
SYMBOLIC DEBUGGING SCHEME FOR OPTIMIZED HARDWARE AND SOFTWARE

Farinaz Koushanfar
�
, Darko Kirovski

�
, and Miodrag Potkonjak

�
�
Electrical Engineeing and Computer Science Departments, University of California, Los Angeles, CA 90095�

Microsoft Research, One Microsoft Way, Redmond, WA 98052

ABSTRACT
Symbolicdebuggersaresystemdevelopmenttoolsthatcanaccel-
eratethevalidationspeedof behavioral specificationsby allowing
auserto interactwith anexecutingcodeat thesourcelevel. In re-
sponseto auserquery, thedebuggerretrievesthevalueof asource
variablein a mannerconsistentwith respectto the sourcestate-
ment whereexecutionhashalted. However, when a behavioral
specificationhasbeenoptimizedusingtransformations,valuesof
variablesmaybeinaccessiblein therun-timestate.

Wehavedevelopedasetof techniquesthat,givenabehavioral
specification�����
	 , enforcecomputationof a selectedsubset�
�����

of uservariablessuchthat(i) all othervariables���������
	
can be computedfrom

� �����
and (ii) this enforcementhasmini-

mal impacton theoptimizationpotentialof thecomputation.The
implementationof thenew debuggingapproachposesseveralop-
timization tasks. We have formulatedthe optimizationtasksand
developedheuristicsto solve them. The effectivenessof the ap-
proachhasbeendemonstratedon asetof benchmarkdesigns.

1. INTRODUCTION
Symbolicdebuggersaresystemdevelopmenttoolsthatcanaccel-
eratethe validation speedof behavioral specificationsby allow-
ing a userto interactwith an executingcodeat the sourcelevel
[Hen82]. Symbolicdebuggingmustensurethat in responseto a
userinquiry, thedebuggeris ableto retrieve anddisplaythevalue
of asourcevariablein amannerconsistentwith respectto abreak-
point in the sourcecode. Codeoptimizationtechniquesusually
makessymbolicdebuggingharder. While codeoptimizationtech-
niquessuchastransformationsmusthave thepropertythattheop-
timized codeis functionally equivalent to the unoptimizedcode,
suchoptimizationtechniquesmay producea differentexecution
sequencefrom thesourcestatementsandaltertheintermediatere-
sults. Debuggingunoptimizedratherthanoptimizedcodeis not
acceptablefor severalreasons, including:� while anerrorin theunoptimizedcodeis undetectable,it is

detectablein theoptimizedcode,� optimizationsmay be necessaryto executea programdue
to hardwarelimitations,and� a symbolicdebuggerfor optimizedcodeis often the only
tool for findingerrorsin anoptimizationtool.

We proposea design-for-debugging (DfD) approachthat en-
ablesretrieval of sourcevaluesfor agloballyoptimizedbehavioral

specification.Thegoalof theDfD techniqueis to modify theorig-
inal codein a pre-synthesisstepsuchthat every variableof the
sourcecodeis controllableandobservable in the optimizedpro-
gram.Moreformally, givenasourcebehavioral specification(rep-
resentedasa controldataflow graph[Rab91]) �����
	 , the goal
of theDfD approachis to enforcecomputationof aselectedsubset�
����� �������
	 (cut)of uservariablessuchthat:� all othervariables

� �������
	 canbecomputedfrom the
cut

� �����
[Kir99], and� theenforcementof computationof userdefined

� �����
vari-

ableshasminimal impacton theoptimizationpotential.
Findingacutof acomputationhasbeenaddressedin many de-

bugging[Kir99] andsoftwarecheckpointing[Ziv98] tools. How-
ever, symbolicdebuggingimposesanew constraintfor thecut se-
lectionprocedure:variablesenforcedto be computedshouldnot
restricttheoptimizationprocess.

The developedDfD techniqueanalyzesthe sourcecodeand
selectsthe cut variablesaccordingto a numberof heuristicpoli-
cies. Eachpolicy quantifiesthe likelihoodthat a particularvari-
ableis not computeddueto a specifictransformationof thecom-
putation. In order to supportfully modularpre-processing,ex-
plicit computationof selectedcut variables

� �����
is enforcedby

assignmentof eachvariable ����� � ����� to a primaryoutput.Thus,
applicationof any synthesistool would resultin anoptimizedbe-
havioral specification�����
	�� , whichnecessarilycontainsthese-
lectedcutvariables

� ����� �������
	�� . At debuggingtime (simula-
tion or emulation),thesymbolicdebuggermonitorsthevaluesof
cutvariables.In responseto auserinquiry aboutasourcevariable
���! � � �����#" �����
	�� and ���$�%�����
	 , all the variablesin the
cut that thevariable � � dependson, aredeterminedby a breadth-
first searchof thesource�����
	 with reversedarcs.Usingthese
values,variable��� is computedusingtheoriginal �����
	 .
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Figure1: Trade-offs relatedto selectionof cutvariables.
ThedevelopedDfD techniqueposesanumberof optimization

tasks.Usingthefollowing motivationalexample,weshow thatde-



buggingof anoptimizedbehavioral specificationcanbeperformed
efficiently. For brevity andexpressiveness,wehaveconstructedan
abstractcomputation,illustratedin Figure1. Expectedoptimiza-
tion stepsareappliedto shadedareasin thefigureasfollows:� additions&
' through&)( canbecompactedin a treeof ad-

ditionsfor critical pathreduction,� numberof multiplicationscanbe reducedby applyingthe
distributivity rule to multiplications*+' and *-, andaddi-
tion &�. (areaoptimization),and� all operationsin the remainingshadedareacan be opti-
mizedusingthe fastlinearcomputationprocedure[Pot92].

Wedefineanimportantconceptthatenableseffective DfD. A
goldencut is definedasa subsetof variablesin the sourcecode,
which shouldbe correct [Hen82] in the optimizedprogram. A
completegoldencut

�
�����
is agoldencutwith thepropertythatall

uservariablesandprimaryoutputsin thecomputationcanbecom-
putedusingonly thecutvariablesandtheprimaryinputs[Kir99].

Variablesof an examplecompletegoldencut 	/� (outputof
*10 , *-. , and &)2 ) aredepictedin Figure1. Usingthevariablesin
	/� andtheprimaryinputs,any othervariablein thecomputation
can be computed. For example,considerthe input variablesof
addition &3'4( . Bold lines in Figure1 illustrate the sequenceof
operationsto beexecutedin orderto calculatethe resultsof &3'�'
and ��0 solelyby usingthevariablesin thecut. Sincetheselected
cut variablesarenot a resultof operationsthatcanbeinvolved in
theabovementionedoptimizations,their selectionyieldsefficient
debuggingaccompaniedwith effectivedesignimplementation.

Highly inefficientcutcanbeconstructedusingtheoutputvari-
ablesof *+' , *-, , &�, , &)5 , �/, , and &)6 . Besideslargercardinality
of theinvolvedsubsetof variables,this unfortunateselectionalso
disablesall possibleoptimizations,thusresultingin a poorimple-
mentation. In general,all possibleoptimizationsarenot known
in thepre-processingDfD phase.Therefore,we proposea cut se-
lection processthat is guidedusingheuristicsthat determinethe
likelihoodthatanoperationcanbeinvolvedin a transformation.

2. RELATED WORK AND COMPUTATIONAL MODEL
Transformationsalter the structureof a computationin a sucha
way that the userspecifiedI/O relationshipis maintained. For
formal definitionsof all relatedtransformations,we refer to the
standardcompilerreferenceworks [Aho77]. Hennessyhascate-
gorizedandpresentedmodelsto describetheeffectsof local and
globaloptimizationsonsymbolicdebuggingof programvariables
[Hen82]. Adl-Tabatabaiand Gross[Adl96] discussedthe prob-
lem of retrieving valuesof sourcevariableswhenapplyingglobal
scalaroptimizations.Whenthevaluesof sourcevariablesareinac-
cessibleor inconsistent,theirapproachjustdetectsandreportsit to
auser. Kirovskietal. haveproposedaDfD techniquethatmodifies
theoriginalcodesothateveryvariableis controllableandobserv-
ablein theoptimizedprogramasfastaspossible[Hon00]. How-
ever, they did not addressthe problemof a potentialsignificant
impactof theirDfD techniqueto theoptimizeddesignmetrics.

Thedevelopeddebuggingapproachis not limited to aspecific
computationmodel. However, for eachcomputationmodel, the
definitionof acompletegoldencuthasto beestablishedto satisfy
thegenericconcept:a goldencut at time 7 is definedasa subset
of variablesfrom which any othervariablecomputedafter 7 can
becomputed.For thesake of conceptualsimplicity, we targetthe
synchronousdataflow (SDF)modelof computation[Bha93].

3. DESIGN FOR SYMBOLIC DEBUGGING
As a compilationpre-processingstep, the developedDfD tech-
niqueanalyzestheoriginal �����
	 in orderto selecta complete

goldencut 	/� which is optimization-friendly. Upon selection,
theDfD procedureaugmentstheoriginal specificationwith state-
mentsthatenforcecomputationof goldencutvariables.If theDfD
approachis part of an optimizingcompiler, this stepcanbe per-
formedby markingvariables.An independentmodularDfD tech-
niquewould achieve the samegoal by specifyingthe goldencut
variablesasoutputvariables.Oncecomputationof thegoldencut
variablesis assured,themodified �����
	�8 is processedby asyn-
thesistool. The resultof this processis an optimized �����
	��
with guaranteedexistenceof goldencutvariables.

Whilemonitoringcodeexecution,thesymbolicdebuggerscans
for valuesof goldencut variablesandstoresthemin designated
buffers.Sincethecomputationof asinglesourcevariablemayin-
volvevaluesof goldencutvariablesfromseveraliterations[Kir99],
thedepthof eachbuffer canbelargerthanone.Theexpectationis
that the cardinalityof cut variablesis muchsmallerthanthecar-
dinality of variablesin thesource�����
	 [Kir99]. Therefore,the
memoryoverheadfor goldencutmaintenanceis in generallow.

While debugging, at a specificbreakpointthe user inquires
abouta sourcevariable � � . Initially, the symbolicdebuggerde-
terminesif ��� exists in theoptimized �����
	�� . This stepcanbe
efficiently performedby keepinga list of variablesthat exist in
both the sourceandoptimizedCDFGs. If the variabledoesnot
exist in the optimizedcode �����
	�� , thenits valueis computed
from thegoldencut. All thevariablesin thecut thatthevariable� �
dependson,aredeterminedby a breadth-firstsearchof thesource
�����
	 with reversedarcs.Finally, wecomputevariable��� using
thecutvaluesandthestatementsfrom theoriginal �����
	 .

The effectivenessof the developedsymbolic debugging ap-
proachdependsstronglyon theselectionof goldencut variables.
In thissection,weidentify thetrade-offs involvedin goldencutde-
terminationunderdifferentoptimizationconstraints.Next, we es-
tablishthecomplexity of thecutselectionproblemandprovidean
algorithmfor its solution.Finally, wediscusshow certaintransfor-
mationscanaffect thecutselection,resultingin cut invalidation.

The adopteddefinition of a completegoldencut [Kir99] en-
suresthat any variablein the original specificationcanbe com-
putedfrom its cut. However, it doesnot guaranteethat themod-
ified specificationcanbe optimizedaseffectively asthe original
one. To addressthis issue,the searchfor a computationcut has
to reflectthetrade-offs involvedwith potentialoptimizations.The
developedDfD approachdoesnot assumethat a particularopti-
mizationwill beperformed,but heuristicallyquantifiesthe likeli-
hoodthata particularvariablewill disappearduringtheoptimiza-
tion process.

We proposea setof heuristicsthat identify variablesthat are
likely to be usedin generic,area,andthroughputoptimizations.
Low-power constraintscanbe usuallydescribedas a superposi-
tion of transformationsfor areaandthroughput[Dey99]. Theset
of criteria for optimization-sensitive cut selectionis incorporated
into thesearchprocessusinganobjectivefunction 9�:;��� " �����
	/< .
This functionattemptsto quantify for eachvariable ��� the likeli-
hoodthat � � disappearsduringthesynthesisprocess.
9�:;� � " �����
	/<>=@?�ACB 	/�DBFEHG
ICJLK�M
NO:;� � <PEQN#R�SON#TVUWJLRXICYZ:;� � <#EN#R�SON [ ��\D:;���]<#E)N#R�SON#�DU]SON�Y�UW^OM
N�U_�`U;N�aL:;���W<#E)N#R�SON#\�ICY�IZbcbcRXbdU]S4ef:;���c<
E)ghA 8>iFj�kl�nmOo�prq its�kumrv�w xykumrv�zczdz{Z| klmnv]z_} {C| k~xykumrv�zcz EQN#R�SON��`JC��M�NrS4�`JP��aZ�ObcR�S�:;���d<

The componentsof the objective function return quantifiers
thatrepresentthetrade-offs involvedin decisionmakingfor inclu-
sionof a variablein a completegoldencut. Valuesof quantifiers
aredeterminedexperimentallyin a learningprocessor according
to designer’s experienceandoptimizationgoals.Eachcomponent



correspondsto thefollowing optimizationobjective:
B 	/�DB - Smallcardinality of thegoldencut.
G
ICJ�K�M�N4:;� � < - Operationswith high fanout. If the result � � of an
operation��� is usedasanoperandin a relatively largenumberof
differentoperations,thenit is hardto applytransformationsto the
original �����
	 suchthat � � disappearsfrom it. Thus,it is highly
desirableto include ��� in acompletegoldencut.
N�R�SON�T�UWJLRFIZYZ:;���W< - Non-linearoperations.It hasbeendemonstrated
thata collectionof linearoperations(addition,subtraction,multi-
plication with a constant,etc.) canbe transformedoptimally for
a particulardesignmetric [Pot92]. Hence,operandsor resultsof
non-linearoperationsshouldbegivenpreference.N#R�SON [ ��\D:;� � <
- [ -critical path. Transformationsfor almostall designmetrics,
frequentlyseverelymodify thecritical pathof thecomputation,as
the critical pathusually limits the performanceof a circuit. The
goldencut selectionroutine shouldavoid including variablesat
most [ operationscloseto thecritical path.

The following optimizationindicatorshave beenconsidered
for areaminimization:
N�R�SON��DU�SON�Y�UW^OM�N�UW�`U;N�a�:;���W< - Enabledistributivity. Low priority for
cut selectionis givento variablesthatcanbeinvolvedin applying
distributivity amongoperations.Sincedistributivity is thekey en-
ablerof reducingexpensive operations,e.g. multiplications,it is
of utmostimportancenot to disablethis transformation.
Disableschedulingexpensiveoperationsin thesamecontrol step.
Specialattentionis paid to expensive operationsthat have short
and overlappinglife-times T�7�:;� � < ( TV73:;� � <f=�&�T�&�\D:;� � <��&)�3&)\D:;� � < ; AEAP - asearlyaspossible- andALAP - aslateas
possible).Wedenotethesubsetof variableswith lifetimesoverlap-
pingthelifetimeof � � as�f:;� � < . If theoverlapK��CRFY�b�I���:;� � " �f:;� � <#<
amongthemis relatively largewith respectto thelifetimesof con-
sideredvariables,then the cut selectionprocedureshouldavoid
inclusionof � � in thecut.
N�R�SON�\�IZY�IZbcbcRXbdU]S4ef:;���;< - Enablereductionof parallelism. Trans-
formationssuchasloopfoldingandloopmergingmodify thecom-
putationin suchawaythatblocksof paralleloperationsaremerged
into a single instructionblock with lower degreeof parallelism.
Obviously, reductionof parallelismcanreducecircuit’sareaat the
expenseof increasedclockspeeds.

Weconsideronly onetransformationfor maximizingthrough-
put: N#R�SON��`JC��M
N#SF�`JP��aC�4bdR�S�:;� � < - Numberof inputsin cycles.Cy-
cleswith highernumberof primaryinputvariableshaveto becare-
fully cut, sinceinput operationscanbecommonlyextractedfrom
theloopandprocessedasa highly pipelinedstructure.This trans-
formationcansignificantlyincreasethethroughputof thesystem.
PROBLEM: The Complete Golden Cut.
INSTANCE: Givenanunscheduledandunassignedcontrol dataflowgraph�y�����)�c�P�]�)�

with each node � � weightedaccording to � � � � ���y�����y�
andrealnumber� .
QUESTION: Is there a subsetof variables

�y�
, such that whenremoved

fromthe
�y�����

leavesnodirectedcyclesandthesumof weights� mnv����P  � � � � ���y�����y� is smallerthan � ?

Thespecifiedproblemis anNP-completeproblemsincethere
is an one-to-onemappingbetweenthe specialcaseof this prob-
lem,whentheweightsonall nodesareequal,andtheFEEDBACK
ARC SET problem[Gar79]. The developedheuristicalgorithm
for this problemis summarizedusingthe pseudo-codein Figure
2. The heuristicstartsby logically partitioning the graphinto a
setof stronglyconnectedcomponents(SCCs)usingthe breadth-
searchalgorithm[Cor90]. All trivial SCCswhich containexactly
onevertex aredeletedfrom theresultingsetsincethey donotform

cycles.Then,thealgorithmiteratively performsseveralprocessing
stepsoneachof thenon-trivial SCCs.

At thebeginningof eachiteration,to reducethesolutionsearch
space,agraphcompactionstepis performed.In thisstepeachpath
\¢¡`&Q£�¤ whichcontainsonly vertices

� �h\ " �  =1& with ex-
actly onevariableinput is replacedwith a new edge�¦¥�w § which
connectsthe source& anddestination¤ andrepresentsan arbi-
trary selectededge(variable)of the samepath. Nodes & and ¤
inherit themaximumweightamongits currentweightandall the
nodesremovedfrom theCDFGdueto thecompactionprocessus-
ing edge� ¥¨w § .

In thenext step,thealgorithmdecideswhich nodein thecur-
rentsetof SCCsis to bedeleted.Thealgorithmmakesits decision
basedon thecardinalityof thenewly createdsetof SCCsandthe
sumof objective functionsof thecurrentlyselectedcut. Thever-
tex thatresultsin thelargestoverall objective functionis removed
from the setof nodesaswell asall adjacentedges.The deleted
vertex is addedto theresultingcut-set.Theprocessof graphcom-
paction,evaluationof nodedeletion,nodedeletion,andgraphup-
datingis repeateduntil thesetof non-trivial SCCsin thegraphis
empty. Thesetof nodesdeletedfrom thecomputationrepresents
thefinal cut-setselection.

Createaset © �y�Qªf��«O¬�­`®C¯W° ©�±r± �;�y�����)�c�P�]�)�_� of SSCs[Cor90]
For each © �y� �¨² © �y�

If ³ © �y� � ³ ªµ´ delete© �y� � from © �y�
CUT = null
While © �y�·¶ª!°t¬)­C¯;¸

For each © �y� �¨² © �y��º¹F»n­C¼���«t¬�­C» ± ¯;½c«O¾P� © �y� � �
For each node�r¿ ² © �y� �© ªQ��«O¬)­`®Z¯W° ©L±r± � © �y� �ÁÀ �r¿ �Ây��� © � �r¿ �Lª �%Ã�dÄ¨Å � � �r¿ ���y�����y�
Selectvertex �r¿ which resultsin max

Ây��� © � �#¿ �
Delete�r¿ from © �y� �© �y�Qª © �c� ¿ �
For each © �y� �¨² © �y�

If ³ © �y� � ³ ªµ´ delete© �y� � from © �y���Æ�Ç!ªÈ��Æ�ÇÊÉ �r¿
Procedure

�º¹F»n­C¼���«t¬�­C» ± ¯;½c«O¾P� © �y� � �
For each vertex �r¿ ² © �y� �

If �r¿ hasexactlyoneinputedge
� ¿ w Ë with asourcein � Ë

For each edge
� ËXw 8

Createedge
� ¿ w 8 anddelete

� Ë�w 8Ì °t½cÍ�¼`¯�� �#¿ �Lªf¬Î»XÏ�� Ì °n½cÍ�¼C¯�� �r¿ �#� Ì °n½cÍ�¼`¯�� � Ë �]�
Delete� Ë

Figure2: Pseudo-codefor thedevelopedalgorithmfor TheCom-
pleteGoldenCutproblem.

Considerthe exampleshown in Figure3. The CDFG of the
third orderGray-Markel IIR filter, shown in Figure3a, hasone
non-trivial SCC.Thegraphcompactionstepis explainedin Figure
3b, wherevertex ¤ is mergedwith vertex & aswell asvariableÐ

is mergedwith variable
�

. In Figure3c an exampleof node
deletionis described.Thedeletednodecreatestwo smallerSCCs.

Oncethe DfD proceduremodifiesthe sourcecode �tÑ�G�Ò 8 =��G��h:;�OÑ�G�Ò�< , a synthesistool Ó�7 is appliedin orderto generate
thefinal optimizedspecification�OÑ�G�Ò � =ÔÓ�73:;�OÑ�G�Ò 8 < . In general,
the synthesistool shouldhave the freedomto perform arbitrary
transformationson thesourcecomputation.Thequestionthatcan
be posedis: doesthereexist sucha setof transformationsÓ�7 ,
which translatesthesourcespecification�tÑ�G�Ò 8 with anenforced
completegoldencut 	/� into anew specification�tÑ�G�Ò � , wherethe
enforcedcut 	/� is notacompletecut?



Severalexamplesof computationstructuresof differentimple-
mentationsof thesamecomputationalfunctionality(for example:
the Gray-Markel ladder, cascade,andparallel IIR filters) clearly
indicatethat thereexist suchtransformationsthatenforcea given
cutin onespecificationnotto satisfythecutpropertiesin thetrans-
formedspecification.However, thesophisticationof suchalgorith-
mic transformationsis far from beingmetby any publishedsyn-
thesistool. Therefore,it is not expectedthat the structureof the
computationis changeddrasticallyduringoptimization.

Thereexist transformationsperformedby commoncompilers
(e.g. loop, folding, andunfolding),which modify the loop struc-
ture of the computation. However, all of thesetransformations
preserve thecompletenessof acutselectedin theDfD phase.
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Figure3: Performingthestepsof a singleiterationof thecut-set
selectionprocedure.

4. EXPERIMENTAL RESULTS

Properevaluationof theproposeddebuggingtechniquesis acom-
plex problemdueto a greatvariety of optimizationstepswhich
canbe undertaken during designoptimizationusing transforma-
tions. In orderto addressthis concern,we have appliedthe new
techniqueon morethanhundreddesignsfrom theHyperandMe-
diabenchbenchmarksuites.We have usedthefollowing transfor-
mations:associativity, commutativity, distributivity, zeroandin-
verseelementlaws, retiming,pipelining,loopunfoldingandfold-
ing, constantpropagation,substitutionof constantmultiplication
with shiftsandadditions,andcommonsubexpressionelimination
andreplication.Ontheoverwhelmingnumberofdesigns,our tech-
niquedid not incur any cost,regardlessof targetedoptimization
goals:area,throughput,or power.

The detectedexceptionsare tabulatedin Table 1. On these
examples,we appliedretiming for joint optimizationof latency

andthroughput,andthen,maximallyfastscript for linearcompu-
tations. The designsaugmentedwith additionaldebuggingcon-
straintswereableto producethebestcombinationof latency and
throughput.However, onsomeof themnotableareaoverheadwas
induceddueto the addedconstraints.Closeranalysisof this ex-
amplesindicatesthat thesymbolicconstraintsinduceda needfor
computationof additionalvariablesusedonly for debuggingpur-
poses.It canbeconcludedthatalthoughit is possibleto find ex-
ampleswith additionaloverheaddueto enforcedcomputationof
thegoldencut,suchcasesoccurrarely.

Design ICP OCP GC IArea OArea AreaOH

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%
10IIR 12 5 5 55.42 68.15 23%

band-pass 20 5 6 172.45 214 24%
modem 25 6 11 238.01 330.3 40%
DAC 58 3 3 42.99 43.09 0.2%

Table1: Comparisonof areasof designsoptimizedwith andwith-
out theDfD phase.ICP - initial critical path;OCP- critical path
after optimization;GC - cardinalityof the completegoldencut;
IArea - optimizeddesignareawithout DfD; OArea - optimized
designareawith DfD; AreaOH - theareaoverhead.

5. CONCLUSION
In responseto auserquery, asymbolicdebuggerretrievesthevalue
of a sourcevariable.However, whena behavioral specificationis
optimizedusingtransformations,valuesof variablesmayeitherbe
inaccessiblein therun-timestate.Weproposedasetof techniques
that, given a behavioral specification,enforcecomputationof a
selectedsubsetof uservariablessuchthat all othervariablescan
be computedfrom this subset.Theeffectivenessof theproposed
approachhasbeendemonstratedon asetof benchmarkdesigns.
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