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Abstract

Theevolution of circuits with on-line built-in self-testis
attemptedn simulationfor a full adder a two bit multiplier
and an edge triggered D-Latch. Resultsshowthat evolved
designsperformfull diagnosisusinglessor equalnumber
of componentshanhand-designeéquivalents.

1 Intr oduction

Traditionalapproache® BIST usethe TestPatternGen-
eration(TPG) - DesignUnderTest(DUT) - TestResponse
Evaluation(TRE) model,with thefirst andlastbeingimple-
mentedusingLinear FeedbaclkShift Registers(LFSR) [4].
Variationsexist suchas hierarchic, test-perscan,BILBO
(built-in logic block obsener), PRPG-MISR(pseudoran-
dom patterngenerator multi input signatureregister),cir-
cularBIST, andReconfigurabléMatrix BasedBuilt-In Test
Processo(RMBITP) [20, 29, 6]. Eventhoughtechniques
suchasRMBITP aresuccessfuht providing BIST for de-
signsaslargeas5 million gateswith only aroundl1%over-
headthey all suffer from two maindisadwantagesThefirst
is thatthey requirethe circuit’s operationto go off-line pe-
riodically to feedin thetestpatterns.The seconds a boot-
strappingproblem: if the testinglogic fails we will never
know if therestof the circuit is functioningproperly

Voting systemssolve both theseproblemsbecauseon
onehandfaultsaredetectedmmediatelyduringon-line op-
erationand on the other handthe testinglogic is usually
small— all at the expenseof completeredundantopiesof
themaincircuit. Redundang with on-linecheckingcanbe
atthelevel of cellsin aVLSI array[14, 11] or atthelevel of
circuit moduleswhich couldevenbediversedesignf the
samemodule failing in differentways[2]. Theseandother
techniguedor on-line diagnosig18, 3], sharethe problem
thatthe benefitsof self-checkingnustoutweighthe higher
faultratedueto increasedilicon area.

Thereareexamplesin the evolutionaryelectronicditer-
atureof designgthatoperaten surprisingor intricateways
[7,17,19 10, 16,21, 13]. A first attemptat harnessinghis
creatvity for BIST designevolveda hybrid on-line/of-line
BIST for both a full adderanda two bit multiplier and a
full on-line BIST for the adder all evolved BIST solutions
requiringroughlyhalf thecomponentverheadf theircon-
ventionalequialents[5]. Somequestiongposedin thatpa-
perarestill relevantto new evolvedBIST solutions:

1. Do they reusdogic for themaintaskandBIST?

2. Are thesesolutionscompetitve with corventionally
designednes?

3. Are thereary principlesof operatiorwe could extract
from them,perhapgo addto our own corventionalde-
signtoolset?

4. Doesthis methodscaleup for largerproblems?

Section2 will describehe GeneticAlgorithm (GA), the
simulator the fault model, the tasksto be evolved andthe
fitnessevaluationmechanisnfor BIST. Section3 presents
the resultsachiezed while section4 discussesvhat was
learnedandfutureavenues.

2 Method
2.1 The GeneticAlgorithm

A generationalGA is usedwith a populationsize of 32
with 2 eliteswhere60% of the next generationis created
through mutation and the rest by single-pointcrosseer.
Following from earlierwork [23] we adoptedthe model of
asmallgeneticallysemi-cowergedpopulationevolving for
mary generationsFitnesgangedrom 0 (worst)to 1 (best).
An adaptve mutationrateis used analogougo a Simulated
Annealingstratggy moving from “exploring” to “exploit-
ing”. For eachindividual exactly mm mutationsare made,



wherem = |k, x In (1/f)] + maoor, kr = Yyt f
is the currentaveragefitness, fmin iS minimum possiblefit-
nessabove 0, mgyor = 1 isthenumberof mutationsapplied
asf reached, andm,,o¢ = 10 is the numberof mutations
thatwould beappliedif f = fmin. Thisassumeshatf > 0
which is safeunderthe settingsusedin this paper Infor-
mal preliminary experimentsindicatedthat solutionswere
foundin lessgenerationshanwith a constanmutationrate.
Linear rank selectionis used,suchthat the elite hastwice
the selectve advantageof the medianof the population.

Thegenotype-phenotypmappingusedis similarto [16]
exceptingthat: the locationsof circuit outputsare fixed,
thereareno limitationson connectvity allowing sequential
circuits, andthe genotypeis encodedn binary The geno-
type length dependson the task being evolved. To allow
implementationacrossa network of processorsan island
basedmodelwasused[22] with alow migrationrate. This
populationstructuremay have aidedthe searchput the de-
tails arenotthoughtto becrucialto theresults.

2.2 The Simulator

Thesimulatorusedis a simpleversionof aneventdriven
digital logic simulatorin which eachlogic unitis in chage
of its own behaiour whengivendiscretdime-slicesandthe
stateof its inputs. Logic unitsareLook-Up Tables(LUT) of
two inputscapableof representingry two inputlogic gate.
Any unit canbe connectedo ary otherallowing sequential
circuits, so caremustbe takento updateall units“simulta-
neously”. Thisis achievedby sendingthetime-sliceso the
logic unitsin two waves: the first to readtheir inputsand
thesecondo updatetheir outputs.During eachevaluation,
circuit inputs were kept stablefor 25 time-slicesand the
outputswerereadin the secondhalf of this cycle allowing
themtimeto settle.

Gatedelaysaresimulatedn time-sliceunitsandareran-
domizedwith a Gaussiandistribution (|u = 1.5,02 =
0.5]). This amountsto a noisy fithessevaluationwith the
intentionto facilitate transferof sequentiakircuits to real
hardwareasin a “Minimal Simulation”[8]. At the startof
eachgenerationg differentsetsof logic delaysare gener
ated,simulatinge differentvariationsto the circuit delays
from manufacturingor ervironmentalvariation. Eachin-
dividual's performancds then evaluatedin eachof the e
conditions,andits fitnessis the meanvalue. The numbere
is occasionallyadjustedby handduring the run, suchthat
moreevaluationsareusedasthe populationleavesthe “ex-
ploring” stageandentersthe “exploiting” stage.It wasset
suchthattwice the standarcerrorof the seriesof fithesstri-
alsis significantlysmallerthanthe differencein fithessbe-
tweenadjacenindividualsin theranktablewith non-equal
fitnesses.

The Single-Stuck-A{SSA) Fault modelwaschoserbe-
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Figure 1. Directed graph of ETDL Moore FSM
used to generate randomiz ed test patterns.

causet simulateghe mostcommontype of on-linefailure
—thatproducedby radiationhazardsn the absencef mis-
handlingor manufcturingdefects[20, 1]. Moreover, it is
anindustry standardandit hasbeenshawn that testsgen-
eratedfor SSAfaultsarealsogoodat detectingothertypes
of faults. SSAfaultscanbeintroducedat ary of thelogic
unitsof thesimulatorsimply by settingits outputalwaysto
Oorl.

2.3 The Tasks

Threesimple problemswerechosen:afull adderatwo
bit multiplier and an edgetriggeredD-latch (ETDL). The
addemwaschoserasa smallcombinationaktircuit comple
enoughto be a goodstartingpoint for attemptingto evolve
BIST. It hasthreeinputs A, B, C;,, andtwo outputsS, C,.:
suchthatS = A B®C;,, andCyyy = A-B+A-C; +B-
C;in. Themultiplier, choserasa stepup from theadderhas
four inputs A; Aq B By andfour outputsP; P, Py Py where
P = A x B. TheD-latch, chosenas a startingpoint for
sequentiakircuits, hastwo inputs C, D and one output@
suchthat @ holdsthe value D hadduring C’s mostrecent
rising edge.

Sincethe networks evolving for the combinationatasks
may be recurrent,thesecould shav an unwanteddepen-
denceon the orderin which inputs are presentedand on
the networks’ internalstate. To demandnsensitvity to in-
put ordering,the sameapproachwastaken asfor the ran-
domizationof logic delays(above): atthe startof eachgen-
eration,e (the samenumbere definingthe numberof eval-
uationswith randomgatedelaysabove) differentorderings
of the full setof possibleinputsfor that taskwere gener
ated,andtheindividualsof thatgeneratiorevaluatedon all
of them. On eachof the e evaluationsthe circuit statewas
reset,thenthe orderingof the full setof inputswas pre-
sentedwice in sequenceto preventdependencen initial
conditions.

The sameprocedurewas carriedout for the sequential
taskexceptingtherandomtestpatterngenerationadirected
graphis built from the Moorefinite statemaching(FSM) of



the ETDL asin Fig. 1 with six nodesrepresentinghe un-
triggered(0U, 1U), triggered-0(0TO, 1TO) andtriggered-
1(0T1, 1T1) statesfor both currentoutputsO and 1, and
with edgesrepresentingtatetransitionssuchthattheir la-
belscontaintheinput vector (C, D) driving the transition.
We chooseOU or 1U at randomas a start nodeand add
vectors(0,0),(1,0)or (0,1),(1,1)respectiely to the new test
pattern. A randomwalk is how begun suchthat walking
along an edgeappendsits label to the test patternbeing
generatedand removesit from the graph. Thicker edges
in Fig. 1 arenotremoved. The walk endswhenall edges
have beenwalked along ensuringthe randomtest pattern
generatedvill testall statetransitionsof the desiredFSM.
Testpatternggeneratedisingthis methodareunder4% the
sizeof thoseusedin previous attemptsat evolving sequen-
tial circuits of similar size[15, 12] andarealsoexhaustve
enforcingthe correctnes®f solutions. Thesetestpatterns
maynotdetectextraunwantedoehaiour encodedy FSMs
with greaternumberof states. However theseFSMs are
very unlikely to evolve underthe enforcedcircuit sizelimit
andparsimoly pressure.
Thetaskevaluationscorewasmeasuredsfollows. Let
Q. be the concatenatiorof the seriesof valuesat the rt*
outputbit for thefinal 12 time-slicesof the presentatiorof
eachinput vectorduring an evaluation,and Q). the desired
responseWe take themodulusof the correlationof ), and
', averagedbverall N outputs:

S leorr(Qr, QL))
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2.4 Evolving BIST

An extra output E wasrecordedfrom circuits with the
aimthatit wouldgohighwheneverafaultaffectedany other
output. The performanceof a circuit at its main task f;
andat BIST behaviour fi, wereevaluatedseparatelyBIST
behaiour itself wasevaluatedwith two fithessmeasures:

1. BIST per fault fi,.: Let u¢ be the numberof faults
affecting task performancefor which E doesnot go
high duringevaluation.Then f,,, encouragefaultsto
be“detectable”: f,, = 1/ (1 + us X kg) wherek; was
choserno be 25, to give f,, goodsensitvity whenug
is small.

2. BIST perinstancefy,,: Let u; be the numberof in-
stancesof all combinationsof SSA faults and input
vectorsusedduring evaluation,for which thetaskout-
put is incorrectbut E is low. Then f;,, encourages
immediatedetectionof faults: fy, = 1/ (1 + u; x k;)
wherek; waschoserto be 200.

Notice thathaving a high fi,. butlow fy, is similar to off-
line BIST solutionswhile having a high fy, is like anon-

line BIST detectingfaults at the first instancethey affect
circuit behaiour.

ug IS measurediy evaluatingtask fithess f; separately
underall SSA faultsto every unit able to affect the task
outputs.The samesetof e evaluationconditionschoserfor
thecurrentgenerations used.If f; fallsby atleast0.01due
to a fault, thenit is consideredo affect task performance.
u; is measuredby comparingthe outputof thecircuit under
eachfault andinput vectorto its outputfor the sameinput
vectorunderno faults. The outputis deemedunafectedif
it is the sameat steps12, 18 and 25 of the 25 time steps
for which inputsare stable. Hencemostfaultsthatinduce
oscillationswill bedetected!f duringthesimulatectime E
goeshigh for morethaneSize consecutie time slicesthen
it is consideredo have gonehigh. eSize is setat 7: greater
thanaverageraceconditionsyet notexcludingawide range
of behaviours. A circuit exhibiting a high £ whenno faults
werein placewasdeemedo have fi,. = fi,, = 0.

It seemdoolish to try to detectfaultsat every instance
whensomefaultsarenot detectedat ary instance.The ob-
jectivesweregiventhe priority f; > for > fo;, andwhen
sortingtheindividualsfor rankselectiorthecomparisorop-
eratoronly consideredn objectiveif higherpriority objec-
tiveswereequal.An extraobjective encouragingparsimoty
wasalsoused having thelowestpriority of all.

3 Results
3.1 Bloated Full Adder with Small Glitch BIST

For thisrunthemaximumnumberof logic unitswascon-
strainedto 13 andthe genotypdengthwas 156 bits. A full
addercanbeimplementedvith aminimumof 5 unitsandits
BIST usingthe TPG-DUTFTRE architecturevould require
13 while avoterwith two copiesrequires8 extra units.

This run was startedfrom a populationof randomin-
dividuals, did not include parsimory pressureand used

olderfitnessfunctions f,,, = auliscomectydiagnosedy g 7,

:j:i"lf;fgﬁfggig;?::? tha_t encourageﬂntl-par_smoy since
T - x=0= fo, = fo, = 1. During
this run eSize was setto 3, so all high pulsesat E of 3
or moretime-sliceswereinterpretedasflaggedfaults. This
meantfalseflags during fault-free evaluation, resultingin
for = fo, = 0, werehardto avoid dueto raceconditions.

The final elite of this run shown in Fig. 2 displaysa
modulardecompositiorwhich is striking givenit evolved
underno externalaid or incentive towardsmodularity(such
as[10]). As expectedall 13 availableunitsareusedyetthe
taskmodulea usesthe minimum of 5 andthe BIST mod-
ule 3 requiresonly 4 (unit 3 cansafelybe skippedfeeding
Cin to unit 5) to achieve f;, = 1 andcover 96% of all
fault-inputvectorinstancesThe 3 unitsforming module~y




Figure 2. Evolved full adder with on-line BIST
robust to race conditions is modular .
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Figure 3. Best elite genotypes as bitmaps
through the second half of the adder run
with darkness propor tional to fithess. Units
0,1,7,9,12(C) (module «) settled in the first half
of the run. Units 3,5,6,8,10,2 (used in mod. 3)
settle at generation labelled 560 increasing
fithess. Units 11(B) and 4 (mod. %) settle last
near the end.

have remarkablyevolved to becomea low passfilter deal-

ing with raceconditionsin E by cutting glitchesby 2 gate
delays. Self-diagnosiss achieved througha voting system
thatexploits designdiversity (unit 10=C',,,;) andby cascad-
ing outputsusingnon-canalizingor gates.Moduleswere

incorporatednto the designincrementally(Fig. 3), specu-
lation attributesthis to thenaturaldependenciesf the prob-

lem coupledwith thefactthatcompletionof previousmod-

ulesprovidesre-encodingef inputsusefulfor theevolution

of furthermodules.

This circuit canbe trimmedto be smallerthanthe hand
designedroterwhile achieving nearlyfull on-linefaultcov-
erage By never emittinglarge undesiredt pulsest canbe
clockedtwice asfastasthehanddesigned/oterwhichemits
themof up to 6 time-slices.This circuit is alsomorerobust
to largedelaydiscrepancies.

3.2 Two Bit Multiplier with Full On-Line BIST

The maximum circuit size allowed in this run was 28
LUTs and the genotypelengthwas 392 bits. The small-
estimplementation®f a two bit multiplier use7 two input
logic gateq16], while addingBIST costs22 extragatesus-
ing TPG-DUT-TRE and14 extra gatesusingavoter.

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 generationgrom a populationof ran-
dom individuals. Its outputsform a chainthat usesnon-
canalizing Xor gatesto cascadesrrorsdown to Py. Ev-
ery outputcomputests value usingits predecessoin the
chain while E comparesP, to what it should be (unit
23=A, - By), ratherlike a checksum.Logic is seamlessly
usedfor multiplication and BIST in a non-modularstruc-
turewhich evolvedunderparsimoty pressurérom amodu-
lar structure3 million generationgarlierwhichwasthefirst
full on-line BIST solutionusing 14 extra gates.Someunit
pairsareduplicateq13-24,5-23,8-11andwhenmemgedthe
resultingcircuit hasonly 6 extragatesand90%on-linefault
coverage.

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

3.3 Full On-Line Edge Triggered D-Latch

The maximumnumberof logic unitswasconstrainedo
14 andthe genotypewas 168 bits. The numberof evalua-
tionse wassetto 20 andeSize wassetto 15 to accommo-
datethe increasedsensitvity of sequentiakircuitsto gate
delays. Half of the individuals previously createdthrough
mutationwerein this run createdthrougha genecopy op-
erator Dividing the genotypeinto 14 geneseachdefined
by 12 adjacenbits, thegenecopy operatorandomlypicks
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Figure 4. Evolved two bit multiplier with full
on-line BIST using 9 extra gates.

Figure 5. Evolved full on-line BIST solution for
ETDL using 6 extra gates.

sourceanddestinatiorgenesandoverwritesthe contentsof

thelatterwith theformer’s. An ETDL canbeimplemented
with a minimum of 5 two input logic gateswhile addinga

voterBIST requiress extra gates.

Around 3 million generationsfter the run was started
from a populationof randomindividuals,the elite wasthe
circuit shavn in Fig. 5. Its full on-line self-diagnosinga-
pacity is provided by a voting systemwith two identical
copiesof anuncorventionalD-latchversion.Theexactness
of the copiesmay be attributedto the genecopy operator
Thecorrespondende structurebetweerthiscircuit andthe
corventionalvoter could be dueto thefactthatthe voteris
an optimal full on-line BIST solutionfor an ETDL. This
may not be the casefor morecomplex sequentiatircuits.

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

4 Conclusion

The methodsetout in [5] hasbeensuccessfullyapplied
to the evolution of morecomplex on-line BIST behaiours:
afull adderwith BIST robustto raceconditions,a two bit
multiplier with full BIST and a sequentialedgetriggered
D-latchwith full BIST. Answeringthe questionssetoutin
§1: evolved circuits with BIST canreusecomponentgor
the main task and BIST functionality and they are com-
petitive in overheadto corventionalsolutions. Theseso-
lutions would function correctlyin real hardware because
the slightly uncorventionalsimulatordoescapturethe pro-
cessesand variations influencing combinationalcircuits.
Furthermore,the simulatedvariation in gate delaysthat
evolved sequentiatircuits arerobustto is atleastanorder
of magnitudegreatetthanthevariationlik ely to befoundin
realhardware.As well asSSAfaults,all circuitsdiagnosed
transientfaultsanddelayfaultswhich could uncover para-
metricfaults suchasthoseoccurringin [23]. Evolutionhas
explored designspacecontainingestablishednethodsfor
BIST designandbeyond. Somesolutionsusea“checksum”
formulaon the currentcircuit stateto evaluatecorrectness,
othersincreaseestability by cascadingoutputsso that er-
rorsarepropagatedo a singleoutputandothersexploit de-
sign diversity to minimize redundang in a voting system.
Thesemethodscould prove usefulto be adoptedy design-
ers. For circuitslargerthanthoseconsideredere,it is still
unclearwhetherthe enhanced®IST stratgiesproducedby
evolution would be worth the computationakffort needed
to producethemsincethe evolution of large BIST circuits
facesthe sameproblems- andperhapssolutions— aswith
othercircuits[9, 25, 26, 28]. However, Vassiler etal. [27]
have suggestethatwhenlargecircuitscanbeevolved(per
hapsfrom a hand-designedeed) their sizeleadsto greater
scopefor evolutionaryoptimization.



Most evolved solutionsarrived at modulardesigns(as
in [24, 16, 5]). Furtherunderstandingf this effect may
aid future experiments.The modularity of the circuits can
be usefulin identifying designpatternsor principles. Any
singlecircuit will have its own characteristicfor which a
particularBIST strateyy is mostsuited. Evolution through
blind variationandselectionis capableof searchingdor this
stratgy without constraints.

The evolution of self-diagnosinganaloghardwareis an
interestingpossibility wherethe E line could give an esti-
mateof howwrongthe outputsare. Futurework could also
includethe adoptionof a more comprehensie fault model
simulatingmultiple faults,LUT memoryor routingfailure—
asin FPGAsexposedo radiation—or othercommortfailure
modes Largercircuitscouldbetackledperhapaisingtech-
niguessetoutin [9, 25, 26, 28], a silicon areacalculation
for agiventechnologycouldreplacethe currentcomponent
countingparsimoly measureandan extra fithessmeasure
of the performancepenaltyincurreddueto the BIST logic
couldbeadded.
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