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ABSTRACT
Oneof themaingoalsof coveragetoolsis to provide theuserwith
informative presentationof coverageinformation.Specifically, in-
formationon large,cohesive setsof uncoveredtaskswith common
propertiesis very useful. This paperdescribesmethodsfor dis-
covering and reportinglarge uncoveredspaces(holes) for cross-
productfunctionalcoveragemodels. Hole analysisis a presenta-
tion methodfor coveragedatathatis bothsuccinctandinformative.
Usingcasestudies,we show how holeanalysiswasusedto detect
largeuncoveredspacesandimprove thequality of verification.

Categoriesand SubjectDescriptors
B.6.3[Logic Design]: DesignAids—Verification; D.2.4[Software
Engineering]: Software/ProgramVerification;D.2.5[SoftwareEn-
gineering]: TestingandDebugging—Testingtools

GeneralTerms
Verification,Measurement,Algorithms,Experimentation

Keywords
Functionalverification,Coverageanalysis

1. INTRODUCTION
Functionalverificationcomprisesa largeportionof theeffort in

designinga processor[5]. Theinvestmentin experttime andcom-
puter resourcesis huge,as is the cost of delivering faulty prod-
ucts [3]. In currentindustrialpractice,mostof the verification is
doneby generatinga massive amountof testsusing randomtest
generators[1, 2]. Theuseof advancedrandomtestgeneratorscan
increasethe quality of generatedtests,but it cannotdetectcases
in which someareasof thedesignarenot tested,while othersare
testedrepeatedly.

Themaintechniquefor checkingandshowing thatthetestinghas
beenthoroughis calledtestcoverageanalysis[9]. Simply stated,
the ideais to create,in a systematicfashion,a large andcompre-
hensive list of tasksandcheckthat eachtaskwascoveredin the
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testingphase.Coveragecanhelpmonitorthequalityof testingand
direct the testgeneratorsto createteststhat cover areasthat have
notbeenadequatelytested.

Coveragetoolscollectcoveragedataandthenaid in theanalysis
of thatdata.Ourexperienceshows thatinformativepresentationof
the coverageinformationis asimportantasefficient collectionof
thatinformation.

Most coveragetools provide two typesof reports— statusre-
ports andprogressreports. Progressreportsshow how coverage
progressesover time. Thesereportsareuseful in detectingwhen
the testingis “running out of steam”and predictingits potential
coveragevalue [7]. Statusreportsshow which tasksarecovered
and which are not, and how many times eachtask was covered.
This information helpsthe verification teamdirect the testingto
untested,or weaklytested,areasin thedesign[6].

Thispaperdescribesholeanalysis, amethodfor discoveringand
reportinglargeuncoveredspacesfor cross-productfunctionalcov-
eragemodels[6]. In a cross-productfunctionalcoveragemodel,
the list of coveragetaskscomprisesall possiblecombinationsof
valuesfor agivensetof attributes.A simpleexampleof acoverage
model is all the possiblecombinationsof requestsandresponses
sentto a memorysubsystem.In this case,a coveragetaskis the
pair ������������	�

������	�������	���� , where ����������	�
 is any of thepos-
siblerequeststhatcanbesentto thememory(e.g.,� � � ���������������� � � ���������� �
����"!�#�$%���������&!�#�$'���� �
�� ) and ����	�������	�� is one
of thepossibleresponses(e.g., ��(*)+�,����(*)+�-����
����
������.���(�
 ).

Hole analysisgroupstogethersetsof uncoveredtasksthatshare
somecommonproperties,thusallowing the coveragetool to pro-
videshorterandmoremeaningfulcoveragereportsto theuser. For
example,it is muchmoreinformative to reportthat a ����.���(�
 re-
sponsenever occurred,thanit is to includeall possiblecasesof a
requestwith a ����.���(�
 responsein thelist of uncoveredtasks.This
groupingof uncoveredtasksinto meaningfulsets,in addition to
shorteningthelist of uncoveredtasksreportedto theuser, provides
vital informationon the causeof the hole. For example,investi-
gationof theholedescribedabove may leadto thesimpleconclu-
sionthatrequestsarenever rejectedbecausethey do notarrive fast
enough.In this case,increasingtherateof requeststo thememory
subsystemmaybeall thatis neededto generaterejects.

Our holeanalysistechniqueis basedon finding uncoveredtasks
that have commonvaluesin someof the attributes,and finding
somecommondenominatorin theattributevaluesthatdistinguish
them.Thesimplestcaseis whenall thevaluesof aspecificattribute
arenot coveredwheneachof the otherattributeshasa particular
value. Thehole above is anexampleof sucha case.Noneof the
valuesof theattribute ����������	�
 arecoveredwhenthe ����	�������	�� at-
tributeequals����.���(�
 . Anotherpossibility is to find a meaningful
subsetof thevaluesof acertainattribute,for example,I/O requests



(includingI/O readandI/O write). Thistypeof holedetectionleads
to the/ discoveryof rectangularholesthatareparallelto theattribute
axis. This analysisis similar to classificationmethodsusedin AI,
suchasID3 [11].

Hole analysishasbeenimplementedin a numberof coverage
tools — Comet[6], its successorMeteor, andFoCus[13] — de-
velopedat IBM, andhasbecomeanintegralpartof theverification
processfor usersof thesetools. In thepaper, we provide two ex-
amplesof real coveragemodelsandshow 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-architecturalcoveragemodel for reg-
ister interdependency in the pipelinesof a super-scalarPowerPC
processor[10].

Therestof thepaperis organizedasfollows. In Section2,weex-
plain cross-productcoveragemodelsandhow they shouldbeused
during verification. In Section3, we describeour hole analysis
techniquesusingthefloatingpoint coveragemodelasanexample.
Section4 illustratestheusefulnessof holeanalysiswith the inter-
dependency coveragemodelexample.Finally, Section5 concludes
thepaper.

2. FUNCTION AL COVERAGE MODELS
Functionalcoveragefocuseson the functionality of an applica-

tion. It is usedto checkthat all importantaspectsof the func-
tionality have beentested.Unlike codecoveragemodelsthat are
programbased,functionalcoverageis designandimplementation
specific[12].

Whenusingfunctionalcoverage,coveragemodelscontaininga
largesetof verification(coverage)tasksaresystematicallydefined
by theuser. Theseareusedto measure,monitor, andredirectthe
testingprocess. Holes in the coveragespaceexposegapsin the
testing,andnew testsarecreatedto “plug” thesegaps.This is an
iterative processin which thequality of thetestingis continuously
measured,andimprovementsto thetestingaresuggestedwhenan-
alyzingtheresultsof themeasurement.

Functionalcoveragemodelsarecomposedof four components.
Themaincomponentis asemanticdescription(story)of themodel.
The secondcomponentis a list of the attributesmentionedin the
story. The third componentis a setof all the possiblevaluesfor
eachattribute. The last componentis a list of restrictionson the
legal combinationsin thecross-productof attributevalues.

Table1 showstheattributesandtheirvaluesfor afunctionalcov-
eragemodeltakenfrom thefloatingpointdomain.Themodelcon-
sistsof four attributes– Instr, Result,RoundMode,andRoundOc-
cur – eachwith thepossiblevaluesshown. Thesemanticdescrip-
tion of the functionalcoveragemodel is: test that all instructions
produceall possibletarget resultsin the variousroundingmodes
supportedby the processorboth when roundingdid and did not
occur.

Eachattributemaybepartitionedinto oneor moredisjoint sets
of semanticallysimilar values.This providesa convenientway for
usersto conceptualizetheir modelandfor analysistools to report
on coveragedata. In Table2, which givesseveral partitioningex-
amples,the instructionattribute is partitionedinto arithmeticin-
structionsandnon-arithmeticinstructions,or accordingto thenum-
berof input operands.Theresultattributeis partitionedaccording
to thesignof theresult,andsoon.

Restrictionsfor this modelareshown in Table3. They describe
combinationsof attribute valuesthat shouldnever occur, for ex-
ample,the resultof an 0 ��1�	 instructioncannotbe negative. The
coveragemodelillustratedherehasbeenusedto checkthecover-

Attr Description Values
fadd,fadds,fsub,fmul,

Instr Opcodeof the fdiv, fmadd,fmsub,fres,
instruction frsqrte,fabs,fneg, fsel, . . .2

0,
2

MinDeNorm,
2

DeNorm,2
MaxDeNorm,

2
MinNorm,

Result Typeof result
2

Norm,
2

MaxNorm,
2

∞,
SNaN,QNaN,none

Round Rounding towardnearest,toward0,
Mode mode toward 3 ∞, toward 4 ∞
Round Did rounding True,False
Occur occur?

Table1: Attrib utesof the floating-point model

Attrib ute Partition Values
Arith fadd,fsub,fmul, fdiv, . . .

Instr NonArith fabs,fneg, fmr, fsel, . . .
1 Operand fabs,fneg, fres,frsqrte,. . .

Instr 2 Operands fadd,fsub,fmul, fdiv, . . .
3 Operands fmadd,fmsub,fsel, . . .
Positive 3 0, . . . , 3 Norm, . . . , 3 ∞

Result Negative 4 0, . . . , 4 Norm, . . . , 4 ∞
Not A Number SNaN,QNaN

Table2: Attrib ute partitions (partial list)

ageof testsgeneratedfor thefloatingpointunit of severalPowerPC
processors.

Functionalcoveragemodelscomein many flavors.Modelsmay
cover theinputsandoutputsof anapplication(blackbox), or may
look at internalstate(whitebox). Functionalcoveragemodelsmay
be either snapshotmodels,which checkthe stateof the applica-
tion at a particularpoint in time, or temporalmodels,whosetasks
correspondto theapplication’s stateasit evolves.

2.1 Creating a Functional CoverageModel
Thefirst stepin thefunctionalcoverageprocessis thedesignof

the coveragemodel. This is typically doneby isolating“interest-
ing” attributesof theapplicationandbuilding a storyaroundthem.
For coverageto impact positively on the testingprocess,models
shouldcover areasthat areconsideredrisky or error prone. The
sizeof themodel(numberof legal tasks)shouldbe chosenin ac-
cordancewith testingresources.Themodelsizeshouldnot beso
largeasto make it difficult to coveror impracticalto analyze.Con-
structingagoodcoveragemodelrequiresfunctionalcoverageskills
anddomainspecificknowledge.

The part of the model most difficult to definecorrectly is the
modelrestrictions.Oftenadeepunderstandingof thespecification,
design,andimplementationis neededto createcorrectrestrictions.

Name Description
Arith-SNaN Instr 5 Arith 6 Result 78 SNaN
NonArith-Round Instr 75 Arith 6 RoundOccur 8 0

Instr 8 fabs 6 Result 75 Negative
Abs-Nabs AND

Instr 8 fnabs 6 Result 75 Positive

Table 3: Restrictions for the floating-point model
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Figure1: Restrictionsareself-correcting

While creatingrestrictions,designersmayneedto think of how the
systemoperatesin waysnot previously considered.This process
turnsout to beusefulin itself, asit increasestheirunderstandingof
theapplication.

2.2 Refining the Functional CoverageModel
Everytaskin thecross-productof amodel’sattributevaluesis ei-

therlegalor illegal,andhaseitherbeencoveredor remainsuncov-
ered,asshown in Figure1. Uncoveredlegal tasksareholesin the
coveragemodel.Sometimesaftercarefulanalysis,it is determined
thata holeis in factanillegal task,andadditionalrestrictionsneed
to be introducedinto themodelto eliminatethehole. Conversely,
illegal tasksthathavebeencoveredareeitheractualbugsin theap-
plication,or reflecta coveragemodelthatis over-restrictive. Thus,
the definition of a coveragemodel is dynamic,with tasksocca-
sionallydrifting betweenbeinglegal andillegal astheapplication
is betterunderstoodand the model is refined. In practice,actual
bugs in the applicationarerare,andcoveredillegal tasksusually
reflect problemsin the model definition. Holes, in contrast,are
morecommon,andareaslikely to result from inadequatetesting
asfrom missingrestrictionsin themodel.

The sizeof a model’s cross-productis determinedby the num-
ber of its attributesand the numberof valuesfor eachattribute.
Consequently, thenumberof tasksin a functionalcoveragemodel
canbequitelargemakingthemodeldifficult to cover andanalyze.
Oneway to reducethesizeof a modelis to definerestrictionsthat
eliminateillegal tasks.

An alternative approach,suggestedby Figure2, is to startwith
a coveragemodel that hasfewer attributes. In the floating point
domain,for example,an initial modelmay considerjust the two
attributes,Instr andResult. Restrictionsfor suchmodelsaresim-
pler both to write andrefine. Oncethesesmallercoveragemodels
have beensatisfactorily defined,we canapply their restrictionsto
morecomprehensive models.Thishierarchicalapproachto model-
ing makesit quickerto definerestrictionsandto adjustthecoverage
modelto thesimulationresources.

3. HOLE ANALYSIS
Oncethe functionalcoveragemodelhasbeendefinedandcov-

erageof testshasbeenmeasured,the next stepin the verification
processis to analyzethe coveragedata. A critical aspectof the
coverageanalysisis to determinethoseareasof theapplicationthat
have not beenadequatelytested. While most coveragetools are
able to reporton individual uncoveredtasks,it remainsthe func-
tion of holeanalysisto discover andconciselypresentinformation
aboutmeaningfulholes. For us, holesareconsideredmeaningful

Models : <A, B> ,   <A, B, C, D>

B D

C

A

Figure2: Restrictionsarecreatedhierarchically
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3 7 7 3 9 9 29 4 2 7 4 9 5

Figure3: List of uncoveredtasks

eitherbecausethey representa relatively large numberof uncov-
eredtasks,or becausethey correspondto a setof tasksthat have
somesemanticcoherency. In this section,we presenta number
of techniquesfor discoveringsuchquantitatively andconceptually
meaningfulholes.

Considera modelwith just two integerattributes,X andY, each
capableof taking on valuesbetween0 and9. Figure3 shows the
individual uncoveredtasks. This is typical of the resultsthat can
beobtainedfrom mosttools.Not immediatelyobviousarethetwo
meaningfulholesthatexist in thecoveragedata,shown with arrows
in thefigure. Oneholeoccurswhenever Y equals2, anda second
holeexistswhenbothattributeshavevalues6,7,or 8. Thisis, how-
ever, readilyseenin Figure4. Suchgraphs,which canbeobtained
usingour tools,provide a convenientway to presentholesthatare
clusteredalongorderedvaluesin modelswith a small numberof
attributes.Thechallengefor holeanalysisis to discovermorecom-
plex holesin arbitrarily largemodels,andto presenttheseholesin
sucha way thattheir root causemaybemoreeasilydiscerned.

3.1 AggregatedHoles
Meaningfulholescanbeautomaticallydiscoveredbetweenun-

coveredtasksthat arequantitatively similar. A simplemetric for
similarity is the Hammingdistancebetweentwo holes. This cor-
respondsto thenumberof attributeson which the two differ. The
distancewill beonefor holesthatdiffer in only oneattribute,two
for holesthatdiffer in two attributes,andsoon, up to thenumber
of attributesin thecoveragespace.We aggregatetogetherany two
holeswhoseHammingdistanceis one. Thus, the two uncovered
tasks � 0,2� and � 0,3� from Figure3 canbeaggregatedinto the
singlehole � 0,; 2,3< � .

Hammingdistancescanbealsocomputedon aggregatedholes.
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Figure4: Holesvisualizationexample
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Figure5: Aggregatedholescalculation

Again,thedistancebetweenany two holesis equalto thenumberof
differing attributes,but now thecomparisonis donefor aggregated
setsaswell asatomicvalues.Theprocesscanbeappliediteratively
until nomorenew aggregatedholesarediscovered.Figure5 shows
how the five tasks � 0,2� , � 0,3� , � 7,2� , � 7,3� , and � 7,4�
canbeaggregatedtogetheruntil only theholes � ; 0,7< , ; 2,3< � and� 7,; 2,3,4< � remain.This techniqueis similar to Karnaughbinary
mapping [8] andis usefulfor muchthesamereasons.

3.2 Partitioned Holes
A secondtechniquefor performing hole analysisis to group

togetherholesthat have beendefinedto be conceptuallysimilar.
Groupingis doneaccordingto semanticpartitioningof theattribute
valuesprovidedby theuserwhendefiningthecoveragemodel.At-
tributevaluesthatarepartitionedtogetherarefrequentlytestedto-
gether, andholesin onevaluemayoccurfor thewholegroup.

Groupingis usedto describelarger holesand to provide more
focuson the meaningof the holes. For example,the secondhole
in Table4 is a groupingof many smallerholes.This groupingal-
lows usto detectthecommondenominator(andperhapsthecom-
mon cause)of all the sub-holes,that noneof the instructionsin
theSquareRootsgroupproduceddenormalizedresults.After some
analysis,it was determinedthat squareroot instructionsin fact
shouldnot producesuchresults,and the hole wasconvertedinto
a restrictionin thecoveragemodel.

Both aggregatedandpartitionedholeslook to combineindivid-
ual, uncoveredtasksinto largerholesthat in turn cansuggestrea-
sonsfor theobservedgapsin coverage.In bothcases,similarity be-
tweentasksis usedto determinewhich tasksshouldbecombined.
Thedifferencebetweenthetwo is thatthesimilarity for partitioned
holesis semanticandbasedupongroupingsprovidedby theuser,
whereasfor aggregatedholesit is quantitativeanddiscoveredauto-
maticallyby thetool.

3.3 ProjectedHoles
Considerthefirst holedescribedin Table4, which hasthespe-

Data : setT of coveredtasks
Result : list of projectedholes

// markphase
foreacht 5 T do

if t is notmarked then
markt
recursively markall ancestorsof t

end
end

// reportphase
for i 8 k downto 0 do

foreachsubspacev with dimensioni do
if v is notmarked then

reportv ashole
recursively markall descendantsof v

end
end

end

Figure6: Projectedholesalgorithm

cific value 0 ����� for the instructionattribute andwild cardsin all
theotherattributes.This holedenotesthatall the taskswith 0 �����
arenot coveredandit describes152tasks.We call this a projected
hole.Thedimensionof aprojectedholeis thenumberof attributes
in it thatdonothave specificvalues.

Any coveragemodel of n attributescan be viewed as a setof
tasksor pointsin ann-dimensionalspace.Viewedassuch,a pro-
jectedholeof dimension1 containstasksthatlie onaline in hyper-
space,a projectedholeof dimension2 describestasksthat lie on a
plane,andsoon. A projectedholeof ahigherdimensionsubsumes
all holesof a lower dimensionthat it contains. For example,the
hole p 8 �BA = A = x3 CDCDC = xn

� of dimension2 containsall the tasks
describedby thesubspaceq 8 � x1 = A = x3 CDCDC = xn

� . In sucha case,
wesaythatp is theancestorof q, andthatq is thedescendantof p.
In general,thehigherthedimension,thelargerand,therefore,more
meaningfultheholeit describes.Sincea holeof higherdimension
is both more informative andmoreconcisethanthe holesit sub-
sumes,it becomesunnecessary, andin factredundant,to reporton
thelatter.

Onegoalof holeanalysisis to find projectedholesof thehighest
dimensionality. Thealgorithmshown in Figure6 first iteratesover
all coveredeventsandmarksthemandall their ancestors.Next, it
iteratesover all potentialholes,startingwith thoseof the highest
dimensionality( �%A = A = CDCDC = AE� ). Any subspacethat is unmarked
is reportedasa significantholeandits descendantsarerecursively
marked.

A projectedhole is consideredlightly covered if thepercentage
of taskssubsumedthathave beencoveredis lessthansomegiven
threshold.It is fairly easyto adapttheprojectedholesalgorithmto
reporton lightly coveredholes.

Anothereffective approachis to usea classificationalgorithm,
suchasID3 [11], to find projectedholes.Most classificationalgo-
rithmsusesomekind of entropy measurementon thedatato guide
the constructionof the decisiontreeusedin the classification.In
ourcase,thetargetfunctionis thecoveragedataandID3 is usedto
find a largeclusterof uncoveredtasks.

Table 4 shows someof the holes found in the floating point
modelwhenthemodelwasimplementedatoneof thedesignlabo-
ratoriesaspartof their floatingpoint testplan. Thefirst hole indi-
catesthatnoneof thetasksrelatedto the 0 ����� instructionwerecov-
ered.Theholewascausedby a bug in thespecificationto the test



Round Round Hole
Instr Result Mode Occur Size
fadd A A A 152

+DeNorm
Square +MaxDeNorm A A 72
Roots +MinDeNorm

Estimates A A True 144A 2
MaxDeNorm A True 263

Table 4: Coverageholesreport
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Simple Arith
Pipe (R)

Complex Arith
Pipe (M)

Branch
Pipe (B)

Data Fetch

Execute
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B1

B2
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R2

R3

M1

M2

M3
S4b

Load/Store
Pipe (S)

S1

S2

S3
S4f

Figure7: NorthStarpipelinestructure

generatorthatomittedthe 0 ����� instructionfrom thelist of instruc-
tions that neededto be generated.The next two holesshow two
groupsof tasksthatcannotbeachieved. Thefirst pointsto square
root instructions(fsqrt, fsqrts,frsqrte)with smallresults,while the
secondpoints to estimationinstructions(fres, frsqrte) with inex-
act results. Both holesarecoveredby restrictionsthat eludedthe
developerof the model. After their detection,the two holeswere
convertedto restrictions.The lasthole in the list correspondsto a
groupof taskswith specificresultsandroundingthatwashardto
generate,andwasthereforeonly lightly covered(lessthan10 per-
cent).This holewasfilled by enhancingthecapabilitiesof thetest
generator.

A significantfeatureof our coveragetools is that the language
they useto reportholesis equivalentto theoneusedby theuserfor
definingrestrictions.Thehole � Arith,SNaN,*,* � , for example,is
expressedby therestrictionInstr 5 Arith 6 Result 78 SNaN. This
meansthatholescanbeeasilytranslatedinto restrictionsif neces-
sary. In many cases,thetranslationcanbeautomated.

4. INTERDEPENDENCY MODEL
In thissection,wedescribethecoveragemodelandholeanalysis

thatwasdonefor checkingregisterinterdependency in thepipelines
of the NorthStarprocessor. NorthStaris a memberof the multi-
threaded,super-scalarPowerPCfamily of processorsdevelopedby
IBM. As depictedin Figure7, the processorconsistsof four exe-
cutionpipelines:branch(BPipe),simplearithmetic(RPipe),com-
plex arithmetic(MPipe),andload/store(SPipe).Singlecycle,fixed
point arithmetic instructionscan be handledeither by RPipe or
MPipe. All otherarithmeticinstructions,including floating point
instructions,are handledby MPipe. Eachpipeline consistsof a
datafetch, execution,and write back stage. The load/storepipe
hastwo additionalstagesthat areusedfor threadswitching. The
NorthStarprocessordoesnot allow out-of-orderexecution,sothat
all instructionsprogressthroughtheir respective pipelinesin the
sameorderin which they appearin thetest.

A coveragemodelwasdefinedto checkfor registerinterdepen-
dency betweentwo instructionsthatappeartogetherin thepipeline.

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

I1 Instr1 type fix-ld-complex, fix-st-complex,
FP-M,fix-M, fix-R,
branch,cache,condition,
sync-call-return

P1 Instr1 pipe BPipe,RPipe,MPipe,SPipe
S1 Instr1 stage 1-5
I2 Instr2 type sameasI1
P2 Instr2 pipe sameasP1
S2 Instr2 stage sameasS1
Dep Dependency RR,RW, WR, WW, None

Table5: Attrib utesof the interdependencymodel

I1 F I2 G is a simplefixedpoint instruction6 P1 F P2 G is RPipeor MPipe
I1 F I2 G is a complex fixedpointor anFPinstruction6 P1 F P2 G 8 MPipe
I1 F I2 G is a load/storeinstruction 6 P1 F P2 G 8 SPipe
I1 F I2 G is a branchinstruction 6 P1 F P2 G 8 BPipe
P1
8 P2 6 S1 78 S2

P1 F P2 G 78 SPipe 6 S1 F S2 G � 8 3
I1 F I2 G is a branchinstruction 6 Dep 8 None
I1 F I2 G is a cacheor complex storeinstruction6 Dep 78 WR (RW)
S1
8 2 andI1 is nota complex loadinstruction
6 Dep 78 WR

S2
8 2 andI2 is nota storeor mtsprinstruction6 Dep 78 WR

S1
� 8 S2

Table 6: Restrictions for the interdependencymodel

The attributesof the model are shown in Table 5. The model
consistsof seven attributes: the type, pipeline, and stageof one
instruction; the type, pipeline,andstageof a secondinstruction;
andthe register interdependency that may exist betweenthe two.
We saythat two instructionsin a pipelinehave a register interde-
pendency if they both accessthe sameregisterduring execution.
Themodeldistinguishesbetweenread/read(RR),read/write(RW),
write/read(WR), andwrite/write (WW) dependenciesdepending
if thefirst/secondinstructionwasreadingor writing to theregister.
Themodelstory looksfor coverageof all possibleinterdependen-
cies (including none)betweenall combinationsof instructionsin
any possiblepipelinestage.

An exampleof a coveragetaskin themodelis the task � fix-R,
RPipe,2, fix-ld-simple, SPipe,1, RR� , which correspondsto a
simplefixedpoint instructionin stage2 of theRPipewhich hasa
read/readdependency with a fix-ld-simpleinstructionin stage1 of
theSPipe.

Restrictionsin themodelarisefor variousreasons:pipelinesare
dedicatedto handleonly certaintypesof instruction, limitations
that exist on the pipeline architecture,certain instructionsnever
reador write to registers,instructionsarerestrictedin whatdepen-
denciesthey can have at certainstagesof execution,andout-of-
orderexecutionis not supportedby theprocessor. A partial list of
restrictionsfor theinterdependency modelis shown in Table6.

After performinghole analysison the interdependency model,
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Figure8: Interdependency coverageprogress

two holesof significancewere discovered. The first was the re-
sult of a bug in thetestgeneratorthatwasusedto producethetest
inputs. The test generatordid not considerthe fact that a store
andupdateinstructionalsowritesto a register, andtherefore,such
eventsweregeneratedwith low probability. Thebugwasfixedwith
thehelpof theholethatwasdiscovered.

Thesecondholewasdueto the fact thatsometasksneeda rare
combinationof eventsto occurbeforethey canbeobserved.When
not enoughthreadswitchesarecreated,for example,thelogic that
checksdependency betweenthe foregroundand the background
threads,abouta third of the total pipelinelogic, is not sufficiently
tested. The solution was to reducethe timeout betweenthreads
andincreasethemix of instructionswhich causethreadswitches.
While thetestgeneratorwascapableof generatingsuchevents,the
likelihoodof doingsounintentionallywaslow. To improve cover-
age,the testgeneratorwasinstructedby the verificationengineer
to concentrateon thesecornercases.Figure 8 shows that a sig-
nificant improvementin coveragewasobservedafterabout25,000
testsweremeasuredwhenthesechangesweremade.

5. CONCLUSIONS
In thispaper, wedescribedholeanalysis,amethodthatprovides

conciseinformationaboutuncoveredandlightly coveredareasin
cross-productfunctionalcoveragemodels.We presenteda number
of classificationtechniquesusedin holesanalysis.Usingtwo case
studies,we showedhow holeanalysiscanassistusersof coverage
toolsto improve thequalityof their verification.

We illustratedthateffective coveragemodelsarebuilt hierarchi-
cally andthroughiterative refinement.We alsoshowed thatholes
andrestrictionscanbesimilarly expressed,leadingto two mainad-
vantages.First, the learningcurve for writing functionalcoverage
modelsandfor usingholeanalysisis reduced.Also, thetranslation
of holesinto missingrestrictionscanbeautomatedin many cases.

We are currently investigatingseveral other techniquesfor in-
creasingthe analysiscapabilitiesof our coveragetools. Itemson
which we areworking includeusing machinelearninganddata-
mining [4] techniquesto detectcoverageholesthatarenot rectan-
gularor not parallelto theattributeaxis(e.g.,holesuchasx 3 y �
7). Wearealsolookingatautomaticandsemi-automatictechniques
for discovering relationshipsbetweenthe input to the simulation
(e.g.,testcases,testcasesspecification)andthecoveragedata.This
typeof analysiscanidentify which inputscontributemoretowards
coverageandshouldthereforebeutilizedmoreoften.
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