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ABSTRACT

Symbolicdehuggersaresystemdevelopmentoolsthatcanaccel-
eratethevalidationspeedf behaioral specificationdy allowing
auserto interactwith anexecutingcodeat the sourcdevel. In re-
sponsdo auserquery thedeluggerretrievesthevalueof asource
variablein a mannerconsistenwith respectto the sourcestate-
mentwhere executionhashalted. However, when a behaioral
specificatiorhasbeenoptimizedusingtransformationsyaluesof
variablesmaybeinaccessiblén therun-timestate.

We have developeda setof techniqueshat,givenabehaioral
specificationCDF G, enforcecomputationof a selectedsubset
Veut Of uservariablessuchthat(i) all othervariablesy € CDFG
can be computedfrom V.,; and (ii) this enforcementas mini-
mal impacton the optimizationpotentialof the computation.The
implementatiorof the newv detuggingapproactposessereral op-
timizationtasks. We have formulatedthe optimizationtasksand
developedheuristicsto solve them. The effectivenessof the ap-
proachhasbeendemonstratedn a setof benchmarldesigns.

1. INTRODUCTION

Symbolicdehuggersaresystemdevelopmentoolsthatcanaccel-
eratethe validation speedof behaioral specificationsy allow-
ing a userto interactwith an executingcodeat the sourcelevel
[Hen82]. Symbolic dehuggingmustensurethatin responsdo a
userinquiry, the dehuggeris ableto retrieve anddisplaythe value
of asourcevariablein amannerconsistenwith respecto abreak-
point in the sourcecode. Codeoptimizationtechniquesusually
makessymbolicdehuggingharder While codeoptimizationtech-
niguessuchastransformationsnusthave the propertythatthe op-
timized codeis functionally equivalentto the unoptimizedcode,
suchoptimizationtechniquesnay producea different execution
sequencérom the sourcestatementsndaltertheintermediatae-
sults. Debugging unoptimizedratherthan optimizedcodeis not
acceptabldor severalreasons including:
e while anerrorin theunoptimizedcodeis undetectablét is
detectablén theoptimizedcode,
e optimizationsmay be necessaryo executea programdue
to hardwarelimitations,and
e asymbolicdelhuggerfor optimizedcodeis often the only
tool for finding errorsin anoptimizationtool.
We proposea design-fordehugging (DfD) approactthat en-
ablesretrieval of sourcevaluesfor aglobally optimizedbehaioral

specificationThe goalof the DfD techniqués to modify the orig-
inal codein a pre-synthesistepsuchthat every variable of the
sourcecodeis controllableand obserable in the optimizedpro-
gram.Moreformally, givenasourcebehaioral specificatior(rep-
resentedasa control dataflow graph[Rab91])C DFG, the goal
of theDfD approaclis to enforcecomputatiorof aselectegubset
Veut € CDFG (cut)of uservariablessuchthat:

e all othervariablesV’ € CDFG canbecomputedrom the

cut Vey: [Kir99], and
e the enforcemenbf computatiorof userdefinedVz,,; vari-
ableshasminimal impacton the optimizationpotential.

Findingacutof acomputatiorhasbeenaddressedh mary de-
bugging[Kir99] andsoftwarecheckpointingZiv98] tools. How-
ever, symbolicdeluggingimposesa new constrainffor thecutse-
lection procedure:variablesenfoicedto be computedshouldnot
restrictthe optimizationprocess

The developedDfD techniqueanalyzeshe sourcecodeand
selectsthe cut variablesaccordingto a numberof heuristicpoli-
cies. Eachpolicy quantifiesthe likelihoodthat a particularvari-
ableis not computeddueto a specifictransformatiorof the com-
putation. In orderto supportfully modularpre-processingex-
plicit computationof selectedcut variablesVz,,; is enforcedby
assignmenof eachvariablev; € V.,: to aprimaryoutput. Thus,
applicationof ary synthesigool would resultin anoptimizedbe-
havioral specificatiorC DFG,,, whichnecessarilgontainghese-
lectedcutvariablesV...: € CDFG,. At delhuggingtime (simula-
tion or emulation),the symbolicdetuggermonitorsthe valuesof
cutvariables.In responseo a userinquiry abouta sourcevariable
v; € Veut, CDFG, andv; € CDFGQG, all the variablesin the
cut thatthe variablev; dependon, aredetermineddy a breadth-
first searchof the sourceC DF' G with reversedarcs. Usingthese
values variablev; is computedusingtheoriginal CDFG.
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Figurel: Trade-ofs relatedto selectionof cutvariables.
ThedevelopedDfD techniqueposesanumberof optimization
tasks.Usingthefollowing motivationalexample we shav thatde-



buggingof anoptimizedbehaioral specificatiorcanbeperformed
efficiently. For brevity andexpressienesswe have constructedn
abstracitomputationjllustratedin Figure1l. Expectedoptimiza-
tion stepsareappliedto shadedareasn thefigureasfollows:

e additionsAl throughA4 canbecompactedn atreeof ad-
ditionsfor critical pathreduction,

e numberof multiplicationscanbe reducedby applyingthe
distributivity rule to multiplicationsM1 and M2 andaddi-
tion A5 (areaoptimization),and

e all operationsin the remainingshadedareacan be opti-

mizedusingthe fastlinear computatiorprocedure[Pot92].

We defineanimportantconcepthatenableseffective DID. A
goldencutis definedasa subsetof variablesin the sourcecode,
which shouldbe correct [Hen82] in the optimized program. A
completegoldencut V.. is agoldencutwith the propertythatall
uservariablesandprimaryoutputsin thecomputatiorcanbecom-
putedusingonly the cutvariablesandthe primaryinputs[Kir99].

Variablesof an examplecompletegoldencut GC' (outputof
M3, M5, and A6) aredepictedn Figurel. Usingthevariablesn
GC andtheprimaryinputs,ary othervariablein the computation
can be computed. For example, considerthe input variablesof
addition A14. Bold linesin Figure 1 illustrate the sequencef
operationdo be executedin orderto calculatethe resultsof A11
andCs3 solelyby usingthevariablesin thecut. Sincethe selected
cutvariablesarenot a resultof operationghatcanbeinvolvedin
the aborementionedptimizations their selectionyields efficient
dehuggingaccompaniedavith effective designimplementation.

Highly inefficientcutcanbeconstructedisingtheoutputvari-
ablesof M1, M2, A2, A9, C2, and A8. Besidedargercardinality
of theinvolved subsebf variables this unfortunateselectionalso
disablesall possibleoptimizationsthusresultingin a poorimple-
mentation. In general,all possibleoptimizationsare not knowvn
in the pre-processin@®fD phase.Thereforewe proposea cut se-
lection procesghatis guidedusing heuristicsthat determinethe
likelihoodthatanoperationcanbeinvolvedin atransformation.

2. RELATED WORK AND COMPUTATIONAL MODEL

Transformationslter the structureof a computationin a sucha
way that the userspecifiedl/O relationshipis maintained. For
formal definitionsof all relatedtransformationsyve refer to the
standardcompilerreferencewvorks [Aho77]. Hennessyhascate-
gorizedandpresentednodelsto describethe effectsof local and
globaloptimizationson symbolicdehuggingof programvariables
[Hen82]. Adl-Tabatabaiand Gross[AdI96] discussedhe prob-
lem of retrieving valuesof sourcevariableswhenapplyingglobal
scalamoptimizations Whenthevaluesof sourcevariablesareinac-
cessibleor inconsistenttheirapproachustdetectsandreportst to
auser Kirovski etal. have proposedDfD techniqueghatmodifies
theoriginal codesothatevery variableis controllableandobserv-
ablein the optimizedprogramasfastaspossiblefHon00]. How-
ever, they did not addresshe problemof a potentialsignificant
impactof their DfD techniqueo the optimizeddesignmetrics.
Thedevelopeddehuggingapproachs notlimited to a specific
computationmodel. However, for eachcomputationmodel, the
definitionof a completegoldencut hasto be establishedo satisfy
the genericconcept:a goldencut attime T is definedasa subset
of variablesfrom which ary othervariablecomputedafterT can
be computed.For the sale of conceptuakimplicity, we targetthe
synchronouslataflow (SDF)modelof computatiorfBha93].

3. DESIGN FOR SYMBOLIC DEBUGGING

As a compilation pre-processingtep, the developedDfD tech-
niqueanalyzeghe original CDF'G in orderto selecta complete

goldencut GC which is optimization-friendly Upon selection,
the DfD procedureaugmentghe original specificatiorwith state-
mentsthatenforcecomputatiorof goldencutvariables If theDfD
approachis partof an optimizing compiler this stepcanbe per
formedby markingvariables.An independentodularDfD tech-
niguewould achieze the samegoal by specifyingthe goldencut
variablesasoutputvariables.Oncecomputatiorof the goldencut
variableds assuredthemodifiedC DF G, is processetdy asyn-
thesistool. The resultof this processs an optimizedCDFG,
with guarantee@xistenceof goldencutvariables.

While monitoringcodeexecution thesymbolicdehuggerscans
for valuesof goldencut variablesand storesthemin designated
buffers. Sincethe computatiorof a singlesourcevariablemayin-
volvevaluesof goldencutvariabledrom severaliterationgKir99],
thedepthof eachbuffer canbelargerthanone. The expectationis
thatthe cardinality of cut variablesis muchsmallerthanthe car
dinality of variablesin thesourceC DF'G [Kir99]. Thereforethe
memoryoverheador goldencut maintenancés in generalow.

While dehugging, at a specific breakpointthe userinquires
abouta sourcevariablewv;. Initially, the symbolic dehuggerde-
terminesif v; existsin the optimizedCDFG,. This stepcanbe
efficiently performedby keepinga list of variablesthat exist in
both the sourceand optimized CDFGs. If the variabledoesnot
exist in the optimizedcodeCDFG,, thenits valueis computed
fromthegoldencut. All thevariablesin thecutthatthevariablev;
depend®n, aredeterminedy a breadth-firssearchof the source
C DF @G with reversedarcs.Finally, we computevariablev; using
the cutvaluesandthe statementfrom theoriginal CDFG.

The effectivenessof the developedsymbolic dehugging ap-
proachdependsstrongly on the selectionof goldencut variables.
In thissectionweidentify thetrade-ofs involvedin goldencutde-
terminationunderdifferentoptimizationconstraintsNext, we es-
tablishthe compleity of thecut selectionproblemandprovide an
algorithmfor its solution.Finally, we discusshow certaintransfor
mationscanaffectthe cut selectionyesultingin cutinvalidation.

The adopteddefinition of a completegoldencut [Kir99] en-
suresthat ary variablein the original specificationcan be com-
putedfrom its cut. However, it doesnot guaranteghatthe mod-
ified specificationcan be optimizedas effectively asthe original
one. To addresshis issue,the searchfor a computationcut has
to reflectthetrade-ofs involvedwith potentialoptimizations.The
developedDfD approachdoesnot assumethat a particularopti-
mizationwill be performed but heuristicallyquantifiesthelik eli-
hoodthata particularvariablewill disappeaduringthe optimiza-
tion process.

We proposea setof heuristicsthatidentify variablesthat are
likely to be usedin generic,area,andthroughputoptimizations.
Low-power constraintscan be usually describedas a superposi-
tion of transformationgor areaandthroughputiDey99]. The set
of criteriafor optimization-sensitie cut selectionis incorporated
into thesearctprocesaisinganobjectvefunction®(v;, CDF'G).
This function attemptsto quantify for eachvariablewv; thelikeli-
hoodthatwv; disappearsluringthe synthesigrocess.
®(v;, CDFG) = - |GC| + fanout(v;) + testLinear(v;)+
test_e_C P(v;)+test Distributivity(v;)+test Parallelism(v;)
+3- m“zg?&‘;;l‘zgf&(]vvf’;;))) + testInputsInCycles(v;)

The componentf the objective function return quantifiers
thatrepresenthetrade-ofs involvedin decisionmakingfor inclu-
sionof avariablein a completegoldencut. Valuesof quantifiers
aredeterminedxperimentallyin a learningprocesor according
to designes experienceandoptimizationgoals.Eachcomponent




correspondso thefollowing optimizationobjectie:

|GC| - Smallcardinality of thegoldencut.

fanout(v;) - Opeiationswith high fanout. If theresultv; of an
operationO; is usedasanoperandn arelatively large numberof
differentoperationsthenit is hardto applytransformationso the
original CDFG suchthatw; disappearfromit. Thus,it is highly
desirablgo includew; in acompletegoldencut.

testLinear(v;) - Non-linearopemtions. It hasbeendemonstrated
thata collectionof linearoperationgaddition,subtractionmulti-
plicationwith a constantetc.) canbe transformedptimally for
a particulardesignmetric [Pot92]. Hence,operandor resultsof
non-linearoperationshouldbe givenpreferencetest_e_C P(v;)
- e-critical path. Transformationgor almostall designmetrics,
frequentlyseverelymodify thecritical pathof thecomputationas
the critical pathusually limits the performanceof a circuit. The
goldencut selectionroutine should avoid including variablesat
moste operationgloseto thecritical path.

The following optimizationindicatorshave beenconsidered
for areaminimization:
test Distributivity(v;) - Enabledistributivity. Low priority for
cutselectionis givento variableshatcanbeinvolvedin applying
distributivity amongoperations Sincedistributivity is thekey en-
ablerof reducingexpensve operationsg.g. multiplications,it is
of utmostimportancenotto disablethis transformation.
Disablescthedulingexpensiveopelationsin the samecontiol step.
Specialattentionis paid to expensve operationghat have short
and overlappinglife-times LT (v;) (LT (vi) = ALAP(v;) —
AEAP(v;); AEAP - asearlyaspossible- andALAP - aslateas
possible) Wedenotehesubsebf variableawith lifetimesoverlap-
pingthelifetime of v; asN (v;). If theoverlapoverlap(vi, N(v;))
amongthemis relatively largewith respecto thelifetimesof con-
sideredvariables,then the cut selectionprocedureshould avoid
inclusionof v; in thecut.
testParallelism(v;) - Enablereductionof parallelism. Trans-
formationssuchasloopfolding andloop meiging modify thecom-
putationin suchawaythatblocksof paralleloperationsaremeiged
into a singleinstructionblock with lower degreeof parallelism.
Obviously, reductionof parallelismcanreducecircuit’s areaatthe
expenseof increasedlock speeds.

We consideonly onetransformatiorior maximizingthrough-
put: testInputsInCycles(v;) - Numberof inputsin cycles.Cy-
cleswith highernumberof primaryinputvariableshave to becare-
fully cut, sinceinput operationsanbe commonlyextractedfrom
theloop andprocessedsa highly pipelinedstructure. This trans-
formationcansignificantlyincreasehethroughpubf the system.
PROBLEM: The Complete Golden Cut.

INSTANCE: Givenanunsdeduledandunassignedontiol dataflowgraph
CDFG(V, E) with each nodew; weightedaccoding to ®(v;, CDFG)
andrealnumberk.

QUESTION: Is thete a subsebf variablesGC, sut that whenremaed
fromthe C D F' G leaveso directedcyclesandthe sumof weights

ZW cao ®(vi, CDFG) is smallerthan K ?

The specifiedproblemis anNP-completgroblemsincethere
is an one-to-onemappingbetweenthe specialcaseof this prob-
lem,whentheweightsonall nodesareequal andthe FEEDBACK
ARC SET problem[Gar79]. The developedheuristicalgorithm
for this problemis summarizedisingthe pseudo-codén Figure
2. The heuristicstartsby logically partitioningthe graphinto a
setof strongly connecteccomponent§SCCs)usingthe breadth-
searchalgorithm[Cor90]. All trivial SCCswhich containexactly
onevertex aredeletedrom theresultingsetsincethey donotform

cycles.Then,thealgorithmiteratively performsseveralprocessing
stepson eachof thenon-trivial SCCs.

At thebaginningof eachiteration to reducehesolutionsearch
spaceagraphcompactiorstepis performed.n this stepeachpath
P : A~ Bwhichcontainsonly verticesV € P,V # A with ex-
actly onevariableinputis replacedwith a nev edgeE 4,5 which
connectshe sourceA anddestinationB andrepresentsn arbi-
trary selectededge(variable)of the samepath. NodesA and B
inherit the maximumweightamongits currentweightandall the
nodesemovedfrom the CDFGdueto thecompactiorprocessis-
ing edgeE 4, 5.

In the next step,the algorithmdecideswvhich nodein the cur
rentsetof SCCsis to bedeleted Thealgorithmmalesits decision
basedon the cardinalityof the newly createdsetof SCCsandthe
sumof objective functionsof the currentlyselectectut. Thever-
tex thatresultsin the largestoverall objective functionis removed
from the setof nodesaswell asall adjacentedges. The deleted
vertex is addedo theresultingcut-set.Theprocesf graphcom-
paction,evaluationof nodedeletion,nodedeletion,andgraphup-
datingis repeatedintil the setof non-trivial SCCsin the graphis
empty Thesetof nodesdeletedfrom the computatiorrepresents
thefinal cut-setselection.

CreateasetSCC = ComputeScc(CDFG(V, E)) of SSCHCor90]
For each SCC; € SCC
If |SCC;| = 1 deleteSCC; fromSCC
CUT =null
While SCC # empty
For each SCC; € SCC
GraphCompaction(SCC;)
For each nodev; € SCC;

S = ComputeScc(SCC; — vj)

OF(S,v;) = 35, ®(v;,CDFG)
Selectvertex v; whichresultsin maxOF (S, v;)
Deletev; from SCC;
scc = S(v;)

For each SCC; € SCC
If |SCC;| = 1 deleteSCC; from SCC
CUT = CUT U,
Procedure GraphCompaction(SCC;)
For each vertex v; € SCC;
If v; hasexactly oneinputedgeFE; ;, with asourcein vy,
For each edgeEy, ,,,
CreateedgeF; ,,, anddeleteEy, ,,
Weight(v;) = max(Weight(v;), Weight(vy))
Deletevy,

Figure2: Pseudo-codéor the developedalgorithmfor The Com-
pleteGoldenCutproblem.

Considerthe exampleshavn in Figure 3. The CDFG of the
third order Gray-Marlel IIR filter, shawvn in Figure 3a, hasone
non-trivial SCC.Thegraphcompactiorstepis explainedin Figure
3b, wherevertex B is meigedwith vertex A aswell asvariable
W is megedwith variableV. In Figure3c anexampleof node
deletionis describedThedeletednodecreateswo smallerSCCs.

Oncethe DfD proceduremodifiesthe sourcecodecdfg,, =
DfD(cdf g), a synthesigool ST is appliedin orderto generate
thefinal optimizedspecificatioredf g, = ST (cdf gm ). In general,
the synthesistool shouldhave the freedomto perform arbitrary
transformation®n the sourcecomputation.The questionthatcan
be posedis: doesthereexist sucha setof transformationsST,
which translateshe sourcespecificatioredf g,,, with anenforced
completegoldencut GC into anew specificatioredf g,,, wherethe
enforcedcut GC is nota completecut?



Severalexamplesof computatiorstructuresf differentimple-
mentationof the samecomputationafunctionality (for example:
the Gray-Marlel ladder cascadeand parallel lIR filters) clearly
indicatethatthereexist suchtransformationshatenforcea given
cutin onespecificatiomotto satisfythecutpropertiesn thetrans-
formedspecificationHowever, thesophisticatiorof suchalgorith-
mic transformationss far from beingmetby ary publishedsyn-
thesistool. Therefore,it is not expectedthat the structureof the
computatioris changedirasticallyduring optimization.

Thereexist transformationperformedoy commoncompilers
(e.g. loop, folding, andunfolding), which modify the loop struc-
ture of the computation. However, all of thesetransformations
presere thecompletenessf a cutselectedn the DfD phase.
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V is the node considered Bold edges and nodes
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¢) An example of edge deletion SCCs when V is deleted

and creation of new SCCs.
Figure 3: Performingthe stepsof a singleiterationof the cut-set

selectionprocedure.

4. EXPERIMENTAL RESULTS

Properevaluationof the proposediehiggingtechniquess acom-
plex problemdueto a greatvariety of optimizationstepswhich
can be undertakn during designoptimizationusing transforma-
tions. In orderto addresghis concern.we have appliedthe nev
techniqueon morethanhundreddesigndrom the HyperandMe-
diabenchbenchmarlsuites.We have usedthe following transfor
mations: associatiity, commutatvity, distributivity, zeroandin-
verseelementaws, retiming, pipelining,loop unfoldingandfold-
ing, constantpropagationsubstitutionof constantmultiplication
with shiftsandadditions,andcommonsubepressiorelimination
andreplication.Ontheoverwhelmingiumberf designspur tech-
niquedid not incur any cost, regardlessof targetedoptimization
goals: area, throughput,or power

The detectedexceptionsare takulatedin Table1. On these
examples,we appliedretiming for joint optimizationof lateny

andthroughputandthen,maximallyfastscriptfor linearcompu-
tations. The designsaugmentedvith additionaldelugging con-
straintswereableto producethe bestcombinationof lateny and
throughput However, on someof themnotableareaoverheadvas
induceddueto the addedconstraints.Closeranalysisof this ex-
amplesindicatesthatthe symbolicconstraintsnduceda needfor
computatiorof additionalvariablesusedonly for detuggingpur
poses.It canbe concludedhatalthoughit is possibleto find ex-
ampleswith additionaloverheaddueto enforcedcomputationof
thegoldencut, suchcasesccurrarely

Design [ ICP | OCP | GC | TArea | OArea [ AreaCH |

dist 7 4 4 7.96 8.23 3.5%
chemical 6 3 3 25.56 26.33 3%
5WDF 17 5 5 81.55 85 4%
avenhaus | 11 5 4 49.90 | 60.38 21%
101IR 12 5 5 55.42 68.15 23%
band-pass| 20 5 6 17245 214 24%
modem 25 6 11 | 238.01| 330.3 40%
DAC 58 3 3 42.99 43.09 0.2%

Tablel: Comparisorof areaf designoptimizedwith andwith-
outthe DfD phase.ICP - initial critical path; OCP- critical path
after optimization; GC - cardinality of the completegoldencut;
IArea - optimizeddesignareawithout DfD; OArea - optimized
designareawith DfD; AreaOH - theareaoverhead.

5. CONCLUSION

In responséo auserguery asymbolicdetuggeretrievesthevalue
of a sourcevariable. However, whena behaioral specificatioris
optimizedusingtransformationsyaluesof variablesmayeitherbe
inaccessiblén therun-timestate.\We proposed setof techniques
that, given a behaioral specification,enforcecomputationof a
selectedsubsef uservariablessuchthatall othervariablescan
be computedrom this subset.The effectivenessf the proposed
approacthasbeendemonstratedn a setof benchmarldesigns.
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