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Weightedpseudorandomtestgeneration(WPRTG) usestestse-
quencescharacterizedby non-uniformdistributionsof testvectors
in order to increasethe detectionprobability of randomresistant
faults.Suchnon-uniformdistributionsarecharacterizedby theval-
uesof signalprobabilityof theCUT inputs(weights).Sincediffer-
ent faultsmay requiredifferentdistributions,a (small) numberof
distributionsis typically used[1]. Theweightsof suchdistributions
areidentifiedby analyzingtheCUT. Thecorrespondingpseudoran-
domsequencesaretypically obtainedby insertinga combinational
network betweentheTPGandtheCUT.

Severaldifferentmethodologieshave beenproposedin orderto
calculatethe weights. Someapproachesmake useof determinis-
tic testsequences[2]. Anotherclassof heuristics,instead,makes
useof numericaloptimizationstrategiesto determinetheset(s)of
weights[1]. More recently, geneticalgorithmshavebeenidentified
to provide a goodsolutionto weightsselection[3]. All suchmeth-
odsevaluateonly the first ordercoefficients of the distribution(s)
andmaysuffer from a few problems.In particular, thedetectionof
somerandomresistantfaultsmaystronglydependon signalcorre-
lations. Even if the effectsof signalcorrelationscanbe reduced,
someproblemsarestill in order. Consider, for instance,a fault that
canbedetectedby a testvectorandits complement.Any WPRTG
methodusing signal probability evaluationwould provide (when
targetingsucha fault) thesamecoefficientsof a uniform distribu-
tion.

Conversely, the actualcorrelationsof the TPG output signals
may be successfullyexploited by the WGU if it is properly de-
signed. In fact, this is a goodway to catchsuchfaultswhosede-
tectionis mainlydominatedby secondordercoefficientssuchasin
theabove mentionedcase.

To this purpose,insteadof optimizing weight sets,we directly
optimizetheactualtestsequenceby usinganevolutionaryapproach
wherewe make the WGU (and consequentlythe actual test se-
quence)to evolve in order to achieve the besttestefficiency. As
a secondaryevolution target,we alsoconsidertheminimizationof
thecostof theWGU.

Differently from the genetic-basedapproaches[3], whereonly
numericalcoefficients arecomputed,we have usedan evolution-
ary programming(EP) algorithm that directly evolves the WGU
network. In fact, evolutionaryapproacheshave beenshown to be
effective in the designof digital circuits. In particular, we evolve
a populationwereeachindividual representsa possibleWGU and
thefitnessfunctionconsidersthefault coverageasa primarytarget
andthetestlengthandthecostof theWGU assecondaryones.The

fault coverageis hereevaluatedby meansof fault simulation.
Theproposedapproachhasbeenappliedto the ISCAScombi-

nationalbenchmarksset.Table1 shows, for eachof theconsidered
benchmarks,the fault coverage(asevaluatedon detectablefaults
only) (

�
), the numberof generations( � ), the gatecount( � ) and

the test length( � ) of the bestindividual. The last columnof the
tableshows thebesttestlengthin theliteraturefor eachbenchmark
( ����� ).

Bench
�

(%) � � � �����
c432 100.00 643 37 73 352
c499 100.00 278 109 158 768
c880 100.00 538 147 124 512
c1355 100.00 295 143 490 960
c1908 100.00 77 315 764 3296
c2670 99.70 349 1167 27904 5504
c3540 100.00 587 68 788 2400
c5315 100.00 257 415 604 2080
c6288 100.00 40 83 28 39
c7552 98.76 30 666 9187 2110

Tab. 1 Best individual (WGU) obtained from ge-
netic programming. The other s’ best length re-
por ts the best results in the literature .

The resultsshow the feasibility of the proposedapproach.In
thec2670andc7552cases,theresultsareworst.This is essentially
a computationalproblem:thesecircuits,in fact,containfaultsthat
aremorerandomresistantthantheotherbenchmarks.Therefore,a
larger numberof generationsis requiredto achieve an optimum.
In order to solve this problem,we are consideringtwo possible
strategies in order to bias the evolution processwith someinfor-
mationregardingthe undetectedfaults. The former makesuseof
deterministictestgenerationto helptheevolution process.Thelat-
ter make useof dynamictestabilitymeasuresregardingundetected
faults,thusmerging anevolutionaryATPGprocesswith theWGU
evolution.
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