Visualizing the Impact of the Cache on Program Execution
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Abstract

The global cache missesratio of a program doesnot
reveal the time distribution of the memoryrefeence pat-
ternsin detail. On the other hand, cadche visualizationis
hampeedby the huge amountof memoryrefelencedo dis-
play. Theefore, manyvisualizes focuson a shapshotof
the cache content,insteadof viewing all memorytransac-
tions. In this paper a cache visualizeris introducedwhich
presentsheintegral cachebehaviorof a programin several
complementaryiews. Thedensityview of the cache misses
showshehotspotsoftheprogram;thereusedistancewiew
showsthe datalocality and its effect on performance;the
histagram view showsthe periodical patternsthat occurs
in thetrace In a numberof experimentsthevisualizerhas
beenusedto characterizethecachebehaviorandeffectively
improvethe cache behaviorand program performance
Keywords program visualization, cache, reusedistance
datalocality, looptiling

1. Introduction

Modernarchitecture$aceanever-wideninggapbetween
thememoryspeedandthe processospeed.Usingacache,
a small but fastmemory the delay of a memoryaccesss
reducedvhentherequeste@ddresss alreadystoredin the
cache Otherwiseacachemissoccurswhichstallsthepro-
cessomuntil thememoryaccesss done.With amemoryac-
cesstime exceeding10-20timesthe delay of a cachehit,
cachemissesecomeall important.

Theimpactof thecacheontheperformancef aprogram
is measuredy the cachemissratio, i.e. thefraction of all
memoryaccessenotin the cache.Thisratiois determined
by the memorytrace,the sequence®f memoryaccessesf
a programin execution. It is alsoinfluencedby the cache
hardwareparameterssuchasthecachesize,cachdine size,
setassociatiity andreplacemenpolicy.

Thereare mary tools to measurethe cachemiss ratio,
eitherthrough cachesimulation[10], suchas Dinero [6],
Cprof [8] or sampling from hardware counters like
VTune[7, 1]. Therearealsocompilertechniquedo esti-
matethe cachemissratio analytically[4].

In orderminimize cachemissestransformationgo im-
prove the datalocality [9, 12], suchas loop tiling, loop
fusion, array paddingandarray alignment,have beenpro-
posed.However, in orderto understandhe cachebehaior
in generaprogramspneneeddo look atthehit rateduring
the execution.Severaltoolshave beenintroducedo visual-
ize the cachebehavior. For example,CVT [11] providesa
visualizationof the cachelines duringthe programsimula-
tion. Cacheparametersireallowedto bereconfiguredand
the effect canbe stepwiseobsened.

Rivet [2] visualizescachebehaior through statistical
histogram=f the cachelines. The histogramsshon which
cachdinesaremorefrequentlyused.

Both CVT andRivet visualizethe distribution of refer
encesalongthe cachelines, because¢he numberof cache
lines arerelatively smallin comparisonto the numberof
memoryreference®f a program.However, this doesnt al-
low to visualizethe cacheperformancef awholeprogram,
becausehe cachecontentis frequentlyrefreshedand the
hugedataspaceof a programis obsened troughthe tiny
cachewindow. This makesit difficult to recognizethe data
accesyatterngeneratedby the program.

Therefore,an alternatve way is presentedn this paper
whichis programratherthancachecentered.The millions
of memoryreferencesreshavn in acompactview thatre-
vealsthe globaltemporalpatternof the programexecution
andtheirimpacton the cachebehavior.

In the following sectionthe cachemodel and perfor
mancemeasuresre presented.In section3, differentvi-
sualizationviews are developedwhich help the program-
merto recognizecacheaccespatternsandgive hintsto im-
prove them. In section4, the cachevisualizeris appliedto
anumberof programsandit is shavn how it is possibleto



increaseshehit rateandtheprogramexecution.Theobser

vation of the changeddensityand distribution gives more
informationon why the numberof cachemissesds reduced
by a programtransformation.

2. Cacherepresentation

A cadheline is the block of alignedconsecutie bytes
eachload or storeoperatesn. Definethe sizeof thecache
asC's bytesandthesizeof acachdine asLs bytes.Similar
to a cacheline, the block of consecutie bytesmoved be-
tweenthememoryandthecachen onetransactioris called
amemonyline. An accesso thememoryaddresganhit the
cacheif its memoryline is foundin the cache,or missthe
cacheif its memoryline is notfound.

Eachmemoryline canbe placedin K differentlines of
thecache.K is calledtheassociatiity andacacheis called
K-wayassociativeln particular if K = Cs/Ls, thecache
is calledfully associativeandif K = 1, it is calleddirect-
mapped The setof K cachelinesthata memoryline can
bemappedntois calledacaceset For afully associatie
cache(FAC), the only cachesetis the whole cache.For a
direct-mappedtache(DMC), eachcacheline is a distinct
cacheset.

The cachemissesare distributed in time and catayo-
rized as compulsorymisses,capacitymissesand conflict
misseg6]. Compulsory(cold) missesoccurthe first time
amemoryaddresss cached.Conflict missesoccurwhena
cachesethasto makeroomfor anew memoryaccesswhile
thereis still roomin the cache.Capacitymissesaregener
atedwhenthe cacheis full anda new memoryline enters
thecache.

2.1. Reuse distance

An importantprogramparameteto visualizeis thereuse
distance.Thereis a reuseif the samememoryline is used
againin the program. The reusedistanceis definedasthe
numberof distinct memorylines fetchedbetweentwo ac-
cesse®f the samememoryline. It is alsocalledthe stad
distance

Reusedistanceis a good measureo indicatethe cache
missesn afully associatie cache(FAC). In aFAC, amiss
happengitherbecausé is thefirst timeto accesshemem-
ory line, or it is areuseof amemoryline with reusedistance
greaterthan the numberof cachelines C's/Ls. The for-
mercases calledacompulsoryor cold miss,thelattercase
is calleda capacitymiss. Cold missobviously cannot be
avoided,but capacitymissesnayberemaovedby increasing
thecachesize.

If amissin a K-wayassociatie cachewould nothappen
in a fully associatie cacheof the samesize, it is a conflict
miss. To indicatea conflict miss,the reusedistancecanbe

appliedto a cacheset: the setreusedistanceis the number
of distinctmemorylinesthatarefetchedin the samecache
setbetweertwo accessesf thesamememoryline. We call
thereuseadistancen afully associatie cachethe FAC reuse
distance

Whenareusedistanceis greaterthan K, andthe corre-
spondingFAC reusedistanceis also greaterthan C's/Ls,
this referencds a capacitymiss;if the corresponding-AC
reusedistances lessthanor equalto C's/ Ls, this is a con-
flict miss.

In orderto reducethenumberof cachemissestherefore,
it is oftendesirableto minimizethereusedistances.

2.2. Program instrumentation

To visualizethedynamiccachebehaior of aprogramit
is naturalto show atrace-drvensimulationof the memory
accespatterns.

A trace-drivensimulationrequirego instrumenthepro-
gramin orderto getanaddresgraceof memoryloadsand
stores.Thisis doneeitherby insertinglibrary functioncalls
or outputstatementsit eachdatareference.

Insteadof instrumentinghe binary program,we instru-
mentthe sourceprogramin a compilerto getthe samere-
sult. The drawbackof sourcecodeinstrumentatioris that
its memoryuseis not exactly the sameasthat of an opti-
mizedprogram;on the otherhand,the advantageof source
codeinstrumentations the possibility to tracebackthe ex-
actline in thesourceprogram.

Anotherlimitation of trace-drven simulationis thatthe
loggedtracedatais hugein a memory-intensie program.
Compressiortechniquesllow it to be shrunkto one-ninth
of the plain text. Still a rapid accesss requiredin order
to efficiently visualizethe dynamiccachebehaior of the
the touchedmemorylines. This is solved usinga balanced
AVL treedatastoragevhichallowsdataaccessn O(log N)
time,whereN is thenumberof useddistinctmemorylines.

3. Visualization

The cachebehaior of the programtraceis visualized
in a 2D frame. In orderto presentthe cachebehaior
of the millions of memory referencesn the whole pro-
gramefficiently, amemoryaccesss representetly a pixel,
codedby a color. Consecutie memoryaccessearerepre-
sentedby adjacentpixels, andthe pixel lines are horizon-
tally wrapped.In this way, the programbehaiior becomes
immediatelyvisible asa pattern. The global patternallows
to visualizethe cachebehaior of a programin onesingle
view, andthe superbpatternrecognitioncapabilitiesof man
are usedto discerndifferent cachebehaiiors. Examples
arearegulardataaccessmageor hot spotsindicatingpoor
cachebehaior.



Several possiblefilters are available to reveal different
aspectof the programcachebehavior.

3.1. Density of cache misses

Thedistribution of the cachemissesduring programex-
ecutionis necessaryo identify the areasof congestion.In
this view, cachehits are white and cachemissesare col-
ored. In orderto 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. The detaileddistri-
bution of the coloredpixelsandtheir densityis moreuseful
thanjust having the total numberof misses. An example
is givenin figure 2. It shavs the regular accesspatterns
of a matrix multiplication, with about30% cachemisses,
mostly capacitymisses.This suggestshatthe cacheis not
optimally used.

3.2. Reuse distances

A secondriew showvsthereusealistancesEachreference
is coloredwith a valueaccordingto reusedistancedefined
in section2.1. Onecanselectbetweertwo typesof reuse:
setandfully associatie. Using the setreusedistanceyou
canseethe patternof conflict misseswhile the fully asso-
ciative reusedistanceshaw the capacitymisses An exam-
ple of this view is shawn in figure 8, againfor the simple
matrix multiply.

3.3. Histogram of the grouped references

A histogramview is usedto analyzetheregularity of re-
curringreferencepatternor reusedistancesTheview rep-
resentshorizontallythe patternso analyze(e.g. reusedis-
tances)andvertically the numberof identicalpatterns For
example thefigure9 shonvsthehistogranof reusedistances
with only threelargerpeaksjndicatingthatthedistancebe-
tweenconsecutie memorylinesis very regular.

Finally, in the cachevisualizerit is possibleto highlight
agroupof reference$o thesamememoryline orto anarray
elementby left or right clicking on anindividual reference
in thetraceview. Thena histogramcanbe built basedon
theselectedeferencesThis allowsto relatethe cacheview
to the datalayoutof the program.

4. Experiments

In the following experiments the densityand distribu-
tion patternsof cachemisses,the hot spotsof reusesthe
histogramof the reusedistancesreshown for several pro-
grams. The comparisonof the cachebehaior between
transformedprogram and the original programindicates

#define N 4
doubl e a[N]
doubl e b[N]
doubl e c[N]
void mxm() {
int i,j,k;
#pragma do_trace
for (i=0;i<Ni++) {
for (j=0;j<Nj++) {
c[illi]l = 0;
for (k=0; k<N, k++) {
clilljlI=cli]ljl+a[i][k]*b[K][j];

0
[N
[N
[N

}
}
}

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

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 figure 1.

The pragmastatemenindicateshatthe compilershould
instrumentthe programto generatea memory reference
trace. The instrumentationis done using the SUIF com-
piler [5]. The cachesimulationshavs a configurationof
1 KB direct-mappedachewith 32bytecachdine size. The
cachemisspatternsaareshavn in figure 2.

The cachemissratio is 30%. Cold missesareshavn in
blue, mostly in the upperleft. As canbe expectedthe be-
ginningof theprogramsufferscold missesmorefrequently
to arraysA andB. However, dueto the intermittentaccess
to matrix C, a few cold misseshappenoccasionalltill the
endof thetrace(slanteddownwardline in thefigure).

The capacitymissesare shovn denselyin green. This
patterncomprisesnostof thecachemissesThelargenum-
ber of capacitymissesmay indicatethat the cachesizeis
relatively small. The patternlooksratherregular, sincema-
trix B is thrown out of the cacheat eachiterationof the i
loop.

The conflict missesareshavn in red,evenly spreacover
the whole tracein a regular pattern. Conflict missesare
ratherlow comparedo the capacitymisses.
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(a) Thewhole program

(b) Upperleft corner40x30referencegnlaged

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 bettercachebehaior canbe obtainedwhenthe mul-
tiplicationis reomganizedasfigure 3 usingloop tiling. Now
the inner loops performthe calculations suchthat the re-
sultingtile” of matrix C is completelyobtainedrom asin-
gle readof the correspondingile in matricesA andB. The
outerloops make surethat every tile in matrix C is calcu-
lated. The effect on cachebehavior is visible in figure 4.
andthe improvementover the untiled versionis shavn in
tablel.

4.3. Visualizing effects of cache organization

Thesizeof thecacheaffectsthetotal numberof capacity
missesandthe set-associatity affectsthe numberof con-

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

int i,j,k;

int 1,J,K
#pragma doi sv

for (1=0;I<N;!|+=B1)

for (J=0;J<N, J+=B2) {

for (i=l;i<mn(l+B1, N);i++)
for (j=J;j<mn(J+B2,N);j++)
c[il[i] = 0;
for (K=0; K<N; K+=B3)
for (i=l;i<mn(l+B1, N);i++)

for (j=J;j<min(J+B2, N);j++)
for (k=K; k<mi n(K+B3, N); k++)
clillil=clilljl+ali][KI*b[KI[j];

}

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

@ Thewhole progrém

="

(b) Upperleft corner40x30referenceenlaged

Figure 4. Cache miss patterns of the program
in figure 3.
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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, the memorytraceof of a 1K fully associa-

tive cacheis shavn in figure5. Thereareno conflict misses
(redcolor). This meansgthe conflict missesareremovedin
a 1K fully associatie cache. Enlamging the cacheto 32K
shaws only cold misses(blue), which meanshoth the ca-
pacityandconflict missesareremoved(figure 6).

4.4. Visualizing the reuse distances

In figure 7, the fully associatie cache(FAC) reusedis-
tancesof the untiled programis shavn. The value of the
reusedistanceis indicatedby a color, from blueto red, for
valuesfrom smallto large. This allows to tracethe hot spot
patterndn thememorytrace.Onecanseethatthehot spots
arecloselycorrelatedwith the patternsof cold missesand
capacitymissesn figure 2.

In orderto reducecapacitymisses,a tiling loop trans-
formationis applied,asshawn in figure 3. The FAC reuse
distanceof the executionis shown in figure 8. Onecansee
that thereare much less“hot” reusedistancesafter tiling
comparedvith figure7.

(a) Thewhole program

(b) Upperleft corner40x30referencegnlaged.

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

(a) Thewhole program

(b) Upperleft corner40x30referencegnlaged.

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



4.5. Histogram of reuse distance

In figures9 and10, thehistogramf thereusedistances
areshowvnfor two theoriginalprogramandthetiled version.
The peaksof the reusedistancesndicatethatthe memory
referencesreratherperiodical. This is alsovisible in the
reusedistanceview shavn in figure 7. Furthermorejn the
tiled versionfewer reusedistancesexceedthe numberof
cachelinesthanin the original program,which is the goall
of tiling. As a consequencehe dataremainslongerin the
cachewhich improvesthe programperformance.

Histogram of Reuse distances

cold misses >32 capacity
120000 - 112000
100000 -
80000 -
5200 63600
60000 -
40000 -
20000 4 15600
1200 0 0 0 0 0 0 D 0
O =
infinity 0 1 2 3 4 5 6 7 8 9 10

log2(reuse distance)

Figure 9. The histogram of FAC reuse dis-
tances for matrix multiplication with a 1KB
fully 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.

Histogram of Reuse distances

cold misses >32 capacity
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Figure 10. The histogram view of FAC reuse
distances for tiled multiplication with a 1KB
fully 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 shavn that hugeamountsof cachemissesand
hitscanbeadequatelyepresentedh asmallimage-like pat-
tern, giving valuableinformationto the programmer This
informationcanbe usedby the programmeto improve the
executiontime usinga betterdatalayoutor changethein-
structionorderusingtransformationsuchastiling. In some
instancesthe visualizercanguidethe programmein writ-
ing a morecacheefficientalgorithm. It is believedthatfur-
ther experiencewith the patterncachevisualizerwill show
it to bea valuabletool to overcomethe growing processor
memorydistance.
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