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ABSTRACT
Earlytestingof requirementscandecreasethecostof remov-
ing errorsin softwareprojects.However, unlessdonecare-
fully, that testingprocesscansignificantlyaddto thecostof
requirementsanalysis.We show herethat requirementsex-
pressedastopoi diagramscanbebuilt andtestedcheaply–
usingourSP2algorithm,theformal temporalpropertiesof a
largeclassof topoicanbeprovenveryquickly, in timenearly
linear in the numberof nodesand edgesin the diagram.
Therearetwo limitationsto ourapproach.Firstly, topoi dia-
gramscannotexpresscertaincomplex conceptssuchasitera-
tion andsub-routinecalls.Hence,ourapproachis moreuse-
ful for requirementsengineeringthanfor traditionalmodel
checkingdomains.Secondly, our approachis betterfor ex-
ploring the temporaloccurrenceof propertiesthanthe tem-
poral ordering of properties. Within theserestrictions,we
canexpressa usefulrangeof conceptscurrentlyseenin re-
quirementsengineering,andawiderangeof interestingtem-
poralproperties.

Keywords
Formalmethods,requirementsengineering,modelchecking,
SP2.

1 INTRODUCTION
The casefor moreformality in requirementsengineeringis
overwhelming.Many errorsin softwarecanbe tracedback
to errorsin the requirements[32]. Often, the conceptionof
a systemis improved asa direct result of the discovery of
inadequaciesin thecurrentconception.Theearliersuchin-
adequaciesare found, the better, sincethe cost of remov-
ing errorsat the requirementsstagecanbe ordersof mag-
nitudecheaperthanthe costof removing errorsin the final
system[33].

The benefit of formally checkinga systemis that formal
proofscanfind moreerrorsthanstandardtesting. A single
formal first-orderqueryis equivalentto many white-boxor
black-boxtestinputs[19].

The costof rigorousrequirementsengineeringmay be im-
practicallyhigh. Thesecostsinclude:

The modelingcost: Analystsmustcreatea systemsmodel
and a properties model. Both models are in some

machine-readableform. The propertiesmodelis often
much smaller than the systemsmodel and containsa
formal temporallogic1 descriptionof theinvariantsthat
mustbeprovedin thesystemsmodel.

The executioncost: A rigorous analysisof formal prop-
erties implies a full-scale searchthroughthe systems
model. For example,if a given systemsmodelhas �
variableseachof which maytake on a finite numberof
uniquevalues� , thenthe sizeof thestatespaceasso-
ciatedwith that model is � � . This spacecan be too
largeto explore,evenontoday’sfastmachines.Despite
extensiveresearchinto speedingup thissearch(seeour
RelatedWork section),analystsoftenhave to painstak-
ingly rework the systemsand propertiesmodelsinto
moreabstractandsuccinctformsthataresmallenough
to permitformalanalysis.

The personnelcost: Analysts skilled in formal methods
mustbe recruitedor trained. Suchanalystsaregener-
ally hardto find andretain.

The developmentbrake: The above costscan be so high
that the requirementsmust be frozen for sometime
while we performthe formal analysis. Hence,oneof
the costsof formal analysisis that it canslow the re-
quirementsprocess. Slowing down the requirements
processis unacceptablefor fastmoving softwarecom-
panies,suchasthestart-updot.coms.

Ideally, a methodfor reducingthe cost of testingrequire-
mentswould eliminate the executioncost and reducethe
costandskill involvedin building thepropertiesandsystems
models.If achievable,sucha methodwould alsoreducethe
personnelcost,sinceit wouldnotrequiresuchhighly-skilled
analysts.Having reducedthepersonnel,modeling,andexe-
cution costs,this hypotheticalmethodwould inevitably de-
creasethedevelopmentbrake.

Someprogresshasalreadybeenmadein reducingthe cost
of propertiesmodelingusingtemporal logic patterns. Dwyer
et.al.[9,10]haveidentifiedpatternswithin thetemporallogic

1Temporallogic is classicallogic augmentedwith sometemporaloper-
atorssuchas ��� (always � is true), ��� (eventually � is true), �	� ( �
is trueat thenext time point), ��
	� : ( � is trueuntil � is true),
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Figure1: An exampletopoi from [7]. Theformal semanticsfor topoi is describedbelow. Informally, we saythat  approxi-
mates“encourages”while � approximates“discourages”.

formulaeseenin many real-world propertiesmodels. For
eachpattern,they have definedan expansionfrom the intu-
itive pseudo-Englishform of thepatternto a formal tempo-
ral logic formulae. In this way, analystsareshieldedfrom
the complexity of formal logics. For example, the simple
pseudo-Englishstatement���������������������� "!$#�%'&(�� *)+�, - *%(��./�0%21� *�3!4�* � *%'&5�0%6.���78�0�9!4��):#<;2&
canbeautomaticallyexpandedinto themorearcaneformal
statement:= �>��./�0%�1� -�3!4�* - -%@?BAC��78���9!4�D)+#8;�&@?@EF��7��0�9!G��)+#8;2&>&H ���8�I���� ,!$#�%KJL��7��0�9!G��)+#8;2&>&>&
One drawback with temporal logic patternsis that while
complex temporalformula can be automaticallygenerated
from intuitive pseudo-English,the executioncost remains.
That is, even though we can quickly build the properties
model,we may not be ableto executeall of thatproperties
model.

In this article,we arguethatwe cangreatlyreducethe exe-
cutioncostfor aclassof systemsmodelsseenin therequire-
mentsstage,and for a large classof temporallogic prop-
erties. In our approach,we usetemporallogic patternsto
reducethe costof propertiesmodeling,andoptimizationto
reducetheexecutioncost. Thekey to this reductionis SP2,
a new algorithm for testing temporalpropertiesof topoi,
which are statementsof gradual influencesbetweenvari-
ables.Topoi canrepresentedgraphicallyby topoi diagrams,
anexampleof which is shown in Figure1. Topoi arequick
to sketch,andso(for requirementsthataretopoi-compatible)
ourapproachalsoreducesthesystemsmodelingcost.

Thesecost-reductionbenefitscanonly berealizedif we ac-
ceptcertainrestrictions:

M Our approachlimits thekindsof propertiesthatcanbe
tested.M The systemsmodel must be expressedas topoi dia-
grams. Topoi are not very expressive and excludes
statementsuchasfirst-orderassertions,iteration,sub-
routinecalls,andassignment.M Due to theselanguagelimitations, our approachis not
suitableto domainsthatneedthe excludedstatements;
e.g.complex protocolsseenin concurrentprocesses.

Theserestrictionsarenot fatal to the modelingprocess,at
leastat therequirementsstage:M Wewill describehow to quickly recognizeinadmissible

propertiesstatements.Further, we will usethe Dwyer
et.al. survey to show thatwithin the limits to theprop-
ertieslanguage,wecanrepresentawiderangeof useful
temporallogic properties.M We will show that topoi diagramsaresufficient to rep-
resentdiagramsseenin certainapproachesto require-
ments engineeringand recording design rationales.
Hence,whenwe saythat this approachis practicaland
useful,wereallymeanpracticalandusefulfor earlylife
cyclerequirementsdiscussionsonly.

This worked is basedon Feldman& Compton’s study of
the validation of topoi [11,12] (which they called qualita-
tive compartmentalmodels).Menziestried to optimizethat
validationprocessandofferedan implementationthat was
ordersof magnitudefasterthanthevalidationenginebuilt by
Feldman& Compton.However, hecouldnot reducetheex-
ponentialupper-boundon the runtimes[21–23]. Assuming
a certainrestrictionon topoi edgetypes,Cohen,Menzies,
WaughandGossshowed that the cost of checkingtempo-
ral propertiesof topoi-basedsimulationis a functionof the
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numberof time-ticksin the query [24,25]. This paperim-
provessignificantlyon theMenzieset.al. result.We assume
the samerestrictionasMenzieset.al. andintroduceSP2,a
nearlylinear-timealgorithmfor checkinga largeclassof in-
terestingtemporalproperties(for spacereasons,wedescribe
the full detailsof that algorithmelsewhere[27]). Also, we
describeanimplementationof SP2which, in at leastonedo-
main, out-performsa state-of-the-arttemporallogic model
checker (SPIN[15]).

2 About Topoi
Ourapproachassumesthatrequirementssystemsmodelsare
expressedin the form of topoi; i.e. statementsof gradual
statementssuchas(i) themoreX, themoreY; (ii) thelessX
the lessY; (iii) themoreX, the lessY; or (iv) the lessX the
lessY. Dieng et.al. namesuchstatements“topoi” andgive
numerousexamplesfrom theirrecordsof interviewswith ex-
perts[7]. For example:

Themore there is waterinfiltration in theroadway
body, theworsethefoundationrisksto be.

Thehigherthespeedof thevehicles,themore im-
portant the measure of importancerelativeto the
roadwaycomfort.

Whenthe geometryincreases,the massincreases
andthefrequencydecreases.

If there is a punctualundressingand if the road-
way is betweenfiveandfifteenyears old, thenthe
causes”too old coating” is all the more certain
sincetheroadwayis older.

Our experiencehasalwaysbeenthat the systemsmodeling
cost with topoi is very low. Topoi graphscan be quickly
generatedin therequirementsstage.Two feudingstakehold-
erswith two marker pensandonewhiteboardcangenerate
many, many topoi in just a few hours.

Topoi graphscan be found in many domains. Figure 1
showed a topoi from an insurancedomainusingthe graph-
ical notationof Dieng’s 3DKAT tool. Figure2 show some
Mylopoulos-stylesoft-goalgraphs[28,29]. Soft-goalgraphs
representgradualknowledgeaboutnon-functionalrequire-
ments. In Figure 2, an expert describeshow to increase
businessflexibility . Figure 3 shows a “questions-options-
criteria” (QOC) graph from the designrationalecommu-
nity [34]. In suchQOC graphs,questionssuggestoptions
anddecidingon a certainoption canraiseotherquestions.
Optionsshown in a box denoteselectedoptions. Options
areassessedby criteria andcriteria aregradualknowledge;
i.e. they tendto supportor tendto rejectoptions.QOCscan
succinctlysummarizelengthy debates;e.g. 480 sentences
utteredin adebatebetweentwo analystsoninterfaceoptions
can be displayedin a QOC graphon a single page[20].
Figure5 shows topoi generatedfrom the requirementsof a
rule-basedlegal system,shown in Figure4. This translation

usability

flexibility

-

flexible
work

patterns

+

maintainability

+

performance

-

and

+

sharing of
information

+

task
switching

+

Figure2: A soft-goalgraph:theandnodedenotesthatboth
sharing of information and task switching are enabledby
flexiblework patterns.
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+

Figure3: A questions-options-criteriagraphfrom [34]

assumesthat propositionsin the rule baseare modeledas
a belief/strengthpair wherethestrengthis somecontinuous
number.

When collectedfrom multiple stakeholders,gradualstate-
mentscanbe quite complex, quite large, andcontainfeed-
back loops. Smytheextracteda list of gradualinfluences
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if infant or moron then not legally_responsible.
if guilty then jail.
if age < 7 then infant.
if legally_responsible and guilty then jail.
if motive and means and opportunity and witnesses then guilty.
if guilty and not legally_responsible then not jail.

Figure4: Rule-basedrequirementsfrom a legalsystem.
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Figure5: Topoi from Figure4.
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Figure6: TheSmythe’87 theory. From[35]. Thediagram
shows statementsof gradualknowledgerelating to labora-
tory experimentson mammals.

from asetof articlesfrom differentauthorsrelatingto human
internalphysiology. The resultingnetwork containsloops;
seeFigure6. The experimentsdescribedlater in the paper
arebasedon thelargetopoi of Figure7.

A pre-experimentalconcernis that informal topoi are so
under-definedthat we could usethem to infer any proper-
ties at all. This turnsout not to alwaysbe the case.Recall
Figure2 andthefragment:

usability NO flexibility NP performance

Note that there is no way to explain the
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Figure7: A largetopoi with many loops.

output of Q flexibility R6S from the input ofQ usability R2T performanceR2S . That is, while topoi are
over-generalized,they may still be restrictive enoughto
demonstratewhat cannotbe proved. We describebelow
experimentswhich show that large real-world topoi can
be restrictive enough to block an interestingnumber of
temporalproperties.

Topoi: Formal Semantics
Formally, we saythat a topoi is a directed,possiblycyclic
graph U containingverticesandedgesVXW�T8Y[Z . Y arethe
connectorsbetweenvariablesand are one of a set of pre-
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definedtypes;e.g. \O or NO . Thatis:Y^]`_ W6] \O Wba^c�deW6]fNO WbaU _ VXW�T8YgZ
The verticesof a topoi canbe assigneda finite numberof
values;e.g. up, down or steady. Thesevaluesmodel the
sign of the first derivative of thesevariables(i.e. the rate

of changein eachvalue). X \O Y denotesthatY beingup or
downcouldbeexplainedby X beingupor downrespectively.
Thatis: W ]h\O W aji k W ] R implies W a RW ](l implies W a9l (1)

(whereR and l denoteup anddown respectively.)

X NO Y denotesthatY beingup or downcouldbeexplained
by X beingdownor up respectively. Thatis:W6] NO Wba i k W ] R implies W amlW ]nl implies W a R (2)

Tacit in our topoi diagramsareconjunctionsof influences.
We canview topoi asinfluencessplashingaroundpipesthat
connecttubs. Pairsof competinginfluencescancancelout.
That is, we canexplain thelevel of waterin a tub remaining
steadyvia conjunctionof competingupstreaminfluences;
e.g.oprq W6]nR implies Wba^Rts

and
q Wvu l implies W a9l s

wx
implies

opyq W6]nRhz{W u l s
implies
q W a _ steadys

wx
(3)

This formal semanticsis sufficient to guide the translation
of topoi for a formal modelchecker suchasSPIN.Figure8
shows the resultsof sucha translationof Figure6. In this
figure, all the nodeshave the valuesup, down, steadyand
unknown(which is a placeholderfor the initial conditions).
Also, for convenience,all systemsmodel inputs | arede-
claredto be |~}>�I� variableswith values�td�d��+�b���6T����/�v� denot-
ing the differencesbetweenthesevariablesin differentex-
periments.For example,if we increasetheinjectionsof dex,
thenwealsosaythatdex}>�I� _ arrived.

Proving Formal Propertiesin Topoi
We cantesttopoi usinglibrariesof expectedor desiredbe-
havior. Such libraries can be quickly built via interviews
with users. We have found it useful to structurethesein-
terviews in an OO framework. After generatingusecases
andparticularscenarios[18], we askour usersto clarify ex-
actly what arethe expectedinputsandrequiredoutputsfor
eachscenario.This generatestwo artifacts. Firstly, it leads
to topoi graphdescribinghow they think influencesshould
propagatearounda systemsmodel.Secondly, it leadsto the
formulationof propertiesmodelsof theform:

WhenI do this, I expectto seethat.

#define DOWN 0
#define STEADY 1
#define UP 2
#define UNDEF 3
#define ARRIVED 0
#define LEFT 1

byte chg_cold_swim = UNDEF /* chg_cold_swim = {ARRIVED,LEFT} */
byte chg_dex = UNDEF /* chg_dex = {ARRIVED,SWIM} */
byte cold_swim = UNDEF /* cold_swim = {DOWN,STEADY,UP} */
byte dex = UNDEF /* dex = {DOWN,STEADY,UP} */
byte temp = UNDEF /* temp = {DOWN,STEADY,UP} */
byte nna = UNDEF /* nna = {DOWN,STEADY,UP} */
byte acth = UNDEF /* acth = {DOWN,STEADY,UP} */
byte cortico = UNDEF /* cortico = {DOWN,STEADY,UP} */

active proctype smythe() {
if

::dex == UNDEF -> dex = DOWN
::dex == UNDEF -> dex = STEADY
::dex == UNDEF -> dex = UP

fi;
if

::cold_swim == UNDEF -> cold_swim = DOWN
::cold_swim == UNDEF -> cold_swim = STEADY
::cold_swim == UNDEF -> cold_swim = UP

fi;
if

::chg_dex == UNDEF -> chg_dex = ARRIVED
::chg_dex == UNDEF -> chg_dex = LEFT

fi;
if

::chg_cold_swim == UNDEF -> chg_cold_swim = ARRIVED
::chg_cold_swim == UNDEF -> chg_cold_swim = LEFT

fi;
if

::chg_dex == ARRIVED -> temp = UP
::chg_dex == LEFT -> temp = DOWN

fi;
if

::chg_cold_swim == ARRIVED -> nna = UP
::chg_cold_swim == LEFT -> nna = DOWN

fi;
do

::(chg_cold_swim == ARRIVED && temp == UP) -> nna = STEADY
::(chg_cold_swim == LEFT && temp == DOWN) -> nna = STEADY
::temp == DOWN -> nna = UP
::temp == UP -> nna = DOWN
::temp == DOWN -> acth = UP
::temp == UP -> acth = DOWN
::nna == UP -> acth = UP
::nna == DOWN -> acth = DOWN
::acth == UP -> cortico = UP
::acth == DOWN -> cortico = DOWN
::cortico == UP -> temp = UP
::(cortico == UP && chg_dex == LEFT) -> temp = STEADY
::cortico == DOWN -> temp = DOWN
::(cortico == DOWN && chg_dex == ARRIVED) -> temp = STEADY
::(temp == UP && nna == UP) -> acth = STEADY
::(temp == DOWN && nna == DOWN) -> acth = STEADY

od;
}

Figure 8: Figure 6 expressedin the PROMELA language
usedin SPINmodelchecker [15].

or, in thelanguageof temporallogic usedin (e.g.)SPIN:� q�� ���'� �<� Or��� � � �6� �<��s (4)

i.e. alwaysthe inputslead,eventually, to theoutputs.

We encounterproblemsif we useEquation4 to checklarge
topoi using standardmodel checkers. While SPIN checks
Equation4 againstFigure8 in lessthanasecond,it canfail to
terminatefor largersystemsmodels.In onestudy, weoffered
40 propertiesof the form of Equation4 to SPINalongwith
Figure7 expressedin the sameformat asFigure8. Given
100MB of maximumRAM, SPIN ran out of memoryfor
mostof the properties.We suspectedthat the searchspace
wastoo big. Figure7 contains80 variables,eachof which
hasat leastthe values �t� T8�tc�� � TD�������b���vT �'� �t�/� ; i.e. total
spaceof optionsat leastof size ( ���8�X���I�0�D�Is . In a sec-
ond study, we reducedthe sizeof the systemby removing
the �������b��� values.This shranktheoptionsto ( ���8���g�I�� 8��s .
However, evenin thisreducedsystem,SPINranoutof mem-
ory and failed to prove anything for 29 of the 40 proper-
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ties[31].

In summary, while theoreticallywe canassesstopoi using
standardmodelcheckers,in practice,this maynot be feasi-
ble.

3 SP2:A Model Checker for Topoi
While generaltopoi defeatgeneral-purposemodelcheckers,
specializedmodelcheckerscanquickly checkthe temporal
propertiesof a restrictedclassof topoi. Considera topoi
containingtwo-valuednodesconnectedby the“  ” and“ � ”
edgesdefinedin Equation1 andEquation2. Suchatopoihas
symmetricedges; i.e. eachedgecommentson a connection
of every upstreamnode’s valueto every downstreamnode’s
value.Menzieset.al.showedthatwheneveryedgeof asym-
metric topoi commentson all the valuesof its downstream
vertices,thenthestatespacerapidlysaturates[24,25]. That
is, thegranularityof thetime axis reducesto thenumberof
variablesin that theory. For example,in a systemsmodel
whereevery variablehasonly two values,everythingthat is
reachablecanbereachedin two time ticks.

Usingthe resultof Cohenet.alwe have definedSP2,a spe-
cializedmodelchecker for symmetrictopoi [27,31]. SP2is
a variantof Dijkstra’s shortestpathalgorithm[6,8]. Theal-
gorithminputsa symmetrictopoi with edgeset Y , nodesetW , andan initial set ¡£¢¤W . ¡ containssomevalueassign-
mentsto somenodesandrepresentstheinitial conditionsof
thesystem.Thealgorithmoutputsa setof edges¥ with the
following properties:M ¥ is a collectionof treesspanningall thenodesreach-

ablefrom theinputs.M For any reachablenode ¦ , ¥ containstheshortesttopoi
pathfrom theinputsto ¦ .M Thenodesof W spannedby ¥ arepartitionedinto two
sets¡{§ and ¨©§ , where:

– No edgeof ¥ passesfrom ¨©§ to ¡{§ .
– Eachsetis consistent;thatis,will notcontainbothª R and ª l .

Elsewhere,wehaveprovedthatSP2generates¡{§ and ¨«§ cor-
rectly, and runs in � q8¬ W ¬  ¬ Y ¬�¯®�°©¬ W ¬ s time in the worst
case[27]. SP2is efficient dueto its exploitation of satura-
tion. While spreadingout over the topoi, it maintainstwo
setsof nodes: the now set ( ¡{§ ) and the later set ( ¨«§ ). If
thealgorithmreachesa nodethatcontradictssomethingelse
in thenow, it movesthenew nodeinto the later set.There-
peatedapplicationof thisruleona2-spacedsymmetrictopoi
resultsin a fastdivision of thenodesreachablefrom theini-
tial conditionsinto thetwo sets¡{§ and ¨«§ .
UsingSP2,we canveryquickly exploretemporalproperties
that canbe proved in two time ticks. A large rangeof in-
terestingqueriescanbe executedin two time ticks (but see
below for a discussionon the propertiesthat requiremore
thantwo time ticks). Once ¡ § and ¨ § aregenerated,we can
convertour temporalpropertiesinto setmembershiptestsof

exp ±£� exp //always² � exp //eventualy² � exp //next²
exp W exp // weakuntil²
exp 
 exp //until²
exp ³ exp //conjunction²
exp ´ exp //disjunction²
exp ± exp //implication²¶µ

exp //negation²
x //proposition

exp W exp ± (exp 
 exp) ³F� exp� exp ± (x · now’) ³ (x · later’)� exp ± (x · now’) ´ (x · later’)� exp ± (x · later’)
exp ¸ 
 exp¹�± (y · now’) ´ ((x · now’) ³ (y · later’))
exp ¸5³ exp¹�± (x · now’) ³ (y · now’)
exp ¸ ´ exp¹�± (x · now’) ´ (y · now’)
exp ¸ ± exp¹ ± (y · now’) ´ ((x º· now’) ³ (y º· now’))
exp ¸ W exp¹»± (exp ¸(
 exp¹ ) ´ ( � exp ¸ )µ
exp ± (x º· time)

x ± (x · time)
time ± now’

²
later’

now’ ± s’
later’ ± t’

Figure9: Rewrite rulesfor convertinglinear temporallogic
expressionsinto setmembershiptestsof SP2’s ¡{§�T8¨«§ .
thesesets.Figure9 andFigure10 show conversionrulesfor
commontemporalproperties.

SP2offerstwo majorotheradvantagesoverstandardtempo-
ral reasoning:

1. SP2runs, terminates,returns ¥ , andthenwe perform
setmembershipof ¥ to prove our properties.That is,
we do not test for propertiestill after SP2terminates.
Hence,the inferencetime is not muchaffectedby the
complexity of thepropertiesto betested.

2. SP2usesa shortest-pathstreeto build its proofs. That
is, whenexplaininghow propertieswerereached,SP2
will generatethe shortestexplanationpossible,Hence,
auserof SP2neednotwadethroughmountainsof trace
files in order to understandhow the propertieswere
proved.

Experiments with SP2
Figure11 shows a comparisonof SPINvs SP2usingprop-
ertiesof the form of Equation4 and the systemsmodelof
Figure7. Of the40 propertieswhich wereanalyzedby both
SPINandSP2,SPINwasableto returna verificationresult
in only 11 out of 40 cases( ¼t½b¾À¿�Á ) beforerunning out of
memory. In every casewhereSPINdid returna verification
result,SP2’s resultwasin agreement.

Regardingcomputerresources,SP2usedlessthan1%of the
RAM requiredby SPIN.Also, in thecaseof theunprovable
properties,SP2terminatedin lessthana secondCPU time
while SPINtookmuchlonger.
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Figure10.A:Absenceproperties:Â is false
Property LTL SP2
Globally � (!p) p º· S’ ³ p º· T’
BeforeR � R± (!p 
 R) R · S’ ´ R º· T’ ´ p º· S’
After Q � (Q±Ã� (!p)) (Q · S’ ´ (p º· S’ ³ p º· T’)) ³ (Q · T’ ´ p º· T’)
BetweenQ andR � ((Q ³ !R ³f� R)± (!p 
 R)) (Q º· T’ ´ p º· T’) ³ (Q º· S’ ´ R · S’ ´ R º· T’ ´ p º· S’)
After Q until R � (Q ³ !R ± (!pWR)) (Q º· T’ ´ R · T’) ³ (Q º· S’ ´ R · S’ ´ (p º· S’ ³ R · T’))
Figure10.B:Existenceproperties:Â becomestrue
Globally � (p) p · S’ ´ p · T’
BeforeR !R W(p³ !R) (p · S’ ³ (R º· S’ ´ p · T’)) ´ (R º· S’ ³ p · T’ ³ R · T’)
After Q � (!Q ´ � (Q³f� p)) p · T’ ´ ((Q º· S’ ´ p · S’) ³ Q º· T’)
BetweenQ andR � (Q ³ !R ± (!RW(p³ !R))) Q · S’ ³ Q · T’ ³ p · T’ ³ (R · S’ ´ p · S’ ´ R º· T’)
After Q until R � (Q ³ !R ± (!R 
 (p³ !R)) Q · S’ ³ Q · T’ ³ (R · T’ ´ p · T’) ³ (R · S’ ´ p · S’ ´ (p · T’ ³ R º· T’))
Figure10.C:Universality: Â alwaystrue
Globally � (p) p · S’ ³ p · T’
BeforeR � R± (p
 R) R · S’ ´ (R · T’ ³ p · S’)
After Q � (Q±Ã� (p)) (Q º· S’ ´ (p · S’ ³ p · T’)) ³ Q º· T’ ´ p · T’)
BetweenQ andR � ((Q³ !R ³ � R)± (p
 R)) Q · S’ ´ R · S’ ´ R º· T’ ´ p · S’
After Q until R � (Q³ !R ± (pWR)) Q · S’ ³ Q · T’ ³ (R · S’ ´ p · S’) ³ (R · T’ ´ p · T’)
Figure10.D: Precedence:Ä precedesÂ
Globally !pWS S º· S’ ´ (p · S’ ³ (p º· T’ ´ S· T’))
BeforeR � R± (!p 
 (Ś R)) S· S’ ´ R · S’ ´ R º· T’ ´ p º· S’
After Q � !Q ´~� (Q³ (!pWS)) (Q º· S’ ³ Q º· T’) ´ (Q · S’ ³ (S· S’ ´ (p º· S’ ³ (p º· T’ ´ S· T’)))´ (Q · T’ ´ p º· T’ ´ S· T’)))
BetweenQ andR � ((Q³ !R ³ � R)± (!p 
 (Ś R))) Inexpressible: needsÅfÆ time ticks
After Q until R � (Q³ !R ± (!pW(Ś R))) (S· S’ ´ R · S’ ´ (p º· S’ ³ p º· T’) ´ (p · S’ ³ (S· T’ ´ R · T’))) ³ (S· T’ ´ R · T’ ´ p º· T’)
Figure10.E:Response:Ä respondsto Â
Globally � (p±Ã� S) S· T’ ´ (p º· T’ ³ (p º· S’ ´ S· S’))
BeforeR � R± (p± Inexpressible: needsÅfÆ time ticks

(!R 
 (S³ !R))) 
 R
After Q � (Q±Ã� (p±Ã� S)) S· T’ ´ ((Q º· S’ ´ (p º· T’ ³ (p º· S’ ´ S· S’))) ³ (Q º· T’ ´ p º· T’))
BetweenQ andR � ((Q³ !R ³ � R)± Inexpressible: needsÅfÆ time ticks

(p± (!R 
 (S³ !R))) 
 R)
After Q until R � (Q³ !R ±

((p± (!R 
 (S³ !R)))WR)) Q · S’ ³ Q · T’ ³ (R · T’ ´ S· T’ ´ p º· T’)

Figure10: Commontemporallogic queriesconvertedinto setmembershiptestsof SP2’s ¡{§�T8¨«§ . This tablewasgeneratedby
applyingthere-writerulesof Figure9 to a survey of commontemporallogic queries[9,10]. From[31].

SPIN SP2 Numberof Cases
?? proved 21
?? unproved 8

proved proved 11
unproved unproved 0
proved unproved 0

unproved proved 0
RAM used(max) 100MB ÇFÈ MB

Figure11: Proving propertiesof Figure7 in SPINandSP2.
“??” denotesthatSPINdid notterminatein 100MBof RAM.

We mentionedearlier that one pre-experimentalconcern
with informal topoi is that they aresounder-definedthatwe
couldusethemto infer any setof propertiesatall. Figure11
shows that this is not alwaystrue. In thecaseof 8 of the40
properties,SP2couldnotprovethemacrossthelargeunder-
definedtopoi of Figure7.

Limits to SP2
Whatarethepracticalimplicationsof SP2’srestrictions?We
discussbelow two importantimplications:restrictionsof the

propertiesthat canbeprovedandthe needfor specialtools
to handleconjunctions.

InadmissibleProperties
Figure 12 shows Dwyer et.al.’s classificationof over five
hundredlineartemporallogic (LTL) properties[9,10]. Those
propertiesdivide into eightgroupsandeachgroupcontains
thefive temporalscopesseenin Figure10; i.e. globally; be-
fore event É ; afterevent Ê ; events Ê and É ; andaftereventÊ until event É . Ë�Ë��� of thesescopesareexpressiblein terms
of two time ticks [31]. The inexpressiblescopesall require
proving someorderingof ZÌ¼ events. By definition, such
an orderingcannotbe expressedusingmerelythe two time
intervalsof ¡ § and ¨ § generatedby SP2.

Figure 12 shows us that SP2-styleinferenceon symmet-
ric topoi can say more about the occurrenceof a given
event/stateduringsystemexecutionthanabouttheordering
in whichmultipleevents/statesoccur. It is asimplematterto
detectthetemporalpropertiesthatareinadmissiblefor SP2.
All suchpropertiesrequiremore than two time ticks; e.g.
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Occurrence ÍIÎ>Ï6Î>Ï6Î>Ï6Ð�Ñ ¸ Î¹ Ð Ò
ÓÔÔÕ ÔÔÖ Absence ÍIÎÎ ÒUniversality Í ÎÎ ÒExistence ÍIÎÎ�ÒBoundedExistence Í�ÐÎ Ò

Order ÍI×�Ï2Ø�Ï6Ð�Ï2Ð�Ñ6Ù¹ Ð Ò
ÓÔÔÕ ÔÔÖ PrecedenceÍ�×Î ÒResponseÍIØÎ�ÒChainResponseÍ Ð Î ÒChainPrecedenceÍ�ÐÎ Ò

Figure12: Coverageof theDwyer corpusof temporalprop-
ertiesby SP2.Eachright-hand-sidegroupof propertiescon-
tainsfivescopes.Fractionsdenotehow many of thosescopes
canbehandledby SP2,asseenin Figure10. Adaptedfrom
[31].

until operatorsnestedto a depthgreaterthantwo suchas:.Ú
day _ sundayÛ Ú

day _ mondayÛ day _ tuesdayÜnÜ
HandlingConjunctions
Another problem is that symmetrictopoi have no special
knowledgeof and-nodes.This canleadto someless-than-
desirableresults.Considerthefollowing topoi:

usability NO flexibility NP performance

Equation3 saysthattheconjunctionof competingupstream
influencecanresultin a steadyvaluein a downstreamvari-
able;i.e.

usability R O and���2�
performancel O and���2�

and���2� O flexibility _ steady (5)

where and���6� is an and-nodeespeciallycreatedfor this
conjunction. A reasonabletemporalinterpretationof and-
nodesis that all pre-conditionsmust appearbefore or at
the sametime as the post-conditions.Supposewe seekto
flexibility _ steadyÝF¡"§ , but SP2computesa nodepartition
in whichusabilityR~ÝÞ¨©§ andperformancel Ýß¨«§ . Wewould
like to be ableto coaxthesepre-conditionsbackin time to¡{§ suchthat they do not occur at a time that is later than
flexibility _ steadyÝF¡"§ .
Anothercasewherewewantto coaxedgeweightsis thebad-
and situation. The rulesof symmetrictopoi requirethat if
we createtheedgesshown in Equation5, thenwe mustalso
createthefollowing complementaryrules:

usability l O and���2�
performanceR O and���2�

and���2� O flexibility _ steady (6)

where | is an inventednode representing“all the other
values of | ”. The addition of the nodes and���2� and

flexibility _ steadyis requiredto ensurethesymmetryprop-
ertiesuponwhich SP2is dependent.However, they arejust
nonsensesymbolsthat shouldnever appearin any explana-
tion of how certaininputs lead to certainproperties. That
is, pathwaysfrom inputsto propertiesshouldnever include
thesenonsensesymbols.Hence,if possible,SP2shouldbe
‘coaxed’ into producingshortestpath treesin which these
spuriousnodesappearat theleaves.

SP2containsamechanismto implementsuchcoaxing:each
edgein the topoi is augmentedwith an edgeweight,which
SP2usesto computeshortestpaths– the lengthof a pathis
simply the sumof the weightsof the edgesalongthe path.
At thecoreof SP2is a priority queue.At runtime,thenext
edgeto be exploredis oneof the edgeswith lowestweight
within thequeue.This meansthatby adjustingweightsand
re-runningthealgorithm,we canchooseto exploreedgesat
someearliertimeor latertime. Hence,to coaxusabilityR and
performancel into ¡{§ , we canadjustthe weightsupstream
of thosenodes.In coaxing,the weightscanbeadjustedar-
bitrarily, provided that the any symmetricpair of edgesre-
ceivesthe sameweight for both edges.Elsewhere[27] we
definea setof minimal edgeadjustmentheuristicswhich in-
put SP2’s shortestpathtree ¥ , the cut set à containingthe
edgesthatconnect¡{§ to ¨«§ andwhichoutputschangesto the
edgeweights.

A majorpre-experimentalconcernwasthatthenearlylinear-
time processingof SP2couldbefollowedby anindefinitely
long coaxingprocess.After muchexperimentation,we can
report that we have never seenthis worst-casebehavior in
practice. In thoseexperimentswe usedSP2to explore ran-
domly generatedpropertiesof the form of Equation4 over
dozensof randomlygeneratedtopoigraphs.Wevariedtopoi
fanout(2 to 6 edgesper node)and the frequency of and-
nodes(from 5% to 75%). Eachexperimentwasterminated
whenthe% of provablepropertiesreachedsomeplateau.In
all the experiments,the plateauwasreachedafter V[¿ iter-
ationsof SP2+coaxing.Also, the plateaureachedafter 10
coaxesbarely changedin up to 100 coaxes. Further, SP2
neverusedmorethan1MB of memoryor oneminuteof run-
time. Ourconclusionfrom theseexperimentsis thattheneed
for heuristiccoaxingdoesnot diminish the time andspace
efficiency of SP2.

4 RelatedWork
Wearehardlythefirst to exploreformalmethodsfor require-
mentsengineering.For example:M In theKAOSsystem[36], analystsgenerateaproperties

model by incrementally augmentingobject-oriented
scenariodiagramswith temporallogic statements.Po-
tentially, this researchreducesthe costsof formal re-
quirementsanalysisby integratingthegenerationof the
propertiesmodel into the rest of the systemdevelop-
ment. Our readingof theKAOSwork is thatwhile the
resultingmodelmay be moreformal, the level of skill
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requiredto write thetemporallogic cansignificantlyin-
creasethe personnelcost. Further, the extra time re-
quiredfor theaugmentationcouldincreasetheeffectof
thedevelopmentbrake.M Schneideret.al. [33] explored reducing the manual
modelingcostsusing lightweight formal methods. In
the lightweight approach,only partial descriptionsof
thesystemsandpropertiesmodelswereconstructedus-
ing the SPIN formal analysistool [15]. Despitetheir
incompletenature,Schneideret.al.foundthatsuchpar-
tial modelscouldstill detectsignificantsystemserrors.
While exciting research,this approachstill incurs the
personnelcostsincescarceexpertiseis requiredto drive
toolslike SPIN.

Nor are we the first to explore optimizing temporallogic
model checking. Elaboratetools have beendevelopedto
tamethestatespaceexplosionproblemincluding:

Abstraction or partial ordering: Only usethe part of the
spacerequiredfor a particularproof. Implementations
exploiting this techniquecanrestrainhow the spaceis
traversed[14,26], or constructedin the first place[13,
33].

Clustering: Divide the systemsmodel into sub-systems
which canbereasonedaboutseparately[2,4,30,37].

Meta-knowledge: Avoid studyingtheentirespace.Instead,
only studysuccinctmeta-knowledgeof thespace.One
exampleusedaneigenvectoranalysisof the long-term
propertiesof thesystemsmodelunderstudy[17].

Exploiting symmetry: Provepropertiesin somepartof the
systemsmodel, then reusethoseproofs if ever those
partsarefoundelsewherein thesystemsmodel[3].

Semanticminimization: Replace the space with some
smaller, equivalentspace[16] or orderedbinary deci-
sion diagrams[1]. For example,the BANDERA sys-
tem [5] reducesboth the systemsmodelingcost and
theexecutioncostvia automaticallyextracting(slicing)
the minimum portionsof a JAVA program’s bytecodes
which arerelevantto particularpropertiesmodels.

While theabovetoolshaveall provedusefulin their testdo-
mains,they maynot beuniversallyapplicable.M Certainoptimizationsrequireexpensivepre-processing,

suchas[17].M Thesemethodsmayrely oncertaintopologicalfeatures
of the systembeing studied. Exploiting symmetryis
only useful if the systemunderstudy is highly sym-
metric. Clusteringgenerallyfails for tightly connected
models.

Also, for requirementsengineering,systemslike BAN-
DERA arenot suitable. BANDERA only works on imple-
mentedsystems;thatis, notuntil longaftertherequirements
phasehasended.

Hence,in thegeneralcase,only smallmodelscanbetested.
Further, thesemodelsmustbe preciselyspecified. In con-
trast,this work describesmethodsfor quickly proving prop-
ertiesin largemodelsthathavebeenhastilysketched.

5 Conclusion
We needbetterformal testingfor our requirements.Apply-
ing formalmethodscanleadto anunacceptablebrakeon the
developmentprocess.Cost-effectiveformalmethodshaveto
reducethe costandskill involved in modelingsystemsand
their properties.Thecostof propertiesmodelingcanbere-
ducedvia temporallogic patterns.However, the execution
costof theresultingpropertiesmodelmayrequireexpensive
rework of thepropertiesgeneratedfrom thepatterns.

In thespecificcaseof requirementsthatcanbemappedinto
symmetrictopoi, we have shown that thesystemsmodeling
costis reduced(sincethetopoicanbesketchedquickly). For
suchsymmetrictopoi, we canreducetheexecutioncostfor
proving formal propertiesto time that is nearlylinearon the
numberof edgesandnodesin thetopoi.

Thecombinationof easyspecificationof propertiesandsys-
temsmodelsimplies that thepersonnelcostof formal mod-
eling is reduced.Thiscost-reductioncanonly beachievedin
domainswerethe systemsmodelcanbe expressedastopoi
andthepropertiesmodelrefersmoreto temporaloccurrence
propertiesthan temporalorderingproperties. We have ar-
guedthatrequirementsengineeringis onesuchdomain.

Having built the SP2engine,our next goal is the construc-
tion of a shell thatexploits this engine.Our currentresearch
goal is theconstructionof theRAPTUREshell. RAPTURE
exploits SP2 to enablethe fast formal analysisof topoi-
compliantdescriptionsof softwaresystems.
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