.g.,the han and Lin partition-based clustering was impractical for cally large databases|e.g., an ob ject base exceeding 8000 ob greedy graph partitioning heuristics GGPla supplemented with the new-chan e of once rejected choices has a much lower running-time y e Neverthelthepartitioning qualitygenerated byGGPla go o d compared to the computationally complex iterativepartitioning heuristics b etter than sequence-based clustering makestheGGPla indisp ensable for two purp As a pre-partitioning heuristics for small to medium cardinality ob ject whiciterative algorithms are then applied for improvement.

the only applicable metho donlarge cardinality ob ject In conclusion, we therefore prop ose an adaptable clustering strategy which applies most appropriate iterative partitioning metho d|in conjunction with a pre-partitioning bGGPla|on small to medium cardinality ob ject nets and (pure)

GGPla on large cardinalitob ject adaptability is controlled by amulti-dimensional grid whosecorresp ond to the ob ject net characteristics which have to b e established b, e.g., ob ject base entries of the grid then determinethe most cluster algorithm for the particular ob ject base work was partially supp orted by the German

Research

DFunder contracts Ke 401/6-1 and SFB thank S. ahrig for helping in carrying out the implementation and b encof the v arious partitioning

R.algorithm forpartitioningtheno des ofaJournal Aaic and ete Mathematics, 3(4):541{550,Benzakev aluation mo delfor clusteringstrategies intheO

ob ject-oriendatabasec.of theInt.Conf.onaseory(ICDT), pages140.erlag,[BKKBanerjee, W.Kim, S.J.Kim, andJ.F.a DAGfor databases.IEEE T ans. e Eng.,

14(11):1684{1699, Nov A. class of min-cut placement algoric. of the Automation e, pages

284{290, , D. DeWitt, J. Richardson, and E. Ob and �le managemenin the EXODUS extensible database c. of the Conf. on V ery Data

Bases

(VLDB), pages

91{100,

Kyoto,

Japan, Aug R. Cheng and A. R. E�ectivclustering of complex ob jects in ob oriented In c. of the ACM SIGMOD

Conf. on Management of Datapages

22{32,

Denver, CO, May E. Donath and A. J. Lowb ounds for the partitioning of Journal of ch and Development,

17(9):420{425,

Untersuchvon cluster-algorithmen basierend auf tionierung.

thesis,

Aachen,

D-5100

Aachen, Mar Fidducia and R. M. linear-time heuristic for improving netwpartitions. In c. of the Design

Automation e, pages

175{181, R. Garey and D. S. and guide to the of ompleteness. San rancisco,

Gerlhof, A. Kemp er, C. Kilger, and G. Mo erkin ob ject ecRep ort

6/92, f Informatik,

UnivKarlsruhe,

D-7500 sruhe, Jun O. Hadlo cMinimspanning forests of b ounded trees. In c. of the astern e on Combinatorics, aph ory and Computing esantium X), pages

7{18, E. Hudson and R. Cactis:

self-adaptive, concurrent implementation of ob ject-oriendatabase management AT ans. on ase Systems14(3):291{3Sep

Hornick and S. shared, segmented memory system for an ob oriendatabase. ACM T ans. e Inf.

Syst.,

5(1):70{95, Jan Kernighan and S. e�cient heuristic pro cedure for partitioning l System T chnal

Journal,

49(2):291{307, eb Krishnamurthimproved min-cut algorithm for partitioning

VLSI netwIEEE T ans. on Comp.,

33(5):438{446,

B.Krusk theshortest spanningsubgraphof agraphandthetravellproblem. c.ofthe Amer.Math.c.,

7:48{50,LukE�cienalgorithm for the partitioning of Journal of and Development,

18:217{224,Shaho ok ar and . Mazumb VLSI cell placement tecASurveys,

23(2):143{220, Jun grouping of small ob jects to enhance p erformance of a ACM T ans.

Comp.

Syst.,

2(2):155{180, May M. Tsangaris and J. F. Naughsto chastic approach for clustering in ob In c. of the ACM SIGMOD

Conf. on Management of Data, pages

Denver, CO, May M. Tsangaris and J. F. Naughthe p erformance of ob ject tecc. of the ACM SIGMOD

Conf. on Management of Data,

144{153,Diego, CA, Jun

Algorithm GGPla (CG =(; ef ); k data op erators on no lo ck(no unlo ck(no !! data op erators on !! Data jects are shared, that means that each no de or edge only has a reference to it’s !! The lab els NONE, REJECT, TRIGGER and CLOSE describ e the edges’ Let EdgeList b e a list containing all edges RSort EdgeList (decre asing) according to their weighLet otSet b e a set of binary Initialize otSet := ;forall o in j do b Let Lo calEdgeList(o) b e a list of edges (o

emanating from ject oSort Lo calEdgeList(o) (decre asing) according weight ((o;o

(o

Let RejectSet(o ) := ;set of rejecte d edges for ject Let r := makno de(oa singe tree no de containing Insert r into otSetend;

while EdgeList is not empty do b Remove the �rst element (o

o

from EdgeListLet r

:= ro ot(o

thero otofthe tree thatcontainso

Letr

:=ro ot(o

ifr

6= r

andall jects inr

r

ononepagethenb ifreject((o

o

);r

;r

;k thenb ifmark((o

o

=NONEthenb EdgeList:=EdgeList+(o

o

mark((o

;o

);else b Letr :=trees(r

,r

left(r ) = r

, right(r ) = r

Remove r

, r

from otSetInsert r into otSetmark((o

o

); (o

o

in RejectSet(o

) [ RejectSet(o

) do b exclude ((o

o

from

RejectSet(o

) or RejectSet(o

if mark((o

o

= REJECT then b EdgeList := (o

o

+ EdgeListmark((o

o

); TRIGGERendendend;

endend;

algorithm b o pro cedure reject((o

o

); r

; r

; k lo ck(r

lo ck(r

Let (weight

g r , dummy , dummy) := b est-�rst-lo ahead(fo

o

gfr

r

2 gk Let(weight

lef , E

lef , R

lef ):=b est-�rst-lo ahead(fo

g, fr

g, k Lo ck all ro otsinR

lef Let(weight

r ig , E

r ig ,R

r ig ):= b est-�rst -lo ahead(fo

g,fr

g, k Unlo ck all ro otsinR

lef Letleft:= weight

>weight((o

o

+ weight

all jectsin R

lef r

[r

�tononeLetright:=weight

right

> weight((o

o

+ weight

alljects in R

r ig r

[ r

�t on one Let all := weight

+ weight

righ> weight((o

o

+ weight

alljects in R

lef R

r ig [ r

[ r

�t on one Let reject := left _ righHeuristicsif

:reject^ all Heuristics Let reject := left := right := T end;

if left forall (o

o

2 E

lef (o

o

into

RejectSet(o

endend;

if right forall (o

o

2 E

r ig (o

o

into

RejectSet(o

endend;

unlo ck(r

); unlo ck(r

end pro cedure(unsigned, set, set) pro cedureb est-�rst-lo ahead(cts, ots, k Let w := Let R := ;set of ro Let E := ;set of Let L := ;list of b est-�rst forall (o

2 cts ^ mark(o

2 f g include (o

into

Ldepth(o

,1);

ject o

on depth end;

Sort L (decreasing) according weight((o;o

size (o

while L is not empty

Remove the �rst element (o from

LLet r := ro ot(o if : lo cked(r ) ^ all jects in ots [ [ �t on one page include r into

Rlo ck(r); (o into w := w + weight((o depth(o

< forall (o o

00

ef mark(o o

00

2 f g include (o o into

Ldepth(o depth(o

) + endSort L (decreas ing) according weight ((o

;o

(o

end;

endend;

unlo ck all ro ots in Rreturn(w ;Rpro cedure

AlgorithmBstf(CG =

(;ef);�

O ;�

R;el

�

O de�nes an order on all no �

Rde�nes an order on all !! el

S (�

Rselects all success ors of no de o. The succe ss ors are !! according the sp eci�ed order.thatheuristicsUDEisincorp oratedinel

Leto b ethe�rstjectofto�

Letb e a new while o

6= NULL Let L

:=< (o o

) >Dummy edge to initialize the list L

while L

is not empty

Remove the �rst element (o from L

if o is not marked as visited if o do es not �t on page b a new [ break;

Only in algorithms

Bstf.npnt and Bstf.npnt.nend ifStore o on mark o as L

:= L

+ (o

�

RL

by �

Rend ifend whileLet o b e the next non-visited ject of to �

[ Let b e a new page;

Only in algorithms

Bstf.ntnp and Bstf.npnt.nend whileend algorithm