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Abstract

Theevolutionof circuitswith on-linebuilt-in self-testis
attemptedin simulationfor a full adder, a twobit multiplier
andan edge triggeredD-Latch. Resultsshowthat evolved
designsperformfull diagnosisusinglessor equalnumber
of componentsthanhand-designedequivalents.

1 Intr oduction

Traditionalapproachesto BIST usetheTestPatternGen-
eration(TPG)- DesignUnderTest(DUT) - TestResponse
Evaluation(TRE)model,with thefirst andlastbeingimple-
mentedusingLinearFeedbackShift Registers(LFSR) [4].
Variationsexist suchas hierarchic,test-per-scan,BILBO
(built-in logic block observer), PRPG-MISR(pseudoran-
dompatterngenerator- multi input signatureregister),cir-
cularBIST, andReconfigurableMatrix BasedBuilt-In Test
Processor(RMBITP) [20, 29, 6]. Even thoughtechniques
suchasRMBITP aresuccessfulat providing BIST for de-
signsaslargeas5 million gateswith only around11%over-
head,they all suffer from two maindisadvantages.Thefirst
is that they requirethecircuit’s operationto go off-line pe-
riodically to feedin thetestpatterns.Thesecondis a boot-
strappingproblem: if the testinglogic fails we will never
know if therestof thecircuit is functioningproperly.

Voting systemssolve both theseproblemsbecauseon
onehandfaultsaredetectedimmediatelyduringon-lineop-
erationand on the other handthe testing logic is usually
small – all at theexpenseof completeredundantcopiesof
themaincircuit. Redundancy with on-linecheckingcanbe
at thelevel of cellsin aVLSI array[14, 11] or at thelevel of
circuit modules,whichcouldevenbediversedesignsof the
samemodule,failing in differentways[2]. These,andother
techniquesfor on-linediagnosis[18, 3], sharetheproblem
that thebenefitsof self-checkingmustoutweighthehigher
fault ratedueto increasedsiliconarea.

Thereareexamplesin theevolutionaryelectronicsliter-
atureof designsthatoperatein surprisingor intricateways
[7, 17, 19, 10, 16,21, 13]. A first attemptat harnessingthis
creativity for BIST designevolveda hybridon-line/off-line
BIST for both a full adderanda two bit multiplier anda
full on-lineBIST for theadder, all evolvedBIST solutions
requiringroughlyhalf thecomponentoverheadof theircon-
ventionalequivalents[5]. Somequestionsposedin thatpa-
perarestill relevantto new evolvedBIST solutions:

1. Do they reuselogic for themaintaskandBIST?

2. Are thesesolutionscompetitive with conventionally
designedones?

3. Are thereany principlesof operationwe couldextract
from them,perhapsto addto ourown conventionalde-
signtoolset?

4. Doesthis methodscaleup for largerproblems?

Section2 will describetheGeneticAlgorithm (GA), the
simulator, the fault model,the tasksto be evolvedandthe
fitnessevaluationmechanismfor BIST. Section3 presents
the resultsachieved while section4 discusseswhat was
learnedandfutureavenues.

2 Method

2.1 The GeneticAlgorithm

A generationalGA is usedwith a populationsizeof 32
with 2 eliteswhere60% of the next generationis created
through mutation and the rest by single-pointcrossover.
Following from earlierwork [23] we adoptedthemodelof
asmallgeneticallysemi-convergedpopulationevolving for
many generations.Fitnessrangesfrom 0 (worst)to 1 (best).
An adaptivemutationrateis used,analogousto aSimulated
Annealingstrategy moving from “exploring” to “exploit-
ing”. For eachindividual exactly � mutationsaremade,
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is thecurrentaveragefitness,��=?> 0 is minimumpossiblefit-
nessabove0, � �"!#!%$ �@� is thenumberof mutationsapplied
as � reaches1, and � $A!#!�B �C�"D is thenumberof mutations
thatwouldbeappliedif � �E��=?> 0 . Thisassumesthat �GFHD
which is safeunderthe settingsusedin this paper. Infor-
mal preliminaryexperimentsindicatedthat solutionswere
foundin lessgenerationsthanwith aconstantmutationrate.
Linear rank selectionis used,suchthat the elite hastwice
theselectiveadvantageof themedianof thepopulation.

Thegenotype-phenotypemappingusedis similar to [16]
excepting that: the locationsof circuit outputsare fixed,
thereareno limitationson connectivity allowing sequential
circuits,andthegenotypeis encodedin binary. Thegeno-
type length dependson the task being evolved. To allow
implementationacrossa network of processors,an island
basedmodelwasused[22] with a low migrationrate.This
populationstructuremayhave aidedthesearch,but thede-
tailsarenot thoughtto becrucialto theresults.

2.2 The Simulator

Thesimulatorusedis asimpleversionof aneventdriven
digital logic simulatorin which eachlogic unit is in charge
of its own behaviourwhengivendiscretetime-slicesandthe
stateof its inputs.Logic unitsareLook-UpTables(LUT) of
two inputscapableof representingany two input logic gate.
Any unit canbeconnectedto any otherallowing sequential
circuits,socaremustbetakento updateall units“simulta-
neously”.This is achievedby sendingthetime-slicesto the
logic units in two waves: the first to readtheir inputsand
thesecondto updatetheir outputs.During eachevaluation,
circuit inputs were kept stablefor 25 time-slicesand the
outputswerereadin thesecondhalf of this cycle allowing
themtime to settle.

Gatedelaysaresimulatedin time-sliceunitsandareran-
domizedwith a Gaussiandistribution ( �JIK�L�NMPORQ%SUTV�DWMPO�� ). This amountsto a noisy fitnessevaluationwith the
intentionto facilitate transferof sequentialcircuits to real
hardwareasin a “Minimal Simulation” [8]. At thestartof
eachgeneration,X differentsetsof logic delaysaregener-
ated,simulating X differentvariationsto the circuit delays
from manufacturingor environmentalvariation. Eachin-
dividual’s performanceis then evaluatedin eachof the X
conditions,andits fitnessis themeanvalue.ThenumberX
is occasionallyadjustedby handduring the run, suchthat
moreevaluationsareusedasthepopulationleavesthe“ex-
ploring” stageandentersthe “exploiting” stage.It wasset
suchthattwice thestandarderrorof theseriesof fitnesstri-
als is significantlysmallerthanthedifferencein fitnessbe-
tweenadjacentindividualsin theranktablewith non-equal
fitnesses.

TheSingle-Stuck-At(SSA)Fault modelwaschosenbe-
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Figure 1. Directed graph of ETDL Moore FSM
used to generate randomiz ed test patterns.

causeit simulatesthemostcommontypeof on-line failure
– thatproducedby radiationhazardsin theabsenceof mis-
handlingor manufacturingdefects[20, 1]. Moreover, it is
an industrystandardandit hasbeenshown that testsgen-
eratedfor SSAfaultsarealsogoodat detectingothertypes
of faults. SSA faultscanbe introducedat any of the logic
unitsof thesimulatorsimply by settingits outputalwaysto
0 or 1.

2.3 The Tasks

Threesimpleproblemswerechosen:a full adder, a two
bit multiplier andan edgetriggeredD-latch (ETDL). The
adderwaschosenasa smallcombinationalcircuit complex
enoughto bea goodstartingpoint for attemptingto evolve
BIST. It hasthreeinputs ¡�Q�¢�Q7£¥¤�¦ andtwo outputs§¨Q%£)©�ª"«
suchthat §¬�­¡�®�¢G®¯£¥¤�¦ and £)©�ª"«?�°¡�±A¢G��¡�±�£^¤²¦³�´¢µ±£¥¤�¦ . Themultiplier, chosenasastepup from theadder, has
four inputs ¡ 3 ¡·¶�¢ 3 ¢�¶ andfour outputşº¹»¸ T ¸ 3 ¸¼¶ where¸K�½¡¾�¬¢ . The D-latch, chosenasa startingpoint for
sequentialcircuits, hastwo inputs £¿Q�À andoneoutput Á
suchthat Á holdsthevalue À hadduring £ ’s mostrecent
rising edge.

Sincethenetworksevolving for thecombinationaltasks
may be recurrent,thesecould show an unwanteddepen-
denceon the order in which inputsare presented,andon
thenetworks’ internalstate.To demandinsensitivity to in-
put ordering,the sameapproachwastaken asfor the ran-
domizationof logic delays(above): at thestartof eachgen-
eration,X (thesamenumberX definingthenumberof eval-
uationswith randomgatedelaysabove)differentorderings
of the full setof possibleinputs for that taskweregener-
ated,andtheindividualsof thatgenerationevaluatedon all
of them. On eachof the X evaluationsthecircuit statewas
reset,then the orderingof the full set of inputs was pre-
sentedtwice in sequence,to preventdependenceon initial
conditions.

The sameprocedurewascarriedout for the sequential
taskexceptingtherandomtestpatterngeneration:adirected
graphis built from theMoorefinite statemachine(FSM)of



theETDL asin Fig. 1 with six nodesrepresentingthe un-
triggered(0U,1U), triggered-0(0T0,1T0) andtriggered-
1 (0T1,1T1) statesfor both currentoutputs0 and1, and
with edgesrepresentingstatetransitionssuchthat their la-
belscontainthe input vector Â.£¿Q�À Ã driving the transition.
We choose0U or 1U at randomas a start nodeand add
vectors(0,0),(1,0)or (0,1),(1,1)respectively to thenew test
pattern. A randomwalk is now begun suchthat walking
along an edgeappendsits label to the test patternbeing
generatedand removes it from the graph. Thicker edges
in Fig. 1 arenot removed. The walk endswhenall edges
have beenwalked along ensuringthe randomtest pattern
generatedwill testall statetransitionsof thedesiredFSM.
Testpatternsgeneratedusingthis methodareunder4% the
sizeof thoseusedin previousattemptsat evolving sequen-
tial circuitsof similar size[15, 12] andarealsoexhaustive
enforcingthe correctnessof solutions. Thesetestpatterns
maynotdetectextraunwantedbehaviour encodedby FSMs
with greaternumberof states. However theseFSMs are
veryunlikely to evolveundertheenforcedcircuit sizelimit
andparsimony pressure.

Thetaskevaluationscorewasmeasuredasfollows. LetÁÄ	 be the concatenationof the seriesof valuesat the Å"Æ�Ç
outputbit for thefinal 12 time-slicesof thepresentationof
eachinput vectorduringanevaluation,and ÁÄÈ	 thedesired
response.Wetake themodulusof thecorrelationof ÁÄ	 andÁÄÈ	 , averagedoverall É outputs:

� Æ �ËÊ
Ì�ÍÎ3	%ÏU¶HÐ Ñ�Ò Å�ÅRÂ.ÁÓ	
Q7Á È	 Ã ÐÉ (1)

2.4 Evolving BIST

An extra output Ô wasrecordedfrom circuits with the
aimthatit wouldgohighwheneverafaultaffectedany other
output. The performanceof a circuit at its main task � Æ
andat BIST behaviour ��Õ wereevaluatedseparately. BIST
behaviour itself wasevaluatedwith two fitnessmeasures:

1. BIST per fault ��Õ×Ö : Let ØÙB be the numberof faults
affecting task performancefor which Ô doesnot go
high duringevaluation.Then � Õ Ö encouragesfaultsto
be“detectable”: � Õ Ö&�V�2�)ÂÚ�^�ÛØ B �`� B Ã where� B was
chosento be25, to give � Õ Ö goodsensitivity when Ø B
is small.

2. BIST per instance��Õ×Ü : Let Ø > be the numberof in-
stancesof all combinationsof SSA faults and input
vectorsusedduringevaluation,for which thetaskout-
put is incorrectbut Ô is low. Then � Õ Ü encourages
immediatedetectionof faults: � Õ Ü^�Ý���)Â9�^�¬ØÞ>Î�G�ß>JÃ
where�N> waschosento be200.

Notice thathaving a high �2Õ»Ö but low �2Õ×Ü is similar to off-
line BIST solutionswhile having a high ��Õ×Ü is like an on-

line BIST detectingfaults at the first instancethey affect
circuit behaviour.ØÙB is measuredby evaluatingtask fitness � Æ separately
underall SSA faults to every unit able to affect the task
outputs.Thesamesetof X evaluationconditionschosenfor
thecurrentgenerationis used.If � Æ fallsby at least0.01due
to a fault, thenit is consideredto affect taskperformance.Ø�> is measuredby comparingtheoutputof thecircuit under
eachfault andinput vectorto its outputfor thesameinput
vectorunderno faults. Theoutputis deemedunaffectedif
it is the sameat steps12, 18 and25 of the 25 time steps
for which inputsarestable.Hencemostfaultsthat induce
oscillationswill bedetected.If duringthesimulatedtime Ô
goeshigh for morethan X2§¨àÚá
X consecutive time slicesthen
it is consideredto havegonehigh. X2§¨àÚá
X is setat7: greater
thanaverageraceconditionsyetnotexcludingawiderange
of behaviours.A circuit exhibiting a high Ô whenno faults
werein placewasdeemedto have ��Õ×Ö&�â�2Õ×Üº�âD .

It seemsfoolish to try to detectfaultsat every instance
whensomefaultsarenot detectedat any instance.Theob-
jectivesweregiventhepriority � Æ F@��Õ×ÖãF@��Õ×Ü , andwhen
sortingtheindividualsfor rankselectionthecomparisonop-
eratoronly consideredanobjective if higherpriority objec-
tiveswereequal.An extraobjectiveencouragingparsimony
wasalsoused,having thelowestpriority of all.

3 Results

3.1 Bloated Full Adder with Small Glitch BIST

For thisrunthemaximumnumberof logicunitswascon-
strainedto 13 andthegenotypelengthwas156bits. A full
addercanbeimplementedwith aminimumof 5 unitsandits
BIST usingtheTPG-DUT-TRE architecturewould require
13 while avoterwith two copiesrequires8 extra units.

This run was startedfrom a populationof randomin-
dividuals, did not include parsimony pressureand used
olderfitnessfunctions �ßä,åæ� faultscorrectlydiagnosed

faultstested and �ßäèç[�
instancescorrectlydiagnosed

instancestested that encourageanti-parsimony since¦ßé 3#ÍÞê¦ßé 3 F ¦ ÍÞê¦ until ëE�ìDÛíî�ßä,å@�½�ßäèçæ��� . During
this run X2§¨àÚáïX was set to 3, so all high pulsesat Ô of 3
or moretime-sliceswereinterpretedasflaggedfaults.This
meantfalseflags during fault-freeevaluation,resultingin� ä åG�°� ä çð�°D , werehardto avoid dueto raceconditions.

The final elite of this run shown in Fig. 2 displaysa
modulardecompositionwhich is striking given it evolved
undernoexternalaidor incentivetowardsmodularity(such
as[10]). As expectedall 13 availableunitsareused,yet the
taskmodule ñ usesthe minimumof 5 andthe BIST mod-
ule ò requiresonly 4 (unit 3 cansafelybeskippedfeeding£¥¤�¦ to unit 5) to achieve �Näèå¾�ó� and cover 96% of all
fault-inputvectorinstances.The3 unitsforming module ô
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Figure 2. Evolved full adder with on-line BIST
robust to race conditions is modular .

Figure 3. Best elite genotypes as bitmaps
thr ough the second half of the adder run
with darkness propor tional to fitness. Units
0,1,7,9,12(C) (module ñ ) settled in the fir st half
of the run. Units 3,5,6,8,10,2 (used in mod. ò )
settle at generation labelled 560 increasing
fitness. Units 11(B) and 4 (mod. ô ) settle last
near the end.

have remarkablyevolved to becomea low passfilter deal-
ing with raceconditionsin Ô by cuttingglitchesby 2 gate
delays.Self-diagnosisis achievedthrougha voting system
thatexploitsdesigndiversity(unit 10=£ ©�ª"« ) andby cascad-
ing outputsusingnon-canalizingXor gates.Moduleswere
incorporatedinto thedesignincrementally(Fig. 3), specu-
lationattributesthis to thenaturaldependenciesof theprob-
lemcoupledwith thefactthatcompletionof previousmod-
ulesprovidesre-encodingsof inputsusefulfor theevolution
of furthermodules.

This circuit canbetrimmedto besmallerthanthehand
designedvoterwhile achieving nearlyfull on-linefaultcov-
erage.By neveremittinglargeundesiredÔ pulsesit canbe
clockedtwiceasfastasthehanddesignedvoterwhichemits
themof up to 6 time-slices.This circuit is alsomorerobust
to largedelaydiscrepancies.

3.2 Two Bit Multiplier with Full On-Line BIST

The maximumcircuit size allowed in this run was 28
LUTs and the genotypelength was 392 bits. The small-
estimplementationsof a two bit multiplier use7 two input
logic gates[16], while addingBIST costs22extragatesus-
ing TPG-DUT-TREand14 extragatesusingavoter.

The circuit of Fig. 4 is a two bit multiplier with full
on-line BIST using only 9 extra gateswhich evolved af-
ter around4 million generationsfrom a populationof ran-
dom individuals. Its outputsform a chain that usesnon-
canalizingXor gatesto cascadeerrorsdown to ¸¼¶ . Ev-
ery outputcomputesits valueusing its predecessorin the
chain while Ô compareş�¶ to what it should be (unit
23=¡·¶[±N¢�¶ ), ratherlike a checksum.Logic is seamlessly
usedfor multiplication andBIST in a non-modularstruc-
turewhichevolvedunderparsimony pressurefrom amodu-
lar structure3 million generationsearlierwhichwasthefirst
full on-lineBIST solutionusing14 extra gates.Someunit
pairsareduplicates(13-24,5-23,8-11) andwhenmergedthe
resultingcircuit hasonly 6 extragatesand90%on-linefault
coverage.

Using just over half the overheadof the handdesigned
voter it hasa totally unconventionalstructureanda worst
caseperformancepenaltyof 4 gatedelays.

3.3 Full On-Line EdgeTriggeredD-Latch

Themaximumnumberof logic unitswasconstrainedto
14 andthe genotypewas168 bits. The numberof evalua-
tions X wassetto 20 and X2§¨àÚá
X wassetto 15 to accommo-
datethe increasedsensitivity of sequentialcircuits to gate
delays. Half of the individualspreviously createdthrough
mutationwerein this run createdthrougha genecopy op-
erator. Dividing the genotypeinto 14 geneseachdefined
by 12 adjacentbits, thegenecopy operatorrandomlypicks
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Figure 4. Evolved two bit multiplier with full
on-line BIST using 9 extra gates.
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Figure 5. Evolved full on-line BIST solution for
ETDL using 6 extra gates.

sourceanddestinationgenesandoverwritesthecontentsof
thelatterwith theformer’s. An ETDL canbeimplemented
with a minimumof 5 two input logic gateswhile addinga
voterBIST requires6 extragates.

Around 3 million generationsafter the run wasstarted
from a populationof randomindividuals,the elite wasthe
circuit shown in Fig. 5. Its full on-lineself-diagnosingca-
pacity is provided by a voting systemwith two identical
copiesof anunconventionalD-latchversion.Theexactness
of the copiesmay be attributedto the genecopy operator.
Thecorrespondencein structurebetweenthiscircuit andthe
conventionalvotercouldbedueto thefact that thevoter is
an optimal full on-line BIST solution for an ETDL. This
maynotbethecasefor morecomplex sequentialcircuits.

This is the first BIST solution evolved for a sequen-
tial circuit, it hasfull on-line fault coverageandthe same
amountof overheadastheconventionalsolution.

4 Conclusion

Themethodsetout in [5] hasbeensuccessfullyapplied
to theevolutionof morecomplex on-lineBIST behaviours:
a full adderwith BIST robust to raceconditions,a two bit
multiplier with full BIST and a sequentialedgetriggered
D-latchwith full BIST. Answeringthequestionssetout in�
1: evolved circuits with BIST can reusecomponentsfor

the main task and BIST functionality and they are com-
petitive in overheadto conventionalsolutions. Theseso-
lutions would function correctly in real hardwarebecause
theslightly unconventionalsimulatordoescapturethepro-
cessesand variations influencing combinationalcircuits.
Furthermore,the simulatedvariation in gate delays that
evolvedsequentialcircuitsarerobust to is at leastanorder
of magnitudegreaterthanthevariationlikely to befoundin
realhardware.As well asSSAfaults,all circuitsdiagnosed
transientfaultsanddelayfaultswhich coulduncoverpara-
metricfaultssuchasthoseoccurringin [23]. Evolutionhas
exploreddesignspacecontainingestablishedmethodsfor
BIST designandbeyond.Somesolutionsusea“checksum”
formulaon thecurrentcircuit stateto evaluatecorrectness,
othersincreasetestabilityby cascadingoutputsso that er-
rorsarepropagatedto asingleoutputandothersexploit de-
sign diversity to minimize redundancy in a voting system.
Thesemethodscouldproveusefulto beadoptedby design-
ers.For circuitslargerthanthoseconsideredhere,it is still
unclearwhethertheenhancedBIST strategiesproducedby
evolution would be worth the computationaleffort needed
to producethemsincethe evolution of largeBIST circuits
facesthesameproblems– andperhaps,solutions– aswith
othercircuits [9, 25, 26, 28]. However, Vassilev et al. [27]
havesuggestedthatwhenlargecircuitscanbeevolved(per-
hapsfrom a hand-designedseed),their sizeleadsto greater
scopefor evolutionaryoptimization.



Most evolved solutionsarrived at modulardesigns(as
in [24, 16, 5]). Furtherunderstandingof this effect may
aid future experiments.The modularityof the circuits can
be usefulin identifying designpatternsor principles. Any
singlecircuit will have its own characteristicsfor which a
particularBIST strategy is mostsuited. Evolution through
blind variationandselectionis capableof searchingfor this
strategy withoutconstraints.

The evolution of self-diagnosinganaloghardwareis an
interestingpossibility wherethe Ô line couldgive an esti-
mateof howwrongtheoutputsare.Futurework couldalso
includetheadoptionof a morecomprehensive fault model
simulatingmultiplefaults,LUT memoryor routingfailure–
asin FPGAsexposedto radiation– or othercommonfailure
modes.Largercircuitscouldbetackledperhapsusingtech-
niquessetout in [9, 25, 26, 28], a silicon areacalculation
for agiventechnologycouldreplacethecurrentcomponent
countingparsimony measure,andan extra fitnessmeasure
of theperformancepenaltyincurreddueto theBIST logic
couldbeadded.
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