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Abstract

We propose a technique to improve the per-
formanceof hierarchicalmodel-baseddiagnosis,
basedon structuralabstraction.Givena hierarchi-
cal representationandthesetof currentlyavailable
observations,the techniqueis ableto dynamically
deriveatailoredhierarchicalrepresentationto diag-
nosethecurrentsituation.We implementourstrat-
egy as an extensionto the well-known Mozetic’s
approach[Mozetic, 1992], and illustrate the ob-
tainedperformanceimprovements. Our approach
is moreefficient thanMozetic’s onewhen,dueto
abstraction,fewer observationsareavailableat the
coarsesthierarchicallevels.

1 Introduction
Abstractionhas beenadvocatedas one of the main reme-
diesfor the computationalcomplexity of model-baseddiag-
nosis(MBD). MBD approachesthatexploit abstraction(e.g.,
[Mozetic, 1992]) representthe systemat multiple levels of
detail,andtypically isolatefaultsonelevel at a time,starting
at themostabstractpossiblelevel,andusingtheresultsatone
level to reducethecostof diagnosisby removing impossible
diagnosesfrom considerationat moredetailedlevels.

Onelimit to the effectivenessof hierarchicaldiagnosisis
thefact thatoftena single,fixedhierarchicalrepresentations
is employed, regardlessof the currently available observa-
tions. In many cases,effectivenessdependsonthesituationat
hand.As we show in thepaper, thesamehierarchicalrepre-
sentationcanimprove theperformanceof diagnosisin some
cases,but also lead to a performancewhich is identical to
non-hierarchicaldiagnosisin othercases.On theotherhand,
building a new hierarchicalrepresentationby handfor each
diagnosticscenariocannotin generalbea viablealternative.

In this paper, we proposea techniquethat,givena hierar-
chicalrepresentationandasetof currentlyavailableobserva-
tions, is ableto derive a hierarchicalrepresentationwhich is
particularlysuitedto diagnosethecurrentsituation.Ourtech-
niquedoesnot build thetailoredrepresentationfrom scratch,
but insteadrearranges the original hierarchicalrepresenta-
tion, i.e. it exploits only the original abstractions.The re-
arrangementprocessis guidedby thecurrentlyavailableob-
servations. The techniquewe presentfocuseson structural

abstraction [Hamscher, 1991; Genesereth,1984]. To show
theusefulnessof our technique,we formalizeit asanexten-
sionto Mozetic’s approach[Mozetic,1992], andexperimen-
tally evaluateits performancevs. thatapproach,showing that
it improvesefficiency whenfewer observationsareavailable
at thecoarsesthierarchicallevelsdueto abstraction.

Thepaperis structuredasfollows: Section2 containssome
prerequisiteson diagnosisandstructuralabstraction;Section
3 analyzesMozetic’s approach,while Section4 presentsour
hierarchicaldiagnosticstrategy. Section5 illustratesthe ex-
perimentalevaluation. Finally, Section6 mentionsfuture
work.

2 Diagnosis with Structural Abstraction
Following [deKleer et al., 1992], a diagnosisproblem � in
a language� is a triple ����� , 	�
�� , 
�	�������� , where ���
and 	�
�� are first-ordertheoriesin language� , represent-
ing thesystemdescriptionandobservations,respectively, and
�	������ is a subsetof the objectconstantsof � , identify-
ing the set of systemcomponents.Eachcomponentis as-
signeda setof behavioral modes,eachonerepresentedby a
distinct predicate� of � (and also specifiedby a formula
over the component’s ports), that representeither multiple
normaloperatingmodes(e.g. a valve canbeopenor closed)
or faulty behavioral modes(e.g. a pipecanbe leaking,or be
obstructed). Eachformula ������������ "!$#%� � �'&(�*) , where � �
representsa behavioral modefor component& , is a candi-
dateof � . A candidate+ is a diagnosisof � if andonly if���-,.	�
��/,.+ is consistent.The diagnosistaskconsists
in findingall possiblediagnoses,or to find a setof diagnoses
(suchasthekerneldiagnoses[deKleer et al., 1992]) thatare
a compactrepresentationfor all thepossiblediagnoses.

For clarity purposes,thehydraulicsystemdepictedin Fig-
ure1, calledSystemA, will beusedasanexamplethroughout
the paper. It is composedby a volumetricpump 01� , pipes032 , 054 , 076 , 018 , 059 , 05: , andvalves ;<2 (in closedstate)and ;=4
(in openstate).In Table1,wedefinethecomponentmodesin
SystemA (theformulaethatspecifythetypesof components
andtheconnectionsamongthemcanbeeasilyderivedfrom
the schemain Figure 1). In the volumetric pump’s behav-
ioral description,>@? , which dependson thepump’s settings,
is theamountof flow thenormalpumpis ableto impose.To
avoid unnecessarycomplex examples,we consideronly flow
observations.
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Table1: Behavioral modesfor thecomponentsof SystemA.

Structuralabstractiondecomposesa systeminto a hierar-
chyof subcomponents(or, viceversa,aggregatescomponents
into a hierarchyof supercomponents).We adoptthe follow-
ing terminology and assumptions. The structuralabstrac-
tion of adiagnosisproblem� S�r �s��� Sdt 	�
�� S�t 
�	������ S � 1
is a (more abstract)problem � SMu 2 r ����� SMu 2 , 	�
�� SMu 2 ,
�	������ SMu 2(� , obtainedby aggregating a subsystem(de-
notedby thesetof componentsvxw�w�y{z|
�	������ S ) into a
singlesupercomponent}K&�~�
�	������ SQu 2 .

Themoreabstractdiagnosisproblem � SMu 2 representsthe
samesystemas � S , but: (i) from a structuralpoint of view,
thecomponentsbelongingto vxw�w�y have to bereplacedby
a singlecomponent}K& , and, (ii) from a behavioral point of
view, a representationof the behavior of }(& hasto be intro-
duced. The behavior of }K& is reasonablya simplified repre-
sentationof the possiblecombinationsof behavioral modes
of its subcomponents(e.g., by forgetting and/orcollapsing
someof the variablesof componentsin v�w�w�y ). Finally,
alsothesetof observation 	�
"� SQu 2 coulddiffer from 	�
�� S ,
becauseobservationsthat are internal to subsystemv�w�w�y
cannotbe representedin � SMu 2 . For example, supposeto
aggregate pipe 0 4 and open valve ; 2 of SystemA into a
component}K� 2 of type ;j�j�Z;j� , in open state. The choice
is reasonablesincewhen both 054 and ;<2 are normal, they
act as an openvalve, allowing fluid to flow. We can thus
remove all the formulaewhich mention 0 4 and ; 2 , and in-
troducethe theory �(;j�j�Z;j�_�s}K��2�� t�� 05�K����}K�=2�� , �E�7�d� � �E� �H0e2�� r

1In this paper, we adoptthe conventionof usinga greatersub-
scriptto indicatea moreabstract,lesscomplex theory.
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Figure1: Layoutof systemA.

� � � � �E� �s}K��2��]� � � � � �E� �H076(� , �E�5�d� � �E� ��}K�=2�� r � � � � �E� �H078(�l� .
In thiscase,theabstractionremovestheflow measurementat
theconnectionbetween0 4 and ; 2 , andkeepstheothermea-
surements.

We definea hierarchical representationof a given diag-
nosticproblem ����� p , 	�
�� p , 
�	������ p � asa list of � di-
agnosticproblems �_�s��� S , 	�
"� S , 
�	������ S �l� D with

� r� t(�C�(��t ����� wherefor every � r � tC�(�C��t ����� , ��� u 2 is a
structuralabstractionof � � . A possible6-levelshierarchical
representationof SystemA is sketchedin Table2. Eachrow
of the tableshows a level of the hierarchicalrepresentation.
For eachlevel, we indicatethelevel number, thecomponents
(togetherwith their type),andtheaggregationsperformedto
obtainthat level (in the third columnof the table, & S + &l�x�}K& meansthat & S and &i� havebeenaggregatedinto }K& ).

In orderto ensurecorrectnessandcompletenesswhenrea-
soning with abstractsystemrepresentations,structuralab-
stractionsmustsatisfysomeconstraints.More specifically,
thefollowing propertymustbesatisfied.

Property 1 (Relationbetweendiagnoses).Let � Sdt � SQu 2 be
diagnosisproblems,such that � SMu 2 is a structural abstrac-
tion of � S . Let + and � be candidatesof � S and � SQu 2 ,
respectively, and supposethat � is a more abstract repre-
sentationof + (according to the aggregation that hasbeen
performedin order to obtain � SMu 2 ). If � is nota diagnosisof� SQu 2 , then + mustnot bea diagnosisof � S .

If this propertyis satisfied,onecanrule out candidatesat
themoredetailedlevel by reasoningonly attheabstractlevel,
becausestructuralabstractionnevermistakenlyrulesoutadi-
agnosis.On the negative side,diagnosismustconsideralso
the more detailedlevel in order to ensurecorrectnessand
completenessof results. We now show that similar require-
mentsare imposedby otherformalizationsof structuralab-
stractionproposedin the literature.Thus,the techniqueswe
presentarenot constrainedto a specificformalization.In the
following, let &(2 tC�C�(��t & ? bea setof componentswhich is ag-
gregatedinto the supercomponent}K& , and �=� ��&C� a formula
sayingthatcomponent& is behaving normally.

In [Struss,1992], structuralabstractionis definedas fol-
lows. Supercomponent}K& is a structural abstractionof& 2 tC�C�(�Ct &C? if �=� �'& 2 ���¡ C C _� �=� ��&C?=�"¢ �=� �s}(&(� . In this way,
whenever �=� ��}K&C� is inconsistentwith the observations,then
also �=� �'&K2��@�/ ( C =� �=� ��& ? � is inconsistent,i.e. by excluding
at the abstractlevel that }(& is normal, we canexcludealso
thatall its subcomponentsarenormal. This is a specialcase
of Property1 whenwerepresentonly thenormalbehavior of
componentsin ��� .

[Mozetic, 1992] (usinga different formalizationof diag-
nosis)lists a setof consistencyconditionsthatmusthold be-
tweena systemrepresentationandits moreabstractversion.
TheseconditionsensurethatProperty1 holds.

[Autio andReiter, 1998] formalizesstructuralabstraction
for diagnosisproblemswhereonly the correctbehavior of
componentsis represented.Theirapproachrequiresboththat�=� ��& 2 �5�£ ( C �� �=� ��&C?=��¢ �=� ��}K&C� (asin Struss’formalization)
and that �=� ��}K&C�¤¢ �=� ��& 2 ���¥ C ( _� �=� ��&C?=� (i.e., if }K& is be-
having normally, we canconcludethatall its subcomponents
are behaving normally). The secondassumptioncan cause
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incorrectdiagnoseswhen structuralabstractionhidessome
measurements¦ (e.g.thereis asensorwhich is “hidden” inside}K& ). Indeed,becauseof the lackingmeasurement,onecould
concludethatthenormalbehavior of }K& is consistentwith the
observations,andthusinfer that all }(& ’s subcomponentsare
alsobehaving normally, which in generalis not true.

3 Analysis of Mozetic’s approach
We illustrateMozetic’s diagnosticalgorithmin a formatthat
will allow usto easilycompareit with ourproposalandhigh-
light the refinementswe made. The inputsof the algorithm
arethehierarchicalrepresentation,anda set 	�
"� p of obser-
vationsat the finest level of detail (i.e., level

�
). For each

level
�

of thehierarchicalrepresentation,
��<�]§_¨ª©S is theset
of candidateswhich have no abstractionat upperlevels. Hi-
erarchicaldiagnosisis formalizedasfollows:

ProcedureHIERARCHICAL-DIAGNOSIS
ABSTRACT-OBSERVATIONS;
TOP-DOWN-DIAGNOSIS.

ProcedureABSTRACT-OBSERVATIONS«­¬¯®
;° ¬
numberof levelsof thehierarchicalrepresentation;

WHILE
«3± °�²´³Xµ�¶¸·�¹­º@»¼¾½ DO¶¸·�¹­ºH¿eÀ ¬ Abstract(¶¸·�¹­º );«­¬Á«<Â ³ ;

ENDWHILE;
IF ¶¸·�¹­º ¼/½ THEN

«­¬Á« ²´³(Ã
ProcedureTOP-DOWN-DIAGNOSISÄ*ÅdÆ ¬Á«

;ÇÉÈ=Ê1Ë º ¬ all possiblecandidatesat level
«
;

WHILE
«3ÌÍ®

DOÎ�Ï È�Ð º ¬ Verify( ¹ Î º'Ñb¶¸·�¹­ºsÑ Ç ¶%Ò¾Ó%¹1ºsÑ ÇÉÈ�Ê­Ë º );
IF
«5± ÄsÅ�Æ

THENÎ�Ï È�Ð<Ô�Õº ¬
Verify Ö ¹ Î º�Ñb¶¸·x¹1ºsÑ Ç ¶%Ò¡Ó%¹­ºsÑ ÇÉÈ=Ê­Ë�Ô�Õº );Î�Ï È�Ð º ¬ Î�Ï È�Ð º<× Î�Ï È�Ð<Ô�Õº ;

ENDIF;
IF
«5Ø.®

THEN
ÇÉÈ=Ê­Ë ºMÙ5À ¬ Detailed(

Î�Ï È�Ð º );«­¬Á« ²´³ ;
ENDWHILE.

We divided Mozetic’s algorithm into two separatepro-

level components aggregations9 ACBED�A FMnd`bÚiJ nd`hÛ�u�nb`hÜlÝ�nb`bÚ
8 ACBED�A FMnd` Ü J*Þ m alV m `iFqnb` Û J ACD u AKß Ý�nb` Û ÞA a ß u A Ü Ý�nb` Ü
6 ACBED�A F ACD J*Þ A S A `lF AKß JhÞ A S A `iF A Ü J*Þm alV m `lF A a ß J nd`hà�u�nb`*áâÝ A a ß
4 ACBED�A F ACD J*Þ A S A `lF AKß JhÞ A S A `iF A Ü J*Þm alV m `lFMnb` à J*Þ m alV m `iFMnb` á J

nd` ß u A áâÝ�nb`bà�Þnd`hã�u A ÛlÝ�nb` á
2

ACBED�A F ACD J*Þ A S A `lF AKß JhÞ A S A `iF A Ü J*Þm alV m `lFMnb` ß J*Þ A S A `lF A ÛiJhÞ m alV m `iFMnd`hãlJ*ÞA S A `iF A áâJ
A ã�u m ß Ý�nb` ß ÞA à u m ãlÝ�nb`bã

p ACBED�A F ACD J*Þ A S A `lF AKß JhÞ A S A `iF A Ü J*Þm alV m `lF mlß J*Þ A S A `iF A àlJ*Þ A S A `iF A Û J*Þm alV m `lF m ã J*Þ A S A `iF A ã J*Þ A S A `iF A álJ
Table 2: Componentsin the hierarchicalrepresentationfor
systemA.

cedures.The first one(ABSTRACT-OBSERVATIONS) as-
sociatesthe available observationsto the abstractlevels of
thehierarchicalrepresentation.Then,the secondone(TOP-
DOWN-DIAGNOSIS)performsthediagnosis.

In particular, ABSTRACT-OBSERVATIONS takesas in-
put the initially available observations 	�
�� p , and, by re-
peatedlyapplyingtheAbstract function(correspondingto the
abstract predicatein Mozetic’s original formulation),deter-
minestheavailableobservations(if any) for themoreabstract
levels. Thenumberassociatedto the coarsestlevel with ob-
servationsavailable is then storedinto variable � . The lev-
els from � to

�
are thenconsideredby the procedureTOP-

DOWN-DIAGNOSIS:for eachlevel
�
, first diagnosisis per-

formedusingtheVerify function(correspondingto Mozetic’s
verifypredicate);then,thediagnosesthatarefoundaretrans-
latedinto their representationsat thenext moredetailedlevel
by thefunctionDetailed(correspondingto Mozetic’sdetailed
predicate).Thosediagnoseswill be the possiblecandidates
for level

� �ä� . Moreover, alsothosecandidates(if they ex-
ist) which have no abstractionat upperlevels, andare thus
consideredfor thefirst time at thecurrentlevel, areverified.
Whenlevel 0 is reached,the final diagnosesarereturned.It
mustbe notedthat no assumptionsaremadeon the imple-
mentationof theVerify function(e.g.it canbeagenerate-and-
testmethod,aGDE-like reasoner, or otherMBD technique).

By performingdiagnosisat moreabstractlevels,Mozetic
aimsat finding thosediagnosesthatareimpossible,thusre-
ducingthenumberof possiblediagnoses,i.e. thesizeof the
searchspace,at moredetailedlevels. This makesit possible,
in many cases,to perform significantly betterthan directly
solving the most detaileddiagnosisproblem. Experiments
doneby Mozetic report, in a medicalexampleusinga four-
level qualitative model of the heart,a speedup by a factor
of 20 overa one-level diagnosis.However, givena hierarchi-
cal representation,therearesituationswheretheperformance
is not asgoodasonewould expectbecauseonly part of the
hierarchicalrepresentationis exploited,asweshow in thefol-
lowing.
Example 1. Considerthe6-levelshierarchicalrepresentation
of SystemA sketchedin Table2, andsupposethat the fol-
lowing observationsareavailable:flow attheinputof pipe 0 4
is �æå->X? , while flow at the outputof valve ; 2 is ç�è->@? ,
i.e. 	�
�� p"r � � � � � �E� �é074C� r ��� �E�7�d� � �E� �Z;<2(� r çK� . Exe-
cutingABSTRACT-OBSERVATIONS,theobservationat the
input of 0 4 canbe abstractedto level 1 as the input of }K� 2 ,
but cannotbe abstractedto level 2, wherethe input of 074 is
not visibleanymore.By applyingthesameline of reasoning,
the observationon ;<2 is abstractedup to level 2. The TOP-
DOWN-DIAGNOSISprocedurecanthusstartonly at level
2.

In this example,diagnosticreasoningconsidersonly the
threemoredetailedlevels of the hierarchicalrepresentation
(no observationscanbe abstractedhigherthanlevel 3), and
thuscannottake any advantagefrom the remainingcoarser
levels,wherereductionsof thesearchspacecouldbein prin-
cipleobtainedwith lesseffort. Theresultis thatthecomputa-
tionalsavingsgainedoveraplain,one-level diagnosisarenot
asgoodasonewould expect,becausediagnosisis startedat
anintermediatelevel of thehierarchy.
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In general,whenwestructurallyabstractadiagnosisprob-
lem, all the observationsthat refer only to componentsthat
areaggregatedbecomeunavailable. Thus,aswe climb the
hierarchicalrepresentation,less observationsare available.
In the systemswhere the position of measurementsensors
is known andcannotbechanged,onecanlimit this problem
by choosingtheaggregationsin sucha way thatthemostab-
stractlevelshave always(or at leastoften)someobservation
available. However, in general,whatever hierarchicalrepre-
sentationwe exploit, as the total numberof given observa-
tionsdecreases,thetop level from which diagnosisis started
tendsto becomelower, i.e. thenumberof abstractlevelsnot
consideredfor diagnosisincreases.Theworstconsequenceof
this problemis that the performanceof Mozetic’s algorithm
can becomeidentical to a plain diagnosticapproach. This
happenswhenever theobservationsgivenasinput cannotbe
abstractedto level 1, i.e. whenall observationsreferonly to
componentsthatareaggregatedin orderto obtainlevel1. The
following exampleshowsonepossiblescenarioin which this
situationoccursin SystemA.
Example 2. Supposethat the following observations are
available:flow attheoutputof pipe 0 6 is �¤å � , i.e. 	�
"� p r� �E�5�d� � �E� �H0 6 � r �7� . The observation on the outputof 0 6
cannotbeabstractedto level 1,becauseit is notpresentatthat
level. Hence,at theendof theexecutionof theABSTRACT-
OBSERVATIONSprocedure,themostabstractlevel with ob-
servationsis level 0. Thus,diagnosisis startedat thatlevel.

4 Our proposed approach
We proposea techniquethat aims at improving Mozetic’s
strategy whenstructuralabstractionsareused.Our approach
exploits also an additional datastructure,called structural
tree (presentedin Section4.1), that highlights the aggrega-
tionsperformedto build thehierarchicalrepresentation.

4.1 The structural tree
We associateany hierarchicalrepresentationê (built with
structural abstractions)to a Structural Tree for ê called
ST(H). In the tree,eachnoderepresentsa componentof ê ,
andits sonsareits subcomponents.

Givenahierarchicalrepresentationof adiagnosticproblemê r �j����� S , 	�
�� S , 
�	������ S �l� D t � r � tC�C�(��t �.��� , ST(H)
is built asfollows:ë first, for eachcomponent� ~/
�	������ p , a new leaf �

is created;ë then, for eachaggregation of &K2 t(�C�C� & ? ~ì
�	������ S
into }K&�~´
�	������ SQu 2 suchthat & 2 tC�(�C� &(?í~´�@î���ê´� , a
new node }K& is createdsuchthat } � �$}_��}K&C� r & 2 tC�C�(�Ct &C? .

The root of �@î��'ê´� is associatedwith the componentthat
representsthe whole system, i.e. ï ���E� ����î��'ê´��� r &-~
�	������ Dxð 2 . Figure 2 shows the structuraltree for Sys-
temA which hasbeenobtainedfrom the6-level hierarchical
representationsketchedin Table2.

Sinceeachnode& of ST(H)is acomponent&�~£
�	������ S
for some

�
, we associateto it the theory ��� � zñ��� S and

the observations 	�
�� � zò	�
"� S (whenthey areavailable).
Thus,eachnode & is associatedwith a subsetof oneof the
diagnosticproblemsof ê .

óõô öM÷
ø ù�ú

û�üýqþ

ÿ � �
��� � ��� 	�


� 
��

����� ���
� ���

� ���
� ���

�� !#"

Figure2: Structuraltreefor SystemA derivedfrom thehier-
archicalrepresentationof Table2.

4.2 The Rearrange algorithm
We proposea techniquethat dynamicallydeterminesa new
hierarchicalrepresentationsuitedto diagnosethespecificsit-
uationdescribedby thecurrentobservations.Thenew hierar-
chicalrepresentationwill bebuilt by rearrangingthelevelsof
agivenhierarchicalrepresentationê usingthecorresponding
ST(H)on thebasisof theavailableobservations.

The idea is to improve Mozetic’s algorithm when it is
not able to fully exploit the hierarchicalrepresentation,by
providing a new, tailoredhierarchicalrepresentationconsist-
ing of: (i) all levels of the original hierarchicalrepresenta-
tion which have observations(i.e. the levels consideredby
Mozetic’s algorithm),and(ii) additional,moreabstractlev-
els which arenot presentin the original hierarchy, andhave
the sameobservations of the coarsestlevel consideredby
Mozetic’salgorithm.

Wewill now show, usinganexample,how theseadditional
levelscanbebuilt with little effort. In somecases,indeed,the
abstractlevel atwhichdiagnosisis startedby Mozetic’salgo-
rithm is too detailedthannecessary. Considerthe scenario
presentedin Example2, wherediagnosisis startedat level 0
(whichcontains9 components),withoutexploiting thepossi-
bility of startingfrom amoreabstractdiagnosisproblem.For
example,thediagnosisproblem(let uscall it Best) with com-
ponents}K� 9 , }K� 6 , 0 6 , ; 4 , 0 9 , and0 : is moreabstractthanlevel
0 but hasthesameobservations(i.e. �E�5�d� � �E� �H0 6 � r � ). The
searchspaceof Bestis muchsmaller:thediagnosisproblem
at level 0 has2304possiblecandidates,while 
���} � has288
possiblecandidates.

Mozetic’s algorithm cannotstart from 
���} � becausethis
diagnosisproblemis not available in the given hierarchical
representation:the only level with observationsis level 0.
Theproblemis that thealgorithmexploits therepresentation
in a “fix ed” way: levelsareidenticalfor any setof observa-
tions,andonly thechoiceof startinglevel changes.

Wecanderive 
���} � byselectingnodesin thestructuraltree
of Figure2. Thestructuraltreehighlightsindeedthe aggre-
gationsusedin ahierarchicalrepresentation,regardlessof the
orderin which they wereperformed.Onecanderive 
���} � by
selectingasetof nodesin thestructuraltreewhich: (i) repre-
sentthe full system,(ii) have the sameobservationsthatare
presentat level whereMozetic’s algorithmstarts,(iii) areas
abstractaspossible.Then,onecancomposethetheoriesas-
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sociatedto theselectednodesto derive a new, moreabstract
starting

$
level.

We implementedthisstrategy asanextensionto Mozetic’s
algorithm,whichwecall theREARRANGEextension.More
specifically, the building of the new levels is performedas
anadditionalactivity aftertheABSTRACT-OBSERVATION
procedure,asshown in thefollowing:
ProcedureHIERARCHICAL-DIAGNOSIS

ABSTRACT-OBSERVATIONS;
REARRANGE;
TOP-DOWN-DIAGNOSIS.

ProcedureREARRANGE
IF
«3± ° ²Í³ THEN

FOReachnode
Ê

of ¹&% Ö('*) referredin ¶¸·�¹­ºÅ,+.-0/ ¬21 È ¼4365 È ¼7398 ¶¸·�¹­º_µ È is a port of
Ê&:

;; Å Ë=< -?>A@ ¬ Ç ¶%Ò¾Ó%¹ º ;
WHILE

; Å Ë=< - >B@ »¼/½ DOÊ ¬DC Ï(E -iÄ Ö ; Å Ë=< -0>B@ ) ;C�¬FC È ÄHG < E Ö Ê ) ;
IF
-âÅ Ê - Ö C )JI Ç ¶%Ò¾Ó%¹1º�µ ÖLKNMPOQMSR / MPTVU0W Å,+.- M ) ¼ Å,+.- U THEN; Å Ë=< -?>A@ ¬ Ö ; Å Ë=< -?>A@ ² -lÅ Ê - Ö C )X) × 1,C :

;«­¬ «<Â ³ ;Ç ¶%Ò¾Ó%¹1º ¼ Ö Ç ¶%Ò¾Ó%¹1ºMÙ7À�² -lÅ Ê - Ö C )X) × 1,C : ;
ADD a new level numbered

«
with components

Ç ¶%Ò¾Ó%¹ º
to thehierarchicalrepresentation' ;; Å Ë=< -?>A@ ¬ Ç ¶%Ò¡Ó%¹­º ;

ELSE; Å Ë=< - >A@ ¬ ; Å Ë=< - >A@ ² -lÅ Ê - Ö C ) ;
ENDIF;

ENDWHILE;
ENDIF.

Thenew activitiesperformedby theprocedureare:ë eachobservation available at Mozetic’s coarsestlevel
with observations is associatedto the corresponding
nodesin ST(H)(obtainingthe � ç�} T sets);ë if possible,new diagnosisproblems,whicharemoreab-
stractthantheoneat which Mozeticstarts,areaddedtoê . Thesenew levelsarebuilt by:

1. consideringthe componentsof the current, most
abstractlevel (which initially is theoriginal coars-
estlevel with observations);

2. findingasubsetof componentsthatareall thesons
of a node � in �@î��'êÍ� suchthat the union of the
observationsassociatedto themareexactly theob-
servationsassociatedto � (i.e. by substitutingthem
with their fatherwedo not hideany observation);

3. if suchsetof componentsdoesexist, addingto ê
a new level whosecomponentsarethecomponents
of thecurrentlevel which arenot sonsof � , and �
itself. In thisway, webuild amoreabstractdiagno-
sisproblemwithout losingany observation;

4. if suchsetof componentsdoesnot exist, thealgo-
rithm stops;otherwise,the searchfor components
whichmeettheabovedescribedrequirementsis re-
peatedconsideringthe componentsof the newly
derivedlevel.

After the executionof REARRANGE, � is the numberof
thenew top level from which diagnosisis started.Note that,
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Figure4: Mostabstractlevelsderivedby Mozetic’salgorithm
andby theREARRANGEextension(Examples2 and4).

given the currently available observations, if ABSTRACT-
OBSERVATIONS is able to reachthe most abstractlevel,
thenREARRANGEdoesnothing,andthe whole reasoning
proceedsexactly asin Mozetic’salgorithm.In orderto show
the advantagesof this strategy with respectto Mozetic’s al-
gorithm,wewill now reconsiderthepreviouslyillustratedex-
amples.
Example 3. Giventheobservationsin Example1, Mozetic’s
hierarchicaldiagnosiswould startat level 2, which contains
components01� , 0e2 , }K�E6 , }K�(8 , and 07: (seeFigure 3, left).
REARRANGEderivesan additional,moreabstractlevel 3.
It containscomponents}K� 9 , }K� 6 , }K� 8 , and 0 : (seeFigure3,
right): components01� and 0 2 of Mozetic’s most abstract
level with observationsareaggregatedinto pump }K�E9 . This
is possiblebecause07� and0e2 arethesonsof }K�E9 in thecor-
respondingstructuraltree (that is, an aggregation for them
is available),andtheobservationsassociatedto themarethe
sameassociatedto their father(in this case,01� , 032 , and }K�E9
have no observations). No coarserlevel canbe derived,be-
causethereis nonodein thestructuraltreewhosesonsbelong
to thenewly derivedlevel 3 andthatcanbeaggregatedwith-
out losing observations. Thus,REARRANGEstops. TOP-
DOWN-DIAGNOSISstartsfrom thenewly derivedlevel 3.
Example 4. Theobservationsgivenin Example2 cannotbe
abstractedto level 1. Hence,themostabstractlevel with ob-
servationsis level 0. By applyingour technique,first a new
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level is derivedwith components01� , 032 , 056 , }(�=2 , ;=4 , 018 , 079 ,
and05: (054 and ;<2 canbeaggregatedwithout eliminatingob-
servations);then,anadditionallevel is derivedwith compo-
nents 01� , 0 2 , }K� 6 , 0 6 , ; 4 , 0 9 , and 0 : ( }K� 2 and 0 8 can be
aggregatedwithout losing observations);finally, a mostab-
stractlevel (from which diagnosiswill start) is derivedwith
components}K� 9 , }K� 6 , 0 6 , ; 4 , 0 9 and 0 : (07� and 0 2 canbe
aggregatedwithout losing observations). The mostabstract
level usedby Mozetic andby our algorithmaregraphically
illustratedin Figure4.

5 Experimental Evaluation

We experimentallyevaluatedour extensionwith respectto
the original Mozetic’s algorithm. Both algorithmswereim-
plementedin SWI Prolog (ISO-compliantfree sourcePro-
log) developedby the University of Amsterdamandrun on
a PowerPCG3 400 Mhz (Apple iMac DV) underthe Lin-
uxPPC2000operatingsystem.TheVerify procedureusedby
bothalgorithmswasimplementedasagenerate-and-testalgo-
rithm, i.e. a procedurethatconsiderseachpossiblecandidate
andthenverifiesits consistency with the systemdescription
andobservations.Obviously, this is theworstchoicefor im-
plementingtheVerify procedure,but it givesusa worstcase
scenario(correspondingto the exact size of the considered
portionof thesearchspace).

Theexperimentalcomparisonwasperformedwith diagno-
sis problemsof differentsize in the hydraulicdomain. The
consideredsystemsdifferedin the layoutandin thenumber
of componentsandports. More precisely, the simplestcon-
sideredsystemwasSystemA (9 components),andthemost
complex wasanHeavy FuelOil TransferSystem(27compo-
nents)of acontainership.Foreachhydraulicsystem,wecon-
sideredseveral possiblesetsof observations. Eachsetcon-
taineda numberof observationsrandomlyselectedbetween
oneand

Z O\[*n , with
Z O\[*n rì� ï � �]&�� � � ]_^ �$� where � is the

numberof possiblemeasurementspoints for the considered
system(e.g.in systemswith 10possiblemeasurementpoints,
eachsetcontainedbetweenoneandfour observations).The
justificationfor thischoiceis twofold: first, with a few obser-
vations,theproblemis moredifficult (andthis is the typical
casein which onewantsto useabstraction);second,in the
majorityof realcases,observationsareveryscarcebecauseof
costandreliability of sensors,soconsideringmoreobserva-
tionsis not a realisticscenario.Eachsetwith � observations
was generatedby assigninga randomvalue to � measure-
mentspoints(randomlyselectedbetweentheavailableones).
Figure5 illustratestheaverageCPUtimeswe obtainedwith
the consideredhydraulicsystemsconsidering1000different
setsof observationsfor eachsystem. As one can see,for
bothalgorithmstheaverageCPUtimebecomesveryhigh for
small increasesof the numberof componentsof the consid-
eredsystems(this is dueto thegenerate-and-testprocedure).
However, our extensionperformssignificantlybetter, andis
moreeffectiveasthesizeof theconsideredsystemincreases.
This is due to the fact that, in a hierarchicalrepresentation
with many componentsandlevels,REARRANGEhasmore
opportunitiesfor deriving additionallevels,andthusobtain-
ing greaterimprovements.Finally, the experimentalevalua-
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Figure5: Comparisonusing7 hydraulicsystemswith differ-
entnumberof components.

tion showsthattheadvantagesREARRANGEbringsto hier-
archicaldiagnosisoutperformthecostof its additionalactiv-
ities.

6 Conclusions
We presentedan extensionto Mozetic’s algorithm that im-
provesits performancewhenstructuralabstractionsareem-
ployed. Although improvementsweredemonstratedexperi-
mentally, wedefinitively needto testourapproachwith other
real-world systemsin differentdomainsto evaluateits effec-
tiveness.Moreover, we arealsoworking on alternative rear-
rangementsof hierarchicalrepresentationswhichcanbemore
effectivein somesituations.Finally, weareconsideringto in-
cludethecostanddiscriminationpower of measurementsin
therearrangementprocess.
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