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Abstract

Storagemanagementis a well-known methodfor improving the ef�ciency of dataintensive andnetworked
applications.Today's datamanagementsystemshandlemany non-traditionaldataformats,rangingfrom spatial
datato images,video andotherhybrid representations.This requiresthe useof specializedmethodsto query,
extractandtransformdatafrom multiple, possiblydistributedsources.Thereis a greatneedto developef�cient
and scalablemethodologiesfor storing and reusingthe resultsof computationsin suchapplications. In this
paper, we introducea con�gurablestoragemanagementsystemthatallows programmersto specifya collection
of storagemanagementprotocolsfor managingdifferenttypesof datarequestson top of a sharedandpossibly
distributedpool of resources.In addition,dynamicprotocol changerules allow the systemto shift from one
storagemanagementmethodto anotherdependingon the availability of systemresources.Furthermore,the
storagemanagementsystemcan be expandedwith applicationspeci�c methodsto look-up and re-usestored
items. We show how the storagesystemcan be tunedto speci�c workload speci�cationswith the help of a
simulationmodelthattakesinto accountboththecostof storagemanagementprotocolsaswell asthemethodsto
look-upandre-usestoreditems.

1 Intr oduction

In thispaper, we introduceacon�gurableapplicationview storagesystemcalled“CAVES” thatis designedto work
asa middlewaresystem,connectingmultiple possiblydistributed servers to multiple possiblydistributed clients.
Themainpurposeof any storagesystemis to reducetheoverall turnaroundtime betweenanapplicationanda data
provider. To achieve this, storagesystemsmake useof thepossiblelocality betweendifferentdatarequestsandtry
to optimizetheoverall performanceby storingdatathatis mostlikely to bere-requestedin thenearfuturein a fast
storagemedium.In thispaper, we considerthelocaldiskof astoragemanagementsystema fastmediumcompared
to networkedandpossiblydistantserversthatprocesscomplex databasequeries.In theremainderof thispaper, we
will usethetermview to referto theoutputof aqueryin any application.

Examplesof applicationsthat involve costly queriesinclude datawarehousingand datamining applications
processingcomplex queriesover large datasets,applicationsthat usespatialaggregationsand correlationsover
complex vectordata,biologicaldatabasesthatprocesshighly complex sequencecomparisonalgorithms,largedata
setsobtainedfrom scienti�c experiments,etc. In suchapplications,thetime to processandtransmita singlequery
mayberatherhighevenin thepresenceof indicesandthesizeof theoutputmaybeverylarge.Thecostof producing
sucha datasetmight bemuchlarger thanthecostof writing andreadingbackthedatasetfrom the local disk. In
regularstoragereplacementalgorithms,thegoalof thesystemis to optimizethetotal numberof hits. This assumes
thatthecostof producingeachitem in thestorageis uniform. However, this is not thecasefor complex queriesthat
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Figure1: Thearchitectureof theCAVESsystem.

aretransmittedoveranetwork whichoptimizestheoverall savingsin time. As a result,thereplacementpoliciesfor
anapplicationmayvarygreatlybasedon its workload.

TheCAVES systemis designedasa generalpurposestoragemanagementsystemthatcanbestoredeitherat a
middlewareserver or at a client machine.Its purposeis to storeviews from multiple applicationsandre-usethem
whenever possible.The CAVES systemis fully programmable,makingit possiblefor applicationsprogrammers
to specifyvariousstoragemanagementprotocolsthat arebestsuitedfor a given application.The CAVES system
alsoworksasa fastprototypingmachine.It constantlymonitorsthegeneralsystembehavior, collectsstatisticsand
measurestheeffectivenessof theprede�nedstoragemanagementrulesfor a given instance.This is accomplished
with the help of a simulationmodelof the actualsystemthat canbe run periodically to performspeci�c system
optimizations.

The contributions of this paperarethe following. We �rst introducea generalpurposesystemfor managing
differentqueryrequestsfrom multiple client applications.We show how theCAVES systemcanbecustomizedto
handledifferentstoragemanagementsystemprotocolsby meansof explicit storagemanagementrules. We show
how view lookup,view reusewith differentqueryrewriting methodsandview managementcanbeintegratedwithin
a singlesystem. In addition,we show how rulesthat govern the dynamicbehavior of the systemcanbe de�ned
andexecuted.We develop algorithmsto maintainthe differentdatastructuresusedin the system.We thenshow
extensive experimentalresultsthat supportour hypothesisthat (1) the optimal storagemanagementprotocolmay
varygreatlybasedonvariousfactors,(2) adynamicallyself tuningsystemmayresultin greatsavingsin theoverall
performance.

2 GeneralAr chitecture

Therearethreemainpartsto theCAVESsystem:

� A CAVESinstancespeci�cationcorrespondsto thecollectionof all applicationspeci�c storagemanagement
rules.Theserulesarespeci�edby anapplicationprogrammerusinga declarative speci�cationlanguagethat
canbe embeddedin an XML document. Examplesof differentparametersand their useareexplainedin
Section3. Thespeci�cationsprovidedby theprogrammerarecompiledinto theruntimesystemto producea
customized“storageserver” for this instance.Thefollowing arethemaincomponentsof thespeci�cation:
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– Viewusemethods- containsthemainmethodsfor reusingstoredviewsfromdifferentapplications.These
methodsareimplementedin advanceby aprogrammerandlinkedto thegeneralsystemusingcommands
that are similar to the “createfunction” commandfor userde�ned functions. The methodsthat are
createdby an applicationareoneof two types. View lookup methodsallow the storagemanagement
systemto comparethedescriptionof two views

���

and
���

. Thesemethodswill returntrue if a stored
view

���

maybeusedto answeranew request
���

basedon a storedpropertyof theviews. This attribute
canbea descriptionstringcontaininga completequeryor a simplerangeon a relationalattribute. The
secondtypeof methodsareview �lter methodswhich allow thestoredviews to beusedto answernew,
morerestrictive queries.Many view re-usemethodshave beensuggestedin theinformationintegration
literaturesuchas query rewriting using views [11, 13, 17]. Other methodsmay involve a zoom-in
operationfor vectordata,simpleselectionoperationsonviews,andaggregationof arelationonaspeci�c
attribute. Sincethesemethodscan be very costly, they shouldbe usedonly when they are likely to
improve the overall systemperformance.We will discusshow this decisioncan be handledby the
CAVESsystem.

– View managementmethods- containsthemainstoragemanagementrulesfor a givenapplication.The
view managementmethodsarebasedon thenotionof priority thatdescribesthe importanceof a view
for theclientsof an application.Eachview typestoredwithin a singleinstanceof theCAVES system
hasa setof properties,calledview statistics.All thestatisticsthatareto bekept for views arede�ned
by theapplicationprogrammer. Eachstatistichasmethodsfor initializationandupdate.Intuitively, each
view mayhave a setof statisticsthatareinitialized at creationtime suchastheview creationtime and
thetime to computethatview. In addition,certainstatisticsareupdatedasstoredviews getreferenced,
suchasthenumberandtime of hits, etc. In general,statisticsupdatemethodsareinvoked by view use
methods.The priority of a view is de�ned in termsall of its statisticsanda function over them. The
formulasthatde�ne thepriority orderingarealsode�ned by programmers.In addition,theseformulas
may be allowed to changeover time basedon varioussystemparameters.The rules that govern this
behavior arealsoapartof theview managementspeci�cationof aninstance.

Both view useandview managementmethodsaretightly connectedto eachother. Thedescriptionsupplied
by a programmeris �rst validatedagainsta grammar. In addition, the correctnessandcompletenessof all
formulasarealsoveri�ed beforeaninstanceis generated.

� Theruntimesystemmanagesa presetdisk spacewhosesizeis de�ned by an instance.For eachinstance,it
storesasetof viewsondiskandall thepertinentstatisticsfor theseviewsin memory. Eachview hasastatistics
called“priority” thatis computedbasedonthecurrentpriority formula.Theruntimesystemcontainsasearch
structurecalleda “priority queue”thatfacilitatesthebasicoperationson theseviews: removal of views with
smallestpriority, updatingpriority of referencedviewsandinsertionof new views into storage(with �	��
���
����

time for all operationsfor a queueof size � ). In addition,the runtimeCAVES systemmaintainsa number
of systemstatisticsthat rangefrom the meantime of arrival of query requeststo the distribution of query
requests.Thesystemstatisticsareusedto tunetheperformanceof thesystemto theactualworkloadbeing
experienced.

� Thesimulationmodelis the�nal componentof thesystem.Themodelcontainsarealisticmodelof theruntime
systemaugmentedwith the userde�ned methodsfor determiningpriority. The declarative de�nition of a
CAVESinstanceis usedto generatethesemethods.Thesimulationmodelis fed theruntimecharacterizations
of the actualsystemusingthe systemstatisticscollected. Thesestatisticsareusedto run variousteststhat
approximatetheactualrequeststo thesystemanddeterminetheeffectivenessof differentrules. In addition,
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thesimulationsareusedto discover new storagemanagementruleswhenever possible.There�nementsover
theexistingsystemarefedbackto theinstanceto improve theperformance.

Wewill now describeeachpartin detail in thefollowing sections.

3 StorageManagementin CAVES

In this section,we will describetheapplicationspeci�c componentsof theCAVES systemandshow how they are
usedwithin theruntimesystem.We will mostlyconcentrateon themethodsthatdescribethepriority of a view. A
CAVESinstancealwayscontainsthefollowing components:(1) astoragespace(SS)de�ned in termsof apathanda
presetsizegivenby SS.size,(2) asetof view statisticswith methodsto initialize andupdate,(3) asetof querytypes
(QT) thatareto bemanagedby this instancedistinguishedby aspeci�c port they areattachedto, (4) for eachquery
typei, thesetof view statisticsthatwill bemaintainedin thesystem,(5) a list of orderformulas

���������

�
	
�
�
��	

��
��

which areformulatedin termsof the view statisticsandsimplearithmeticoperatorssuchas �

	
��	���	��

, and(6) a
weightvector �

�����

� 	
�
�
��	

� 
 �

thatassignsa weightto all theorderformulaswhere
����� �

.
Querytypesin our modelaredatarequestswith differentcomputationcostsandoutputsizes.For example,the

computationcostof aselectionqueryis muchsmallerthanthatof anaggregationor asequencematchingalgorithm.
In addition,the resultof a simpleselectionmay be muchsmallerin sizethanthat of spatialquerythat produces
a complex vectorof values. Supposea speci�c shareddisk spaceis allocatedto storeviews of different types.
Oneapproachto attackingmultiple typesthanwould beto allocatea speci�c percentageof thespaceto eachtype.
However, it is possiblethattheviews of a speci�c typewill under-utilize its portion,while anothertypewith many
hits runsoutof space.It makessensethento adapttheusageof thediskspaceto theactualrequestsbeingmadeby
theclients. If for a speci�c reason,a speci�c querytypeshouldbegiven a higherpriority thenmostotherviews,
thenthisprotocolcaneasilybecodedinto statisticsandorderformulaeasdescribedin thenext two sections.

3.1 Statistics

EachCAVES instancestoresa numberof views. Theactualcontents(body)of a view is storedon disk while the
otherpropertiesof theviews currentlyin storagearekeptin memory. Theseproperties,calledstatisticsareupdated
periodicallybasedondifferentfactorsasexplainedbelow. Wewill usethenotation

�!�#"

to referto thecurrentvalue
of statistic

"

for storedview
�

. In this paper, we assumethat the storagemanagementsystemdoesnot handle
updatesto the storedviews when the underlyingdatasourceschange. This canbe accomplishedwith the help
of additionalroutinesto handleincrementalupdatesto thedata. Thesemethodsdependgreatlyon theunderlying
applicationandareout of thescopeof this paper. We assumethatfor time critical views,a speci�c statisticscalled
“expirationdate”will bespeci�edandthestoredviewswill notbeused(henceremovedfrom storage)afterthistime
point.

In this model,if no speci�c view usemethodis providedfor a view type,thedefault actionis to usea statistics
called“description”.Two viewsareexpectedto containthesamecontentif theirdescriptionis identical.Weassume
thatqueriesinterceptedby thestoragemanagementsystemcarryaheaderthatcontainsthedescriptionof thequery.
It is alsopossibleto specifyahashfunctionon thedescriptionsto speedup theview look-upoperation.In thiscase,
a hashstructureis generatedon top of the views in the system.Examplesof statisticsthat canbe speci�ed for a
storagemanagementsystemarelistedin Figure2.

Thestatisticssuchas $&%('�) , *,+(-.% , '�%0/�12%
/ , '03546% , )�) , 7 �8$�+ and *,3:9;%
3 � arestaticvalues.Their initial valueis set
at thetime theview is admittedto aCAVESinstanceandthisvalueremainsunchangedasa resultof view use.The
�rst threeareobtainedfrom the queryrequestthat initiated from the client. The remainingstatisticsareobtained
from theserver thatanswersthisquery. Thebodyis theactualview thatis returnedto theuser, '03546% and *,3:9;%
3 � are
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Symbol Meaning Domain
�������

Descriptionof thedataaccessrequestfor aview Stringor Integer
���
	��

Sizeof theview KBytes
�

��

�

Typeof a view Integer
�����




Bodyof a view LOB
���

�
�

�

�

�



Priority of theview (asa functionof its statistics) Real
�

���

�

Theidentity or priority of theuserwhouses/ownstheview Integer
�

Averagerateof reference Real
���

�

�

Total numberof hits Real
���

Total computationcost:computationtime � transfertime ms
�

�������

Percentof view usedfor hits 0-100
�

�������� 

Thetime theview wasadmittedto storage Time
�

��!#"�$�%&%&%�$

�

��!('

Timeof thelast ) references Time
���

��*

�

�

Thenetwork addressof theserver theview is obtainedfrom IP
 

�

Theaveragenetwork transferratefor
���

��*

�

�

Kbytes/sec
�

�

Theaverageservicerateat
���

��*

�

�

Kbytes/sec

Figure2: Examplestatisticsfor theCAVESsystem.

setwhentheview is admittedto thestorage.Thecomputationcost )�) is setby default to thetotal turnaroundtime
for this view. Theinitial valuesfor all thesestatisticsarethenobtainedby parsingthequeryrequest,measuringthe
sizeof theoutputandtiming thereply to therequest.Thesestatisticshavenoupdatemethod.If theserver returning
thisview alsosuppliestheactualcomputationcost,thiscanbestoredasanadditionalvalue.

The value of other statisticschangeas views are referencedor hit by the view usemethods. Their default
value is normally a null value or zero. As an example,supposethe value of +.'�%
/ for a view is the maximum
priority amongall usersthat referencedthis view. The total numberof , 3:* ' is simply incrementedevery time a
view is referenced.The last - referencesto the view areshuf�ed anytime it is hit, i.e. by setting � %

�

� /�%

�

�

�

�

� 
 $ � /�%

�

�

�

	
�
�
�(	

� %

�

� /�%

�/.�0

�

�

�

� 
 $ � /�%

�/.

� and � %

�

� /�%

��.

�

�21�3�4

where
1�3�4

is the currenttime stampandthe
functions � %

�

and � 
 $ referto thenew andold valuesof thegivenstatistics.The + '#5 
&% and 6 statisticsareimple-
mentedsomewhatdifferently. For example,wecancompute6 asfollows:

� %

�

�76 �

�

� 
 $ �76 �

�

� 
 $ �
, 35* ' �

� %

�

�
, 3:* ' �

�

8

� � %

�

� /�%

�/.

�

�

� 
 $ � /�%

�/.

� �

�

� %

�

�
, 3:* ' �

where
8

is a constantvalue.The + '#5 
&% statisticis usefulwhenwe useview re-usemethodsthat�lter storedviews
to answernew userrequestsasdescribedin Section2. Supposeastoredview

� �

is usedto answeranew querywith
answer

� �

. Then, 9(:&; <

�>=�?

9�@A; <

�>=�? is calledthepercentageusefor
� �

. Theusagestatisticis thencalculatedby multiplying
8

in theabove formulawith thepercentageuse.The�nal groupof statisticssuchas � / and '(/ arecomputedusing
systemfunctionssuchas“ping” or by queryingdatabasesfor statisticssuchastheaverageloadof a server. Using
thesefunctions,we canderive an averagerate for both network andserver rates. The updatemethodsfor these
statisticsareexecutedperiodicallyfor eachserver. Thereis no restrictionon whatandhow many statisticscanbe
usedin theCAVES systemaslong asmethodsfor initialization andupdatecanbede�ned usingsimpleformulae.
However, theusualtradeoff betweenaccuracy andcomplexity playsanimportantrole in thesystemperformance.
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3.2 Order Formulae

The secondimportantcomponentof a CAVES instanceis a setof orderformulae. Eachorderformula is de�ned
in termsof a numberof statisticsin that instance.Eachformulareturnsa numericalvalueandthereforeassignsan
orderingamongthe storedviews basedon the currentvaluesof their statistics. In the following, we will assume
thesmallestnumberfor anorderformulaindicatestheleastdesirableitem, i.e. theview with thesmallestpriority.
Givenanorderformula

�

, we will usethenotation
�

�

�

� to denotethevalueof formula
�

for thestatisticsof view
�

. If view
�

doesnotcontainaspeci�c statisticthatis usedto compute
�

, thenwewill assume
�

�

�

�

� �

.
Thewell-known replacementschemesin operatingsystemssuchasFIFO, LRU (leastrecentlyused)andLFU

(leastfrequentlyused)determinethepriority of viewsbasedonthevaluesof statistics*,3:9;%
3 � , /�%

� .

, and 6 (or , 3:* ' ).
Anotherformulathatconsiderstheageof aview is givenby �

�

� ���

<

�>=�?�������	�


0
�

� 
 ?5�����

�

@

� ( �

�

=oldest�rst) where)

�

is a smallconstant.In this formula,themorecostlyor thesmallera view, themorevaluableit is. Thevalueof the
view decreaseslinearlyby age.A formula ���

�

(hitswith frequency) with frequentlyusedvariationsbasedonthe
numberof hits is givenasfollows:

���

�

�


 %(52'0* �
, 3:* '

	

- �

�

)�)

'03546%

�

� /�%

�/.

�

/�%

�

�

�

�

This formula is similar to formula �

�

, however in this casethe numberof hits and the time interval between
the last - hits is consideredinsteadof the ageof a view. If a systemusesthe numberof hits to determinethe
storagemanagementpolicy, thenit is necessaryto handlenew views in a specialway. Sincethesystemis biased
towardsalreadyexistingviews,thenew viewswill beremovedimmediatelyafterthey areadmittedto thesystem.To
remedythis,anagingfunctionsuchas �

�

is usedinitially for new views,thenthisfunctionis phasedoutslowly and
replacedby ���

�

. Hence,if aview is nothit duringthetimeinterval in which �

�

is beingused,it will beremoved
whenever ���

�

takesover. To mimic this functionality, onecanuseaweightedsumsuchas
�

�2�

�

�

�

�

� �

���

�

over thesetwo formulasto determinethe�nal priority of a view. In time, thefactor �

�

will approachto zeroand
���

�

will bethedominantfactorfor computingpriority.
Anotherorderformula

�����

(fastnetwork �rst) givenby
�����

�

�

��� dependson thetotalnumberof hits for a
view andtheamountof time it takesto transmitthis view from its server to thestoragemanagementsystem.This
functiondependson theavailability of thenetwork bandwidthto answerthis query. Theslower theconnectionto a
speci�c server is, themorevaluablearetheviews thatoriginatefrom this server. Thefunction

�����

maybecalled
thehardestto re-transmit. Theseareexamplesof someorderformulasthatcanbede�ned for astoragemanagement
system.Many otherformulasmaybede�ned for differentinstances.

Let
� � � ���

�
	
�
�
�0	

�



�

bethelist of all orderformulasthatarede�ned for a givenCAVES instance.A weight
vector �

� ���

�0	
�
�
�(	

� 
��

is a list of realvaluessuchthat
�

�

�

�
�
�

�

� 
 ���

. Then,thepriority of a view
�

in
this instanceis given by the formula:  "!$#

3

!$# %'&��

�

�

� �

� �

�

�

�

�

� �

�
�
�

�

� 


�

��


�

�

� . This approachto priority
generalizesthe above notion of usingmultiple functionswith varying importancewhendecidingwhich views to
keepandwhichviews to remove.

3.3 View Insertion into CAVES

The�nal componentof abasicCAVESinstanceisgivenby apriority queue )( . Thepriority queueis abinarysearch
structurewith �	��
���
 ��� complexity for bothdeletionsandinsertions.Thepriority queuecontainsthe information
aboutstoredviews in theincreasingorderof their priority. Whenever a view needsto beremovedto freeup space,
theitemwith thesmallestpriority is locatedandremovedfrom thesystemin logarithmictime.

Suppose*
+ ,

� �

*
*

	

*-+)./+

	

� �

	

�

	10

,326�4*

	

 )(

�

is aCAVESinstancewith storagespace*
* , statistics*-+)./+ ,
orderformulae

���

, weightvector � , thesetof all storedviews
0

,326�4* with their associatedstatisticsandtheas-
sociatedpriority queue  )( . The insertionof a new view

�

into a CAVES instance*-+ , asshown in Figure3 is
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Figure3: View managementin theCAVESsystem.

performedasfollows.

NEWREQUEST(
�

)

Set
���� ���(�

�

to a highnumberand
�� ��� �

�

to null
for eachview �����	� do


 if � canbeusedto answer
�

andcostof reusefor ���

���� ���(�

�

then

–
���� ���(�

�
�

costof reusing�

–
�� ��� �

���

�

if
�� ��� �

�

is notnull then //a hit is found

 Read

�� ��� �

�

from diskandcomputetheanswerto query
�


 Removetheview
�� ��� �

�

from thepriority queue

 Recomputestatisticsfor

�� ��� �

�

usingtheupdatemethods

 Insert

�� ��� �

�

to thepriority queueat ����� ����� �����

�� ��� �

���

else// nopossibleanswersarefound

 send

�

to its serverandwait for thereply

 while answers��� to

�

arebeingreturnedby theserverdo

– return �
� to theuser
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– computethestatisticsfor � �

– if �

� % ����	��

� �

���#% ���
	��

�

�������	� 
���


�

% ���
	��

�

then //spaceavailablefor thenew view
write � � to disk andinsert ��� to ��������� andthepriority queue

– else//nospacefor thenew view
� let

!

�

���

�

����% ����	��

�

��������� 
���


�

% ����	��

� �nd views �

"�$&%�%&%�$

��� thatoptimizesthefollowing formula:

minimize
�

"���� �

�

� � ��� ����� � � � �

�

� �

with respectto �

�

"!�"�#�

�

���

� % �&�
	��

� �%$

� �

% ����	��

�

!

�

���

.

� if � ��� ����� � � � � �

�'&

�

"!�"�#�

�

� � ��� ����� ��� � �

�

� �

then
( deleteviews �

" $&%�%&%�$

� � from �������)� andpriority queue
( write � � to diskandinsert � � to ��������� andthepriority queue

Thecostof a successfullook-upis givenby � � ��� where�

�+*

0

,326�4*

*

in theabsenceof any hashfunctionson
thedescriptionof views for fastlook-up.In theaverage,half of thepriority queueis scannedif wearenot interested
in thelowestcostview. If wearenotperformingpost-�ltering of theviews,thentheactualcostof lookingupaview

�

from thestoragesystemis givenby )

� �

� � � )

�

� )-,��

�

��
�� 
 ��� �

�!�

'(354 %

�

$ * / where$ * / is thedisk transferrate
given in termsof Kbytes/sec,andtheconstants)

�
	

)

��	

)-, aretheconstantsfor thecostof look-up(comparingtwo
view descriptions),deletionandinsertion.

Whenever we needto remove a numberof low priority views to freeup suf�cient spaceto accomodatethenew
view, weuseaheuristicthatapproximatestheaboveoptimizationformula.Wesimply �nd the�rst - lowestpriority
views whosetotal sizeis suf�cient to storethenew view. In this case,on theaveragea constant+ numberof views
arescannedfor thedeletionoperation.Thecostof anunsuccessfullook-upthatresultsin theinsertionof a view

�

andtheremoval of anotherview is thengivenby
� �

)�).� )

�
�

��� � +&)

�

�;)
,

�

�

��
�� 
����&�

�!�

'(354 %

�

$ * / assumingthatthe
CAVES server hasto wait for thewholeview to betransmittedcompletelybeforeit canbeadmittedto thesystem.
Recallthat thecomputationcostin our framework is theoverall turnaroundtime for this querywhich includesthe
computationcostaswell asthe datatransfercost. The overall gain of a hit is given by

�!�

)�)

� "

where
"

is the
costof a successfulllook up operation.In mostcases,thelook-upcost )

�

is very small )

�/.0.

)

�
	

)
, . However, an

applicationthatusesqueryrewriting with views mayrequireanalgorithmthat is quadraticor even exponentialin
thelengthof thequerydescriptionstring. In this case,)

�

mightalsobesubstantialdecreasingtheoverall savingsin
time for ahit.

3.4 Ghost priorities

In theabove algorithm,we assumedthatthepriority of views changesonly whentheview is referenced.However,
this is not trueof the function �

�

given as �

�

� ���

<

�>=�?���� ��1�2

0
�

�



? � ���

�

@

� . If thepriority of a view dependson this
function, thenit changeseverytimetheclock ticks. In this case,theeasiestsolutionis to resorttheentirepriority
queue(ata costof )3, � 
 � 
 � seconds)periodically.

Another solution is to maintainan auxiliary queuecalled time queuewhich is orderedwith respectto time
instants.Hence,timequeueis apriority queuebut storestimevaluesinsteadof priorities.Theinsertionanddeletion
costsof the time queueare identical to thoseof the priority queue. Any time a new view

�

is insertedinto the
system,its priority is computedfor time

1�3(4

. Suppose-

�1	 


	

-

��	�
 � =

	
�
�
�(	

-

�1	 
 �

.

=

correspondto thevaluesof the
priority for view

�

at time points
1�3(4

	

1�3(4

� 4

	
�
�
��	

1�3�4

� -24 basedon thecurrentstatisticsof this view. If this
view is never hit, thenthesepriority valueswill not changeaswell. Thevaluesaresimply snapshotsof thepriority
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of theview at differenttime points. If we insertview
�

into thepriority queueaccordingto value -

��	�


, thenthis
valueshouldbereplacedat timepoint

1�3�4

� 4 .
INSERTION: (1) compute-

��	�


for
�

andinsert
�

into thepriority queueusingthis value,(2) createa ghost
instancesof

�

, setits ghostcounterto - andinsertit into thetime queueat time point
1�3�4

� 4 . Theghostcontains
a pointerto theview in thepriority queue.Notethatthetime queueonly containsa time valuefor

�

, not theactual
priority.

TIMED OUTPUT: At any time point, we checkthe smallestelement
�

in the time queue. If its time value
correspondsto thecurrenttimepoint, thenweremove

�

from thetimequeueandcomputeits currentpriority based
on thecurrentstatistics.If its priority valuein thepriority queueis differentthanthenew value,thenwe deletethe
view from its previouslocationin thepriority queueandre-insertit. Wedecrementtheghostcounterby 1, if it is not
zero,thenwe reinsertit at time

1�3�4

� 4 . If thecounteris zero,wemark
�

in thepriority queueasthemajorcopy.
HIT: If a view

�

is referencedandit containsa ghostinstancein thetime queue,thenwe updateits priority in
thepriority queueasbefore.

DELETION: Whenever a view needsto beremovedfrom thepriority queueto make spacefor a new view, we
checkif it is a majorcopy. Major copiesareremovedexactly asbefore.However, if theview in questionhasghost
instances,thenwe recomputeits priority. If it is still smallerthanthe priority of the next item in thequeue,then
we remove it togetherwith all of its ghostinstances.If theactualpriority of this view is greater, we keepthis view
andproceedto thenext item in thepriority queue(we do not updatethepriority of theview, it will take placein its
scheduledtime). Sucha view is consideredto bebelow sealevel for thetime being. Whenever a ghostinstanceis
beingconsidered,we checkif its currentpriority falls below thecurrentsealevel (i.e. thesmallestpriority pointed
to by thepriority queue).If this is thecase,thenwe remove all ghostinstancesfrom thetime queueandre-setsea
level to point to thisview.

In this method,the whole priority queueis not re-sortedperiodically. Sincethe value of function �

�

will
decreasein time, it will eventuallyreachthesmallestpriority valuein thequeue.Supposeon theaverageit takes

.

-24 secondsto reachthis point. Then,we divide this time interval into - time pointsandcomputethe priority
of theviews for eachdiscretetime point. Theoverall overheadof this approachis thecostof maintainingthetime
queue.If a view typically remainsin storagefor a very shorttime, then - shouldbevery small. On theotherhand,
if - is too small thenthepriority of views in thepriority queueis not accuratemostof thetime, resultingin many
comparisonsfor adeletion.In theworstcase,thedeletiontimemaydeteriorateto �	� ��� sinceall theviewsmayhave
actualpriority that is larger thanthecurrentpriority. In this case,thewholepriority queueis scannedoncebefore
any item canbe removed. However, in our system,whenever a view is hit, thenits priority is recomputed.If the
valueof a statisticsuchasnetwork ratechanges,thenthequeueis resorted.If all otherfunctionsproducesmaller
valueswith largertime values,thenno view will bebelow sealevel.

Assumenow thatthesizeof thepriority queueremainsstableat � . To computethetotaloverheadof thismethod,
we observe the following. Whenever a view is insertedinto the system,- additionalcopiesaregenerated.In the
worstcase,thesizeof thetime queueis � . Let's assumeinsertionanddeletionbothhave thesamecost ) 
�� 
 � . An
additionalcostof

"

�

) 
�� 
 � is incurreddueto theinitial insertionof theghostinstanceinto thetime queue.Since
theghostinstanceis removedfrom thequeueoneby one,anadditionalcostof

�

"

is observedat eachtime interval
for a total of - times(giving a total of

�

-

"

overhead).Sincefor eachtime instant,theview is removed from the
priority queueonceandreinsertedagain,anadditionalcostof

�

-

"

is added.With theassumptionthat thepriority
of views decreasein time, thedeletioncostremainsthesame,sodoesthecostof a hit on thestoragesystem.As a
result,themaximumtotaloverheadof theghostimplementationis ��-

"

.
Let uscomparethis to thecostof reorderingtheviews. Supposethetime it takesto insert � views is givenby

�

�

6 for somearrival rate 6 . Assumethat the queueis reorderedevery - seconds,thenwe will reorderthe queue
�

�

� -

�

6 � times. The overheadof eachreorderfunction is given by
"

� , hencethe total overheadis � � �

�


 � 
 ��� .
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Whereas,within this timeperiod,themaximumoverheadof theghostimplementationis �	�
- � 
 � 
 ��� for somesmall
constant- . Hence,ghostimplementationis an improvementof �	� ��� over the reorderingscheme.Note that this
assumestheworstcaseperformance,not theaveragecaseperformance.

3.5 Dynamic StorageManagement

All of the above componentsof the CAVES systemarestaticanddo not changein time. However, it is unlikely
that a single storagemanagementprotocol will optimize the performancein the presenceof varying workloads
andsystemparameters.To this end, the CAVES systemincorporatesdynamicrules that de�ne how the general
priority computationshouldbe changed.Eachrule in the systemusesaggregatesover the statisticsof the stored
views suchas 9 3 � � � / �

	

9 5

�

� '(354 % �

	

561 
�� ) ) �

	

'(*,$6$6%01 � � / � andconstants.Eachsuchtermis calleda weightchange
term. A weight changeatomis any expressionof the form 5

�

��- 5

�

where 5

�
	

5

�

areweight changetermsand
��-��

�

�

	 .�� 	 . 	 � 	���	

�	�

. Sofar, we have restrictedall weightchangetermsto parametersthatcanbecomputed
iteratively with a�x ednumberof variables.Hence,theoverheadof maintainingthese�gures is negligible. A weight
changerule in theCAVESsystemis anexpressionof theform:

" � 	
�
�
�(	 "


�

�

'

	

�

	

���

where
" �0	
�
�
�0	 "




areweight changeatoms, '��

�

�

	��

�

,
�

is a real numberand
�

is the identi�er for an order
formulain thespeci�c instance.Thesatisfactionof a weightchangeatomat any giventime point is de�ned in the
usualway by evaluatingeachfunctionat that time point andcheckingthecorrectnessof thecomparisonoperator.
A weight changerule evaluateto true at a time point * if all the atomsin thebodyof the rule evaluatesto trueat
time * . Thesign ' in theheadof aweightchangerule indicateswhetherthechangein theweightshouldbeadditive
( � ) or multiplicative (

�

). Thefollowing algorithmdescribeshow weightchangesareusedwithin aCAVESinstance:

Algorithm ChangeWeight(�

�

"�$&%�%&%�$

��� �

$

� )

 Input:

�

"
$�%&%&%�$

�
�

: a setof weightchangerules, �

���

�
"

$�%&%&%�$ �����

: a weightvector

 for

�

���

to
�

do

– let
�

�	��� "($&%&%�%�$�� ' �"! �#$ � $$#&%�')(

– if
�

"
$&%&%�%&$*�

'

evaluatesto trueat time + �-, then
� if

�

�/.

�

.

then
�

'

�

�

�

���

�

���

�

�10

$ �
'

�

�

�

� else
�2'

�

�2'

�

�


 let 3

�54

�76

"

�

%&%�%

�

�

6

�


 for
�

���

to
�

do
���

�

���98

3


 Returnthemodi�ed weightvector
� ��� � �

�

As anexample,considertheorderformula
�����

whichwasde�nedas
�����

�

�

��� . Thisformulamaynotmake
a signi�cant effect in theoverall performanceof thesystemin mostcases.It might evenhave a negative impacton
theperformancesinceit tendsto favor views from slow servers. If all otherfactorswereequal,thenviews with the
samehit ratiowill bepreferredoversmallerviewsregardlessof theirsizes.If this resultsin many largerviewsbeing
admitted,it will bea suboptimatalsolution.It is possibleto housemany smallviews insteadof a singlelargeview.
However, this formulamayprove usefulin theextremecaseswhencertainserversareextremelyslow andprovide
views thatarereferencedfairly frequentlyanddo nothinderperformance.In this case,it makessenseto keepthese
views in storagesincethe estimatedcostof reconstructingtheseviews is too high. This canbe accomplishedby
a weightchangerule that increasestheweightof this formulawhenever theminimumtransfertime for oneof the
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serversfallsbelow aspeci�c tresholdanddecreasesits weightif theminimumtransfertimerisesabovethistreshold.
Thiscanbede�ned asfollows:

9 3 � � � / �

.

)

�


 �

�

	

�

�

�

	 �����

�

9 3 � � � / �

�

)

�


 �

�

	
�

�

�

�

	 �����

�

Notethattheweightchangesarescaleddown in theabove algorithm.However, theweightof anorderformula
mayneverbeanegativevalue.If nootherruleseffect theweightof

�����

, thentheaboverulesserve thepurposeof
turning

�����

onandoff basedon thevalues)

�

and )

�

. Theweightchangerulesin thesystemarede�ned usingthe
above declarative languagetogetherwith all theotherview managementmethods.They areevaluatedperiodically.
If theunderlyingweightvectorchangesasa result,thenthewholepriority queueis resortedaccordingto thenew
priority function.

3.6 Runtime costparameters

One of the main objectives of the CAVES systemis to tune the varioussystemparametersbasedon the actual
performanceof the system.To this end,we collect andmaintaina numberof runtimecostparameters(

���

 for
short). A numberof

���

 s areusedto tunethe dynamicallychangingvariablesof the CAVES system. The rest
aremaintainedassystemstatisticsandarefed to a simulationmodelof thesystemfor varioustests.This approach
mimicsthenotionof costbasedqueryoptimizationin relationaldatabases.Theobjective in this caseis to �nd the
bestcombinationof adjustableparametersthatoptimizetheperformance.

The
���

 s thatcanbemaintainedfor theruntimesystemarethefollowing: themeanarrival rateof queries,total
numberof itemsin thequeueon average,thehit ratio (in hits/sec),savingsin time ratio,averagespaceusageratio,
andtheaveragerateof removal andinsertionto thepriority queue(in views/sec).In addition,for all orderformulas
thatarecurrentlyactive (have non-zeroweight),we keepstatisticsto measurethegeneralstandarddeviation of the
valuesproduced.Thevaluesoutputby thesefunctionsarenormalizedusingtheir standarddeviation. This way the
systemis notnaturallybiasedtowardsformulasthatproducenumbersin largerrange.

Sinceoperationssuchas changingthe overall weight vectorand checkingnetwork and server rates( � /

	

'(/ )
requirethepriority queueto beresorted,theseoperationsshouldbeperformedratherinfrequently. Todeterminethis,
we usethe savings in time parameterwhich is measuredby

�������

��?
	��#?

<

�

<

)�)

�

�
�������

�

�

<

)�) . This formuladisregards
theoverheadof usingthepriority queueandreadingtheview from disk. This is alsothemeasurewetry to optimize
in our simulationsof thesystem.To measurethis, we maintainthecurrentsumof two functions,namely

"

�

)�)

and �

�

, 3:* '

�

)�) . Anytimeaview
�

is hit, weupdatethesevaluesby
"

�

"

�

�!�

)�) and �

�

� �

�!�

)�) . Anytime
a view

�

needsto beretrievedfrom theserver, we intercepttheanswerandonly update
"

usingthesameformula.
Whenever

" �

�

.

�

�

�

, which meanstheoverall savingsis below 10%,thenwe try to improve theperformanceby
checkingif any of theweightchangerulesapplyto thecurrentcase.

Thefollowing are
���

 sthatarekeptastheoverallsystemstatisticsandareeventuallyreportedto thesimulation
model along with the above mentionedparameters.We maintainfor eachquery type in the system,the mean
arrival rate, the averagesize and the averagetime complexity (in termsof seconds).Furthermore,we maintain
the distribution of querydescriptionsthat arerequestedasa histogram. If a hashfunction is provided for query
descriptionsfor this type,we canbuild thehistogramon thevaluesof thehashfunction for a moreprecise�gure.
Themainideabehindthis is to measurethelocality amongthequeriesfor agivenview type.For eachpossiblehash
value,we maintaina counteron thenumberof requestsfor theitemsin thatvalue.Theideais to keepa counterof
all requestsregardlessof whetherthey werein the cacheor not. In addition,we canbuild histogramson the size
andtime complexity valuesto get a moreaccuratepictureof the distribution of requestsalongtheseaxes. These
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valuesarethenuseto generateworkloadsthatapproximatetheactualbehavior of thesystem.Finally, amorecostly
approachwould beto log all requestsin thesystemanduseit to emulatetheactualworkloadin thesimulation.We
expect,in mostcasesahistogramwill provide suf�cient detailfor thetests.

3.7 Applications of the CAVES architecture

TheCAVES architectureandtheunderlyingstoragemanagementprotocolsdescribedin this papercanbeusedto
implementa varietyof differenttypesof protocolswith small changesandadditionsto theoverall system.In this
section,wewill examinesomeof thesemethods.

Semanticcachingmethods[5] usethe notion of spatiallocality to determinethe priority of views. Suppose
we considerrangeselectionsover a singlerelation. Then,two views aresaidto bespatiallycloseto eachotherif
their rangesareoverlappingin space.Whenever a speci�c view

�

is referenced,thenthereis high probabilitythat
views thatarespatiallycloseto

�

will alsobereferenced.Hence,a hit on
�

increasesthepriority of otherviews
in the storagesystemwhich canbe implementedin a view look-up function. Whenever we searchfor

�

in our
storage,wecompareagainsteverystoredview. For eachview, wecanalsooutputwhetherit is spatiallycloseto

�

.
Furthermore,suchmethodsalsocollapseoverlappingintervalswhichcanbeaddedasstorageoptimizationmethods
thatareexecutedwhennew views areadmittedto thesystem.

Anotherpossibleuseof thesystemis theprefetchingof views thatarelikely to bereferencedin thenearfuture.
This informationcanbe obtainedin a numberof ways. We cansimply keepa historical log of all pastrequests
andminethis informationperiodically. We searchfor itemsthatarefrequentlyrequestedtogetherwithin a speci�c
time window. Whenever any of theseviews is requested,the storagesystemactively issuesrequeststo retrieve
the remainingviews in that group. Another possibleway to achieve this is to keepinformationon all possible
descriptionsthatarerequestedby thesystem,regardlessof whetherthey arecurrentlyin storageor not. For these
view descriptions,we build a hashstructureandmaintainfor eachdescriptiona numberof statisticssuchastotal
numberof hitsoraveragerateof requests.Wheneverthevalueof oneof thesestatisticsgoesaboveacertainthreshold
for someview

�

that is not currentlyin storage,thesystemactively issuesa requestfor this view andattemptsto
admitit to thestorage.

4 The simulation model and envir onment

The CAVES systemis fully implementedin Java. Due to spacerestrictions,we do not go into the detailsof the
actualsystem.We have testedtheCAVES systemagainsta databaseserver anda requestgeneratorandmeasured
the costof varioustypesof operationsperformedby the system. The simulationmodelusedin our experiments
usesa realisticmodelof theactualCAVES system.It simulatesa priority queue,a numberof statisticsandorder
formulasover these. For eachpriority queueoperation,i.e. insertion,lookup anddeletion,it factorsin the cost
parametersthatweremeasuredagainsttheactualsystem.In our simulation,we use� ve querytypeswith varying
characteristics.Eachquery type hasa description(numberof distinct possiblequery requests),'(354 % , lower and
upperboundson ) ��9 - 
 %

�

3:*,+ and
� �

�lter factor. Thevalue '(354 %

�

� �

refersto theactualdatathequeryhasto read
from disk to answerthequery. Thecomplexity measurerefersto thenumberof timesthedatahasto betransferred
to andfrom disk. For example,adisk-boundsortoperationwouldhave to readthedatatwiceandwrite oncefor the
temporarystep.Hence,it hascomplexity zero. In our querytypes,we useequalityandrangeselectionswith very
low complexity andvarying�lter factor, two join typeoperationswith mid rangesfor all values,and�nally a high
complexity query, suchasamulti-passaggregation.

In the initialization step,thesimulatorgeneratesall possiblerequestsfor thesequerytypes. Thevaluesof the
complexity and�lter factorparametersarenormally distributed over the given ranges.A workloadconsistsof a
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combinationof querytypeswith differentpercentages.The requestsareuniformly distributedacrossquerytypes
with the given percentages.Within eachquery type, the queriesaresentbasedon a normaldistribution with a
standarddeviation of 20%,correspondingto thenotionof locality. Hence,certainviews for a givenquerytypeare
expectedto berequestedmorefrequentlythantheothers.Thesimulatortakesasinputmeanarrival timefor queries.
The query requestesaregeneratedat randomintervals that areexponentiallydistributed aroundthe meanarrival
time.

Eachquerytype is sentto a differentdataserver with varyingnetwork characteristics.Thedisk speedof each
serveraswell astheCAVESserveraresetto beaconstantdatatransferratethroughoutthesimulations.Thenetwork
speedparameterscontainsminimum,maximum,meanvaluesfor datatransferratesaswell asthestandarddeviation
of thenetwork speedover time. Thechangesin network transferratesarenormallydistributedoverthegivenranges.
Thenetwork speedfor aserver becomesconstantuntil a changein network speedeventoccurs.Theseeventsoccur
at time intervalsthatareexponentiallydistributedaroundthemeanarrival timefor transfertimechanges.Eachtime
suchaneventoccur, for eachserver, weroll a � vewaydice.Hence,eachserver changesspeedwith aprobabilityof

�

�

�

. Anytime, theserver network ratesarechanged,thewholepriority queueis reordered.
Thepoliciesfor admittingandremoving views is aswe have discussedin theprevioussections.In our simula-

tions,we �rst run thesimulatoronceto �nd thestandarddeviationof all formulasused.Then,we run thesimulator
thesecondtime, this time normalizingthevaluesproducedby thesefunctionby their standarddeviations.

Eachview requestis �rst searchedfor in the priority queue. If the view is found, then the total time spent
handlingtherequestis incrementedby thepriority queuesearchtimeplusthedisk transfertime. Thepriority of the
view is updatedbasedon thefactthatahit occurredandthentheview is repositionedin thepriority queuebasedon
its new priority, andthecostof this operationis addedto theoverall cost. If theview is a miss,CAVES increments
thetime by thepriority queuesearchtime, plusthetime to computetheview in theserver andthetime to transfer
it over thenetwork. Weassumethatthequeryserver �rst computestheviews completelyandthensendsthemover
thenetwork. Thisallows usto simplify thesimulationmodel.If thedisk in theCAVESsystemis busydueto a read
or awrite operation,thenthentheview doesnotgetstoredandgetsdropped.Otherwiseif theview meetstheentry
criteria theview getsput in thecachebasedon priority. If thereis not enoughroomin thestorageotherviews get
removeduntil it will �t. Thedisk is busyduringthis time periodsoany view requeststhataremisseddoesnot get
serviced.Also thetime it would take for everyview requestto beprocessedwithout theCAVESis computed.

4.1 Experimental Setup

In our experiments,we testeda numberof functions,thefunctions �

�

�
���

<

�>=�?1���3��	�


0
�

�



?5�����

�

@

� , �

���

�

, 35* ' , and
�����

�

�

��� providedthebestresults.Also, sincethesefunctionsdonothaveany factorsin common,they provided
a goodtestcase.We will refer to �

� 	

�

��� 	 �����

as
�

�
	

�

�
	

�

, respectively. We ran6800simulationexperiments
usingthesefunctions.All simulationsare

�
���

secondruns(
�

���

�

�
	

hours)with � vequerytypesand� veassociated
servers. Eachserver hasnetwork rate rangingbetween0.1 Kbytes/secto 1000Kbytes/sec,with a meanof 100
Kbytes/sec.Thediskspeedsusedfor all theserverswere2.5Mbytes/secandfor CAVESwas5 M/sec.Thechanges
in thestandarddeviationfor network speedareonly appliedto serversservingquerytypes1 and3. Thetablesbelow
shows all differentquerytypesandthesix workloadswehave experimentedwith, andtheremainingparameters.
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QType
�

Desc Size(K) Complexity FF W-0 W-1 W-2 W-3 W-4 W-5
0 1000 10– 500 3 – 10 1 – 2 20 6 10 10 10 40
1 500 175– 200 90– 100 2 – 2 20 47 5 40 10 20
2 500 175– 200 90– 100 2 – 2 20 47 5 10 40 20
3 200 10– 50 50– 100 2 – 3 20 0 40 40 40 10
4 100 10– 50 100– 200 4 – 5 20 0 40 0 0 10

Parameter Range
Meanarrival time for requests Onequeryevery1,5,and10sec
Meantime for network ratechanges 100,and1000sec
Standarddeviation for network ratechanges 2, 5, and10K/sec
Storagespace 1280,2560,and5120
Weightsfor
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4.2 Results

In this section,we presentour performanceresultsacrossa wide variety of parameters.We begin our discussion
with an examinationof how the differentweight caseseffect our threemajor performancemetricsacrossall � ve
workloads.The �rst majorperformancemetricsis speedup.Speedupis de�ned to be theoverall executionof the
workloadwithout CAVES divided by the executiontime of a given workloadwith CAVES. The secondmetric is
hit-ratio andis de�ned to be the numberof “hits” within the view storagesystemdivided by the total numberof
accessesor requests.Thelastview storagesystemmetricis “averageviews in cache”(AVINC). Thismetricdenotes
thenumberof views in thecacheaveragedover time.

From the outsetof this work, it hasbeenour hypothesisthat a con�gurablestoragemanagementsystemthat
supportsdynamicchangeruleswould be of considerableperformancebene�t over a static storagemanagement
system.Thefollowing workloadexperimentaldatais our �rst proof thatthiswouldbethecase.

Figure4 plotsspeedupasa functionof weightcasesacrossall � ve workloadcases.Here,we observe that the
bestweightcasein termsof speedupvariesacrossdifferentworkloads.For example,if welook atworkload2,which
usesmostlyquerytype2 and3, we observe thebestrangeis weightcases16 andabove, however if we usedthose
casesonworkloads0, 1 or 2 wewouldclearlynotbeachieving theoptimalperformance.Moreover, weobserve that
weightcases10 through15 yield goodperformancefor workload2, but very poorperformancefor workload4, in
facttheworseperformanceof all.

Adding to theseresultsarethe hit-ratio resultspresentedin Figure5. In this �gure, the hit-ratio is shown as
functionof theweightcasesacrossall workloads.Whatis interestinghereis thatfor workloads2 and4, thehit-ratio
is actuallyinverselyproportionalto realperformance(i.e.,speedup).Observe thatweightcases10 through15yield
thehighesthit-ratio, yet arenot thebestperformancecasesreportedin Figure4. Clearly, for workload4, thebest
hit-ratio yields the lowestperformance.The explanationfor this behavior is that becauseall views arenot of the
samesize,or complexity, hits maynot bea goodmeasureof performance,asdonewith typical processorcaching
systems.However, hits do play an importantrole in the storagemanagementsystemandshouldnot be ignored.
As shown in thespeedupresults,it wastheweightcasesthatutilized a weightedcombinationof

�

�

,
�

�

and
�

, that
yieldedthebestperformance(recall,that

�

�

�

, 3:* ' ).
AVINC resultsareshown in Figure6. Like thehit-ratio,we �nd thattheAVINC performancemetricnot to bea
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goodpredictorof performancefor similar reasons.
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Figure4: Comparisonof speedupasa functionof weightcasesacrossall workloadcases.

In this next setof performancegraphs,we presenttheperformancemetricsasa functionof weightcasesacross
all cachesizestested.In Figure7, weobserve thatthebestweightcasedoesnotvarywith cachesize.These�ndings
areunderscoredby thehit-ratio andAVINC resultsshown in Figures8 and9 respectively. This meansthatchanges
to the weightsis largely independentof cachesizeandin fact a goodweight selectionfor a given workloadmay
work well for many differentcachesizes.This is a good�nding sinceit allows theview storagesystemto optimize
andself-tunetheweightwithout regardto cachesize.

Like cachesize,we observe a similar behavor with meanrequesttime with regardto whenweightsshouldbe
changed.In Figures10, 11 and12, we show thespeedup,hit-ratio andAVINC results,respectively. Here,we see
thatthesameweightcaseprovidesthebestperformanceacrossall therequesttimecases.Theseresultssuggestthat
meanrequesttime is not a factorthatshouldbeconsideredwhendecidingon whento changeweightfactorsin the
view storagemanagementsystem.

The�nal performancedataseriesconsiderstheeffect of theperformancemetricsasa functionof weightcases
on thechange-turn-around time (CTAT) parameter. Here,we seea performancepicturewhereCTAT doesimpact
whenweightchangesshouldbemade.In Figure13,weseethatthebestspeedupfor CTAT 0 is underweightcases
11 through14,however thebestweightcasesfor CTAT 1 are15andabove. Moreover, weobserve thatfor CTAT 0,
cases15andaboveyield signi�cantly lowerperformancefor CTAT 0. Sowhile CTAT 1 coulduseCTAT 0'sweights
thatoppositedoesnotappearto betrue.

If we examine,hit-ratio andAVINC, asshown in Figures14 and15, we �nd anotherexampleof wherethese
two parametersdo not predictperformance.Again, this phenomenonis attributedto large sizeandmorecomplex
views having agreatimpactto bestoredthansmaller, easierto re-createviews.
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Figure5: Comparisonof hit-ratioasa functionof weightcasesacrossall workloadcases.

5 RelatedWork

Therehasbeenagreatdealof researchin cachemanagement(primarystorage)methodsfor databasesystems.Such
methodsprovide simpleandhard-and-fast criteria for decidingwhich pagesto keepin memorygiven their usage
andsize. Examplesof thesemethodsinclude[8, 12, 16]. A relatedareaof researchfocuseson determiningwhich
pageswill likely be referencedin the futureandprefetchingthosepages.For example,KraissandWeikum [10]
provide a comprehensive framework that decideshow to move objectsvertically betweenprimary, secondaryand
tertiarystoragesystemsbasedonaprobabilisticmodelandusagestatistics.While theCAVESsystemcanexploit all
theseresults,CAVES mustextendthemto developstoragemanagementpoliciesthattake into accountcostfactors
associatedwith a distributedarchitectureanddynamicparameters.As a result,theproblemthatCAVES addresses
is differentfrom thetraditionalcachemanagementproblemsaddressedin thepapersabove.

To addressthesedifferentrequirements,theCAVESsystemsusesclient-sidecachingof views. Client-sidedata
cachingandreuseis a commonlyusedqueryoptimizationmethod[3, 4, 5, 15]. In mostcases,thecacheddatais
modeledat the tuple level or at a singlerelationlevel. However, mediatedsystems,multimediaapplications,and
somedatamining applicationsmay storemorecomplex views. See,for example,[2, 17, 18, 19]. Useof view
de�nitions to derive alternatequeryplanssuchasqueryrewriting hasalsobeenanactive areaof research.See,for
example,[6, 11, 13, 14]. While theCAVES systemexploits this previouswork, theintegrationof thesealgorithms
with theassociatedstoragemanagementpoliciesasrequiredby CAVEShasnotbeenexploredin theliteratureyet.

To ourknowledge,thereis nounifying theoreticalframework for specifyingdynamicview replacementpolicies
basedonageneralnotionof precedence.Withoutsuchaframework, it is notpossibleto developaprincipledstorage
managementsystemthathandlesmultiple policiesandthattakesinto accountbothstaticanddynamicfactors.The
CAVESsystemis asigni�cant stepin thisdirection.Thetwo researchprojectsotherthanCAVESthatcomeclosest
to doingthis arethecacheinvestmentstrategiesof FranklinandKossmann[7] andtheDynaMatsystemof Kotidis
andRoussopoulos[9].
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Figure6: Comparisonof averageviews in cacheasa functionof weightcasesacrossall workloadcases.

Franklin andKossmann[7] demonstratethat cachingof views in a distributed systemcanhave a signi�cant
positive impacton queryprocessingperformance.This result is achieved with a simulationstudyusinga variety
of staticandhistory-basedcachingpolicies. Thestudydoesnot includedynamicpoliciesthatvary betweenclient
applicationsandquerytypesasis thecasein theCAVESsystem,however. DynaMat[9] usesa”goodness”measure
to materializeviews at multiple levels to optimizequeryprocessingfor a datawarehouse.It usesthe incoming
queriesto dynamicallyaltertheviews thatarematerialized.DynaMatis designedfor therestricteddomainof adata
cubein adatawarehouse.It usesa �x ed”goodness”measurefor admittinga view into thecacheandmanagingthe
cache.TheCAVESsystemis not focusedonaparticulardomainof applicabilityandemphasizestheuseof dynamic
measuresof goodness.Nevertheless,the DynaMatsystemdemonstratesthat signi�cant performancebene�ts are
possible.Neitherthework of FranklinandKossmannnor DynaMatconsiderusingsimulationto dynamicallytune
theview managementsystemwhile it runs,asis donein theCAVESsystem.

6 Conclusionsand Futur eWork

In this paper, we have discusseda generalarchitecturefor disk boundstoragemanagement.We have shown that
our methodprovidessigni�cant performanceimprovementsover a varietyof workloadswith varyingdemandson
the network and computationalresourcesof distributed servers. We have shown that our architectureintegrates
view reusemethodswith storagemanagement.We have introducedthenotionof dynamicchangeruleson storage
managementprotocols. Theserules allow the systemto optimize its performancebasedon the runtimesystem
parameters.We have shown with experimentalresultsthat the optimal storagemanagementmethodsmay vary
drasticallybasedon variousfactors.Thekey �ndings from thestudyinclude:

� Dynamicweightchangerulesappearto have asigni�cant performancebene�t.
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Figure7: Comparisonof speedupasa functionof weightcasesacrossall cachesizecases.

� Hit countsand/orhit-ratio areimportantparametersfor storagesystem,but shouldbeconsideredin conjunc-
tion with otherfactorsto yield constantlygoodstoragesystemperformance.

� Cachesizedoesnotappearto impactweightchangedecisionsandin factappearto beuniformly goodacross
awide rangeof cachesizes.

� Like cachesize,meanrequesttimedoesnotappearto impactweightchangedecisions.

� Finally, change-turn-around-time (CTAT) doesappearto impactweightchangesandshouldbeconsideredin
thedynamicdecisionprocess.

Wearecurrentlyworkingonautomatedmethodsfor generatingsimulationexperimentsfrom within CAVESand
developingmethodsto interprettheresultsof theseexperiments.Theseresultswill allow usto discover new order
formulasthatmight provide performancegains,optimal cutoff pointsfor dynamicchangerulesandnew dynamic
weight changerules. Therearemany other factorsthat may have a profoundeffect on performancesuchas the
costandavailability of a view reusemethod,thepercentageview use.Suchmethodsarevital for applicationsthat
processlargedatasetssuchasmapdata,datacubes,etc..Weareplanningto runtestsonbothsimulateddataaswell
asreal-life applicationsto develop customizedstoragemanagementprotocolsfor differentscenarios.In addition,
we arecurrentlyplanningto parallelizethesimulationmodelandexpandits capabilitiesto includemany clientsas
well assupporta hierarchyof servers. This parallelsimulationmodelwill allow us to investigateenterpriselevel
con�gurations,aswell asrapidlyexplorethestatespaceof awide rangeof parameters.

18



0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0 5 10 15 20

H
it 

R
at

io

Weight Case

"cachesize0" using 1:3
"cachesize1" using 1:3
"cachesize2" using 1:3

Figure8: Comparisonof hit-ratioasa functionof weightcasesacrossall cachesizecases.

References

[1] T. Blum, D. Keislar, J.WheatonandE. Wold. ”Audio Databaseswith Content-basedRetrieval”, in Proceed-
ings1995IJCAI workshopon IntelligentMultimediaInformationRetrieval, 1995,Montreal,Canada.

[2] S.Chawathe,H. Garcia-Molina,J.Hammer, K. Ireland,Y. Papakonstantinou,J.Ullman,andJ.Widom.”The
TSIMMIS Project:Integrationof HeterogeneousInformationSources.”, in Proceedingsof IPSJConference,
Tokyo, Japan,October1994.

[3] C. ChenandN. Rousopoulos.”The ImplementationandPerformanceEvaluationof theADMS QueryOpti-
mizer: IntegratingQueryResultCachingandMatching”, In Proceedingsof theInternationalConferenceon
ExtendingDatabaseTechnology, 1994.

[4] M.D. Dahlin, R.Y. Wang,T.E. AndersonandD.A. Patterson.”Cooperative Caching:Using RemoteClient
Memory to Improve SystemPerformance”,in First Symposiumon OperatingSystemsDesignandImple-
mentation,1994,pp.267-280.

[5] S. Dar, M. Franklin,B. Jonsson,D. Srivastava andM. Tan.”SemanticDataCachingandReplacement”,in
Proceedingsof the22ndVLDB Conference,1996.

[6] O.DuschkaandM. Genesereth.”AnsweringRecursiveQueriesUsingViews”, in Proceedingsof theSixteenth
ACM SymposiumonPrinciplesof DatabaseSystems,1997.

[7] M. J. Franklin and D. Kossmann,”CacheInvestmentStrategies”, to appearin Transactionson Database
Systems,December2000.

19



0

20

40

60

80

100

0 5 10 15 20

A
vg

. V
ie

w
s 

in
 C

ac
he

Weight Case

"cachesize0" using 1:4
"cachesize1" using 1:4
"cachesize2" using 1:4

Figure9: Comparisonof averageviews in cacheasa functionof weightcasesacrossall cachesizecases.

[8] J.GrayandF. Putzolu,”The 5-MinuteRulefor TradingMemoryfor Disk Accessesandthe10-ByteRulefor
TradingMemory for CPU Time”, in Proc.of theSIGMOD Conferenceon Managementof Data,1987,pp.
395-398.

[9] Y. KotidisandN. Roussopoulos,”DynaMat: A DynamicView ManagementSystemfor DataWahrehourses”,
in Proceedingsof theACM SIGMOD '99 Conference,ACM Press,1999,pp.371-382.

[10] A. KraissandG. Weikum.”IntegratedDocumentCachingandPrefetchingin StorageHirerarchiesBasedon
Markov-chainPredictions”,VLDB Journal,1998.

[11] A. Levy, A. O. Mendelzon,Y. Sagiv, andD. Srivastava. ”AnsweringQueriesUsingViews”, in Proceedings
of theFourteenthACM Symposiumon Principlesof DatabaseSystems,pages95–104,1995.

[12] E.J. O'Neil, P.E. O'Neil and G. Weikum. ”The LRU-K PageReplacementAlgorithm for DatabaseDisk
Buffering” in Proceedingsof theSIGMOD Conferenceon Managementof Data,1993,pp.297-306.

[13] X. Qian. ”Query folding”. In Proceedingsof the Twelfth InternationalConferenceon Data Engineering,
1996.

[14] A. Rajaraman,Y. Sagiv, andJ. D. Ullman. ”Answering queriesusingtemplateswith binding patterns”.In
Proceedingsof theFourteenthACM Symposiumon Principlesof DatabaseSystems,pages105–112,1995.

[15] N. Rousopoulos,C.M. Chen,S.Kelley, A. Dellis, andY. Papakonstantinou.”The MarylandADMS Project:
Views R Us”. IEEEDataEngineeringBulletin, 18(2),1995.

20



1

1.5

2

2.5

3

0 5 10 15 20

S
pe

ed
up

Weight Case

"requesttime0" using 1:2
"requesttime1" using 1:2
"requesttime2" using 1:2

Figure10: Comparisonof speedupasa functionof weightcasesacrossall requesttimecases.

[16] P. Scheuermann,J.Shim,andR. Vingralek.”WATCHMAN: A DataWarehouseIntelligentCacheManager”,
in Proceedingsof the22ndVLDB Conference,1996.

[17] J.D. Ullman.”Information IntegrationUsingLogicalViews”, in Proceedingsof theSixth InternationalCon-
ferenceonDatabaseTheory, 1997.

[18] G.Wiederhold.”Mediatorsin theArchitectureof FutureInformationSystems”,IEEEComputer, March1992,
pps38–49.

[19] J.W. Wong,K.A. Lyons,D. Evans,R.J.Velthuys,G.v. Bochmann,E. Dubois,N.D. Georganas,G. Neufeld,
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Figure11: Comparisonof hit-ratioasa functionof weightcasesacrossall requesttimecases.
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Figure12: Comparisonof averageviews in cacheasa functionof weightcasesacrossall requesttimecases.
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Figure13: Comparisonof speedupasa functionof weightcasesacrossall change-turn-around-time (CTAT) cases.
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Figure14: Comparisonof hit-ratioasa functionof weightcasesacrossall CTAT cases.
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Figure15: Comparisonof averageviews in cacheasa functionof weightcasesacrossall CTAT cases.
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