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ABSTRACT

Oneof themaingoalsof coveragetoolsis to provide the userwith
informative presentatiorof coverageinformation. Specifically in-
formationon large,cohesie setsof uncoveredtaskswith common
propertiesis very useful. This paperdescribeamethodsfor dis-
covering and reportinglarge uncovered spacegholeg for cross-
productfunctional coveragemodels. Hole analysisis a presenta-
tion methodfor coveragedatathatis bothsuccinctandinformative.
Using casestudies we shav how hole analysiswasusedto detect
large uncoveredspacesndimprove the quality of verification.

Categoriesand Subject Descriptors

B.6.3[Logic Design: DesignAids—\rification D.2.4[Software
Engineering]: Software/ProgranVerification;D.2.5[Software En-
gineering]: TestingandDelugging—Testingtools

General Terms
Verification,Measurementilgorithms, Experimentation

Keywords

Functionalverification,Coverageanalysis

1. INTRODUCTION

Functionalverificationcomprisesa large portion of the effort in
designinga processof5]. Theinvestmenin experttime andcom-
puter resourcess huge, asis the costof delivering faulty prod-
ucts[3]. In currentindustrial practice,mostof the verificationis
doneby generatinga massve amountof testsusing randomtest
generator$l, 2]. Theuseof advancedrandomtestgeneratorgan
increasethe quality of generatedests,but it cannotdetectcases
in which someareasof the designare not tested while othersare
testedrepeatedly

Themaintechniqueor checkingandshaving thatthetestinghas
beenthoroughis calledtestcoverageanalysis[9]. Simply stated,
theideais to create,in a systematidashion,a large andcompre-
hensve list of tasksand checkthat eachtaskwas coveredin the

Permissionto malke digital or hard copiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor profit or commercialadvantageandthatcopies
bearthis noticeandthefull citationonthefirst page.To copy otherwiseto
republisho poston senersor to redistrituteto lists, requiresprior specific
permissiorand/orafee.

DAC 2002Junel0-14,2002,New Orleans ) ouisiana,USA.

Copyright 2002ACM 1-58113-461-4/02/0006.$5.00.

testingphase Coveragecanhelpmonitorthe quality of testingand
directthe testgeneratorgo createteststhat cover areasthat have
notbeenadequatelyested.

Coveragetoolscollectcoveragedataandthenaidin theanalysis
of thatdata.Our experienceshavs thatinformative presentatiorof
the coverageinformationis asimportantas efficient collection of
thatinformation.

Most coveragetools provide two typesof reports— statusre-
ports and progressreports. Progresseportsshav howv coverage
progressesver time. Thesereportsare usefulin detectingwhen
the testingis “running out of steam”and predictingits potential
coveragevalue[7]. Statusreportsshav which tasksare covered
and which are not, and how mary times eachtask was covered.
This information helpsthe verification teamdirect the testingto
untestedpr weaklytested areasn thedesign[6].

This paperdescribe$ioleanalysis a methodfor discoreringand
reportinglarge uncoveredspacedor cross-producfunctionalcov-
eragemodels[6]. In a cross-producfunctional coveragemodel,
the list of coveragetaskscomprisesall possiblecombinationsof
valuesfor agivensetof attributes.A simpleexampleof acoverage
modelis all the possiblecombinationsof requestsandresponses
sentto a memorysubsystem.In this case,a coveragetaskis the
pair <request, response>, Whererequest is ary of the pos-
siblerequestshatcanbe sentto thememory(e.g.,memory read,
memory write, I/0 read, I/0 write) andresponse iS one
of thepossibleresponsege.g.,ack, nack, retry, reject).

Hole analysisgroupstogethersetsof uncoveredtasksthatshare
somecommonpropertiesthusallowing the coveragetool to pro-
vide shorterandmoremeaningfulcoveragereportsto the user For
example,it is muchmoreinformative to reportthata reject re-
sponsenever occurred thanit is to includeall possiblecasef a
requestvith areject responsén thelist of uncoseredtasks.This
groupingof uncoreredtasksinto meaningfulsets,in additionto
shorteninghelist of uncoreredtasksreportedo theuser provides
vital informationon the causeof the hole. For example,investi-
gationof the hole describedabore may leadto the simpleconclu-
sionthatrequestarenever rejectedbecausehey do notarrive fast
enough.In this casejncreasingherateof requestso the memory
subsystenmaybeall thatis neededo generataejects.

Our holeanalysistechniqués basedon finding uncoveredtasks
that have commonvaluesin someof the attributes, and finding
somecommondenominatoin the attribute valuesthat distinguish
them.Thesimplestcasds whenall thevaluesof aspecificattribute
are not coveredwhen eachof the otherattributeshasa particular
value. The hole abore is an exampleof sucha case.Noneof the
valuesof theattributerequest arecoveredwhentheresponse at-
tribute equalsre ject. Anotherpossibilityis to find a meaningful
subsebf thevaluesof a certainattribute,for example,l/O requests



(includingl/O readandl/O write). Thistypeof holedetectiorleads
to thediscovery of rectangulaholesthatareparallelto theattribute
axis. This analysisis similar to classificatiormethodsusedin Al,
suchasID3 [11].

Hole analysishasbeenimplementedin a numberof coverage
tools — Comet[6], its successoMeteor and FoCus[13] — de-
velopedatIBM, andhasbecomeanintegral partof the verification
procesdor usersof thesetools. In the paper we provide two ex-
amplesof real coveragemodelsand shav how hole analysiscan
provide meaningfulreportsto the user In eachcase therewasa
significantimprovementin the testingquality. The first example
is a coveragemodelfor resultsof floating point instructions. The
secondexampleis a micro-architecturatoveragemodelfor reg-
ister interdependencin the pipelinesof a superscalarPoverPC
processof10].

Therestof thepaperis organizedasfollows. In Section2, we ex-
plain cross-productoveragemodelsandhow they shouldbe used
during verification. In Section3, we describeour hole analysis
techniguesusingthe floating point coveragemodelasanexample.
Section4 illustratesthe usefulnes®f hole analysiswith the inter-
dependenccaoveragemodelexample.Finally, Section5 concludes
thepaper

2. FUNCTIONAL COVERAGE MODELS

Functionalcoveragefocuseson the functionality of an applica-
tion. It is usedto checkthat all importantaspectsof the func-
tionality have beentested. Unlike codecoveragemodelsthat are
programbased functional coverageis designandimplementation
specific[12].

Whenusingfunctionalcoverage coveragemodelscontaininga
large setof verification(coverage)tasksaresystematicallydefined
by the user Theseare usedto measuremonitor, andredirectthe
testingprocess. Holes in the coveragespaceexposegapsin the
testing,andnew testsarecreatedo “plug” thesegaps. This is an
iterative processn which the quality of thetestingis continuously
measuredandimprovementgo thetestingaresuggesteavhenan-
alyzingtheresultsof the measurement.

Functionalcoveragemodelsare composedf four components.

Themaincomponents asemantiaescription(story)of themodel.
The secondcomponenis a list of the attributesmentionedin the
story The third componenis a setof all the possiblevaluesfor
eachattribute. The lastcomponents a list of restrictionson the
legal combinationsn the cross-producdf attributevalues.

Tablel shavstheattributesandtheir valuesfor afunctionalcov-
eragemodeltakenfrom thefloating point domain.Themodelcon-
sistsof four attributes— Instr, Result,RoundMode,andRoundOc-
cur — eachwith the possiblevaluesshavn. The semanticdescrip-
tion of the functional coveragemodelis: testthatall instructions
produceall possibletarget resultsin the variousroundingmodes
supportedby the processomboth when roundingdid and did not
occur

Eachattribute may be partitionedinto oneor moredisjoint sets
of semanticallysimilar values.This providesa corvenientway for
usersto conceptualizéheir modelandfor analysistoolsto report
on coveragedata. In Table2, which givesseveral partitioning ex-
amples,the instructionattribute is partitionedinto arithmeticin-
structionsandnon-arithmetignstructionspr accordingo thenum-
ber of input operandsTheresultattributeis partitionedaccording
to the signof theresult,andsoon.

Restrictiondor this modelareshavn in Table3. They describe
combinationsof attribute valuesthat should never occur for ex-
ample,the resultof an fabs instructioncannotbe negative. The
coveragemodelillustratedherehasbeenusedto checkthe cover-

Values
fadd,faddsfsub,fmul,
fdiv, fmadd,fmsub,fres,
frsqrte,fabs,fneg, fsel, . ..
40, £MinDeNorm,£+DeNorm,
+MaxDeNorm,£=MinNorm,
+Norm,£MaxNorm, £,
SNaN,QNaN,none

Attr Description

Instr Opcodeof the
instruction

Result | Typeof result

Round | Rounding toward nearesttowardO,
Mode | mode toward +oo, toward —oo
Round | Did rounding | True,False

Occur | occur?

Table 1: Attrib utesof the floating-point model

Attrib ute Partition Values
Avrith fadd,fsub,fmul, fdiv, ...
Instr Non Arith fabs,fneg, fmr, fsel, . ..
1 Operand fabs,fneg, fres,frsqrte,...
Instr 2 Operands fadd,fsub,fmul, fdiv, ...
3 Operands fmadd,fmsub,fsel, ...
Positve +0,...,+Norm,..., +x
Result Negatve —-0,...,—Norm, ..., —»
Not A Number | SNaN,QNaN

Table 2: Attrib ute partitions (partial list)

ageof testsgeneratedor thefloatingpointunit of severalPoverPC
processors.

Functionalcoveragemodelscomein mary flavors. Modelsmay
cover theinputsandoutputsof anapplication(black box), or may
look atinternalstate(white box). Functionalcoveragemodelsmay
be either snapshomodels,which checkthe stateof the applica-
tion ata particularpointin time, or temporalmodels,whosetasks
correspondo theapplications stateasit evolves.

2.1 Creatinga Functional CoverageModel

Thefirst stepin the functionalcoverageprocesss the designof
the coveragemodel. This is typically doneby isolating “interest-
ing” attributesof the applicationandbuilding a storyaroundthem.
For coverageto impact positively on the testingprocessmodels
shouldcover areasthat are consideredisky or error prone. The
sizeof the model (numberof legal tasks)shouldbe chosenin ac-
cordancewith testingresourcesThe modelsize shouldnot be so
largeasto maleit difficult to cover or impracticalto analyze .Con-
structingagoodcoveragemodelrequiresunctionalcoverageskills
anddomainspecificknowledge.

The part of the model most difficult to definecorrectlyis the
modelrestrictions.Oftena deepunderstandingf thespecification,
design,andimplementatioris neededo createcorrectrestrictions.

Name Description
Arith-SNaN Instr € Arith = Result SNaN
NonArith-Round| Instr ¢ Arith = RoundOccur= 0
Instr = fabs= Result¢ Negative
Abs-Nabs AND
Instr = fnabs= Result¢ Positve

Table 3: Restrictions for the floating-point model
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Figure 1: Restrictionsareself-correcting

While creatingrestrictions designersnay needto think of how the
systemoperatesn ways not previously considered.This process
turnsoutto beusefulin itself, asit increasesheir understandingf
theapplication.

2.2 Refining the Functional CoverageModel

Everytaskin thecross-producbf amodels attributevaluess ei-
therlegal or illegal, andhaseitherbeencoveredor remainsuncor-
ered,asshavn in Figurel. Uncoveredlegal tasksareholesin the
coveragemodel. Sometimesftercarefulanalysisit is determined
thataholeis in factanillegaltask,andadditionalrestrictionsneed
to beintroducedinto the modelto eliminatethe hole. Corversely
illegaltasksthathave beencoveredareeitheractualbugsin theap-
plication, or reflecta coveragemodelthatis over-restrictive. Thus,
the definition of a coveragemodelis dynamic, with tasksocca-
sionally drifting betweerbeinglegal andillegal asthe application
is betterunderstoodand the modelis refined. In practice,actual
bugsin the applicationarerare, and coveredillegal tasksusually
reflect problemsin the model definition. Holes, in contrast,are
morecommon,andareaslikely to resultfrom inadequateesting
asfrom missingrestrictionsn themodel.

The size of a model’s cross-producis determinecdby the num-
ber of its attributesand the numberof valuesfor eachattribute.
Consequentlthe numberof tasksin a functionalcoveragemodel
canbequite large makingthe modeldifficult to cover andanalyze.
Oneway to reducethe sizeof a modelis to definerestrictionsthat
eliminateillegal tasks.

An alternatve approachsuggestedby Figure2, is to startwith
a coveragemodel that hasfewer attributes. In the floating point
domain,for example,an initial modelmay considerjust the two
attributes, Instr and Result. Restrictionsfor suchmodelsare sim-
pler bothto write andrefine. Oncethesesmallercoveragemodels
have beensatishctorily defined,we canapply their restrictionsto
morecomprehensie models.This hierarchicapproacho model-
ing makesit quickerto definerestrictionsandto adjustthecoverage
modelto the simulationresources.

3. HOLE ANALYSIS

Oncethe functionalcoveragemodel hasbeendefinedand cov-
erageof testshasheenmeasuredthe next stepin the verification
processis to analyzethe coveragedata. A critical aspectof the
coverageanalysiss to determinghoseareasf theapplicationthat
have not beenadequatelytested. While most coveragetools are
ableto reporton individual uncoreredtasks,it remainsthe func-
tion of holeanalysisto discoser andconciselypreseninformation
aboutmeaningfulholes. For us, holesare consideredneaningful

Figure 2: Restrictionsarecreatechierarchically
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Figure 3: List of uncoveredtasks

eitherbecausehey represent relatively large numberof uncos-
eredtasks,or becausehey correspondo a setof tasksthat have
somesemanticcohereng. In this section,we presenta number
of techniquedor discovering suchquantitatvely andconceptually
meaningfulholes.

Consideramodelwith justtwo integerattributes, X andY, each
capableof taking on valuesbetween0 and9. Figure3 shawvs the
individual uncoveredtasks. This is typical of the resultsthat can
be obtainedfrom mosttools. Not immediatelyobvious arethe two
meaningfuholesthatexist in thecoveragedata,shovn with arrons
in the figure. Oneholeoccurswheneer Y equals2, anda second
holeexistswhenbothattributeshave valuest, 7, or 8. Thisis, how-
ever, readily seenin Figure4. Suchgraphswhich canbe obtained
usingour tools, provide a corvenientway to presentholesthatare
clusteredalongorderedvaluesin modelswith a small numberof
attributes.Thechallengeor holeanalysiss to discover morecom-
plex holesin arbitrarily large models,andto presentheseholesin
suchaway thattheirroot causemaybe moreeasilydiscerned.

3.1 AggregatedHoles

Meaningfulholescanbe automaticallydiscoreredbetweenun-
coveredtasksthat are quantitatvely similar. A simple metric for
similarity is the Hammingdistancebetweentwo holes. This cor-
respondgo the numberof attributeson which the two differ. The
distancewill be onefor holesthatdiffer in only oneattribute, two
for holesthatdiffer in two attributes,andso on, up to the number
of attributesin the coveragespace We aggr@atetogetherary two
holeswhoseHammingdistanceis one. Thus,the two uncorered
tasks<0,2> and<0,3> from Figure3 canbe aggr@atedinto the
singlehole <0,{2,3}>.

Hammingdistancesanbe alsocomputedon aggr@atedholes.
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<0,2>

<03> j}g%gi <{0,7},{2,3} >
<nz> <0~7{2 §}>

<7,3> D <7,{2,3,4} >
<745 <7,{2,3,4} >

Data :setT of coveredtasks
Result : list of projectecholes

/ markphase
foreacht € T do
if t is notmarkedthen
markt

recursvely markall ancestoref t
end

end
Il reportphase
for i = k downto O do
foreachsubspace with dimension do
if vis notmarkedthen
reportv ashole

recursvely markall descendantsf v
end
end
end

Figure5: Aggregatedholescalculation

Again,thedistancebetweerary two holesis equatto thenumberof

differing attributes,but now the comparisoris donefor aggreyated
setsaswell asatomicvalues.Theprocessanbeappliediteratively
until nomorenew aggrgatedholesarediscosered.Figure5 shavs
how the five tasks<0,2>, <0,3>, <7,2>, <7,3>, and <7,4>

canbeaggregatediogetheuntil only theholes<{0,7},{2,3}> and
<742,3,4> remain.Thistechniquds similar to Karnaughbinary
mapping [8] andis usefulfor muchthe samereasons.

3.2 Partitioned Holes

A secondtechniquefor performing hole analysisis to group
togetherholesthat have beendefinedto be conceptuallysimilar.
Groupingis doneaccordingo semantigartitioningof theattribute
valuesprovidedby theuserwhendefiningthe coveragemodel. At-
tribute valuesthatarepartitionedtogetherarefrequentlytestedto-
getherandholesin onevaluemay occurfor thewholegroup.

Groupingis usedto describelarger holesandto provide more
focuson the meaningof the holes. For example,the secondhole
in Table4 is a groupingof mary smallerholes. This groupingal-
lows usto detectthe commondenominatoandperhapshe com-
mon cause)of all the sub-holesthat noneof the instructionsin
the SquareRootgroupproduceddenormalizedesults.After some
analysis,it was determinedthat squareroot instructionsin fact
shouldnot producesuchresults,and the hole was corvertedinto
arestrictionin the coveragemodel.

Both aggre@atedand partitionedholeslook to combineindivid-
ual, uncoreredtasksinto larger holesthatin turn cansuggestea-
sonsfor theobseredgapsin coverage In bothcasessimilarity be-
tweentasksis usedto determinewhich tasksshouldbe combined.
Thedifferencebetweerthetwo is thatthe similarity for partitioned
holesis semanticandbasedupongroupingsprovided by the user
whereador aggrgyatedholesit is quantitatve anddiscoveredauto-
matically by thetool.

3.3 ProjectedHoles

Considerthe first hole describedn Table4, which hasthe spe-

Figure 6: Projectecholesalgorithm

cific value fadd for the instructionattribute andwild cardsin all
the otherattributes. This hole denoteghatall the taskswith fadd
arenot coveredandit described 52tasks.We call this a projected
hole. Thedimensionof a projectecholeis the numberof attributes
in it thatdo nothave specificvalues.

Any coveragemodel of n attributescan be viewed as a set of
tasksor pointsin ann-dimensionakpace.Viewed assuch,a pro-
jectedholeof dimensionl containgasksthatlie onaline in hyper
spacea projectedhole of dimension2 describegasksthatlie ona
plane,andsoon. A projectechole of ahigherdimensionsubsumes
all holesof a lower dimensionthatit contains. For example,the
hole p =< *,%,X3...,X, > of dimension2 containsall the tasks
describedy the subspace) =< x1,*,%3...,X, >. In sucha case,
we saythat p is theancestomf g, andthatq is thedescendanf p.
In generalthehigherthedimensionthelargerand,thereforemore
meaningfulthe holeit describesSincea hole of higherdimension
is both more informative and more concisethanthe holesit sub-
sumesijt becomesinnecessanandin factredundantto reporton
thelatter.

Onegoalof holeanalysiss to find projectecholesof the highest
dimensionality The algorithmshawn in Figure6 first iteratesover
all coveredeventsandmarksthemandall their ancestorsNext, it
iteratesover all potentialholes,startingwith thoseof the highest
dimensionality(< #,*,...,% >). Any subspacehatis unmarled
is reportedasa significanthole andits descendantarerecursvely
marled.

A projectedholeis consideredightly coveredif the percentage
of taskssubsumedhat have beencoveredis lessthansomegiven
threshold.lt is fairly easyto adaptthe projectedholesalgorithmto
reporton lightly coveredholes.

Another effective approachs to usea classificationalgorithm,
suchasID3 [11], to find projectedholes. Most classificatioralgo-
rithmsusesomekind of entroy measuremenrdn the datato guide
the constructionof the decisiontree usedin the classification.In
our casethetargetfunctionis the coveragedataandID3 is usedto
find alarge clusterof uncoveredtasks.

Table 4 shavs someof the holesfound in the floating point
modelwhenthe modelwasimplementedat oneof thedesignlabo-
ratoriesaspartof their floating point testplan. Thefirst holeindi-
categhatnoneof thetasksrelatedto thefadd instructionwerecov-
ered. The hole wascauseddy a bug in the specificatiorto the test



Attr Descr Values
FP-Id-simple FP-st-simple,
fix-ld-simple, fix-st-simple,

I Instrltype | fix-ld-comple, fix-st-comple,
FP-M, fix-M, fix-R,
branchcache condition,
sync-call-return

Py Instr1 pipe | BPipe,RPipe,MPipe,SPipe

S Instrl1stage| 1-5

lo Instr2 type | sameasl;

P, Instr2 pipe | sameasP;

S Instr2 stage | sameas$S;

Dep | Dependeng | RR,RW, WR, WW, None

Round | Round | Hole
Instr Result Mode | Occur | Size
fadd * * * 152
+DeNorm
Square | +MaxDeNorm * * 72
Roots +MinDeNorm
Estimates * True 144
* +MaxDeNorm True 263
Table 4: Coverageholesreport
‘ Dispatch ‘
' ' ' '
Data Fetch B1 ‘ ‘ R1 ‘ ‘ M1 ‘ ‘ S1 ‘
' ' ' '
Execute B2 ‘ ‘ R2 ‘ ‘ M2 ‘ ‘ S2 ‘
' ' '
Write Back B3 ‘ ‘ R3 ‘ ‘ M3 ‘ ‘ S3 ‘
S4b S4f
Branch Simple Arith  Complex Arith Load/Store
Pipe (B) Pipe (R) Pipe (M) Pipe (S)

Figure 7: NorthStarmpipelinestructure

generatothatomittedthe fadd instructionfrom thelist of instruc-
tions that neededo be generated.The next two holesshav two
groupsof tasksthatcannotbe achieved. Thefirst pointsto square
rootinstructions(fsqrt, fsqrts,frsqrte)with smallresults while the
secondpointsto estimationinstructions(fres, frsqrte) with inex-
actresults. Both holesare coveredby restrictionsthat eludedthe
developerof the model. After their detection the two holeswere
corvertedto restrictions.The lastholein the list correspondso a
groupof taskswith specificresultsandroundingthatwashardto
generateandwasthereforeonly lightly covered(lessthan10 per
cent). This holewasfilled by enhancinghe capabilitiesof thetest
generatar

A significantfeatureof our coveragetools is that the language
they useto reportholesis equivalentto the oneusedby the userfor
definingrestrictions.The hole <Arith,SNaN,*,*>, for example,is
expressedy therestrictionlngr € Arith = Resul # SNaN. This
meanghatholescanbe easilytranslatednto restrictionsif neces-
sary In mary casesthetranslationcanbe automated.

4. INTERDEPENDENCY MODEL

In this sectionwe describehecoveragemodelandholeanalysis
thatwasdonefor checkingregisterinterdependencin thepipelines
of the NorthStarprocessor NorthStaris a memberof the multi-
threadedsuperscalarPoverPCfamily of processorslevelopedby
IBM. As depictedin Figure7, the processorconsistsof four exe-
cution pipelines:branch(BPipe),simplearithmetic(RPipe),com-
plex arithmetic(MPipe),andload/storg SPipe).Singlecycle, fixed
point arithmetic instructionscan be handledeither by RPipe or
MPipe. All otherarithmeticinstructions,including floating point
instructions,are handledby MPipe. Each pipeline consistsof a
datafetch, execution,and write back stage. The load/storepipe
hastwo additionalstageshat are usedfor threadswitching. The
NorthStarprocessodoesnot allow out-of-orderexecution,sothat
all instructionsprogressthroughtheir respectie pipelinesin the
sameorderin whichthey appeain thetest.

A coveragemodelwasdefinedto checkfor registerinterdepen-
deny betweertwo instructionghatappeatogetheiin thepipeline.

Table5: Attrib utesof the interdependencymodel

11(12) is asimplefixed pointinstruction
= P1(P,) is RPipeor MPipe
11(12) is acomple fixedpointor an FPinstruction
= Pl(Pz) = MPipe
11(12) is aload/stordnstruction=- P;(P,) = SPipe
11(I2) is abranchinstruction=- P1(P,) = BPipe
PI=P,=5#%
P1(P) # SPipe= S(S) <=3
11(12) is abranchinstruction=- Dep = None
11(12) is acacheor comple storeinstruction
= Dep # WR (RW)
S = 2 andl; is nota comple loadinstruction

= Dep # WR

S, = 2 andl; is nota storeor mtsprinstruction
= Dep # WR

S>=9

Table 6: Restrictions for the interdependencymodel

The attributes of the model are shavn in Table 5. The model
consistsof seven attributes: the type, pipeline, and stageof one
instruction; the type, pipeline, and stageof a secondinstruction;
andthe registerinterdependencthat may exist betweenthe two.
We saythat two instructionsin a pipeline have a registerinterde-
pendeng if they both accesshe sameregister during execution.
Themodeldistinguishebetweerread/readRR), read/write(RW),
write/read(WR), and write/write (WW) dependenciedepending
if thefirst/secondnstructionwasreadingor writing to theregister
The modelstorylooksfor coverageof all possibleinterdependen-
cies (including none)betweenall combinationsof instructionsin
ary possiblepipelinestage.

An exampleof a coveragetaskin the modelis the task <fix-R,
RPipe, 2, fix-ld-simple, SPipe,1, RR>, which corresponddo a
simplefixed point instructionin stage? of the RPipewhich hasa
read/readlependencwith afix-ld-simpleinstructionin stagel of
the SPipe.

Restrictiondgn the modelarisefor variousreasonspipelinesare
dedicatedto handleonly certaintypesof instruction, limitations
that exist on the pipeline architecture certaininstructionsnever
reador write to registers,instructionsarerestrictedn whatdepen-
denciesthey canhave at certainstagesof execution,and out-of-
orderexecutionis not supportedoy the processorA partial list of
restrictionsfor theinterdependencmodelis shavn in Table6.

After performinghole analysison the interdependencmodel,



4500

4000

3500

3000

2500

Tasks

2000

1500 - B b

1000 b

I I I L
0 25000 50000 75000 100000 125000 150000
Tests

Figure 8: Interdependenccoverageprogress

two holesof significancewere discorered. The first wasthe re-
sult of abugin thetestgeneratothatwasusedto producethe test
inputs. The testgeneratordid not considerthe fact that a store
andupdateinstructionalsowritesto aregister andtherefore such
eventsweregeneratedavith low probability Thebugwasfixedwith
thehelp of theholethatwasdiscovered.

The secondhole wasdueto the factthatsometasksneeda rare
combinationof eventsto occurbeforethey canbe obsered. When
notenoughthreadswitchesarecreatedfor example,thelogic that
checksdependengc betweenthe foreground and the background
threadsabouta third of thetotal pipelinelogic, is not sufficiently
tested. The solution was to reducethe timeout betweenthreads
andincreasethe mix of instructionswhich causethreadswitches.
While thetestgeneratowascapableof generatingsuchevents,the
likelihoodof doing so unintentionallywaslow. To improve cover-
age,the testgeneratomwasinstructedby the verificationengineer
to concentrateon thesecornercases. Figure 8 shaws that a sig-
nificantimprovementin coveragewasobsened afterabout25,000
testsweremeasuredvhenthesechangesveremade.

5. CONCLUSIONS

In this paperwe describecholeanalysisa methodthatprovides
conciseinformationaboutuncoveredandlightly coveredareasin
cross-productunctionalcoveragemodels.We presenteé number
of classificatiortechniquesisedin holesanalysis.Usingtwo case
studies we shaved how hole analysiscanassistusersof coverage
toolsto improve the quality of their verification.

Weillustratedthateffective coveragemodelsarebuilt hierarchi-
cally andthroughiterative refinement.We alsoshaved thatholes
andrestrictionscanbesimilarly expressedieadingto two mainad-
vantages First, the learningcurve for writing functionalcoverage
modelsandfor usingholeanalysidgs reduced Also, thetranslation
of holesinto missingrestrictionscanbe automatedn mary cases.

We are currently investigatingseveral other techniquedor in-
creasingthe analysiscapabilitiesof our coveragetools. Itemson
which we are working include using machinelearningand data-
mining [4] techniquego detectcoverageholesthatarenot rectan-
gularor not parallelto the attribute axis (e.g.,hole suchasx+y <
7). We arealsolookingatautomaticandsemi-automatitechniques
for discovering relationshipsbetweenthe input to the simulation
(e.g. testcasestestcasespecificationpndthecoveragedata. This
type of analysiscanidentify which inputscontritute moretowards
coverageandshouldthereforebe utilized moreoften.
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