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Abstract
Transientfaultsareexpecteda bea majordesignconsiderationin
futuremicroprocessors.Recentproposalsfor transientfault detec-
tion in processorcoreshave revolvedaroundtheideaof redundant
threading,which involvesredundantexecutionof aprogramacross
multipleexecutioncontexts.Thispaperpresentsanew approachto
redundantthreadingby bringingtogethertheconceptsof slice-level
executionandvalueandcontrol-�ow locality into a novel partial
redundantthreadingmechanismcalledSlicK.

Thepurposeof redundantexecutionis to checktheintegrity of
the outputspropagatingout of the core(typically throughstores).
SlicK implementsredundancy atthegranularityof backward-slices
of theseoutputinstructionsandexploits valueandcontrol-�ow lo-
cality to avoid redundantlyexecutingslicesthatleadto predictable
outputs,therebyavoidingredundantexecutionof asigni�cant frac-
tion of instructionswhile maintainingextremelylow vulnerabilities
for critical processorstructures.

We proposethe microarchitectureof a backward-sliceextrac-
tor called SliceEM that is able to identify backward sliceswith-
out interruptingthe instruction�o w, andshow how this extractor
anda setof predictorscanbe integratedinto a redundantthread-
ing mechanismto form SlicK. Detailed simulationswith SPEC
CPU2000benchmarksshow thatSlicK canprovide around10.2%
performanceimprovementover a well known redundantthreading
mechanism,buying backover 50% of the losssuffereddueto re-
dundantexecution.SlicK cankeeptheArchitecturalVulnerability
Factorsof processorstructuresto typically 0%-2%.More impor-
tantly, SlicK's slice-basedmechanismsprovide future opportuni-
ties for exploring interestingpoints in the performance-reliability
designspacebasedon market segmentneeds.

Categoriesand SubjectDescriptors C.1.0 [ProcessorArchitec-
tures]: General

GeneralTerms Reliability, Performance

Keywords Transient Faults, RedundantThreading, Backward
SliceExtraction,Microarchitecture

1. Intr oduction
Technologicaltrendspoint to the growing occurrenceof transient
faultsin thefuture.In additionto protectingstoragestructuresand
communicationpaths,thereis anincreasingneedto protectrandom
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logic within processors[23]. This hasled to proposalsto incorpo-
rateredundancy in processorpipelines[20, 29]. Contraryto earlier
techniquesthat implementedcompletehardwareduplicationsuch
as lock-stepprocessors[10], theserecentproposalstry to lever-
ageexisting microarchitecturalresources,thusmakingthemmore
cost-effective for a diverseset of market segments.Further, it is
not necessaryto provide completefault coveragefor all deploy-
ments,and the trade-offs betweenperformance,implementation
cost/complexity andfault coverageoffer a rich spaceof operating
pointsfor differentmarket segments.

Many of theserecentproposalsarebasedon theideaof Redun-
dantMultithreading(RMT), wheretheinstructionstreamis redun-
dantlyexecutedon multiple executioncontexts, with a subsequent
comparisonbetweenthe outputsof the two streams(the storesto
thememorysystemin particular)to verify their integrity [20]. Im-
plementationsof theconcepthavebeenproposedfor Simultaneous
Multithreading(SMT) processorsaswell asChip Multiprocessors
(CMP).Contentionfor coreresources(bandwidthandstorage)be-
tweenthe multiple redundantthreadsleadsto signi�cant perfor-
mancedegradationrelative to non-redundantexecutionfor mostof
theseimplementations.In particular, previousstudieshavereported
20%-30%performancelossfor SMT implementations.

Recentstudies[7, 18] have attemptedto improve redundant
threadingperformanceby reducing the resourcecontentionbe-
tweenthe two threads.The key idea behindtheseapproachesis
the notion of “partial redundantthreading”wherea subsetof in-
structionsof the redundantstreamareexecuted,therebyreducing
the resourcepressure.Policiesusedfor selectinginstructionsfor
redundantexecutionde�ne theperformanceandreliability charac-
teristicsof theseapproaches.

Theproblemwith thepartialthreadingmechanismsproposedin
thesealternativesis twofold.

� Thesolutionsareprimarily narrow regionsof operationin the
performance-reliabilitydesignspaceand do not provide any
convenientmechanismto explorearangeof designchoices.

� Maintainingcorrectdata�ow for theredundantthreadis aprob-
lem whensubsetsof instructionsarearbitrarily picked for re-
dundantexecution.Copying stateacrossthreadsis an option,
but this is anexpensive processwith thepotentialto createre-
dundancy violations.

With the intent to addressthesetwo issues,we presentin this
paperanovel partialredundantthreadingparadigmthatis basedon
two mainideas,(i) Slice-basedredundantexecution,and(ii) Value
andControl-�ow Locality exploitation.

A redundantthreadingsystemcanbeviewedasaprimarythread
generatingoutputs– Stores– thatemanatefrom theprocessor, and
a redundantthreadverifying theintegrity of theseoutputs.There-
dundantthreadcanbe furtherenvisionednot asa sequenceof dy-
namicinstructions,but asintertwineddependency chainsor slices



of instructionsthat ultimately leadup to theseStores.If a partial
setof instructionsneedsto bechosenfor redundantexecution,then
it makessenseto do this at thegranularityof suchbackward slices
of storeinstructions.This avoids expensive redundancy-violating
techniquesto copy stateacrossthreads.Weproposethedesignof a
simpleandef�cient backwardsliceextractorthatis ableto identify
thesetof instructionsthat lie on thebackwardslicesof a selective
setof stores,therebyenablingpartial threadingat theslice granu-
larity.

With this mechanismin place,we next proposea policy for se-
lectingslicesfor redundantexecution.We useresultsfrom theex-
tensively researchedareaof valuelocality for this purpose.Of par-
ticular interestto us is the fact that storeaddressesanddatahave
beenshown to exhibit goodpredictability[12]. We usepredictors
to verify storeaddressesand data,and redundantlyexecuteonly
thosesliceswherepredictionsfail. Thus,predictability/localityis
itself being exploited as a redundancy mechanismfor the non-
selectedslices.In additionto stores,we alsotrackbackward-slices
of branchesandusebranchpredictabilityto avoid redundantexe-
cutionof certainslices.Weshow thatevenwith verysimplepredic-
tor con�gurations,asubstantialnumberof slicescanbeeliminated
while maintaininganextremelylow errorvulnerability.

Wecall ourdesignthatincorporatesthesetwo ideasSlicK (short
for Slice-Kill), andpresentthe detailedimplementationandeval-
uation of SlicK on a Simultaneouslyand RedundantlyThreaded
(SRT) processorbaseline.We evaluatethe performanceof SlicK
onacycle-accuratesimulatorusingall applicationsfrom theSPEC
CPU2000suite.Weevaluatetheerrorcoverageof ourdesignusing
theArchitecturalVulnerabilityFactor(AVF) [17] approach.

SlicK's locality-triggeredslice-basedexecution paradigmen-
ablesit to:

� maintain an AVF of 0%-2% for critical processorstructures
whileperforming10.2%betterthanSRT, buyingbackover50%
of theperformancelossincurreddueto redundantthreading;

� achieve this with anef�cient setof structuresthataresimpleto
implementandoff theprocessor's critical paths;

� provideausefulbaselinefor furtherexploration(viapolicies) of
theperformance-reliabilitydesignspaceby providing thebasic
mechanismsfor selective eliminationof slices.

The next sectioncovers relatedwork. Detaileddesignof the
SlicK microarchitectureisdiscussedin section3.Section4 presents
ananalysisof fault coverageof our mechanism,andhow it canbe
quanti�ed. Performanceandcoverageresultsaregiven in section
5. Finally, section6 summarizesthecontributionsof this paper.

2. RelatedWork
Early work in developing highly resilient fault-tolerantsystems
usedhardware duplication to implementlockstepping,as in the
HP NonStopHimalaya[10] and IBM G5 [24]. The DIVA archi-
tecture[1] takes a slightly different approachwhereina special
checker processoris usedat the commit stageof the main pro-
cessorcore's pipelineto verify the correctnessof the instructions
beingcommitted.Our work is morerelatedto the emerging area
of cost-effectivetransientfaultdetection/recovery techniquesusing
redundantthreading[16, 20, 29]. Sharingof processorresources
betweenthethreadshasbeenshown to impactperformance.There
have beenstudieson ef�ciently sharingthe instructionqueueand
reorderbuffer capacities[26] andappropriatelystaggeringthe re-
dundantthreads[19] to minimize performancelossdueto redun-
dantexecution.

Our previous work [18] shows that bandwidthpressureon the
processor's functionalunitsin aredundantthreadingsystemcanbe
alleviatedusinginstructionreuse(aform of locality), thoughthis is

doneat thegranularityof individual instructions.Fault coverageis
theprimarymetricof concernin thiswork,with reusebeingusedto
obtainasmuchperformanceaspossible.Anotherwayof approach-
ing this problemis to treatperformanceastheprimarymetricwith
redundancy beingincorporatedopportunisticallywhenit doesnot
interferewith performance,asin [7]. Suchopportunisticusageof
redundancy providesbetterfault coveragethansingle-threadedex-
ecutionbut maynotnecessarilyfall within thereliability budgetsof
stringentmarket segments.High vulnerabilitiesof processorstruc-
tureshave beenobservedwith this approach.

Other works that attemptto adaptlocality principlesto relia-
bility include [9], which observes that soft errorsoften manifest
themselves as mispredictionsin warmed-uppredictors,and uses
the mispredictionrecovery interval to performmoreextensive er-
ror detectionchecks.In [30], the authorsexploit the fact that soft
errorscouldresultin a rangeof observablesymptomssuchasISA
exceptionsandbranchmispredictions,andusethesesymptomsto
triggera rollbackandre-executionfrom apreviously storedcheck-
point.

Slipstream[27, 11] is a performance-enhancingtechniquethat
runsa speculative prefetchA-threadaheadof the main R-thread.
Instructionsthat are detectedto be ineffectual (i.e., not required
for correctforwardprogress)areremovedfrom theA-thread.Slip-
streamachievesa certainamountof fault-tolerancedueto the re-
dundantcomputationbeingperformedby thetwo threads.The“in-
effectuality” of instructionsin theA-threadis in facta resultof the
locality thatexistsin theinstructionstream.

SlicK differs from all of theseapproachesin its explicit useof
Predictorsto provide redundancy for entitiesthat exit the Sphere
of Replication:Stores.Our slice-basedmicroarchitecturedesigned
aroundthisprincipleachievessigni�cant performancebene�tswith
extremelylow vulnerabilitiesandprovidesanattractivebaselinefor
furtherexplorationof theperformance-reliabilitydesignspace.

Forward and backward-slice extraction and associatedopti-
mizationshavebeenexploredextensively in thepastfor avarietyof
applications[5, 6, 15, 21, 27, 32], bothin hardwareandsoftware.

3. SlicK
We begin this sectionwith a review of the conceptof redundant
threadingand one of its previously proposedimplementations
calledSimultaneousRedundantThreading(SRT).

3.1 BaselineSRT Micr oarchitecture

Centralto any form of RedundantMultithreadingis theconceptof
the Sphereof Replication(SoR).All componentswithin the SoR
areprotectedvia redundantexecution,andthoseoutsideit mustbe
protectedby othermeanssuchasspatialreplicationor ECC. Im-
plementingtheSoRinvolvestwo operations:input replicationand
outputcomparison.Redundancy is createdat the input replication
point andintegrity veri�cation is performedat theoutputcompari-
sonpointbeforetheeffectsof thecomputationareallowedto prop-
agateoutsidetheSoR.

SimultaneousRedundantThreading(SRT) [20] leveragesthe
multiple contexts provided by a SimultaneousMultithreading
(SMT) processor[28] to executeredundantcopiesof thesamepro-
gram.TheL1 cacheinterfacesareusedastheinput replicationand
outputcomparisonpoints.Thus,all of thecorestructuresincluding
the PC, fetch anddecodelogic, register �les, the ROB, the issue
logic andthe functionalunits lie within the SoR.The two execu-
tion streamsrunningon theSMT processor's contexts arereferred
to as the leading(primary) and trailing (redundant)threads.The
fetchmechanismattemptsto maintaina slackbetweenthethreads.
To improve performance,SRT makes useof a BranchOutcome
Queue(BOQ) which containsthetargetsfor theresolvedbranches
in the leadingthreadto preventbranchmispredictionsin the trail-



ing thread.Theleadingthreadplacesloadvaluesobtainedfrom the
datacacheinto theLoadValueQueue(LVQ) for subsequentlookup
by the trailing thread.The trailing threadissuesloadsin program
orderandabsorbsvaluesfrom theLVQ. At theoutputcomparison
point, the addressand dataof every store instruction is veri�ed
by comparingthe respective outputsfrom the two redundantex-
ecutions.To achieve this, retiring storesaresentout of the store
queueinto a StoreCheckingBuffer (SCB) wherethey wait until
thetrailing threadcatchesup.If nodiscrepancy is detected,asingle
(architected)copy of thestoreis retiredinto thememorysystemin
programorder. TheSCBshouldalsobecapableof forwardingval-
uesto theloadsin theleadingthread.If any oneof theinstructions
encountersan error during the courseof its residencewithin the
SoR,theerrorwould bedetectedat theoutputcomparisonpoint.

SRT primarily focuseson thedetectionof transientfaults,with
recovery being treatedas an orthogonalissue.We maintain the
samefocusin ourproposal.

3.2 SlicK Overview

SlicK executestheleadingthreadin its entirety, exactly asin SRT.
For the trailing thread,it usesa set of predictorsto attemptto
verify theoutputsof the leadingthreadwithout re-execution.The
only trailing threadinstructionsthat are executedare thosethat
belongto the backward slicesof outputsthat thepredictorscould
not verify. This resultsin a partial redundantthreadingsolution
whereall outputsfrom theSoRhavebeenveri�ed in somemanner,
but theactualnumberof instructionsthatareredundantlyexecuted
is signi�cantly lowered,therebyreducingresourcecontentionand
enhancingperformance.

In thefollowing subsections,weprogressively walk throughthe
stepsrequiredto build aSlicK system.First,wede�ne thenotionof
trigger instructionsbasedon which slicesareidenti�ed. Next, we
describethe designdetailsof a slice-extractionmicroarchitecture
that identi�es instructionsbelonging to slices of thesetriggers.
Finally, we show how to integrate thesestructuresinto an SRT
microarchitectureto completetheSlicK design.

3.3 Identifying Trigger Instructions

The�rst stepin designingaslice-basedredundantexecutionsystem
is to identify trigger instructionsbasedon which slicesare to be
markedandextracted.We de�ne a trigger instructionto beoneof
thefollowing: (i) a storeinstruction;or (ii) a branchinstruction.A
storetrigger hasa direct consequenceon what leavesthe SoR.A
branchis also considereda trigger point for veri�cation because
thecontrol �o w paththat leadsto thesestoresneedsto beveri�ed
as well. For instance,it is possiblefor both taken and not-taken
pathsof a branchto leadto the samestoreinstruction,with each
pathgeneratinga differentaddressor datafor thestore.If thereis
an error in the control �o w, both threadswould executethis store
erroneously.

If the integrity of a triggercanbe“veri�ed” (we will elaborate
on this shortly), then the instructionitself and its backward-slice
neednot be redundantlyexecutedandcanbe droppedor �ushed
from the trailing thread.We refer to suchtrigger instructionsas
Flush Triggers (FT). On the other hand,when the integrity of a
trigger instructioncannotbe veri�ed, thenthat instructionandits
backward-sliceneedto beextractedandredundantlyexecuted.We
refer to suchinstructionsasExecuteTriggers (ET). It is possible
for an instructionto fall on the backward-slicesof morethanone
trigger. If even oneof thesetriggersis an ET, thenthe instruction
would needto be redundantlyexecuted.Note that thereare two
backward-slicesto trackfor a storeinstruction,onefor theaddress
computationandtheotherfor thestoredata.Bothhaveindependent
backwardslicesthatmayor maynot needto beexecutedbasedon
theveri�ability of theaddressandthedata.

Our veri�cation mechanismfor triggersis basedon the well-
researchedtopics of branch[31] andstoredataandaddress[12]
prediction.SlicK usespredictorsto attemptto verify the outputs
of trigger instructionsand provide the requiredredundancy. The
output(storedata/address,branchtarget)of the trigger instruction
of the leadingthreadis comparedwith that of the corresponding
predictors.If thecomparisonis successful(a“Hit”), thenthetrigger
is categorizedasFT. If thecomparisonis eithera “Mismatch”, or
the predictoris not able to predict due to insuf�cient con�dence
(“No-Prediction”), thenthe trigger is categorizedasET, requiring
redundantexecution of its backward-slice.Since predictorsare
essentiallystoragearrays,it is possiblefor errors to accumulate
in themif entriesremainuntouchedfor a long time.Therefore,we
recommendparityprotectingthesestructures.

3.3.1 StorePredictor

Weuseindependentpredictorsfor StoreDataandStoreAddresses.
Bothpredictorsareaccessedby thePCof theStoreInstruction.We
primarily employ asimplelast-valuepredictorwith 4-bit saturation
counters,but alsoevaluatethebene�tsofferedby amoreextensive
FiniteContext Methodpredictor[4]. Ourresultsshow thatasimple
1024 entry direct-mappedlast value predictor gives reasonable
performance.

3.3.2 Branch Con�dence Estimator

TraditionalBranchPredictorsdo not give a “No-Prediction”deci-
sion. Although modernbranchpredictorshave high hit rates,we
wish to convert asmany Mismatchesto No-Predictionsaspossible
(thisenhancesfaultcoverageandis explainedfurtherin Section4).
We usea simplepattern-based�lter for con�denceestimationon
branchpredictions[8]. The �lter is constructedfrom an arrayof
resettingsaturationcountersandis indexedwith thecurrentbranch
predictionappendedto theglobalbranchhistory.

3.4 Extracting Backward Slices

Given a dynamicsequenceof instructionscomprisedof ETs,FTs
andnon-triggerinstructions,we now needan online techniqueto
identify thesetof instructionsthatlie onthebackwardslicesof ETs
andFTsandmark themasrequiringexecutionor being�ushable.
We assumethat (i) instructionsarrive at thesliceextractorin non-
speculative (correctpath)programorder, (ii) decodedarchitected
register identi�ers are available for theseinstructions,and (iii)
memorydependenciesarehandledindependentlyanddo not need
to betakeninto accountby thesliceextractionmechanism.

3.4.1 SliceExtractor DesignGoals

We identi�ed the following requirementsfor a backward-sliceex-
tractorfor SlicK:

1. AdequateBandwidth. Theleadingthreadin SlicK executesin
thetraditionalSRT-likemanner. In orderto notadverselyaffect
performance,it is critical for the slice extractor to be able to
supporta bandwidthequalto theaveragecommitbandwidthof
the leadingthread,therebyenablinga smooth�o w of instruc-
tionsthroughthepipelinewithout interruptions.

2. Low Latency. Inordinatedelaysin trailing threadsliceextrac-
tion would leadto increasedpressureon leadingthreadbuffers.
By de�nition, backward slice instructionsareolder thantheir
correspondingtriggersin programorder, andthereforeany slice
extractorwould have no way of immediatelyidentifying anin-
structionthe momentit arrives.It hasto buffer it for a certain
amountof time beforeits “status”canbedetermined.This in-
herentlatency is anunavoidablepropertyof theinstructionse-
quenceitself.



We do however wish to minimizetheprocessinglatencyof the
sliceextractor. Whena trigger instructionarrivesat theextrac-
tor, all bufferedinstructionswhosestatuscanbedeterminedby
this trigger mustbe identi�ed by the extractorin aslittle time
aspossible.

3. Support for Early Deletion. Certainsituationsmay require
the oldestbuffered instructionsin the extractor to be forcibly
deleted(popped),regardlessof the fact that their statuswas
unknown. Thiscouldhappenif, for example,theleadingthread
hasstalleddue to resourceshortageand the trailing threadis
requiredto proceedforcibly in orderto clearthestall. In such
situations,thesliceextractorneedsto beableto poptheoldest
instruction(s)with minimal latency andupdateits internalstate
to maintaincorrectdependencies.

3.4.2 Inadequacyof Traditional Mechanisms

A straightforward techniquefor backward-slice extraction is to
buffer thesequenceof instructionsuntil a triggerarrives,andthen
performa reverseprogram-ordertraversalof all buffered instruc-
tionsin orderto determinewhichof themlie onthebackwardslice
of thetrigger. Many traditionalhardwareandsoftwaresliceextrac-
tion techniqueshave usedvariationsof this approach[5, 15].

Unfortunately, this approachworkswell only if triggersarein-
frequent,sliceextractionis requiredonrareoccasions,andacertain
amountof processinglatency is tolerable.In our case,triggersare
quitefrequent(potentiallyeverystoreandbranch),slicesneedto be
identi�ed constantlywithout interruptingthe instruction�o w, and
processinglatenciescouldseverelyaffect performance.

It is possibleto maintainasmoothinstruction�o w by usingad-
ditionalstorageto buffer incominginstructionswhile anothersetis
undergoing traversal[15], but our attemptsto build a sliceextrac-
tor for SlicK with this techniqueresultedin a complex designthat
alsoturnedout to besub-optimal.Despitetheadditionalbuffering,
instructionscanonly beprocessedin non-overlappingbatches(or
“windows”) at a time,anddependenciesacrossthesewindows are
lost. To solve this, instructionscould be “spilled” from onewin-
dow into the next, but this makes the designeven morecomplex
to implement.Further, processinglatenciesremainhigh with this
approach.

3.4.3 Our Solution – the SliceEM

We make thefollowing key observationsin orderto comeup with
a simple and ef�cient backward-sliceextraction mechanismfor
SlicK.

� In thepresenceof multiple triggers,wedonotneedto associate
eachinstruction individually with a trigger. Instead,we only
needto know if aninstructionlieson thebackwardsliceof one
or moreETsor FTs,or both.

� Completeslicesneednot be identi�ed. It is acceptablefor an
old instructionto exit thesliceextractor's bufferswith an“un-
known” status,as long as dependenciesare correctly main-
tained.

� Thenumberof distinctdependency identi�ers (i.e.,architected
registeridenti�ers) in thedecodedinstructionsequenceis �nite
andtypically small(in therangeof 8-32for mostISAs).

Our solution, the Slice ExtractionMatrix (SliceEM), borrows
from several previous works on backward slicing [15], forward
slicing [21], andmatrix basedinstructionschedulinglogic [2, 14].
TheSliceEMconstantlyupdatesandkeepstrackof all dependency
chainsthatexist betweentheinstructionscurrentlyresidingwithin
its buffer, and it employs a simple set of structuresto achieve
this.This makesit possibleto instantlyidentify all theinstructions
(amongthosethat are currently buffered) lying on the backward

slice of a trigger that hasjust arrived. No reverseprogramorder
traversalis necessary, andall ourdesigngoalsaresatis�ed.

We call the window of buffered instructionsthat the SliceEM
is operatingon at any point in time astheSliceAnalysisWindow
(SAW). A largerwindow resultsin ahigherprobabilitythattheold-
estentriesin thewindow have their statusdetermined.As our later
experimentswill show, a window sizeof 256 is ableto determine
thestatusof amajorityof theinstructions.TheSAW doesnotneed
to storethe instructionsthemselves.It is simply a maskthat indi-
cateswhich instructionsneedto be executed/droppedand which
arestill with anunknown status.

The SliceEM is composedof threemain structures(Figure1)
thatareall initialized to zero:

� A Bit Matrix with columnscorrespondingto eachinstructionin
the SAW androws correspondingto eacharchitecturallyvisi-
bleregister. TheBit Matrix atany giveninstantindicateswhich
registersare“li ve” (if thereis at leastonenon-zerocolumnfor
a given row), andwhich instructionsin thewindow areon the
backward-sliceof that register (the correspondingcolumnsof
thatrow whicharenon-zero).For example,in Figure1, instruc-
tions in columns3, 5 and9 lie on the backward dependency
chainof registerr3, implying thatany future instructionusing
r3 asaninputwill requiretheservicesof instructions3, 5 and9
(andno otherinstruction)in orderto executecorrectly.

� A Live Maskwith onebit correspondingto eachentry in the
SAW. At any instantthis maskindicatesthatthecorresponding
instructionhaswritten into at leastone“li ve” register.

� An ExecuteMaskwith onebit correspondingto eachentry in
theSAW. This marksthe instructionsin theSAW thatneedto
beredundantlyexecutedbecausethey couldnotbeveri�ed.
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1

1
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1

Head (Delete)
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Figure 1. The Slice Extraction Matrix. Column indices are
indicated at the bottom of the matrix.

3.4.4 SliceEM Operations

We now describehow the SliceEM handlesall Insertion and
Deletion operations.Instructionsare always insertedand deleted
(popped)in FIFO order, anda circularqueuealgorithmis used.

Inserting a non-trigger instruction When a Non-Trigger in-
struction,e.g.,anadd $r5 := $r2 + $r3 register-arithmetic
instructionis insertedinto the window, the SliceEM doesthe fol-
lowing (startingfrom theSliceEMstatusin Figure1, theprocessof
insertingthis instructionis shown in Figure2):

1. Allocateanew columnindex k (k = 13 in thisexample)for this
instructionin theSAW.



2. Readthe rows correspondingto the inputs of this instruction
(rows for r2 andr3 in this example),andcomputethebitwise-
unionof theserows.

3. Setthek-th bit of this union to 1. It is guaranteedthat this bit
waspreviously a 0, otherwisethis columncouldnot have been
allocatedfor this new instruction.

4. Write themodi�ed unionvectorinto therow in theMatrix cor-
respondingto the instruction's output register (r5 in this ex-
ample),completelyoverwriting any valuesthatmaybealready
present.

5. UpdatetheLive Maskvectorby takinga wired-ORof each of
the columns. The Live Mask of the new instructionwould get
setto 1. It is possiblethatsomeof theprevious1sin thisvector
could now get resetto 0 if this new outputregister row (r5 in
the example)doesnot have a 1 in the correspondingposition,
andnootherrow hasa 1 in thatcolumneither.

r0
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r3

r4

r5

r6

r7

0 6 8 9 10 11 12 13 14 1554321

1 1 1

111

1

1

Valid Region (SAW)

Live Mask

7

1

1

1

111

Execute Mask

Bit Matrix

11 1 1

1

1

1

Tail (Insert)

Head (Delete)

Figure 2. Processof inserting the instruction add $r5 :=
$r2 + $r3 into the SliceEM. Notice that the instruction in
column 12 ceasesto be Li ve after this insertion. The new in-
struction is inserted in column 13, and a new 1 is entered into
the matrix entry (r5 , 13) to indicate this.

Inserting an ExecuteTrigger When an ET instruction(for in-
stancean effective addresscalculation instruction for a store
computeEA $r2 + 5) entersthe window, we do the follow-
ing (startingfrom the Matrix in Figure2, the processis shown in
Figure3):

1. Allocateanew columnindex k (k = 14 in thisexample)for this
instruction.

2. Readall rowscorrespondingto theinputsof this instruction(r2
in this example),andcomputethebitwise-unionof theserows.
Note that this would correspondto all the instructionson the
backward-sliceof this ET instruction.

3. Setthek-th bit of this unionto 1.

4. Take a bitwise-unionof this resultingvectorwith thecontents
of theExecuteMask,andoverwritetheExecuteMaskwith the
result.

Inserting a Flush Trigger When an FT instruction entersthe
window, weonly needto allocateanew columnfor this instruction.
Sincewe arenot updatingthe SliceEM in any otherway, any in-
structionin its backward-slicewould automaticallybekilled when
the registerswhosevaluesthey producedare overwrittenby any
future instruction(treatedexactly thesameasa dynamicallydead
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Figure 3. Process of inserting the ET store effective ad-
dresscalculation instruction computeEA $r2 + 5 into the
SliceEM. Notice the updatedExecuteMask.

instruction).Thusour mechanismis intendedto eliminateinstruc-
tionsin theredundantthread(i) thatdonotlie onthebackwardslice
of any storeor branch,and(ii) that lie on thebackwardslice(s)of
only veri�able (FT) storesand/orbranches.TheExecuteMaskand
LiveMaskbits areboth0 for suchinstructions.

Deleting(Popping)Entries At any instant,theentryat theHead
of the SAW canbe examinedanddeletedfrom the SliceEM,and
eithersentfor redundantexecutionor �ushed. If theExecuteMask
andLive Mask bits for the entry areboth 0, then the instruction
correspondingto this entry is guaranteed�ushable. If theExecute
Mask bit is 1, then the instructionrequiresredundantexecution.
If the ExecuteMask bit is 0, but the Live maskbit is 1, thenthe
instruction's statusis unknown, andthelogic that is removing this
entrycouldchooseto eitherconservatively executethe instruction
redundantly, or allow it to stayin theSliceEMfor a little longer. If
theentry is deleted,thentheExecuteMaskbit, Live Maskbit and
theentirecolumnof theBit Matrix for that instructionareresetto
0.

Observe thattheSliceEMdoesnot literally “extract” slices,but
only identi�es andmarksinstructionslying on thebackwardslices
of certaintriggers.It alsodoesnot necessarilyidentify complete
slices.If theSAW is not wide enoughto accommodateall instruc-
tions of a slice, then the oldestinstructionscan start spilling out
with an“unknown” status.No additionallogic is requiredto ensure
thatdependenciesarecorrectlymaintainedin suchscenarios.

TheBit Matrix andLive Masktogetherkeeptrackof the“li ve-
ness”of eachentry in the SAW. The ExecuteMask identi�es a
setof instructionson thebackward sliceof a certainclassof trig-
gers.SlicK hasonly onesuchclass:ExecuteTriggers.However,
theSliceEMcanalsobeusedin scenarioswhereslicesbelonging
to multiple classesof triggersneedto beidenti�ed simultaneously.
In suchcases,a distinct ExecuteMask needsto be usedfor each
class,but theBit Matrix andLiveMaskcanbeshared.

3.4.5 Hardware Implementation Concerns

Thekey componentof theSliceEMis thebit-matrix,andit primar-
ily needsto perform3 operations:(i) Readandwrite a given row,
(ii) Computethewired-ORof all bits in a column,and(iii) Reset
all bits in acolumn.Sincethenumberof rows(equalto thenumber
of architectedregisters)is expectedto be in therangeof 8-32,we
do not expectwire delayproblemsassociatedwith operations(ii)
and(iii). Further, aswewill show laterin our results,window sizes
(columns)of 256 instructionssuf�ce, andoperation(i) is not ex-
pectedto havesigni�cant overheadseither. Its read/writeportsneed



to beenoughto supportthecommitbandwidthof leadingthreadin-
structions,which is typically lessthan3 percycle.

3.5 Integrating the Predictorsand SliceEM into an SRT
processor

Armed with a setof predictorsanda slice extractionmechanism,
we now needto integratetheseinto anSRT pipelineandcomplete
theSlicK design.Wewerefacedwith multipledesignchoiceswith
variousaspectsof thisprocess.In theinterestof brevity, werefrain
from analyzingtheprosandconsof eachof thesechoices.Instead,
wepresentthe�nal designincorporatingourdesigndecisionsalong
with brief explanationsof therationalebehindthesedecisions.

Leading Thread

Trailing Thread

Decode
Mask

Predictors
Matrix

Propagate

Trigger

Slice Extraction

Rename CheckExecuteSchedule
CommitAllocate

Fetch

PC/Decode verification

Figure4. Overview of SlicK Pipeline

Mostof thecorepipelineremainsunchangedfrom theSRT de-
sign (Figure 4). As in SRT, the two PCsof a two-context SMT
processorareprovidedfor theredundantthreads(leadingandtrail-
ing), eachindependentlyfetchingtheir instructionstreamfrom the
L1-cacheinto the SoRwith a temporalslackseparatingthe two.
Thetrailing threadusestheBranchOutcomeQueue(BOQ)for ob-
taining branchtargets into which the leadingthreadwould have
previously placedtheresultsof resolvedbranches.

Our �rst designdecisionfor SlicK was to make the leading
thread sendits committedinstructionsto look up the predictors
andupdatetheSliceEM.Theleadingthread's runaheadslackgives
the SliceEM ample opportunity to discover the statusof older
instructionsin the SAW by the time the trailing threadcatches
up. “Inserting” a committed leading thread instruction into the
SliceEM simply involves updating the Bit Matrix and the two
masks,andasfar assliceidenti�cation is concerned,no additional
informationaboutthe instructionneedbemaintained.All that the
trailing threadneedsto do is examinethe ExecuteandLive mask
bits in order to determinewhich instructionsit needsto execute,
andthiscanbedoneimmediatelyafterits Fetchstage.

Thereis aredundancy issueherethatneedsto behandled.Since
it is the leadingthreadthat looks up the predictorsandconstructs
the execution masksto select the trailing thread's instructions,
theseoperationsthemselves need to be veri�ed by the trailing
thread.This can be achieved by verifying all fetchedPCs and
the decodedarchitectedregister identi�ers. Therefore,we require
every instruction in the trailing thread to go through the Fetch
and Decodestages (our seconddesigndecision), regardlessof
whetherthey areultimately executedor �ushed. Techniquessuch
as�ngerprinting [25] canbeusedto signi�cantly reducethestorage
andbandwidthoverheadsassociatedwith buffering this datafrom
theleadingthreaduntil thetrailing threadcatchesup andperforms
thecomparison.

After Decode, trailing thread instructions can look up the
SliceEM masksanddecideto eitherexecuteor �ush themselves.
Sincethe SliceEM supportsearly removal, the trailing threadcan
chooseto deleteanentryevenif its statuswasunknown andexecute
it conservatively. This bringsusto our third designdecision:if the
trailing threadhasdecodedinstructionsavailable, then it always
pops/deletesSliceEM entries, regardlessof whethertheir status
were knownor unknown. In our experience,ensuringthe smooth

�o w of thepipelineis a morecritical factorfor performancethan
removing a few additional instructionsby stalling the threadfor
severalcycles.

3.5.1 Memory Ordering for the Trailing Thr ead

Trailing threadLoadsalwayspick uptheiroperandsfrom theLVQ,
and trailing threadStoreshave only one purpose:to provide re-
dundancy for leadingthreadStoreswaiting in theSCB.Therefore,
aslong asthe LVQ andSCB semanticsarecorrect,no additional
orderingneedsto be enforcedbetweentrailing threadLoadsand
Stores.We ensurethat all trailing threadLoadsand Storesper-
form thenecessarysynchronizationwith theirassociatedstructures
(LVQ/SCB)regardlessof whetherthey areexecutedor �ushed.

Weadhereto theSRT mechanismsfor handlinguncachedoper-
ationsandpreciseinterruptdelivery.

4. Fault Coverage
4.1 Err or Model

Transienterrorscanleadto eitherSilentDataCorruption(SDC)or
DetectedUnrecoverableErrors(DUE) [17]. Thefocusof thispaper
is to avoid SDCerrorsin a SingleEventUpset(SEU)fault model.
Upon the occurrenceof a single transienterror, our mechanisms
are intendedto detect its occurrencebefore an erroneousstore
propagatesinto thememorysystem.

4.2 Identifying Points of Vulnerability in SlicK

Thespeculative natureof thepredictorsin SlicK cancausecertain
rareredundancy violations.This is bestillustratedthroughan ex-
ample(Figure5).

For 100 iterations 101st iteration
Lead.Thr.: store 0x4000 Lead.Thr.: store 0x4100
Predictor: store 0x4000 Predictor: store 0x4000

(match– commit) (mismatch– trigger
Trail. Thr.)

Trail. Thr.: store 0x4100
(noerror)

(a)

For 100 iterations 101st iteration
Lead.Thr.: store 0x4000 ErroneousLead.Thr.: store 0x4101
Predictor: store 0x4000 Predictor: store 0x4000

(match– commit) (mismatch–
triggerTrail. Thr.)

Trail. Thr.: store 0x4100
(errordetected)

(b)

For 100 iterations 101st iteration
Lead.Thr.: store 0x4000 ErroneousLead.Thr.: store 0x4000
Predictor: store 0x4000 Predictor: store 0x4000

(match– commit) (match– commit)
SDC

(c)

Figure 5. SlicK Vulnerability Example, showing the execution
of a Store instruction thr ough101iterations of a loop in which
the data value is 0x4000for the �rst 100iterations and 0x4100
in the �nal iteration. This is shown for (a) the Corr ect Execu-
tion, (b) one possibleErr oneousExecution (caught by SlicK),
and (c) another possibleErr oneousExecution (not caught by
SlicK).

In this example,a storeinstruction,having producedthe same
datavalue0x4000for several iterations,warmsup thedatapredic-
tor. Consequently, thetrailing threaddoesnotexecutethebackward
slicefor thisstoredata.However, thenext iterationfor somereason
now producesthevalue0x4100.In theerror-freeexecution(Case



(a)),thiscausesamismatchwith thepredictor, whichcausesthere-
dundantsliceto beextractedandexecuted.In Case(b), theleading
threadis corruptedby anerror, but theerror is detected.However,
it is possiblefor asingle-biterrorto corrupttheleadingthreaddata
in sucha way that it exactly matcheswith the predictor's output
andresult in SDC(Case(c)). From this example,we canobserve
thefollowing key facts:

� The scenariowe areobservinginvolves a Mismatchbetween
theleadingthreadandthepredictorin theerror-freeexecution.

� BothCases(b) and(c) involve a fault in theleadingthread.

� SDConly occursin Case(c) – if theMismatchin theerror-free
caseis transformedinto a Hit (or Match)in theerroneouscase.

� Only certainpatternsof faultsin theleadingthreadcouldresult
in Case(c); mostfaultswill resultin Case(b)-like situations.

In general,with a single-errormodel andwith full Fetchand
Decoderedundancy asdescribedin theprevioussection,any errors
in either the predictoror SliceEM structuresor in pipelinestruc-
turesbeingoccupiedby trailing threadinstructionscannotcause
SDC,sinceany sucherrorsin thismodelautomaticallyimpliesthat
therearenoerrorsin theleadingthread's execution.

On the other hand,a fault in the pipelinestructuresoccupied
by leading thread instructionsin SlicK can lead to SDC. As the
exampleillustrated,an error in a leadingthreadStoreinstruction
(or itsbackwardslice)thatcausesapredictorMismatchin theerror-
freeexecutioncouldpotentiallytransformtheMismatchinto a Hit
andresultin SDC.

Wereferto thesestoresandtheirbackward-slices(whichleadto
a Mismatchin thepredictionstructures)asbeingunguarded. Any
arbitrary fault in an unguardedinstructionwould not necessarily
causesucha Mismatch-to-Hitconversion;the fault hasto besuch
that the resultingvalueof theStoreexactly aliaseswith the value
thatthePredictorproduces.However, this is tricky to quantifydue
to architecturaland programlevel maskingeffects [13, 17], and
we conservatively assumethat any fault in an unguardedinstruc-
tion would causeSDC. In termsof the example,we assumethat
any single-biterror in the leadingthreadwill convert all Case(a)
scenariosinto Case(c) scenarios.

Notethatinstructionscouldbein morethanonebackward-slice,
with differentpredictionoutcomesfor eachslice. In our analysis,
we countan instructionasbeingunguardedif the earliesttrigger
(in programorder)of its forwardsliceis aMismatch.

Identifying unguardedinstructions requiresanalyzing regis-
ter dependenciesover a very large instructionwindow sincethe
forward-slicetriggercanoccurmillions of instructionslater. How-
ever, our simulationswereexcessively slow with very large win-
dows.Wefoundthatusingamoderatewindow sizeof 16K instruc-
tions provided reasonablesimulation speedswhile still keeping
thenumberof instructionswith unknown statussuf�ciently small.
In our results,we show coverageas rangesassumingworst (all
unguarded)andbest(all guarded)casesfor theseunknown instruc-
tions.

4.3 The Common Case– How SlicK detectssoft errors

SlicK'spredictorlookupscanhave threeoutcomes:No-Prediction,
Hit andMismatch.Of these,only Mismatchescreatevulnerabil-
ity. Therefore,thepredictorsarecon�gured soasto minimize the
occurrenceof Mismatches,with No-PredictionsandHits forming
themajority of cases.No-Predictionsresultin full redundantexe-
cutionasin SRT. Hits causeinstructionsto be�ushed,gainingper-
formance,while redundancy is maintainedby thepredictoroutput.
In caseanerrorcorruptsa leadingthreadtriggervaluethatwould
havebeenaHit in theerror-freecase,it is guaranteedthatit will be

aMismatchin theactualerroneousexecution,triggeringredundant
execution.

4.4 Quantifying the Fault Coverageof SlicK

WeusetheArchitecturalVulnerabilityFactor(AVF) [17] approach
to quantify the error coverageof our design.CalculatingAVF re-
quiresidentifying bits in a pipelinestructurethatarenecessaryfor
ArchitecturallyCorrectExecution(ACE). TheACE-nessof every
physicalbit changesfrom cycle to cycle, andis deducedfrom the
ACE-nessof the logical entity (suchassomecomponentof an in-
struction)that was holding that bit in that cycle. Several factors
contribute to makingan instructionACE or un-ACE, all of which
areoutlinedin [17]. OncetheACE-nessof all bits in astructureare
establishedon a cycle-by-cycle basis,the AVF of the structureis
de�ned astheaveragefractionof ACEbits in thestructureover the
entireexecutionof asuiteof benchmarks.The“unguarded”instruc-
tions de�ned above are ACE, and we consequentlyonly needto
trackthebitsof theseinstructionsto quantifytheAVF. Notethatwe
areautomaticallydiscountingwrong-pathinstructionsanddynam-
ically deadinstructions,sincethey will not be unguarded.How-
ever, we do not track dynamicallydeadinstructionsvia memory
dependencies,which againmakesour estimationconservative. We
performAVF analysisfor severalnon-speculative processorstruc-
turesthatcontributesigni�cantly to thetotal chiparea,namely, the
ROB andPhysicalRegisterFile (which arecoupledtogetherinto
a uni�ed RUU in our model),theLoadStoreQueue,andtheIssue
Queue.

5. Results
Our experimentswereconductedvia execution-driven simulation
using an extendedversion of the SimpleScalar3.0 toolset [3],
wherewe implementedthe SRT and SlicK models.We evaluate
the schemesusing all 26 applicationsfrom the SPECCPU2000
benchmarksuite.The benchmarkswere compiled for the Alpha
ISA andusethereferenceinput set.We measuredthestatisticsfor
detailedsimulationof 100million instructionsafterfast-forwarding
to the �rst SimPoint [22] with a weight of at least1% for each
benchmark.The parametersof our baselinehardware model are
shown in Table1.

Table 2 gives the IPCs for single-threadand SRT execution.
IPC lossesdue to SRT rangefrom as low as 3.67% (in mcf) to
as high as 39.73%(in sixtrack), with an averageloss of 18.01%
acrossthese26benchmarks.In orderto estimateanoptimalsizefor
thesliceanalysiswindow (numberof columnsin theSliceEM)for
SlicK, weransimulationswith relatively largewindow sizesto �nd
out how many youngerinstructionsneedto appearin thedynamic
instructionsequencebeforethe status(whetherto executeor not)
of eachinstructionis known. We thenplottedthis informationas
a CDF graph,and in Figure6 we show representative resultsfor
a few applications.For mostbenchmarks,thestatusof 90-95%of
theinstructionsis known within awindow sizeof 256instructions.
Resultsfor mostotherapplicationsaresimilar exceptfor wupwise
andto a certainextent galgel wherethe statusof around75-80%
of the instructionsis known within a window size of 256. We
consequently�x thenumberof columnsin theSliceEMat 256.

5.1 PerformanceResults

Figure7 gives the IPC results(normalizedwith respectto single
threadperformance)of our SlicK mechanismusing both Last-
Value(LV) andFinite-Context Method(FCM) storepredictors,and
comparesthem with the normalizedIPCs of the SRT execution.
FCM providesonly marginal improvementsover LV but ata much
higherhardwarecost,andwe consequentlyfocuson the LV store
predictorsfor the rest of this paper. Table 3 shows the actual



Parameter Value
Fetch/Decode/Issue/CommitWidth 8

PipelineStages 15
FetchQueueSize 16

LoadValueQueue(LVQ) Size 128
BranchOutcomeQueue(BOQ)Size 128

StoreCheckingBuffer (SCB) 64
Branch-Predictor Combinedpredictorwith 16K-entry

meta-table.2-lev predictorwith
16K-entryL1, 16K-entryL2, 14-bit

historyXORedwith address
RAS Size 64
BTB Size 2K-entry4-way
RUU Size 128
LSQSize 64

IntegerALUs 6 (1-cycle latency)
IntegerMultipliers/Dividers 2 (3,20)

FPALUs 4 (2)
FPMult./Div./Sqrt. 2 (4,12,24)
L1 D-CachePorts 4

L1 D-Cache 64KB, 4-way with 32Bblock (2)
L1 I-Cache 64KB, 4-way with 32Bblock (2)

L2 Uni�ed Cache 512KB, 4-way with 64B line-size(12)
I-TLB 512-entries4-way set-associative
D-TLB 1K-entries4-way set-associative

TLB Miss-Latency 30 cycles
MemoryLatency 200cycles
SliceEMColumns 256
StoreAddressand – Last-Value,1024-entry

DataPredictors – FCM, 1024/8192-entryL1/L2, Order3
BranchConf.Estimator Gshare,14-bit GlobalBHR, 16K L2

Table1. Simulation parameters.Latenciesof ALUs/cachesare
given in parentheses.All ALU operationsare pipelined except
division and square-root.
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Figure 6. Percentageof instructions whosestatus (whether to
executeor not) becomesknown after x instructions in the dy-
namic instruction stream.

IPC valuesand someother statisticsabout the SlicK execution,
including the percentageof instructionsthat are �ushed, number
of branchFTs (andasa percentageof numberof branches),and
thenumberof storeaddress/valueFTs(andasa percentageof the
numberof stores).

From Figure 7, we seethat SlicK can provide a signi�cant
bridge for the performancegapbetweenSRT and SingleThread
executions.For instance,in vortex, mesaandeon, whereSRT incurs
about 29%, 20% and 17% IPC loss respectively, SlicK is able
to cut this loss by 42.47%,32.65%,and37.81%respectively by
eliminating a substantialnumberof instructions(57%, 43% and
41%)in thetrailing thread.

Benchmark Single-ThreadIPC SRT IPC % IPC Loss
164.gzip 1.9614 1.7924 8.62

168.wupwise 0.6664 0.4818 27.70
171.swim 0.8704 0.6046 30.54
172.mgrid 1.1261 1.0245 9.02
173.applu 1.1093 0.8398 24.29
175.vpr 0.5936 0.5578 6.03
176.gcc 1.5293 1.4369 6.04

177.mesa 2.5172 2.0216 19.69
178.galgel 2.4665 1.8210 26.17

179.art 0.6030 0.4039 33.02
181.mcf 0.1715 0.1652 3.67

183.equake 0.6657 0.5628 15.46
186.crafty 1.9653 1.7603 10.43
187.facerec 2.6073 1.7662 32.26
188.ammp 0.8191 0.6903 15.72
189.lucas 0.7389 0.6982 5.51
191.fma3d 2.3089 2.0712 10.29
197.parser 1.0874 0.9984 8.18

200.sixtrack 3.6739 2.2143 39.73
252.eon 2.3617 1.9697 16.60

253.perlbmk 1.5293 1.4704 3.85
254.gap 0.2606 0.2257 13.39

255.vortex 2.7971 1.9827 29.11
256.bzip2 1.8440 1.5976 13.36
300.twolf 0.7790 0.7479 3.99
301.apsi 3.2301 2.0835 35.50

Table2. IPC of single-thread(non-redundant)executionof the
benchmarks and redundant executionusing SRT. The lossof
IPC with SRT is alsogiven,with the averagelossacrossthe ap-
plications being18.01%.All the data is for the executionof 100
million instructions fr om the �rst SimPoint with a weightageat
least1% for eachbenchmark.

IPC Flushed Branch FT St. Addr FT St. Data FT
gzip 1.8855 34.48% 7.64M(81%) 3.17M(45%) 0.24M(3%)

wupwise 0.5957 9.32% 3.25M(99%) 0.00M(0%) 0.00M(0%)
swim 0.8167 12.27% 1.16M(99%) 0.75M(6%) 0.00M(0%)
mgrid 1.0485 5.49% 0.27M(96%) 2.85M(59%) 0.02M(0%)
applu 1.0154 12.51% 0.20M(97%) 2.90M(27%) 3.71M(35%)
vpr 0.5850 33.67% 9.10M(88%) 4.71M(43%) 3.87M(35%)
gcc 1.4696 36.25% 4.78M(30%) 2.00M(19%) 3.53M(34%)

mesa 2.1834 43.35% 7.11M(83%) 7.69M(63%) 6.54M(54%)
galgel 2.1094 28.26% 4.32M(93%) 2.51M(50%) 0.01M(0%)

art 0.5765 33.59% 9.08M(81%) 4.28M(55%) 0.76M(9%)
mcf 0.1712 35.07% 14.26M(61%) 0.06M(1%) 2.68M(40%)

equake 0.6246 24.97% 3.11M(97%) 2.14M(51%) 2.97M(71%)
crafty 1.8712 38.44% 5.48M(49%) 2.33M(40%) 1.88M(32%)
facerec 2.0351 12.97% 3.12M(89%) 0.85M(6%) 0.52M(3%)
ammp 0.7505 11.44% 3.50M(90%) 2.47M(37%) 0.31M(4%)
lucas 0.7133 1.00% 0.53M(99%) 0.00M(0%) 0.00M(0%)
fma3d 2.2679 52.46% 14.82M(82%) 2.15M(28%) 3.74M(50%)
parser 1.0110 35.64% 9.58M(61%) 4.06M(50%) 3.00M(37%)

sixtrack 2.3898 10.59% 2.21M(98%) 1.19M(22%) 0.00M(0%)
eon 2.1179 40.70% 9.16M(83%) 8.36M(49%) 7.70M(45%)

perlbmk 1.5021 43.09% 10.01M(71%) 5.25M(33%) 6.03M(38%)
gap 0.2282 19.51% 9.04M(69%) 4.71M(40%) 2.56M(21%)

vortex 2.3286 57.57% 15.56M(87%) 3.09M(24%) 6.86M(55%)
bzip2 1.7241 45.46% 9.39M(84%) 3.92M(48%) 2.47M(30%)
twolf 0.7778 28.35% 7.27M(59%) 2.50M(35%) 1.54M(21%)
apsi 2.2848 11.94% 3.00M(91%) 1.87M(14%) 0.65M(4%)

Table 3. Execution Statistics for SlicK with LV predictor. We
show the percentage of �ushed/eliminated instructions, the
number (and asa percentageof total branches)of Branch FTs,
the number (and asa percentageof total stores)of StoreFTs.

For mostapplications,we �nd anexpectedcorrelationbetween
thepercentageof instructions�ushed to the improvementsin IPC
for the SlicK executions.As notedabove, vortex, mesaand eon
are representative of thosewith signi�cant improvementsdue to
removal of instructionsbasedonlocality. At theotherend,sixtrack,
despitethehighIPCloss(40%)dueto SRT, SlicK canonly provide
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Figure 7. IPC Resultsfor SlicK executionswith a simple Last
Value(LV) anda moreextensiveFinite-Context Method (FCM)
store address/value predictor, shown in comparisonwith SRT.
All valuesare normalized with respectto SingleThr ead(non-
redundant)execution.

8% improvementdue to the low numberof �ushed instructions.
This reductionin �ushed instructionscanbeattributedto thelower
locality of both store addressesand data for this application–
even thoughbranchpredictionaccuracy ratesarehigh (98.46%),
the numberof branchesthemselves(2.2M) arenot ashigh asthe
numberof StoreETs(9.5M).

mgrid experiencesgoodlocality (visible from thehigh FTsfor
this application),but the numberof �ushed instructionsfor this
applicationis not as high as for others.We found that this was
becauseof ourin-orderextractionof entriesfrom theSAW, wherein
we sendtrailing threadinstructionscorrespondingto theseentries
into the pipeline if theseinstructionshave arrived and pipeline
resourcesareavailable,evenif theirstatusis unknown in theSAW.
Althoughourmaximumwindow sizeis256,theSAW rarely�lls up
to its full capacity. For mostapplications,this is notaproblem,but
mgridcandiscoverthestatusof averysmallnumberof instructions
with a smallerwindow of information(16 or lower) asis evident
from its low initial slopein Figure6.

Therearecases(asin parser) wheretheSRT performanceloss
is itself notveryhigh (around8%)sincethedatapathresourcecon-
tentionbetweenthe threadsis not very signi�cant. In suchcases,
theeffect of eliminating35%of theinstructionsfor redundantex-
ecutionby SlicK doesnot producesubstantialsavings over SRT
performance(only 1.26%).SlicK seemsto performwell even for
memory-boundapplicationssuchasmcf, art andswimcompared
to SRT, but we areslightly lessinterestedin themsincetheseare

very low IPC applicationsto begin with, andSlicK's focus is on
alleviatingdatapathresourcecontentionfor thetrailing thread.

Overall, SlicK provides around10.2%performanceimprove-
mentover SRT, andbuys backover 50% of the performanceloss
incurredby SRT with respectto SingleThreadexecution.

5.2 Fault CoverageResults

RUU IssueQueue LSQ
164.gzip 0.19%– 5.66% 0.08%– 2.16% 0.07%– 2.40%

168.wupwise 0.01%– 27.23% 0.01%– 26.81% 0.01%– 14.74%
171.swim 0.00%– 0.70% 0.00%– 0.68% 0.00%– 0.00%
172.mgrid 0.00%– 0.00% 0.00%– 0.00% 0.00%– 0.00%
173.applu 0.00%– 0.38% 0.00%– 0.37% 0.00%– 0.00%
175.vpr 0.48%– 0.49% 0.37%– 0.38% 0.71%– 0.71%
176.gcc 0.21%– 0.21% 0.11%– 0.11% 0.18%– 0.18%

177.mesa 0.14%– 1.28% 0.08%– 1.19% 0.09%– 0.10%
178.galgel 0.14%– 0.17% 0.13%– 0.15% 0.01%– 0.02%

179.art 0.35%– 2.56% 0.35%– 1.65% 0.00%– 0.16%
181.mcf 0.18%– 0.44% 0.12%– 0.39% 0.16%– 0.16%

183.equake 0.16%– 0.27% 0.11%– 0.22% 0.13%– 0.13%
186.crafty 0.41%– 0.41% 0.24%– 0.24% 0.32%– 0.32%
187.facerec 0.04%– 1.53% 0.03%– 1.32% 0.01%– 0.88%
188.ammp 0.45%– 1.96% 0.21%– 0.75% 0.22%– 2.10%
189.lucas 0.00%– 0.05% 0.00%– 0.04% 0.00%– 0.00%
191.fma3d 0.27%– 0.27% 0.14%– 0.14% 0.14%– 0.14%
197.parser 0.40%– 0.40% 0.16%– 0.17% 0.18%– 0.18%

200.sixtrack 0.00%– 0.04% 0.00%– 0.04% 0.00%– 0.00%
252.eon 0.59%– 0.60% 0.42%– 0.42% 0.64%– 0.64%

253.perlbmk 0.24%– 0.24% 0.12%– 0.12% 0.22%– 0.22%
254.gap 0.16%– 1.03% 0.03%– 0.89% 0.10%– 0.10%

255.vortex 0.20%– 1.60% 0.15%– 1.28% 0.21%– 0.22%
256.bzip2 0.20%– 0.98% 0.13%– 0.86% 0.11%– 0.11%
300.twolf 0.94%– 0.94% 0.47%– 0.47% 1.08%– 1.08%
301.apsi 0.02%– 0.02% 0.02%– 0.02% 0.00%– 0.00%

Table 4. Ar chitectural Vulnerability Factors for important
structur esin a SlicK processorwith LV store predictors. Vul-
nerability comesfr om unguarded instructions due to predictor
Mismatches(0.58% on the average),while performancecomes
fr om �ushed instructions due to predictor Hits (46% on the av-
erage).

Table4 givesour measuredAVF numbersfor importantstruc-
turesin a SlicK processorwith LV storepredictors.As mentioned
previously, we provide AVF rangesinsteadof singlevaluesdueto
simulationtime limitations.For mostbenchmarkstheserangesare
fairly small,exceptfor wupwise, which hasa very largenumberof
instructionswhosestatuscannotnotbedeterminedwithin the�nite
window sizesthatoursimulatorscanhandle.

Barring wupwise, we notice from Table4 that the AVF num-
bersarevery low whencomparedagainstthestructuralAVFsof ei-
theraprocessorthatis runningin non-redundantmode[17], or one
that is employing a moreperformance-orientedredundancy mech-
anism[7]. With SlicK, maximumRUU (whereinstructionsusually
have the highestresidency), AVFs arelessthan1% for 18 of the
25benchmarks,between1%and2%for 5 benchmarks,andgreater
than2%for only 2 benchmarks.Minimum RUU AVFsarelessthan
1%for all 26benchmarks(includingwupwise), andlessthan0.5%
for 24 of them.IssueQueueandLSQ numbersaresimilarly low.
Theselow AVFs aretheresultof very few unguardedinstructions
(0.61%on theaverage).Unguardedinstructionsarelow dueto the
extremelylow rateof Mismatches(0.58%).

To understandthe impactof selectively droppingslicesbased
on locality on vulnerability, we presentananecdotalanalysiscom-
paring locality-basedslice removal versusan approachthat re-
movesslicesrandomly. We show resultsfrom experimentswhere
weusetheSliceEMto (a)droponly dynamicallydeadinstructions
(Dead),(b) dropdynamicallydeadinstructionsandslicesfor 20%
randomly-selectedtriggers(Random-20),and(c) dropdynamically



deadinstructionsand slices for 30% randomly-selectedtriggers
(Random-30).Figure8 shows the normalizedIPC andmaximum
RUU-AVF resultsfor thesethreeexperimentsandcomparesthem
with SRT andSlicK (locality-basedremoval) results.For theseex-
periments,wefocusonasmallsubsetof high-IPCbenchmarksthat
areprimarily datapath-limited,andsuffer high performancedegra-
dationdueto SRT.
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Figure 8. Normalized IPC and maximum RUU-AVF that were
run with a subsetof trigger instructions randomly chosento be
dropped together with a redundant executionthat drops only
dynamically deadinstructions. Note that the AVFs of SRT and
Deadexperimentsare 0.

At one end, baselineSRT provides full coverage(0% AVF
dueto full dual modularredundancy) but suffers a relatively high
performanceimpact(65-90%).Startingfrom SRT, droppingonly
dynamicallydeadinstructionsprovides a moderateimprovement
in performance,while maintaining0% AVF. From here, if we
start randomlyselectingslicesto not executeredundantly, while
the performancedoesimprove, vulnerability increasesrapidly as
the fraction of droppedinstructionsincreases.As we reach30%
droppedinstructions(whichis approximatelythesameastheSlicK
averagedrop rate), we achieve IPCs between74-94%of single
threadexecution,but with RUU AVFs that can rangeanywhere
between7.5% to 20%. This is where the advantagesof SlicK's
value locality exploitation becomesapparent.At a performance
level slightly better than Random-30(71-97% of single thread
IPC), SlicK brings the AVF down to 0.02-1.59%.Value locality
is a redundancy mechanismby itself, thusallowing the option of
avoiding redundantexecutionof thecorrespondingslices.

5.3 Discussion

The previous experimentillustratesthe reasonwhy SlicK is very
attractive as a baselinefor exploring the performance-reliability
tradeoff spacevia partialthreading.

Ontheonehand,designersmay�nd SlicK'svulnerabilitybase-
line too conservative andwant to improve on performance.Slice-
basedexecutionsimpli�es the decisionmaking (of what instruc-
tions to executeandwhat to drop) by allowing heuristicsto focus
directly on entitiesthat exit theprocessor's Sphereof Replication
andaffect therestof thesystem.For instance,oneheuristiccould
be to avoid redundantexecutionof register-spill ET Stores(FTs
arealwaysdropped),indicatingthat thevaluewould probablyun-
dergo several levels of maskingbeforeit propagatesto an I/O de-
viceor anotherprocessor. Anotherheuristiccouldbeto increasethe
thresholdof droppingif the processorresourcesarebeingoverly
stressed,andto lower it if thereis spareexecutionbandwidthavail-
able(similar to [7]). Theslice-basedapproachavoidsany compli-
cationsrelatedto copying statefrom onethreadto another.

On the other hand,mission-criticalsystemsmay desireeven
morereliability thanthataffordedby SlicK'sbaseline.In thiscase,
a certainsubsetof FT slicescouldberedundantlyexecuted(recall
that in a realworld scenario,anerrorcanconvert anET-mismatch
into anFT). Onceagain,differentheuristicscouldbeusedto select
these.

Our framework canalsoallow acompilerto markcritical stores
for redundantexecution to over-ride the predictor outcomes,or
markthemfor avoidingredundantexecution.Exploringthesecom-
piler issuesand evaluating the effectivenessof different runtime
heuristicsona SlicK platformis partof our futurework.

6. Concluding Remarks
Thispaperhasproposedtheideaof usingslice-level redundantex-
ecutionof instructionsbasedon thevalueandcontrol-�ow locality
in theprogram.Redundantexecutionat thegranularityof slicesis
a novel paradigmthat enablespartial threadingpolicies to focus
directly on entitiesthat exit the processorand affect the outside
world. We have demonstratedthe effectivenessof using control-
�o w andvaluelocality asa slice-selectionpolicy. With predictors
beingusedto verify theexecutionof theleadingthread,redundant
executionof a largefractionof instructionscanbeavoidedwithout
signi�cantly compromisingonthevulnerabilityof processorstruc-
tures.With a detailedcycle level modelof our SlicK architecture,
we show thatSlicK outperformsSRT by 10.2%,buying backover
50%of theperformancelossincurredby SRT dueto redundantex-
ecution.At the sametime, eliminationof redundantexecutionof
a signi�cant fraction of the sliceshasonly marginal effect on the
AVF of processorstructures,keepingthemtypically in the0%-2%
range.

Thebackward-sliceextractorproposedin thispaperis is ableto
track the instructionlying on slicesof several trigger instructions
simultaneouslyanddoesnotneedto stall theinstruction�o w while
tracking is occurring.It is simple to implement,and thoughwe
have adaptedit for redundantthreading,there are several other
applicationsfor backwardsliceextraction.

More importantly, SlicK provides a set of basicmechanisms
thatcanbeusedasa startingpoint for designingpoliciesto avoid
redundantslice executions,taking us to interestingpoints in the
performance-reliabilityspace.Designingandevaluatingsuchpoli-
ciesis partof our futurework.
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