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Abstract

The global cache missesratio of a program doesnot
reveal the time distribution of the memoryreferencepat-
terns in detail. On the other hand,cache visualizationis
hamperedby thehugeamountof memoryreferencesto dis-
play. Therefore, manyvisualizers focuson a snapshotof
the cache content,insteadof viewing all memorytransac-
tions. In this paper, a cachevisualizeris introducedwhich
presentstheintegral cachebehaviorof a programin several
complementaryviews.Thedensityview of thecachemisses
showsthehotspotsof theprogram;thereusedistancesview
showsthe data locality and its effect on performance;the
histogram view showsthe periodical patternsthat occurs
in thetrace. In a numberof experiments,thevisualizerhas
beenusedto characterizethecachebehaviorandeffectively
improvethecachebehaviorandprogramperformance.
Keywords program visualization, cache, reusedistance,
datalocality, loop tiling

1. Introduction

Modernarchitecturesfaceanever-wideninggapbetween
thememoryspeedandtheprocessorspeed.Usinga cache,
a small but fastmemory, the delayof a memoryaccessis
reducedwhentherequestedaddressis alreadystoredin the
cache.Otherwise,acachemissoccurs,whichstallsthepro-
cessoruntil thememoryaccessis done.With amemoryac-
cesstime exceeding10-20times the delayof a cachehit,
cachemissesbecomeall important.

Theimpactof thecacheontheperformanceof aprogram
is measuredby thecachemissratio, i.e. the fractionof all
memoryaccessesnot in thecache.This ratio is determined
by the memorytrace,thesequenceof memoryaccessesof
a programin execution. It is alsoinfluencedby the cache
hardwareparameters,suchasthecachesize,cacheline size,
setassociativity andreplacementpolicy.

Thereare many tools to measurethe cachemiss ratio,
either throughcachesimulation[10], suchas Dinero [6],
Cprof [8] or sampling from hardware counters like
VTune[7, 1]. Therearealsocompiler techniquesto esti-
matethecachemissratioanalytically[4].

In orderminimizecachemisses,transformationsto im-
prove the data locality [9, 12], such as loop tiling, loop
fusion,arraypaddingandarrayalignment,have beenpro-
posed.However, in orderto understandthecachebehavior
in generalprograms,oneneedsto look at thehit rateduring
theexecution.Severaltoolshavebeenintroducedto visual-
ize thecachebehavior. For example,CVT [11] providesa
visualizationof thecachelinesduringtheprogramsimula-
tion. Cacheparametersareallowedto bereconfiguredand
theeffect canbestepwiseobserved.

Rivet [2] visualizescachebehavior through statistical
histogramsof thecachelines. Thehistogramsshow which
cachelinesaremorefrequentlyused.

Both CVT andRivet visualizethe distribution of refer-
encesalongthe cachelines, becausethe numberof cache
lines are relatively small in comparisonto the numberof
memoryreferencesof a program.However, this doesn’t al-
low to visualizethecacheperformanceof awholeprogram,
becausethe cachecontentis frequentlyrefreshedand the
hugedataspaceof a programis observed trough the tiny
cachewindow. This makesit difficult to recognizethedata
accesspatternsgeneratedby theprogram.

Therefore,analternative way is presentedin this paper,
which is programratherthancachecentered.Themillions
of memoryreferencesareshown in acompactview thatre-
vealstheglobaltemporalpatternsof theprogramexecution
andtheir impacton thecachebehavior.

In the following sectionthe cachemodel and perfor-
mancemeasuresarepresented.In section3, differentvi-
sualizationviews are developedwhich help the program-
merto recognizecacheaccesspatternsandgivehintsto im-
prove them. In section4, thecachevisualizeris appliedto
a numberof programs,andit is shown how it is possibleto



increasesthehit rateandtheprogramexecution.Theobser-
vation of the changeddensityanddistribution givesmore
informationon why thenumberof cachemissesis reduced
by a programtransformation.

2. Cache representation

A cache line is the block of alignedconsecutive bytes
eachloador storeoperateson. Definethesizeof thecache
as ��� bytesandthesizeof acacheline as ��� bytes.Similar
to a cacheline, the block of consecutive bytesmoved be-
tweenthememoryandthecachein onetransactionis called
amemoryline. An accessto thememoryaddresscanhit the
cacheif its memoryline is found in the cache,or missthe
cacheif its memoryline is not found.

Eachmemoryline canbeplacedin � differentlinesof
thecache.� is calledtheassociativity andacacheis called
� -wayassociative. In particular, if �	�
�������� , thecache
is calledfully associativeandif ����� , it is calleddirect-
mapped. The setof � cachelines thata memoryline can
bemappedontois calledacacheset. For a fully associative
cache(FAC), the only cacheset is the whole cache.For a
direct-mappedcache(DMC), eachcacheline is a distinct
cacheset.

The cachemissesare distributed in time and catego-
rized as compulsorymisses,capacitymissesand conflict
misses[6]. Compulsory(cold) missesoccurthe first time
a memoryaddressis cached.Conflict missesoccurwhena
cachesethasto makeroomfor anew memoryaccess,while
thereis still roomin thecache.Capacitymissesaregener-
atedwhenthe cacheis full anda new memoryline enters
thecache.

2.1. Reuse distance

An importantprogramparameterto visualizeis thereuse
distance.Thereis a reuseif thesamememoryline is used
againin the program.The reusedistanceis definedasthe
numberof distinct memorylines fetchedbetweentwo ac-
cessesof the samememoryline. It is alsocalledthestack
distance.

Reusedistanceis a goodmeasureto indicatethe cache
missesin a fully associative cache(FAC). In a FAC, a miss
happenseitherbecauseit is thefirst timeto accessthemem-
ory line,or it is areuseof amemoryline with reusedistance
greaterthan the numberof cachelines �������� . The for-
mercaseis calledacompulsoryor coldmiss,thelattercase
is calleda capacitymiss. Cold missobviously cannot be
avoided,but capacitymissesmayberemovedby increasing
thecachesize.

If amissin a � -wayassociativecachewouldnothappen
in a fully associative cacheof thesamesize,it is a conflict
miss. To indicatea conflict miss,thereusedistancecanbe

appliedto a cacheset: thesetreusedistanceis thenumber
of distinctmemorylinesthatarefetchedin thesamecache
setbetweentwo accessesof thesamememoryline. We call
thereusedistancein afully associativecachetheFAC reuse
distance.

Whena reusedistanceis greaterthan � , andthecorre-
spondingFAC reusedistanceis also greaterthan ��������� ,
this referenceis a capacitymiss;if thecorrespondingFAC
reusedistanceis lessthanor equalto �������� , this is a con-
flict miss.

In orderto reducethenumberof cachemisses,therefore,
it is oftendesirableto minimizethereusedistances.

2.2. Program instrumentation

To visualizethedynamiccachebehavior of aprogram,it
is naturalto show a trace-drivensimulationof thememory
accesspatterns.

A trace-drivensimulationrequiresto instrumentthepro-
gramin orderto getanaddresstraceof memoryloadsand
stores.This is doneeitherby insertinglibrary functioncalls
or outputstatementsat eachdatareference.

Insteadof instrumentingthebinaryprogram,we instru-
mentthe sourceprogramin a compilerto get the samere-
sult. The drawbackof sourcecodeinstrumentationis that
its memoryuseis not exactly the sameasthat of an opti-
mizedprogram;on theotherhand,theadvantageof source
codeinstrumentationis thepossibilityto tracebacktheex-
actline in thesourceprogram.

Anotherlimitation of trace-drivensimulationis that the
loggedtracedatais hugein a memory-intensive program.
Compressiontechniquesallow it to beshrunkto one-ninth
of the plain text. Still a rapid accessis requiredin order
to efficiently visualizethe dynamiccachebehavior of the
thetouchedmemorylines. This is solvedusinga balanced
AVL treedatastoragewhichallowsdataaccessin ������������
time,where� is thenumberof useddistinctmemorylines.

3. Visualization

The cachebehavior of the programtraceis visualized
in a 2D frame. In order to presentthe cachebehavior
of the millions of memory referencesin the whole pro-
gramefficiently, amemoryaccessis representedby apixel,
codedby a color. Consecutive memoryaccessesarerepre-
sentedby adjacentpixels, andthe pixel lines arehorizon-
tally wrapped.In this way, theprogrambehavior becomes
immediatelyvisible asa pattern.Theglobalpatternallows
to visualizethe cachebehavior of a programin onesingle
view, andthesuperbpatternrecognitioncapabilitiesof man
are usedto discerndifferent cachebehaviors. Examples
area regulardataaccessimageor hot spotsindicatingpoor
cachebehavior.



Several possiblefilters are available to reveal different
aspectsof theprogramcachebehavior.

3.1. Density of cache misses

Thedistribution of thecachemissesduringprogramex-
ecutionis necessaryto identify theareasof congestion.In
this view, cachehits are white and cachemissesare col-
ored. In order to classify the cachemisses,eachtype is
paintedin a differentcolor (or grey scale):blue(black) for
a compulsorymiss,green(dark grey) for a capacitymiss
andred(light grey) for a conflict miss. Thedetaileddistri-
butionof thecoloredpixelsandtheirdensityis moreuseful
than just having the total numberof misses. An example
is given in figure 2. It shows the regular accesspatterns
of a matrix multiplication, with about30% cachemisses,
mostlycapacitymisses.This suggeststhat thecacheis not
optimallyused.

3.2. Reuse distances

A secondview showsthereusedistances.Eachreference
is coloredwith a valueaccordingto reusedistancedefined
in section2.1. Onecanselectbetweentwo typesof reuse:
setandfully associative. Using the setreusedistanceyou
canseethepatternof conflict misses,while the fully asso-
ciativereusedistancesshow thecapacitymisses.An exam-
ple of this view is shown in figure 8, againfor the simple
matrixmultiply.

3.3. Histogram of the grouped references

A histogramview is usedto analyzetheregularityof re-
curringreferencepatternsor reusedistances.Theview rep-
resentshorizontallythepatternsto analyze(e.g. reusedis-
tances),andvertically thenumberof identicalpatterns.For
example,thefigure9showsthehistogramof reusedistances
with only threelargerpeaks,indicatingthatthedistancebe-
tweenconsecutivememorylinesis very regular.

Finally, in thecachevisualizerit is possibleto highlight
agroupof referencesto thesamememoryline or to anarray
elementby left or right clicking on an individual reference
in the traceview. Thena histogramcanbe built basedon
theselectedreferences.Thisallowsto relatethecacheview
to thedatalayoutof theprogram.

4. Experiments

In the following experiments,the densityanddistribu-
tion patternsof cachemisses,the hot spotsof reuses,the
histogramof thereusedistancesareshown for severalpro-
grams. The comparisonof the cachebehavior between
transformedprogramand the original programindicates

#define N 40
double a[N][N];
double b[N][N];
double c[N][N];
void mxm() {

int i,j,k;
#pragma do_trace

for (i=0;i<N;i++) {
for (j=0;j<N;j++) {
c[i][j] = 0;
for (k=0;k<N;k++) {

c[i][j]=c[i][j]+a[i][k]*b[k][j];
}

}
}

}

Figure 1. The matrix multiplication example .
The pragma statement indicates to generate
a memor y reference trace of the arrays. An
instrumentation compiler based on SUIF is
used to generate the trace output automati-
call y.

whetherthe transformationis effective. More detailscan
alsobefoundin our website[3].

4.1. Visualizing the density of cache misses

As a simple example,considera matrix multiplication
programin figure1.

Thepragmastatementindicatesthatthecompilershould
instrumentthe programto generatea memory reference
trace. The instrumentationis doneusing the SUIF com-
piler [5]. The cachesimulationshows a configurationof
1 KB direct-mappedcachewith 32bytecacheline size.The
cachemisspatternsareshown in figure2.

Thecachemissratio is 30%. Cold missesareshown in
blue,mostly in theupperleft. As canbeexpected,thebe-
ginningof theprogramsufferscold missesmorefrequently
to arraysA andB. However, dueto the intermittentaccess
to matrix C, a few cold misseshappenoccasionallytill the
endof thetrace(slanteddownwardline in thefigure).

The capacitymissesareshown denselyin green. This
patterncomprisesmostof thecachemisses.Thelargenum-
ber of capacitymissesmay indicatethat the cachesize is
relatively small.Thepatternlooksratherregular, sincema-
trix B is thrown out of the cacheat eachiterationof the i
loop.

Theconflictmissesareshown in red,evenlyspreadover
the whole trace in a regular pattern. Conflict missesare
ratherlow comparedto thecapacitymisses.



(a)Thewholeprogram

(b) Upperleft corner40x30referencesenlarged

Figure 2. Cache miss patterns of the matrix
multiplication.Blac k (blue) = cold, dark grey
(green) = capacity , light grey (red) = conflict
misses.

Table 1. Cache misses reduced by tiling
numberof matmult ratio tiled ratio

refers 257600 100.0% 257600 100%

cold 1200 0.5% 1200 0.5%
capa 72366 28.0% 10730 4.2%
conf 5340 2.1% 16900 6.5%
misses 78906 30.6% 28830 11.2%

4.2. Visualizing the improvement of tiling

A bettercachebehavior canbeobtainedwhenthe mul-
tiplication is reorganizedasfigure3 usingloop tiling. Now
the inner loopsperformthe calculations,suchthat the re-
sulting”tile” of matrixC is completelyobtainedfrom asin-
gle readof thecorrespondingtile in matricesA andB. The
outerloopsmake surethat every tile in matrix C is calcu-
lated. The effect on cachebehavior is visible in figure 4.
andthe improvementover the untiled versionis shown in
table1.

4.3. Visualizing effects of cache organization

Thesizeof thecacheaffectsthetotalnumberof capacity
missesandthe set-associativity affectsthenumberof con-

#define min(a,b) ((a)<(b)?(a):(b))
#define B1 5
#define B2 5
#define B3 5
void mxm_tiled() {

int i,j,k;
int I,J,K;

#pragma doisv
for (I=0;I<N;I+=B1)

for (J=0;J<N;J+=B2) {
for (i=I;i<min(I+B1,N);i++)

for (j=J;j<min(J+B2,N);j++)
c[i][j] = 0;

for (K=0;K<N;K+=B3)
for (i=I;i<min(I+B1,N);i++)
for (j=J;j<min(J+B2,N);j++)
for (k=K;k<min(K+B3,N);k++)
c[i][j]=c[i][j]+a[i][k]*b[k][j];

}
}

Figure 3. The tiled matrix multiplication. The
inner loops perf orm the calculations, suc h
that the resultant "tile" of matrix C is com-
pletel y obtained from a single read of the cor -
responding tile in matrices A and B. The outer
loops make sure that every tile in matrix C is
calculated.

(a)Thewholeprogram

(b) Upperleft corner40x30referencesenlarged

Figure 4. Cache miss patterns of the program
in figure 3.



Figure 5. The view of cache miss patterns of
tiled version with a 1kb FAC.

Figure 6. The view of cache miss patterns of
tiled version with a 32kb FAC.

flict misses.
For example,thememorytraceof of a 1K fully associa-

tivecacheis shown in figure5. Therearenoconflictmisses
(redcolor). This meanstheconflict missesareremovedin
a 1K fully associative cache. Enlarging the cacheto 32K
shows only cold misses(blue), which meansboth the ca-
pacityandconflict missesareremoved(figure6).

4.4. Visualizing the reuse distances

In figure7, the fully associative cache(FAC) reusedis-
tancesof the untiled programis shown. The valueof the
reusedistanceis indicatedby a color, from blueto red, for
valuesfrom smallto large.Thisallows to tracethehot spot
patternsin thememorytrace.Onecanseethatthehotspots
arecloselycorrelatedwith the patternsof cold missesand
capacitymissesin figure2.

In order to reducecapacitymisses,a tiling loop trans-
formationis applied,asshown in figure3. TheFAC reuse
distanceof theexecutionis shown in figure8. Onecansee
that thereare much less“hot” reusedistancesafter tiling
comparedwith figure7.

(a)Thewholeprogram

(b) Upperleft corner40x30referencesenlarged.

Figure 7. The view of FAC reuse distances of
matrix multiplication with a 1KB FAC.

(a)Thewholeprogram

(b) Upperleft corner40x30referencesenlarged.

Figure 8. The view of FAC reuse distances of
tiled multiplication with a 1KB full y associa-
tive cache.



4.5. Histogram of reuse distance

In figures9 and10,thehistogramsof thereusedistances
areshownfor two theoriginalprogramandthetiledversion.
The peaksof the reusedistancesindicatethat the memory
referencesareratherperiodical. This is alsovisible in the
reusedistanceview shown in figure7. Furthermore,in the
tiled versionfewer reusedistancesexceedthe numberof
cachelines thanin theoriginal program,which is thegoal
of tiling. As a consequence,thedataremainslongerin the
cache,which improvestheprogramperformance.

Histogram of Reuse distances
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Figure 9. The histogram of FAC reuse dis-
tances for matrix multiplication with a 1KB
full y associative cache. The cold misses are
represented as "infinity" distances and the
distances greater than the number of cache
lines (32) lead to 79200 capacity misses.
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Figure 10. The histogram view of FAC reuse
distances for tiled multiplication with a 1KB
full y associative cache. The total of distance
greater than 32 decreases to 13456. There-
fore the capacity misses are 17% of figure 9.

5. Conclusion

We have shown thathugeamountsof cachemissesand
hitscanbeadequatelyrepresentedin asmallimage-likepat-
tern,giving valuableinformationto the programmer. This
informationcanbeusedby theprogrammerto improvethe
executiontime usinga betterdatalayoutor changethe in-
structionorderusingtransformationssuchastiling. In some
instances,thevisualizercanguidetheprogrammerin writ-
ing a morecacheefficient algorithm.It is believedthatfur-
therexperiencewith thepatterncachevisualizerwill show
it to bea valuabletool to overcomethegrowing processor-
memorydistance.
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