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Abstract—
We proposethe use of the Con�dence Inter val of estimated

Mean (CIM ), a metric based on statistical sampling theory, to
evaluate the quality of a given phaseclassi�cation and for com-
paring differ ent phaseclassi�cation schemes.Previous research
on phaseclassi�cation used the Weighted Averageof Coef�cient
of Variation (CoVwa) to estimate phase classi�cation quality.
We found that the phase quality indicated by CoVwa could be
inconsistentacrossdiffer ent phaseclassi�cations. We explain the
reasonsbehind this inconsistency and demonstrate the incon-
sistency using data fr om several SPEC CPU2000 benchmark
programs. We show that the Con�dence Inter val of estimated
Mean (CIM ) correctly estimatesthe quality of phaseclassi�cation
with a meaningful statistical interpretation.

I . INTRODUCTION

In recent years,program phaseclassi�cation and predic-
tion techniqueshave witnesseda surge of interest in com-
puterarchitectureresearch.Phaseclassi�cationandprediction
schemesarewidely usedto acceleratemicroarchitecturesim-
ulation by choosinga limited numberof samplesfrom each
phaseand to improve the performanceof adaptive systems
suchasdynamichardwareadaptation,dynamictranslationand
optimizationsystems.

Phaseclassi�cationschemesdivide thedynamicinstruction
streaminto a sequenceof �x ed or variable length intervals.
The similarity of speci�c characteristicscollectedfrom each
interval of execution is used to group the intervals into
phases.Phaseclassi�cation schemesdiffer basedon the type
of characteristicscollected from the program and on the
algorithm usedto perform phaseclassi�cation. For example,
Simpoint [1], a popularof�ine phasedetectionscheme,col-
lects basicblock vectorsfrom eachinterval and usesthe k-
meansclusteringalgorithmto classify the intervals into a set
of phases.

Thequality of a setof phasesis evaluatedby measuringthe
homogeneityof theperformancecharacteristicsof thedetected
phases.In [1]–[5], the Coef�cient of Variation (CoV) of the
performancecharacteristicsof the phasesis usedto estimate
the homogeneityof eachphasedetectedfor a program.CoV
of a phaseis calculatedby dividing the standarddeviation of
theperformancecharacteristicsof thephaseby themean.The
lower theCoV, thehigherthestability of thedetectedphases.
The weightedaverageof the CoV has beenusedin [1]–[5]
to summarizethe CoV obtainedfor eachphaseinto a single
number. We useCoVwa to denotetheweightedaverageof the
CoV.

In this paper, we examinedwhetherCoVwa is a consistent
metric in estimatingthe homogeneityof the detectedphases.

We found thatCoVwa couldgive misleadingresultsfor phase
classi�cation data.As an alternative, we proposethe use of
the Con�dence Interval of the EstimatedMean (CIM), a
metricderivedfrom statisticalsamplingtheory, to consistently
estimate the homogenietyof the classi�ed phasesand to
comparethe quality of phasedetectionschemes.We show
performancedatacollectedfrom the SPEC2000benchmarks
to supportthis observation.

I I . MOTIVATION

Phaseclassi�cation divides the dynamicinstructionstream
of a programinto N intervals,asshown in Figure1. Intervals
exhibiting similar programcharacteristicsaregroupedinto the
samephase.The coef�cient of variation(CoV) is usedin [2]
to evaluatethehomogeneityof theperformancecharacteristics
of thephasesdetectedby variousphaseclassi�cationschemes.
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Fig. 1. PhaseClassi�cation: Programis divided into N �x ed intervals.
Phaseclassi�cationschemeclassi�es N intervals into L phases.Phasei has
N i homogeneousintervals. So N =

P L
i =1 N i .

The CoV of a phase is a dimensionlessquantity that
measurestheamountof performancevariationwithin a phase.
It is calculatedusing the formula CoV = S

X
whereS is the

standarddeviation of the phase,X is the meanperformance
of the phaseand X 6= 0 [6]. The CoVs of different phases
of a programare typically reducedto one numberto enable
comparisonof different phaseclassi�cationsof a benchmark
program.This is done for eachphaseclassi�cation scheme
by taking the weightedaverageof the CoVs of the multiple
phases.The weightedaverageof the CoV, denotedCoVwa,
is calculatedusing the formula

CoVwa =

LX

i =1

�
N i

N
� CoVi

�
(II.1)

whereL is thetotal numberof phasesdetectedin theprogram,
N i is thenumberof intervalsin phasei , CoVi is thecoef�cient
of variationof phasei , andN =

P L
i =1

N i is the total number
of intervals in theprogram.Note that, if thenumberof phases
L=1, thenCoVwa reducesto CoV.



CoVwa is usedto measurethequalityof phaseclassi�cation
or to comparedifferent phaseclassi�cation schemesin [1]–
[5]. Thesetof phasesthathasthesmallestvaluefor CoVwa is
consideredthemosthomogeneous,andthephaseclassi�cation
schemethat generatesthis set of phasesis consideredto be
superiorto otherschemesunderconsideration.

TABLE I
PERFORMANCE STATISTICS OF A HYPOTHETICAL PROGRAM

Statistics Original With PhaseClassi�cation
Data P1 P2

Numberof Intervals 30,000 10,000 20,000
Mean 2.43 0.29 3.49
SD 1.55 0.60 0.03
%CoV 63.89 207.72 0.8

Let usconsiderahypotheticalexampleprogramdividedinto
30,000�x ed length instruction intervals. Let the intervals in
the programbe classi�ed into two phases,P1 and P2, with
10,000and 20,000 intervals in the two phases,respectively.
Themean,standarddeviation andCoV of theperformanceof
the programbefore and after phaseclassi�cation are shown
in Table I. The CoV before phaseclassi�cation is 63:89%
and the CoVwa after phaseclassi�cation is 69:68%, which
is 8:43% more than the CoV before phaseclassi�cation.
Thesevaluesindicate that phaseclassi�cation has degraded
the homogeneityof the programbehavior. This conclusionis
counter-intuitive,however, sincethestandarddeviationof each
phaseafter phaseclassi�cation is reducedwhencomparedto
the standarddeviation of the entireprogram.

TABLE II
PERFORMANCE STATISTICS OF A HYPOTHETICAL PROGRAM WITH THE

MEAN SHIFTED BY 0.5

Statistics Original With PhaseClassi�cation
Data P1 P2

Numberof Intervals 30,000 10,000 20,000
Mean 2.93 0.79 3.99
SD 1.55 0.60 0.03
%CoV 53.00 76.15 0.72

Now, let us shift the databy adding0:5 to the performance
of every interval of the program,as shown in Table II. A
linear shift in the datachangesthe meanvalue,but doesnot
affect its standarddeviation since shifting the data doesnot
changethe distribution of thedataaroundthemean.Theshift
increasesthe mean in Table II by 0:5 comparedto that in
TableI, while keepingthestandarddeviationunchanged.Since
CoV is the ratio of the standarddeviation to the mean,the
increasein the valueof the meancausesthe CoV in Table II
to decrease.Now the CoV beforephaseclassi�cation is 53%
while the CoVwa after phaseclassi�cation is 25:89%, which
is 51:2% smaller when comparedto the CoV before phase
classi�cation.Hence,for the shifteddata,the metricsindicate
that thephaseclassi�cationhasimprovedthehomogeneityby
51:2%.

The above exampleclearly indicatesa problemwith using
CoVwa to evaluate the quality of programphaseclassi�ca-
tions. In this example,the magnitudeof averageperformance
within eachphasehasa large effect on CoVwa. The apparent

gain in homogeneitydue to phaseclassi�cation indicated
by CoVwa can be changeddramatically by changing the
averageperformanceof eachphase,while keepingthestandard
deviation constant.

CoVwa can be meaningfully applied and correctly inter-
preted only when the mean is proportional to the standard
deviation in all of the data sets from which the CoVs are
derived [7], [8]. In other words, CoVwa has a meaningful
statisticalinterpretationonly when we have prior knowledge
thatall phasesdetectedin a programhave thesameunderlying
CoV and that the differencesseenin the CoVs are purely
dueto randomvariations.This conditionis very restrictive and
neednotbesatis�edby thesetof phasesdetectedin aprogram.
The example shown in this section violated this condition
to a greaterdegree,and hencecounter-intuitive resultswere
obtained.The effects of using CoVwa when analyzing the
quality of phasesobtainedin the SPECCPU2000benchmark
programsis discussedin SectionIV.

In the next section,we describethe Con�dence Interval
of estimatedMean (CIM), a metric derived from statistical
sampling theory. CIM can be used instead of CoVwa to
estimatethe quality of phaseclassi�cation schemes.

I I I . CONFIDENCE INTERVAL OF ESTIMATED MEAN (CIM)

The Con�denceInterval of EstimatedMean,denotedCIM,
is ametricderivedfrom statisticalsamplingtheory. In Sections
III-A andIII-B we discussthetheorybehindCIM andexplain
how it can be usedto evaluateprogramphaseclassi�cation
quality.

A. CIM Theory

Let a program's dynamic instruction sequencebe divided
into N equalintervals, asshown in Figure2(a). Let X be the
averageperformanceof the N intervals of the program.X is
calculatedusing the formula [6],

X =

P N
i =1

x i

N

where x i is the performanceof the i th interval. X is typi-
cally estimatedusinga microarchitecturesimulatorduring the
design stagesof the microprocessor. The large numbersof
intervals in benchmarkprograms,when combinedwith slow
microarchitecturesimulators,make it practicallyimpossibleto
measurethe performanceof completebenchmarkprograms.
Simple RandomSamplingis one way to solve this problem.
In simple randomsamplingan estimateof the averageper-
formanceof the programcan be obtainedby measuringin
detail only a small number(n) of randomlyselectedintervals.
The averageperformanceobtainedby measuringn intervals,
denotedx, is calledtheestimatedmean. It is computedby the
formula [6],

x =

P n
i =1

x i

n
Figure 2(a) shows how n intervals can be sampledfrom N
intervals in k different experiments(trials). There are k =� N

n

�
different ways to selectn randomintervals from the N

possibleintervals. Each selectionhas a unique value for x,
which could be similar to or different from X , the true mean
of the N intervals. The

� N
n

�
estimatesof meanperformance
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Fig. 2. SimpleRandomSamplingandStrati�ed RandomSamplingof Intervals in a program

form a distribution aroundthe true meanX . This distribution
is called the samplingdistribution. If n is reasonablylarge
(n > 30), then accordingto the CentralLimit Theorem,the
samplemeansare normally distributed aroundthe true mean
X , asillustratedin Figure2(c).Thestandarderrorof estimated
mean,denotedby SE (x), measuresthespreadof thesampling
distribution around the true mean X . SE (x) is calculated
using the formula [6],

SE (x) =
S

p
n

r
(N � n)

N

whereS is the standarddeviation of the N intervals,andn is
the numberof intervals that are sampledfrom N intervals.
SE (x) is used to estimate the accuracy of the sampling
process.A small SE (x) implies that the differencebetween
mostof the

� N
n

�
estimatesof the mean,x, andthe true mean,

X , is small.
The con�dence interval of the estimatedmean can be

calculatedusing the formula [6]

x � z1� �= 2SE (x)

wherez1� �= 2 is the 100(1 � � =2) percentileof the standard
normaldistribution [6]. Herez1� �= 2SE (x) is thewidth of the
interval. CIM is thepercentageof thewidth of thecon�dence
interval with respectto its mean.It is calculatedusing the
formula [6],

CI M =
z1� �= 2SE (xst )

x
� 100

Simple randomsamplingis the simplestform of statistical
sampling.It doesnot require phaseclassi�cation of the in-
tervals. SMARTS [9] is a form of simple randomsampling
frequentlyapplied to microarchitecturesimulation.The only
way to reduceSE (x), the error in the estimatedmean, in
simple randomsamplingis by increasingthe valueof n.

Strati�ed random sampling is another form of statistical
samplingwhich exploits the phasebehavior of the programs
to reduceSE (x), without requiring an increasein the value
of n. Large reductionsin SE (x) canbe obtainedif the phase
classi�cationis donesuchthattheperformanceof theintervals
within a phasearesimilar to oneanother, andtheperformance
of the intervals acrossphasesaredifferent.

In strati�ed randomsampling,shown in Figure2(b), the N
intervalsof theprogramare�rst split into L groupsor phases,
with the i th phasecontainingN i intervals. In eachphasei ,

ni intervals arerandomlyselectedandmeasured,asshown in
Figure2(b), to getanestimateof themeanfor thatphase.The
numberof intervalsmeasuredfrom eachphase,n i , is obtained
from n usingNeymanallocation[6]. n i is calculatedusingthe
formula [6],

ni = n
Wi Si

P L
k=1

Wk Sk

whereWi = N i
N and Si is the standarddeviation of the i th

phase.The estimateof the meanperformanceof a phasei is
obtainedfrom the formula [6],

x i =

P n i
j =1

x j

ni

The meanperformanceestimatesof L phasesare combined
togetherusing the formula [6],

xst =

P L
i =1

Wi x i

n

to obtaintheestimateof themeanperformanceof thecomplete
program.

Figure 2(b) shows how n samplescould be selectedfrom
L phasesin k different experiments(trials). There are k =� N 1

n 1

� � N 2
n 2

�
::
� N L

n L

�
different ways to selectn randomintervals

from L phasesresultingin k differentestimatesof the mean.
Theseestimatesform a normal distribution around the true
mean,X . SE (xst ) denotesthestandarderrorof theestimated
meanin strati�ed randomsampling.It is calculatedusingthe
formula [6],

SE (xst ) =
1

N

vu
u
t

LX

i =1

N i (N i � ni )
S2

i

ni

NotethatwhenL = 1, theformulafor SE (xst ) reducesto the
formula for SE (x). The con�dence interval of the estimated
meancanbe found using the formula [6]

xst � z1� �= 2SE (xst )

wherez1� �= 2 is the 100(1 � � =2) percentileof the standard
normal distribution [6]. We de�ne CIM as the percentage
width of the upper (or lower) con�dence limit with respect
to the mean.It is given by the formula,

CI M =
z1� �= 2SE (xst )

xst
� 100



A smallerCIM indicatesthat themeanperformanceestimates
(xst ) of most trials is close to the true meanX . A set of
phaseswith the smallestvalue for CIM is consideredto be
morehomogeneousthanany othersetof phases.

B. Using and Interpreting CIM in PhaseAnalysis

Phaseclassi�cation schemesgroup intervals with similar
performancebehavior into the samephase.One application
of phaseclassi�cation is to acceleratemicroarchitecturesim-
ulation by measuringonly a small numberof representative
samplesfrom different phases.For this applicationthe value
of CIM directly yields the expected error in the average
performanceestimateobtainedby the samplingprocess.For
example,if the valueof CIM is 3% for a setof phaseswhen
z1� �= 2 and the numberof samplesn is set to 1:96 and 100
respectively, it implies that we can expect the error in the
estimatedmeanto bewithin 3% of theactualmean95% of the
time, whenwe measure100 intervals from the program.The
valueof z1� �= 2 andn canbechangedaccordingto thedesired
accuracy and the numberof samples.Thus, by using CIM,
we can directly comparethe error in the estimatedaverage
performancefor different phaseclassi�cationsto choosethe
onewith the desiredaccuracy.

Another applicationof phaseclassi�cation is in run-time
systemswhere phasedetection and prediction are used to
decide when to apply costly operationssuch as binary re-
optimization,microarchitecturerecon�gurationor codetrans-
lation.Oneattributeusedto measuretheperformanceof a run-
timephaseclassi�er is thehomogeneityof thedetectedphases.
CIM canbe usedto measurethe homogeneitysince,given a
�x ed value for z1� �= 2 and n, CIM for a set of intervals can
bemadesmalleronly by reducingthevariancein performance
of someor all the phasesdetectedby the phaseclassi�cation
scheme.A lower valueof CIM implies that the setof phases
is morehomogeneouswhencomparedto anothersetof phases
with a higherCIM value.

IV. EVALUATION

A. EvaluationMethodology

We evaluated CoVwa and CIM for phasesdetectedby
the Simpoint [10] phaseclassi�cation algorithm in the SPEC
CPU2000 benchmarks.Table III shows the details of our
experimentalsetup.

B. Results

In section II, we saw that the inconsistency in CoVwa

when evaluating the homogenietyof phasesdependson the
relationshipbetweenthestandarddeviationof theperformance
of the intervals in eachphasewith the meanperformanceof
the intervals in eachphase.In this sectionwe will analyze
the extent to which CoVwa is inconsistentwhen it is used
to evaluate the homogenietyof phasesin SPEC CPU2000
benchmarks.In sectionIV-B.1,wewill usegcc, asanexample,
to explain in detail the effect of usingCoVwa to evaluatethe
homogenietyof the phasesdetectedby the Simpoint phase
classi�cation algorithm.In sectionIV-B.2, the resultsfor rest
of the benchmarksin the SPECCPU2000benchmarksuite is
analyzed.

TABLE III
EXPERIMENTAL SETUP

Configuration Description
Hardware Itanium-2900Mhz,1.5MB L3, 1GB RAM
OS RedhatLinux Kernelv2.4.18-e37
Compiler gcc v3.4 suite,−O3 Opt level
Performance
Measurement

Modi�ed version of HP pfmon. Measurements
repeated7 times and medianvalue usedfor all
calculations

InstrumentationTool CustomPIN InstrumentationTool to collectBBV
Vectors

PhaseClassi�cation Simpointv3.2
Interval Size 10 Million Instructions
Numberof Phases Varied from 1 to 20
BenchmarksandInput
set

ammp.ref, applu.ref, apsi.ref, art.c756he.110,
bzip2.program,crafty.ref, equake.ref,eon.kajiya,
gcc.166.i, gzip.source, mcf.inp, mesa.ref,i
mgrid.ref, perl.splitmail.850, parser.ref,
sixtrack.ref,swim.ref, twolf.ref, vortex.lendian1,
vpr.route,wupwise.ref

1) Detailed Analysis of gcc: The performancedata col-
lectedfor eachinterval in gcc areBack-endpipelinestall cy-
cles.They arethenumberof cycleswithin aninterval whenthe
pipelinein theItanium-2stallsdueto cachemisses,thebranch
mispredictionand dependency betweenoperands.Back-end
pipelinestall cyclesarewidely usedto understandtheeffect of
codeschedulingoptimizationsin improving the performance
of the Itanium-2.The referenceinput setusedto generatethis
datais 166.i. Figures3(a), 3(b) and3(c) show how Simpoint
classi�esgcc into 2, 3 and4 phases,respectively. Eachunit in
the x-axis represents10 million committedinstructions.The
y-axis, in log-scale,is the numberof back-endpipeline stall
cycles.Eachpoint in thegraphrepresentsthenumberof back-
end pipeline stall cycles observed for 10 million instruction
intervals in gcc.

In Figure 3(a), Simpoint has classi�ed almost all the
intervals with back-endpipeline cycle stalls greaterthan 1.1
million into phaseP1 andthoselessthan1.1 million into P2.
Intuitively, this classi�cation makes the data more homoge-
neouswithin eachphasewhencomparedto the casewhenall
thedatais put in onephase(i.e., whenno phaseclassi�cation
is performedon the data).In Figure 3(b), someintervals that
have back-endpipeline cycle stalls in the range1.2 Million
and 10 Million are removed from P1 and classi�ed as P3.
SinceP1still hasmany intervalswith back-endpipelinecycle
stalls between1.2 Million and 10 Million, the improvement
in homogeneitywhengoing from 2 phasesto 3 phasescannot
be greaterthan the improvementin homogeneitywhengoing
from 1 phaseto 2 phases.

Figure4 plots the percentageimprovementin homogeneity
in back-endpipeline stall cycles as measuredby CIM and
CoVwa when the numberof phasesin gcc is increasedfrom
2 to 4. We observe that the improvement in homogeneity
suggestedby CoVwa is only 1.59%whengoing from 1 phase
to 2 phasesand around9% when going from 2 phasesto
3 phases.Thus, if we use CoVwa to determinethe phase
classi�cation, we would concludethat going from 1 phase
to 2 phasesis lesseffective in improving homogeneityin the
back-endpipeline stall cycles in gcc than going from 2 to
3 phases.This conclusioncontradictsour previous intuition
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Fig. 3. The back-endpipelinestall cyclesareclassi�ed into (a) two, (b) threeand(c) four phasesusing the Simpointphaseclassi�cation.
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that the graphsin Figure 3 suggested.The improvement in
homogeneityshown by CIM matchesour intuition. It shows
improvementsof 29% and7% whengoing from 1 phaseto 2
phases,and from 2 to 3 phases,respectively.

Similarly, whengoing from 3 to 4 phases,Simpointmoved
someintervals which had back-endpipeline stall cycles be-
tween 9 Million and 10 Million from phaseP1 into P4.
Intuitively, this phaseclassi�cation cannot be worse when
comparedto the classi�cation into 3 phasesbecausefor the
classi�cation into 4 phasesSimpointmoved a setof intervals
with similar performancebehavior from a highly variable
phaseP1 into P4. In Figure 4 though,CoVwa indicatesthat
the homogeneityof 4 phasesis worse when comparedto
having 3 phases,which is counter-intuitive. This trend was
alsoseenwhenusingCPUcyclesinsteadof back-endpipeline
stall cyclesas the performancemetric. Again, CIM indicates
a trend that matchesour intuition.

Figure3 clearly shows that Simpointgroupsintervals with
similarperformanceinto phasesbut thequalityof thephasesis
not correctlyre�ectedby CoVwa. Thereasonfor this behavior
is the impact of the averageperformanceof the phaseson
CoVwa, asdiscussedin SectionII.

2) AnalysingRestof the Benchmarks: Figure5 shows the
percentageimprovementin homogeneityin back-endpipeline
stall cyclesasmeasuredby CIM andCoVwa whenthenumber
of phasesis increasedfrom 2 to 20 in 21 benchmarksfrom
the SPEC CPU2000 benchmarksuite. We can categorize
the benchmarksinto three groups basedon the amount of
inconsistency betweenCoVwa andCIM.

bzip2, perl and gcc belongs to the �rst category where

CIM and CoVwa shows totally different trends for the ho-
mogenietyof phases.For example, in bzip2, CIM indicates
an improvementin homogeneityby 32.09%whenfour phases
aredetectedin theprogram.For thesamephaseclassi�cation,
CoVwa indicatesan 18.38%degradation in homogenietyof
the phases.In perl, CoVwa indicatesthat the homogenietyof
the phaseswhenthe numberof phasesis increasedfrom 2 to
20 is worse when comparedclassifyingall the intervals into
one phase(ie., when no phaseclassi�cation is performed).
CIM indicatesa small improvementin homogeniety(< 20%)
whenthe numberof phasesin perl is increasedfrom 2 to 20.

In ammp, applu, apsi, equake, gzip, mcf, parser, vor-
tex, swim, sixtrack, vpr and wupwisebelongsto the second
category, where CIM and CoVwa shows similar trends in
improvementof homogenietybut the magnitudesof the im-
provementsin homogenietyaredifferent.For example,in mcf,
the improvement in homogenietyindicatedby CIM is 10%
higherwhencomparedto that indicatedby CoVwa when the
numberof phasesin the programis greaterthan8.

The rest of the programs namely crafty, eon, twolf,
mgrid,mesaand art belongto the third category. Thesepro-
gramshave very stablebehavior throughoutthe executionof
the program.The meanand stadarddeviation of the phases
detectedin theseprogramsdoesnotvary for any phaseclassi�-
cation.For theseprograms,the improvementsin homogeneity
due to phaseclassi�cation as indicatedby CIM and CoVwa

arevery similar.

V. CONCLUSION

We analyzedtheuseof WeightedAvearageof Coef�cient of
Variation(CoVwa) for evaluatingthequality of programphase
classi�cations.We found that the quality of phasesindicated
by CoVwa could be inconsistentand counter-intutive under
certainconditions.We demonstratedthis effect using perfor-
mancedatacollectedfrom the SPECCPU2000benchmarks.
We introduced the Con�dence Interval of estimatedMean
(CIM), a metricfrom statisticalsamplingtheory, thatcorrectly
andconsistentlyestimatesthehomogeneityof phases.Finally,
we discussedthe statisticalinterpretationof CIM anddemon-
stratedits use for estimatingthe quality of program phase
classi�cations.
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Fig. 5. The percentageimprovementin homogeneityof the back-endpipeline stall cycles inn 21 SPECCPU2000benchmarks,as measuredby CIM and
CoV wa , when the numberof phasesis increasedfrom 2 to 20. The basecaseis CoV wa (CIM ) obtainedwhenall the intervals areput in onephase.
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