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ABSTRACT

The capability of performingsemi-automatedesignspaceexplo-

rationis themainadwantageof high-level synthesiswith respecto

RTL design.However, designspaceexplorationperformedduring
high-level synthesigs limited in scope sinceit providespromising
solutionsthat represengood startingpoints for subsequenopti-

mizations,but it providesno insightaboutthe overall structureof

the designspace. In this work we proposeunsupervisedvionte-
Carlodesignexplorationandstatisticalcharacterizatioro capture
the key featuresof the designspace. Our analysisprovides in-

sightonhow varioussolutionsaredistributedover theentiredesign
space.ln addition,we apply extremevaluetheory[11] to extrapo-
late achievableboundsfrom the samplingpoints.

1. INTRODUCTION

In comple systems-on-chipbehaioral synthesis(from C or
HDLs) canbeusedasabasictool for designingapplication-specific
units (ASUs) for boostingperformancebeyond the limits of em-
beddedsoftware running on on-chip core processorgl]. An al-
ternatve, and more common([1], approachis to specifythe ASU
at the registertransferlevel and use matureRTL synthesistech-
nology to achieve high-quality results. The main shortcomingof
the RTL-basedmethodologyis that it requiresmanualtranslation
of the behaioral specification(usedby systemdesignersjnto a
synthesizablRTL specificationthat canbe fed to RTL synthesis
tools. This processds fairly slowv anderrorprone.Behavioral syn-
thesisadwcatesclaim thatthe unwieldy behaioral-to-RTL trans-
lation may hinderdesignoptimality, by slowing down theiterative
procesof exploring mary alternatve ASU implementationsand
choosingthe bestonein the systemcontext.

Oneof the main advantageslaimedby behaioral synthesiswith
respectto RTL approachess the capability of rapidly explor-
ing mary alternatve implementationga processknown asdesign
spaceexploration), with little or no designeiintervention. The ex-
ploration caneitherleadto a satishctory ASU design,or at least
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provide goodinsightanda few promisingstartingpointsfor manu-
ally specifying(or refining) anoptimalfinal implementationsThe
main contritution of this work is atechniquefor automaticdesign
spaceexplorationthateffectively exploits behaioral synthesicou-
pledwith statisticanalysisandinferencetechniques.

The classicalapproachto behaioral synthesiqoften called high-
level synthesisor HLS for brevity), as summarizedvarioustext-
books[3, 4], is orientedtowardsoptimization. Given a setof K
costmetrics f(), i = 1,2,... K, behaioral synthesistamgetsthe
optimizationof oneof the metrics,say f (1) with constraintspeci-
fiedontheothers.Thecostmetricscanbeseenasfunctionsdefined
overacomplex spaceq (thedesignspace, whichrepresenttheal-
ternatize choicesin theimplementatiorof the target specification.
In symbols,f(i)(a) 1 4 — R, if weassumewithoutlossof gener
ality, thatthe costmetricis real-\alued. Clearly, fastandaccurate
estimatorf the costmetricsareneededo drive constraineapti-
mizationtowardsoptimal,feasiblesolutions.

The first generatiorof high-level synthesigools [3, 4] adopteda
top-downoptimizationapproach.lt relied on the assumptiorthat
thevariousf () couldbeapproximatear boundediuringsynthesis
evenwith partialknowledge,whenthe designpoint a is not com-
pletely definedyet. This assumptiorwasmotivatedby the relative
simplicity of the costmetricadoptede.g.,areaof functionalunits,
numberof control steps),for which simpleandlocal composition
ruleshold (e.g.,additivity).

HLS-baseddesignspaceexploration in thesefavorable assump-
tionsis highly informative. In fact,it is possibleto computePareto
curves[4] for studyingtradeofs. Paretocurvesfor problemswith
two cost metrics f() and (2 can be plotted by fixing (2 as
constraint,andrunning HLS to optimize on (1), BesidesPareto
curwes, also designspaceboundingis significantpiece of infor-
mationfor a designer{6, 7]. Boundingon a costmetric (1) can

be obtainedby constructingan upper bound metric f,f,,l) > ),

andalower bound fr(nl) < f(l), over the designspacedomain(i.e.,

VY a € 4). Theavailability of Paretocurves and boundsprovides
deepinsight on what performancdevel shouldbe tamgetedfor a
given areabudgetor on whatis the minimum lateny thatcanbe
expectedfor theimplementatiorof a givenbehaior.
Unfortunately the optimisticassumption®n costmetricsmadein
first-generatiorHLS tools did not hold for complex designsand
real-life designmetrics. Real-life costmetricssuchasaverageor
worst-casexecutiontime andpower arenotwell beharednor eas-
ily predictableunderpartial knovledge. This situationhaswors-
enedastechnologyscaled. As a result, designexplorationbased
on behaioral synthesishasnot fully metexpectationsandit has
foundlimited usein industrialdesignflows. Thesecondyeneration
of HLS tools[5, 2] hasadopteda moreconserative approacho-



ward costmetric estimation. Second-generatiooommercialHLS
tools do not claim the capability of performingconstrainedopti-
mization, but they focuson the capability of synthesizinga func-
tional designsthat satisfiesrequirements&nd constraintsspecified
up-front by the user(e.g. functionalunit constraintsor synchro-

nizationrequirements)Designexplorationis just semi-automated:

the designehasthe responsibilityof driving it by constraininghe
designin variousways and runningthe tool to obtain alternatve
implementations.

Thethird generatiorof HLS tools, whichis currentlythe target of
variousacademicesearclefforts[8, 9, 10], triesto gainbacksome
automatiodesignspacexplorationcapabilityby adoptingiterative
approachedHLS is notatop-davn optimizationprocesshput anit-
erative searclthatprunesout sub-optimakolutions andregionsof
thedesignspacehatareunlikely to containoptimalsolutions.The
outcomeof theiterative processs a pool of “promising” solutions
that warrantfurther investigation. Several heuristic searchtech-
nigueshave beentested(geneticalgorithms,simulatedannealing,
etc.),andhave producedpromisingresults.The main shortcoming
of theseapproachess thatthey do not provide muchinsightonthe
overall structureof the searchspaceandits bound. The outputof
thedesignspacexplorationprocesss a setof promisingsolutions,
but thereis no information on how sparsethey arein the design
spacehow hardis to find them,how hardis to improve them,and
hov muchcanwe expectto beableto improve them.

Ourwork is afirst stepin providing ananswerto theseopenques-
tions, by taking new point of view. Insteadof providing on-line
supportto drive a supervisedterative designprocesgowardsop-
timal solutions,we proposeunsupervisedlonte-Carlodesignex-
plorationandstatisticalcharacterizatiomo capturethekey features
of thedesignspace Our designexplorationis concevedto be per
formed off-line, in orderto collect statisticalinformation before
actuallystartingthe design.Unbiaseduniform samplingallows us
to explore the entire spacewithout making arbitrary assumptions
aboutthe position of the Pareto points. The purposeof the ex-
ploratoryanalysisis not (primarily) to find optimalsolution,but to
characterizehe designspace.More specificallythe analysispro-
videsinsighton how variousimplementationsare clusteredn the
designspace(i.e. distributions)and how changesn a costmet-
ric arelikely to impactanothermetric (i.e. tradeof scattesplots
andregressions)In addition,we shav how to estimateachievable
boundsby applyingthe extremevaluetheory[11] to the sampling
points.

It is importantto stresghatthe statisticalanalysisflow is fully au-
tomatedand can be run with minimal supervision. Our tool em-
bedsa second-generatiocommerciaHLS tool, Mentor Graphics’
Monet [12], asthe behaioral synthesisengine,andit includesa
completeRTL synthesidack-end13] to supportdesigncostmet-
ric evaluationat variouslevels of accurag. Currently area,execu-
tion speedand averagepower (or enegy) arethe supportednet-
rics, however the tool can be easily extendedto deal with other
metrics,suchastestability To illustratethe supportecanalysesnd
theinsightthatcanby gainedby usingthetool, detailedresultsare
reportedanddiscussed.

2. MONTE-CARLO EXPLORATION

Monte-Carlosamplingof designspace is the processof ran-
domly generatinglesignpointsa € 4. Generatingasinglesample
pointis athree-phasprocesghatcloselytracksthestepsdoneby a
designetusingabehaioral synthesigool for manualdesignspace
exploration. The stepperformedby a Monetuserto instantiatea
designcanbe outlinedasfollows:
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Figure 1: Monte-Carlo designspaceexploration flow

e Constaint specification In this stepthe designerspecifies
constraintgo drive behaioral synthesis.

e Push-lutton behavioal synthesis Monetis run throughthe
variousbehaioral synthesissub-stepgallocation,schedul-
ing, control-datapattseparationbinding) to producea final
RTL netlist. No userinterventionis required.

e Designevaluation The RTL netlistis evaluatedfor various
costmetrics(areadelay power). This stepmayemploy RTL
estimatorsor it mayinvolve RTL synthesidollowedby gate-
level estimation.

Noticethatthe choicesmadein thefirst stepfully define,in anim-
plicit fashion,the final implementation.In otherwords,a sample
designa is automaticallyconstructe@ncethe synthesiconstraints
are specified. The high-level synthesistool can be viewed as a
push-lutton mappingfrom a setof allocationconstraintsandsyn-
thesisoptionsto anRTL implementatiorof the givenspecification.
Accordingto this view, randomsamplingis actuallyperformedon
theconstraintspace.

The iterative Monte-Carlosamplingprocesss detailedin Fig-
ure 1, and can be summarizedas follows. First allocation con-
straintsarerandomlygeneratedthenMonetis runto obtaina RTL
netlist, which is passedo the costestimationengine. Currently
two estimationenginesaresupportedthefirst runsdirectly onthe
RTL netlist, while the secondcalls RTL synthesisand estimates
costson the final mappednetlist. Clearly, the secondestimation
flow is muchmorecomputationallyintensve thanthefirst one,but
it is moreaccurate.In the casestudiesdescribedn the following
sectionswe usedthe accurateestimationengine.

In more detail, the Monte-Carloexplorationtool contains3 com-
mercialtools coordinateddy Perlscriptsfor driving the flow from
high level synthesisto final gate-leel (or RTL) implementation
and costmetric estimation. Behavioral synthesiss performedby
Monet. RTL synthesigwhenneeded)s performedby Synopsys
designcompiler Accurategate-level estimationof power, areaand
speedarestill performedin the Synopsysrvironment(area,tim-
ing, power reports). Switchingactvity data,requiredfor accurate
poweranalysisjs obtainedy logic simulationwith Verilog-XL. At
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Figure 2: Probability densitiesof Area,Performanceand Power metrics on the designspaceof el | i pf.

areducedevel of accurag andcomputationaeffort, RTL estima-
tion employs Monet’s timing andareaestimates.For powver anal-
ysis, we usean academidRTL power estimatorbasedon macro-
modeling[15].

With referenceto Figure 1, the first step of a single Monte-
Carlorunis thegeneratiorof acommandile (behavioal synthesis
script) for Monetthat containsthe constraintparametergor com-
ponents(quantity and type) and clock period. The generationof
componentonstraintss randomwithin acompatibilitylist for be-
havioral operationspravided by Monet. From the output of the
behaioral synthesigool, several usefulinformationarecollected,
namely the RTL implementatiorof the circuit, the estimatedarea
andcycletime.

At the endof this phasetherearetwo choices.If the high-efort
estimationpath is chosen,the flow goesthroughRTL synthesis
andVerilog simulationof gatelevel implementationwith switch-
ing actvity collection. Back-annotatiorof switchingactiities by
Synopsydlesignpower is the last stepof a single Monte-Carloit-
erationthat producethe final gate-level power estimationfor the
consideredandomtrial. Areaand critical path are estimatedon
the mappedhetlistaswell. If the low-effort estimationis chosen,
RTL synthesiss bypassedAreaandspeedestimatiorareprovided
directly by Monet. For power estimationthe RTL netlistis passed
to aRTL power estimatoimplementedasa PLI add-onto Verilog-
XL [15]. Clearly, the low-effort pathis considerablyfasterthan
the high-efort one,but accuray is reduced.In quantitatve terms,
accuray is in averagewithin a 25% error boundand speedugs
approximatvely within a factorof 5. Detailson hov RTL power,
speedandareaestimationis performedareout of the scopeof this
work. Referto [15] and[12] for moreinformation. It is impor-
tantto stressthatthe flow is fully automatedgiven a samplesize
specificationand a behaioral descriptionof the target designin
Verilog/VHDL.

3. DESIGN SPACE CHARACTERIZATION

The tool flow describedin the previous section generatesa
randomsample$ = {ay,...,an} of feasibledesigns,taken from
the designspaceA of a given specification,togetherwith ac-
curateestimatesof the correspondingcost metrics f(')(aj), i =
1,2,..,K, for all aj € §. The K-tuple of estimatesf; =
(fD(ay), A (q),..., {K)(a;)) associatesith agivenimplemen-
tationa; providesthe coordinatesf thepointthatrepresents; in
theK-dimensionadesignspacen this sectionwe studythedistri-
bution of the samplingpointsin orderto capturesomefeaturesof
thedesignspacehey belongto.

For eachimplementatiorwe collectalargesetof data,including
thecompletesetof HLS constraint{providing theinformationre-
quiredto possiblyreproducehe solutionfor furtheranalysis)the
lateng, thecritical path,thenumberof clock cyclesneededo com-
plete execution,the numberof registers,the numberof MUXes,
thetypeandnumberof resourceinstantiatediuringHLS, thetotal
areaandthetotal enegy. Although all thesedatacanbe usedto
parameterizeéhe designspace,n the following we focusonly on
threeparametersepresentingypical area,powver andperformance
metrics:

e A, representingreaasthetotal gatecount;

e T, representingerformancesthetotal executiontime:
T = Nclk- Tclk, whereNclk is the total numberof clock
cycles,and Tclk is the minimum clock period, evaluatedas
the sumof the combinationaktritical pathandatechnology-
dependenbverheadaking into accountregisterssetuptime
anddesignmamgins;

o P, representingveragepower astheratio betweertotal en-
ergy andtotal executiontime.

Figure2 shaws the distribution of the valuesof A, T andP overa
sampleof 100 feasibleimplementation®of el | i pf . We obsere
that all parametersare spreadover a wide rangeof values,indi-
catingthatthe choiceof HLS constraintshasa greatimpacton all
designmetrics,clearly motivating designspaceexploration.

Furthermore noticethat althoughall distributions have the ex-
pectedbell shapejn somecasede.g. figure 2 (a),(b))the bell is
skewedor it haslong tail. Thisindicatesthatthedistributionis not
a simple Gaussianandthat the searchspacecanhave clustersof
solutionsnotonly aroundthemearvalue. Distribution analysiscan
be usedfor driving iterative optimizationprocesqsuchasthe one
proposedn [9]). For instancejf thedistributionis symmetricand
short-tailed,we can expecta fairly smoothdesignspaceandwe
cantuneaggressiely thelocal corvergenceparametersf iterative
search.Onthecontary in presencef long tails andmultiple clus-
ters,we shouldexpectmultiple local minimawith large attraction
regionsaroundthem. Hencewe shouldemphasizeandomization
in iterative search,to help excapingfrom local minima. Cluster
analysison the distribution datamay even provide informationon
theapproximatdocationof local minima.

Scatterplotsof Figures3 (a), 3 (b) and3 (c) representheprojec-
tion of thesamplingpointson the powver-performancelane,onthe
performance-areplaneandon the powver-areaplane,respectiely.
Solid lines on the plots representinear regressionswhile dashed
linesrepresentn-sampleParetocurwes, i.e., the piece-wise-linear
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Figure 3: Designspaceprojectionsof el | i pf

interpolationsof the besttradeofs in the sample. All plots refer
totheel | i pf benchmarkhereafterusedasa representadie case
studyfor reportinganddiscussingletailedexperimentakesults.
Noticethatmostof thepointslie veryfarfrom thein-samplePareto
curve, motivating automationof the explorationand optimization
effortsatthislevel of abstraction A manualkonstrain-ealuatepro-
cessassupportedy second-generatidmehaioral synthesigools,
just producesa few samplepointswhich may be very far from the
Paretocurve.

Moreover, Figures3 (a) and3 (b) aresubstantiallydifferentfrom
Figure3 (c). In fact,while thereis aweaknegative correlationbe-
tweenP andT (Figure3 (a)) andbetweenT andA (Figure3 (b)),
thereis astrongpositive correlationbetweerP andA (Figure3 (c)).
This is shavn by the regressioncurveson the plots andquantified
by cross-correlatiomoeficients-0.16for P andT, -0.24for T and
A and0.78for P andA.

It is alsoworth discussinghe peculiarshapeof the Paretocurve
reportedin Figure3 (c). For positively-correlatedmetrics,Pareto
curves shouldin principle reduceto a single point representing
the solutionthatsimultaneoushoptimizesboth parametersin our
samplethereweretwo points,denotedoy A andB in Figure3 (c),
that were good candidatego approximatethe degeneratePareto
cure. However, therewasalsoa third point, denotedby C in the
plot, associateavith acompletelydifferentsolutionproviding min-
imumareaatacostof a50%increasen termsof power. Hence the
scatterplot of Figure 3 (c) givesrise to two obsenrations. On one
hand, the high correlationbetweenpower and areasuggestghat
area-reductiotechniquesouldbeappliedto obtainlow-poverde-
signs.Ontheotherhand thepresenc®f point C clearly stateshat
areaand power optimizationare not the sameproblemand cases
exist wereunavareareaminimizationmayimpair power reduction.

4. DESIGN SPACE BOUNDING

In this sectionwe focuson the tails of the distributions of the
designparametersn an attemptof extrapolatingfrom the sample
realisticboundsfor the designspace.Boundingthe designspace
is a challengingtaskfor two mainreasonsfirst, the probability of
observingthe tails of the distributionsduring uniform samplingis
smallby definition; secondnon-trivial feasibleboundsareusually
beyondthelargest(smallestpbseredvalues.We addressheseis-
suesn theframeawork of extremevaluetheory[11] (EVT), abranch
of statisticsdevotedto the characterizationf the extremebehaior
of probability distributions.

4.1 ExtremeValue Theory (EVT)

The value taken by eachmetric (e.g., powver P) over the entire

designspacecanbeviewedasarandomvariablewith anunknavn
distribution F(x) = Pr{P < x}. Let usdenoteby Py the maxi-
mumof nindependenbbsenrationsof P:

PM(n) = max{Pl, Py, ... ,Pn}

It caneasilybeshavn thatPyy, is arandomvariablewith distribu-
tion F"(x). We denoteby pn ¢ thevalueof P for which Pr{Pwm) >
pne} <€, i.e.,apointthathasa probability lessor equalthane of
beingpassedy at leastone of n obsered valuesof P. For large
valuesof n andsmallvaluesof €, pn¢ providesagoodestimateof
the extremepoint of the distribution of P.

In our case,however, the parentdistribution F(x) is unknavn,
making it impossibleto computeF"(x) and, ultimately, to apply
the abore methodology Hereis whereEVT [11] comesinto the
picture by demonstratinghat, regardlessof the unknavn parent
distribution F (x), the distribution of its extremevaluescorverges
to afamily of known distributions(hereaftedenotedby G(x)) asn
tendsto infinity. Hence distribution G(x) canbecharacterize@nd
usedin placeof F"(x) to computepne. Characterizatiorf G(x)
requiresasampleof mobseredvaluesof Pyy).

4.2 EVT and DesignSpaceBounding

Monte-Carlodesignexplorationprovidesa samples of N inde-
pendenvaluesof eachdesignmetric (we keepusingP asanexam-
ple metric). We partitionthe original samples in clustersof sizen
andwe take the maximumvalueof P from eachsample.Whatwe
obtainis a sampleof m obseredvaluesof Py p), with m= N/n:

Sm(n) = 1Pm(n), 15 -+ Pm(n),m}

Assumingthatn is large enoughto considerG(x) a goodapprox-
imation of the actualdistribution of Py ), Smm) canbe usedto
characterizéhemean(y) andthevariance(o) of G(x). Then,G(x)
canbeusedto obtainpn e, for agivene.

Thequality of pne asaboundfor the designspacedependsnthe
ordern of the obsered maxima,andonthe numberm of available
obserations.In particular:

o for smallvaluesof n, Py, doesnot represent significant
extremepoint;

o for small valuesof n, G(x) is not guaranteedo be a good
approximatiorof F"(x);

o for smallvaluesof m, the sizeof Sy, doesnot guarantee
the statisticalsignificanceof the estimatedraluesof pando.



In summary the quality of the bounddependsn the numberof
availablepointsin theoriginal sample:N = n-m.

We performedseveral experimentsto testthe strengthand ro-
bustnesof EVT whenappliedto designbounding. For this pur
posethe Splusexcode?2. s codepackag€e16] was adaptedfor
usewith R [14]. This packageprovidesseveralfunctionsfor GEV
fitting andextremevalueprofiling. Resultsdiscussedereafterre-
fer to the minimum-achigable power consumptiorof benchmark
circuit el | i pf. Figure 4 plots the estimatedower boundas a
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Figure 4: Plot of the estimatedminimum power of el | i pf as
a function of the number of order (n) of extremesamplepoints.

function of the ordern, for fixed m= 50 ande = 0.01. The to-

tal numberof samplesequiredto computeeachlower boundwere
n-m=50n. Theobsered minimumpoweris alsoplottedfor com-
parison. We remarkthatthe lower boundis a decreasingunction
of n thatstartsabore the obsened minimum (for n = 1 and2) and
thenstabilizesbelon the minimum obsered value. For n= 1, the
populationof order1 minimacoincideswith the parentpopulation
of P. The reasonwhy the estimatedminimum is above the ob-
sened minimum is two-fold: first, for n = 1 the asymptotictail

equialenceof G(x) andF"(x) is not demonstratedsecond,pn e

with € = 0.01 representa valuethatcanbereachedandpassedy
the 1% of the obsered values.Neverthelessfor valuesof n larger
than3, pn¢ startsproviding usefulinformationby extrapolatinga
lower boundthatis belov all obsereddata.
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Figure 5: Plot of the estimatedminimum power of el | i pf as
afunction of the number of m extremeorder-10 values.

Figure5 plots the estimatedboundasa function of m for fixed
n=10ande = 0.01. In this case,what changess the statistical

Benchmark| max(reached)| max(estimated)| d%
ellipf 26.12mwW 28.58mW +8.6
dft 2.56mwW 2.98mwW +14.1
fir 13.12mwW 14.11mW +7.0
my_sample | 8.12mW 8.25mwW +1.57

Table1: EVT applied to maximum power estimationfor differ -
ent benchmarks.

significanceof theestimate®f p ando, thatultimatelyimpactsthe
confidencentenval of thelowerbound.Thedecreasindpehaior of
the95%confidencéntervalis alsoplottedin thegraph.We obsere
thatit is rapidly decreasindor valuesof mfrom 20to 50, while it
is almostconstanfor largervaluesof m, indicatingthatm= 50 is
agoodtradeoff betweersamplingsizeandstatisticalsignificance.
Figure6 shavsthejoint effectof thetwo previousgraphsy using
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Figure 6: Plot of the estimatedminimum power of el | i pf as
afunction of the number of order (n) of extremesamplepoints,
for afixed number of samplesin §.

aconstannumberof N = 700sampleswhile changingoothn and
m in sucha way thatn-m= N. For small valuesof n (left-hand
sideof thegraph)thelow ordermalesthelower boundcloseto the
obseredvalueswhile for large valuesof n thereducechumberof
obserationsmalkesthe estimateunstable.

It is importantto remarkthatthe impactof m andn on the ex-
tremevalue estimatesloesnot dependon the benchmarkso that
the casestudydiscussedn this sectionprovidesgeneralguidelines
for theapplicationof EVT to designbounds.

Finally, Table1 shaws theresultsof applicationof EVT to com-
putepower upperboundsfor a setof behaioral benchmarksThe
seconccolumnreportsthelargestpower valueobseredin thesam-
ple, the third shavs the EVT upperbound,andthe fourth reports
the percentagelifferencebetweerthe two. The upperboundesti-
matesareobtainedwith thesamesamplesize. Thetableshavs that
thetightnessf theboundsdoesnotdependn samplesize,butit is
afunctionof the sampledistribution. In otherwordsit is aproperty
of thetopologyof thedesignspace.

5. CONCLUSION

Optimization-orientedlesignexplorationusually performedby
HLS tools providesa partial view of the designspace affectedby
the needof efficiently finding optimal solutions. In this paperwe
performunbiasediesignexplorationto provide acompleteview of
the designspaceandcaptureits mainfeatures We have developed
atool flow thatautomaticallyperformssamplingandcharacteriza-



tion of the entire designspacebeforeactually startingthe design
processsothatefficiency is notacritical issue.

We have reportedand discussedepresentatie experimentalre-
sults, shaving examplesof the type of resultsand insights that
canbeobtainedby the statisticdesignspacesxplorationapproach.
Moreover, we have shavn how to applyextremevaluetheoryto the
estimationof feasibleboundsfor the designspace.Designspace
characterizatiorand boundingcan be usedto find optimal trade-
offs, to decidehow to escapdrom local minima, to evaluatehow
farwe arefrom theglobaloptimumandto evaluatehow hardit will
beto getit.
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