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Abstract

Accesslatencyto secondarystoragedevicesis frequently
a limiting factor in computersystemperformance. New
storage technologies promise to provide greater storage
densitiesat lowerlatenciesthaniscurrentlyobtainablewith
hard diskdrives.MEMS-basedstoragedevicesuseorthog-
onal magneticor physicalrecording techniquesand thou-
sandsof simultaneouslyactiveMEMS-basedread-writetips
to provide high-densitylow-latencynon-volatile storage.
Thesedevicespromiseseektimes10–20timesfaster than
hard drives,storage densities10 timesgreater, and power
consumptionan order of magnitude lower. Previous re-
search hasexamineddatalayoutandrequestorderingalgo-
rithmsthat are analogsof thosedevelopedfor hard drives.
We presentan analytical modelof MEMS device perfor-
mancethat motivatesa computationallysimple MEMS-
basedrequestschedulingalgorithm called ZSPTF,which
has average responsetimescomparable to ShortestPosi-
tioningTimeFirst (SPTF)but with responsetimevariability
comparableto Circular Scan(C-SCAN).

1. Intr oduction

The hugedisparity betweenmemoryaccesstimes and
disk accesstimes has been the subject of extensive re-
search. CPU speedhasbeenincreasingrapidly but disk
accesslatency haslaggedbehind—disktransferrateshave
beenincreasingat 40% per year, while seektimesandro-
tational latency have beenincreasingat lessthan10% per
year [5]. This disparityhascreateda performancebottle-
neckin computersystems.Many techniquesbasedon lim-
iting the seekand rotational latency of a disk drive have
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beendevelopedto improvedisk,andthereforesystem,per-
formance[7, 11, 12, 17, 20].

A new class of secondarystoragedevices basedon
microelectromechanicalsystems(MEMS) [1, 10, 19] cur-
rently being developedpromisesseektimes 10–20 times
fasterthanharddrives,storagedensities10 timesgreater,
and power consumptionan order of magnitude lower.
MEMS devices provide non-volatile storageusing either
physical [19] or magnetic [1] recording techniquesto
achieveextremelyhigh-densitystorage.In orderto achieve
thesehigh densities,MEMS-basedstoragedesignsusea
non-rotatingstoragedevice with storagemediaon onesur-
faceanda large arrayof read/writeheadson anothersur-
facedirectly above thestoragemedia. By moving thesur-
facesrelative to eachother using MEMS actuators,each
read/writeheadcanaccessa regionof thesurface.MEMS-
basedstoragedevices are expectedto have many other
signi�cant advantagesover hard disks, including better
I/O performance,higherthroughput,smallerphysicalsize,
lowerheatdissipationrequirements,andintegratedprocess-
ing andstorage[15]. For all of thesereasons,MEMS-based
storagedevices are an appealingnext-generationstorage
technology. However, the characteristicsof thesedevices
arevery different from thoseof hard drives,and �le sys-
temalgorithmsdesignedfor harddrivesarenot likely to be
optimalfor MEMS-basedstoragedevices.

Previouswork by Grif�n et al. [4] showedthatstandard
disk requestschedulingalgorithms such as First-Come-
First-Served (FCFS),Circular Look (C-LOOK), Shortest
SeekTime First (SSTF), and ShortestPositioningTime
First (SPTF)can be applied to MEMS-basedstoragede-
vices. They foundthat,aswith disks,SPTFgenerallypro-
videsthelowestresponsetimebut exhibitsthegreatestvari-
ationin responsetimes,while FCFShasthe leastvariation
in responsetimes but the highestaverageresponsetime.
Their resultswereobtainedby a relatively direct applica-
tion of the disk-basedconceptsof sector, track,andcylin-
der in which a cylinder consistsof all of the sectorsac-



cessiblewithout seekingin the higher-latency dimension.
However, thefairly signi�cant differencesbetweenMEMS-
basedstorageanddiskssuggeststhat thesedisk-basedal-
gorithmsareunlikely to beoptimal for MEMS-basedstor-
agedevices. In particular, cylinders in disks are areasof
equalseektime, while thephysicallyanalogousregionsof
a MEMS device arenot; the relative costsof seeksin the
two dimensionsarecloseenoughthat it is sometimesless
costly to seeka shortdistancein thehigher-latency dimen-
sion than to seeka long distancein the lower-latency di-
mension.Thegoalof this work is thereforeto discover the
logical analogof a disk cylinder in MEMS-basedstorage
devicesandusethat knowledgeto develop betterMEMS-
speci�c requestschedulingalgorithms.

To develop a better understandingof the accesstime
characteristicsof MEMS-basedstoragedeviceswe created
a device simulatorthat generatesseektimes betweenany
two pointson the device. This allowed us to observe the
seektime equivalenceregions or simply equivalencere-
gions, areasof nearlyequalseektime from any �x edpoint,
analogousto cylinders in a hard drive. Our resultsshow
that unlike harddrives,the equivalenceregionsin MEMS
devicesarenotasinglesectorwidebut arein factrectangu-
lar with aratioof about1:10,indicatingthatit is sometimes
fasterto move a shortdistancelatitudinally than to move
a long distancelongitudinally. This is in direct contrastto
harddrives,wheremostalgorithmsimplicitly assumethat
it is fasterto accessany sectorin the currenttrack thanto
accessany sectorin any othertrack.Theseresultssuggesta
new approachto requestschedulingalgorithmsis warranted
for suchdevices.

Basedon our knowledge of the equivalenceregions
we have developedZSPTF, a new MEMS-speci�c request
schedulingalgorithm. ZSPTFpartitionstheMEMS device
into a two-dimensionalarrayof zonesbasedonequivalence
regions.ZSPTFservicesrequestsby traversingthezonesin
order, servicingrequestswithin eachzonein ShortestPo-
sitioningTime First (SPTF)orderbeforemoving on to the
next zone.

This simple algorithm is shown to have averageseek
times lower than almostall previously publishedMEMS
schedulingalgorithmsincluding First ComeFirst Served
(FCFS), Circular Scan (C-SCAN), ShortestSeek Time
First (SSTF), and Aged ShortestPositioningTime First
(ASPTF).ZSPTFwasonly outperformedby SPTFin ex-
perimentsthatmeasureresponsetimes.However, ZSPTF's
seektime variability is similar to C-SCAN's and signi�-
cantly lower thanSPTF's. Additionally, ZSPTFdoesnot
suffer from the starvation and computationalcomplexity
problemsthatplagueSPTF— ZSPTFis easyto implement,
providescomparableperformance,andensuresfairness.

2. Background
It is importantto note that becauseMEMS-basedstor-

agedevices are still in their infancy, many of the details
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Figure 1. Data layout on a MEMS device .

are still uncertain. There are several proposedarchitec-
tures[3, 10, 15, 19], andwehavebasedthephysicalparam-
etersof our experimentalmodelon the speci�cation from
Carnegie Mellon University (CMU) [3, 15]. While theex-
act performancenumbersdependupon the detailsof that
speci�cation,thetechniquesthemselvesdonot. TheZSPTF
algorithmshouldperformwell regardlessof theexactchar-
acteristicsof theeventualdevicesproduced.

A MEMS-basedstoragedeviceis comprisedof two main
components:groupsof probetips calledtip arraysthatare
usedto accessdataon a movablemediasled. In a modern
diskdrive,datais accessedby meansof anarmthatseeksin
onedimensionabovea rotatingplatter. In a MEMS device,
theentiremediasledis positionedin thex andy directions
by electrostaticforceswhile the headsremainstationary.1

Anothermajordifferencebetweena MEMS-basedstorage
device anda disk is thaton a MEMS device, multiple tips
canbeactive at thesametime. Datacanbethenbestriped
acrossmultipletips,allowing aconsiderableamountof par-
allelism. However, power andheatconsiderationslimit the
numberof probetips thatcanbeactivesimultaneously;it is
estimatedthat200to 2000probeswill actuallybeactive at
once.

Figure1 illustratesthelow level datalayoutof aMEMS-
basedstoragedevice. The mediasled is logically broken
into tip regions, de�ned by theareathat is accessibleby a
singlehead,approximately2000by 2000bits in size.Each
tip in the MEMS device canonly readthe datain its own

1SomeMEMS storagedevice designs,like theIBM Millipede, �x the
sledandmove theheads.Theeffect is thesame—theheadsmove relative
to themedia.



tip region; this limits the maximumsledmovementto the
dimensionsof a singletip region. Thesmallestunit of data
in aMEMS-basedstoragedeviceis calledatip sector. Each
tip sector, identi�ed by thetuple � x � y� ti p� , hasits own servo
informationfor positioningandits own errorcorrectionin-
formation.Thesetof bits accessibleto a singletip with the
samex coordinateis calledatip track, andthesetof all bits
(underall tips) with thesamex coordinateis referredto as
a cylinder. Also, thesetof tip sectorsthatcanbeaccessed
by simultaneouslyactive tips is known asa logical sector.
For fasteraccess,disk sectorscanbestripedacrosslogical
sectors.

3. RelatedWork

Researchershave beenoptimizing storagedevice seek
algorithmsfor secondarystoragedevicesfor decades.Disk
seekalgorithmshave beenstudiedsince the 1960s;Teo-
rey and Pinkerton [18] discussedthe stateof the art in
disk schedulingin 1972. Seltzeret al. [16] discusseddisk
scheduling,noting that Circular LOOK (C-LOOK) per-
formedwell underhigh load,andthatSSTFwassuf�cient
for low load. More generally, researchershave found that
almostany disk seekalgorithmwill suf�ce underlow load;
it is only undermoderatelyhigh load that seekalgorithms
are stressedsuf�ciently to exhibit much performancedif-
ference.Worthingtonetal. [20] conductedamorethorough
studyof diskdrivepositioningalgorithms,includingShort-
est PositioningTime First (SPTF)which, for disk drives,
includesbothdisk armpositioningandrotationallatency.

Though it is possibleto study seekalgorithmsby ex-
amining them in a live system,it is more feasibleto ex-
plorethemusinganaccuratesimulationof astoragedevice.
RuemmlerandWilkes[14] developedanaccuratediskdrive
model,which hassincebeenusedto studydisk seekalgo-
rithms. DiskSimis anotherstoragesimulatorthathasbeen
usedto modelsystembehavior [2], andhasbeenadaptedto
includeMEMS devices.

Recently, therehasbeeninterestin modelingthebehav-
ior of MEMS storagedevices. Grif�n, Schlosser, Ganger,
andNaglehave publishedextensively on the modelingof
MEMS-basedstoragedevices and the optimizationof re-
questschedulingfor suchdevices[3, 4, 15]. They showed
thatfor a limited classof MEMS devices,one-dimensional
placementandschedulingcanbeappliedef�ciently . In that
work, datawasplacedontheMEMS-baseddevicein longi-
tudinallysequentialtracks,similar to tracksonadiskdrive.
However, this methodis preferableonly if a long longitu-
dinal seektakes lesstime than a smaller latitudinal seek.
They found that for MEMS devicesSPTFhadthe lowest
averageaccesstime, but the variability of SPTFwasvery
high,aswould beexpectedfor a greedyalgorithmcontinu-
ally searchingfor theleastexpensive“next step.” They also
exploredthe useof standarddisk-typealgorithmssuchas
SSTFandC-LOOK, with minor modi�cations, on MEMS

devices.Their resultsshow thatsuchalgorithmscanbesuc-
cessfullyadaptedto MEMS storage.

MadhyasthaandYang[8] havealsostudiedMEMSmod-
eling, with an emphasison creatingmoreaccuratemodels
of MEMS devices. They developeda morerealisticaccess
time modelthatdoesnot assumeonly anidealacceleration
andtakesinto accountdampingandrestoringspringforces.
Theirwork informedoneanalyticalseektimeanalysis.

IBM has developeda prototype device, called Milli-
pede[19] that, unlike the CMU model, hasa mediasled
that alsomovesin thez direction. This enablesdatato be
writtenusingtiny physicalmarkson themedia,asopposed
to magneticrecordingusedin theCMU model.Additional
hardware researchis also being doneat Hewlett Packard
andSandiaNationalLaboratory.

4. Modeling SeekTime
An accurateand tractablemodel of seek time is im-

portantfor understandingthe seektime characteristicsof
MEMS-basedstoragedevices. We usedthe positioning
model and physicalparametersprovided by CMU [3, 4]
asthebasisfor our analysis.TheCMU positioningmodel
takesinto accountthe externalforce (constantbut bidirec-
tional, � F), thespringforce,andtheinitial and�nal access
velocities,whichareoppositefor oddandeven-indexedbit
columns. Grif�n et al. [3] usedan iterative approachto
solve the model,which is dif�cult to apply in practice. In
this section,we proposean analytic solution to the CMU
model. A completediscussionis available in a technical
report[6].

Becausetheactuationmechanismsandcontrolloopsfor
x andy positioningareindependentin MEMS–basedstor-
agedevices,positioningin thex andy dimensionscanpro-
ceedin parallel.Therefore,

tseek �

max� tx � ty �

� (1)
wheretseekis theseektime andtx andty aretheseektimes
in thex andy dimensions.

A seek in the x and y dimensionsconsistsof a base
seekplus a settlingtime in thex dimensionandnecessary
turnaroundtimesin the y dimension. tx thusconsistsof a
baseseekplusa settlingtime, tsettle, a functionof thereso-
nantfrequency of thesystem,andty consistsof a baseseek
plus necessaryturnaroundtimes, tturnaround, a function of
the actuatorand spring forces. Both tsettle and tturnaround
can be easily calculatedfrom the physicalparametersof
MEMS-basedstoragedevices.

A baseseekconsistsof two phases:accelerationandde-
celeration.Theactuatorsacceleratethesledtowardthedes-
tination in the accelerationphaseandreversepolarity and
deceleratethesledto its �nal destinationandvelocity in the
decelerationphase.In additionto theactuatorforce,thesled
springsconstantlypull thesledtowardits center-mostposi-
tion. Becausethe kinetic energy of the sled is unchanged
at thebeginningandtheendof a baseseek,we know when
andwhereto reversethepolarityof theactuators:
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wherexm is thepositionat whichactuatorsreversepolarity,
from positive to negative,k is thespringconstant,andF is
theactuatorforce.

The phasesof accelerationand decelerationin a base
seekaredescribedin Equations3 and4:
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ẍ
�




a



kx
m

� (4)

wherem is the sledmass,a is the accelerationby the ac-
tuators,and x is the sled displacement. Consideringthe
marginal conditionsof Equation3 and 4, the seektimes
elapsedduring seekingin the x and y dimensions,tx and
ty, aregivenin Equations5 and6:
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Thephysicalconstantsin Equations5 and6 aregivenor can
beeasilyderivedfrom designparametersof MEMS-based
storagedevices.UsingEquations1, 2,5,and6,wecanvery
accuratelyestimatetheseektimebetweenany two positions
in thesled.

5. SeekTime Analysis
To gaina morecompleteunderstandingof theseektime

characteristicsof MEMS-basedstoragedevices, we con-
ductedexperimentsusingEquations5 and6 andthephysi-
cal parametersprovidedby CMU, shown in Table1. From
agivensector, wecalculatedthephysicaldistanceandseek
time to all othersectorson the device. We examinedtwo
representative locationson thesled: thecenterandthetop-
right corner. Becausetheaccessvelocitiesoneven-indexed
andodd-indexedbit columnsarepositive andnegative, re-
spectively, we examinedtwo tip sectorson even-indexed
andodd-indexed bit columnsfor eachlocation. The sec-
tors we examinedare � 0 � 0

�

and � 25� 0
�

, which are in the

Table 1. Default MEMS­based stora ge device
parameter s.

devicecapacity 3.2GB
numberof tips 6400
maximumconcurrenttips 1280
sledmobility in x andy 100µm
sledaccelerationin x andy 803.6m/s2

sledaccessspeed 28mm/s
sledresonantfrequency 739.0Hz
springfactor 75%
mediabit cell size 40 � 40nm
bitspertip region(M � N) 2500� 2500

center, and � 1250� 1250
�

and � 1225� 1250
�

, whicharein the
top-rightcorner.

Figure 2(a) shows the seektimes to every position on
thesledfrom tip sector � 0 � 0

�

. Theseektimesareshown in
0.1 ms increments,andlarger seektimesareindicatedby
darker colors. Seektimesareindependentof they dimen-
sionmovementswhenthex dimensionmovementsarelarge
becauseof the extra settlingtime in the x dimension.The
jaggedboundariesof thesimilarly coloredregionsindicate
thatseektimesto neighboringtip sectorscandiffer dueto
theunequalnumbersof turnaroundsrequiredto accessthe
data.Theseinterestingeffectsarediscussedfurtherbelow.

Becauseof differentaccessvelocitiesontip sectors� 0 � 0
�

and � 25� 0
�

, theequivalenceregionsfor thesesectorsaredif-
ferentalthoughthestartinglocationsof theseeksareclose.
Nevertheless,theshapesandsizesof equivalenceregionsof
for thesesectorsarealmostidentical.

The shapesof the equivalenceregions are rectangular,
but with jaggedtop andbottomedges.This is due to the
differentnumbersof turnaroundsrequiredto accesseven-
andodd-indexedbit columns.Figures2(b) show theequiv-
alenceregionsfrom thecenterto even-indexedbit columns,
demonstratingclearly that thenon-uniformityin theprevi-
ousgraphswasdueto this effect. Theequivalenceregions
of tip sector � 1250� 1250

�

andtip sector � 1225� 1250
�

that
aredistantfrom thecenterareapproximatelythesamesize
andshapeasthoseof thesectorsnearthecenter.

Theequivalenceregionsin theaboveanalysisexhibit an
x:y sizeratio thatis onaverageabout1:10.Thismeansthat
it is cheaperto move oneunit of distancein thex direction
thanto move morethantenunits in they direction. These
resultssuggestthat datalayout andschedulingalgorithms
that take advantageof this ratio are likely to outperform
thosethatarebasedon a disk-basedmodelof tip cylinders,
whichassumesanimplicit ratioof 1:¥ .

6. The Zone-basedShortestPositioning Time
First Algorithm

Although SPTFhasvery good averageresponsetimes
overawiderangeof requestrates,it suffersfrom ahighco-
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ef�cient of variationin responsetimesandcancausestarva-
tion athighrequestrates[4]. It canalsobecomputationally
intensive for largenumbersof requests.Basedon our seek
timeanalysiswe havedevelopedzone-basedShortestPosi-
tioning Time First (ZSPTF),an algorithmthat, like SPTF,
groupsnearbyrequeststogetherto reduceaverageresponse
time,but alsodramaticallyreducesthecoef�cient of varia-
tion for responsetimes.

ZSPTFdivides the MEMS storagemediainto a set of
zonesbasedon seektime equivalenceregions. Zonesare
servicedin a C-SCANorderandmultiple requestswithin a
zoneareservicedin SPTForder. Onceall of thependingre-
questsin thecurrentzonehavebeenserviced,thealgorithm
moveson to thenext zonewith pendingrequests;zonesin
which thereareno requestswaiting for serviceareskipped
(i.e., thedevicedoesn't actuallyseekto zonesin whichthere
areno requestspending).

AlthoughZSPTFprovidesa high degreeof fairnessin a
waysimilar to C-SCANby servicingzonesin a �x edorder,
its variability tendsto belikeSPTFwhenasteadystreamof
requestskeepsarriving to a singlezone,resultingin poten-
tial starvation. To addresstheproblemof potentialstarva-
tion, we have alsodevelopeda variationof ZSPTF, Zone-
basedarrival-Time-constrainedShortestPositioningTime
First (ZTSPTF).ZTSPTFimprovesthe fairnessof ZSPTF
in a way similar to FCFSby only servicingrequeststhat
arrivebeforeZTSPTFbeginsschedulingrequestsin azone.

The numberof zonesinto which the device is divided
will affect the performanceof the ZSPTF and ZTSPTF
algorithms. Fewer zonesleadsto longer averagequeue
lengthsfor eachzone, allowing SPTF to perform better
within each zone but causinghigher variability of seek
times. Largernumbersof zonesleadsto lower variability,
i.e. greaterfairnessandstarvationresistance,but higherav-
erageseektimes.Theperformanceof ZSPTFandZTSPTF
with severalzonesizeswill beexaminedin Section7.

Figure 3 shows an exampleof partitioning the MEMS
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Figure 3. An example of par titioning the
MEMS stora ge area and the traversed order.
The sled is divided into 12 zones.

storagemediainto 12 zonesandthe order in which zones
aretraversed.Note thateachcell in Figure3 containstwo
zonesbecausewe divideeven-indexedandodd-indexedbit
columnsinto differentzones.

Like SPTF, ZSPTFkeepsthe averageservicetime low
by groupingnearbyrequeststogether, therebyreducingav-
erageseekdistance.UnlikeSPTF, however, ZSPTFguaran-
teesfairnessin awaysimilarto C-SCANbyservicingzones
in a �x edorder. This servicingorderpreventsa largenum-
ber of new requestsin lower-numberedzonesfrom inde�-
nitelydelayingtheservicingof requestsin higher-numbered
zones.ZTSPTFcanevenprovidebetterfairnessby impos-
ing aFCFS-like orderonscheduling.

ZSPTFand ZTSPTFare computationallysimpler than
SPTFandits variants.SPTFmustrecomputetheposition-
ing timeof eachrequestin its queueafterservicingeachre-
quest,andthetimeneededto dosois proportionalto queue
length.With longerqueuelengths,thisrepeatedrecomputa-
tion maynotbepractical.In ZSPTFandZTSPTF, theaver-
agequeuelengthof eachzonewill onaveragebemuchless
thanthatof SPTF. Becausethezonesaresmallandbasedon
seektimeequivalenceregions,thisrecalculationmaynotbe
necessaryaftereachrequest.



Anotheradvantageof ZSPTFis its customizability. The
orderin whichthealgorithmtraversesthezonesis not�x ed;
rather, the order can be storedin an array, allowing easy
conversionfrom a“physical” zonenumberto alogicalzone
numberin constanttime. In thefollowing experiments,we
useda �x edorderanalogousto theoneshown in Figure3.

7. Experimental Analysis
BecauseMEMS storagedevices are not readily avail-

able,we usedDiskSim[2] to simulaterequestsanddevice
service.Thissimulatorhasbeenusedin previousstudiesof
MEMS seekalgorithms[3, 4, 15], makingit a goodchoice
to allow directcomparisonwith prior work in thearea.

Many studiesof accesstime optimizationusetracesof
real �le systemrequeststo producemore realistic results.
We usedtwo traces,labeledserveranduser, thatwerecol-
lectedfrom anHP-UX time-sharingsystemandanHP-UX
workstationin 1999. Thesesystemswerealsotracedand
studiedin 1992[13]. Theserver traceis a one-hoursubset
of the HP Cello news disk (SeagateBarracuda9, 9.1 GB)
tracewith 118,760requests.The usertraceis a one-hour
subsetof the HP Hplajw userdisk (SeagateBarracuda4,
4.3 GB) tracewith 75,304requests.We believe that one-
hour heavy workloadsarelong enoughto exerciserequest
schedulingalgorithmsandreveal their performancediffer-
ence. The averagerequestarrival rateis 33.0 requestsper
secondfor the server traceand 20.9 requestsper second
for theusertrace.Thelogical sequentiality(thepercentage
of requeststhatareat adjacentdisk addressesor addresses
spacedby the�le systeminterleavefactor)of theserverand
usertracesis 0.5%and82.9%,respectively. In general,the
user trace is much more sequentialthan the server trace,
and75.3%of therequestsin theusertracehaveinter-arrival
timeslessthan5 ms.

In order to explore a rangeof workload intensities,we
scalethe tracedinter-arrival times to producea rangeof
averageinter-arrival times. Hence,a scalingfactorof one
correspondsto replayingthe traceat its original speed;a
scalingfactorof two correspondsto halvingthetracedinter-
arrival timesandreplayingthetracetwiceasfast,andsoon.

Becausethecapacitiesof thetraceddisksarelargerthan
the default capacityof a MEMS mediasled(3.2 GB), we
usedmultiplemediasledsin aMEMS-basedstoragedevice
to bridgethegapin capacity. Thenumbersof mediasleds
usedfor theserverandusertracesarethreeandtwo, respec-
tively. Thelow-rangedisklogicalblocknumbers(LBN) are
mappedto low-numberedmediasleds.Thesledsmove si-
multaneouslyandtheir relativepositionsareunchanged.

The layoutof blockson thestoragedevice is an impor-
tant issue. Allocation algorithmsthat take storagedevice
characteristicsinto accounttend to outperformthosethat
do not. For example, the Berkeley Fast File System[9]
groupsrelateddataand metadatainto cylinder groupsin
an effort to reduceseektime. Disk-basedallocationsare
unlikely to be optimal for MEMS-baseddevices, but in

theseexperimentsno attempthasbeenmadeto optimize
the layout for MEMS-baseddevices. Speci�cally, we used
thedisk-analogousMEMS datalayoutproposedby Grif�n
et al. [3, 4]. This layoutfavorssequentialworkloads,aswe
canseein Section8.

To generatetheresultswemodi�ed aversionof DiskSim
to include our seekalgorithms,ZSPTFandZTSPTF, and
ranthenew algorithmsa well astheexistingalgorithmson
thesamerequeststreams.All of thesimulationsin Section8
usedthedefault parametersreportedin Grif�n et al. [4], as
shown in Table1.

7.1. Comparisonof In­Zone Algorithms

Theessenceof zone-basedalgorithmsis to partitionthe
MEMS storagemediainto a set of seek-time-constrained
regionsbasedon seekequivalenceregionsandservicethe
regions in a �x ed order. Onequestionthat arisesis what
schedulingalgorithmto usewithin eachzone.To determine
thiswe implementedseveralin-zoneschedulingalgorithms
and found that SPTFgives the bestoverall performance.
For simplicity, we only discussthe resultsof ZSPTF, ZT-
SPTF, andZone-basedFirst ComeFirst Served (ZFCFS).
Thezonesizewe usedhereis 120 � 1200bits2.

In additionto theaverageresponsetime,anotherimpor-
tant factorfor requestschedulingalgorithmsis thesquared
coef�cient of variationof responsetimes(s 2 & µ2), wheres
is thestandarddeviation of responsetimesandµ is theav-
erageresponsetime. This metricmeasurestheconsistency
of theresponsetimefor requests[18, 20]. A low coef�cient
of variation meansthat the servicetimes for the requests
are likely to be nearthe average,while a high coef�cient
of variationis anindicationthatsomerequestsmaygetfast
serviceat the expenseof othersthat cansuffer starvation.
In other words, it is a measureof fairnessand starvation
resistance.

Figure4 shows theaverageresponsetimesandsquared
coef�cients of variationof responsetimesof FCFS,ZFCFS,
ZSPTF, andZTSPTFwith differenttracescalingfactorsfor
the usertrace. Although the regions in zone-basedalgo-
rithms areseek-time-constrained,a goodin-zoneschedul-
ing algorithmis still critical to avoid unnecessarysettling
andturnaroundtimes. Both FCFSandZFCFShave good
performanceonly under light workloads. ZSPTFoutper-
forms ZTSPTFby 31–122%underthe moderateto heavy
userworkloads.Theoverallstarvationresistanceof ZSPTF
and ZTSPTF are quite similar; ZSPTF has up to 15%
highersquaredcoef�cient of variationthanZTSPTFonly
undermoderateworkloads.ZSPTFandZTSPTFhavevery
similar averageresponsetimesandsquaredcoef�cients of
variation for all rangeof requestarrival ratesof the non-
sequentialserver workloads. In summary, ZSPTFhasthe
bestperformancewith reasonablevariability amongthese
algorithmsunderdifferentworkloads.
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Figure 4. Performance comparison of diff erent in­zone scheduling algorithms on the user trace .

7.2. Potential ZoneSizes
As discussedin Section5, there is a rectangularrela-

tionship betweenequivalenceregions and startingsectors
if we studyequivalenceregionsfor even-indexedandodd-
indexed bit columnsseparately. The sizesof equivalence
regionsof tip sectorsnearthe centerare a little different
from thoseof tip sectorsdistantfrom thecenter, whichsug-
gestsdifferentzonesizesfor differentsectors.However, for
simplicity, we useduniformly sizedzones. As mentioned
above,wefoundthebestratioof width andheightof azone
to bearound1:10.

Thesizeof azoneis determinedby aseektimethreshold
suchthat the seektime betweenany two positionswithin
a zoneshouldbe less than the threshold. The minimum
thresholdmustbe morethan the settling time in the x di-
mension,which is 0.215 ms in our simulations. Using
Equations1, 5, and6, a thresholdof 0.3msgivesuszones
60 � 600bits2 in size.A thresholdof 0.4msgivesuszones
120 � 1200bits2 in size. To make the MEMS mediasled
divisible by thesezonesizes,we slightly changethe sled
mobility in x andy from 100µm to 96µm for simplicity (in
practice,suchachangeis unnecessarybecausethex : y size
ratio of zonescanbe slightly differentfrom 1:10). There-
fore, thebits per tip region is 2400 � 2400.As anextreme
casewe will alsoexaminezones240 � 2400bits2 in size.
For simplicity, we will refer to the ZSPTFand ZTSPTF
algorithmswith zonesizesof 60 � 600, 120 � 1200, and
240 � 2400 bits2 as Z(T)SPTF(60,600), Z(T)SPTF(120,
1200),andZ(T)SPTF(240,2400).

7.3. ZoneSizeResults
Fromthesimulations,we �nd thatalthoughZSPTF(60,

600) hasslightly betteroverall starvation resistancethan
ZSPTF(120,1200), it has12–21%greaterresponsetime
under the heavy non-sequentialserver workloads and
69–118% greater responsetime under the moderateto
heavy sequentialuserworkloads. ZSPTF(120,1200)and
ZSPTF(240,2400) have similar averageresponsetimes
and squaredcoef�cients of variation for all rangeof re-
questarrival ratesof the non-sequentialserver workloads.

ZSPTF(240,2400)outperformsZSPTF(120,1200)by 18–
42% under the moderateto heavy sequentialuser work-
loads.However, ZSPTF(240,2400)suffershigherresponse
time variationthanZSPTF(120,1200). Its squaredcoef�-
cientof variationis higherthanthat of ZSPTF(120,1200)
by 22–142%underthe moderateto heavy sequentialuser
workloads.

Our experimentsshow thatthearrival time constraintof
ZTSPTFand the choiceof the zonesize have no signi�-
cant impacton the performanceandvariability of ZSPTF
undernon-sequentialworkloads. However, they do have
greatimpactonZSPTFundermoderateto heavy sequential
workloads. The arrival time constraintprovidesa higher
degreeof fairnessby boundingthenumberof requestsser-
viced within a zoneto the sizeof the requestqueuewhen
thatzonewasentered,but candegradeperformanceby fail-
ing to take full advantageof the sequentialityof the re-
queststream.Largerzonesizescanimprove performance
by makingtherequestqueuelongerandtheschedulermore
ef�cient but mayresultin higherresponsetime variability.
Basedon its goodperformanceacrossa wide rangeof re-
questratesunderdifferentworkloads,weusedZSPTF(120,
1200)asthe basisfor comparisonagainstexisting request
schedulingalgorithms.

8. Comparisonof ZSPTF with Existing Algo-
rithms

Many disk requestschedulingalgorithmshavebeenpro-
posedandstudiedover theyears.Thesealgorithmscanbe
adaptedto MEMS-basedstoragedevicesoncethesedevices
aremappedontoa disk-like interface.Ourcomparisonsfo-
cuseson � ve: FCFS,C-SCAN,SSTF, SPTF, andASPTF.
FCFShasgood performanceonly under light workloads,
but we include it hereas a baselinefor comparison. C-
SCAN servicesrequestsin ascendinglogical block num-
ber (LBN) order, startingover with the lowestLBN when
the disk armsreachthe edgeof the disk. Our MEMS im-
plementationof SSTFusesthe numberof tracksbetween
the lastaccessedLBN andthedesiredLBN asanestimate



of the seektime. SPTFalways servicesthe requestwith
smallestpositioningdelay[7, 16] from thecurrentposition.
SPTFexplicitly considersbothseektime androtationalla-
tency for disks. For MEMS, SPTFconsidersseektime in
bothx andy dimensions.AlthoughSPTFgenerallyhasthe
bestperformance,it suffers from high responsetime vari-
ability. To addressthis problem,ASPTFwasproposedby
JacobsonandWilkes[7]. Besidesseektime androtational
latency, ASPTFalsoconsidersthetime thattherequesthas
beenwaiting for service. The resultingpositioningdelay,
teff, is givenin Equation7:

teff �

tpos



w
1000

� twait � (7)

wherew is theagingfactor, tpos is thepositioningtime and
twait is thewaiting time.

Theagingfactorw canbevariedfrom zero(pureSPTF)
to in�nity (pureFCFS).Experimentally, wechosew

�

5 be-
causeASPTF(5)exhibitedgoodperformanceacrossarange
of requestrates.In fact,this factoris closeto theagingfac-
tor, 6, proposedfor the disk ASPTFalgorithm in [7, 20].
The reasonis that althoughMEMS-basedstoragedevices
aremuch faster, they have ratiosof requestthroughputto
data bandwidthsimilar to thoseof disks from the early
1990s[4]. Therefore,we comparethe ZSPTFalgorithm
to ASPTF(5).

Figure 5(a) and 5(b) show the averageresponsetimes
of the differentschedulingalgorithmswith different trace
scalingfactorsfor theserver andusertraces.As expected,
FCFShasgood performanceonly under light workloads.
As the tracescaling factor increases,the performanceof
FCFSdegradesdramatically. C-SCANandSSTFalsowork
well under light workloadsbut suffer underheavy work-
loads. SPTFalwayshasthe lowestaverageresponsetime
underall tracescalingfactors.

ZSPTFhasperformancesimilar to thatof C-SCANand
SSTFunderlight andmoderateserver workloadsandsig-
ni�cantly outperformsC-SCAN andSSTF, by asmuchas
a factorof 2.8, underheavy server workloads. ZSPTF, C-
SCAN,andSSTFperformsimilarly underlight userwork-
loads.However, ZSPTFexceedsC-SCANandSSTFby al-
mosta factorof 2–27undermoderateandheavy userwork-
loads.

SPTFandASPTF(5)performslightlybetterthanZSPTF,
by up to 7%, under light workloads. However, SPTF
andASPTF(5)performbetterthanZSPTF, by 10–40%un-
der moderateworkloads. Under heavy server workloads,
ZSPTFsigni�cantly outperformsASPTF(5),by a factorof
1.2–2.6,whoseperformancedegradesbecauseof the ag-
ing effect, andperformsalmostaswell asSPTF. However,
SPTFand ASPTF(5)perform better than ZSPTFby 30–
76% underheavy userworkloads.This is becauseZSPTF
cannottake advantageof thehigh sequentialityof theuser
workloadsasmuchasSPTFandASPTF(5).Thereasonis
thatthedatalayoutwasdoneassuminga disk-basedmodel
rather than a MEMS-basedmodel. This inherentlypun-

ishesalgorithmsthat employ a MEMS-basedmodel. In
the future, we will generateMEMS-speci�c layouts that
will furtherhighlightthebene�tsof MEMS-speci�c request
scheduling.

Whentheworkloadis light, thequeuelengthsof SPTF,
ASPTF, and ZSPTF are all small enoughthat no signif-
icant optimizationcan take placeby reorderingrequests.
And whenthequeuelengthsarelong, all threealgorithms
canachieve excellentperformanceby reorderingrequests.
However, whentheworkloadis moderate,thequeuelengths
of SPTFandASPTF(5)arelong enoughto allow for good
optimization throughreordering,but the queuelength of
eachzonein ZSPTFis too small to allow for any signi�-
cantoptimization.We proposeasolutionto thisproblemin
Section9.

Figure 5(c) and 5(d) show the squaredcoef�cients of
variation of responsetimes of different schedulingalgo-
rithms underdifferent tracescalingfactorsfor the server
and usertraces. In general,FCFShasthe overall lowest
squaredcoef�cients of variationundermoderateandheavy
workloads. However, we are not interestedin it because
of its poor averageresponsetime. C-SCAN and ZSPTF
have similar squaredcoef�cients of variationfor all range
of requestarrival ratesbecauseZSPTFtraversesthe me-
diaareain theordersimilar to thatof C-SCAN.ZSPTFand
ASPTF(5)haveverysimilarsquaredcoef�cient of variation
underlight workloads. ZSPTFhas8–44%highersquared
coef�cient of variationthanASPTF(5)undermoderateand
heavy workloads. SSTFandSPTFsuffer higherviability
of responsetimesthanotherschedulingalgorithmsfor all
rangeof requestarrival rates. SPTFhas16–45%and83–
700%highersquaredcoef�cient of variation thanZSPTF
undermoderateandheavy server anduserworkloads,re-
spectively.

AlthoughASPTF(5)hastheoverallbestperformancein
termsof averageresponsetime andsquaredcoef�cient of
variationof responsetimesunderlight andmoderatework-
loadsandheavy sequentialworkloads(the usertrace),its
highcomputationalcostpreventsits usein realsystems.To
quantifythis,weransomeexperimentsonaLinux machine
(PentiumIII 700MHz, 512MB). We foundthatSPTFand
ASPTFtake 7.1 µs for eachentry in thequeue.Evenwith
table-drivencalculationof arcsinandarccosfunctions,they
took about5.1 µs for eachentry in thequeue.This means
that for a queuelengthof 200 requestsSPTFandASPTF
take morethan1 msto determinewhich requestto service
next. This is longer than the maximumseektime of the
MEMS-basedstoragedevice usingthe default parameters.
Therefore,it is impracticalto apply SPTFandASPTF in
realsystems.By contrast,thequeuelengthof eachzonein
the ZSPTFalgorithmis on average10–100timessmaller
andthecomputationalcostof computingSPTFwithin each
zoneis thereforelimited andtolerable.

Basedon its goodaverageresponsetime,very low coef-
�cient of variation,andlow computationalcost,we believe
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Figure 5. Performance comparison of diff erent scheduling algorithms.

thatZSPTFis anidealalgorithmfor usewith MEMS-based
storagedevices.

9. Future Work
The ZSPTFalgorithm improvesMEMS schedulingby

providing near-SPTF performancewith much lower re-
sponsetime variability at high requestrates. However, it
performslesswell at moderaterequestratesbecausethere
aretoo few requestsin eachzoneto yield muchoptimiza-
tion. To addressthis,weareexploringavariable-sizedzon-
ing techniquecalledpyramiding. In Section7, we showed
thatwith largerzonesizesandappropriatewidth-heightra-
tios,ZSPTFcanachievebetterperformance.Insteadof op-
timizingwithin �x ed-sizezones,pyramidingmergesnearby
zoneswith toofew requestsandschedulesall requestsfrom
themergedzonestogether. Figure6 illustratesanexample
of pyramidingin ZSPTF. In thisexample,ZSPTFcanfunc-
tion aseithera 8 � 1, 16 � 2, or 32 � 4 grid dependingon
the requestrate. Although instantaneousrequestratesare
dif�cult to measure,we can usethe length of the request
queueto approximatetherequestrateandto determinethe
granularityof the grid. Our preliminaryexperimentswith
pyramidingarepromising:wehavefoundthatdynamically
merging up to 16 neighboringzoneseliminateshalf of the
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Figure 6. Fractal breakup of the MEMS device
grid.

performancedifferencebetweenZSPTFandASPTF(5)un-
dermoderateworkloads.

We arealsoexploring datalayout issuesfor MEMS de-
vices. File systemshave long clusteredrelateddata to-
gether;for example,theBerkeley FastFile System[9] lays
out datain cylinder groups. We believe that groupingre-
lateddatawithin zones,similar to a methodsuggestedby
Schlosseretal. [4], andusingazone-basedschedulingalgo-



rithm will provide considerableperformanceimprovement
oversimplyusingmechanismsbasedonlogicalblocknum-
bers.

10. Conclusions
As new typesof storagedevicesaredeveloped,it is nec-

essaryto revisit theissueof schedulingto reduceaccessla-
tency to dataon thedevices.We introduceda new schedul-
ing algorithm, ZSPTF, for MEMS-basedstoragedevices,
andshowedthatZSPTFexhibitsacombinationof highper-
formanceoverawiderangeof requestrateswhile maintain-
ing very low variability over thesamerange.We explored
adesigntrade-off of zonesizefor theZSPTFalgorithmand
showed that the zonesize of 120 � 1200bits2 is the best
amongthesizeswe tested.

Our results show that ZSPTF has better averagere-
sponsetime than FCFS,C-SCAN, and SSTF and better
thanASPTFon heavy non-sequentialworkloads. ZSPTF
also has responsetime variability as much as 50–160%
lower than of that of SPTF. Finally, ZSPTF avoids the
practical implementationproblemsthat plagueSPTFand
ASPTF, makingZSPTFanattractivechoicefor systemsuse
in MEMS devices.

As MEMS-basedstoragedevicesaredevelopedandput
into generaluse,it will benecessaryto modify �le systems
to take full advantageof their uniquecharacteristics.The
ZSPTFalgorithm provides a combinationof high perfor-
mance,low variability, fairness,starvationavoidance,ease
of implementationand customizabilityfor varying device
characteristics,makingit an ideal seekalgorithmfor stor-
agesystemsbuilt aroundMEMS-baseddevices.
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