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Abstract

Data correlation is a well-known prablem that causes
difficulty in VLSI testing.Basedonacorrelationmetric,
an efficient heuristicto selectBIST registershasbeen
proposedin the previous work. However, the compu-
tation of datacorrdation itself wasa compuationalin-
tensve proessandbecamea bottlereckin the previous
work. This pape presets anefficienttechrnqueto com-
pute datacorrdation using Binary DecisionDiagrans
(BDDs). OnceaBDD is built, ouralgoithmstake linear
timeto compuethecorrespondig datacorrelation. The
expeiimental resultsshawv that this technige is much
fasterthanthe previous techniqe basedon simulation.
It enallestestingapproachedasedndatacorrelatiorto
hande morepracticaldesigns As oneof thesuccessful
applications, partialscanis denonstratedy integrating
ourcompuationresults.

|. INTRODUCTION

Recomwergent fanou is a fundamentalcauseof the
difficulty in testingfor sequetial circuits. Thatis, signal
valuesarecorrdatedto eachotherdueto theexistenceof
recorvemgentfanous. Both partialscanandpartialBIST
arewell researchd topicsin VLSI testingarena. Se-
guertial loops areundestoodto be animportant factor
in selectingflip-flops in partialscan[1]. Paper[2] even
givesanalgoiithm to computetheoptimum solutionsfor
brealing loops. Later on, breakirg loops methodwas
alsoadapedto BIST [3].

Attackingtheprodemfrom anothemangle Zhangand
Harris [4] proposeda metricwhich is directly basedon
datacorrelatiors of a circuit. Their appr@achfirst char
acterizeshecorrelatimsandthenbreakscorrelationsby
choasing BIST registersin partial BIST. However, an
exhaustive simulationbasedechniqe wasusedto cal-
culatedatacorrelations. This limits the previous work
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[4] to designswith a small numker of inputs andflip-
flops. In orderto extendthe appoachto larger de-
signs, heuistics were usedto constrainthe transitve
fanin conefrom growing too large but the accurag of
theresultsarecompomisedthrowgh suchheuristics.

In this pape, we presenta new techniqe for corre-
lation compuation basecdn Binary DecisionDiagrams
(BDDs). It compuesdatacorrelaions muchfasterthan
previous appoachesandin anexactway. Thenew com-
putationtechnigqie enableghe methal of breakirg cor-
relationpresetedin [4] to hande larger designandbe
more usefd in practice. Our techniagie can finish all
testcasesn the ISCAS89suite. Furthemore, expeli-
mentsarecondwctedby applying our correlationresults
to guide the selectionof scanregistersin partial scan.
Applicationto partialBIST canbealsodorein asimilar
fashionasin [4] andis notshawn in this paper

The remairder of this paperis organizedasfollows.
Sectionll reviews somebasicknowledge of datacorre-
lationandBDDs. Sectionlll introduceshow to compue
datacorrelation basedon BDDs. SectionlV provides
the algoritrmsto calculatecorrelationandgivesexpei-
mentresults.SectionV concludsthe paperanddiscuss
somefuture work.

Il. BACKGROUND
A. DataCorrelation

Let usbriefly review thedefinition of datacorrelation
presentedn [4]. Givena combirationalcircuit with n
inputsandonesingleoutput,let A be oneof theinputs
and Z betheoutpu. Therearetotal 2™ comhbnations
of inputs, the output Z takesvalueO or 1 for eachinput
combinagion. The 2™ combnationsare divided into 4
groups accordng to their valuesof A andZ, shovn in
tablel. The numbe of comhbnationsfor eachgrowp is
listed in the 3rd column of the table. The value of p
is readas“the number of input combindions in which
theinput A is 0 andoutput Z is 0". Thevalueof ¢ is



readin a similar fashion Therefore,thedatacorrdation
betweend andZ canbe calculatedby Equation 1.

| input A | output Z | #of comb. ]

0 0 p

0 1 2" _p

1 0 q

1 1 27T g
TABLE |

DISTRIBUTION OF INPUT AND OUTPUT COMBINATIONS.

P—q -1
T’ ptg<2t
Corr(A,Z) = Q)

iy, Pta>2"!

Data correlation is a binary value relationslip be-
tweentwo signalsin a circuit. To have anintuitive un-
derstanithg of datacorrelation, we canthink of it as
the “contrdlability” betweena signalandits transitve
fanou signalin a combirationalcircuit. In a sequetial
circuit, datacorrelationis computed betweertlip-flops
andprimary 1/0Os which partition the circuit into com-
binatioral conponerts. A detailedexplanationcanbe
found in [4].

B. Binary DecisionDiagram

To compute datacorrelation,we needto analye the
logic function of a comhbnationalcircuit. A Binary De-
cision Diagram (BDD) [5] is a directedagyclic graph
with two termiral nodes, 1 and 0, representinglogicd
function 1 and 0, respectidly. An internalnode asso-
ciatedto an input variade hasone or more incomng
edgesand exactly two outgdng edges,T edge and E
edge. T edgepointsto T child and E edgepointsto
E child. A pathfrom roat nodeto terminalnoce 1 rep-
resentsa cubefor thelogic function thatevaluatego 1;
thatis, BDD is anintelligert way of encodiny all the
cubes.Thegraphis levelizedandeachlevel is indexed
by asuppot (input) variale. Suchgraphis reducedor-
deredandhencecanmical for agivenlogic function. In
this paper BDD mears Redwed Ordered Binary Deci-
sionDiagram Formd treatmeis on BDD canbefound
in [5]. Figurel shawvs anexamge circuit andits BDD
structure
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Fig. 1. An example circuit andits BDD structue.

I1l. COMPUTATION OF DATA CORRELATION USING
BDDs

Thekey stepin calculatirg datacorrelation is to find
the value of p and ¢ which definedin Tablel. In the
contet of a BDD representationfor a giveninput vari-
able,p is the number of combirationsfrom the root to
terminalO via all the E edges of this variable,while ¢
is the numberof comhinationsfrom therod to terminal
0 via all the T' edgesof this varialle. In the sequelwe
will shav how to calculatep andg onaBDD structue.
Consideran exanple in Figure lawith its BDD struc-
tureshavn in Figurelb, whereinput varables,{a, b, c,
d}, areshovn ontheleft of thefigure. We defineeach
inputcombirationhasweightof 1, thentheweightof an
edgeis the number of input combinationsthat consists
of this edge.Theweightof anoutgdng edgeis exactly
half of the total weight of theincoming edges.The in-
comingedge of aroot nodeis equéa to 2 to the power
of the number of input variables.Startingfrom the root
nodeto terminalnodeswe canmarkall the weightfor
eachedge For examge in Figure 2, the weight of the
incomingedgeof noce 2 is 2* = 16 andthe weight of
eachits outgping edee is 8.

Calculationof datacorrdation consistsof two steps.



Thefirst stepis to compute p + ¢, i.e. total numter of
combinationsfrom root to termind 0. If we nomalize
p + g by dividing it by 2™, the resultis the zeio prob-
ability (ZP) of aroot noce. By traversinga BDD from
bottomup anditeratively applying Equation 2, the zero
prokability of aroot nodecanbe calculated.Note that
thezeroprobability of aninternalnoceis thezeroproba-
bility of thesub-BDDroatedatthis nock. After thefirst
step,aBDD is updatedwith zeroprobability associated
to eachnock, for theabove exanple,asshovn in Figure
2.

ZP0 = 1 Terminal 0
ZP1 0 Terminal 1
ZP = 05xZP,+0.5xZP, Internal node
2)
whereZ P, andZ P, arethe zeroprobability of T' child
andE child of anode, respectiely.

vari abl e 16

b

Fig.2. Updatel BDD structue with (1) weighton eachedge,(2) zero
probability oneachnode.

The secondstepis to compue the differencep — ¢,
for eachinputvarigble. Notethatall BDD nodesonthe
samelevel areindexed by the sameinput variale. A
horizontd cut on a level consistsof nodesand bypass
edges.For examge in Figure3a,a cuton level 2 con-
sistsof two nodes, 4 and 5, and a bypassedge,from
3 to 6. Figure3b shows the sameBDD with a dummy
nodereplacinghebypassedge.Sincebothof theoutg-
ing edgesof thedumny nocke conrectto the samenode
(nock 6 in the exanple), the dumny nodecontritutes
the samevalueto p andgq. It is easyto shaw thatit is
safeto ignore all bypassedgesduring the compuing of

(r—9.

Given an input vaiable v, assumethe numker of
nodesindexed by v is N,,, we cancompuite the differ-
ence(p — q) for varialle v by Equation3, whereZ P;*
is the zeroprobability of the T child of noce n, W/ is
theweightof theT' edgeof noce n, ZP* andIW? have
similar interpietationsexceptfor the E edgeor child.

(r—-a),

i(p" —q")

Y (ZPr« WP — ZPP W) (3)

n

In orderto be corsistentwith thesum(p + ¢) derived
in thefirst step,the differerce (p — ¢) is nomalizedby
dividing 2™. Finally, thedatacorrdationis computedby
plugging the valuesof the sumandthe differenceinto
Equationl. In the above exanple, correlationbetween
inputc andoutpu f canbecalculatedasfollows.

p—q 1x4-0x44+05x2-0x2

on 16 =0.3125

Corr(c, f) = 0.3125/0.4375 = 0.714

V. EXPERIMENTS
A. Implementton of algorithms

We useVIS [6] asthefront endto reada bencimark
in blif forma andtheCUDD [7] packageto build BDDs.
In order to minimizetheimpactof possibleBDD blow-
up, the transitivefanin coneis compued for eachpri-
mary outpu or registerinput so that only a single-rat
BDD existsin aBDD manaer Furthemore,dynanic
reordeing with sifting methodis turnedonif needed.

Algorithm 1 is to calculatethe zeroprokability of a
BDD structue correspndingto stepl in sectionlll.
Algorithm 2 is to calculatethe datacorrdation for each
inputvarablewith respecto a output, correspndingto
step2. Algorithm 1is abottomupproessandalgorittm
2 is atop down process.The compuationalcompexity
of bothalgorithns arelinearin termsof the numter of
BDD nodes.

B. ExperimentaResults

Given a sequentialircuit, pairs of datacorrelation
betweeninputsandoutpus (or registerinputs)are cal-
culated. Tablell shavs the CPU time of compiting
suchdatacorrelationsonthe|SCAS89%enchmarks.The
overdl perfamanceis much fastercomgring to the
simulationbasedtechnquesusedin [4], in which only
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Fig. 3. (a) BDD with abypassdgefrom 3to 6. (b) BDD with aredundat nodeon the bypassedge.

Algorithm 1 CalculateZero Probdoility

Algorithm 2 ComputeDataCorrelation

Readcircuit
for eachprimary outpu or latchinputdo
Computdts suppot set
Build BDD for the subcircuit
ClassifyBDD nodksinto levels
for eachBDD node from level n to level 0 do
if node is constanO then
ZP(node) = 1
elseif node is constantl then
ZP(node) =0
else
ZP(node) = 0.5 x ZP(T child) + 0.5 x
Z P(E child)
end if
end for
end for

smallnumter of benchmarkscanbefinished.Our com-
putationappoachcanfinishall but onetestcases3847,
within 20 secondon a P111-850M linux machire with
512MB memoy. The compuation of s38417takes
muchlonger but is ableto finishin abou 5000 second.
Thecompuationof datacorrdation for eachbendmark
is only neededo perfom once andthe resultscanbe
savedfor differert applications.

Tablelll shavs an apgication of datacorrelationto
partial scan. After computationof datacorrelation,we
selectflip-flops by using the samealgorithmin [4] to
breakall matchedrecorvergent fanauts in an S-grajh.
Thentestpatternsaregenersged usingHITEC [8]. Test
vectos lengthand ATPG timesareshavn ascolumm 4
andcolumné6 in thetable. The numter of selected~Fs
is lessthanthat of breakirg loops metha [1] andthe

Z P(output) = ZP(BDD root)
if ZP(output) > 0.5 then
Z P(output) = 1 — Z P(output)
end if
for eachnodein BDD do
Weight(node) =0
end for
Weight(root) = 1.0
for eachvarialie ¢ from level O to level n do
DiffZP =0
for eachnodein leveli do
Weight(T child) + = 0.5 x Weight(node)
Weight(E child) + = 0.5 x Weight(node)
DiffZP + = 0.5 x Weight(node) x
(ZP(E child) — ZP(T child))
end for
Corr(i,output) = Dif f ZP|Z P(output)
end for

testlengthand ATPG timesarecomptible with break
ing loopsmethd. If we combine both methodsin the
selection,we may get betterresultsbecase datacor
relation and loops are the main causesof difficulty in
ATPG.This experimentwascondwtedona SunUltra-5
workstation(270MHz).

V. CONCLUSIONS AND FUTURE WORK

This paperpresentanefficienttechniqie to compue
datacorrelations usingBDDs. Oncea BDD is huilt, it
takeslineartime (in termsof BDD size)to comptethe
correspadingcorrelations.ln orderto minimizetheim-
pactof BDD blow-up prodem, we apply (1) dynamic
reordeing, (2) building only transitive fanin conefor a



| test | tot. FFs | sel. FFs | test length | coverage | ATPG time (sec) |
s298 14 4 149 1.0 0.03
s344 15 2 140 0.99 4.4
s400 21 5 191 1.0 1.3
s526 21 4 322 0.73 361
s641 19 5 137 1.0 0.7
s713 19 5 145 1.0 34
s820 5 4 399 1.0 0.7
s953 29 5 288 1.0 0.47
s1196 18 2 403 1.0 14
s1238 18 2 420 1.0 2.8
s5378 179 13 3438 0.96 512
s9234 228 1 6 0.99 3.3
s1320 669 49 927 0.74 6150
TABLE Il

PARTIAL SCAN FLIP-FLOPS SELECTION RESULTS BASED ON BREAKING CORRELATION.

test | cputime test | cputime
(sec) (sec)
s208 0.03 s832 0.13
s298 0.05 s838 0.14
s344 0.08 s953 0.15
s349 0.06 s1196 0.23
s382 0.07 s1238 0.21
s386 0.05|| s1423 0.51
s400 0.09 || s1488 0.23
s420 0.07 s1494 0.17
s444 0.08 s5378 1.21
s510 0.06 | s9234 3.17
s526 0.05 || s13207 4.82
s641 0.18 || s15850 1083
s713 0.16 || s35932 1553
s820 0.10 || s38417| 513.54
s38584 1921
TABLE 1l
CPU TIME OF COMPUTING DATA CORRELATIONS ON | SCAS89
BENCHMARKS.

single outpd, duting the constrution of a BDD. The
computationis muchfasterthanthosein previouswork
asshawvn by the expeimentalresults.Anothersetof ex-
perimetts are conductedby applying our compuation
resultsto partial scan. It demorstratesa successfuap-
plicationwith our compuationtechniaie.

However, the proposedtechniqie might still suffer
from the memoy blow-up problem, which is aninher

entdravback of ary BDD-basedapprach. We suggest
to usepartitioned-ROBDDs[9] to alleviatethe prablem,
in thefuture work, if aglobalBDD cannotbebuilt.

Besidesapplicatiors to partialscanor BIST, datacor
relationbasedheuistics canbe appliedto variousalgo-
rithms on gate-level circuits, suchas ATPG and Satisfi-
ability solving In an ATPG or Satisfiabilityalgorithm
decisionheuisticsareneededo choosahenext branch
ing variabde. This variable shouldhold someprope-
ties, for examge satisfyingthe curreri objective andre-
ducingthe chanceof conflicting duiing the subsequet
searchingWe believe thatdatacorrelationcarriessome
usefulinformationon evaluation of suchproperties. In
the future work we will investigae how our techniqe
of compuing datacorrdation canbe combnedinto an
ATPG or Satisfiabilityalgorithm
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