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Abstract

Despite the dominance of relational databasemanagement systems (RDBMS) in the
databasemarket, object-oriented databasemanagement systems(OODBMS) continue
to play an important role in complex data management. Complex data areoften found
in telecommunications, business,engineering and web basedapplications. The most
common style of accessingcomplex data is navigation. Navigational accesscan gen-
erate excessivedisk IO becauseobjects in the path of navigation maybe placed in
dif ferent disk pages. Excessivedisk IO is becoming increasingly undesirable because
disk IO performance impr oves at only 5-8%per year whereasCPU performance dou-
bles approximately every 18 months. Thus disk IO is likely to be a bottleneck in an
increasing number of OODB applications. This thesis focuses on reducing disk IO
effects to impr ove OODBMS performance.

Effective main memory buffer management is the key to reducing the disk IO bot-
tleneck in OODBMSs. There has been much existing work, namely in the areas of:
staticclustering; dynamicclustering; bufferreplacement; and prefetching. All of thesetech-
niques can be used together in a complimentary manner. Most existing research has
focused on �nding the best solution for eacharea with little regard on how solutions
from the dif ferent areasaffect eachother. Webelieve synergy existsbetween the areas,
and that exploiting the synergy leads to the bestoverall solution. This thesis focus on
demonstrating synergistic techniques are both feasible to implement and outperform
their non-synergistic counterparts.

We made general modi�cations to existing techniques to demonstrate the supe-
riority of synergistic buffer management. There were three guiding principles be-
hind our modi�cations: synergy; generality; and simplicity. Synergy refers to modi�ca-
tions that exploit synergiesbetween the dif ferent buffer managementareas.Generality
refers to modi�cations that can be applied to a large range of existing algorithms.
Simplicity refers to making the modi�cations easyand straightforwar d to apply. Fol-
lowing these guiding principles we developed three new frameworks: opportunis-
tic prioritised clustering framework (OPCF); cache conscious clustering framework
(C3); and path and cacheconsciousprefetching framework (PCCP).Each framework
addressesthe synergy between two dif ferent buffer management areas. Using the
frameworks we developed a total of sevennew buffer managementalgorithms. These
algorithms were found to outperform existing algorithms in a variety of situations.

This thesis takes a �rst exploratory look into how OODBMS buffer management
techniques can be enhanced by synergistic modi�cations. The preliminary results
show that there is much potential in this approachand suggeststhat perhaps the next
big breakthrough in impr oving OODBMS main memory buffer performance lies in
such techniques.
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Chapter 1

Introduction

The ever increasing demand for fast complex data storage and retrieval makes a
strong casefor OODBMSs' survival as an important databasemanagement technol-
ogy. Complex data can be found in many places: databasesused in the telecommu-
nications industry; businessor �nanical databaseapplications; engineering database
applications; and databasesused to storeweb data. OODBMSsare particularly suited
to the management of complex data since they provide fast navigational access,ef-
�cient storage of class methods and ef�cient and natural storage of many-to-many
relationships.

Complex data is most often accessedvia navigation. Relational database man-
agement systems (RDBMSs)are poorly suited for fast navigational accesssince sim-
ple object graph navigations can often turn into joins of multiple tables when con-
verted to queries on the relational schema. Object-relational databasemanagement
systems (ORDBMS) offer better navigational performance by storing referencesbe-
tween objects inside the relational tables. Object navigations can then proceed by
de-referencing thesereferencesinstead of executing multiple joins. However this ap-
proachstill doesnot perform aswell asOODBMSswhich often storeobjectstraversed
together on the samedisk page, thus generating less IO. In contrast, ORDBMSs typ-
ically do not store objects traversed together on the same disk page, they are often
stored as tuples on dif ferent relational tables instead. Typically , tuples of the same
table are stored together on disk. Thus one of the most attractive characteristics of
OODBMSs is fast navigational access.

The ability for OODBMS to provide fast navigational accessis conditioned on ef-
�cient main memory caching, which is made more important by the fact that disk
IO performance impr oves at only 5-8%per year whereasCPU performance doubles
approximately every 18 months. A consequenceis that disk IO is likely to be a bottle-
neck in an increasing number of OODB applications. Thus the focus of this thesis is
on reducing the effectsof disk IO on the performance of OODBMSs.

It should also be noted that much recent research on performance optimisation
of RDBMSshas been focused on the main memory bottleneck instead of the disk IO
bottleneck [Ailamaki et al. 1999;Chen et al. 2001;Rao and Ross1999;Rao and Ross
2000]. This is due to main memory becoming cheaper and sophisticated techniques
for hiding disk IO latency in RDBMSs.Somedatabaseusersnow chooseto setup their
system so that the entire database�ts in memory. This decision is typically basedon

1



2 Intr oduction

cost/performance trade-offs. However , disk continues to remain cheaper than mem-
ory, and so in any cost/performance analysis, scalability will ultimately dictate the
useof disk. In addition, in many databaseapplications a very high percentageof data
accessesare dir ected at a very small portion of the database[Grayand Putzolu 1987].
In such cases,it is more cost-effective to only store a small portion of the database
in memory (the portion which has a very high percentageof data access).When the
databaseis larger than memory, techniques for hiding disk IO are needed to ensure
the system is not bottlenecked at the disk. Existing techniques for hiding disk IO
in OODBMSs do not perform as well as their RDBMS counterparts. This is because
navigational data accesses(often used in OODBMSs) are much harder to predict than
index and table accessesin RDBMSs. The disk IO bottleneck in OODBMSs is thus a
pressingresearch problem.

1.1 Buf fer Management Techniques

There are four proven techniques of impr oving the IO performance of OODBMSs:
static clustering; dynamicclustering; prefetchingand bufferreplacement. Clustering is the
arrangement of objects into pagesso that objectsaccessedclose to eachother tempo-
rally are placed into the same page. When a requested object is loaded from disk,
other objects (on the samepage) which are likely to be needed in the near futur e are
also loaded. This in turn reducesthe total IO generated. Clustering algorithms can be
separated into two types, staticand dynamic. In staticclustering, re-organisation takes
place when the database is of�ine. In contrast, dynamicclustering re-organises the
databasewhile it is online. Prefetchinginvolves predicting the user's next disk page
request and then loading that page into memory in the background. In this manner
disk IO can be overlapped with CPU, thus reducing disk IO stall time. Buffer replace-
ment involves the selection of a page to be evicted when the buffer is full. The page
evicted ideally should be the page needed furthest in to the futur e. Selection of the
correct page for eviction results in a reduction in the total IO generatedby the system.

1.2 Our Approach

This thesis is concerned with the integration of the four buffer management tech-
niques mentioned in the previous section, namely: static clustering; dynamic cluster-
ing; buffer replacement; and prefetching. Previously these four buffer management
techniqueshave mainly beenconsidered in isolation. In contrast this thesisestablishes
that synergy existsbetweenthesefour techniquesandthat exploitationof this synergy leads
to improvedperformance.

To demonstrate the superiority of synergistic buffer management techniques, we
made general modi�cations to existing techniques. There were threeguiding princi-
ples behind our modi�cations: synergy; generality; and simplicity. Synergy refers to
developing modi�cations that exploit synergies between the dif ferent buffer man-
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agement areas. Generalityrefers to developing general modi�cations which can be
applied to a large range of existing algorithms. Simplicity refers to making the mod-
i�cations easy and straightforwar d to apply. Following these guiding principles we
developed three synergistic frameworks: opportunistic prioritised clustering frame-
work (OPCF); cacheconscious clustering framework (C3); path and cacheconscious
prefetching framework (PCCP). Each framework addressesthe synergies between
two dif ferent buffer management areas.

1.3 Existing Work on Integrated Buf fer Management

Gerlhof and Kemper [1994] show the importance of clustering quality to the perfor -
mance of prefetchingalgorithmsin OODBMSs. They found for applications with high
locality, when running on a well clustered database,prefetching often achievesonly
negligible gains. However they did not vary the buffer size or report the buffer size
they used. This leads us to suspectthat at high locality and good clustering the work-
ing set size of the benchmark used was smaller than the buffer size. In these condi-
tions the databasedoes not need to load from the disk, hence the negligible impact
of prefetching. In contrast, our experimental results report varying buffer sizes and
show casesin which the working set is both bigger and smaller than the buffer size.
Additionally Gerholf and Kemper do not proposeany algorithms that exploit the syn-
ergy between prefetching and clustering, they only report the affects that clustering
has on prefetching.

Cao, Felten, Karlin, and Li [1995] study the implications of integrating prefetch-
ing and buffer replacementwhen perfect knowledge of the futur e accesssequenceis
known. They argued that prefetching too early may be harmful since early prefetch-
ing results in early buffer replacementif the buffer is full. Early buffer replacementcan
be harmful since new and better replacement opportunities may open up as the pro-
gram proceeds.Using this observation they develop two new integrated prefetching
and buffer replacement algorithms called aggressiveand conservative. Thesestrategies
were found to reduceapplication running time by up to 50%compared to no prefetch-
ing. However , their algorithms assumesperfectknowledgeof futur e accesssequence,
an unrealistic assumption in the real world. Their study was done within the context
of operating systemsbuffer management.

Bullat and Schneider [1996] proposed an integrated dynamicclustering, buffer re-
placementand prefetchingalgorithm. Their integrated policy used the concept of a
`cluster unit'. A cluster unit is a set of clustered objects that span one or more pages.
They perform prefetching and buffer replacement at the cluster unit grain instead of
the page grain. Alternatively prefetching and buffer replacement can occur at the
`moving cluster-window' grain — a sub-set of x pages of the cluster unit which has
the requestedobject at its center. An important drawback of this approach is that of-
ten dynamic clustering algorithms produce cluster units that are smallerthan a page
in size. Also, most dynamic clustering algorithms do not arrange objects in cluster
units, henceprecluding the useof this approach. The cluster unit concept doesnot in-
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corporate dir ection of navigation. Dir ection of navigation is very important for both
prefetching and buffer replacement. In prefetching we are only interestedin prefetch-
ing objectsin the forwar d dir ection of navigation, similarly , in buffer replacement we
are only interested in retaining in memory objectsin the forwar d dir ection of naviga-
tion. Lastly, their paper only reported the results of a performance study comparing
no clustering against their new dynamic statistical clustering technique (DSTC). The
performance gains from integrating prefetching and buffer replacement were not re-
ported.

1.4 Thesis Contributions

The primary contribution of this thesis is demonstrating that current buffer manage-
ment techniques for OODBMSs can be made more effective by simple synergistic
modi�cations. The evidence is presentedvia threeempirical studies in which various
existing buffer management techniques undergo synergistic transformations via sim-
ple and general transformation frameworks. In addition, an integrated buffer man-
agement cost model is developed.

A more detailed breakdown of the contributions of this thesis are:

� An integrated cost model that encapsulatesthe interaction between static clus-
tering, dynamic clustering, buffer replacementand prefetching. This costmodel
servestwo functions: it identi�es the various ways the buffer management tech-
niques affect system performance; and provides a starting point by which other
researcherscan approach the problem of developing synergistic techniques.

� The opportunistic prioritised clustering framework (OPCF), which transforms
static clustering algorithms into dynamic clustering algorithms. The dynamic
clustering algorithms produced by OPCFwere given the opportunismand priori-
tisationproperties. Opportunismrefersto restricting re-organisation to in-memory
pages only. Prioritisation refers to re-organising the worst clustered pages �rst.
Cost models wereused to explain the performance advantagesof this approach.
Two new dynamic clustering algorithms were produced using OPCF:dynamic
probability ranking principle; and dynamic greedy graph partitioning. Exper-
imental results show that dynamic clustering algorithms produced by OPCF
outperform existing state-of-the-art dynamic clustering algorithms in a variety
of situations (results shown in chapter 4).

� The cacheconscious clustering framework (C3), which produces clustering al-
gorithms that exploit the synergies between clustering and buffer replacement.
A new cacheconscious clustering algorithm called C3-GP was produced using
the C3 framework. Experimental results show that C3-GPoutperforms existing
highly competitive static clustering algorithm in a variety of situations (results
shown in chapter 5).
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� The path and cacheconscious prefetching framework (PCCP),which produces
prefetching algorithms that exploit the synergy between prefetching and buffer
replacement. In addition, PCCPintr oducesa new and novel method of incorpo-
rating path information to make prefetching both more accurateand more prof-
itable via increasedCPU and IO overlap. A new metric called the prefetch qual-
ity metric explains the intuition behind PCCP'ssuperior performance. Four new
prefetching algorithms are developed using PCCP. The results show that PCCP
algorithms outperform highly competitive existing prefetching algorithms in
both IO stall time and statistics storageoverhead (results shown in chapter 6).

There are a number of areasthis thesisdoesnot cover. Weprovide a list of theseas
a way of de�ning the scopeof this thesis and to provide starting points for interested
researchers to extend the work reported in this thesis:

� The three frameworks OPCF, C3 and PCCP eachaddresssynergy for dif ferent
pairs of the four buffer managementareas(static clustering, dynamic clustering,
buffer replacementand prefetching). However , techniques that incorporate syn-
ergies of all four areasare beyond the scopeof this thesis. Interestedresearchers
are encouraged to explore ways of integrating the three dif ferent frameworks
in order to produce a single fully integrated framework. This fully integrated
framework might then be used to produce integrated techniques that incorpo-
rate synergies between all four buffer management areas(seesection 7.2 for a
more detailed discussion).

� This exploration of buffer management synergy was not designed to be exhaus-
tive. There may be numerous synergies between any pair of the buffer manage-
ment areas. For example, there are numerous synergies between pre-fetching
and buffer replacement: only non-memory resident pages are candidates for
prefetching and buffer replacement algorithms play a large part in deciding
which pages are more likely to be non-memory resident; early prefetching of
pages may force the buffer replacement algorithm to evict in-memory pages
earlier; buffer replacement algorithms may want to evict a wr ongly prefetched
page; etc. This thesis does not attempt to exhaustively document all possible
synergies between buffer management areas.Instead it establishesthat synergy
does exist between these areasand that simple synergistic techniques can pro-
duce better performance.

1.5 Thesis Organisation

The remainder of this thesis is organised in six chapters. Chapter 2 describes the
OODBMS concepts important to this thesis, along with any relevant design alterna-
tives. The particular design alternatives chosen for this thesis are also documented.
Chapter 3 presentsthe theoretical foundations (system model, cost models and prac-
tical referencemodels) used throughout this thesis to explain the intuition behind the
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performance advantages of the various synergistic buffer management techniques.
Chapter 4 presentsthe work relating to the OPCFclustering framework. The work re-
lating to the C3 clustering framework is presentedin chapter 5. Chapter 6 documents
the work relating to the PCCPprefetching framework. Finally, chapter 7concludes the
thesis by summarising the �ndings and conclusions made by this thesis. In addition,
dir ections for futur e research are outlined.

Chapter 4 contains material published in the proceedings of the 1st International
Symposiumon Objectand Databases[He et al. 2000] and proceedings of the 14th In-
ternationalDatabaseand Expert SystemsApplicationsConference(DEXA 2003) [He and
Darmont 2003]. Parts of the work presented in chapter 5 was published in the pro-
ceedings of the 12th International Databaseand Expert SystemsApplicationsConference
(DEXA 2001)[He and Marquez 2001].



Chapter 2

OODBMS Concepts

This chapter serves two important roles. It provides a description of the OODBMS
concepts important to this thesis and de�nes the scopeof this thesis within this con-
text. This is accomplished by �rst de�ning eachconcept along with any referencesto
the existing literatur e. Then wherever design alternatives arise, the alternative chosen
by this thesis is outlined along with the reasonsfor the decision.

2.1 Object Oriented Programming Languages

The driving forcebehind the inception of OODBMSs is the desire to provide database
functionality to objectsfrom object-oriented programming languages(OOPL), eg. C++,
Java,Smalltalk, etc. The OOPL object abstraction extends the data structure concept
by including the following characteristics:

� Structure:Objectsmodel real world entities which can consist of atomic compo-
nents, objects(embedded objects)and referencesto objects.Atomic components
are �at attributes like reals,integers, etc. Object referencesare `pointers' to other
objects.

� Behaviour:Methods are program code that manipulate and export object state.
This contrasts with conventional languages that allow arbitrary code to manip-
ulate data structures.

� Type: Type prescribes the structure and the behaviourof an object through the
speci�cation of its components and methods.

� Identity: Objects have a unique identity independent of the object state. The
identity servesasa mechanism to name and locate the object.

Objectscan be viewed as nodes of a dir ected graph, called an `objectgraph'. The
edgesof the graph representobject referencesand are labeled with the names of the
target objects.An example of an object graph is depicted on �gur e 2.1.

7
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Figure 2.1: An example of an object graph. The nodes of the graph representobjectsand the
edgesare labelled with the namesof the target objects.

2.2 Object Identity

The way in which objectidentity is implemented plays a crucial role in determining
the performance of an OODBMS. Broadly speaking there are threemethods of imple-
menting identity: physicalidenti�ers; logicalidenti�ers; and structuredidenti�ers. Physical
identi�ers identify an objectvia the physical addressof the object. This permits fast ob-
ject accessbut makes object relocation costly. Logicalidenti�ers identify an object via
an unique identi�er assignedto the object. The identi�er is independent of the object
location. The advantage of this approach is cheapobject relocation. However the dis-
advantage of this approach is slower object access,since there is now an extra level
of indir ection. Structuredidenti�ers contains both a physical and logical component.
The physical component points to the region (such as a page) that the object resides
in and the logical component identi�es the object within the region. This approach
allows objects to be accessedmore cheaply than pure logical identi�ers but more ex-
pensively than physical identi�ers. Using this approachobjectscanbemoved cheaply
within a region but inter region object movements are more expensive.

Lakhamraju, Rastogi, Seshadri and Sudarshan [Lakhamraju et al. 2000] presents
an ef�cient object relocation method for systems that use physical identi�ers. They
claim that their method “makes on-line re-organisation1feasible, with very little im-
pact on the responsetimes of concurrently executing transactions and on overall sys-
tem throughput” [Lakhamraju et al. 2000].

Analysing the performance trade-offs of the dif ferent approachesis beyond the
scopeof this thesis. The work done in this thesis abstractsover this concern, that is,
all algorithms proposed can be used in conjunction with either physical, logical, or

1Physical re-organisation of the databasewhile the databaseis in operation.
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structured identi�ers. Our experimental studies also abstract over this concern by not
simulating this system behaviour.

2.3 OODBMS Functionality

In addition to the OOPL features,OODBMS also provides the following functionality:

� Persistence:refers to the ability to maintain object state after the termination of
program execution. OODBMSs allow large collections of objects to be stored
into secondary “stable” storage, whereasOOPLs only support as many objects
aswill �t in main memory and swap space.

� StorageManagement:refers to mechanisms used for the ef�cient storage of ob-
jectsin main memory, disk and distribution acrossservers.

� ConcurrencyControl & Recovery:ensures that concurrent accessesto objects do
not result in loss of data integrity . Object state is guaranteed to change in a
consistent manner, and is immune to system failur es.

� Ad-hocQuery Facilities: allow de�nition of declarative queries which perform
operations on setsof objects.

In this thesis we focus on issuesrelating to storagemanagement.

2.4 Architectural Issues

This sectionoutlines various OODBMS architectural conceptsand design alternatives.
In addition, the particular design alternative chosen for this thesis is also explained
and justi�ed.

2.4.1 Client and Server Layers

OODBMS systemstypically have the notion of a client and server. The client runs the
user applications and the servers provide the databasefunctionality . The client con-
sists of the language run-time system, and the OODBMS run-time system necessary
to communicate with the server. The serverimplements ef�cient stable storage for ob-
jectsusing the secondary storage,employing recovery, concurrency control, and other
databaseprotocols (eg. versioning, indexing, etc.).

Client programs mostly accessobjectssequentially (one at a time). One object at
the time is `visited' by de-referencing object pointers and thus `navigating the object
graph'. The exception occurs when ad-hoc queries are used, in which caseopera-
tions are performed on setsof objects. When an object is accessedby the client, the
OODBMS run-time provides the object (by issuing a requestto the server) and veri�es
that the attempted operation on the object is allowed. Depending on the concurrency
control protocols used, a read or write lock may be needed to complete the operation.
When the object arrives from the server the suspended client computation resumes.
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Figure 2.2: Alternative network models

2.4.2 Network Models

There are two standard network models for OODBMSs: client/server; and peer-to-peer:

� Client/server:In general this model is designed to run a client processon a small
private workstation and communicate with one or a setof machines (with large
disks) acting as a server. Figure 2.2 (a) shows a typical client/server network
con�guration. The advantage of this model is that client workstations do not
need to perform much processing and thus can be relatively `thin' machines.
However , the disadvantage is the serversneedto servicerequestsfrom all clients
and thus canbecomea bottleneck when the number of clients is large. Examples
of client/server OODBMSs are Exodus [Carey et al. 1986], ObjectStore [Lamb
et al. 1991],and O2 [Deux 1991].

� Peer-to-peer: In this model every workstation on the network has a server pro-
cessand any number of client processesrunning. The storage of the data is
distributed acrossthe machines. Figure 2.2(b) shows a typical peer-to-peer net-
work con�guration. The advantage of this approach is that local data (data
primarily used by a local client) can be stored on local servers and thus re-
duces accesscosts and decentralises data storage. Decentralised data storage
means the server is less likely to be a bottleneck. The disadvantage of this ap-
proach is increasedsystem complexity. Examples of peer-to-peer OODBMS are
SHORE[Carey et al. 1994]and Platypus [He et al. 2000].

This thesis examines performance issuessurrounding disk IO optimisation for a
stand-alone single node of the peer-to-peer network model. This way we remove the
network and remote caching behaviour of the general peer-to-peer network model
and can thus focus our attention on reducing the effectsof disk IO. However the tech-
niques developed in this thesis, although designed for this more restricted model,
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can be generalised to work with the standard peer-to-peer and client/server network
models (see section 7.2). The client/server network model is a special caseof the
peer-to-peer network model (since eachnode of the peer-to-peer network model can
have zero or more clients and zero or more servers). In this thesis the stand-alone
peer-to-peer con�guration considered has one server and multiple clients all sharing
a common cache(seesection 3.1for a more detailed description).

2.4.3 Granularity of Caching

In an OODBMS, main memory cachesare used extensively to reduce network and
IO costs. It is for this reasonthat we have decided to focus on main memory caches,
however it is important to note that as the performance discrepancy between main
memory and upper level cacheswidens, more work needs to be done at the higher
level of caching. This important topic is a good candidate for futur e work.

An important distinction between caching 2 strategiesis the grain at which data is
cached.The granularity issuecan be viewed in terms of threealternatives:

� ObjectGrain: Data is stored and evicted at the object grain. The advantage of
this approach is that useful objects can be extracted from a page and stored in
the cache,while lessuseful objectscan be discarded. This leads to better cache
utilisation, which is particularly important when the cache size is very small
compared to the databasesize. However , the CPU and meta data overhead of
maintaining data at such �ne grain is high. Objects from a loaded page need
to be copied one at a time into the object cache. The Thor system usesthis ap-
proach [Liskov et al. 1996].

� PageGrain: Data is stored and evicted at the page grain. The main advantage
of this approach is the low cost of buffer management. Low costs arise from
the fact that pagesare �xed sizeand the fact that diskto memorytransfer is at the
pagegrain. It is cheaper to manage �xed sizedpagesthan it is to manage variable
sizedobjects. Loading and caching data at the samegrain (page grain) removes
the need to perform memory copies. In object grained caching, objectsneed to
be extracted and copied into the object cacheupon loading. The disadvantage
of this approach is that if objects are not well clustered, the cachecan contain
many uselessobjects, leading to high memory wastage. Systemsthat use page
grained caching include: Platypus [He et al. 2000],EXODUS [Carey et al. 1986],
O2 [Deux 1991]and ObjectStore [Lamb et al. 1991].

� Dual Grain: In this approachmain memory is divided into multiple buffers. Each
buffer can be either page or object grained. This approach has the advantage
that well clustered pagescan be left in the page buffer and the badly clustered
pages can have their objects copied into the object buffer. Kemper and Koss-
mann [1994] show that dual grained caching often outperforms page grained

2Throughout the restof this thesis we use the wor d `cache'to denote the main memory cache.
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caching when using the OO7 benchmark [Carey et al. 1993].However , they use
naive clustering strategies that do not offer high quality clustering. We believe
page grained caching will outperform dual grained caching when high quality
clustering algorithms areused. Dual grain caching is alsoused in SHORE[Carey
et al. 1994].

In this thesis we chooseto explore pagegrainedcaching. The reasonfor this choice
is three fold: the popularity of the page grained caching (ObjectStore [Lamb et al.
1991],EXODUS [Carey et al. 1986],O2 [Deux 1991]and Platypus [He et al. 2000]);the
good performance of pagegrained caching when the system is well clustered; and our
aim of exploring the effects of clustering on OODBMS performance. We believe page
grained caching outperforms both objectand dual grained caching when the systemis
well clustered. This is becausewhen the system is well clustered, the savings made on
reduced cachemaintenance costsoutweigh any cachespacewastagecostsincurr ed.

2.4.4 Data Transfer Grain

The granularity of data transferred between client and server cacheshasa large effect
on system performance. There are typically two grains at which OODBMSs transfer
data:

� Objectserverarchitecture: In this architecture the unit of data transfer is groups
of one or more objects. The advantage of this design is that only those objects
that are needed are transferred to the client. The disadvantage is that the cost of
transfer per object is high. In the caseof transferring a single object, the network
latency is incurr ed for just one object, thus making the transfer cost per object
high. When a group of objects is transferred, the CPU cost of assembling the
desired objects into one unit of transfer can place a high per object transfer cost
on the server. This technique is employed by Thor [Liskov et al. 1996].

� Pageserverarchitecture: The server sends pages of data to the clients. This ap-
proach incurs a low per object cost since one instance of network latency is in-
curred for all the objectsresiding in the pageor pages.In addition, no processing
cost is incurr ed for grouping objectsfor sending (asneeded by the object server
architecture). However , when objects are not well clustered, many uselessob-
jects may be transferred to the client. Many object-oriented databasesuse this
approach: EXODUS [Carey et al. 1986],ObjectStore [Lamb et al. 1991],O2 [Deux
1991]and Platypus [He et al. 2000].

In this thesis we focus on a single stand-alone node of the peer-to-peer network
model in which clients and servers share the same main memory cache. In such
a model, data transfer between clients and server is done through the shared main
memory cacheand thus network latencies arising from either object grained or page
grained data transfer are non-existent. However , the techniques developed in this
thesis are best suited for use in page server architectures.
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2.5 Conclusion

After reviewing the dif ferent OODBMS conceptsand design alternatives, we identify
our decision to explore issuessurrounding storage management of stand-alone peer-
to-peer OODBMSsusing page grained caching. The stand-alone con�guration allows
us to ignore network issues, thus enabling us to focus on techniques that minimise
the effects of disk IO. However , the techniques that are developed in this thesis can
be extended to work in the general peer-to-peer multi-node network model (seesec-
tion 7.2). We choosethe peer-to-peer network model since it allows multiple clients
and one server to exist on a single node of the system. Pagegrained caching is chosen
for its popularity and its superior performance when the system is well clustered. In
the next chapter we de�ne the scopethe thesis more vigor ously by de�ning a precise
system model and an integrated cost model.



14 OODBMS Concepts



Chapter 3

An Integrated Cost Model

The previous chapter de�ned key OODBMS conceptsand design alternatives. In ad-
dition, it served as a means of de�ning the scope of the thesis within these design
alternatives. In particular , the system architecture was loosely de�ned by choosing
among the design alternatives.

This chapter further narrows the scope of the thesis by providing a more rigor -
ous de�nition of the system model studied in the thesis. Secondly, this chapter pro-
vides an integratedcostmodelbasedon the system architecture. This cost model serves
two purposes: it capturesthe performance implications of the concurrent interactions
between the dif ferent buffer management techniques and the client threads; and it
provides a precisemeansof de�ning problems studied in later chapters.

The chapter starts by describing the systemand referencemodels used throughout
the thesis. Using thesemodels, we de�ne an integrated cost model depicting how the
four buffer management areas affect system performance. Finally, we outline more
practical referencemodels which are used in the thesis.

3.1 System Model

In this section we model a multi-user database that allows concurrent execution of
user applications. The model has the following system entities (seesection 2.4 for a
discussion of possible system architectures):

� A databaseserver serving one or more client processesusing one or more CPUs.

� A number of concurrently running client processeson the samemachine as the
server, running applications requesting objectsfrom the server.

� A disk only accessibleto the server.

� A main memory pagecachethat the clients and server share.

� A disk queue, that rearrangesdisk page requests.

� A dynamic clustering threadwhich periodically changesthe object to pagemap-
ping.

15
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Figure 3.1: Diagram of system model. Circled entities are concurrently running threads or
processes.All threadsand processesare executedon the samemachine.

� A prefetch thread which pre-loads pagesfrom the disk into cache.

Figure 3.1shows a diagram of the system model explored in this thesis. We chose
to focus our attention on a single stand-alone node of a peer-to-peer system. The
reason,as outlined in section 2.4, is that we would like to focus our analysis on the
effectsof disk IO.

In our model, clients make object requests which are mapped to page requests
at the server via the object to page mapping. A client sending an object request is
blocked until the requestedobject becomesavailable. The clients and server share the
samemain memory pagecache. The cacheholds at most k pages. If a requestedpage
is found in the cache,it is immediately returned to the requesting thread or process;
otherwise, the requested page is mapped to a disk block via the page to disk block
mapping and placed on the server queue. The page to disk block mapping allows the
server to locate the requested page on disk. The server queue rearrangesdisk page
requestsin a way that depends on the disk and the client scheduling policy. Finally,
the rearranged requests coming out of the queue are sent to the disk. In order to
keep the cost models simple we will not model the effects that the page to disk block
mapping hason performance.

A fetch can occur as a result of a cachemiss (demand fetch) or as a result of an
anticipated miss (prefetch). Prefetchesare initiated by the prefetch thread. No more
than one fetch is allowed at any one time, that is, there is no concurrency at the disk
IO level. Concurrency between read and write disk IO is also not permitted. When
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a page fetch is requested and the cacheis full, an in cachepage must be evicted. If
the evicted page is clean, it is discarded, else it is written back into disk before the
requested page is loaded. While the fetch is in progress,neither the incoming page
nor the evicted page can be accessed.Disk write requests,like read requests,are also
placed on the server queue.

Periodically, a dynamic clustering thread interr upts the program's execution and
re-organisesthe databaseand thereby changesthe object to page mapping. Eachob-
ject is mapped to exactly one page.

3.2 Reference Model

In this section we describe the referencemodel used by the cost models of this thesis.
An important characteristic of the referencemodel is that it allows the de�nition of
multiple concurrent traces. In this thesis the reference model is only used to re�ect
sequencesof client thread requests,it is not used for modeling systemsthread requests.

Let Tn be the setof n independent concurrent tracesof client program execution:

Tn
�

�

t1 �

t2 ���������

tn �

(3.1)

Eachtrace ti is composed of a sequenceof hi object requests:1

ti � r1 �

r2 ���������

rhi (3.2)

Let xi �

Tn �

be one possible interleaving of the client traces of Tn. There are many
possible interleavings of Tn, each one generatesa dif ferent global request sequence
G

�

xi �

Tn ���

.

3.3 Problem Statement

In this section we use the referencemodel of section 3.2to de�ne the general problem
that the thesis addresses.

Given a set of n independent client thread tracesTn, we de�ne the best integrated
buffer management technique as one that produces the minimum average execution
time P

�

Tn �

:

Min
�

P
�

Tn ���

� Min
�

å NI
i 	 0P

�

xi �

Tn ���

NI �

(3.3)

NI is the number of possible interleavings. P
�

xi �

Tn ���

is the averageof the execution
time of all of the tracesof Tn under the xi �

Tn �

interleaving:

1In this referencemodel we do not include the conceptof time, we merely specify a sequenceof object
requests.The cost model of section 3.4adds the time dimension absent in this model.
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P
�

xi �

Tn ���

�

å n
j 	 0ET

�

xi �

Tn � �

t j �

n
(3.4)

Where ET
�

xi �

Tn � �

t j �

is the execution time of the t j trace under the xi �

Tn �

interleav-
ing. n is the total number of traces.

The average execution time under all possible client thread interleavings is the
metric to be optimised. This is becausein general client threadscan start at any time
and many systemand user factors canaffect the interleaving generated. Therefore the
buffer management technique developed should perform well for an average of all
possible interleavings.

3.4 An Integrated Cost Model

This section describesan integrated costmodel that incorporates the effects that static
clustering, dynamic clustering, buffer replacement and prefetching have on system
performance. This cost model is de�ned using the referencemodel of section 3.2.

The threadsmodeled in this section include:

� This client thread (TC)

� Other client threads(OC)

� A dynamic clustering thread (DC)

� A prefetcher thread (P)

Equation 3.5 depicts the execution time for the trace ti �

�

r1 �

r2 �������������

rh �

under the
xi �

Tn �

interleaving.

ET
�
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Tn � �

ti �

�

h

å
r 	 0
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���
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å
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r
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���
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IOPIR �

r
�

�

CPUP �

r
���

�
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å
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�

IOOT �

r
�

�

CPUOT �

r
���

(3.5)

The following is an explanation of the terms of equation 3.5:

� The IOTCR �

r
�

and CPUTC �

r
�

terms refer to the disk IO and CPU resourcescon-
sumed by this client to processthe trace:
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IOTCR �

r
�

: time spent by this client waiting for its own requested object to be
read from disk between referencesr and r

�

1. Supposethe requestedobject
resideson page p, then IOTCR �

r
�

equals the portion of the time that loading
page p has caused this client to be blocked. It does not include the time
spent waiting for the load completion of other pageson the server queue.
In the casethat the requestedpage is already in the processof being loaded
by another thread, then IOTCR �

r
�

equals the remaining load time. The value
of this term is affected by static clustering, dynamicclustering, bufferreplace-
ment and prefetching. The primary objective of these buffer management
techniques is to reduce the value of this term.

CPUTC �

r
�

: time spent on the CPU by this client between referencesr and r
�

1.

� The IODCR �

r
�

and CPUDC �

r
�

terms refer to the time this client spent blocked due
to disk IO and CPU usageby the dynamicclusteringthread:

IODCR �

r
�

: time this client was blocked due to disk read IO activity caused by
the dynamic clustering thread between referencesr and r

�

1.

CPUDC �

r
�

: time this client was blocked due to CPU activity caused by the dy-
namic clustering thread between referencesr and r

�

1.

� The IOPIR �

r
�

and CPUP �

r
�

terms refer to the time this client spent blocked due to
incorrect prefetch disk IO and prefetch CPU usageby the prefetchthread:

IOPIR �

r
�

: time this client was blocked due to incorrectprefetchIO by the prefetcher
thread between referencesr and r

�

1. Incorrect prefetch IO is de�ned as
a prefetched page not corresponding to the next disk page request. This
de�nition of IOPIR �

r
�

doesnot incorporate the bene�ts of a prefetchedpage
being referenced after the next disk page load but before it is evicted (sec-
tion 6.3.3addressesthis issue). The reason for using this simplistic de�-
nition of IOPIR �

r
�

is that this section is only intended to give the reader a
broad overview of the way buffer management techniques can affect sys-
tem performance. We leave more in-depth analysis to the later chapters.

CPUP �

r
�

: time this client was blocked due to CPU activity causedby the prefetcher
thread between referencesr and r

�

1.

� The IOOT �

r
�

and CPUOT �

r
�

terms refer to the time this client spent blocked due
to disk IO and CPU usage by other sources including other clients and buffer
management:

– Other disk IO:

IOOT �

r
�

� IOOCR �

r
�

�

IOBW �

r
�

(3.6)
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IOOCR �

r
�

: time this client spends blocked due to read IO done by other
clients between referencesr and r

�

1. Staticclustering, dynamiccluster-
ing, bufferreplacementand prefetchingaffect this term in the same way
asIOTCR �

r
�

.

IOBW �

r
�

: time this client spends blocked due to write IO initiated by the
bufferreplacementalgorithmbetween referencesr and r

�

1. In addition
to buffer replacement, this term is also affected by both static and dy-
namic clustering. Static and dynamic clustering de�nes the object to
page mapping which in turn determines which pages are dirtied by
user applications when they dirty objects. Dynamic clustering also af-
fect IOBW �

r
�

by dirtying pagesit choosesfor dynamic reorganisation.

– Other CPU:

CPUOT �

r
�

� CPUOC �

r
�

(3.7)

CPUOC �

r
�

: time this client spends blocked due to CPU activity causedby
the other clients between referencesr and r

�

1.

3.5 Practical Reference Models

The object level referencetrace described in section 3.2 offers very accurate informa-
tion for use in the cost models. However , in practice the trace is too expensive to col-
lect. Therefore in practice, standard statistical models based on stochastic processes
are used. Thesestatistical models captureaverageprogram behavior and useit to pre-
dict the probabilities of certain events occurring in the futur e. All buffer management
algorithms proposed in this thesis use one or more of the referencemodels described
in this section.

In this section we �rstly describe eachreferencemodel for the single thread case.
Later, in section 3.5.4we describehow thesepractical referencemodels can be used in
the concurrent multi-thr eaded case.

We now de�ne some terms that will be used in the remainder of the section. Let S
representthe setof N objectsrepresenting the entire referencetrace object population:

S �

�

1
�

2
�

3
�����������������

N
�

(3.8)

Let Rn representthe object level referencetrace:

Rn
� r1 �

r2 �����������

rn (3.9)

3.5.1 Independent Reference Model

The independent referencesmodel, also known as IID (sequenceof Independent and
Identically Distributed random variables), describesthe reference trace as a random
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process. It is a simple reference model which considers referencesoccurring in the
referencetrace to be random independent events. At any time t, the probability that
an object x appears in the trace is �xed and only depends on x:

p
�

x
���

Prob
�

Rt
� x

�

(3.10)

where:

N

å
x	 1

p
�

x
�

� 1 (3.11)

The IID model can be expressedasa N row vector of probabilities:

�

p
�

�

p
�

1
�

p
�

2
� �����

p
�

N
���

T (3.12)

To estimate the IID model from the referencetrace Rn, we use the following unbi-
asedestimator for eachvector element [Arnold 1978]:

p̂
�

x
�

�

å n
t 	 1dxRt

n
(3.13)

where:

dxy
� �

1 if x � y
0 otherwise.

The statistics for the IID model can be collected very easily, and impose very small
overheads. To collect the statistics required to predict p

�

x
�

, one merely needsto count
the number of times the object x has beenreferenced. The storage cost of IID is O

�

N
�

,
where N is the number of objectsin the trace.

3.5.2 Simple Markov Chain Model

The simple Markov chain model (SMC) describesthe referencetrace as a Markovian
process.A simple markov chain is a random sequencein which the dependency goes
back only one unit in time. In other wor ds, the futur e probabilistic behavior of the
processdepends only on the present state of the processand is not in�uenced by
its past history. In the caseof our reference trace, at any time t the probability that
an object y appears in the trace is �xed, and only depends on y and the previously
requestedobject x:

P
�

x
�

y
���

Prob
�

Rt
� y � Rt 	 1

� x
�

(3.14)

where:

N

å
y	 1

P
�

x
�

y
�

� 1 (3.15)
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The SMC model can be expressedasa N � N matrix of conditional probabilities:
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(3.16)

To estimate the SMC model from the referencetrace Rn we can use the following
unbiased estimator for eachmatrix element [Arnold 1978]:

P̂
�

x
�

y
�

�

å n
t 	 2 dxRt � 1dyRt

å n	 1
t 	 1 dxRt

(3.17)

The SMC matrix P can also be representedas a labeled dir ected graph G
�

P
�

: the
vertices representthe objects;the edgesare labeled with elementsof P. That is, an edge
from node x to node y is labeled by P̂

�

x
�

y
�

. In this case,the referencetrace is considered
asthe result of a random walk on graph G

�

P
�

. G
�

P
�

expressesthe “average” behavior
of the program.

The storage cost of the SMC model is much greater than the IID model, since the
SMC model stores the frequency by which any pair of objects are accessedconsec-
utively . The storage cost of SMC is O

�

E
�

, where E is the number of edges in G
�

P
�

.
Whereas,the storagecost of IID is O

�

N
�

, where N is the number of objectsin G
�

P
�

.

3.5.3 Higher Order Markov Chains model

The higher order Markov Chains model (HMC) model is a generalisation of the SMC
model to a k-th order stochasticprocess.The futur eprobabilistic behavior of a process
depends on the past k states. In the caseof the reference trace, at any time t, the
probability that an objecty appearsin the trace is �xed, and only depends on y and the
k most recently requested objects. Although this model is more accurate, it involves
storing information for sequencesof k object references. The large statistics storage
requirement of this model makes it impractical to apply at the object grain. However ,
at the page grain, HMC is more practical. Someof the prefetching algorithms studied
in chapter 6 use this model at the page grain.

3.5.4 Concurrency

Up to now the practical referencemodels are described for the single threaded case.
This section details the issuessurrounding the useof the practical referencemodels in
a concurrent multi-thr eaded environment.

3.5.4.1 Independent Reference Model

The independent referencemodel (IID) considers referencesoccurring in the reference
trace to be random independent events. Therefore IID does not model serial depen-
dency. Hence any interleaving of N concurrent thread executions produces the same
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resultant global IID model. This suits the purposes of this thesis very well. The rea-
son is that IID is used in this thesis to model global system behaviour for making
optimisation decisions that bene�t averageprogrambehaviour (average performance
of all possible interleavings). This concurs with the problem statement in section 3.3
namely, we are interested in �nding buffer management techniques that give the best
averageperformance of all possible thread interleavings.

3.5.4.2 Markov Chain Models

Unlike IID, Markov chain models (MCM), capture the serial dependency between ref-
erences. Naively applying MCM to the global referencestream (produced from one
particular interleaving) results in producing a MCM model that only re�ects the char-
acteristics of that particular interleaving. This naive application of MCM is not desir-
able since we use MCM to model averageprogramming behaviour which should re-
�ect an averageof all possible interleavings (seethe problem statement in section3.3).
In contrast, applying MCM to the trace generated by eachthread separately and then
aggregating the individual models to produce one global model results in the same
model regardless of the interleaving. This approach captures the serial dependencies
between referencesoccurring in the same thread trace which is independent of the
particular interleaving. The algorithms that use MCM in this thesis are designed to
give bestaverageprogram performance (averageof all possible interleavings).

3.6 Conclusion

This chapter de�ned the system models that will be the subject of study throughout
the restof this thesis. In addition, the referencemodel used by the cost models of this
thesis was also described. An integrated cost model was described. The integrated
cost model servesas a general mechanism for outlining opportunities for impr oving
buffer management techniques. The next chapter outlines techniques for optimising
the integrated cost model by exploiting the synergies between static clustering and
dynamicclustering.
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Chapter 4

Opportunistic Prioritised
Clustering Framework (OPCF)

The previous threechapters explained the general problem that this thesis addresses.
This was done by de�ning the scopeof this thesisalong with an integrated costmodel
that identi�ed how the dif ferent buffer management areasaffect system performance.

As explained in section 1.4,we do not focus on �nding an integrated solution that
incorporates synergiesbetween all four buffer management areas,but instead �nd so-
lutions that incorporate synergiesbetween pairs of buffer management techniques. In
this chapter we explore the advantagesof developing buffer management techniques
that incorporate synergy between staticclusteringand dynamicclustering. This is done
by developing the opportunistic prioritised clustering framework (OPCF).The frame-
work transforms existing static clustering algorithms into dynamic algorithms.

First, the integrated cost model of section 3.4 is used to de�ne the problem we
are addressing in this chapter. Second, the integrated cost model is used to explain
how the dif ferent components of OPCFimpr ove performance. Third, we explain how
OPCF is used to develop two new dynamic clustering algorithms. Finally, the results
of a simulation study comparing the performance of the two new algorithms with
existing highly competitive algorithms is presented.

4.1 Introduction

Ever since the `early days' of databasemanagement systems, clustering has proven
to be one of the most effective performance enhancement techniques [Gerlhof et al.
1996].This is becausethe majority of objectaccessesin an objectoriented databaseare
navigational. Consequently, related objectsare often accessedconsecutively. Cluster-
ing objectsin an object oriented databasereducesdisk IO by grouping related objects
onto the samedisk page. In addition to reduced IO, clustering also usescachespace
moreef�ciently by reducing the number of unused objectsthat occupy the cache.Peri-
odical re-clustering allows the physical organisation of objectson disk to more closely
re�ect the prevailing pattern of object access.

The majority of existing clustering algorithms are static [Tsangaris 1992;Banerjee
et al. 1988;Gerlhof et al. 1993;Drew et al. 1990]. Static clustering algorithms require

25



26 Opportunistic Prioritised Clustering Framework (OPCF)

that re-clustering take place when the databaseis not in operation, thus prohibiting
24 hour database access. In contrast, dynamic clustering algorithms re-cluster the
databasewhile databaseapplications are in operation. Applications that require 24
hour databaseaccessand involve frequent changesto data accesspatterns may bene�t
from the use of dynamic clustering.

In our view, three properties are missing from most existing dynamic clustering
algorithms. Theseproperties include:

� The re-useof existing work on static clustering algorithms;

� The use of opportunism to minimise the IO footprint for re-organisation; and

� A prioritisation of re-clustering so the worst clustered pages are re-clustered
�rst.

Despite the great body of work that exists on static clustering [Tsangaris 1992;
Banerjeeet al. 1988;Gerlhof et al. 1993;Drew et al. 1990],there has beenlittle transfer
of ideas into the dynamic clustering literatur e. In this chapter we addressthis omis-
sion by developing a dynamic clustering framework which transforms existing static
clustering algorithms into dynamic algorithms.

The goal of dynamic clustering is to generatethe minimum number of disk IOs for
a given set of databaseapplication accesspatterns. As pointed out by the cost model
in section 3.4, the clustering processitself may generate IO, loading data pages for
the sole purpose of object basere-organisation. However , most researchershave cho-
sen to ignore these sourcesof IO generation and instead concentrate on developing
the dynamic clustering algorithm that minimises the number of transaction read IOs
generated by the client processes.In this chapter we addressthis omission by incor-
porating opportunism into our framework. Opportunism eliminates clustering read
IO by choosing in-memory pagesfor re-clustering.

The disruptive nature of re-clustering dictates that dynamic clustering algorithms
must be incremental. This means that only a small portion of the object basecan be
re-clustered in each iteration. We believe that it should be the worst clustered pages
that are re-clustered �rst. We term this property prioritisation. Dynamic clustering
algorithms produced by our framework all possessthe prioritisation property.

4.2 Related Work

The re-organisation phaseof dynamic clustering can incur signi�cant overhead. Two
of the key overheadsare increasedwrite contention,1 and IO.

To reduce write contention, most dynamic clustering algorithms are designed to
be incremental and thus limit the scope of re-organisation. However , DROD [Wi-
etrzyk and Orgun 1999] is the only algorithm that we are aware of that limits the
scopeof reorganisation so that only in-memory objectsare re-clustered. Wietrzyk and

1Note that in an optimistic system this translates to transaction aborts.
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Orgun [1999] accomplish this by calculating a new placement when the object graph
is modi�ed, either by a link (reference)modi�cation or object insertion. The algorithm
then re-clustersthe objectsthat are effected by the modi�cation or insertion. Once the
new placement is determined, only the objects in memory are re-organised and the
remaining objectsare only re-arranged asthey are loaded into memory. However , the
statisitical data required by DROD has globalscope(statistics about any object in the
store may be needed). In contrast, OPCFhas localscopein terms of statistical require-
ments (only statistics of in-memory objectsare required).

The incremental nature of dynamic clustering requiresthat only a small portion of
the entire databasebe re-clustered at eachiteration. However , the choice as to which
portion to re-cluster is wheremany existing algorithms dif fer. McIver and King [1994]
suggest targeting the portion that was accessedafter the previous re-organisation.
However , this may involve a very large portion of the database if the re-clustering
is not trigger ed frequently. Wietrzyk and Orgun [1999] re-cluster affected objects as
soon as an object graph modi�cation occurs. They use a threshold mechanism2 to
determine when re-clustering is worthwhile. However , this approach may still be
too disruptive. An example of when its disruptiveness is likely to be felt is when the
systemis in peak usageand frequent objectgraph modi�cations areoccurring. In such
a scenario the object graph would be continuously re-clustered during peak database
usage. The algorithm thus lacks a means of controlling when the re-clustering takes
place. In contrast, the dynamic algorithms developed with OPCF can be easily made
adaptive to changing system loads. This is due to the fact that re-clustering can be
trigger ed by an asynchronous dynamic load-balancing thread rather than an object
graph modi�cation.

The dynamic clustering algorithms StatClust[Gay and Gruenwald 1997]and
DRO [Darmont et al. 2000] identify and re-cluster all pages containing objects that
have a quality of clustering lower than a threshold amount. If the number of poorly
clustered pages (pages below clustering quality threshold) is very high, then these
approacheswould re-cluster a large number of pageswithin the samere-organisation
iteration. In contrast, OPCF ranks pages in terms of quality of clustering and then
only re-clusters a boundednumber of the worst clustered pages. This allows OPCF
to bound the number of pages involved in each re-organisation iteration to a user
de�ned number of pages(the user can decide the maximum amount of interr uption
he or she tolerates).

The DSTC dynamic clustering algorithm identi�es and re-clusters all pages that
can be impr oved by clustering [Bullat and Schneider1996].Therefore, even if the im-
provement is very small, a re-clustering of those pages that can be impr oved is trig-
gered. This leads to over vigor ous re-clustering which produces poor overall perfor -
mance. However , DSTC does take care to limit the number of pagesinvolved in each
re-organisation iteration by breaking the re-organisation workload into re-clustering
units and only re-organisating one unit in eachiteration.

2Based on the heuristic more frequently accessedobjects that are clustered badly should be re-
clustered earlier.
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A large body of work existson static clustering algorithms [Tsangaris1992;Baner-
jee et al. 1988; Gerlhof et al. 1993; Drew et al. 1990]. However , only relatively few
static algorithms have been transformed into dynamic algorithms. McIver and King
[1994] combined the existing static clustering algorithms, Cactis [Hudson and King
1989]and DAG [Banerjeeet al. 1988], to create a new dynamic clustering algorithm.
However Cactis and DAG are only sequence-basedclustering algorithms which have
beenfound to be inferior when compared to graph partitioning algorithms [Tsangaris
1992]. Wietrzyk and Orgun [1999] develop a new dynamic graph partitioning clus-
tering algorithm. However , they do not compare their dynamic graph partitioning al-
gorithm with any existing dynamic clustering algorithm. In this chapter, two existing
static clustering algorithms are transformed into dynamic clustering algorithms us-
ing OPCFand compared to two existing dynamic clustering algorithms, DSTC[Bullat
and Schneider1996]and DRO [Darmont et al. 2000].

4.3 Preliminaries

In this section we �rst provide a formal de�nition of the problem we are attempting
to solve, then outline the problem constraints and assumptions.

4.3.1 Problem De�nition

Using the integrated cost model of section 3.4we now formally de�ne the problem.
The threadsthat we have are:

� This client thread (TC)

� Other client threads(OC)

� Dynamic clustering thread (DC)

Given a trace ti , an initial object to page mapping (initial clustering), a buffer re-
placement algorithm and an interleaving xi �

Tn �

, we seek the dynamicclusteringalgo-
rithm that minimises the execution time ET

�

xi �

Tn � �

ti �

of ti under xi �

Tn �

using equa-
tion 3.5of section 3.4. This is formulated as:
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(4.1)

The CPUTC �

r
�

and CPUOT �

r
�

terms from equation 3.5 have been omitted due to
our focus in this chapter on �nding the best dynamic clustering algorithm. Dynamic
clustering hasnegligible effect on the amount of CPU time used by the client threads.

The dynamic clustering thread is able to change the object-to-page mapping and
thus has the potential to reduce the number of futur e read and write IOs. In addition,
the dynamic clustering algorithm may slow down the system by generating read and
write IO and consuming CPU resources.
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As described in section 3.4 the IOOT �

r
�

term of equation 4.1can be further decom-
posed into:

IOOT �

r
�

� IOOCR �

r
�

�

IOBW �

r
�

(4.2)

We do not aim to produce dynamic clustering algorithms that reduce IOBW �

r
�

by
re-organising objects in such a way that dirty objectsare likely to be placed into the
samepage. This is becauseour focus is on read IO. However , we do aim to produce
dynamic clustering algorithms that impose a small write IO footprint.

4.3.2 Constraints

This section lists two constraints placed on the dynamic clustering thread. The con-
straints limit the duration and frequency of re-clustering.

4.3.2.1 Limited Duration

This constraint limits the duration of eachre-clustering iteration. A re-clustering itera-
tion is de�ned asa period of continuousre-clustering activity . This is done by limiting
continuous re-clustering time to be shorter than a user de�ned Tc threshold of time
units as follows:

Let CCR
�

i
�

j
�

beaperiod of time with continuous clustering related requests,where
ith and jth referencesdelimit the start and end of a clustering iteration.
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Tc (4.3)

4.3.2.2 Limited Frequency

This constraint ensuresa minimum time for a client thread to work before it is inter-
rupted by limiting the frequency of re-clustering. This is done by ensuring that client
threads are not interr upted for at least a user de�ned threshold of Tt time units as
follows:

Let CTR
�

i
�

j
�

be the time between successivere-clustering iterations, the i th and jth

referencesdelimit the start and end of a sessionwhich is not interr upted by clustering.
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Tt (4.4)

Constraints 4.3and 4.4combine to limit the frequencyand duration of re-clustering
iterations.
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4.3.3 Assumptions

The work in this chapter makes the following assumptions:

1. The object to pagemapping canbe changed from one consistent state to another
without ever exposing client threadsto inconsistent mappings.

2. All objectsare smaller than one page in size. Sincelarge objects3 do not bene�t
from clustering, we choose to focus our study on objects smaller than a page
in size. However , the techniques in this chapter can still be applied when large
objectsare present. For example, large objectscan be placed in a separatearea
of the object store and dynamic clustering algorithms can ignore them.

3. The patterns of object accessafter and before each re-organising iteration bare
somedegreeof similarity .

4.4 Opportunistic Prioritised Clustering Framework (OPCF)

In this section we outline in detail the main contribution of this chapter, the Oppor -
tunistic Prioritised Clustering Framework (OPCF).OPCFtransforms static clustering
algorithms into dynamic algorithms and provides them with the attributes of oppor-
tunism, incrementality, and prioritisation. We begin by describing how OPCF achieves
theseattributes. We then de�ne the stepsof the OPCFframework.

4.4.1 Opportunism

OPCFintr oducesthe opportunism property to minimise read IO overheadscausedby
the dynamic clustering thread. Thus opportunism attempts to achieve the following
minimisation:

Min
�

h

å
r 	 0

IODCR �

r
���

(4.5)

OPCFachievesopportunism by restricting clustering to in-memorypagesonly.

4.4.2 Incrementality

OPCF limits the disruption causedby the dynamic clustering thread by incrementally
re-organising the database. This property of OPCF allows the dynamic clustering al-
gorithm to meet the constraints of equations 4.3and 4.4.OPCFachievesconstraint 4.3
by placing a �xed bound on the number of pages re-clustered in each re-clustering
iteration. Constraint 4.4 is accomplished by allowing users to control the frequency
with which re-clustering is trigger ed.

3Objects larger than one page in size.
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4.4.3 Prioritisation

Incrementality speci�es that re-organisation should be partitioned and only one por-
tion of the databaseshould be re-organised in each iteration. Prioritisation speci�es
that the worst clustered portion should be targeted for re-organisation in each itera-
tion. We now explain the aim of prioritisation by using equation 4.1. Prioritisation
aims to achieve large reductions of IOTCR �

r
�

and IOOCR �

r
�

costswhile incurring only
small IODCR �

r
�

and CPUDC �

r
�

costs.OPCFperforms prioritisation by ranking pagesin
terms of quality of clustering and then limiting re-organisation to a user-speci�ed set
of the worst clustered pages.

4.4.4 Framework De�nition

OPCFworks at the pagegrain, instead of clustergrain. This meansall objectsin pages
selected for re-clustering are re-clustered. In contrast, cluster grain algorithms like
DSTC[Bullat and Schneider1996]remove selectedobjectsthat are determined to need
re-clustering from existing pagesand place them into newpages.

In order to createOPCFalgorithms, a seriesof stepsmust be applied.

� De�ne IncrementalRe-organisationAlgorithm: In this step, a strategy is developed
by which the existing static clustering algorithm is adapted to work in an incre-
mental way. That is, at each iteration of re-organisation the algorithm must be
able to operate within a limited scope.

� De�ne ClusteringBadnessMetric: OPCF prioritises re-clustering by re-clustering
the worst clustered pages�rst. This meansthat there must be a way of de�ning
the quality of clustering at a page grain. We term this the clusteringbadnessmet-
ric. The way in which clustering badnessis to be de�ned for a particular static
clustering algorithm depends on the goal of the clustering algorithm.

For instance, the PRPclustering algorithm has the goal of grouping hot 4 objects
together and therefore it may have a clustering badnessmetric that includes a
measure of the concentration of cold objectsin pagesthat contain hot objects.

At each clustering analysis iteration, 5 a user-de�ned number of pages (NPA)
have their clustering badness calculated. Once a page's clustering badness is
calculated, it is compared against a user-de�ned clustering badness threshold
(CBT). If the pagehasa higher clustering badnessvalue than the threshold, then
the page is placed in a priority queue sorted on clustering badness. At eachre-
organisation iteration a page is removed from the top of the priority queue and
used to determine the scopeof re-organisation for that re-organisation iteration.
A user-de�ned number (NRI) of re-organisation iterations are performed at the
end of eachclustering analysis iteration.

4By hot objectswe mean objectsaccessedmore frequently.
5Cluster analysis simply refers to calculating clustering badnessof pagesof the store.
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� De�ne Scopeof Re-organisation: To limit the work done in each re-organisation
iteration of the dynamic clustering algorithm, a limited number of pagesmust
be chosen to form the scope of re-organisation. The scope of re-organisation
should be chosenin such a way that re-organisation of thosepageswill produce
the maximum amount of impr ovement in clustering quality while preserving
the property of incrementality.

The way the scopeof re-organisation is chosendictates whether the clustering
algorithm is opportunistic or non-opportunistic. To achieve opportunism, only
in-memorypagesare included in the scopeof re-organisation.

� De�ne ClusterPlacementPolicy: BecauseOPCFworks at a pagerather than cluster
grain, the initial stagesof eachre-organisation iteration target a limited number
of pagesand so will, in general, identify multiple clusters, some of which may
be small.6 The existenceof clusters which are smaller than a page size raisesthe
important issueof how best to pack clusters into pages.

A simple way in which cluster analysis can be trigger ed in OPCF is by trigger -
ing cluster analysis when a user-speci�ed number of objects (N) has been accessed.
This is similar to the technique used in DSTC [Bullat and Schneider 1996]. However ,
any other triggering method may be used, including triggering via an asynchronous
thread (eg. for load balancing reasons).

4.5 Two Example Algorithms Generated Using OPCF

In this section we presenttwo dynamic clustering algorithms generated using OPCF.
We �rst describe two existing metrics that can be used to measure the quality of clus-
tering. We then describe the static clustering algorithms from which our dynamic
clustering algorithms are derived. Lastly, we describe in detail how OPCF is used to
transform the static clustering algorithms into dynamic algorithms.

4.5.1 Two Metrics Used to Measure Quality of Clustering

Tsangarisand Naughton [1991,1992]proposed two metrics for measuring the quality
of an object clustering—working set size and long term expansion factor.

Working setsize(WSS(M)) [Tsangaris and Naughton 1991] is a metric for locality
that is cachereplacementpolicy independent. WSS(M)is evaluated by taking M frame
requests, eliminating duplicates and computing the cardinality of the resulting set.
Therefore, the larger the cardinality , the fewer the duplicates, hence the lower the
locality. A clustering algorithm that achievesa lower value for this metric will perform
well on workloads that traverse a small portion of the databasestarting with a cold
cache.

6In contrast, when re-organisation occursat a cluster grain, eachre-organisation can bemorestrongly
targeted towards a particular cluster or clusters, and so is more likely to identify larger clusters.
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Long term expansionfactor EF¥ [Tsangaris and Naughton 1992] is an indicator of
the steady state performance of an object clustering algorithm when the cachesize is
large. EF¥ is the ratio of pagesaccessedin the steady state(N¥ ) to the number of pages
that would be required ideally to pack all active objects(n¥ ).

It is important to remember that thesemetrics are independent of buffer replace-
ment algorithms and thus do not accurately predict algorithm performance. They are
included in this thesis to serve as a tool for discussing the relative merits of existing
static clustering algorithms.

4.5.2 Static Probability Ranking Principle (PRP)

The static probability ranking principle (PRP)algorithm [Tsangaris 1992] is the sim-
plest sequence-basedclustering algorithm. Sequence-basedclustering [Banerjeeet al.
1988;Drew et al. 1990;Tsangaris1992]algorithms have two phases:presort; and traver-
sal. In the presortphaseobjectsare sorted and placed in a sorted list. Someexamples
of sorting order are: by class; by decreasing heat (where `heat' is simply a measure
of accessfrequency), etc. During the traversalphasethe clustering graph 7 is traversed
according to a traversal method speci�ed by the clustering algorithm. The roots of
the traversals are selectedin sorted order from the sorted list. This processproduces
a linear sequenceof objectswhich are then mapped onto pages. In static PRP, the ob-
jectsare presorted according to decreasing heat. Then the objectsare just placed into
pagesin this presorted order. This surprisingly simple algorithm yields near optimal
long term expansion factor.

The reason that PRP achieves a near optimal expansion factor is that it groups
together those objects that constitute the active portion of the database. Therefore,
when the size of the active portion of the databaseis small relative to the available
cachesize and the steady state performance of the databaseis of interest, this algo-
rithm yields a near optimal solution. However , when a small traversal is conducted
on a cold cache,PRPtends to perform poorly for working set size, since it does not
take object relationships into consideration [Tsangaris 1992].

The simplicity of the PRP algorithm (minimal statistical requirements and low
time complexity) makes it particularly suitable for dynamic clustering. PRPusesonly
heat statistics. PRP'stime complexity is determined by the sorting of objectsin terms
of heat and thus has a time complexity of O

�

n log n
�

, where n is the number of objects
in the database. However , to our knowledge, no dynamic version of PRP has been
suggestedbefore in the literatur e.

4.5.3 Dynamic Probability Ranking Principle

In this section we describe the application of OPCFto the PRPclustering algorithm to
transform it into a dynamic clustering algorithm.

7Where nodes represent objects and edges representobject references. The edge weights represent
the frequency by which the object referenceis traversed.
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� IncrementalRe-organisationAlgorithm: In order to make PRP work in an incre-
mental fashion, a logical ordering based on heat is placed on the pages of the
store. The clustering algorithm incrementally re-arranges the objects so as to
slowly migrate cold objectsto cold pagesand hot objectsto hot pages.

At eachre-organisation iteration, the algorithm reorders the setof objectsthat lie
within the pages targeted for that iteration according to heat order, the hottest
objectsmoving to the hottest page, the coldest to the coldest page,etc.

� ClusteringBadnessMetric: The goal of the PRPclustering algorithm is to map the
active portion of the databaseinto asfew pagesaspossible. It accomplishesthis
by migrating hot objects towards one portion of the store while migrating cold
objectsin the other dir ection. In order to achieve this objective, we have de�ned
a clustering metric which says a page is worse clustered if it contains both hot
objects and waste. We de�ne waste to mean spaceconsumed by cold objects.
The intuition behind this de�nition of clustering badness is that pages which
contain hot objectsbut also a lot of waste are both very likely to be in the cache
and also wasting a lot of cachespace,and thus unnecessarily displacing other
hot objects.

The de�nition of clustering badnessof page p is as follows:
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p
�
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� å
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� å
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�

sizei
�

heati � �

(4.6)

The secondterm in the equation is a measureof the waste in the page. Therefore
a larger and colder object in a page will contribute more waste.

� Scopeof Re-organisation: The scope of each re-organisation is de�ned as three
pageswhich are adjacent in heat-order, where the middle page is the target page
for that iteration and the target page is chosento be the page which is currently
worst clustered. When opportunism is used, the two in-memorypagesclosestto
the target are selected(as the adjacent pagesmay be on disk). See�gur e 4.1 for
an example.

This de�nition of scopeof re-organisation gives the clustering algorithm a high
degreeof incrementality. In addition, this gives the clustering algorithm an op-
portunity to impr ove the quality of clustering by placing the colder objects in
the logically colder page and hotter objectsin the logically hotter page.

� ClusterPlacementPolicy: SincePRPdoes not produce clusters of objects, it does
not have a cluster placement policy.

The time complexity of this algorithm per re-organisation iteration is O
�

ns log ns �

,
where ns is the number of objectswithin the scopeof reorganisation. The time com-
plexity is determined by the sorting of objectswithin the scopeof re-organisation.
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Figure 4.1: In this example the currently worst clustered page is 8, so the scope of re-
organisation for opportunistic dynamic PRPis pages6, 8 and 10 (where page numbers re�ect
heat-order). If opportunism is not used, the scopewould be pages7, 8 and 9.

4.5.4 Static Greedy Graph Partitioning

Partition-based clustering algorithms consider the objectplacement problem asagraph
partitioning problem in which the min-cut criteria is to be satis�ed for page bound-
aries. The vertices and edgesof the graph are labeled with weights. Vertex weights
represent object size. Edge weights represent either the frequency of strucutural ref-
erencetraversal or the transition probabilities (P̂

�

x
�

y
�

) of the SMC metric (see sec-
tion 3.5.2,page 22). We will term the former structural tensionand the later sequence
tension.

There are two types of partition-based static clustering algorithms: iterative im-
provementand constructivepartitioning. Iterative impr ovement algorithms such as the
Kernighan-Lin Heuristic (KL) [Kernighan and Lin 1970], iteratively impr ove parti-
tions by swapping objectsbetween partitions in an attempt to satisfy the min-cut cri-
teria. Since KL swaps objects between partitions it requires objects to be relatively
uniform in size which makes it inappr opriate for many real world OODBs. Construc-
tive algorithms such as greedy graph partitioning (GGP)[Gerlhof et al. 1993]attempt
to satisfy the min-cut criteria by �rst assigning only one object to a partition and then
combining partitions in a greedymanner. GGPdoesnot requireobjectsto berelatively
uniform in size and also places no restrictions on the con�guration of the clustering
graph (eg. graph must be acyclic).

The study carried out by Tsangaris and Naughton [Tsangaris 1992] indicates that
graph partitioning algorithms perform best for both the working set size metric and
long term expansion factor metric. However , they are generally more expensive in
terms of CPU usage and statistic collection (tension statistics) than sequence-based
algorithms. The time complexity of the KL graph partitioning algorithm is O

�

n2 � 4
�

and O
�

e log e
�

for GGP, where n is the number of vertices and e is the number of
edges.
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4.5.5 Dynamic Graph Partitioning

This section outlines how we use OPCF to transform static graph partitioning algo-
rithms into dynamic algorithms.

� IncrementalRe-organisationAlgorithm: At eachre-organisation iteration, the graph
partitioning algorithm is applied to the pagesin the scopeof re-organisation as
if thesepagesrepresentthe entire database.

� Clustering BadnessMetric: The static graph partitioning algorithms attempt to
satisfy the min-cut criteria. This means that they minimise the sum of edge
weights that cross page boundaries. In order to include this criteria into our
clustering badnessmetric we have included external tension in the metric. We
de�ne external tension asthe sum of edgeweights of the clustering graph which
crosspage boundaries. A page with higher external tension is worse clustered.
In addition, heat is included in the metric to give priority for re-organising hotter
pages.Below is a de�nition of clustering badnessfor page p:
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The calculation of external tension dif fers between the opportunistic version
of the dynamic graph partitioning algorithm and the non-opportunistic ver-
sion. In the opportunistic version, the external tension is calculated from only
the weights of edges that cross the boundary of the page under consideration
to other in-memory pages. By contrast, the non-opportunistic algorithm also
counts edge weights that crossespage boundaries onto disk pages.

� ScopeofRe-organisation: The scopeof re-organisation is the worst clustered page
and its related pages.A page is only considered related if it occupiesan external
tension threshold (ETT) fraction of the worst clustered page's external tension.
This reducesthe scopeof re-organisation to the pagesthat will bene�t the most
from the re-organisation. ETT acts as a means of trading off clustering quality
with clustering overhead. If the dynamic clustering algorithm is to berun oppor -
tunistically then only in-memoryrelatedpagesare in the scopeof re-organisation.
See�gur e 4.2for an example.

� ClusterPlacementPolicy: For this application of OPCF, we have chosen to place
clusters into pagesin order of heat. The reasonfor this choiceis that cold clusters
will be placed away from hot clusters and thus pages containing hot clusters
which are more likely to be in memory will have lesswasted spaceoccupied by
cold clusters. This is similar to the goal of PRP(seesection 4.5.2).

The particular graph partitioning algorithm implemented for the results section
of this chapter is the greedy graph partitioning (GGP) algorithm [Gerlhof et al. 1993].
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Figure 4.2: In this example the worst clustered page is 5 and the scopeof re-organisation for
opportunistic dynamic graph partitioning arepages2, 4, 5 and 6. The scopeof re-organisation
for non-opportunistic dynamic graph partitioning are pages2, 4, 5, 6 and 7.

However , the abovemethodology canbeapplied to any static graph partitioning clus-
tering algorithm. GGP �rst placesall objects in a separatepartition and then iterates
through a list of edgesin descending edgeweight. If the two objectson the endsof the
currently selectededge are in dif ferent partitions and the total size of the two parti-
tions is smaller than a page, then the partitions are joined. GGPusessequencetension
to model accessdependenciesbetween objects. The time complexity of our dynamic
GGP algorithm is O

�

es log es
�

ps log ps �

, where es is the number of edgesin the scope
of re-organisation and ps is the averagenumber of initial partitions generatedafter the
�rst threesteps.The time complexity is determined by the sorting of clustering graph
edge weights and the sorting of the initial partitions generated according to heat. In
most caseses is much larger than ps and therefore in most casesthe time complexity
is O

�

es log es).

4.6 Two Existing Dynamic Clustering Algorithms

In this section we describe in detail two existing dynamic clustering algorithms that
are used in our performance study.

4.6.1 Dynamic Statistical and Tunable Clustering (DSTC)

DTSC is an existing dynamic clustering algorithm [Bullat and Schneider 1996] de-
signed to achieve dynamicity without adding high overhead or an excessivevolume
of statistics.
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The algorithm is comprised of �ve phases:

� ObservationPhase: In order to minimise disruptiveness of statistics collection,
DSTConly collectsstatistics at prede�ned observation periods and the informa-
tion is stored in a transient observation matrix.

� SelectionPhase: In order to reduce the volume of statistics stored, at the selection
phase the transient observation matrix is scannedand only signi�cant statistics
are saved.

� ConsolidationPhase: The results of the selection phase are combined with statis-
tics gathered in previous observation phasesand saved in a persistent consoli-
dated matrix.

� Dynamic ClusterRe-organisation: Using the information in the updated consoli-
dated matrix, new clusters are discovered or existing onesare updated. In order
to achieve incrementality, the re-organisation work is broken up into small frag-
ments called clustering units.

� PhysicalClustering Organisation: The clustering units are �nally applied to the
database in an incremental way (that is, one clustering unit at a time). This
phaseis trigger ed when the system is idle.

DSTC usessequencetension information to model accessdependenciesbetween
objects.DSTCis not an opportunisticclustering algorithm since its scopeof re-organis-
ation can be objectsthat are currently residing on disk. DSTC exhibits a small degree
of prioritisation since it breaks the databaseinto objects that can be impr oved from
clustering (worse clustered) and ones that cannot (better clustered). Even if an object
can only potentially get a very small clustering impr ovement, it is re-clustered. This
approachgeneratesa lot of clustering overhead which often cannot be justi�ed by the
relatively small clustering quality impr ovements.

4.6.2 Detection & Re-clustering of Objects (DRO)

Learning from the experiences of DSTC and StatClust [Gay and Gruenwald 1997],
DRO [Darmont et al. 2000] is designed to produce less clustering IO overhead and
use lessstatistics. In order to limit statistics collection overhead, DRO only usesobject
frequency(heat) and pageusagerate information. In contrast, DSTC keeps sequence
tension information which is much more costly.

DRO is a pagegrained dynamic clustering algorithm. Therefore it re-clusters all
objectsin pagesthat are selectedfor re-clustering.

The DRO clustering algorithm is comprised of 4 steps:

1. DeterminationofObjectstoCluster:In this stepvarious thresholdsareused to limit
the pages involved in re-clustering to only those pages that are most in need
of re-clustering. For a page to require re-clustering the following conditions
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need to be met: the fraction of unused objects must be lower than the MinUR
threshold; and the amount of IO that the page generated must be greater than
the MinLT threshold. To proceedto step 2 the ratio between the number of pages
needing re-clustering and number of pagesactually used must be greater than a
threshold rate

�

PCRate
�

.

2. ClusteringSetup:This step takes the objectsin the pagesin need of re-clustering
and then generatesa new placement order of objects on disk. The placement
algorithm runs as follows: objects of similar heat and with structural links are
placed closer together in the new placement order. Then the new placement
order is compared against the old and the algorithm only proceedsto the next
step if there is enough dif ference

�

MAXRR
�

between the two placement orders.

3. PhysicalObjectClustering:This operation physically clusters objectsidenti�ed in
the previous steps,but must also re-organise the databasein order to freespace
made available by the deletion or movement of objects.

4. StatisticsUpdate: This step resetsclustering statistics. Depending on the up-
date indicator

�

SUInd
�

parameter, all pages or just the pages involved in the
re-clustering are reset.

DRO is not opportunistic sincedisk resident pagescanbeinvolved in re-clustering.
DRO has only limited incrementality since at each iteration it re-organisesall pages
that are clustered worse than a threshold amount. If the number of pages in need
of clustering is high, DRO will become less incremental. In contrast, our approach
ranks all pages in terms of quality of clustering and then re-clusters only a user-
de�ned number of the worst clustered pages. Our approach allows the user to limit
the amount of re-clustering that he or she is willing to accept in eachre-organisation
iteration, whereasDRO has no such limit. DRO prioritises clustering by breaking up
the databaseinto pages that need re-clustering (according to thresholds) and pages
that do not. This method of prioritisation has the bene�t that when databasecluster-
ing quality is very low, fewer pagesare re-clustered and the reversewhen clustering
quality is high. This more �exible behaviour of DRO when compared to OPCFis at the
cost of good incrementality (the ability to ensure only a bounded portion of database
is involved in eachre-organisation iteration).

4.7 Experimental Setup

In this section we describe experiments designed to compare the performance of al-
gorithms produced using OPCFwith two existing stateof the art dynamic clustering
algorithms, DSTC and DRO.

4.7.1 Simulation Environment

The experiments are conducted using the virtual object oriented databasesimulator ,
VOODB [Darmont and Schneider 1999].VOODB is basedon a generic discrete-event
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Parameter Description Value

Systemclass. Centralised
Disk page size. 4096bytes
Buffer size. varies
Buffer replacementstrategy. LRU-1
Pre-fetching strategy. None
Object initial placement. optimised sequential

Table 4.1: VOODB parameters used.

simulation framework. Its purpose is to allow performance evaluations of OODBs in
general,and optimisation methods such asclustering in particular . VOODB simulates
all of the traditional OODBMS components such as: the transaction manager, object
manager, buffer manager, and IO subsystem. The correctnessof VOODB has been
validated for two real-world OODBs, O2 [Deux 1991]and Texas[Singhal et al. 1992].

VOODB is implemented on top of the discrete-event simulation package for C++
(DESP-C++) [Darmont 2000]. DESP-C++ is a validated simulation package which
performs 20to 1000times faster than competing simulation packageslike the `queuing
network analysis package2nd generation' (QNAP2). The high performance of DESP-
C++ allows us to test more complex workloads and system settings.

We use simulation for two reasons.First, it allows rapid development and testing
of a large number of dynamic clustering algorithms (all existing dynamic clustering
papers compared at most two algorithms). Second, it is relatively easy to simulate
accurately read, write and clustering IO (the dominating metrics that determine the
performance of dynamic clustering algorithms).

It is important to note that in terms of write IO, our simulation study shows close
to worst casescenario. The reasonis that we do not simulate a �ush thread, instead
we only �ush dirty pagesduring dirty page eviction time. Flush threadsallow dirty
pages to be �ushed to disk in the background. It is beyond the scope of this thesis
to explore the effects that dif ferent �ushing policies have on dynamic clustering al-
gorithm performance. However , in general, all policies will show better performance
when fewer pagesare dirtied. The negative effect of dirtied pages is re�ected in our
simulator by the �ushing of dirty pagesduring eviction.

VOODB is very user tunable, offering a number of system parameters such as:
system class (distribution con�guration), page size, buffer size, buffer replacement
strategy, etc. The parameters relevant to our study along with the values used are de-
picted in table 4.1.The `centralised' system classrefers to the stand-alone system con-
�guraton, in which the clients and server both resideon the samemachine. Optimised
sequential placement refers to compact placement (every page has a low percentage
of empty space),which is mostly placed in creation order.



�

4.7 Experimental Setup 41

4.7.2 Performance Evaluation Environment

We evaluate the performance of the dynamic clustering algorithms in two setsof ex-
periments. First, we use the object clustering benchmark (OCB) [Darmont et al. 1998]
to compare the performance of the dynamic clustering algorithms under stationary ac-
cesspattern situations. Second,the dynamic objectevaluation framework (DOEF) [He
and Darmont 2003]is used to test the effectsof changesin accesspatterns.

In this thesis we use traces generated from synthetic benchmarks instead of real
world applications. This is due to two reasons:(1) the unavailability of real applica-
tion tracesin the OODBMS �eld, and (2) the ability to control benchmark parameters
to generate multiple traces for detailed algorithm comparison. Firstly, in the area of
OODBMS performance optimization, no existing work have managed to use real ap-
plication traces. This is mainly due to privacy issuesand the overheads in keeping a
running trace of OODBMS object accesses.

Secondly, a bene�t of synthetic benchmarks is the ability to changevarious settings
and thus generate multiple traces with know characteristics. This allows algorithms
to be tuned or compared using multiple styles of accesspattern changeand thus can
give more insights into why algorithms in a particular way.

However , it has been noted in Wilson, Johnstone, Neely, and Boles [1995] that
the synthetic benchmarks may not produce traces that are indicative of real world
applications. The work of [Wilson et al. 1995]hasbeendone in the context of memory
allocation in programming languages. No similar study hasbeendone in OODBMSs.
Webelieve this is becauseof the dif �culties in obtaining real world OODB application
traces.

4.7.2.1 Stationary AccessPattern Evaluation Environment

In this thesis the OCB benchmark [Darmont et al. 1998] is chosen as the tool used
for evaluating buffer management techniques under stationary accesspatterns. Here
we provide a brief description of OCB. In addition, we describe the OCB parameter
settings that are used for the experiments in this chapter.

The OCB benchmark was initially designed for benchmarking clustering algo-
rithms but its rich schema and realistic workloads make it particularly suitable for
benchmarking prefetching algorithms too. The OCB databasehasa variety of param-
eters which make it very user-tunable. A databaseis generated by setting parame-
ters such as total number of objects, maximum number of referencesper class,base
instance size, number of classes,etc. Once these parameters are set, a databasecon-
forming to theseparameters is randomly generated. The databaseconsistsof objects
of varying sizes. In the experiments reported in this chapter, a total of 100,000objects
are generated. The objectsvaried in size from 50 to 1600bytes and the averageobject
size is 232bytes. The total databasesize is 23 MB. Although this is a small database
size we also usesmall buffers (1MB and 4MB) to keep the databaseto buffer size ratio
large. Sincewe are interested in the caching behaviour of the system, the databaseto
buffer size ratio is a more important parameter than databasesize alone. The OCB
databaseparameters used are shown in table 4.2(a).
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Parameter Description Value

Number of classesin the database. 50
Maximum number of references,per class. 10
Instancesbasesize,per class. 50
Total number of objects. 100000
Number of referencetypes. 4
Referencetypes random distribution. Uniform
Classreferencerandom distribution. Uniform
Objects in classesrandom distribution. Uniform
Objectsreferencesrandom distribution. Uniform

(a) OCB databaseparameters

Parameter Description Value

Simple traversal depth. 2
Hierar chy traversal depth. 4
Stochastictraversal depth. 4
Transaction root selection distribution. Hot/Cold
Simple traversal selection probability . 0.3
Hierar chical traversal selection probability . 0.35
Stochastictraversal selection probability . 0.35
Number of transactions. 100000

(b) OCB workload parameters

Table 4.2: Parametersused for OCB.

The OCB workload used in this study included simple, hierarchical and stochastic
traversals [Darmont et al. 1998]. The simple traversal performs a depth �rst search
starting from a randomly selectedroot object. The hierarchical traversal picks a ran-
dom root object and a random referencetype and then always follows the samerefer-
encetype up to a pre-speci�ed depth. The stochastic traversal selectsthe next link to
crossat random. At eachstep, the probability of following referencenumber N is p(N)
= 1

2N . Stochastictraversals approachMarkov chains,which are known to simulate real
query accesspatterns well [Tsangarisand Naughton 1992].Eachtransaction involved
the execution of one of the three traversals. The OCB workload parameters used are
shown in table 4.2(b).

We intr oduce skew into the way traversal roots are selected.Rootsare partitioned
into hot and cold regions. In all experiments the hot region is set to 3% of the size of
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databaseand hasan 80%probability of access.8 Thesesettings are chosento represent
typical databaseapplication behaviour. Gray and Putzolu [1987]citesstatistics from a
real videotext application in which 3%of the records got 80%of the references.Carey,
Franklin, Livny , and Shekita [1991] use a hot region size of 4% with a 80% proba-
bility of being referenced in the HOTCOLD workload have been used to measure
data caching trade-offs in client/server OODBMSs. Franklin, Carey, and Livny [1993]
use a hot region size of 2% with a 80% probability of being referenced in the HOT-
COLD workload used to measure the effects of local disk caching for client/server
OODBMSs.

4.7.2.2 Dynamic AccessPattern Evaluation Environment

In this section we describe the dynamic objectevaluation framework (DOEF) [He and
Darmont 2003]. We use DOEF to compare the dynamic clustering algorithms' ability
to cope with changing accesspatterns. DOEF is a synthetic benchmark that models
changesin application accesspattern behaviour. DOEF accomplishes accesspattern
changeby de�ning con�gurable styles of change.DOEF is built on top of OCB, using
both the databasebuilt from the rich schema of OCB and the operations offered by
OCB. Accesspattern change is accomplished by varying the way traversal roots of
OCB are selected. DOEF divides traversal roots9 into partitions called `H-regions'.
All traversal roots within the same H-r egion have the same probability of selection,
however, traversal roots between dif ferent H-r egions can have a dif ferent probability
of selection. Access pattern change is speci�ed by varying the `heat' of H-r egions
according to accesspattern changeprotocols.

Two dif ferent DOEF protocols of changeare used in this chapter. First, the moving
windowof changeprotocol is used to simulate sudden changesin accesspatterns. This
style of change is accomplished by moving a window through the database. The
objects in the window have a much higher probability of being chosenas a traversal
root when compared to the remainder of the database. This is done by partitioning
the databaseinto N H-r egions of equal size. Then one H-r egion is �rst initialised as
the hot region, and the remaining H-r egions are initialised as cold regions. After a
certain number of root selections,a dif ferent H-r egion becomesthe hot region.

Second,the gradualmovingwindow of changeprotocol is used to simulate a milder
style of accesspattern change. This protocol dif fers from the previous one in that
the hot region cools down gradually instead of suddenly. The cold regions also heat
up gradually as the window is moved onto them. This tests the dynamic clustering
algorithm's ability to adapt to a more moderate style of change.

In the DOEF experiments we use the same OCB database parameters as those
shown in table 4.2 (a). However , we use dif ferent workload parameters. The opera-
tion we have used for all of the experiments is the simple, depth-�rst traversal with
traversal depth 2. The simple traversal is chosen since it is the only traversal that

8That is, there is a 80%probability that the root of a traversal is from the hot region.
9All databaseobjectscan be used as traversal roots.
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Parameter Description Value

H-r egion size. 0.003
Highest H-r egion accessprobability . 0.80
Lowest H-r egion accessprobability . 0.0006
Probability increment size. 0.02
Object assignment method. random object assignment.

Table 4.3: Parametersfor DOEF.

always accessesthe sameset of objectsgiven a particular root. This establishesa di-
rect relationship between varying root selection and changesin accesspattern. Each
experiment involved executing 10,000transactions.

The DOEF parameters used in this chapter are shown in table 4.3. The `H-region
size' setting of 0.003(remember this is the databasepopulation from which the traver-
sal rootis selected)createsa hot region about 3%the size of the database(eachtraver-
sal touchesapproximately 10objects).This was veri�ed from statistical analysis of the
tracegenerated. The `highest H-r egion accessprobability' setting of 0.8and `lowest H-
region accessprobability setting' of 0.0006,producesahot region with 80%probability
of referenceand the remaining cold regions with a combined referenceprobability of
20%. The `probability increment size' parameter is used by the gradual moving win-
dow of changeprotocol to specify the amount by which the H-r egions changeheat at
eachchangeiteration.

4.7.3 Dynamic Clustering Algorithms Tested

We compare the performance of four dynamic clustering algorithms in this chapter.
Theseinclude two existing algorithms, dynamic statistical tunable clustering (DSTC),
detection & re-clustering of objects (DRO) and two new OPCF algorithms, dynamic
greedy graph partitioning (OP-GP) and dynamic probability ranking principle (OP-
PRP).

The parametersused for the dynamic clustering algorithms are shown in table 4.4.
In order to tune the clustering algorithms we tested a range of dif ferent parameter
settings for eachalgorithm in eachexperiment. Then for eachalgorithm we used the
set of parameters that gave the best overall result for all the experiments. We found
algorithm performance was not very sensitive to parameter settings across dif ferent
experiments. This means the same set of parameters usually performed well for all
experiments or none of the experiments. For a more detailed description of the DSTC
and DRO parameters pleaserefer to [Bullat and Schneider1996]and [Darmont et al.
2000]respectively. Detailed descriptions of OPCFalgorithm parameters can be found
in sections4.4.4and 4.5.5.

The dynamic clustering algorithms shown on the graphs in this chapter are labeled
asfollows:
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Parameter Description Value

n maximum entries in the observation matrix 200
np number of observation periods after which a 1

consolidated factor f ci j becomesobsolete
if the link (oi , o j ) hasnot beendetected.

p the number of the current observation period 1000
is computed modulo p.

Tf a threshold value under which the number of accesses 1
to individual objectsis too small to be considered
in elementary linking factors computation.

Tf e threshold value under which elementary linking factors 1
are not consider for updating consolidation factors.

Tf c threshold value under which a consolidated linking 1
factors are not considered signi�cant.

w weighting coef�cient intr oduced to minimise signi�cance of 0.3
elementary observations relative to consolidated observations.

(a) DSTC parameters

Parameter Description Value

MinUR minimum usagerate. 0.001
MinL T minimum loading threshold. 2
PCRate page clustering rate. 0.02
MaxD maximum distance. 1
MaxDR maximum dissimilarity rate. 0.2
MaxRR maximum resemblancerate. 0.95
SUInd statistics update indicator . true

(b) DRO parameters

Parameter Description OP-PRPValue OP-GPValue

N number of objectsreferencedbetween 200 200
clustering analysis iterations.

CBT clustering badnessthreshold. 0.1 0.1
NPA number of pagesanalysed during 50 50

eachclustering analysis iteration.
NRI number of re-organisation iterations 10 10

after eachanalysis iteration.
ETT external tension threshold. – 0.2

(c) OPCFparameters

Table 4.4: Parametersused for the clustering algorithms DSTC,DRO, OP-PRP, and OP-GP.
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� NC: No Clustering;
� DSTC: Dynamic Statistical Tunable Clustering;
� OP-GP: OPCF(greedy graph partitioning);
� OP-PRP: OPCF(probability ranking principle);
� DRO : Detection & Re-clustering of Objects.

4.7.4 Evaluation Metric

All the results presented in this chapter are in terms of total IO. Total IO is the sum
of transaction read IO10, clustering read IO and clustering write IO. Thus, the results
give an overall indication of the performance of eachclustering algorithm, including
eachalgorithm's clustering IO overheads.

4.8 Experimental Results

In this sectionwe report the results of experiments comparing the performance of two
existing highly competitive dynamic clustering algorithms (DSTC,DRO) and two new
algorithms produced using the OPCFframework (OP-PRP, OP-GP).

4.8.1 Varying Buf fer Size

In this section we report the effects of varying buffer size on the performance of the
dynamic clustering algorithms. The results are shown on �gur e 4.3. The OPCF al-
gorithm OP-GP offers best overall performance. OP-GP performs particularly well
when the buffer size is small. At a buffer size of 0.4MB, OP-GPproduces34%lessIO
than DRO and 48%lessIO than DSTC.The performance advantage can be attributed
to OP-GP's opportunistic behaviour. OP-GPreducesmany clustering read and write
IOs by limiting re-clustering to only in-memory pages. There are two reasonswhy
opportunism is particularly bene�cial at small buffer sizes.First, at small buffer sizes
a page read from disk for clustering purposes (non-opportunistic behaviour) is less
likely to be referenced by the user application before it is evicted. Thus the cost of
the clustering read IO is less likely to be absorbed by user applications. Second,at
small buffer sizes,read IO for clustering purposes are more likely to causepremature
evictions of cacheresident pages.

OP-GP outperforms OP-PRPfor all buffer sizes tested. This is becauseOP-PRP
doesnot take inter-object relationships into consideration when clustering. However ,
it is encouraging to note that OP-PRP(a very simple algorithm, with very small statis-
tics overheads)can outperform complex algorithms like DSTCand DRO for a variety
of buffer sizes.

10Recall in section 4.3.1, Equation 4.2 that we are only interested in impr oving transaction read
performance.
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Figure 4.3: Varying buffer size.

At large buffer sizes(above 1MB) OP-GPmaintains its lead over DRO at between
5%and 15%lessIO produced. Theperformance advantageof OP-GPcanbeattributed
to a combination of opportunism and the ETT threshold. The ETT threshold limits
clustering write overheadsby limiting the scopeof clustering to pagesthat will bene�t
the most from re-clustering.

DSTCperforms very poorly , worse than no clustering, for most buffer sizesettings.
The poor performance can be attributed to DSTC's high clustering overheads. The
high clustering overheadsare causedby two factors. First, DSTC is not opportunistic
and thus generates a lot of clustering read IO. Second, DSTC's tuning parameters
lack �exibility . In our experiments, increasing the parameters Tf a, Tf e and Tf c by the
smallest possible increment causesthe algorithms to go from over excessiveclustering
to almost no clustering (both settings result in about the same performance). The
results shown are when the more aggressive clustering setting is used. We tested
extensively with dif ferent parameterssettings for all the algorithms and only used the
settings that gave the best overall performance.

4.8.2 Varying Hot Region Size

In this section we examine the effect of changing hot region size on the dynamic clus-
tering performance. The hot region probability of accessis set to 80%for the reasons
explained in section 4.7.2.1.The results for two buffer size settings of 1MB and 4MB
are reported in �gur es4.4(a)and (b), respectively. The results in this experiment show
OP-GPproviding best overall performance. We attribute this mainly to its use of op-
portunism and its use of sequencetension to model accessdependencies between
objects.
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Figure 4.4: Varying hot region size.

At the small buffer size of 1MB, OP-GP's performance degrades at a slower rate
than DRO, the best existing dynamic clustering algorithm. The reasonfor this is that
increasingthe hot region sizehasthe effect of increasingthe working setsize. A larger
working setmeansmoreobjectswill have ahigh usagerates. This in turn meansDRO,
which only clusters pageswith usagerates above the MinURthreshold, clusters more
aggressively as working set size increases.As the hot region size increases,a larger
portion of the working set is disk resident. DRO, which is not opportunistic, performs
more clustering read IO asa larger portion the working set is disk resident. DRO also
performs more clustering write IOs as the hot region size increases.This is because
as more pagesare loaded into memory for clustering purposes, more dirty pagesare
evicted (working set does not �t in memory). Dirty page evictions causeswrite IO.
In contrast, OP-GP's opportunistic behaviour combined with its boundedscopeof re-
organisation results in a smaller clustering IO footprint, for both small and large hot
region sizes.

At the larger buffer size of 4MB (�gur e 4.4(b)), almost all of the working set �ts in
memory (even when the hot region size is 9% of databasesize). In this environment,
DRO's performance approachesthat of OP-GPasthe hot region size increases.This is
becauseasmore of the working set �ts in memory, DRO's lack of opportunism is less
damaging to its performance. Sincemost of the pagesit wants to cluster are memory
resident, less clustering read IO is required. Clustering write IOs are also decreased
due to fewer dirty page evictions.

4.8.3 Varying Hot Region AccessProbability Size

In this section we report the effectsof changing hot region accessprobability . The hot
region is set to 3% of the databasesize for reasonsexplained in section 4.7.2.1. The
results of two buffer size settings of 1MB and 4MB are reported on �gur e 4.5 (a) and
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(b), respectively.
The results for 1MB buffer sizeshow OP-GPoffering the bestperformance at small

hot region accessprobabilities. However , when hot region accessprobability is high,
OP-GP's performance degrades to be worse than DRO. The reasonfor OP-GP's suc-
cessat low accessprobabilities is OP-GP'sETT threshold and opportunism protects it
from aggressivere-clustering of the cold region. In contrast, DRO doesnot have these
features. Thus at thesesettings DRO �nds it dif �cult to distinguish between the hot
and cold region (the dif ference between accessprobability of hot and cold region is
small), and consequently re-clustersmuch of the cold region aggressively. The result
is that DRO generatesa lot of clustering read and write IO overheads for marginal
transaction read IO gains. However , when hot region accessprobability is high, OP-
GP'sETT threshold starts to work against it. This is becauseETT restricts re-clustering
(even in the hot region) to those pages that give the largest performance impr ove-
ment. In contrast, DRO, which aggressively re-clusters the hot region, bene�ts from
impr oved transaction read IO gains. At high hot region accessprobabilities, DRO no
longer has dif �culty separating the hot and cold region for re-clustering. Thus it no
longer spendsclustering IO resourcesre-clustering the cold region.

The results for the 4MB buffer size (see�gur e 4.5 (b)) again show OP-GPoffering
best performance when hot region accessprobability is low. When hot region access
probability is high, OP-GP and DRO perform approximately the same. The reason
for OP-GP's superior performance at low hot region accessprobabilities is the same
as for the 1MB buffer size results. However , at high hot region accessprobabilities,
the larger buffer size is more forgiving for OP-GP's lack of aggressionin re-clustering
the hot region. Thus OP-GP'sperformance no longer degrades to worse than DRO at
high hot region accessprobabilities.

DSTC, which has been set to re-cluster aggressively (at low aggressionsettings it
performs almost no re-clustering, and there is no middle ground), shows rapid per-
formance impr ovement when hot region accessprobability increases.This is because
at high hot region accessprobabilities aggressivere-clustering is con�ned to primar -
ily the hot region (the cold region rarely gets touched and thus is rarely re-clustered).
This fact means DSTC's clustering IO overheads rapidly diminish as the hot region
accessprobability increases.

4.8.4 Moving Window of Change

In this experiment, we used the movingwindowofchangeprotocol to test eachof the dy-
namic clustering algorithms' ability to adapt to changesin accesspattern. The DOEF
settings used are shown in table 4.3. In this experiment we varied the parameter H,
rate of accesspattern change. We report the results using 1MB and 4MB buffer sizes.
The results are shown on �gur e 4.6(a) and (b), respectively.

The general observation is that OP-GP offers poor performance when the rate of
accesspattern change is small but offers best performance (when compared to the
other dynamic clustering algorithms) when the rate of accesspattern change is high.
The poor performance of OP-GP under small accesspattern changes is that OP-GP
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Figure 4.5: Varying hot region probability .

hasnot beendesigned for this vigor ous style of change(where the hot region changes
suddenly from 0.8 probability of accessto 0.0006probability of access). The other
algorithms, DSTCand DRO, periodically delete gathered statistics which makesthem
cope much better in this style of change. However , when the rate of accesspattern
change is very high, DSTC and DRO suffer from over aggressivere-clustering. Both
DSTCand DRO do not placehard bounds on the scopeof re-organisation. This causes
them to re-cluster vigor ously at high rates of accesspattern change(the clustering on
many pages appear to be outdated). Much of the hard re-clustering work goes to
waste, sincere-clustered pagesquickly get outdated. In contrast, OP-GPand OP-PRP,
which place hard limits on the scopeof re-organisation, perform better at a high rate
of accesspattern changes.

4.8.5 Gradual Moving Window of Change Experiment

In this experiment, we used a lessvigor ous style of accesspattern change,the gradual
movingwindowofchangeprotocol. Unlike the previous experiment, the hot region cools
gradually instead of suddenly. The DOEF settings used are again shown in table 4.3.
In this experiment we varied the parameter H, rate of accesspattern change.Wereport
the results using 1MB and 4MB buffer sizes. The results are shown on �gur e 4.7 (a)
and (b), respectively.

The results show OP-GPconsistently outperforming the other dynamic clustering
algorithm when this gradual style of change is used. This is due to OP-GP's policy
of not deleting old statistics, which is bene�cial instead of detrimental to clustering
quality in this experiment. The gradual cooling of the hot region meansthat asthe hot
region cools a lot of residual heat remains. OP-GP, which never deletesold statistics,
continues to re-cluster the slowly cooling hot region.
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Figure 4.6: Moving window of change.The x-axis is in log2 scale.
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Figure 4.7: Gradual moving window of change.The x-axis is in log2 scale.
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4.8.6 Discussion

The results reported in this chapter test the dynamic clustering algorithms in a wide
variety of situations, including various buffer sizes,hot region sizes,hot region access
probabilities and various rates of accesspattern change. The results show that the
OPCF algorithm, OP-GP, offers best performance in most situations. OP-GP derives
its performance advantage mainly from its opportunistic behaviour and its use of se-
quence tension to model accessdependency between objects. Opportunism reduces
OP-GP's clustering IO overhead, while sequencetension allows OP-GP to achieve
high clustering quality . The combination of low clustering IO overhead and high clus-
tering quality gives OP-GPthe best overall performance.

OP-GPis the most consistentperformer when accesspattern changeis intr oduced.
OP-GPclearly outperforms all other algorithms when the moremoderate gradualmov-
ing windowof changeprotocol is used. For the more vigor ous movingwindowof change,
OP-GP outperforms all other algorithms when the rate of accesspattern change is
high. However , when accesspattern change is low, it losesout to DSTC at the small
buffer size of 1MB and loses out to DRO at the larger buffer size of 4MB. This can
be attributed to OPCF algorithms' policy of never deleting old statistics. Intr oduc-
ing a mechanism for deletion of old statistics seemsa simple way to �x the problem.
However , the deletion must be done carefully , sincekeeping old statistics is desirable
when the more moderate gradual moving window of changeprotocol is used. Alter -
natively, a statistics aging policy may be intr oduced. A possible policy may be to give
more recentstatistics higher weights. We leave �nding a suitable deletion policy and
statistics aging policy to futur e work.

4.9 Conclusion

In this chapter we highlight the advantages of developing dynamic clustering algo-
rithms that incorporate the synergies between dynamicclusteringand static clustering
algorithms. To this end we develop the opportunistic prioritised clustering frame-
work (OPCF). OPCF is a general framework that creates dynamic clustering algo-
rithms by placing opportunism and prioritisation into existing static clustering algo-
rithms. In addition, application of the framework is straightforwar d and yet it pro-
duces robust dynamic clustering algorithms which outperform the existing highly
competitive dynamic clustering algorithms DSTC and DRO in a variety of situations.
The simplicity of the framework and the robustness of algorithms produced by it
makesOPCFalgorithms ideal candidates for inclusion in realOODBMS systemswhere
workload conditions are likely to changewith time.

The next chapter presentsan exploration of the advantagesof incorporating syner-
giesbetween adif ferent pair of buffer management techniques,namely staticclustering
and bufferreplacement.



Chapter 5

CacheConscious Clustering (C3)

The previous chapter explored the advantagesof developing algorithms that incorpo-
rate the synergies between static and dynamic clustering algorithms. This was done
by creating a general and simple framework in which existing static clustering algo-
rithms can be transformed into dynamic clustering algorithms.

This chapter takes the sameapproach as the previous chapter, namely it presents
a general and simple framework in which new synergistic buffer management tech-
niques can be developed. However , the particular buffer management areasconsid-
ered in this chapter dif fer. In this chapter we develop a framework which incorporates
the synergy between static clustering and buffer replacement. The framework creates
new static clustering algorithms which are cacheconscious — aware of which types
of pagesare likely to be kept in memory by the buffer replacementalgorithm.

First, this chapter usesthe integrated cost model of section 3.4 to de�ne the prob-
lem. Second,we re�ne the problem de�nition using the working setsize(WSS)metric.
Third, a new family of static clustering algorithms that minimises the WSSmetric is
de�ned by the establishment of the cacheconsciousclustering framework. Fourth, a
new concrete static clustering algorithm produced from the framework is presented.
Finally, the experimental results are reported.

5.1 Introduction

Staticclustering and buffer replacementare two well establishedways of reducing IO
in OODBMSs. Traditionally static clustering algorithms have generally beendesigned
to place objectslikely to be co-referencedinto the samepage [Tsangaris1992;Banerjee
et al. 1988; Gerlhof et al. 1993; Drew et al. 1990]. On the surface this seemslike a
reasonableapproach, since it con�nes object graph traversals as much as possible to
one page. By minimising the likelihood of traversing out of the current page, the
chancesof requiring a disk load are minimised. However , upon closer inspection we
can criticise this approach as being too conservative. This is becausethe assumption
that navigations out of the current page have a high probability of causing a page
load is only valid when either the cachesize is one page or the cachesize is larger
but the buffer replacement algorithm only keeps pagescacheresident for very short
durations. In this chapter we exploit our knowledge of buffer replacement algorithm

53
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behaviour to design static clustering algorithms that tolerate navigations out of the
current page so long as the navigation proceeds into another cache resident page.
We term this new approach cacheconscious clustering (C3). In order to make our
approachmoregenerally applicable we createdthe C3 framework. The C3framework
producesa family of static clustering algorithms that all possessthe property of cache
consciousness.Experimental results show a C3 algorithm called C3-GP outperforms
existing static clustering algorithms in a variety of situations.

5.2 Related Work

Although there is much existing literatur e on both static clustering [Tsangaris 1992;
Banerjeeet al. 1988;Gerlhof et al. 1993;Drew et al. 1990]and buffer replacement[Nicola
et al. 1992;O'Neil et al. 1993;Belady 1966;Johnsonand Shasha1994;Robinson and
Devarakonda 1990;Leeet al. 1999],to our knowledge no prior work exploresthe syn-
ergies between the two techniques. In this section we �rst review existing clustering
algorithms. Second,existing buffer replacementalgorithms are reviewed.

5.2.1 Existing Static Clustering Algorithms

Most static clustering algorithms use as input a graph representation of the access
patterns (called clustering graph or CG). Static clustering algorithms can be classi�ed
via the clustering graph used. There are threetypical types of clustering graphs:

� ObjectGraph (OG): In this approach the object graph itself is used as the sole
source of information for clustering purposes. The object graph is formally de-
�ned in section 2.1. Static clustering algorithms that take this approach include
the depth �rst search (DFS) [Stamos 1984], breath �rst search (BFS) [Stamos
1984] and placement tree (PT) [Benzaken and Delobel 1990] algorithms. The
object graph approach does not encapsulateinformation regarding navigations
that do not follow the object graph and it also does not weight more frequently
traveled paths of the objectgraph higher than the lessfrequently traveled. How-
ever, the advantage of this approach is reduced statistic overheads.

� Statistical Object Graph (SOG): In this approach, the object graph is weighed.
The nodes are weighed according to frequency of object accessand edges are
weighted basedon frequency of edgetraversal. Two static clustering algorithms
that useSOGare the weighted depth �rst search (WDFS) [Stamos1984]and the
cactusclustering algorithm [Drew et al. 1990].The drawback of using SOGis its
inability to model object co-referencesthat do not follow the object graph.

� SimpleMarkov Chain Model (SMC): In this approach, the dir ected graph form
of a �rst order Markov model is used as the clustering graph. Each accessible
object in the system is representedby a node in the graph. Any positive prob-
ability that one object can be accessedafter some other object, is representedas
a dir ected edge. The node weights are labeled by probabilities of accessingthe
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object and the edge weights are labeled by the transition probabilities (P̂
�

x
�

y
�

of section 3.5.2).The algorithms that use this approach include: the probability
ranking principle algorithm (PRP) [Tsangaris 1992] (which only uses the node
weights of the SMC model, seesection 4.5.2);the Wisconsin greedy graph par-
tition algorithm (WGGP) [Tsangaris 1992]; the Kernighan-Lin graph partition-
ing algorithm (KL) [Tsangaris 1992]; and the greedy graph partitioning algo-
rithm [Gerlhof et al. 1993](seesection 4.5.4).

5.2.2 Existing Buf fer Replacement Algorithms

There have been numerous buffer replacement algorithms presented in the litera-
tur e [Nicola et al. 1992; O'Neil et al. 1993; Belady 1966; Johnson and Shasha1994;
Robinson and Devarakonda 1990;Lee et al. 1999].They mainly dif fer in the way they
collect accessinformation. The LeastRecently Used (LRU) basedpolicies measure the
length of time between successivereferencesof a page. The elapsed time between
successivereferencesof a page give a indication of when the page will next be refer-
enced. A page with larger re-referenceintervals is lesslikely to be needed in the near
futur e,and thus would make a better candidate for eviction. LRU-K extends the basic
LRU by recording historical information. The times of the K previous referencesare
recorded. In addition, LRU-K removes the effects of correlated references1. LRU-K's
historical referenceinformation and removal of correlated referencesgives it superior
performance compared to the basicLRU.

Frequency basedtechniques like Least Frequently Used (LFU), make eviction de-
cisions basedon frequency of referenceinformation. The assumption made by these
algorithms is that pagesthat are referenced more frequently are more likely to be re-
referencedin the near futur e. Thus the pageselectedfor eviction is the least frequently
used page.

There are other simple algorithms that are designed to collect and store a small
amount of information for performance reasons.Theseinclude, the First In First Out
(FIFO) and CLOCK algorithms. The CLOCK algorithm is a popular replacement al-
gorithm becauseof its simplicity and its ability to approximate the performance of the
Least Recently Used (LRU) replacement policy. The CLOCK algorithm has been ex-
tended by GCLOCK [Nicola et al. 1992].GCLOCK usesa circular buffer and a weight
associatedwith each page brought into buffer to decide which page to replace. The
weights may be dif ferent for dif ferent data types. The performance of GCLOCK can
be better than LRU and performances very closeto optimal can be achieved for some
situations.

Finally there is Belady's optimal buffer replacementalgorithm [Belady 1966].This
algorithm makesreplacementdecisionsbasedon analysis of the entire referencetrace.
Therefore this algorithm can not be applied to real OODBMSs, however it is a useful
tool of comparison.

1Correlated referencesoccur when the samepage is re-referencedin quick succession.
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5.3 Preliminaries

In this section we �rst provide a formal de�nition of the problem we are attempting
to solve. Second,we outline the assumptions the work in this chapter makes. Finally,
the working set size metric is described in detail.

5.3.1 Problem De�nition

The threadsthat we have are:

� This client thread (TC)

� Other client threads(OC)

Given a trace ti, a buffer replacementalgorithm and an interleaving xi �

Tn �

, we seek
to �nd the staticclusteringalgorithmthat minimises the execution time ET

�

xi �

Tn � �

ti �

of
ti under xi �

Tn �

using equation 3.5of section 3.4. This is formulated as:

min
�

ET
�

xi �

Tn � �

ti ���

� min
�

h

å
r 	 0

�

IOTCR �

r
�

�

IOOCR���

(5.1)

The write IO term IOBW �

r
�

has been removed since we would like to concentrate
on reducing client read IO. Static clustering algorithms are executedof�ine when the
databaseis not in operation. Thus the computational and IO overheadsof static clus-
tering algorithms do not effect execution time of client threads.Henceclustering, CPU
and IO overheads are not included in equation 5.1. However , it is still important for
static clustering algorithms to possesslow time complexity since there are normally
limits on how long a databasecan be taken of�ine.

5.3.2 Assumptions

The work in this chapter makes the following assumptions:

1. The entire databasecan be shut off for rearrangement to take place.

2. Patternsof objectaccessbetween rearrangementsbearsomedegreeof similarity .

3. All objectsare smaller than one page in size. Seeassumptions in section 4.3.3.

4. Objectsare moved and mapped from one consistent state to another.

5.3.3 Working Set Size Metric

We brie�y described the working set size
�

WSS
�

metric in section 4.5.1.In this section
we provide a more detailed description of the metric.

WSS was �rst used within the static clustering context by Tsangaris [1992]. It is
a standard metric used to model locality [Denning 1968; Yue and Wong 1973]. A

formal de�nition of WSSfollows. WSS
�

w
�

is the expected cardinality of the set R
�

w�

t
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of w consecutive page requestsstarting at time t. That is: take thesew page requests,
eliminate duplicates, and compute the cardinality of the resulting set. Note that the
larger the cardinality , the fewer the duplicates, hence the lower the locality. WSS

�

w
�

can be described mathematically as:

WSS
�

w
�

� E
���

R
�

w�

t � �

(5.2)

1 � WSS
�

w
�

� w. If w
�

M then the upper limit for WSS
�

w
�

is M (where M is the
number of pagesthe whole objectspacemaps to). The window parameter w allows us
to optimise for dif ferent cachesizes,becausethe smaller WSS

�

w
�

is, the more effective
a cachesize of w is. If the cachesize is � M, any replacement policy will work since
the whole object base�ts in memory.

For the IID and time invariant Markovian models (including the SMC model used
in this thesis), the t subscript can be dropped.

5.4 CacheConscious Clustering Framework (C3)

In this section we describe the C3 framework. Firstly, the framework objective is de-
�ned and contrasted with the objective of existing comparable work. Secondly, the
framework is de�ned.

5.4.1 Framework Objective

Customising static clustering for every possible buffer replacement technique is be-
yond the scopeof this thesis. However , buffer replacement algorithms in general aim
to retain in memory pages that are likely to be needed in the near futur e. Thus a
static clustering algorithm that impr oves locality of the client referencestream should
perform well for most buffer replacementalgorithms. The WSSmetric de�ned in sec-
tion 5.3.3is a metric that measureslocality. We thus aim to �nd static clustering algo-
rithms that minimise WSS.

Tsangaris [1992] �rst formulated static clustering as a minimisation of the WSS
metric. However , they by-passed the synergy between static clustering and buffer
replacement via two decisions. Firstly they only optimise for WSS

�

2
�

. This means
given two consecutive page requests,the aim of clustering is to con�ne both requests
to the samepage. This formulation allows clustering to be optimised for cachesizes
of onepage. This is a boundary caseand one in which buffer replacement is irr ele-
vant. However , this approach still managed to inspir e the graph partitioning family
of clustering algorithms which offer best performance among all existing algorithms
(seesection 4.5.4). Second,Tsangaris [1992] did not test the effect of dif ferent buffer
replacement algorithms. In fact, only one experiment usesa metric that is effected by
buffer replacementalgorithms.

The fundamental dif ference between our approach and that of Tsangaris [1992]
is that we cluster for WSS

�

w
�

, where w � 1. Thus we cluster for cacheslarger than
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one page, where buffer replacement behaviour is relevant. We term static clustering
algorithms that solve theWSS

�

w
� �

w � 1problem cacheconsciousclustering algorithms.
The objective of the C3 framework is to produce a family of clustering algorithms

which are all heuristic solutions to the following problem: minimise WSS
�

w
�

for w �

1.

5.4.2 Framework De�nition

TheC3framework minimises WSS
�

w
�

by attempting to meet the following sub-objectives:

� group regularly referencedobjectsinto the samepages.

� group non-regularly referencedobjectsthat are to be used at the sametime into
the samepage.

The �rst sub-objective produces pageswith a high concentration of regularly ref-
erencedobjects.This ensuresregularly referencedobjectsarenot spreadacrossa large
number of pages. Spreading regularly referenced objectsacrossmany pagesreduces
the number of duplicate referencesoccurring in any sequenceof w page requests. In
contrast, regularly referencedpagesproduced from a high concentration of regularly
referenced objects are likely to produce many duplicate referencesfor any sequence
of w page requests. A large number of duplicate referencesminimises the WSS

�

w
�

metric.
The secondsub-objective producespagesthat are heavily referencedfor short pe-

riods of time and then not referenced for long periods of time. This is becausewe
assumenon-regularly referenced objects have long non-referenceperiods. If groups
of non-regularly referencedobjectsthat have similar referencetimes are placed in the
samepagethen the entirepagewill have long non-referenceperiods and short periods
of heavy reference. This sub-objective thus produces pagesthat get many successive
duplicate references.Thus this approach minimises the WSS

�

w
�

metric.
C3 usesthe following threestepsto meet the sub-objectivesdescribed above:

1. De�ne metric for regularly referencedobjects.This step provides a means of rank-
ing objectsbasedon how regularly they will be referenced. The best de�nition
of this metric is likely to depend on the characteristics of the trace. For exam-
ple a trace that contains approximately uniform object accessintervals can use
a simple metric like heat (the number of times the object has been referenced)
asits regularity metric. A trace with non-uniform accessbehaviour may use the
averagetime between references(smaller averagetime indicates higher regular-
ity).

2. Separateinto N regionsof homogeneousregularity. This step divides objects into
regions of similar regularity of reference. This is accomplished by sorting the
objects into decreasing regularity of reference. The sorted sequenceis then cut
at N - 1 places to form N regions of more homogeneous regularity . The places
at which the N - 1 cuts occur is a property of the particular C3 algorithm. See
section 5.5for an example.
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3. Cluster eachregionbasedon relatednessseparately. This step further divides each
regularity region into pagesusing any clustering algorithm that clusters based
on somenotion of relatednessbetween objects.Most static clustering algorithms
mentioned in section 5.2 fall into this category.

The combination of the three steps produces a group of pages that have a high
concentration of regularly referenced objects and thus complies with the �rst sub-
objective. The second group of pagesproduced are non-regularly referenced objects
that have beenclustered basedon relatednessand thus complies with the secondsub-
objective.

In the second step, the way the sorted sequenceof objects is cut into regions has
a large effect on the performance of the clustering algorithm. Cutting the sorted se-
quence into smaller regions has the following consequences:regions with objects of
more homogeneous regularity are created; and the probability that two related ob-
jects(objectsthat are referencedone after the other) are placed into the sameregion is
decreased.The �rst consequenceis bene�cial for creating pagesthat comply with the
�rst sub-objective,sinceit createspageswith a higher concentration of regular objects.
However , the secondconsequenceis detrimental for creating pagesthat comply with
the secondsub-objective. This is becauserelated objects(which are likely to beused at
the sametime) are more likely to be assigned to different pages. Therefore, the sorted
sequencemust be cut carefully .

Figure 5.1gives a diagrammatic representation of one example application of the
C3 clustering framework. In the example, heat is used as the de�nition of regularity .
The secondand thir d stepsof the C3clustering framework are shown on the diagram.
The secondstep divides the objectbaseinto two regions of contrasting heat. The thir d
step clusters related objectsfurther into pages.

5.5 CacheConscious Greedy Graph Partitioning

In this sectionwe describeC3-GP, an concretealgorithm produced using the C3frame-
work. C3-GPmakes the following framework decisions:

1. De�ne metric for regularly referencedobjects. C3-GP uses heat as the regularity
metric. It assumesa uniform random referencedistribution. That is, it assumes
objectsreferencedwith high regularity will have a higher total number of refer-
encesthan objectswhich are not accessedregularly. It is clear this assumption
does not always hold in real life, since sometimes an object may not be refer-
encedregularly but when it doesget referenced it is hit many times. The search
for the bestclustering algorithm for every caseis beyond the scopeof this thesis.
This thesis aims to demonstrate simple synergistic modi�cations to existing al-
gorithm canresult in impr oved performance. Extending the work in this chapter
to more general casesis an interesting areaof futur e work.

2. Separateinto N regionsof homogeneousregularity. C3-GP divides the object base
into two regions of contrasting regularity . It labels the region with high regular-
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Hot Object Cold Object

Step Two

Step Three

Figure 5.1: Diagrammatic description of the second and thir d steps of the C3 framework. In
the example the heat is used as the regularity metric. The second step of this example only
divides the objects into two regions of contrasting heat. However in general the second step
of the C3 framework allows the object baseto be divided into N regions.

ity the `hot' region, and the other region the `cold' region. The cut occurs at the
point that results in all objectsin the hot region just �tting in memory.

3. Cluster eachregionbasedon relatednessseparately. C3-GP uses the graph parti-
tioning algorithm GGP [Gerlhof et al. 1993]to further divide the objectsin each
region into pages. This step is particularly effective for reducing IO of the cold
region. Graph partitioning the cold region increasesthe locality of reference
of cold pages. Since cold pages are not expected to stay in memory long, it is
appropriate to formulate the clustering of cold objects as a WSS

�

2
�

minimisa-
tion problem. This effectively means objects belonging to the cold region are
clustered for a cacheof size one. Graph partitioning algorithms are the best al-
gorithms for solving the WSS

�

2
�

minimisation problem [Tsangaris1992;Gerlhof
et al. 1993].

The time complexity of C3-GPis O
�

N log N
�

Eh log Eh
�

Ec log Ec �

, where N is
the number of objects in the entire object space. Eh and Ec are the number of edges
in the clustering graph of the hot and cold regions respectively. The time complexity
is determined by the sorting of all objectsin the entire object spaceaccording to heat,
sorting of clustering graph edge weights of the hot region and sorting of clustering
graph edge weights of the cold region.
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5.6 Experimental Setup

The experimental setup used in this chapter is mainly the same as that reported in
section 4.7. The main dif ference is that only the stationary accesspattern evaluation
environment is used (since we are only evaluating static clustering algorithms in this
chapter).

The VOODB simulator and OCB benchmark are used to evalute the static cluster-
ing algorithms of this chapter. VOODB and OCB are described in sections 4.7.1and
4.7.2.1respectively. The VOODB simulator and OCB benchmark parameters used in
this experiment are the sameasthose reported on tables 4.1and 4.2respectively.

In this chapter we compare the performance of the C3 algorithm C3-GPwith three
existing static clustering algorithms. The three existing static clustering algorithms
are the probability ranking principle algorithm (PRP)[Tsangaris 1992],greedy graph
partitioning (GGP) [Gerlhof et al. 1993], and Wisconsin greedy graph partitioning
WGGP [Tsangaris 1992]. The reason for choosing these algorithms is they all use
the SMC clustering graph. The SMC clustering graph algorithms has been shown
by Tsangaris [1992] to give best general performance. The PRPand GGP algorithms
are explained in sections4.5.2and 4.5.4respectively. WGGP, like GGPis also a greedy
graph partitioning algorithm, however it createspartitions in a dif ferent way. WGGP
�rst sorts all objects in heat order. The algorithm starts by placing the hottest object
into the �rst partition and then incrementally placesthe remaining objectsasfollows.
Among all the objects that will �t into the current partition (partition size must be
smaller than a page), �nd the object that hasnot beenplaced and has the highest edge
weight 2 with the current partition. Placethe selectedobject into the current partition.
Repeatuntil no candidate objectscanbe found. Start a new partition using the hottest
yet to be placed object as the �rst object and repeat the entire process.

The static clustering algorithms shown on the graphs in this chapter are labeled as
follows:

� NC: No Clustering;
� PRP: Probability Ranking Principle;
� WGGP: Wisconsin Greedy Graph Partitioning;
� GGP: Greedy Graph Partitioning;
� C3-GP: C3 greedy graph partitioning.

In the experiments of this chapter we setC3-GP'shot region sizeparameter to 90%
of main memory (with the exception of one experiment in which we investigate the
effect of varying hot region size of C3-GP).This is becausewe found C3-GPperforms
best when we set its hot region size parameter to 90%.

The results weregeneratedvia threesteps.The �rst training step runs the database
and collects statistical data of object access.The secondclusteringstep usesthe train-

2Edge weight of the clustering graph, using SMC to model object level transitions.
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ing data with the clustering algorithm to rearrange objects. The thir d evaluationstep
measuresIO generated from running the workload on the newly clustered database.

The evaluation metric used is total IO. In this experiment total IO equals the total
transaction read IO. Recall in section 5.3.1,that we are only interested in impr oving
transaction read performance. The reason for using total IO instead of WSSas our
evaluation metric is that ultimately we are interested in how well the algorithms can
reducetotal IO (seesection 5.3.1).In this thesis the WSSmetric is only used asa guide
to explain the intuitions that led to the design of our algorithms.

5.7 Experimental Results

In this section we report the results of experiments comparing the performance of
threeexisting highly competitive static clustering algorithms (PRP, WGGP, GGP)with
the C3 produced C3-GPalgorithm.

5.7.1 Varying Buf fer Size

In this section we report the effects of varying buffer size on the performance of the
static clustering algorithms. The buffer replacement algorithm used is the LRU algo-
rithm. The results are shown on �gur e 5.2. The general observation is that C3-GP
always performs better than or aswell asthe existing algorithms. C3-GPoutperforms
all existing algorithms between buffer sizesof 0.5MBand 5.8MBand shows equal per-
formance for other buffer size settings. The reasonfor C3-GPperforming the sameas
GP when the buffer size is lessthan 0.5MB is that at this smaller buffer size the buffer
replacement algorithms �nd it dif �cult to retain pagesbelonging to the hot region of
C3-GPin memory. This failur e meansclustering hot objectstogether is lesspro�table
since even when many hot objectsare clustered into the samepage, the page still has
a high probability of being evicted due to the small buffer size. When the buffer size is
larger than 5.8MB almost all of the active portion of the database�ts in memory and
thus all static clustering algorithms perform about the same.

At its bestC3-GPproduces42%lessIO than GGP(when buffer size is 2.4MB).The
performance advantage can be attributed to C3-GP's ability to retain hot objects in
memory by creating hot pages with high concentrations of hot objects. This avoids
thrashing of pagescontaining hot objects.

PRP'spoor performance at buffer sizesbelow 6.6MB can be attributed to the fact
that it does not attempt to cluster based on object transition information. However ,
when the buffer size is large enough to �t in the entire active portion of the datatbase
(beyond 6.6MB), it performs just as well as the other algorithms. This is becauseit
is just as effective as the other algorithms at mapping the entire active portion of the
databaseinto a minimum number of pages.
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Figure 5.2: Varying buffer size experiment. The y-axis is in log2 scale.

5.7.2 Varying Buf fer Replacement Algorithm

In this section we explore the performance of the clustering policies: no clustering,
PRP, WGGP, GGP and C3-GP on ten dif ferent buffer replacement algorithms. The
ten dif ferent buffer replacement algorithms investigated include: random (RAND);
First In First Out (FIFO-N); CLOCK (CL-N); traditional Least Recently Used (LRU1-
N); GCLOCK (GCL-N) [Nicola et al. 1992]; Least Frequently Used (LFU-N); Least
Recently Used K algorithm with K set to 2 (LRU2-H) [O'Neil et al. 1993];GCLOCK al-
gorithm using training data (GCL-T); LeastFrequently Used algorithm using training
data (LFU-T); Belady's optimum algorithm (OPT-T) [Belady 1966].Algorithms with a
T suf�x use information gathered in the training step of the experiment to help make
more accuratereplacementdecisions during the evaluation step. The N suf�x is used
for algorithms that do not use training data and also resetstatistics for a page when
it is �rst loaded into memory. Algorithms with a H suf�x retains history information
for a page when it is evicted from memory. However , H suf�x algorithms do not use
training data.

The results of using 1Mb and 4MB buffer sizesare reported on �gur e 5.3 (a) and
(b) respectively. The results show that for the 1MB buffer size case,C3-GPoffers best
performance for all buffer replacementalgorithms used. When the buffer size is 4MB,
C3-GP is the best performer for 8 of the 10 buffer replacement algorithms used. The
only casesin which C3-GPis not the bestperformer is when the buffer size is 4MB and
the LFU-N and LFU-T buffer replacementalgorithms are used. This is becauseat 4MB
buffer size, almost all of the pages containing hot objects �t in memory, even when
the hot objectsare spread acrossmany pages(the casewith the NC, PRP, WGGP and
GGP clustering algorithms). LFU algorithms which keep frequently accessedpages
in memory prevents the pages containing hot objects from thrashing. Thus at these
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Figure 5.3: Varying buffer replacement algorithm experiment. The y-axis is in log2 scale.The
results for �ve dif ferent static clustering policies are reported for eachbuffer replacement al-
gorithm result. The static clustering results are reported in the following order, no clustering,
PRP, WGGP, GGP and C3-GP.

settings,C3-GP'sability to prevent thrashing of pagescontaining hot objectsno longer
gives it an advantage over the other algorithms. The result is that GGP and WGGP,
which cluster solely based on relatedness,are able to meet the second sub-objective
of section 5.4.2better than C3-GPbut do not suffer the negative consequencesof not
meeting the �rst sub-objective.

5.7.3 Varying Database Hot Region Size

In this experiment we varied the hot region size of the databaseand kept the proba-
bility of hot region accessat a constant 0.8 (seesection 4.7.2.1for the reasonbehind
choosing 0.8). The buffer replacement algorithm used is the LRU algorithm. The re-
sults when using the 1MB and 4MB buffer sizes are shown on �gur e 5.4 (a) and (b).
It is encouraging to observe C3-GP offers best performance for both 1MB and 4MB
buffer sizes.

When using a buffer size of 1MB, C3-GP'sperformance lead over GGPdiminishes
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Figure 5.4: Varying databasehot region size experiment. The y-axis is in log2 scale.

as the databasehot region size increases. This is becauseas the hot region size in-
creases,it becomesincreasingly dif �cult for C3-GPto �t hot objectsinto its hot region.
Thus many hot objectsend up in cold pages.The result is that C3-GPis no longer able
to prevent the thrashing of many of the pagesthat contain hot objects.

At the large buffer size of 4MB, C3-GP's lead over the other static clustering algo-
rithms increasesas the databasehot region size increases.The reasonbehind C3-GP
performing about the sameasWGGP and GGPat small hot region sizesis that most of
the active portion of the database�ts in memory at this setting thus most pagescon-
taining hot objectsare kept in memory even if hot objectsare dispersed among many
pages(as is the casefor WGGP and GGP). However , as the hot region size increases,
C3-GP'sability to compact hot objectsinto fewer pagesbecomesan increasingly larger
advantage when compared to WGGP and GGP.

5.7.4 Varying Database Hot Region AccessProbability

In this experiment we vary the probability of accessingobjectsin the hot region of the
database.The size of the hot region is kept constant at 3%the size of the database(see
section 4.7.2.1for the reasonbehind choosing 3%). The buffer replacement algorithm
used is again the LRU algorithm. The results when using the 1MB and 4MB buffer
sizesare shown in �gur e 5.5 (a) and (b). The results show that C3-GPoffers the best
performance in general.

At the 1MB buffer size, C3-GP exhibits the best performance for all the results
reported. However , at the 4MB buffer size, C3-GPstarts off well in front of the other
algorithms but its lead diminishes as the databasehot region probability increases.
Eventually, at 0.9all clustering algorithms perform the same.This is becauseat above
0.9 hot region accessprobability , almost all queries are con�ned to the hot region.
Since the hot region is relatively small compared to the 4MB buffer size, the entire



66 CacheConscious Clustering (C3)

256

512

1024

2048

4096

8192

16384

32768

65536

131072

0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1 1.05

T
ot

al
 IO

Database hot region probability

NC
PRP

WGGP
GGP

C3-GP

(a) 1MB buffer size.

256

512

1024

2048

4096

8192

16384

32768

65536

131072

0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1 1.05

T
ot

al
 IO

Database hot region probability

NC
PRP

WGGP
GGP

C3-GP

(b) 4MB buffer size.

Figure 5.5: Varying databasehot region accessprobability . The y-axis is in log2 scale.

active portion of the database�ts in memory. All of the static clustering algorithms
are able to group the active portion of the databasetogether and away from the non-
active portion. This explains why all of the algorithms perform the same when the
databasehot region accessprobability is above 0.9.

5.7.5 Varying C3-GP Hot Region Size

In this experiment we varied the size of C3-GP's hot region. Recall from section 5.5,
C3-GP'shot region is createdby sorting the objectsin decreasingheat and then taking
the top x objectsasbelonging to the hot region. In the de�nition of C3-GP, x is chosen
so that all of the objects just �t into memory. In this experiment we vary the place
where the sorted list of objects is cut. The buffer replacement algorithm used is the
LRU algorithm. The results when using the 1MB and 4MB buffer sizesare shown in
�gur e 5.6 (a) and (b). The results for NC, PRP, WGGP and GGP do not changewhen
C3-GPhot region size is varied, since thesealgorithms do not use this parameter.

The results show that the optimal C3-GP setting is dependent on the buffer size
used. At 1MB buffer size, the optimal setting is approximately 0.9and at 4MB buffer
size the optimal setting is approximately 0.6. This is becausethe hot region size of
the databaseis the samefor both graphs, however the place at which C3-GPdivides
its hot and cold region is a function of the buffer size, which is dif ferent for the two
graphs. A possible dir ection of futur e work is to develop a method of dividing C3-
GP's hot and cold regions basedon both the detecteddatabasehot region size and the
buffer size.
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Figure 5.6: Varying C3-GPhot region size. The y-axis is in log2 scale.

5.7.6 Training Skew

Until now all of the experiments involved running the same set of transactions for
both the training and evaluation steps. In contrast, this experiment exploresthe effect
of running a dif ferent set of transactions for the training and evaluation steps. This
is achieved by moving the hot region of the database. The numbers on the x-axis
of �gur es 5.7 (a) and (b) show by how much the databasehot region is moved. For
example,a value of 20%means20%of the hot region used for the training stepbecame
part of the cold region used for the evaluation step. This gives an indication of the
degree of dif ferencebetween transactions used in the training and evaluation steps.
The hot region sizeof databasewas set to 3%of databasesize. The buffer replacement
algorithm used is the LRU algorithm.

The resultsshow that C3-GP'sperformance advantageover GGPand WGGP rapidly
diminishes as the level of training skew increases. This implies that C3-GP is more
sensitive to the quality of training data used. When poor heat information is sup-
plied, C3-GPplaceshot objects into the cold region and vise versa. The consequence
of this behavior is that C3-GPbegins to loose its ability to keep a higher concentration
of hot objects in memory. This explains the diminishing of C3-GP's lead over GGP
and WGGP when training skew is increased.However , it is encouraging to note that
C3-GP'sperformance never degrades to be worse than GGP or WGGP.

5.7.7 Discussion

The results show that C3-GPoutperforms existing static clustering algorithms in a va-
riety of situations. Among the situations tested are 10dif ferent buffer replacemental-
gorithms, various buffer sizes,databasehot region sizes,accessprobabilities, C3-GP's
hot region sizesand various amounts of training skew. Among all of the experimen-
tal results, C3-GPperformed at least asgood asthe existing algorithms for all but one
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Figure 5.7: Varying training skew. The y-axis is in log2 scale.

particular situation (when the LFU-N and LFU-T buffer replacement algorithms are
used and the buffer size is large). This ability to perform well so consistently makes
C3-GPideal for deployment in general purpose OODBMS in which workload condi-
tions and system settings are not known apriori.

5.8 Conclusion

In this chapter we highlight the performance gains resulting from exploiting the syn-
ergies between static clustering and buffer replacement. To this end we describe the
cacheconsciousclustering framework (C3). C3 produces static clustering algorithms
which use knowledge of how buffer replacement algorithms behave to make cluster-
ing decisions. Like OPCFof the previous chapter, C3 is simple and straightforwar d to
apply and general in that it can be used to produce a whole family of dif ferent static
clustering algorithms. Using the C3 framework, we produced a new static cluster-
ing algorithm (C3-GP) which outperforms highly competitive existing algorithms in
a variety of situations.

The next chapter investigates the advantages of exploiting the synergies between
prefetchingand bufferreplacement.



Chapter 6

Path and CacheConscious
Prefetching Framework (PCCP)

The previous two chapters explored the advantages of exploiting the synergies be-
tween static and dynamic clustering; and static clustering and buffer replacement,
respectively. The approach taken in both of thosechapters was to develop simple and
general frameworks by which a family of new algorithms can be created.

This chapter usesthe sameapproach asthe previous two chapters, namely a sim-
ple and general framework for exploiting synergy. However , this time the synergy
between prefetchingand bufferreplacementis explored. This is done by creating a gen-
eral framework that produces prefetching algorithms which are cacheconscious —
aware of which types of pagesare likely to be kept in memory by the buffer replace-
ment algorithm. In addition to cacheconsciousness,the algorithms produced by this
framework are also path conscious— they incorporate cheap path information to al-
low prefetchesto be started earlier and with more accuracy. Accordingly , we term our
new prefetching framework, `path and cacheconsciousprefetching' (PCCP).

This chapter �rst usesthe integrated cost model of section 3.4 to de�ne the prob-
lem statement. Second,we propose a new metric called the prefetch quality metric
(PQM) to aid in explaining the intuition behind the prefetch algorithms. Third, the
metric is used to explain how the concepts used by PCCP can reduce disk IO stall
time. Fourth, the PCCPframework is de�ned. Fifth, four new prefetching algorithms
produced from the PCCPframework are presented. Finally, a simulation study com-
paring PCCPalgorithms with two existing highly competitive prefetching algorithms
is presented.

6.1 Introduction

Prefetching is a promising technique for tackling the IO performance bottleneck. It
works by predicting the next non-memory resident page request in advance and then
pre-loading that page in the background. This approach allows disk IO to be over-
lapped with CPU, thus reducing disk IO stall time.

Central to the design of prefetching algorithms is the design of the prediction en-
gine. Most existing prefetching algorithms for ODBMSs use a training-based predic-
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tion engine [Curewitz et al. 1993; Kna�a 1998; Palmer and Zdonik 1991;Han et al.
2001]. Training-based prediction engines use historical accessinformation to make
futur e prefetching decisions. There are two problems with existing training-based
prediction engines:

� The high storagecost of storing �ne grained (object1 grained) accessstatistics.

� The small time gap between prediction and reference of the next prefetched
page.

Storing accessstatistics at the �ne object grain [Bernstein et al. 1999;Chang and
Katz 1989;Kna�a 1997;Kna�a 1998;Palmer and Zdonik 1991]can provide prediction
engineswith more precisestatistical information of accesspatterns. However , storing
accessinformation at the object grain incurs high storageoverheads.

Another problem with existing prediction engines is the small time gap between
prediction and referenceof the next prefetched page. The consequenceis that there
is small potential overlap between IO and CPU. Existing prediction engines can only
predict the next disk page request a few object referencesahead of time. This lim-
itation is becoming a bigger problem, since the rate of CPU impr ovement is much
greater than that of disk IO. Therefore the CPU time it takes to processeach object
becomesmuch smaller relative to one disk IO2. This in turn leads to a smaller amount
of overlap between CPU and disk IO for a prefetch started the samenumber of object
referencesin advance. The path and cacheconsciousprefetching framework (PCCP)
addressesboth of thesede�ciencies in existing prefetching algorithms.

During prediction engine training, PCCP minimises statistics storage by storing
short sequencesof object referencesat key points (which we term `feature points')
in the reference trace. When these feature points are later encountered at prefetch
time, the stored statistics are used to decide if a prefetch should be started. These
feature points are selectedto be sparsely spacedand early in terms of when the next
prefetchedpage will be referenced.

There are two key conceptsin PCCP, pathand cacheconsciousness.Theseconcepts
are both intr oduced for this �rst time in this thesis. Path consciousnessrefers to the
careful selection of feature points so that the current path of navigation can be identi-
�ed early and cheaply. In cacheconscious prefetching, historical page accessknowl-
edge is used to guess which pages are likely to be cache resident most of the time
(we term thesepages`resident' pages)and thesepagesare then ignored in the context
of prefetching. Therefore cacheconscious prefetching reducesthe number of feature
points to only those that occur during traversal of pagesdeemed to be `non-resident',
thereby reducing the total volume of statistics stored. An even more important result
of cacheconsciousnessis that only `non-resident' pagesarecandidates for prefetching.
The implication of this property is that prefetchescan be started earlier (section 6.4.2
explains the reasonfor this behaviour).

1From this point on, we will use the term `object' to refer to the more generic term `data item'.
2Assuming the amount of computation per object remains the same.
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6.2 Related Work

Gerlhof and Kemper [1994] identify two dimensions along which prefetching algo-
rithms can be classi�ed: prediction engine used; and granularity of prediction.

Prediction engines are typically divided into three types: strategy-based; structure-
based; and training-based.

Strategy-basedprefetching algorithms use explicitly programmed strategies to de-
cide which objectsto prefetch. The simplest example is the one block lookahead algo-
rithm (OBL) [Joseph1970],which upon a demand fetch3, prefetchesthe next adjacent
block. Another example is Thor 's prefetching policy [Liskov et al. 1996].Thor divides
objectsinto prefetch groups and whenever an object in a prefetch group is requested,
all the objectsin the group are fetched. Mor e recently, Bernstein, Pal, and Shutt [1999]
proposed a new strategy-basedprefetching algorithm termed context-basedprefetch-
ing. Context-based prefetching fetches all objects in the structure context of the re-
quested object. Examples of structure context include query results and collections.
The general problem with strategy basedprediction engines is their lack of �exibility
in catering for dif ferent paths of object graph navigation.

Structure-basedprefetching algorithms obtain information from objectstructure. In
the Chang and Katz [1989]approach,objectsare linked via threetypes of structural re-
lationships: inheritance; con�guration; and version history. The user speci�es which
type of relationship he/she is currently navigating under and this information is used
in combination with the structural hierarchy graph to decide which objectsto prefetch
next. The problem with this approach is its reliance on user provided information
and its eagernessin prefetching (all component objects that are decedentsof the cur-
rent objectunder the current user de�ned structural relationship type are prefetched).
Kna�a [1997] proposesan approach in which dif ferent possible paths of navigation
are �rst identi�ed using theobjectgraphaloneand then as client navigation proceeds,
the prefetch algorithm usesthe current navigational context to determine which path
is likely to be taken. All structure-basedapproachesassume objects will always be
accessedvia navigating referencesde�ned in the object graph, however, many ad hoc
queries do not navigate the object graph. Thus structure-basedapproachesperform
poorly when queries do not navigate the object graph.

Training-basedprefetching algorithms uses historical accessinformation to make
futur e prefetching decisions. Training-based prefetching algorithms canbe further di-
vided into threedif ferent categories:object-sequence-based; compression-based; and type-
level-based.

Object-sequence-basedprefetching algorithms use observed object accesspatterns
to make futur e object accesspredictions. The Fido algorithm [Palmer and Zdonik
1991]prefetchesby identifying and matching sequencesof objectaccessesand storing
them as patterns in pattern memory. However , their pattern memory mechanism of
storing accesssequencesis expensive. The PMC prefetching algorithm [Kna�a 1998]
usesdiscrete-time Markov chains (DTMC) to model object-level accesspatterns. Since

3When a page is loaded upon requestand no sooner.
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DTMC only allows the prediction of futur e accessesbased on the current state, they
only incorporate path information of length one. This approach is expensive in terms
of statistics storage cost (using DTMC to model object-leveltransitions) and makes
predictions late (short time between prediction and when the next prefetched page
is referenced).

Compression-basedprefetching algorithms [Curewitz et al. 1993]use the principles
of data compression for training and prediction. The intuition is that data compres-
sorstypically operateby predicting the dynamic probability distribution of the data to
be compressed.If the data compressorsuccessfully compressesthe data, then its pre-
dicted probability distribution must be correct and can then be used for prediction in
prefetching. One such algorithm is the predicition-by-partial-match (PPM) prefetch-
ing algorithm [Curewitz et al. 1993]. PPM usesa predictor-basedon the higher order
Markov chains (HMC) model (seesection3.5.3).Curewitz, Krishnan, and Vitter [1993]
found that PPM gave the bestperformance among the compression-basedalgorithms.
In addition, PPM was found to outperform Fido. The problem with PPM is the coarse
grain (page grain) at which statistics are stored. This coarse granularity of predic-
tion produces less accurate prediction engines when compared to PCCP algorithms
(which usesa hybrid object/page grained predictor).

Han, Whang, Moon, and Song [2001]proposed a type-level-basedprefetching algo-
rithm for ORDBMSs. In their algorithm, recurring accesspatterns at the type-level
are �rst identi�ed and then used for prediction. Type-level accesspatterns are pat-
terns of attributes that are referenced when accessingthe objects. The drawback of
this approach is its dependency on type-level accesslocality. Many ODBMS applica-
tions issueshort ad hoc queries to the database,thesequeries do not exhibit type-level
accesslocality.

The seconddimension of prefetching algorithm classi�cation is granularity of pre-
diction. There are three typical grains of prediction: object grain; page grain; and at-
tribute grain. Object grained techniques [Bernstein et al. 1999;Chang and Katz 1989;
Kna�a 1997; Kna�a 1998; Palmer and Zdonik 1991] make predictions using object
level information. Page grained algorithms [Curewitz et al. 1993; Joseph1970] ob-
serve accesspatterns that occur at the page level (popular in �le systems research).
Attribute grained algorithms use patterns of attributes to make predictions, eg. the
type-level-based prefetching algorithm in Han, Whang, Moon, and Song[2001].

Cao, Felten, Karlin, and Li [1995] study the implications of integrating prefetching
and buffer replacementwhen perfect knowledge of futur e accesssequenceis known.
However , their research is not applicable to our work sincewe do not assumeperfect
knowledge of futur e accesspatterns. Seesection 1.3for a more detailed explanation.

6.3 Preliminaries

In this section we �rst provide a formal de�nition of the problem we are attempting
to solve. Secondly, we outline the assumptions that the work in this chapter makes.
Finally, we de�ne a new metric called the prefetch quality metric (PQM).
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6.3.1 Problem De�nition

Using the integrated cost model of section 3.4we now formally de�ne the problem.
The threadsthat we have are:

� This client thread (TC)

� Other client threads(OC)

� Prefetcher thread (P)

Given a trace ti , an initial object to page mapping (intial clustering), a buffer re-
placement algorithm and an interleaving xi �

Tn �

, we seek to �nd the prefetchingal-
gorithm that minimises the execution time ET

�

xi �

Tn � �

ti �

of ti under xi �

Tn �

using equa-
tion 3.5(page 18). This is formulated as:
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(6.1)

TheCPUTC �

r
�

and CPUOT �

r
�

terms from equation 3.5have beenomitted becausein
this chapter we are interested in �nding the best prefetch algorithm. Prefetching has
no effect on the amount of CPU time required by the client threads.

The write IO term hasbeenremoved from equation 3.5sinceprefetching doesnot
dir ectly affect the amount of write IO required, although prefetching doesaffect write
IO behaviour indir ectly by changing the order in which pagesare loaded into memory.
However , theseeffectsare minor and will be left out of this chapter for simplicity .

6.3.2 Assumptions

The work in this chapter makes the following assumptions:

1. There is no concurrency at the disk IO level. That is, only one disk IO can occur
at a time.

2. The patterns of object accessdo not changeat a fast rate.

3. Objects do not move from one page to another. Removing this assumption is
an area for futur e work. It should not be dif �cult, just requiring techniques that
re-adjust or resetprefetching statistics when an object is moved from one page
to another.

6.3.3 Prefetch Quality Metric (PQM)

In equation 6.1, the IOPIR �

r
�

term representsthe time this client is blocked due to in-
correct prefetch IO by the prefetcher thread between referencesr and r

�

1. Incorrect
prefetch IO is de�ned as a prefetched page not corresponding to the next disk page
request. However , this de�nition of incorrect prefetch IO does not incorporate the
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bene�ts of prefetching a page which is �rst referencedon the 2nd, 3rd, etc.,disk load
after the prefetch.

We now de�ne a new metric that scalesthe prefetching bene�t basedon how soon
it is referenced after being prefetched. The metric is called the prefetching quality
metric (PQM). This metric may allow algorithm developers to gain a better under-
standing of the reasonsbehind prefetching algorithm performance. It may also be
used asa starting point for algorithm developers when tackling the prefetching prob-
lem. PQM is used in this thesisasa tool for explaining the intuition behind the various
prefetching algorithms. The PQM metric is de�ned below:

PQM �

NL 	 1

å
i 	 0

�

v
�

i
�

�

f
�

memsize� NDL
�

i
���

memsize �

(6.2)

f
�

x
�

� �

x if NDL
�

i
� �

memsize
0 otherwise.

(6.3)

NL is the number of page loads. v
�

i
�

is the overlap between CPU and disk IO
during the ith page load4, speci�ed in time units. memsizeis the size of main memory
in terms of number of pages. NDL

�

i
�

is the time (in terms of number of disk page
loads) between the ith page load and when it is �rst referenced.

The intuition behind PQM is that a pageprefetchedbut not used for a long time (in
terms of number of disk pageloads) wastesmain memory spacewhich may causepre-
mature eviction of in memory pages. Thus the quality of prefetching is scaled based
on how long after loading a prefetched page it is �rst referenced. If the prefetched
page is the �rst non-memory resident page referenced after or during the prefetch,
then the scale factor (second part of equation 6.2) is assigned a maximum value of
one. The scalefactor is assigneda value of zero when the prefetched page is not ref-
erenceduntil after memsizenumber of pageshave beenloaded from disk.

6.4 Path and CacheConscious Prefetching Framework (PCCP)

In this section we �rst describe the concept of path and cacheconscious prefetching.
We then explain how PCCP increasesprefetch quality . Finally, we de�ne the PCCP
framework.

6.4.1 The Concept

This section intr oduces the two key concepts, path and cacheconsciousprefetching.
Both conceptsrely on historical training data to gain insight into how the databaseis
being used. The training data is then used during prefetching.

In path consciousprefetching, features in the object trace are remembered during
training and used to identify the current path of navigation during prefetching. The

4The amount of time that the CPU spends processingobjectswhile the i th page is being loaded.
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current navigational path information can then be used to determine the next non-
memory resident page to be prefetched. The goal of path consciousprefetching is to
identify the current path of navigation asearly and accurately aspossible.

Cacheconsciousprefetching usestraining data to divide the pagesof the database
into two types: `resident'; and `non-resident'. `Resident'pagesare deemed to be always
memory resident (however, in practice they will sometimes be non-memory resident
but this should occur rarely). In contrast, `non-resident'pages are deemed to be al-
ways non-memory resident (again in practice thesepagesare sometimes in memory).
Having divided the databaseinto `resident' and `non-resident' pages,cacheconscious
prefetching is only interested in prefetching the `non-resident' pages. Since `resi-
dent' pages are almost always in memory, avoiding them completely will cost only
a small number of prefetch opportunities. The bene�ts of such an approach are that
prefetching canbestarted earlier and prefetching overheadsare lowered (only storing
statistics for `non-resident' pages).The reasonsthis approachallows prefetching to be
started earlier are described in section 6.4.2.

Path and cacheconscious prefetching can be used in a complementary fashion.
First, cacheconsciousprefetching is used to classify pagesaseither `resident' or `non-
resident'. Then path consciousprefetching gathers prefetching statistics using a lim-
ited scope (`non-resident' pages only). This approach provides the bene�ts of both
path and cacheconsciousprefetching.

6.4.2 How PCCP IncreasesPrefetch Quality

In this section we compare PCCPwith two existing highly competitive training based
prefetching algorithms, PPM-2 and PMC (seesection 6.2). Given the same example
object basenavigation we show how PCCP produces higher prefetch quality metric
(PQM) values than PPM-2 and PMC. Assume in this example that it takes 11ms5 to
load a pagefrom disk into memory, and 1ms 6 to processone object. PQM calculations
are done in time units instead of ms so for this section we will equate1ms with 1 time
unit. Also assumemain memory can �t 5 pages.

The reader is reminded, asthey read ahead,that PPM and PMC only allow predic-
tion of prefetch pagesonepageahead. This means the earliest the prefetch of page p2

can be started is when page p1 begins to be referenced,given that p2 is referencedim-
mediately after p1. In contrast, and depending on the circumstances,cacheconscious
clustering allows prefetching to be started well before p1 begins to be referenced.The
example below will explain this behaviour more clearly.

Figure 6.1 contrasts the statistics collected by the prefetching algorithms, PMC,
PPM-2,and PCCP, given the sameexample object basenavigations. Figure 6.1(a)con-

5Typical current hard disk performance which is also used for our experiments. The 11mspage load
time is derived from the summation of 6.5ms,4ms and 0.5ms,which are seek,latency and page transfer
times respectively.

6This value varies basedon application behaviour and system parameters such asCPU speed. In this
example our PCCP algorithm outperforms PPM and PMC (in terms of the PQM metric) for any object
processingtime value greater than zero.
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Figure 6.1: Illustration of the statistics collected for eachprefetching algorithm, given the same
example object basenavigations.
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veys both the illustration of two paths of navigations (path 1 and path 2) and PMC's
object transition statistics. PMC uses an object-level discrete-time Markov chains
(DTMC) model to make predictions. This means PMC only stores object transition
statistics between consecutive pairs of object references.7 Thesestatistics are stored
in a object transition graph in which nodes represent objects and weights on edges
represent probability of traversal. In order to avoid cluttering the �gur e, transition
probabilities are not depicted. However , for the purposes of this example it is suf�-
cient to assumethat all probabilities are somenumber greater than zero but lessthan
one. Now assumenavigations starting from object O1 always either follow path 1 or
path 2. It should be possible to prefetch either page P4 or P6 depending on which ob-
ject is referenced after object O1. PageP4 should be prefetched if the accesssequence
is O1, O2. Similarly , the accesssequenceO1, O3 should predict page P6. The problem
with using PMC is that the statisticscollected only capture the probability of transiting
from one object to the next. This meansthat using PMC's statistics we cannot prefetch
with total con�dence until we observewhich O4 branch is taken (from object O4 there
are threedif ferent possible objectsto referencenext). Therefore, in this example PMC
cannot perform any prefetching, resulting in a PQM value of zero (since v

�

i
�

equals
zero8).

The PPM-2 prefetching algorithm (shown in �gur e 6.1(b)) has the same problem
as PMC. PPM-2 prefetching collects only page level transition statistics. At page P5

there are threepossible next pages,P4, P6 and P7. Therefore, none of the pagescan be
prefetched with complete con�dence. Like PMC, PPM-2 also produces a PQM value
of zero.

Figure 6.1 (c) depicts the statistics that can be collected by PCCPalgorithms. As a
result of cacheconsciousprefetching, PCCPhas deemed pagesP2, P3 and P5 asmem-
ory resident and therefore are ignored for prefetching purposes. Then combining this
knowledge and path consciousprefetching (where featuresin the object traceareused
to distinguish between dif ferent paths of navigation), the statistics shown on Fig-
ure 6.1 (c) can be collected. Using these statistics, we can start the prefetch of page
P4 assoon asO2 is referenced,sincethe statistics collected capture the knowledge that
the sequenceO1, O2 predicts page P4. Similarly , the prefetch of page P6 can be started
once O3 is referenced. The following equation shows how we calculate PCCP'sPQM
value:

PQM �

NL 	 1
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5
� 14 (6.4)

7Prefetching algorithms generally do not store longer object level sequences,due to high storage
overheads.

8The page being prefetched is needed straight after the prefetch starts, thus precluding any overlap
between IO and CPU.
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In equation 6.4,NL equals 2 sincewe are only considering the loading of pagesP4

and P6. We substitute v
�

0
�

and v
�

1
�

with 7. The 7 unit overlap between CPU and disk
IO is derived from the fact that 7 objects are processedbetween when the prefetch
is �rst started (either at O2 or O3) and the loading of the non-memory resident page
(P4 or P6 respectively). NDL

�

0
�

and NDL
�

1
�

both equal zero since in both casesthe
prefetchedpage is also the �rst non-memory resident page requested.

The ability for PCCP to produce a PQM value of 14 relies on the fact that PCCP
has correctly labeled the pages of the databaseas either `resident' or `non-resident'.
However , lets suppose P3 was wr ongly labeled, that is P3 is actually non-memory
resident but was labeled as memory `resident'. In this casethe following PQM value
would be produced:
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In equation 6.5,NDL
�

0
�

and NDL
�

1
�

equals 1 since the prefetched page is the sec-
ond non-memory resident page requested(seede�nition of NDL

�

i
�

in section 6.3.3).
The above example shows that PCCP can outperform PMC and PPM-2 (which

both give a PQM value of zero) even when it wr ongly labels a page. This is due to
the fact that PCCPhaspredicted correctly and early that the navigation will soon pro-
ceedto page P4 or P6 (depending on which navigational path was taken), despite the
fact pagesP4 and P6 (depending on navigational path) are not the next non-memory
resident pagesrequested.

This example demonstrates how PCCPcan start a prefetch much earlier than the
stateof the art prefetching algorithms PMC and PPM-2. In our simulation study (sec-
tion 6.7) we found that situations similar to this example occur often. Frequently,
many consecutive`resident' pagesreferencesoccur before a `non-resident' page is ref-
erenced; and the �rst couple of object referencesin a page can uniquely identify the
next disk page referenced.

6.4.3 Framework De�nition

In this section we describe the PCCP framework. The PCCP framework allows the
de�nition of a family of prefetching algorithms which all possesspath and cachecon-
sciousness. PCCP prefetching algorithms use training-based prediction engines and
store statistics at both the object and page grain. Object grained statistics are used for
feature point selection. Pagegrained statistics are used to classify databasepagesas
either memory `resident' or `non-resident'.

In order to de�ne a PCCPprefetching algorithm, the following stepsmust be fol-
lowed:
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� De�ne featurepoint selection algorithm: In this step,an algorithm is de�ned for
�nding feature points in the trace. Feature points are objectsequencesoccurring
at special points in the trace. A feature point can span one or more pages. Dur -
ing prediction engine training, feature points are identi�ed and stored, together
with the page that the feature point predicts. For example, a feature point se-
lection algorithm that picks the �rst two object referencesoccurring in a page
asa feature point storesthe following statistics: at every page reference,the ob-
ject ID of the �rst two objectsreferencedis stored (in sequential referenceorder)
together with the page ID of the next pagereferenced.Featurepoint selectional-
gorithms should aim to selectfeature points that can distinguish dif ferent paths
of navigation asearly and cheaply (both CPU and storagecosts)aspossible.

� De�ne `resident' / `non-resident' page metric: Cache conscious prefetching re-
quir es the classi�cation of databasepages as either memory `resident' or `non-
resident'. In this step,a metric is used to rank pagesin terms of likelihood of be-
ing memory resident at any moment in time. Metrics include: frequency of page
references;sum of past memory residencydurations; and hot/cold pageclassi�-
cation information given by C3 clustering algorithms (seesection6.5for a PCCP
prefetching algorithm that usesthis metric). Databasepagesare sorted accord-
ing to this metric in descending order and the �rst MEM RESPAGESpagesare
classi�ed as memory `resident', the remaining pages are classi�ed as memory
`non-resident'. A possible basis for choosing MEM RESPAGESis via physical
memory size, e.g. MEM RES PAGESmultiplied by page size should equal 90%
of physical memory.

� De�ne prefetch thr eshold: If the probability of next navigating to a particular
`non-resident' page is greater than the prefetch threshold (PREFTHRESHOLD),
that page is prefetched. The prefetch threshold is user de�ned.

At prefetch time the prediction engine looks for feature points occurring in `non-
resident' pages. When one is found, the corresponding training data is loaded and
used to �nd the next `non-resident' page with the largest probability of being refer-
enced. If that page's probability of referenceis greater than PREFTHRESHOLD, the
page is prefetched.

6.5 Four New Concrete PCCPAlgorithms

In this section we describe four new prefetching algorithms created from the PCCP
framework. Thesefour algorithms are derived from the following PCCPdesign deci-
sions:

� Feature point selection algorithm: We de�ne two alternative feature point se-
lection algorithms. The term `entry object' is used in this section to describe the
�rst object referenced in eachpage.
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Algorithm Name Feature selection Residency metric

Integrated path 1 prefetching (IP1) FOR CB
Integrated path 2 prefetching (IP2) FORTP CB
Heat basedpath 1 prefetching (HP1) FOR HB
Heat basedpath 2 prefetching (HP2) FORTP HB

Table 6.1: Four PCCPprefetching algorithms.

– First objectreferenced(FOR):In this simple policy, the entry object is selected
asthe feature point. During prediction engine training, the object ID of the
entry object is stored together with the probabilities of navigating to each
next `non-resident' page. This simple policy performs surprisingly well in
our experimental study (seesection 6.7).

– First objectreferencedin two pages(FORTP): In this policy sequencesof two
consecutiveentry objectsare de�ned asa feature points. During prediction
engine training, the object IDs of two consecutive entry objectsare stored
(in sequential referenceorder), together with the probabilities of navigating
to the next `non-resident' page.

� `Resident' / `non-resident' page metric: We de�ne two alternative `resident' /
`non-resident' page metrics.

– Heatbased(HB): In this approach we use page heat (where `heat' is simply
a measure of accessfrequency) as the `resident' / `non-resident' page met-
ric. This is basedon the observation that in general, frequently referenced
pagesare lesslikely to be evicted at buffer replacement time.

– Clusteringbased(CB): In this approachwe useclustering information to de-
termine whether a page is `resident' or `non-resident'. Mor e speci�cally ,
clustering information from the C3-GP clustering algorithm is used (see
section 5.5 a detailed description of the C3-GP algorithm). C3-GP �rst di-
vides the databaseinto hot and cold regions, then clustersobjectsof eachre-
gion into pagesseparately. In this approachwe classify all pagesin C3-GP's
hot region as`resident' pagesand the remaining pagesas`non-resident'.

Using the design alternatives above, we produced four new prefetching algo-
rithms. Table 6.1displays the design decisions eachprefetching algorithm made.

6.6 Experimental Setup

In this chapter we mainly usethe sameexperimental setup (with a few modi�cations)
as those reported in section 4.7. The primary modi�cation is made in the VOODB
simulator [Darmont and Schneider1999].
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Parameter Description Value

Systemclass Centralised
Disk page size 4096bytes
Buffer size varies
Buffer replacement strategy LRU
Pre-fetching policy varies
Object initial placement Optimised sequential
Object think time 1 ms
Disk seektime 6.5ms
Disk latency 4.3ms
Disk transfer time 0.5ms

Table 6.2: VOODBM parameters. In contrast to experiments in previous chapters,we include
VOODB `time' parameters. The reasonfor this is that in this chapter we are interested in the
total IO stall time instead of just total IO.

VOODB's prefetching simulation framework is not fully developed. Consequently
we have extended the simulator to allow full support for our prefetch algorithms.
The extended simulator has been validated against example traces we have created
and computed the IO stall time for. The VOODB parameters we have used for the
experiments in this chapter are shown on table 6.2.

The results are generated via four steps. The �rst clusteringtraining step runs the
databaseand collects clustering statistical data. The second clusteringstep uses the
training data with the clustering algorithm to rearrange objects. The thir d prefetching
training step runs the newly clustered databaseto collect prefetching statistical data.
The fourth evaluationstep runs the prefetching algorithm with the newly clustered
database to measure the performance of the system. In one of the experiments we
have changedthe traceused for the thir d and fourth stepsto measureeachprefetching
algorithm's ability to adapt to changesin accesspattern.

This chapter usesthe OCB benchmark to compare the performance of the prefetch-
ing algorithms (seesection 4.7.2.1). The OCB benchmark parameters we use are the
sameasthose shown on table 4.2.

Most of the experiments in this chapter include two sets of results, one set uses
the C3-GPclustering algorithm and the other set usesa combination of threecluster-
ing policies, greedy graph partitioning (GGP) [Gerlhof et al. 1993],Wisconsin greedy
graph partitioning WGGP [Tsangaris1992],and no clustering. The C3-GP, WGGP and
GGP algorithms are explained in sections5.5,5.6and 4.5.4respectively.

The prefetching algorithms shown in the result graphs of this chapter are labeled
asfollows:
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� DM : demand paging;
� PPM-1: �rst order prediction-by-partial-match prefetching [Curewitz

et al. 1993];
� PMC: Kna�a's [Kna�a 1998]object grained statistical prefetching tech-

nique;
� PPM-2: second order prediction-by-partial-match prefetching [Cure-

witz et al. 1993];
� PCCP-IP1: IP1 prefetching algorithm, seesection 6.5;
� PCCP-IP2: IP2 prefetching algorithm, seesection 6.5;
� PCCP-HP1: HP1 prefetching algorithm, seesection 6.5;
� PCCP-HP2: HP2 prefetching algorithm, seesection 6.5;

The IP1 and IP2 algorithms require the use of clustering information from the C3-
GP clustering algorithm, to classify pagesas `resident' and `non-resident'. C3-GPdi-
vides the databaseinto two regions, `hot' and `cold'. IP1 and IP2 classify pages oc-
curring in C3-GP'shot region as`resident' and the remaining pagesas`non-resident'.
In our experiments we set a C3-GP hot region size of 90% size of memory 9. HP1
and HP2 rank databasepages in terms of frequency of page reference. Once ranked,
HP1 and HP2 classify the �rst MEM RESPAGES pages as being `resident', where
MEM RESPAGESmultiplied by page size equals 50%of the memory size. HP1 and
HP2 classify the remaining pagesasbeing `non-resident'.

In eachexperiment10 the prefetch threshold11 was set to 0.9 for every prefetch al-
gorithm. We have tested dif ferent settings (at 0.1 increments) for each prefetching
algorithm and found that the bestsetting was 0.9in every case.

The performance metric used to measure the prefetching algorithms is the ratio
of prefetch IO stall time over demand paging IO stall time. This is an indication of
the percentage of IO time that the prefetch algorithm was able to hide. The reason
we used this metric instead of PQM to measure performance is that we are ultimately
interested in reducing IO stall time. The PQM metric is used in this thesis as a guide
to explain the intuitions that have led to the design of our prefetching algorithms.

It is important to note that the results that we report in this chapter are a prelim-
inary simulation study in which the computational overheads normally associated
with prefetching (such as predictor computation time, multi-thr eading costs, locking
costsand data structure spacecosts)have been ignored. If these factors are incorpo-
rated into the results, the bene�ts of the various prefetching algorithms may diminish.

9This settings has beenfound to produce the best C3-GPclustering performance (seesection 5.6).
10Except for the experiment where the prefetch threshold is varied.
11The minimum probability of successrequired before a page is prefetched.
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6.7 Experimental Results

In this section we report the results of experiments conducted to compare the per-
formance of threeexisting prefetching algorithms and four new algorithms produced
using the PCCPframework.

6.7.1 Varying Buf fer Size

In this experiment we measure the effect of varying buffer size on the performance of
the prefetching algorithms. Two setsof results are collected for this experiment, the
�rst set uses the C3-GP clustering algorithm and the second set reports an average
of the results from using threedif ferent clustering policies GGP, WGGP and no clus-
tering. The effects of the three clustering algorithms individually are also reported
in the appendix. Note PCCP-IP1 and PCCP-IP2 results are only shown for C3-GP
results (�gur e 6.2 (a)) since PCCP-IP1and PCCP-IP2require clustering information
from C3-GPto classify `resident' and `non-resident' pages.

The prefetching results shown on �gur e 6.2 (a) depict the PCCPalgorithms offer-
ing best performance for a range of buffer sizes(0.5MB to 4.2MB).The relatively poor
performance of PCCP algorithms below 0.5 MB can be attributed to the small num-
ber of `resident' page referencesbetween successive`non-resident' page references.
When the buffer size is small, the number of pagesthat can be kept in memory is also
small, thus the probability of one `non-resident' page referencefollowed straight after
another (or only one or two `resident' page referencesin between) is very high. This
behaviour decreasesprefetching time for PCCP algorithms. When the buffer size is
large (at beyond 4 MB), almost the entire working set �ts in memory. Thus almost
all the pages in the working set are classi�ed as `resident' by the PCCP algorithms.
SincePCCPalgorithms only prefetch `non-resident' pagesand there are none of them
in the working set, no prefetching is performed. Hence, the performance of PCCP
algorithms rapidly degrades to that of demand fetching at theselarge buffer sizes.

Another observation from �gur e 6.2 (a) is that the two PCCPalgorithms perform
about the same.The reasonfor this is that C3-GP(the clustering algorithm used) takes
all of the hot objects(which often hasa large fan out) out of the cold pagesand places
then into the hot region which is then labeled as 'resident' by PCCPalgorithms (thus
no longer considered for prefetching). The absenceof hot objects in cold pages (or
'non-r esident' pages), means cold pages contain less objects with high fan out. The
result is that the cold pages (pages used for prefetch prediction purposes) contain
fewer paths of navigation. Under these simpli�ed conditions for prediction, PCCP-
IP1 performs almost aswell asthe more advanced PCCP-IP2.

There are two main observations that can be made from �gur e 6.2 (b). Firstly, the
PCCPalgorithms shown in �gur e 6.2 (b) exhibit a milder rate of performance degra-
dation than �gur e 6.2 (a). The causelies in the way the clustering policies work. The
clustering policies GGP, WGGP and no clustering (used for 6.2(b)), are not designed
to produce pagesof homogeneous heat whereasC3-GPis designed to produce pages
of homogeneous heat. The result is that the clustering policies GGP, WGGP and no
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Figure 6.2: Results of varying buffer size. The results on the right report an average of the
results from using threedif ferent clustering policies GGP, WGGP and no clustering. The ap-
pendix shows the results of using the clustering policies individually .

clustering need a larger buffer size to �t the entire working set in memory (the work-
ing setis spreadacrossmorepages).Hence,given the samebuffer size, in �gur e6.2(b)
PCCP classi�es more pages that contain objectsof the working set as 'non-r esident'.
Since PCCP algorithms only attempt to prefetch `non-resident' pages, �gur e 6.2 (b)
gives PCCPalgorithms more opportunities for prefetching.

Secondly, in �gur e 6.2 (b) PCCP-HP2outperforms PCCP-HP1by a large margin.
This contrastswith �gur e6.2(a) in which the two PCCPalgorithms perform about the
same.Unlike C3-GP, the clustering policies GGP, WGGP and no clustering do not ex-
tract hot objectsfrom cold pages. The result is that 'non-r esident' pagesmay contain
hot objects(which often hasa large fan out). In theseconditions a 'non-r esident' page
(used by PCCPalgorithms for prefetchprediction purposes) may contain many dif fer-
ent paths of navigation. Hence, under theseconditions, PCCP-HP2,which identi�es
navigational paths based on more historical reference information, can more accu-
rately identify the current path of navigation when compared to PCCP-HP1.

The reasonfor the poor performance of PPM-1 is that it only usesthe current state
to predict the next state (SMC model). Furthermor e, it storesprediction information
at the page grain. The combination of the two drawbacks makes it very dif �cult to ac-
curately distinguish between dif ferent paths of navigation early enough for prefetch-
ing. This problem is compounded by the rich schemaand workloads (creating many
dif ferent paths of navigation intersecting in a multitude of places)used in our experi-
ments.



�

6.7 Experimental Results 85

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

PMC PPM-1 PCCP-IP1/HP1 PPM-2 PCCP-IP2/HP2

S
ta

ll 
tim

e 
ra

tio
 (

P
re

f/D
M

)

Prefetch algorithm

Figure 6.3:The impact of varying clustering algorithm. Eachprefetching algorithm was tested
against no clustering and three dif ferent clustering algorithms. The results are shown in the
following order: no clustering; WGGP; GGP;and C3-GP.

6.7.2 Varying Clustering Algorithm

In this experiment, we examine the effect that varying clustering algorithms has on
prefetching algorithm performance. The results are shown on �gur e 6.3. The buffer
size was set to 2 MB. For eachprefetching algorithm, the results of no clustering and
threedif ferent clustering algorithms arereported in the following order: no clustering;
the Wisconsin greedy graph partition algorithm (WGGP) [Tsangaris1992];the greedy
graph partitioning algorithm (GGP) [Gerlhof et al. 1993]; and the C3-GP clustering
algorithm. PCCP-IP1and PCCP-IP2prefetching algorithms are used when the C3-GP
clustering algorithm is used. PCCP-HP1and PCCP-HP2are used for the remaining
clustering policies.

The results show that the PCCPalgorithms outperform existing prefetching algo-
rithms for all clustering algorithms tested, including no clustering. This is an impor -
tant result asit indicates that PCCPalgorithms are likely to perform well given a wide
variety of page-level accesspatterns. This is becauseclustering is responsible for ob-
ject to page mappings which in turn determine page-level accesspatterns (the order
pagesare referencedand the duration of eachpage reference).

6.7.3 Statistics Storage Costs

In this experiment we examine the statistics storage requirements of the prefetching
algorithms. The results show the number of statistics data values stored instead of
the size of the data structures needed. The reason for this is that there are many
dif ferent existing data structures which have various speed to spacetrade-offs12, in-
cluding some that limit statistics spaceconsumption by �ushing and rebuilding the
data structuresoncea size limit has beenreached.However , all of the data structures
will bene�t from a smaller number of data values.

12Data structuresused for the prefetch algorithms tested require the index key to be a combination of
a pair of ids, and thus simple data structureslike arrays are precluded.
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Figure 6.4: Statistics storage cost results. The results on the right report an average of the
results from using threedif ferent clustering policies GGP, WGGP and no clustering. The ap-
pendix shows the results of using the clustering policies individually .

The results are shown on �gur e 6.4. The buffer size used in this experiment was
2 MB. PCCPalgorithms require the least spacefor storing data values. PCCPderives
its cost savings mainly from restricting the storage of statistics to only `non-resident'
pages. In addition, the low statistics storagerequirementsof path consciousprefetch-
ing (storing short feature points) also helps to reduce the storage costs of the PCCP
algorithms. Theseresults show that path and cacheconscious information (used by
PCCP algorithms) can be stored ef�ciently . In fact, PCCP algorithms use only be-
tween 10%and 80%of the spaceneeded by the �rst order PPM-1 coarsepagegrained
prefetching algorithm and only between 8% and 53% of the second order PPM-2 al-
gorithm.

A surprising result is that PCCP-IP2and PCCP-HP2store around the samenum-
ber of data values as their single page counterparts (PCCP-IP1and PCCP-HP1). For
the purposes of explaining this behaviour let us assumen navigations passing through
an entry object (�rst object in a page to be referenced)goesto n dif ferent target pages
(next pagereferenced).Further assumethe n navigations eachoriginate from dif ferent
previous page entry objects. Under theseconditions, PCCP-IP2and PCCP-HP2store
the same number of data values as their single page counterparts. We now explain
why this type of navigational pattern occurs often in our experiments. It is due to a
combination of the cacheconscious feature of PCCP algorithms and trace character-
istics. PCCP'scacheconsciousfeature excludes 'resident' pages(pagesmore likely to
contain hot objects) from prefetching statistics. Due to trace characteristics it is often
the hot objects that have high fan outs. Thus the effect is hot objects that have high
fan out (which produces large number of diver ging paths of navigation) are excluded
from prefetching statistics.
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Figure 6.5: Results of varying training skew. The results on the right report an average of
the results from using threedif ferent clustering policies GGP, WGGP and no clustering. The
appendix shows the results of using the clustering policies individually .

6.7.4 Varying Training Skew

Until now, all of the experiments involved running the same set of transactions for
the clustering training step,prefetching training step and evaluation step. In contrast,
this experiment exploresthe effect of running a dif ferent setof transactions during the
prefetching training step and evaluation step, thus testing the sensitivity of the var-
ious prefetching algorithms to changesin accesspatterns. This is achieved by mov-
ing the hot region. The numbers on the x-axis of �gur e 6.5 show by how much the
databasehot region is moved. For example a value of 20%meansthere is 80%overlap
between the hot region used for the prefetching training step and evaluation step. The
hot region was set to 3%of the databasesize. The buffer size was set to 2 MB.

The results of this experiment are shown on �gur e 6.5. When training skew is be-
low 10%, PCCP algorithms offer the best performance. However , above 10% skew,
PCCP algorithms lose their advantage. The reason for this is that when skew is in-
troduced, many trained paths of navigation no longer occur during the evaluation
step. The result is that PCCPalgorithms can rarely identify previously seenpaths of
navigation for prefetch prediction purposes. It is encouraging to note that PCCP-IP2
and PCCP-HP2never perform worse than demand fetching. The reasonis that PCCP-
IP2 and PCCP-HP store path sensitive statistics. Using thesestatistics for prediction
meanscloseto exactpath matchesneed to occur before prefetching is trigger ed. This
limits the triggering of inaccurate prefetches.

6.7.5 Varying Prefetch Threshold

In this experiment we vary the prefetch threshold of eachprefetching algorithm. The
prefetch threshold is a user de�ned parameter that speci�es the minimum probability
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Figure 6.6:Resultsof varying the prefetchthreshold. The resultson the right report an average
of the results from using threedif ferent clustering policies GGP, WGGP and no clustering. The
appendix shows the results of using the clustering policies individually .

of referencerequired before a prefetch is allowed to occur. The buffer size is set to 2
MB.

The results are shown on �gur e 6.6. PPM-1 and PMC are sensitive to changes
in the prefetch threshold, especially at low threshold values. In contrast, the PCCP
algorithms and PPM-2are very insensitive to prefetch threshold. The reasonfor this is
that they keep more sensitive path information and thus can often identify situations
where there is a singletarget page to prefetch.

6.7.6 Discussion

The results show that PCCPalgorithms outperform existing prefetching algorithms in
a variety of situations. In some situations PCCP algorithms outperform the existing
�rst order page grained PPM-1 algorithm by as much as53%of IO stall time and the
existing objectgrain PMC algorithm by asmuch as46%of IO stall time and �nally the
secondorder page grained PPM-2 algorithm by asmuch as30%of IO stall time.

Two important piecesof evidence supporting the robustnessof PCCPinclude: the
varying clustering algorithm results; and changing prefetch threshold results. PCCP
algorithms were found to outperform existing prefetch algorithms for all four clus-
tering algorithms tested (one of which is no clustering). This result is of particular
signi�cance since clustering algorithms play a big part in determining page-level ac-
cesspatterns. This meansthat if a prefetching algorithm performs well using a variety
of clustering algorithms, it is likely to perform well given a variety of dif ferent page-
level accesspatterns. PCCP algorithms were also found to be insensitive to varying
prefetch threshold. This lightens the load from users who aim to choose the best
prefetch threshold value.
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A key feature of PCCP is its low storage overhead. In our data structure size
experiment we found that PCCP stores only between 10% and 80% the number of
data values as the �rst order PPM-1 algorithm (a page grained prefetch algorithm),
and only between 8%and 53%asmuch asthe secondorder PPM-2 algorithm.

The training skew experiment showed that although large training skew degrades
PCCPalgorithm performance to about the samelevel asexisting algorithms, it never
performs worse than demand fetching. Mor eexperiments need to be done in this area
to assesswhether theseresults hold true under dif ferent conditions of training skew.
However , theseinitial results are encouraging.

6.8 Conclusion

In this chapter we highlight the performance advantages of prefetching algorithms
that incorporate synergies between prefetching and buffer replacement. To this end
we describethe path and cacheconsciousprefetching framework (PCCP).Using PCCP,
we produce four new prefetching algorithms. We compare PCCPagainst threehighly
competitive existing prefetching algorithms, PPM-1, PPM-2 and SP, and �nd that
PCCPalgorithms offer superior performance in a variety of situations.
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Chapter 7

Conclusion

In this chapter we �rst present a summary of the main �ndings of this thesis. Sec-
ondly, we outline dir ections for futur e research and how this thesis can be used as a
foundation. Finally, we discuss the key conclusions of this thesis.

7.1 Summary

The ever increasing demand for fast complex data storage and retrieval makes a
strong casefor OODBMSs' survival as an important databasemanagement technol-
ogy. OODBMSs' good performance is derived from its ability to effectively handle
navigational accessof complex data. However , the ability for OODBMS to provide
fast navigational accessis conditioned on ef�cient main memory buffer management,
which is made more important by the fact that disk IO performance impr oves at only
5-8%per year whereasCPU performance doubles approximately every 18months.

We believe that the key to impr oving buffer management technique performance
is to take a synergistic approach. Four buffer management techniques were involved
in our study: static clustering; dynamic clustering; buffer replacement; and prefetch-
ing. In order to demonstrate the superiority of the synergistic approachto buffer man-
agement, we made general modi�cations to existing techniques. The modi�cations
were made under the guiding principles of: synergy; generality; and simplicity. Follow-
ing theseguiding principles we developed threesynergistic frameworks: opportunis-
tic prioritised clustering framework (OPCF); cache conscious clustering framework
(C3); path and cacheconscious prefetching framework (PCCP).Each framework ad-
dressesthe synergies between two dif ferent buffer management areas.

Chapter 2 laid the foundations for proper understanding of the synergy frame-
works. This was done by �rst describing the OODBMS concepts important to this
thesis and then de�ning the scopeof this thesis within theseconcepts. Fundamental
conceptssuch asthe characteristicsof object-oriented programming languages,object
identity , and OODBMS functionality were described. In addition, various OODBMS
architectural conceptsand design alternatives were described along with the particu-
lar design alternatives chosenfor this thesis. In this thesis we choseto explore storage
management issues of the stand-alone peer-to-peer OODBMSs using page grained
caching. The reasonsfor thesedecision were summarised in Section2.5.

91
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Chapter 3 served two purposes. First it further narrowed the scope of thesis by
providing a more rigor ous de�nition of the system model studied in the thesis. Sec-
ond it de�ned a reference model and used it to provide a concise de�nition of the
general problem addressedby this thesis. Third it presented the theoretical foun-
dations (cost models and practical reference models) used throughout this thesis to
explain the intuition behind the performance advantages of the various synergistic
buffer management techniques.

In chapter 4 the opportunistic prioritised clustering framework (OPCF) was de-
scribed. OPCF exploits the synergy between staticand dynamicclusteringalgorithms
to produce a framework that transforms static clustering algorithms into dynamic al-
gorithms. OPCF is a general framework that createsdynamic clustering algorithms
by placing opportunism and prioritisation into existing static clustering algorithms.
In addition, application of the framework is straightforwar d. To demonstrate the
strengthsof OPCFwe instantiated it for two existing contrasting static clustering algo-
rithms. The algorithms we chosewere the static probability ranking principles algo-
rithm (PRP)and the static greedy graph partition algorithm (GGP).We performed ex-
tensive experiments and found that the dynamic algorithms produced, outperformed
the existing highly competitive dynamic clustering algorithms DSTC and DRO in a
variety of situations. The simplicity of the framework and the robustness of algo-
rithms produced by it makes OPCF algorithms ideal candidates for inclusion in real
OODBMS systemswhere workload conditions are likely to changewith time.

Having addressedthe synergy between static and dynamic clustering algorithms
we moved on to staticclusteringand bufferreplacementin Chapter 5. In that chapter we
re-examined the objective upon which existing static clustering algorithms were de-
signed. Weobserved that existing algorithms weredesigned to perform bestwhen the
buffer size is one page (where buffer replacement is not an issue) and consequently
tries to con�ne traversals to the same page. Since most buffer sizes are larger than
one page, we developed a framework for creating clustering algorithms designed for
larger caches.Following the approach of the thesis, we made the framework simple
to apply and general in terms of the ability to incorporate a wide range of existing al-
gorithms. The results show that the cacheconsciousapproach indeed producesbetter
results for a wide variety of situations including: 10dif ferent buffer replacementalgo-
rithms tested, varies buffer sizes,databasehot region sizes,accessprobabilities, and
various amounts of training skew. Theseresults further con�rm our thesis, namely
that synergistic buffer management algorithms are both feasible to implement and
outperform their non-synergistic counterparts.

In chapter 6 we intr oduced a framework for producing a new family of prefetch-
ing algorithms called PCCP. The framework exploits the synergy between prefetching
and buffer replacement to produce prefetching algorithms that are cheap in terms of
statistics usageand pro�table in terms of the amount of overlap between CPU and IO.
Like the previous frameworks, PCCPpossessesboth the simple and general property
while being synergistic. We instantiated PCCPby creating four new prefetching algo-
rithms from it. Two of the instantiated algorithms integrated clustering information
to make prefetching decisions. The other two integrated page heat (frequency with
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which pagesare referenced) information to make prefetching decision. We tested the
performance of four algorithms generated by PCCP in a wide variety of situations,
including: varying buffer size, clustering algorithm, statistics storage costs, training
skew, and prefetching threshold. The results showed that PCCPalgorithms offer best
performance in most situations. This adds further evidence that much can be gained
from developing simple synergistic buffer management techniques.

7.2 Future Work

Single Integrated Framework The synergistic frameworks developed in this
thesiseachexploit the synergiesbetween two dif ferent buffer management tech-
niques. However , we believe frameworks that exploit synergiesbetween all four
buffer management techniqueswould produce better results. Although this the-
sis doesnot proposesuch a framework it nonethelesshassetup the foundations
for one to be developed. One possible approach is to produce a new framework
by building OPCF on top of C3. Such a framework would be able to produce
cacheconsciousdynamic clustering algorithms. We can then use PCCPto pro-
duce prefetching algorithms that use clustering information from the combined
OPCF and C3 framework. This is only one of many possible fully synergistic
frameworks (frameworks that exploit synergies from all four buffer manage-
ment techniques) that can be produced.

General peer-to-peer and client/server models As stated in section 2.4.2 the
techniques developed in this thesis are only designed for a stand-alone single
node of the peer-to-peer network model. However , the techniques can be ex-
tended to work for the general peer-to-peer and client/server network models.
We will now discuss how eachof the frameworks can be extended to work for
the general peer-to-peer and client/server models. The core components of the
OPCF framework (opportunism and prioritisation) can be re-used since OPCF
is designed to work in an incremental way. However , care must be exercised
to ensure update consistencyamong the dynamic clustering threadsof dif ferent
nodes. In the caseof the C3 framework, dif ferent approachesneed to be taken
for the peer-to-peer and client/server network models. For the peer-to-peer case
the C3 framework needsto cluster for a cachethe size of the total memory of all
the nodes instead of just one node.1 For instance, the hot region size parameter
of C3-GPwould be set to total memory size of all nodes (in the caseof low repli-
cation). For the client/server model, the size of the server cachecan be used as
the buffer size to cluster for. The PCCPalgorithm needsto take network latency
and remote disk accesseslatency into consideration when deciding the value for
the prefetch threshold.

1Assuming there is not much replication of cachedpagesamong the dif ferent nodes. The algorithm
needs to be adjusted when there is a high level of replication. This approach also assumesnetwork
latenciesare much lower than IO latencies.
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Experiments on real OODBMS The experiments in this thesisareconducted us-
ing a OODBMS simulator . Although the simulator provides good insights into
algorithm performance through total IO and total IO stall time, it nonetheless
is limited in its ability to simulate and measure all system components. Some
system components that can be measured using real OODBMSs include buffer
management computation time, multi-thr eading costs, locking costs and data
structure spacecosts. Thus testing our algorithms on real OODBMS is an im-
portant area of futur e work. The state-of-the-art Platypus object store [He et al.
2000]is a good candidate for theseexperiments. This is becauseit is freely avail-
able for download and has a number of novel features that combine to make it
one of the bestperforming (in terms of multi-thr eading costs,locking costs,data
structure space,etc.) object storesavailable.

New algorithms created from our synergistic frameworks There is much re-
maining scopefor creating new synergistic buffer management techniques from
the frameworks developed in this thesis. For example, OPCF can be used to
transform cacheconscious clustering algorithms into dynamic clustering algo-
rithms. New C3 algorithms can be developed by providing new de�nitions of
regularity and new policies for dividing databasesinto homogeneousregularity
regions. PCCPcan be used to produce new prefetching algorithms that usenew
feature point selectionpolicies and new de�nitions of `resident' / `non-resident'
page metrics.

7.3 Conclusion

The main conclusion of this thesis is that simple synergistic frameworks can produce
algorithms that provide signi�cant performance gains when compared to existing
non-synergistic algorithms. Furthermor e the performance gains are across a wide
variety of dif ferent situations.

Our guiding principles of synergy; generality; and simplicity used when designing
our frameworks proved to be successful.The synergistic algorithms produced by the
framework are easy and straightforwar d to implement, while providing good per-
formance. In addition, the generality of the frameworks means new algorithms that
possessthe synergistic properties of the framework can be easily created.

The preliminary results of this thesis show that there is much potential in the syn-
ergistic approachto buffer management and suggeststhat perhaps the next big break-
through in reducing the disk IO bottleneck in OODBMSs lies in synergistic buffer
management techniques.



Appendix A

Additional PCCPResults

This appendix is intended as a supplement to the results reported in section 6.7. The
results contained in this appendix is that of PCCPprefetching results when using the
clustering policies of GGP, WGGP and no clustering.

A.1 Varying Buf fer Size Experiment

FigureA.1 contains supplementary results for the experiment reported on section6.7.1.

A.2 Statistics Storage Costs Experiment

FigureA.2 contains supplementary results for the experiment reported on section6.7.3.

A.3 Varying Training Skew Experiment

FigureA.3 contains supplementary results for the experiment reported on section6.7.4.

A.4 Varying Prefetch Threshold Experiment

FigureA.4 contains supplementary results for the experiment reported on section6.7.5.
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Figure A.1: Varying buffer size results.
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Figure A.2: Statisticsstoragesize results.
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Figure A.3: Varying training skew results.
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