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Mesh Layouts for Block-Based Caches
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Abstract —Current computer architectures employ caching to improve the performance of a wide variety of applications. One of
the main characteristics of such cache schemes is the use of block fetching whenever an uncached data element is accessed. To
maximize the benet of the block fetching mechanism, we present novel cache-aware and cache-oblivious layouts of surface and
volume meshes that improve the performance of interactive visualization and geometric processing algorithms. Based on a general
1/0 model, we derive new cache-aware and cache-oblivious metrics that have high correlations with the number of cache misses
when accessing a mesh. In addition to guiding the layout process, our metrics can be used to quantify the quality of a layout, e.g.
for comparing different layouts of the same mesh and for determining whether a given layout is amenable to signi cant improvement.
We show that layouts of unstructured meshes optimized for our metrics result in improvements over conventional layouts in the
performance of visualization applications such as isosurface extraction and view-dependent rendering. Moreover, we improve upon
recent cache-oblivious mesh layouts in terms of performance, applicability, and accuracy.

Index Terms—Mesh and graph layouts, cache-aware and cache-oblivious layouts, metrics for cache coherence, data locality.
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1 INTRODUCTION

Mary geometricalgorithmsutilize the computationapower of CPUs
andGPUsfor interacte visualizationandothertasks.A majortrend
over the lastfew decadefasbeenthe wideninggap betweerproces-
sor speedand main memory accessspeed. As a result, systemar-
chitecturesncreasinglyusecachesand memoryhierarchieso avoid
memorylatengy. The accesgimes of differentlevels of a memory
hierarcly typically vary by ordersof magnitude.In somecasesthe
runningtime of a programis as mucha function of its cacheaccess
patternandef ciency asit is of operationcount[10].

Oneof themaincharacteristicef memoryhierarchiess the useof
blockfetchingwheneerthereis acachemiss.Block fetchingschemes
assumehatthereis high spatialcoherencef dataaccessethatallow
repeatedachehits. Thereforefo maximizethebene t of blockfetch-
ing, it is importantto organizeandaccesshedatain acache-coherent
manner Therearetwo standardechniquegor minimizingthenumber
of cachemissescomputatiorreorderinganddatalayoutoptimization.
Computatiorreorderingis performedto improve dataaccesdocality,
e.g. usingcompileroptimizationsor applicationspeci ¢ hand-tuning.
Ontheotherhand,datalayoutoptimizationreorderghe datain mem-
ory sothatits layoutmatchesheexpectedaccesgattern.In thispaper
we focuson computingcache-coheremayoutsof polygonalandpoly-
hedralmeshesin which verticesandcells (e.g. triangles,tetrahedra)
areorganizedaslinearsequencesf elements.

Marny layoutsandrepresentationfriangle strips[8], space- lling
curves[24], stream[14] andcache-obiiious [30] layouts)have been
proposedor cache-cohererdccessHowever, previous layoutshave
either been specializedfor a particular cache[5, 13] or applica-
tion [14,17], including graphand sparsematrix computationg6], or
areconstructve [3,7,8,20,23,30,31] with nomeasuref globallayout
quality neededo establistoptimality, relative rankingamonglayouts,
andcriterionfor driving moregenerabptimizationstrateies. Further
more,while prior metricsmay be suitablefor their intendedapplica-
tions,they arenot particularlygoodestimatorf layoutquality in the
context of block-baseaaching.

Main Results: We proposenovel metricsand methodsto evalu-
ateandoptimizethe locality of meshlayouts.Basedon a general/O
model,we derive cache-wareandcache-oblrious metricsthatcorre-
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(a) row-by-row
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(b) MLA[9]
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(c) Z curve [24]
a: 8.50, g:3.35, ¢: 105

(d) H curve [22] (e) Hilbert curve [24] (f) bWecurve [29]
a:13.15, g:2.87, c: 102 a:9.92, g:2.73, c: 100 a:9.88, 0:2.70, c: 95
Fig. 1. Layouts and Coherence Measures for a16 16Grid: aand g correspond
to the arithmetic and geometric mean index difference of adjacent vertices; c de-
notes the cut, or number of edges that straddle cache blocks. Each block except
the last contains 27 vertices. MLA is known to minimize a, and bWis near-optimal
with respect to g for grids. Our new cache-oblivious measure, g, correlates better

than a with the cut and, hence, the number of cache misses.

latewell with the numberof cachemissesvhenaccessingmeshin a
reasonablgoherentthoughnotspeci ¢ manner Usingthesemetrics,
we emplgy a multi-level recursive optimizationmethodto ef ciently
computecache-coherenayoutsof massve meshesonsistingof hun-
dredsof millions of vertices. We also obsenre that recursvely con-
structedlayouts,regardlessof additionalorderingcriteria, in general
have goodlocality accordingo our metric.

Benets: Ourapproactoffersthe following advantagesover the
currentstateof theart:

Generality: Our algorithmis applicableto ary datasetwhose
expectedaccesgpatterncanbeexpressedn agraphstructure.
Simplicity: Our metricsareconciseandeasyto implement.

Accuracy: Ourderived metricscorrelatewell with theobsened
numberof runtime cachemisses.Henceour metricsare useful
for constructingyoodlayouts.

Ef ciency: Our metricscan quickly quantify the quality of a
givenlayout. If accordingo themetricalayoutalreadyis coher
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ent,no furtherwork is neededo reoiganizeit, which saszestime
andeffort whendealingwith very large meshes.

Performance: Computedlayouts optimized for our metrics
shov performancémprovementsover otherlayouts.

We apply our cache-cohereriayoutsin two applications:isosur
faceextraction from tetrahedrameshesand view-dependentender
ing of polygonalmeshes.In orderto illustrate the generalityof our
approachwe computelayoutsof severalkinds of geometricmodels,
includinga CAD ernvironment,scannednodels,anisosurfice,anda
tetrahedraiesh.We usethesdayoutsdirectlywithouthaving to mod-
ify the runtimeapplication. Our layoutsreducethe numberof cache
missesandimprove the overall performance.

2 RELATED WORK

Cache-etient algorithmshave receved considerableattentionover
lasttwo decadesn theoreticalcomputerscienceandin the compiler
literature. Thesealgorithmsinclude modelsof cachebehaior [28]

and compiler optimizationsbasedon tiling, strip-mining, and loop

interchanging;all of thesealgorithmshave shavn to reducecache
misseg4]. Cache-etient algorithmscanbe classi ed ascomputa-
tion reorderinganddatalayoutoptimization.

2.1 Computation Reordering

Computationreorderingstrivesto achiese a cache-cohererarder of
runtimeoperationsn orderto improve programlocality andreducehe
numberof cachemisses.This is typically performedusingcompiler
optimizationsor application-speci chandtuning.

At a high level, computationreorderingmethodscan be classi-
ed as either cache-awae or cache-oblivious Cache-ware algo-
rithms utilize knowledge of cacheparameterssuchas cacheblock
size[28]. On the otherhand,cache-obliious algorithmsdo not as-
sumeary knowledgeof cacheparameter$10]. Thereis a consider
able amountof literature on developing cache-etient computation
reorderingalgorithmsfor speci c problemsandapplications,nclud-
ing numericabrogramssorting,geometriccomputationsmatrixmul-
tiplication, FFT, andgraphalgorithms.More detailsaregivenin recent
suneys[2,28]. In visualizationandcomputergraphicsput-of-coreal-
gorithmsaredesignedo handlemassie modelsusing nite memory
typically by limiting accesso asmall,cachedsubsebf amodel. A re-
centsuney of thesealgorithmsandtheir applicationds givenin [25].

2.2 Data Layout Optimization

The order in which dataelementsare storedcan have a major im-
pactonruntimeperformanceThereforetherehave beenconsiderable
efforts on computingcache-cohereryoutsof the datato matchits
anticipatedaccesgattern.Thefollowing possibilitieshave beencon-
sidered.

Graph and Matrix Layouts: Graphandmatrix layout problems
fall in the classof combinatorialoptimizationproblems. Their main
goalis to nd alinearlayout of a graphor matrix that minimizesa
speci ¢ objective function. Well knovn minimization problemsin-
cludelineararrangemenfsumof edgelengths,i.e. index differences
of adjacenvertices) bandwidth(maximumedgelength),pro le (sum
of maximumpervertex edgelength),andwavefront (maximumfront
size;seealso[14]). This work hasbeenwidely studiedandan exten-
sive surwy is available[6]. While potentiallyimproving datacoher
ence theselayoutsare not optimal—ornecessarilygood—forblock-
basedcaching.aswe shallseelater.

Rendering Sequences: ModernGPUsmaintaina small buffer
to reuserecentlyaccessegertices.In orderto maximizethe bene ts
of vertex buffers for fastrendering,triangle reorderingis necessary
Thisapproactwaspioneeredy Deering[5]. Theresultingorderingof
trianglesis calledatrianglestrip or arenderingsequenceHoppe[13]
caststhe trianglereorderingas a discreteoptimizationproblemwith
a cost function dependenbn a speci ¢ vertex buffer size. Several
techniquesmprove the renderingperformanceof view-dependenal-
gorithmsby computingrenderingsequencesottailoredto aparticular
cachesize[3,7,17,30].

Processing Sequences: Isenlurg etal. [15] proposedorocess-
ing sequencess an extensionof renderingsequenceso large-data
processing. A processingsequenceepresentsain indexed meshas
interleaved trianglesand verticesthat can be streamedhroughmain
memory[14]. Globalmeshaccesss restrictedto a x edtraversalor-
der; only localizedrandomaccesgo the buffered part of the meshis
supporteasit streamshroughmemory Thisrepresentatiois mostly
usefulfor of ine applications(e.g., simpli cation and compression)
thatcanadapttheir computationgo the x edordering.

Space-Filling Curves: Mary algorithmsusespace- lling curves
[24] to computecache-friendlylayoutsof volumetricgrids or height
elds. Theselayoutsarewidely usedto improve the performanceof
imageprocessing27] andterrainor volumevisualization[20,23]. A
standardnethodof constructinga meshlayoutbasedon space- lling
cunesis to embedhemeshor geometricobjectin auniformstructure
thatcontainghespace- lling curve. GotsmarandLindenbauninves-
tigatedthe spatiallocality of space- lling curves[12]. Motivatedby
searchingandsortingapplicationsWierum[29] proposedisingalog-
arithmic measureof edgelength,resemblingone of our new metrics,
for analyzingspace- lling curve layoutsof regulargrids. Our results,
however, indicatethat space- lling curve embeddingdoesnot work
well for mesheshathave anirregulardistribution of geometrigprimi-
tives.Recently Yoonetal. proposednethodgor cache-coherenay-
out of polygonalmesheg30] andboundingvolumehierarchieg31].
Thesemethodsare constructve in natureand require making a se-
quenceof binary decisionswithout relying on a global measureof
locality. Hence,thesemethodsdependon a particularoptimization
frameavork andcannotbe usedto judgethe quality of alayout.

3 COMPUTATION MODELS

In this sectionwe describean1/O modelfor our cacherepresentation.
We alsoproposebotha graphrepresentatioandprobabilitymodelto
capturethelikelihoodof accessingneshelements.

3.1 /0 Model

Mostmoderncomputersisehierarchieof memorylevels,whereeach
level of memorysenesasa cache for the next level. Memory hier
archieshave two main characteristics.First, lower levels are larger
in sizeandfartherfrom the processqrand hencehave slower access
times. Second,datais moved in blocks of mary elementsbetween
differentmemorylevels. Datais initially storedin the lowestmem-
ory level, typically the disk. A transferis performedwhenerer there
is a cachemissbetweenwo adjacentevels of the memoryhierarcly.
Dueto this blodk fetching mechanismgachemissescanbereducedy
storingin the sameblock dataelementghatareaccessetbgether
We usea simpletwo-level I/O-modelde ned by Aggarwal andVit-
ter [1] that capturesthe two main characteristic®f a memoryhier-
arcly. This modelassumes fastmemorycalled“cache” consisting
of M blocksanda slower in nite memory The size of eachcache
blockis B; thereforethetotal cachesizeis M  B. Datais transferred
betweerthelevelsin blocksof consecutie elements.

3.2 Graph Representation

Ourlayoutalgorithmrequireghespeci cationof adirectedgraphthat
representshe anticipatedruntime accessattern,andin which each
noderepresents dataelement(e.g., meshvertex or triangle). A di-
rectedarc (i; j) betweerntwo nodesindicatesan expectationthatnode
j maybeaccessetnmediatelyafternodei. We chosedirectedgraphs
to represenficcesgatternsjn contrasto the undirectedgraphsused
in Yoonetal. [30], aswe do notnecessarilassumesymmetryin node
accesgpatterns.

LetG= (N;A) beadirectedgraph,whereN is asetof nodesandA
is asetof directedarcs.Thelayoutproblemreducego computingthe
one-to-onemappingj :N! f1;::;jNjg of nodesto positionsin the
layoutthatminimizesthe expectednumberof cachemisses.

We alsorequireprobabilities(asweights)for eachnodeandarcthat
representhelikelihoodof accessinghemat runtime.We derive these
probabilitiesherebasedon the graphstructureby consideringanin-

nite randomwalk over the graph. For eachdirectedarc, (i; j) 2 A,
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let Pr(jji) denotethe probability of accessingnode|j next, giventhat
i wasthe previously accessedode. We de ne P to be a probability

transitionmatrix whose(i; j)th elementequalsPr( jji). Furthermore,
let Pr(i) denotethe probability of accessingnodei amongall nodes
N, andlet x bethen-by-1 columnvectorwhoseith componenequals
Pr(i). Givenaninitial stateof nodeaccessrobabilities,we update
eachnodes probability in x by traversingthe nodes outgoingarcs,
eachwith probability of accessPr(jji). This updateis equivalentto

premultiplyingx by PT. If appliedrepeatedlyx will ultimately con-

vergeto astableequilibrium

x= PTx 1)

of nodeaccesgprobabilities,andwe areinterestedn nding this con-
guration. It shouldbe clearthata vectorx thatsatis esthis criterion
is aneigetvectorof PT with a correspondingigervalueequalto one.

Finally, we de ne P1(i; j) to bethe probability of accessing node
j from anothemodei in the equilibrium state(i.e. the probability of
accessinghearc(i; j) amongall arcsA):

Pr(i; j) = Pr(i)  Pr(jji) 2

Specialization for Meshes: We specializethe probability com-
putationsfor meshesdy assuminghat given a meshvertex i we are
equallylikely to accesary of its neighboringverticesvia traversalof

an out-goingarc. Therefore,Pr(jji) = ﬁ if i and j areadjacent,

andequalszerootherwise. Heredey(i) is the out-degreeof vertex i
(for meshegshein-degreeequalsthe out-degree).Using eigenanalysis

we canthenshaw that Pr(i) = % (seeAppendixA). Thatis, the
probability of accessin@ vertex is proportionalto its degree.As are-
sult, accordingto Eq. (2) we have Pr(i; j) = k. In otherwords,each

A
edgein themeshis equallylikely to beaccessed.

A meshlayout consistsof a pair of independentinear sequences
of verticesand cells. The vertex layout requiresa directedgraph,
G = (N;A), whereN is the setof meshverticesandA is a setof arcs
representing lik ely accespattern.For simplicity, we chooseA to be
thesetof meshedgesn our applicationsFor applicationsuchascol-
lision detectionthat requiregeometriccoherencewe may optionally
includeadditionalarcsthatjoin spatiallynearbyelementsThelayout
of cellscanbeconstructedn asimilarmannere.g.by consideringhe
edgedn thedualgraph.Fromhereon, we usethetermlayoutto refer
to thevertex layoutfor the sale of clarity.

4 CACHE-AWARE LAYOUTS

In this sectionwe derive cache-ware metricsbasedon our computa-
tion modelsanddescribeanef cient layoutalgorithm. Our goalis to

computethe expectedhumberof cachemissesvhenaccessing node
by traversinga singlearc. Sincein our framevork arcsare equally
likely to beaccessedhis measurgyeneralizesrivially to ary number
of accessedlNe considettwo case®f this problem:thecacheconsists
of exactly oneblock (M = 1), or of multiple blocks(M > 1).

4.1 Single Cache Block, M= 1

Sincethecachecanonly holdoneblock,acachemissoccursvheneer

anodeis accessethatis storedin a block differentfrom the cached
block. In otherwords, a cachemissis obsered whenwe traverse
anarc, (i; j), andthe block containingnode j is differentfrom the
block thatholdsi. Therefore the expectednumberof cachemisses,
ECMlB(j ), of alayout,j , for a single-blockcachewith block size B

nodescanbecomputedas:

= & SiB jBi

ECMP(j )= & Pri;j)= i
(i5))2A

(i;)2A
j B8] B(j)

®)

wherej B(i) = % denotegheindex of theblockin whichi resides
andS(x) is theunit stepfunction§(x) = 1if x> 0andS(x) = 0 other

wise. Intuitively speakingECMf’(j ) is thenumberof arcswhosetwo

nodesare storedin differentblocks,i.e. the cut, divided by the total

numberof arcsin thegraph.

Layout algorithm: Constructing a layout optimized for
ECMf(j ) reducesto a k-way graph partitioning problem. Each

directedarc hasa constantweight, J% and we partition the input
graphinto k= dge differentsetsof vertices. Sincegraphpartitioning
is an NP-hardproblem, we rely on heuristics. One good heuristic
is the multi-level algorithmimplementedn the METIS library [18].
Oncethedirectedgraphis partitioned the orderingamongblocksand
theorderof verticeswithin eachblock do not matterin our /O model.

4.2 Multiple Cache Blocks, M> 1

We now assumehatthecacheholdsmultiple blocks.As in thesingle-
block caseacachemisscanoccuronly whenwetraverseanarc,(i; j),
that crossesa block boundaryi.e.,j B(i) = B; 6 Bj = j B(j). How-
ever, unlike the single-blockcase block B; may alreadybe storedin
thecachewhenwe accesg. Thereforeto computetheexpectechum-
berof cachemissedor amulti-block cachewe mustalsoconsidetthe
probability, Preached Bj), thatBj is cachedamongthe M blocks.

In theory Preached Bj) canbecomputeddy exhaustiely generating
all possibleaccesspatternsfor which B(j) is alreadycachedwhen
we accessj from i. Suchblock accesspatternstake on the form

Bj is accessethe secondime. Then,the expectednumberof cache
missesECM,a(j ), for M > 1 cacheblocksof alayout,j , is:

ECMGG )= & Pri;i)(1 Preacnedi °())
(i:)2A
TROLTRO)

(4)

Approximation: Unfortunately generatingall possibleblock ac-
cesspatternsis prohibitively expensve becauseof its exponential
combinatorialnature. Furthermorewe foundthatit is not feasibleto
approximatePreached Bj) Within an error boundwithout considering
avery large numberof accesatterns.However, we conjecturethat
thereis strongcorrelationbetweerECMlB(j ) andthe obsered num-

berof cachemissesOCME, for multiple blocks,which ECME (j ) is
designedo capture.To supportthis conjecturewe computeden dif-
ferentlayoutsof a uniform grid (Fig. 4) andmeasuredhe numberof
cacheamissesncurredin aLRU-basedcacheduringarandomwalk be-
tweenneighboringnodes.We performedwalks long enoughuntil the
obsered numberof cachemisses,OCMf‘, for a single-blockcache
correlatedwell (R2 > 0:99) with our estimateECMlE‘. In this case,
the correlationbetweenECM2 and OCME, for a multi-block cache
(M = 5andM = 52) wasobsenedto bevery high (RZ = 0:97).

Note that thereis, however, a pathologicalcasethat suggestghat
our conjecturds not alwaysvalid. To illustratethis, we rst compute
a spectrallayout, j spe¢ral, anda cache-ware layout, j aware, Opti-
mizedfor a single block. We modify j aware t0 producea new lay-
out, j random: PY performinga seriesof randomswapsof two adjacent
nodesfrom differentblocksuntil j angom hasthe exactsameedgecut
asj spe¢ral- Although the two layouts, j spe¢ral @ndJ random, have

the samevaluefor ECME, we obseredthat; ;angom resultsin mary
fewer cachemissedor multi-block caches We attribute this resultto
the factthat it doesnot take mary local swapsto rapidly boostthe
edgecut. However, theseswapsdo not adwerselyaffect locality since
they generallyincreasenly theconnectiity betweeralreadyadjacent
cacheblocks(i.e. blocksspannedy crossingarcs)thatarelikely to
be cachedogethelin a multi-block cache.

5 CACHE-OBLIVIOUS LAYOUTS

A cache-obliious layout allows good performanceacrossa wide
rangeof blockandcachesizeswhichisimportantdueto thehierarchi-
cal natureof mostcachesystemsaswell asfor portability acrossplat-
formswith differentcacheparametersin this sectionwe preseniour
cache-oblrious metric that measureshe expectednumberof cache
missedor ary block sizeB. For a single-blockcache we derive two
metrics: onewith no restrictionon B, andonethatrestrictsB to be a
power of two. We concludeby brie y discussingnulti-block caches.
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5.1 Single Cache Block, M =1

We now relax the assumptiorof B beinga particularblock sizeand
considermetrics optimized for mary (even an in nite number of)
block sizes.We rst assumehatthe cacheholdsonly a singleblock.
In Sec. 4.1, we derived a cache-ware metric ECME for a single-
block cachewith x edblock sizeB. We heregeneralizethis metric
by consideringall possibleblock sizesB, eachwith its own lik elihood
w(B) of beingemployedin anactualcache Clearlyw(B) is dif cult to
estimatan practice but we will considersomereasonablehoicesbe-
low. We thenexpressour single-blockcache-obiriousmetric, ECM;,
in termsof the cache-awaremetric, ECM2:
t
ECMy(wj ) = & W(B)ECME(j )
B=1

1

®)

w(B B(i B
JAJ(|%2A£ (B)S(jj =) j =()i)

wheret is themaximumblock sizeconsidered.

Assumptions: For simplicity, we will assumehata layout may
startarywherewithin a block with uniform probability! Hencewe
replacethebinarystepfunctionS(x) with theprobabilityPreros{ "ij; B)
thatanarc(i; j) of length™jj = jj (i) j (j)j crossesblockboundary
We have (seeAppendixB):

< 1 ifB
Plosd :B) =~ (iherwise ()
Eq. (5) thenbecomes:
!
. 1 o
ECMy(w;j ) = o a a w(B) + a W(B)

N G2 B=1 B="ij+1

1 z., Z, (7)
= 3 "W(B)dB+  w(B)-JdB

A (i.a (B) oow( )B

)2a 0 i

wherewe have usedintegrals to approximatesummationsn order
to simplify the math. One can shav that this approximationintro-
ducesa nagligible error  Finally, we will attemptto presentour
metricsin their simplestform, e.g. scalingor addition of constants
canbe factoredout without affecting the relative rankingamonglay-
outs reportedby a metric. More generally we considerECM and
f(ECM) equialentmetricsaslong as f is monotonicallyincreasing,
i.e. ECM(j ) < ECM(j 9) f(ECM(j)) < f(ECM(j 9) Notethat
we make suchsimpli cations only to the nal metric value of ECM
andnotto termslike ™ andw thatmake up a metric.

5.2 Arithmetic Progression of Block Size

Without furtherinformation, perhapghe mostnaturalchoicefor w is
to assumehateachblock sizeis equallylikely, i.e. wa(B) = % Stated
differently, we assumehatthe block sizeis dravn uniformly from an

arithmeticsequenc® 2 f kg}c 1- We have:
z., z,
ECMi(Waj ) — a dB+ -LdB
AW j2a 0 i
L ®)
= & i1+ logt log'i))
W iiy2a

Ast grows, 1+ logt log’jj approachetogt. After properscaling,
we arrive at our arithmeticcache-obliviousmetricc COMg:

1 o .
COMa(j )= —= a ij

9)
WA (i)2a

IThis is not unrealistic;e.g. a call to malloc may returnan addressiot
alignedwith a memorypageor lower level cacheblock. Furthermorewe can
shaw thatthis assumptioris not neededf the meshis largeenough.

ez 1 ; ; .
B
BS |7 e
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S & S s Avrithmetic CO metric
g | ot
0 2000 4000 6000 8000 10000
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Fig. 2. Arc Length Dependence of Cache-Oblivious Metrics: These curves
show the per-arc penalty as a function of arc length. Our geometric metric, COMj,
places a large premium on very short arcs while de-emphasizing small differences
in long arcs, whereas our arithmetic metric, COM,, prefers layouts with a more
uniform arc length.

NotethatCOM; is the arithmeticmeanarclength,or equivalentlythe
metricfor lineararrangementThereforethe optimallayoutCOL g for
thismetricis thewell-knovn minimumlineararrangementMLA) [6].

5.3 Geometric Progression of Block Size

The assumptiorthat all block sizesare equallylikely and shouldbe
weigheduniformly is questionable First, this diminishesthe impor
tanceof smallblock sizessincewe mayincludearbitrarily mary large
block sizesby increasing. Secondthe hierarchicalrelationshipbe-
tweennestedcachelevelsis often geometric which suggestshatwe
shouldoptimizefor cacheblock sizesat differentscalesandnot par
ticularly for every possibleblock size. Indeed,mostblock sizesem-
ployedin practicearea power-of-two bytes(e.g.,32Bfor L1, 64B for
L2, 4KB for disk blocks). We thus considerblock sizesdravn uni-

formly from ageometricsequenc® 2 f 2"gk_ :

ECMi(wg;j) ——— & ‘i d|<+Zlgt ' gk
1Wgsj ) e =
9 JA] lgt (i;j)2A 0 |g‘ij 2k
zZ. -
1 o il t ij
== =dB+ —dB (10)
jAjlogt (p2A 1L B i B?
_ 2 . ij
=— a log ijt 1 —
IATOgE 0n !

We note that our restriction on block size is equialentto using a
weightfunctionwg(B) = 1 overall blocksizes.Ast grows, we reach
our geometriccache-obliviousmetric COMq:

|
@) i " (11)

(i:1)2A

1 .
COMy(j ) = ﬂ log’jj = log
(i;1)2A
Theright-handsideexpressioris thelogarithmof thegeometrianean
arclength. Sincelogx is monotonic,we may optionally usethe geo-
metric meandirectly as cache-obliious metric, asis donein Fig. 1.
Fromhereon,we will howveverincludethelogarithmwhenevaluating
COM;y. For simplicity of presentationye hereconsideronly power-
of-two-byteblocksandsingle-bytenodes however onecanshaow that
ary geometricsequence 2 f b*=mg, with baseb and nodesizem
leadsto the samemetricCOMg.

5.4 Properties

Fig. 2 shavs how the metricsCOM, andCOMgy changeasa function
of arclengthfor a singlearc. This graphshavs that COMg puts a
big premiumon very short arcs, and doesnot excessvely penalize
long arcs. This is justi ed by the factthatonceanarcin alayoutis
long enoughto causea cachemiss,lengtheningt will not drastically
increasdhe probability of cachemisses.

We notethat COMy andCOM, are instancesf the power mean,

Mp = Iim & &ijea 34 with p= 0 and p = 1, respectiely.
Equwalently, our new measureCOMy, can be viewed as an exten-
sionof thewell-known p-sum[16] family of graphtheoreticmeasures
thatincludeslineararrangementp = 1), discretespectralsequencing
(p= 2), andbandwidth(p = ¥) [6]. Althoughthecase0< p< 1is
consideredn [21], we arenot awareof prior work for which p= 0.
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Fig. 3. Cache Misses vs. Cache Block Size: We simulated LRU-based caching
for several block sizes and measured the number of cache misses during random
walks between adjacent vertices of the dragon mesh using layouts optimized for
our two metrics. The arithmetic layout results in better performance for block sizes
between 196KB and 8MB, or 97% of the full range of block sizes considered here.
On the other hand, the geometric layout causes fewer cache misses in 73% of all
tested power-of-two-byte block sizes.

5.5 Validation

We derived two cache-obliious metricsfor differentassumption®n
cacheblock sizes. To determinewhetherthe two metricscorrelate
with the actualnumberof cachemisses,we performeda validation
teston the dragonmodel. First we computediwo differentlayouts:
anarithmeticlayout,COL,, anda geometridayout,COLg, optimized
for our two metrics. Then,we performedrandomwalks on the mesh
andmeasuredhe numberof cachemissesfor a rangeof block sizes.
As canbe seenin Fig. 3, COLq resultsin fewer actualcachemisses
over most(73%) of the testedpower-of-two block sizes,althoughthe
range of block sizesover which COL, performsbetteris muchwider
(97%). (Thisiis not readily evidentfrom Fig. 3 dueto the logarithmic
scale.) Hence,whenconsideringalsoall possiblenon-paver-of-two
block sizes,we expectCOL, to performbetteron average. Because
cacheblock sizesemployedin practiceareoftennestedpowers-of-two
bytes,a layoutoptimizedfor COMy is likely to be usefulin practice.

As an additional sanity check, we evaluatedour COMg metric
on several layouts of a uniform grid (Fig. 4). We computedbW-
indexing [29], Hilbert, Z-curve [24], H-order[22], MLA [9], row-by-
row, and diagonal-by-diagonalayoutsof a 256 256 uniform grid
(seealsoFig. 1). We measuredhe actualnumberof cachemisses
duringrandomwalksfor a 4KB single-blockcache.We found strong
correlation,R? = 0:98, betweerthe valueof COMg andthe obsered
numberof cachemissedor this experiment.

Accordingto COMyg, layoutswith increasingspace- lling structure
have betterlocality. We exhaustiely searchedor thelayoutofa4 4
grid thatminimizesCOMg andfoundthe bW space- lling curve [29]
to bethe optimum,closelyfollowed by the Hilbert curve, con rming
corventionalwisdom.Foran8 8 grid, we hadto restrictour exhaus-
tive searchto recursve layoutsdueto combinatorialexplosionof the
searchspace.Hereagain we found bWto be optimal; for all 2" 2"
grids investicated we have not found ary other space- lling layout
with lower COMg. By consideringnon-recursie layoutsproducedy
analternatve (non-exhaustve) optimizationmethod we have howvever
foundlayoutsslightly betterthanbWfor 8 8 andlargergrids.

5.6 Layout Algorithms

To constructayoutsoptimizedfor COM,, we may useexisting MLA
layout algorithms. The MLA problemis known to be NP-hardand
its decisionversionis NP-complete[11]. However its importance
in mary applicationshasinspireda wide variety of approximations
basedon heuristics,including spectralsequencind16]. A moredi-
rect, multi-level algorithmfor MLA is presentedn [19]. Sincelay-
outsminimizing COMj, arenot practicallyusefulfor our purposewe
do notfurtherconsidetthemhere.

To minimize COMg, we proposeusing a minor variation on the
multi-level recursve layoutalgorithmfrom [30] thatis basedngraph
partitioning andlocal permutations.This algorithmrecursvely par
titions a meshinto k (e.g.,k = 4) vertex setsusingMETIS [18] and
computeghelocally bestorderingof thesek setsamongall k! permu-
tations.Theprocesss repeatedintil eachsetcontainsa singlevertex.

Notethatcontraryto thelayoutsin [30], which depencbn a partic-
ular constructve algorithm,our globalmetricsallow usto applyother
optimizationmethodsge.g. basedon simulatedannealinggenetical-
gorithms, steepestlecent,etc. We have, however, found the multi-

Uni-diag
=P~ Bi-diag
=€~ Uni-row
=+=Bi-row
— %= MLA [21]

COLg
—4—Z-curve [24]
—6—H-order [22]
—i—Hilbert [24]
—#—BetaO [30]

Normalized values

COMa
Fig. 4. Correlation between Cache Misses and Our Metrics: We computed
ten layouts of a 256 256 grid and measured the values of COMy and COM, and
the number of cache misses incurred during random walks on the grid. We found
that COMy and the number of cache misses for a single-block and multi-block
(M = 5) cache correlated well, with correlation coef cients R? = 0:98and R? = 0:81,
respectively. COM,, on the other hand, did not predict cache misses well, with
RP= 019 and R?= 0:32 respectively. For this parallel-coordinates plot we
linearly mapped each quantity to the interval [0; 1]. In the row-by-row and diagonal-
by-diagonal layouts, uni- indicates that we traverse each row/diagonal from left to
right; bi- indicates that we alternate direction. CMR denotes cache miss ratio.

COMg CMR,M=1 CMR, M=5

level recursie methodto be quite effective for minimizing COMy,
which canbeexplainedby this metric's goalto measurdocality atdif-
ferentscalesThatis, optimally partitioningameshinto k setsamounts
to computinga cache-aarelayoutfor a block size E Indeed,even
whennot applyingary local permutationsi.e. by randomlyordering
nodeswithin eachset,we obsenedthattheresultinglayoutsyield only
5% morecachemisseghanlayoutslocally optimizedfor COMg.

5.7 Multiple Cache Blocks, M > 1

We canderive a multi-block cache-oblrious metric ECMy, basedon
thecorrespondingache-waremetricECM,\‘% aswedid for thesingle-
block case But sinceevaluatingECME, is computationallyinfeasible,
we again mustresortto using the single-blockmetric ECM; as an
approximation. As evidencedby Fig. 4, we obtain good correlation
(R° = 0:81) betweerCOMq andthe obserednumberof cachemisses
whenusinga cachewith multiple blocks.

6 EVALUATING LAYOUTS

In this sectionwe proposetwo simplewaysof evaluatingthe quality
of layoutsusingour metrics. If alayoutis deemedo be good,it can
be usedwithout expensve reordering,which is especiallyuseful for
massie meshewith millions of vertices.While our cache-wareand
geometriccache-oblious metricsallow ranking differentlayoutsof
a graphor mesh,it is not obvious how to mapthe numericalvalues
they reportfor a single layoutto somenotion of absolutequality or
closenesso optimality. If atight lower boundfor eitherof thesetwo
metricsis known for agraph,we cancomparehis boundwith themet-
ric valueof thelayoutto determindts quality. Unfortunatelyno such
boundfor generagraphsor meshess known. However, empiricalev-
idencesuggestshatfor optimizedlayoutsof unstructuredriangleand
tetrahedramesheswith boundedvertex degreesCOMg dependonly
on the averagevertex degreeand not on meshsize. For ten bench-
mark triangle meshesspanning35K to 880K verticesand optimized
for COMy, we obseredthe geometricneanedgelengthto fall in the
narrav range4:48-487. While pathologicakcasesanbe constructed
for which this measureas unboundedwith respectto meshsize, we
hypothesize¢hatmeshlayoutswith geometricmeancloseto the aver
agedegreearesufciently nearoptimalto be quite usefulin practice.
Futurework is neededo investigatethis hypothesign moredetail.

An alternatve, albeitmore expensve, approacho measurinday-
outquality, is to compareagivenlayout,j , with theoptimizedlayout,
j , constructedby our cache-ware or cache-oblrious layout meth-
ods. Sincethe goal of this comparisoris primarily to avoid lengtty
optimizationwelimit theevaluationto asmallsubgrathO, extracted
from theinput graph,G, andoptimizeonly thelayoutj for G We
presenbur algorithmfor constructingz°belaw.

6.1 Algorithm
We computea small subgraph,G%= (N® A9, of an input graph,
G= (N;A), with N° N andA®= f(i;j) 2 A:i;j 2 N%. Ouralgo-

rithm requiresat mosttwo parametersaratio, p = J]NW? thatspeci es
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(a) Spx tetrahedral mesh (b) Extracted isosurface

Fig. 5. Isosurface Extraction: We measured the performance of isosurface ex-
traction from unstructured tetrahedral meshes. Using our cache-oblivious layout of
the Spx volume mesh with 140K vertices, we were able to reduce cache misses by
5%-50% compared to other layouts. Moreover, our cache-oblivious layout yields
only less than 2% fewer cache misses compared to our cache-aware layout.

the target subgraphsizejN9, andfor the cache-aare casethe block
size,B. For ef ciency, p shouldbesmall,e.g.,0:1%—1%.

Our evaluationalgorithmhastwo major steps:1) samplingthein-
putgraphand?2) constructinganoptimizedlayoutof the sampledsub-
graph.

1. Sampling the input graph: We rst randomlyselecta start
nodein the input graphandaddit to the subgraph.n orderto obtain
a subgrapithatwell re ects the quality of the full layout,j , andthat
allows capturingthe cachebehaior of aprobablesequencef succes-
sive accesseto the graph,we constructconnectedsubsetf G via
breadth- rstregion growing from the start nodeand add all visited
nodesto the subgraph.We alsoaddto the subgraptell the arcsfrom
A thatjoin nodesin N® We continuegrowing until the total number
of nodesin the subgraphs aboutk times(e.g.,k = 5) the block size,
B. If Bis notspeci ed, asin the cache-obliious case we simply set
B to be 8KB, which is commonlyusedfor large pagesizesof virtual
memory

Oncetheregiongrowing stopswe addfor eachnodei 2 NPall other
nodeghatmapto thesamecacheblockasi. We dothisto avoid having
to accounfor intra-block“holes” in thelayoutthatmight otherwisebe
unfairly utilized in the optimizedlayout. This alsoensureshatwe do
not accidentallymisscut edgeshetweensampledblockswith respect
to thecache-waremetric. We do, however, allow for holesdueto un-
sampledlockssincefor incoherentayoutstherecould be arbitrarily
mary suchblocks. We thenrepeatstepl, randomlyselectinga new
startnode,until thenumberof nodegNY is closeto pjN;j.

2. Constructing an optimized layout of the subgraph: We ap-
ply our cache-aareor cache-obliious layoutalgorithmto construct
anew layout,j , of the subgraptandevaluatethe chosermetric for
j andj . We simply usethesenumbergo approximatehe expected
numbersof cachemissesof theinputlayoutandthe optimizedlayout
for thefull graph.If thereis big differencebetweertheseestimategor
the subgraphit is likely bene cial to computeanimproved layout of
thefull graphusingour layoutalgorithm.

We usedthis approachto quickly evaluatethe original layouts of
our benchmarkmodels.Evenfor thelargestmeshesour approximate
methodtakeslessthan10 secondsWe foundthatwe areableto pre-
dict themetricvaluesof thesefull layoutswithin 15%errorusingsub-
graph=of only 6K—-40K vertices eventhoughtheoriginalmeshehave
asmary astensof millions of vertices.

7 RESULTS

In this sectionwe highlight the performancemprovementsobtained
using our cache-cohererliyoutsin two differentapplications:iso-
surface extraction and view-dependentendering. We implemented
our layout computationalgorithm on a 2:8GHz Pentium-4PC with
1GB of RAM. We usedthe METIS graph partitioning library [18]
to computeour cache-aare and cache-oblrious layouts. Also, our
metric hasbeenintegratedinto OpenCClL. an opensourcelibrary for
the layout computation.Our currentunoptimizedimplementatiorof
the out-of-corelayoutcomputationpasedn large parton the method
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Fig. 6. Comparison with Different Layouts in Iso-Surface Extraction: We com-
pared our cache-aware (CAL) and cache-oblivious (COLg) layouts with breadth- rst
(BFL), depth-rst (DFL), Z-curve, spectral (SL), cache-oblivious mesh (COML),
and geometrically sorted layout along the X-axis. We simulated a LRU-based
cache with a block size of 4KB and measured cache misses during isosurface ex-
traction from the Spx model shown in Fig. 5. We also measured the out-of-core
running time of extracting the surface from disk (OoC) and a second time from
memory (IC). Due to the different scales, each quantity is normalized to the unit
interval. We observe that our geometric cache-oblivious metric has strong corre-
lation with both cache misses and running time. CMR indicates cache miss ratio.

in [30,32], processesbout15K trianglesper secondwhich is com-
parablein speedo otherout-of-corelayoutmethodg14,30].

Inducing a Layout: In orderto reducethe layout computation
time, we computeonly oneof the vertex andtrianglelayoutsandin-
ducethe other layout ratherthan computingthe layouts separately
First, we construcia vertex layoutsincethe numberof verticesis typ-
ically smallerthanthe numberof triangles. Hence,the processing
time of a vertex layoutis smallerthanthatof a trianglelayout. Then,
aswe acces®achvertex of the vertex layout, we sequentiallystore
all trianglesincidenton the vertex thathave not alreadybeenaddedo
thetrianglelayout. We foundthatusingtheinducedayoutsat runtime
causesminorruntimeperformancéoss—inourbenchmarklessthan
5% —comparedo usinglayoutsthatarecomputedseparately

7.1 Isosurface Extraction

The problemof extractinganisocontourfrom anunstructurediataset
frequentlyarisesin geographidnformationsystemsandscienti ¢ vi-
sualizationMany ef cient isosurficeextractionmethodsemploy seed
setg[26] to grow anisosurficeby traversingonly thecellsintersecting
the isosurfice. The runningtime of suchan algorithmis dominated
by the traversalof the cells intersectingthe contour We ef ciently
extractan isosurficefrom a seedcell by makinga depth- rst traver-
sal,therebyaccessinghevolumemeshin areasonablgache-coherent
manner

7.1.1 Comparison with Other Layouts

We comparedhe performanceof the isosurficeextractionalgorithm
ontheSpxvolumemesh(Fig. 5) consistingof 140K verticesand820K

tetrahedra.We storedthe volume meshusing eight differentlayouts
(seeFig. 6). We measureadtachemissesduringtwo invocationsof the
samesosurficeextraction.Duringthe rst extraction,we ensuredhat
no partof the modelwascachedn main memory;therefore Joading
the datafrom disk wasthe major bottleneck. During the secondex-

traction of the sameisosurfice,all the datawas alreadyloadedinto

mainmemory;thereforel.1 andL2 cachemissesdominated As seen
in Fig. 6, we obsere strongcorrelationdetweerourgeometriccache-
oblivious metric andboth cachemissesandrunningtimesof theiso-

surfaceextraction.Moreover, our cache-oblriouslayoutyieldsonly a

slight performancealecreaseomparedo our cache-warelayoutop-

timizedfor a block sizeof 4KB. Our layoutsfurthermoreresultin up

to two timesspeedupver the otherlayouts.

7.2 View-dependent rendering

View-dependentenderings frequentlyusedfor interactve displayof
massive models.Thesealgorithmsprecomputea multiresolutionhier
arcly of alargemodel,andatruntime dynamicallysimplify themodel
aslong asthe desiredpixels of error (PoE)tolerancein imagespace
is met. We usetheclusterechierarcly of progressie meshegCHPM)
representatiofrom [32] for view-dependentendering. The CHPM-
basedview-dependentnethodis fastand mostof the frametime is
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Fig. 7. View-Dependent Rendering of Bunny Model: The ACMRs of our cache-
oblivious layout (COLg) are close to the lower bound on ACMR. COL4 consistently
outperforms universal rendering sequences (URS), cache-oblivious mesh layout
(COML), and Hoppe's rendering sequences (HRS) at cache sizes 8 and 64; HRS
is optimized for a cache size in the range 12-16.

spentrenderingthe simpli ed model. We precomputedlifferentlay-
outsandcomparedheir cacheperformancéor threedifferentmodels,
includinga CAD ervironmentof a power plantconsistingof 12 mil-
lion triangles,the Stanfordbunny model,anda subsetof the LLNL
Richtme/er-Meshlov isosurficemodelconsistingof 100M triangles.

To compardhecacheperformancef differentlayoutsduringview-
dependentendering,we usethe aveiage cache missratio (ACMR),
which is de ned astheratio of the numberof vertex cachemissesto
thenumberof renderedrianglesfor aparticularvertex cachesize[13].
To verify the cache-oblrious natureof our layouts,we alsosimulated
a FIFO vertex cacheof con gurablesizeandmeasuredhe ACMR as
afunctionof cachesize.

7.2.1 Comparison with Other Layouts

We comparecur cache-obliiouslayoutwith universal renderingse-
guenceqURS) [3], Hoppes renderingsequencegHRS) [13], em-
beddingusinga Z-orderspace- lling curve, and Yoon et al's cache-
oblivious meshlayouts (COML) [30]. HRS is considereda cache-
awarelayoutsinceit is optimizedfor a given cachesizeandreplace-
mentpolicy. On the otherhand,the Z-curve, URS, and COML are
considerectache-oblious layoutssincethey do not take adwvantage
of ary cacheparameters.

Fig. 7 shavs ACMRsof differentrenderingsequencefor the Stan-
ford bunry model. Sincethe numberof trianglesin the modelis
roughlytwice thenumberof vertices the ACMR is within theinterval
[0:5; 3]. Moreover, it is possibleto computealower bound0:5+ O( %)
on the ACMR, wherek is the size of vertex cache[3]. As canbe
seenthe ACMRsof our layoutarecloseto the lower boundandcon-
sistentlylower thanthoseof URS andCOML amongall testedcache
sizes.Althoughour layoutyields morecachemissesat cachesize 16
thanHRS,which is optimizedfor this size,our layoutshavs superior
performancet cachesizes8 and64. Thisis greatlydueto the cache-
obliviousnatureof our layouts,which achieve goodperformancever
awide spectrunmof cachesizesratherthanoneparticularsize. These
obsered resultsalsocorrelatewith cachemissestimateseportedby
our COMy metric,which for thebunry modelpredictour layoutto be
5%, 17%, and31% betterthanCOML, HRS,andURS, respectiely.
We obseredsimilar resultson theisosurbicemodel.

Fig. 8 shaovs ACMRsfor renderingthe power plantmodel,which
hasaveryirregulargeometriaistribution, usingourlayoutandothers,
includingtheZ-cune. Sincespace- lling curvesmainlyretainlocality
betweenmeshelementsf their geometricdistribution is regular, we
would not expectthe Z-curve layout to resultin good performance
on this irregular mesh. As evidenced,our layout consistentlyyields
better performancethan the Z-curve and the other layouts. This is
correctly predictedby our COMg metric, which estimatesour layout
to be 5%, 29%, and241%betterthanCOML, HRS, andthe Z-curwe,
respectiely.

Finally, we measuredACMRsof COLy andHRS ata cachesizeof
32 aswe decreasetheresolutionof the meshby “subsampling”ver
ticesandtrianglesvia edgecollapseoperationsTherelative positions
of surviving elementswvereretainedin the simpli ed meshes.Since
our COLg layoutmaintaindocality at multiple scalesit is likely to be
coherenin the simpli ed mesh.As expected Fig. 9 showvs our layout
to bemorerobustto simpli cation thanHRS, which is optimizedonly
for the nest meshresolution.
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Fig. 8. View-Dependent Rendering of Power Plant Model: Our new cache-
oblivious layout (COLg) consistently performs better than the Z-curve, Hoppe's ren-
dering sequences (HRS), and Yoon et al.'s cache-oblivious mesh layout (COML)
on the power plant model, which has an irregular geometric distribution.
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7.3 Comparison with COML

The cache-obliious mesh layouts (COML) proposedby Yoon et
al. [30] bearmary similaritieswith ours,in particularwith respecto
performance.Whereaswe consistentlyachiere modestperformance
improvementsover COML, our main motivation for extendingtheir
work wastheir lack of a global measureof layout coherencewhich
manifestdtself asa numberof limitations. COML makesuseof alo-
cal probabilisticmeasureof coherencehat allows making decisions
whethera local permutatiorof a smallnumberof verticesis likely or
notto reducethe numberof cachemisses.This measuraloesnot ex-
tendto awholemeshandit doesnotsatisfytransitiity. Supposehata
local permutationA, is deemedetterthananothedocal permutation,
B, andB is betterthananothera permutationC. However, according
to the COML measureA is not necessarilybetterthanC. For these
two reasonsthe COML measureannotbe usedto evaluateandcom-
parethe quality of layouts. On the otherhand,our nev measures
global andtransitve, andfurthermorecorrelateswith expectedcache
misses And becaus¢his measurés globalandeasyto computejt can
beeasilyintegratedinto layoutcomputatiorframevorksotherthanthe
onepresentedhere.Finally, we startedrom ageneral/O modelfrom
which both cache-aareandcache-obliious measureemeped. It is
notobviousthat COML lendsitself to computingcache-aarelayouts
sinceit fundamentallydoesnotincorporatecacheparameters.

7.4 Limitations

While in mary respectsan improvementover COML, our nev ap-
proachstill hasseverallimitations. Ourlayoutquality estimatiortech-
nigueconsideronly a subsebf a mesh,andmay not be indicative of
quality for unsampledportions. The greedyandrecursve multi-level
methodwe usefor meshlayoutis notlikelyto nd atrueoptimum,and
maynotevencomputea layoutbetterthantheinputlayout. Moreover,
our multi-level methodreliesheavily onthe METIS graphpartitioning
algorithm,whichitself is basecn heuristics Thereforethe partition-
ing resultsmay be far from optimal, asevidencedfor examplewhen
appliedto a uniform grid. Herethe cache-obliiouslayoutsproduced
with METIS and our metric resultin up to 60% more cachemisses
than achieved by space- lling curves, which in a senseprovide op-
timal partitionsof suchgrids. Our layoutsfurthermorehelp perfor
manceprimarily in applicationsvherethe runningtime is dominated
by dataaccessFinally, we requirethe speci cationof a graphto rep-
resentatypical accespattern.Whereaghe connectiity structureof a
meshcanoften be usedto de ne this graph,certainapplicationamay
needa differentsetof nodes,arcs,or accesgprobability assignments
thanthoseautomaticallygeneratedby our method.
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8 CONCLUSION AND FUTURE WORK

We have presenteahovel cache-awareandcache-oblriousmetricsfor
evaluatingthe layout quality of unstructuredyraphsandmeshesWe
basedour metricson a two-level I/O model. Our cache-ware metric
is reducedto countingthe numberof arcswhosenodesare storedin
differentcacheblocks. For the cache-oblrious case we derived two
differentmetricsbasedon differentassumption®n what cacheblock
sizesmay be usedfor caching. Whenappliedequallyto all possible
block sizes,our cache-oblrious metricreducedo the graph-theoretic
metric for minimum linear arrangement.When only power-of-two
block sizesare consideredpur cache-oblious metricis a function
of logarithmic arc length. Equivalently, thesemetricscorrespondo
arithmeticandgeometrioneanarclength.We show thatthereis good
correlationbetweenour metrics and the numberof obsered cache
missedor two differentvisualizationapplications.Moreover, we im-
prove theperformancef theseapplicationdy 5%—100%over several
othercommonlayouts.

Thereare mary avenuesfor future work. In additionto address-
ing someof the limitations of our currentapproachwe areworking
on meshcompressiorschemeso furtherreduceexpensve I/O access
time. One major challengeis to designa compressiormethodthat
both preseresthe meshlayoutand supportsandomaccessothata
meshcanbe accessedisinga coherentout not predeterminedraver
sal. Anotherchallengewould be to extend our currentapproachto
supportmaintainingcoherentayoutsof non-staticneshconnectvity,
e.g. dueto animation,simpli cation, or re nement. Thereis consid-
erableroomfor exciting theoreticalwork onthepropertieof our new,
simple cache-obliious metric, suchas proving what layoutsare op-
timal for 2D and 3D grids, andwhetherour metric producessimilar
“space- lling” optimal layoutsfor unstructuredneshes.Finally, we
expectour metricto have usesin applicationsotherthanvisualization,
suchasacceleratiorof shortespathandothergraphcomputations.

A EIGENANALYSIS FOR MESHES

9e0) Then

Letx beacolumnvectorwith ith componenk; = Pr(i) = A

x is aneigervectorof the probabilitytransitionmatrix, PT, since:
8 Do 3 1 dey(j) g 1 _ deg(i)
(P™i= & PAiDP()= & ——=—"= @& 7= =X
j2N i:i2ad80) A giealA A

Thereforex; is the stationaryprobability Pr(i) thatnodei is accessed.

B EXPECTED EDGE CuUT

Consideran edgeof length™. Thetwo nodesof the edgearealways
storedin differentblockswhenB °, irrespectie of wherewithin a
block the layout starts. Now considerthe caseB > . Thereare”

differentpositionsfor which the edgecrossesa block boundary and
B different positionsat which the layout may start. Therefore,the

probability Preros{ " ; B) thattheedgecrosses block boundaryis é .
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