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Abstract

To enableautonomy and fault-tolerance intelligent softwareis needed
that takesa devicemodel and compilesit into structure that facilitates
computing in real-time a systemsoperating mode and how to recon g-
ure to a desiredtarget mode. We describe an approac that compiles
a relational database represertation of a system description into a
structured procedure (SP) for diagnosis. The approad usesvariable
elimination to compute the SP in a compilation phase,prior to diag-
nosis,in the form of a directed acyclic graph (DAG). The nodesof the
dagare SQL queriesand the edgesspecify query execution precedence.
The SP can be computed from the system structure and the subset
of obsenable variables and can exploit the non-structural properties
to simplify the elimination steps. At diagnosistime the SP is usedto
perform the diagnosistask, taking asinput the valuesof the obsened
variables and producing as output the set of all minimal diagnoses.

1 Intro duction

Future Moon and Mars explorations will depend on cooperative spacesys-
temsthat operatelargely autonomouslywithout ground support for extended
periods of time. In order to enablethis capability, sudh a system of sys-
tems will require a new generation of robust, fault-tolerant software that
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supports autonomousoperation. The useof sud intelligent software would
lead to improved sustainability of exploration missionsby enhancede ec-
tivenessand e ciency through appropriate resppnsesto anomalouseverts,
increasedsafely and reliability through quick and autonomousresponsesto
faults, increaseda ordabilit y through reducedcostof ground operations,and
increasedexibilit y through applicability to a wide variety of missionsystems
and platforms.

To enableautonomy and fault-toleranceintelligent softwareis neededhat
takesa devicemodel and compilesit into structure that facilitates computing
in real-time a systemsoperating mode and how to recon gure to a desired
target mode [Barrett2005). Traditional approad relieson hand-crafting rule-
baseddiagnosisand recovery systemsthat require intensive human e ort
and expertise at highly increasing cost. As complexity spirally increases
there is the inevitabilit y that humanswill overlook subtle interactions of how
componerts can interact and fail producing rule-basedsystemswith limited
coverageof the spaceof possiblefaults. Furthermore the hand-craftedrule-
basedsystemsare hard to revisefor consistencywith changein devicemodels
and the rule-basedinferenceenginemay be ad-hoc making it hard to provide
guararteeson soundnessand on computational complexity.

To addressthe needfor automated approadiesto compiling diagnostic
rules from device models few approates have been proposedthat rely on
formulating device models in propositional logic and the computing of a
compiled represetation in the form of prime implicates [J.de Kleer199Q or
decompmsablenegative normal form [Huang & Darwiche2005].

In this work, we presen a novel approad that exploits databasetech-
nology and in particular the structured query language(SQL). Previously,
El Fattah [El Fattah1999 hasintroduceda framework for speci cation and
represemation of modelsin the languageof relational databases. Adopting
that represemational framework we presen in this paper a compositional
approad to diagnosisbasedon a variable elimination algorithm.

Bringing model-baseddiagnosisto the realm of relational databaseshas
seeral advantages. The modeling data typically residesin a databaseas
in factory automation [El Fattah, Provan, & Darwichel999]and represef:
ing models in the samelanguageas the data enhancesthe integration of
model-baseddiagnosisin real-life applications. Relational databasemanage-
mert systemsare robust and are designedto support very large amourts
of data and thus can handle very large models. Data mining approades
are becoming more actively intertwined with relational databasesand we
expect to seethis trend acceleratingwith the proliferation of data on the
world wide web. Embedding model baseddiagnosisin the framework of re-
lational databasesenablesintegration with data mining tools for automated
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construction of modelsfrom data and for automated induction of diagnostic
rules from stored solutions of diagnostic problems.

Previously, El Fattah and Dedter [El Fattah & Dedter1993 have pre-
serted an approat to model-baseddiagnosiswhich formulates diagnosis
as an optimization task in constrairt networks. The approat usestree
clustering which involves transforming the original problem into a tree-like
problem that can then be solved by a specializede cient tree-solvingalgo-
rithm [Dedter & Dediter1988, Dedhter, Dedhter, & Pearl1990]. The trans-
forming algorithm identi es subproblemsthat together form a tree, and the
solutions to the subproblemssene as the new values of variablesin a tree
metalewel problem. The metalewel problem is called a join-tr ee.

Variable elimination provides an alternative approad, with the same
worst casecomplexity as tree clustering, which o ers the advantage of in-
terleaving the join tree transformation with the inference. In variable elim-
ination the join tree is constructedincremenally while partial solutions are
also computed. Using elimination we can partially evaluate the portions of
the join tree that have small cliques and that can be solved without any
spaceproblem. This has practical implication for scaling-updiagnosissince
real-life domains, e.g., digital circuits, are shavn to have join treesthe ma-
jority of whoseclique sizesare relatively small while few cliquesare distinctly
large [El Fattah & Dedter1996].

The cortribution of this paper is a compositional framework for model-
baseddiagnosisembeddedin the SQL languageof relational databases.By
explicitly represeting the structure of the queriesand their dependencies
we are providing a meta languageto adapt diagnostic inferencefrom one
problemto another. For instance,we canincremerally adapt our structured
querying procedureto changesin the systemdescriptionor to changesin the
obsenation.

By separatingthe querying generationfrom their executionwe canreuse
parts of the diagnostic inferencefrom one obsenation instanceto another.
Also, by formulating the elimination algorithm in terms of SQL querieswe
are leveraging all the query processingcapabilities and query optimization
techniguesreadily available in relational databasemanagemen systems. For
example,we canimprove e ciency by exploiting known indexing techniques
for query optimization and we can take advantage of the methods for com-
puting the join of relational tables which are part of the SQL query engine.

The paper is organizedas follows. First we descrile our databaserepre-
sertation of model-baseddiagnosis.Next we presemn a set of genericqueries
in SQL and describe our algorithms for query compilation and for process-
ing obsenation. Next we provide discussionand related work followed by
concluding remarks.



2 Database Representation

In this section we descrile the represetation of a model baseddiagnosis
problem as an optimization query in a relational database.

De nition 1 [Relational Databases[Maier1983]]Let U = fU4;::;;U,g bea
set of attributes (variables), ead with an assaiated domain. A relational

for the attributes in R; from their respective domains. We write t:X (or
simply tx ) to denotethe value assignedoy a tuple t to the subsetof variables
X U. A database onsdemeR over U ertails arelation r on U de ned
as the join of all relationsin . That isr is the set of tuples ft = (U, =

De nition 2 [Weighted Relation] A weighted relation is a pair: (r;w), where
r isarelation andw is afunction de ned on the sthemeofr. That is, for eath
tuple t 2 r thereis aweight assignedvhosevalueisw(t). A weighted relation
(r; w) canberepreseted by a singlerelation whosesthemeis R[ f Wg where
R is the shemeof r and W is a weight variable whosevalue is determined
by the weight function w.

Following [de Kleer, Mackworth, & Reiter1992 we de ne model-tasal di-
agnosisasa triple: (SD, COMPS, OBS). The systemdescription, SD, is
a setof rst-order seriences. The systemcomponerts, COMPS, is a nite
set of constarts. A set of obsenations, OBS, is a set of rst-order sen-
tences. To formulate the diagnosistask as SQL querying, we map the triple
(SD, COMPS, OBYS) into a relational framework. The systemdescription
SD will be descriked in terms of two setsof variables: the systemvariables
X1; 5 X4, which are the inputs and outputs of all componerts, with their

componert ¢ 2 COM P S and describesthe componert's functioning status.
In the simplestcase theseare bi-valuedvariablesindicating whetherthe com-
ponert is normal (value ok) or abnormal(valuef aulty). In the moreinvolved
case,they canindex di erent fault models. Each componert ¢ 2 COMPS
is asseiated with a relational table r; describingits input-output behaviors
under all its normal and abnormal conditions. Thus, the table r; is de ned
over the shemeR; = fA;g[ Sj, where§; is the set of input and output
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variablesfor componert ¢;. The obsenations OB S translate to forcing value
assignmets for a subsetof systemvariables.

We augmert the relation r; for eady componert ¢ by a weight (or cost)
whosevalue is a non-negative function of the assumptionvariable A; for the
componert. The function is zeroif A; = ok and is positive if A; & ok.

Given a model description and a set of obsenations, the diagnosistask is

tion is the sum of the costsassaiated with the assumptionvariables. That
iS, X
W(fA; = a;::5An = ang) = Wi (A = &): (1)
Aj2A
If the cost has the samevalue for all non-ok modesthen the minimal-cost
diagnosisis the minimal-cardinality diagnosis.

De nition 3 [Model Description] A model descriptionfor model-baseddiag-
nosisis represeted by adatabase of weighed relationsfr; jj 2 COM P Sg
whereCOM PS is the nite setof indexesfor the systemcomponerts. Each
componert j hasarelation r; de ned overthe shemeR; = fA;g[ X;[ fW,g.
X; is the setof input and output variablesfor the componert. A; is an as-
sumption variable indicating the componert's functioning status. W, is a
weight variable (or cost). In the simplest case,an assumptionvariable is a
bi-valued variable indicating whether the componen is normal (value ok) or
abnormal (valuef aulty). In the moreinvolved case,they canindex di erent
fault modessud as stuck-at-zero and stuck-at-one. A weight variable W; is
a non-negative function w; of the assumptionvariable A; for the componert.
The function is zeroif A; = ok and is positive if A; 6 ok.

De nition 4 [DiagnosisProblem] A diagnosisproblem consistsof a model
description and a set of obsenations. The model descriptionis de ned on a
set of systemvariables X, and assumptionvariablesA. The obsenation is
a value assignmen for a set of obsened variablesO  X. We considerthe
model description asa databaseof weighted relations, r; (X;; f A; g; f W; g) for
J = 1,::1;m, wherethe weight W; for relation r; is a non-negatiwe function
w; of the assumptionA; 2 A. X X is typically the input and output
variablesfor a systemcomponert ¢;. The obsenation is given by a relation
ObgqVar;Val) of variable-value pairs for ead variable in O.

The diagnosistask is to construct an explanation, namely an assump-
tion tuple (A = a;;:::;A, = a,) that can be extendedto a solution



(X1 = Xg;:05: X0 = XA = ag;:i0 Ay = a,) consisten with the obser-
vations. The cost of an explanation is the sum of the costsassaiated with
the assumptionvariables. That is,
X
W(fA; = ag;::Am = ang) = w; (Aj = &): (2)

Aj2A

If the cost has the samevalue for all non-ok modesthen the minimal-cost
diagnosisis the minimal-cardinality diagnosis.

The diagnosisis a relation on the assumption variables de ned as the
projection on the assumption variables of the join of all model relations
having minimum total cost. This can be stated by the following relational
query,

min BC™, ri(X;;fA;g;fWqg) 3)
AW1+:::+Wn j= : :
Ead 17 is obtained from the relation r; and Obs by removing all tuples in
r; that assignvaluesto variablesinconsistett with Obs

Graph represetation for a relational databasecan be constructedin two
ways, asa primal graphor a dual graph A primal graph represets variables
by nodes and assaiates an edgewith any two nodesresiding in the same
relation. A dual graph represeis eadt relation by a node and asseiates a
labeledarc with any two nodesthat sharevariables. If the dual graphis atree
(called a join tree) or can be transformedinto a tree by removing redundart
arcs(in linear time), then the databaseis said to be acyclic [Maier1983].In
that case,a consistem solution can be asserbled in linear time.

3 Example

This sectionis aimedto provide an informal description of our method using
a realistic exampleof a circuit with fanout nodes, whosedatabasemodel is
not acyclic. Figure 1 shows the combinatorial circuit, c17, from the bend-
mark circuits [Brglez & Fujiwaral983 having 6 componerts, 5 inputs, and 2
outputs. The obsened variablesare the circuit's inputs and outputs. Each
componert is namedby its output variable, andis assaiated with anassump-
tion variable namedby the letter \A" followed by name of the componert.

For example,\A1lO0gat" is the assumptionvariable for the componernt whose
output is\10gat". The weigh parameterfor ead relation is labeled\Cost".
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Figure 1: Circuit c17.

In the compilation phasewe compute 4 types of queries: conditioning,
combination, elimination and solution queries. We beginwith the condition-
ing queries;ead query appliesto a relation whosesdhemavariablesinclude
obsened variables. We have 6 conditioning queries,one for eat gate. The
query, cond 10gat, for gate 10gat is given by the SQL:

SELECT10gat].[10gat], [10gat].Al10gat,
[10gat].Cost

FROMOgat, Obs, Obs AS Obs_1

WHERHKObs.Var="1gat") = AND
([10gat].[1gat]=[Obs].[Val ) AND
(Obs_1.Var="3gat") AND
([10gat].[3gat]=[Obs_1].[V al]) );

The above statemernt meansto selectsfrom the relation 10gat the tuples
that are consisten with the obsened valuesand projects the selectionon the
non-obsered variables: 10gat, A10gat and Cost.

Ead conditioning query modi es the databaseby replacing the condi-
tioned relation by the relation computed by the query. After the condition-
ing phaseis completedthe elimination phasebegins. The elimination phase
processeshe variablesone by onein somedesignatedordering.

The elimination phase also modi es the databaseat ead elimination
step. An elimination step consistsof collecting all the current relations that
mertion the eliminated variable, replacingthem with their join relation and
summing their weights, which is expressedoy a conbination query. If there
is only one relaion that mertions the eliminated variable then the combi-
nation query is not needed. Next, an elimination query is comptued by
projecting out the eliminated variable and keepingonly the tuples with the
minimum weight. A solution query is also computed which determinesthe
optimal value of the eliminated variable for eat value tuple of the remaining
variables.



We considerthe ordering; 11gat, 16gat, 19gat, Al6gat, A19gat, 10gat,
A22gat, A23gat, AlQgat, Allgat, wherethe variable areeliminatedin reverse
order.

We rst eliminate the variable Allgat. There is only one relation that
mertions that variable, namely cond.11gat. The elimination query is:

SELECTcond_11gat.[11gat],
Min(cond_11gat.Cost) AS Cost

FROMond_11gat

GROUBY cond_11gat.[11gat];

The solution query is:

SELECTcond_11l1gat.[11gat], cond_11lgat.Allgat
FROMlim_Allgat, cond_1lgat
WHERE((cond_11gat.[11gat]=[el im_Allgat]. [11lgat])
AND(cond_11gat.Cost=[elim_Al 1gat].[C ost]));

After the elimination phaseis computedwe end up with a set of solution
gueriesthat can be executedin the prescribed variable ordering.

The solution query for the rst variable, 11gat computesa unary relation
on that variable given by the SQL,

SELECTcomb_11gat.[11gat]
FROMelim_11gat, comb_11lgat
WHERKEcomb_11gat.Cost=[elim_ 11gat].] Cod));

The query simply selectsthe tuples in the combination query that has
the minimum cost.

The next solution quey computesthe value assignmen for the second
variable 16gat as function of the value of the rst variable. All the solution
querieswill be sut that when executedin the prescribed ordering, are guar-
anteed to construct a completesolution by repeatedly extending the partial
solution one step at a time beginning with the rst variable without back-
tracking.

The solution queriescan be depictedby a dag, called solution dag. Each
node of the dag represets a distinct variable and a value assignmenh can be
computed by a solution query as a function of the value assignmets of the
parert variablesfor the node. The solution dag for the circuit c17is shovn
in Figure 2

4 Compilation Approac h

This sectionde nes genericqueriesthat perform basicinferenceoperations.
The genericquerieswill be usedby our elimination algorithm to compile
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Figure 2: Solution dag for circuit c17.

system description into structured procedurefor diagnosis. We assumefa-
miliarit y with the structure of the structured query language(SQL).

4.1 Conditioning query

The query condr; X ), written - r, takesa weighted relation r(R[ W)
and a subset X R and returns the relation obtained by selectingonly
tuples from r whoseX value equalsa parameterx and by projecting onto
RnX,

SELECT rilRnX] FROM r WHERE X = x

4.2 Combination query

tion obtained by joining the k relations and summingtheir weights. Without
lossof generality the conmbination query for k = 2 is asfollows:

SELECT ri:Ry;ra[RanRe;rLW + r2W As W
FROM rq; 15
WHERE r1:(R;\ R,) = r2i(R;\ Ry)

4.3 Elimination query

The queryelim(r; X), written x r, takesa weighted relation r (R[ W) and
a subsetX R and returns a new relation obtained by projecting out X
and minimizing the cost.

SELECT r:[RnX]:Min (W)
FROM r GROUP BY r:i[RnX]
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Algorithm:  compile-SP

Input: relational schema of the systemdescription and the obsenables
Output: SP represeted by a dag G.

initialization: L is the setof ass@iations betweenvariablesand relations; G
is empty.

Conditioning:  For ead relation r;(R;) whoseschemeincludesobsened vari-
ablesO; createa conditioning query condr;; O;) and replaceall assai-
ations for r; in L by those of the conditioning relation.

Elimination:  Until L is empty do: (i) selecta variable X; having minimum
number of neighbors; i.e., variablesassaiated with samerelations as X
in L; record X; in an ordering table. (ii) if X; is assaiated with a set
frig; N Tikd of two or more relations then create a conbination query
S = }‘:1 rj ; adds; to the nodesof the dagand add edgeddirected from
eah rj to s; elses; is thq_one relation assaiated with X;. (iii) create
an elimination queryre =, sj andaddit to the nodesof the dagand
add an edgefrom s; to r.. (iv) createa solution query x; = sol(s;; X;)
add it to the dag's node and add two edgesfrom r, and s; to x;. The
variables other than X; in the relation x; are the parerts pa(X;). (v)
update the assaiation L by deleting all ertries on X; and adding new
assiations betweenpa(X;) and the elimination relation re.

Diagnosis: First, computean answer query da by proceedingin reverseelim-

ination ordering: (i) g ;; (i) Fori = ndownto 1dogs, da BC X;;
Then, compute a diagnosticquery that selectsthe assumptionvariables
from Qa.

Figure 3: Algorithm compile-SP

4.4 Solution query

The query sol(r; X) takes a weighted relation r(R [ W) and returns the
functional relation x j,: (RnX) ! X obtained by computing the value x
of X in relation r having minimum weigh giventhe valueof RnX . A solution
query requiresthe elimination subquery, r. = elim(r; X) and is given by the
SQL expression:

SELECT rrR FROM rg; 1
WHERE rg:W = r:'W AND re[RnX]=ri]RnX]
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5 Query Compilation

In this sectionwe preser a compilation algorithm for computing structured
procedures(SP) in SQL for diagnosis. The algorithm is basedon variable
elimination and takesas input a sthema of the systemdescription and the
obsenation and outputs a dag whose nodes are instantiations of generic
queriesand whoseedgesdetermine execution precedencedor the queries.

The compile-SPalgorithm in Figure 3 consistsof 3 main steps: condi-
tioning, elimination, and diagnosis. The conditioning step eliminatesall the
obsenable variablesby applying a conditioning query to ead relation whose
stheme includes obsenable variables. The elimination step eliminates the
non-obserable variablesone by one. The elimination step also createssolu-
tion tables for the eliminated variables. The solution tables are represeted
by a solution dag whoseset of families (nodesand their direct parens) are
the sthemarfor the tables. The diagnosisstep computesan answer query that
joins the solution tables then projects the answer on the set of assumption
variables.

The algorithm maintains the information on the changingdatabasesdhema
during elimination in a table that recordscurrent assaiations betweenvari-
ablesand relations. The output of the algorithm is a structured querying
procedurerepreseted by a dagthat can be executedfor any given obsena-
tion instance.

Example 1 The compiled proceduredag for circuit c17 computed by the
compile-SPalgorithm is showvn in Figure 4. The root nodes of the dag are
the conditioning queriesand the internal nodesare elimination, conbination,
and solution queries. Elimination of the assumptionvariables required no
combination queriessince ead assumptionresidesin only one componert.
The non-obserablessharedin the shemaof more than onerelation require
combination queriesprior to elimination. We note that eliminating 16gat
required conbining 3 relations instead of 2, indicating added edgesin the
processof elimination due to the fact that the databaseis initially cyclic.
The ordering of elimination is 11gat, 16gat, 19gat, A16gat, A19gat, 10gat,
A22gat, A23gat, AlOgat, Allgat. The solution dag for the circuit is shavn
in Figure 2

6 Pro cessing Observ ations

In this section we descrike an algorithm for processingobsenation given
the compiled SP. The algorithm is shavn in Figure 5. The algorithm uses
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Figure 4: SP graph for circuit c17.

the structure of the SP represeted as a dag. The algorithm cades the
tables computed by the queriesand updatesthe tables only if neededwhen
processingnext obsenations. The key idea is that the diagnosisanswer is
sensitive only to changesin the input conditioning tables which may not
change for multiple obsenation tuples. For example, the nand gate 10gat
in Example 3 will not changethe conditioning table for 3 obsenation tuples
where one of the inputs is false Thus the conditioning input tables to the
SP can be viewed as \triggers" for incremenally updating the diagnosis
answver to adapt to changesin the obsenation. If there is no modi cation

in the input tables then there is no changein the diagnosisanswer. If the
obsenation producestriggers then the process-OBSwill executeonly part of
the SP determined by a local propagation of the triggers through the dag.
Cheking whether a new obsenation changesthe current conditioning table
is equiwelert to cheding equality of two relations.
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Algorithm:  pro cess-OBS

Input: SP asa dag G; obsenation tuple OBS

Output: One (All) explanationsor diagnosis

[*First we che if the obsenation createsnewtriggers then executeonly part
of the procedureto update tables*/

1. for ead root (conditioning) node in SP

2. if the new conditioning table is di erent from the previoustable
3. then mark the query as active

4. Until G is empty do:

(a) Determineall the root nodesN,qq in G
(b) for eadr nodein N, do:

(c) if the node is active then

(d) executethe query for the node

(e) mark all the children as active

(f) remove the node from G.

5. Executethe solution or diagnosisquery:.

Figure 5: Algorithm process-OBS

Example 2 Executing the SP for circuit c17 on the obsenation where all
inputs are false and all outputs are true will yield onesinglefault diagnosis,
namely the gate 16gat is sa0. Applying process-OBSon a new set of obser-
vation whereonly the input 1gat is changedto true we get no activation and
the diagnosiswill remain the sameas before. Applying process-OBSon a
new set of obsenation wherethe input 3gat is alsomodi ed to true with the
rest remaining the samewe get onetrigger: gr_cond.10gat. The propagation
of the trigger and the part of the SP that will get executedby process-OBSs
highlighted on the dagin Figure 4. Only 12 out of 30tableswill get updated
by executingthe 12 highlighted queriesof the SP. The diagnosisfor the new
obsenation consistsof 3 single faults: A23gat = sal or Al9gat = sa0 or
Al6gat = saO0.
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7 Discussion and Related Work

Our approad is basedon the generaltechnique of variable elimination in non-
serial dynamic programming [Bertele & Brioschil977 formulated in a rela-
tional framework similar to budket elimination [Dedter1994. Our approad

di ers from budket elimination in that we expressthe elimination stepsex-
plicitly in relational algebrawhich enablesexecutionon any databasequery
engineand in that we separatethe compilation of elimination procedurefrom

their executionphasesothat compilation can be doneprior to actual obser-
vation. The worst-casetime and spacecomplexity of our compiledprocedure
is O(exp(w (d)) whered is the min-degreeordering [Bertele & Brioschil972]
(page 55) and w is the induced width [Dedter & Pearl1989]for the or-
dered primal graph after removing the obsenable nodes and their incidert

edges. This worst casecomplexity may not re ect the actual averagecase
performanceof our algorithm and is expectedto improve by our cating and
reuseof inferenceacrossobsenations. The compilation approad presened

in [Darwichel1998]Jis similar to ours in that it exploits the structure of the
deviceand has the sameworst casecomplexity; namely exponertial in the
tree width. Our approad di ers from [Darwiche1998]Jin both what is com-
piled o -line and what is processedon-line. What we compile o line is a
SQL-querying procedurethat dependsonly on the structure of the system
descriptionwhile [Darwiche1998computesa \compiled systemdescription”,

namely a logical serience equivalert to eliminating the non-obserables. At

obsenation time [Darwiche1998]computesthe diagnosisfrom the compiled
systemdescriptionby performing conditioning and optimization which in our
approad are already included in the compilation phase. Standard approad

to model-baseddiagnosis[Reiter1987 is based on the notion of con icts

which are usedto guide the seart in the diagnostic space. Conicts are
assumptiontuples that have no solutions, i.e., they are inconsistet with the
systemdescription and the obsenation. A variation of our querying proce-
dure can be computed to form a correct and complete consistencycheder
that canbe usedin combination with the con ict basedapproad to diagno-
sis[Mauss& Saterbadcer1999

8 Concluding Remarks

In this paper we presen a structure-basedapproad to diagnosisenbed-
ded in the languageof relational databases. The approad compiles the
sdhema of the system description and the obsenation to a structured pro-
cedurerepreseted by a dagwhosenodesare SQL queriesand edgesdenote
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executionprecedence Our approad is suitable for compiling e cien t proce-
duresfrom devicedescriptionsto perform onboard model-baseddiagnostics.
Our approat speedsup the diagnosticsin two ways. One, the compila-
tion procedureexecuteso -line to compute a structured querying procedure
that exploits the problem structure and SQL query optimization techniques.
Two, the procedureexecutionat obsenation time exploits inferencemadeon
previous obsenations to avoid expensive recomputation. If the time avail-
able for diagnostic reasoningonboard is stringert we can run our compiled
procedureo -line on all instantiations of the obsenable variablesand record
the resultsin a database. This is feasibleusing our approad sincediagnosis
is computed oncefor ead obsenation pattern de ned as setsof obsenation
tuples having sameconditioning tables.
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