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Abstract

Fault diagnosis is an important task in technical
domains. In the model-based diagnosis litera-
ture it has mostly been assumed that technical
systems are described by complete, determinis-
tic system descriptions.

We show that intuitive descriptions of technical
systems are often incomplete, and need to be
completed for providing correct diagnoses. Due
to the structure of the axioms of such system de-
scriptions completion is not straightforward, be-
cause predicate completion is not applicable and
circumscription does not yield first order sen-
tences. We introduce an algorithm which reduces
the system descriptions to propositional repre-
sentations which are then completed.

Furthermore, we discuss how diagnoses can be
computed efficiently for the completed system
descriptions. While the original descriptions of
the system behaviour usually consist of horn
clauses, their completions are typically not horn.
We provide formal results, which allow to exploit
the structure of the original horn clauses, when
reasoning with the completed clause sets.

Introduction

In the model-based diagnosis literature it has mostly been
assumed that technical systems are described by complete,
deterministic system descriptions. We show that intuitive
descriptions of technical systems are often incomplete, and
need to be completed for providing correct diagnoses. Due
to the structure of the axioms of such system descriptions
completion is not straightforward, because predicate com-
pletion is not applicable and circumscription does not yield
first order sentences. We introduce an algorithm which re-
duces the system descriptions to propositional representa-
tions which are then completed.

Furthermore, we discuss how diagnoses can be computed
efficiently for the completed system descriptions. We have
recently introduced a technique for exploiting the structure
of the horn clauses in system descriptions to speed up di-
agnosis computation [6]. While the original descriptions of
the system behaviour usually consist of horn clauses, their
completion is typically not horn. In the current paper we
provide formal results, which allow to exploit the structure
of the original horn clauses, when reasoning with the com-
pleted clause sets.

2 A Propagation Model for Cellular
Networks

We are studying the application of model-based diagnosis
to alarm correlation in cellular networks. Such networks

consist of semi-intelligent network elements, which send
alarm messages to indicate errors. Usually, the abstrac-

Fault diagnosis is an important task in technical domaingion level of these messages is low, leading to a great num-
like Electronic Design Automation, Telecommunication ber of alarm messages for any single cause. In large net-

or Autonomous Systems.

The connection between thevorks, like the current GSM networks, the alarm vectors

model-based approach to diagnosis and non—monotongtpplied by the network elements tend to flood the work-
reasoning is twofold. On the one hand the computatiorstations of the operators especially in critical situations like
of diagnoses usually includes the minimization of Ale-

the passage of a thunderstorm front. To avoid overload-

predicate and is thus a non—monotonic reasoning probing the operators, alarm correlation systems are required
lem. On the other hand predicate completion is usedvhich filter and condense the incoming alarms to meaning-
in the diagnosis domain to reduce abductive reasoning téul high-level alarms and diagnoses. The basic idea of our
consistency—based reasoning [4, 3, 9]. model-based approach to alarm correlation is to describe
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“z- failures in base transceiver stations usually do not affect
Bse :I—(‘% - ML18 ML

P B Wt the transmission of signals, so that the prenséc) is
omitted here.

Figure 1: A Trunk of Components connected to a Base Sta-
tion Controller A4 VYCVCsenderTYPEC,BTSA
(Signal'c,Down Alive(Csende)) — 3)

Signal(c,Up, Alive(c
the propagation of different alarm messages by logical ax- gnalc,Up (Csende))

ioms. In [7] we give a more detailed treatment of the tech-The axioms describing the propagation behaviour are com-
nical background and the different models needed for thglemented by a set of facts for the predicalgge and
different alarm types. In this paper, we only take a veryConn These facts describe the configuration of our small
simple example for one type of message in order to illusnetwork.

trate the modeling problems arising in the diagnosis of net-

worked technical systems, and show how they are solved ~ DB:{ TypgBtsl7,BTS, TypgBtsl8 BTS,

using the methods introduced in the current paper. TypeBtsl9 BTS, TypdBt<20,BTS,
. . TypegBt21, BTS, TypdML16,ML

We consider a small part of a cellular network as depicted TiEéMLN’ ML? ﬁ'yyppe(e(M L18 ’M L))7

in figure 1. The picture shows a set of base transceiver sta- TypeML19, ML), TypeML20, ML)

tions (BTS17-BTS21), which can be contacted by hand-
held phones. These transmit their data via microwave links

(ML16—ML20) to the base station controller (BSC). Let us ggglt((l\B/ltfllg Ll:l'gl\l\//llLLllféDDc())vv\\//rr?)7
now develop a logical model for the propagation of alive— Conr(ML177 Up./ Btsl?.lDown)7
messages sent by the base stations. Axddnidenotes that Conr(Bt5187Up./ML17./ Down)7
every base station sends an alive message. Each component Conr(Btsl97 Up: M L18: Down)7
has two ports, an upstream poliff) and a downstream Conr(Mle Ub. Bt319: Down)7
port (Down). Thus, the precise statement of axidh is Conr(Bt5207Up./ML19./ Down)7
that each component of type BTS has an alive—signal at its Conr(MLZd, Up’_ Bt<20. Down)7

upstream port. ConnBt21, Up, ML20, Down)}

ConnML16,Up,Bscl, Down),

Al: VcTypéc,BTS — Signalc,Up,Alive(c)) The axioms together with the closure of the datatiaBe
_ _ _yield the system descriptia), i.e. S = {Al,A2,A3,Ad} U
Connections between network elements forward SlgnaIS |@WA(DB) We exp||c|t|y app]y the closed world assump-
the direction of the base station controller (See axm tion to our databasBPB to keep the a|gorithm from Chang_

If the Upstream pOI‘t of a network e|em&I1tiS connected |ng the extensions of the predica@peandConnduring
to the downstream port of another network elen@naind  the computation of diagnoses.

the signalAlive(csenge) IS present at the upstream port of

¢y, itis forwarded by the connection to the downstream porlCOMpdenotes the set of all system components. Suppose
of . that the alive-messages fraBtsl 7, Btsl8, andBtsl9 have

arrived at the BSC, while the signals frdsns20 andBts21
did not arrive:
A2: Vc1VeaVesenderConn(cy, Up, ¢, Down) A

Signal(cy, Up, Alive(Csende)) (1) Obs= {S@gnaKBscL, DownAI?ve(Btsl?)),
—s Signal'cz, Down Alive(Csende))) SignalBscl, Down, Alive(Btsl8)),
SignalBscl, Down, Alive(Btsl9)),
Microwave links also propagate signals towards the base —SignalBscl, Down Alive(Bts20)),
station controller. AxiomA3 states that a microwave link —SignalBscl, Down Alive(Bts21)) }

¢, which is working properly Qk(c)), transmits the alive _ o _ .
message from its downstream port to its upstream port. According to the definition of consistency—based diagno-
sis [14], we must find minimal sets of faulty components,

so that the observations are consistent with the assumption

A3 VC¥CsenderTypec, ML) A O(C)A that all other components are working.

Signal(c, Down Alive(Csende)) (2)
— Signalc, Up, Alive(Csender)) Definition 2.1 A Diagnosis$ of (§,CompObs) is a seth C

Finally, axiom A4 denotes that base transceiver stationsComp such thas U Obsu {Ok(c)|c € ComPpA} j~ L. A

also propagate messages. In contrast to microwave links, 1This definition deviates slightly from the one in [14]. We use



diagnosisA of § U Obs is called aMinimal Diagnosisis 3 How to Complete this System Description
there is no diagnosid’ of $ U Obs, such thad' C A.

In large technical systems usually certain values are prop-
Given the system descriptiofi and the observatio®bs  agated through the system, which consists of a set of com-
introduced above, we find two minimal diagnosés:=  ponents and their connections. In the above case the ax-
{ML19} andA; = {ML18}. Reconsidering figure 1 we joms describe the propagation of messages through the net-
see that diagnosi, is the intended diagnosis in the given work. Other examples are the propagation of water through
scenario: If the mircowave linkIL19 is not working, itis g system of pipes and valves or the propagation of cur-
evident that the alive messages fr&e0 andBt21 did  rent through a switching network. In their simplest form,
not arrive at the base station controller. such propagation descriptions consist of an axiom describ-
The additional diagnosi$q1L18 is counterintuitive. If ing how a property can be caused directly (e.g. a mes-

ML18 were faulty, we would expect that the alive—messag&ad€ iS sent by a component as in axiaf) and an axiom
from BtsL9 gets lost, too. In the above model, it is consis-d€Scribing how the property is propagated over the connec-

tent to assume that the faulty microwave link transmittegtion Of the system components (compare axiag) and
this message and lost the others. Thus, consistency—bas¥lin the system components (axiom8 andAd). The
diagnosis is too weak to draw the right conclusions froms'm,pIeSt form of a propagation axiom is shown in the fol-
this intuitive system description. Our investigation of a lOWing formula:

more complex version of this application has shown that

there is no way to manually define an intuitive, declarative

model of this domain, from which consistency—based diag- VxVvy (Cp(x) — P(X)) A (P(x) AConn(x,y) — P(y)). (4)
nosis draws the right conclusions efficiently.

As an example for the problems encountered, consider th& property is present atif x is the creator or cause of the
following thought: One could try to eliminate the addi- propertyP (Cp(x)). Furthermore, properties are propagated
tional diagnosis by adding a fault model for the microwaveover connections. This axiomis simpler than the axiédhs
link, stating that a faulty microwave link does not transmit to A4 above because it does not consider the propagation
messages. However, then we would still find a consistenwithin the components.

model with the diagnosiiL18: To eliminate counter—intuitive models as the one presented

at the end of section 2, we have to apply predicate comple-

$%% tion to the propagation axiom, thereby expressing that an
< %4)—-4‘% “z-—==jnstance ofP(x) is true, if and only if this is indicated by
: axiom 4.

In this counter—intuitive scenario the farend—alarm is lost aP€finition 3.1 Positive, Solitary. A literal occurposi-
ML18, but for some reason it reappears at the upstream pof’€ly in a formula F, iff it occurs positively in the clause
of ML16. If we extend the fault models by specifying that form of F. A set of clauses #olitaryin P, iff P occurs at
the absence of alarms is propagated, the contrapositives grost only once in every clause in which it occurs positively.

the corresponding axioms cause alarms to be propagated . . . i i .
from the base station controller into the direction of the Pefinition 3.2 Predicate Completion [8] (originally de-
base transceiver stations. fined as Database Completion in [2]). Létbe a system

S _ _ _ _ description in clause form, which is solitary in P. The set
The simplified example discussed in this section alreadyf all clauses, in which P occurs positively can be written
shows that it is easy and intuitive to positively describe howgs

the network transmits messages, while it is hard to provide Vxi..VxnE1 — P(X1,...,%n)
a complete description, which rules out all impossible sit- .

uations. To draw the right conclusions from an intuitive
(incomplete) model of our domain, we need to complete
the model using a systematic method. As we will see i
the next section, the straightforward application of circum
scription/predicate completion to the first order logic rep-

resentation is not possible. COMP(S;P) =

SU(VX1... VX P(Xa,..., %) < E1V...VE)

VX1.. VX By = P(X1,...,%n)

r_]The predicate completion of P #is defined as

a predicateOk instead of the predicatab used by Reiter. The
intended meaning igc Ok(c) +» —=Ab(c). The use o0k has the
advantage that the clauses of our theory are horn. In the special case, where P does not occus iwe define



COMP(S;P) =
SU((VXq... ¥, P(X1,...,%X) + False

T- C TU{®|2<k<j}. The interpretationMI*1 B)
7
with B(x) = j + 1 is obviously a model offj because the

frameMI*! satisfieq x) andj + 1 applications o€onnare
Console and Torasso propose the use of predicate complaeeded to get from 1 tp+ 1, so that alky for 2 < k < |
tion for the completion of system descriptions in diagnosisare satisfied. Thug; has a model, which is also a model of
[4], based on formal work by Console Theseider Dupré andl., becausel- C 7. Since every finite subset af has a
Torasso in [3]. Unfortunately, not even the completion of model, by compactness theorem, we infer thattself has
the simple formula 4 is equivalent to a first—order formula.a model. However, this model does not satisfy, because
Thus, the first—order techniques proposed by Console, Thder somex, P(x) holds, but it is not connected to a point
seider Dupré and Torasso are not directly applicable to dewhereCp(x) holds. Since this model &f” is also a model
scriptions of complex technical systems. Predicate comef 7 (becausel’ C 7’), we have found a contradiction to
pletion is not applicable to formula 4 because this formulathe assumption that all models @fsatisfy(x).
is not solitary inP. Often circumscription [11, 12] can be
used to complete the theory in cases where predicate com-
pletion is not applicable. We can however prove that theBecause of these problems and efficiency considerations
circumscription of formula 4 irP does not collapse to a we restrict the language of our system descriptions to fixed
first-order formula by exploiting the compactness theorendomain theories [10, 13], i.e. first order theories without
of first-order logic: There is no first-order formalization function symbols in which the unique name assumption

Q.E.D.

of the fact thatP(x) is valid if and only ifCp(x) holds or
there exists ary such thatCy(y) holds andx is connected
(directly or indirectly) toy.

Proposition 3.3 The completion of formula 4 cannot be

formalized by a set of first—order formulas.

We use the following notations: For an interpretatidn
we denote the extension of the predicate cong®aimt M
by M|P|. For a set of first—order sentenc&sve denote the
set of all models off by MOD(7).

Proof of proposition 3.3: We show that there is no set of

first order sentence$ such that such thalOD(‘T) has
the property:

(%) {

The proof is by contradiction. Suppogéis such a theory.
Let us define a set of framgdV"|n € N}. The domain
of MX is the set{1,...,k}. Further we defineM¥|P| :=
{1,...,k},MKCp| := {1},MKConni := {(i,i+ 1|1 <i <

k}. Then, obvioushWMX satisfies( ) for everyk € N. Now
let

For everyM € MOD(7): x is in M|PJ, iff xis in
M|Cp| or there exists ay such thaty is in M|Cp|
and(y,x) is in the transitive closure d¥l|Conn.

@ = P(X) A=(3x1...3x% Cp(X1)A
Xk = XAConnxg,X2) A ... AConnXx_1,Xk))-

The formulag expresses tha® holds forx but x is not
reached byk times following the relationrConn from a
point, whereCp holds. Let7’:= 7 U {@lk > 2}. We
have to show that every finite subsgt of 7"’ is satisfi-
able. For a given finite subsét there is a largest num-
ber j such thatp; is contained inZ-. For thisj we have

and the domain closure assumption hold. We reduce these
fixed domain theories to sets of ground clauses by instanti-
ating all quantifiers. Then we apply the propositional vari-
ant of predicate completion [2] to the resulting proposi-
tional problem.

We can dramatically reduce the size of the propositional
representation if we eliminate the database predicates dur-
ing the instantiation. As stated above we assume the CWA
for the databas®B. The following algorithm converts a
fixed domain theory into a set of ground clauses and elimi-
nates all facts from the clauses, whose truth value is defined
by the database.

Algorithm 3.4 Conversion of a Fixed Domain Theory into
Clause Form.

Let §$ = {F4,...,Ry} be a fixed domain theory. Let
{c1,...,¢} be the set of all constants occurring ih For
every formula Fe § do the following:

1. Convert F into a set of propositional clausgsi.e. a
set of clauses, in which the literals do not contain any
variables:

(a) Instantiate every existential quantifier by replac-
ing 3x¢ With Veere, o3 Pix/-

(b) Instantiate every universal quantifier by replac-
ing Vx¢ with Ncefer,c ¢[x/c]-

(c) Convert the resulting propositional formula into
conjunctive normal form.

(d) Convert the formula into a set of clausgs

2. For every atom a which is an instance of a predicate
defined by the database DB do the following:

¢ If a € DB then delete all clauses from which
contain a (they are trivially satisfied) and delete



—a from all clauses in which it occurs (because
—a contradictss).

o If a ¢ DB then delete all clauses fromi which
contain—a and delete a from all clauses in which
it occurs.

Example 3.5 Let us study the effect of this algorithm on

{-=ConnML16,U p,ML20, Down),
—=SignalML16,U p, Alive(Btsl7)),
SignalML20, Down Alive(Btsl?))}

the axiom & given the database DB as defined in sectiongince  ConfiML16,Up,ML20,Down) ¢ DB and

2.

A2: Vc1VeaVesendedConmn(cy, Up, co, Down)A
Signa(cl', Up7A|ive(CSendeD)
— Signalcp, Down Alive(Csendey))

ConnML16,Up,ML20,Down) ¢ CWADB) we can
delete this clause, because CYI#B) C S, therefore every
model M ofS must make-Conn(ML16,U p, ML20, Down)
true, which subsumes the clause.

In our application domains (circuit diagnosis, alarm cor-

In the following, we denote the set of constant symbols 0Grg|agion in cellular networks) the size of the propositional

curing in$ by C. Instantiation of the quantifiers yields

A A A (Conncy,Up,co, Down)A
CIGCCZGCCSendeEC
Signal(cy, Up, Alive(Csende))
— Signalcz, Down Alive(Csende)))

Conversion into conjunctive normal form:

A A A (=Conncy,Up,c, Down)V

c1€Cc2eCesendefC
—Signal(cy, Up. Alive(Csende))V
Signal(cz, Down Alive(Csende))

Conversion into clause form:

F {{-Conn(cy, Up,c, Down),
—Signal(cy, Up, Alive(Csende)),
Signal(cz, Down Alive(Csende)) } |

C1,C2,Csender€ C}

representations generated by algorithm 3.4 is linear in the
size of the system under considerafion

We can now apply the propositional variant of pred-
icate completion to the propositional clause set. In
the propositional case we compute a completion for-
mula for every instance of the predicate we want
to complete, e.g. we compute separate completion
formulas for SignalBscl, Down Alive(Bt20)) and
SignalBscl, Down Alive(Btsl9)).  Note, that in the
propositional version, the condition that the clauses must
be solitary is satisfied by every system description: A
clause containing a propositional at@must not contain
other positive occurrences @f (this is trivial, because a
clause is a set) and it must not contaia (this is also
trivial because a clause containiagnd—a is a tautology
and can be omitted).

Note, that it does not contradict proposition 3.3 that we can
complete the propositional version: Although propagation
is in general not formalizable in first—order logic, propaga-
tion for a given topology (as represented by the proposi-

Let us finally study the effect of step 2 on some clauses froffpnal clause set) is easily expressible. This observation is

F:

{=ConnML16,U p, Bscl, Down),
—-SignalML16,U p, Alive(Bt20)),
SignalBscl, Down Alive(Bt20)) }

in line with comments by Aho and Ullman concerning the
transitive closure [1].

The next step is to apply our efficient consistency—based
algorithm to the completed propositional clause set. The
basic algorithm is outlined in the next section. Later in the
paper, we discuss our techniques for exploiting the struc-

The above clause contains only one instance of a databasare of the horn clauses of the system description, as well

predicate, namely-ConnML16,U p,Bscl, Down). Since
ConnML16,U p,Bscl, Down) € DB, following algorithm
3.4 we have to deleteConnML16,U p,Bscl, Down) from
the clause resulting in the simplified clause

{—=Signa(ML16,U p, Alive(Bt20)),
SignalBscl, Down Alive(Bt20)) }

Finally we consider

as a new result, which allows us to exploit the fact that the
original system description was a set of horn clauses when
reasoning with the completed system description (which is
no longer horn).

2|n the case of the cellular networks this is due to the fadt tha
the length of the branches (as shown in figure 1) is bounded by
some technological constant. If we consider branches dfarp
lengths this no longer holds.



4 Computing Diagnoses again. While assuming c creates a consistent modé) (M
of § UObs, assuming d violates the axiom—e. Thus,
Diagnoses are computed using the DRUM-II algorithm,we have to delete e in order to obtain the second model M
which we discussed in great detail in [5, 6]. Here, we
will only describe the basic ideas necessary to underThe minimality of the models generated in this fashion is
stand the focussing techniques presented in the next segchieved by applying the changes first to those models, in
tion. DRUM-II computes minimal diagnoses by comput-which the extension oAb is minimal. DRUM-II uses an
ing models ofs U Obs in which the set of components as- equivalence class approach to reduce the number of min-
sumedOk is maximal, or equivalently, in which the exten- imal models which have to be computed. Due to space
sion of Ab= -Okis minimal. limitations we cannot provide the formalization of this al-
gorithm here but have to refer the reader to [5, 6], where we
Definition 4.1 Given models M and M, we define define the algorithm and provide soundness and complete-
My <ab Mz, iff M1|Ab| C M2|AD. ness results for fixed domain theories.

The minimal diagnoses corrspond to th&p—minimal ..
models ofs U Obs 5 Exploiting Structural Knowledge

Proposition 4.2 A setA of components is a minimal di- In[6] we have proposed a technique which exploits knowl-
agnosis of(§,CompObsg), iff there exists a<ap—minimal  edge about the structure of s¢tof horn clauses to avoid
model M ofs U Obs, such thaf = M|Ab|. useless computations. In this section we generalize our
previous results and show how we can still use structural
To prove this proposition, we have to assume that the predknowledge for focussing after we have completed the the-

icate Ab is only applied to components, an assumptionory (so that the resulting theory is not horn).
which is valid in model-based diagnosis. The DRUM-II ,
algorithm computes the minimal models incrementally. It-€t us consider a set of Horn Clausgs Let {ay, ..., an}
uses a model af to focus the search for minimal models P€ the set of atoms occurring i We say thag; depends
of S UObs DRUM-II starts with a modeM® of the theory directly on a, if there is a clause containiray and—a;.
‘l\g/lgésllg(g),\';le Comp. Then it adds the observations to Definition 5.1 a; depends directly org;, denoted by

aj —% a;, iff there is a clause & . with {aj,—a} C C.
The interpretatiotM?! possibly violates some clauses from
S. The basic idea of the DRUM-II algorithm is to find a We define the transitive closure of the direct dependency
model of§ by iteratively inverting literals in the interpreta- reIation—>§ and call it—>}r (depends on).
tion until a model ofs U Obsis found. In contrast to GSAT
[15] the search for models by inversion of literals is how- Definition 5.2 The relation—} is defined inductively by
ever exhaustive in the sense that all possible inversions are
considered and every literal is only considered for inversion

: 1. Ifa—taj, th ta.
once on a given branch of the search tree. a —gaj, thena—;g a;

! 1 + +
Example 4.3 Consider$ = {a — cvd,d — —e}, in 2. Ifg —»gacand & —5 a,thena—; a.

clause form{{-a,c,d}, {—d,—e}}, together with the ini-

tial model M = {e} and the observations Obs {a}. We say that pdepends o, iff aj — § a.
M = (e} In the following, we will denote the difference between two
Incorporate a setsM andN by Diff (M, N).
M! ={ae} a— cvdis violated
C/\ﬂ Definition 5.3 Let M and N be sets. DifM,N) :=
2 » (M\N) U (N\M)
M = {a,c,e} o.k. M = {a,d,e} d — —eis violated

l -e During the computation of minimal models/diagnoses dif-
M* = {a,d} o.k. ferent extensions of th@k—predicate are assumed. When

we change the extension 6k, we want to detect, which
The model M contradicts the axiom a> cvd. We can other atoms are possibly affected by this change. The
change it in two ways in order to make the axiom holdnext proposition shows that some positive atoms need not
again. Either we assume c or d, because these are the othée considered for inversion when the set of assu@ké
literals in the corresponding clause, which can make it trueatoms changes.



Proposition 5.4 Let.S be a system description at# its # Branches|| DRUM-II | DRUM-II

completed variant. Let A and B be sets of Ok—atoms such with —>j

thatSUA = L andScUB i~ L. Let a be an atom. 2 76 54

If SUA = aand there is no I Diff (A, B) such that b— 1 a, 3 103 59
S 4 130 64

thenS.UB = a.

Proof Sketch: The positiveliteral a follows from SU A, iff n 49+ 2'h 49+ 5,

it holds in the minimal model 08U A. This minimal model
coincides with the minimal model oft UA (S consists of
those clauses of, which contain a positive literal). Thus,
STUAE a. Thus, there is a proof fos, based only on

Table 1: Effect of exploiting= ¢

the clauses irs". If we delete all unnecessary steps from is consistent, theA’ = Comp, {c|Ok(c) € B'} is a di-
this proof, only those steps remain, which demeself or agnosis and'’ ¢ A which contradicts the assumption
literals on whicha depends. This proof remains possible, thatA is a minimal diagnosis).

if we replaceA by B since we assume thatandB do not
disagree on atoms, on whiehdepends. Thus§™ UB =
a and, sinceS UB is consistent, we concludeUB |= a.
Finally, sinces$ C S; we concludeS; UB = a. Q.E.D.

Following Konolige ([9], theorem 4), we can conclude
thatB is a minimal set of abducibles, such ttsat B =
Obsu {a}. This is a contradiction with 1.

This proposition is exploited in DRUM-II as follows: The Q.E.D.
minimal modelM® of the original horn system descrip-

tion under the assumption that all components are workingPRUM-II exploits this proposition as follows: Assume
i.e. S U{OKk(c)|c € Comp, is used as starting point. For that a literala is not true in the modeW1® of the correctly
each literala, which holds in this unique minimal model, functioning device. If we now consider a s®f compo-
we know thats U {Ok(c)|c € Comp} = a. Now if we as-  Nents faulty, such that for adf € A : Ok(c) /4 athen we
sume some faulty components, which are not connected tBeed not consider assumiiag because ifA is a minimal
aby -7, we know tha@ s still entailed and all branches diagnosis, itis inconsistent wit

searched by the DRUM-II algorithm, in whichis in-  The pasic DRUM-II algorithm is already very efficient on
verted, can be cut off. the cellular network application (using the completed sys-
Let us now consider which negative literals remain un-teém description). Table 1 shows the number of flippings
changed, when the extension®@kis changed. (inversions of literals) needed by DRUM-II to compute the
diagnosis for a symptom, which can be explained by a sin-
Proposition 5.5 Let S be a system description angd its ~ 9le fault for a tree—structured network comparable to the
completed variant. Let A and B be sets of Ok—atoms sucAn€ in figure 1. The running time for the basic DRUM-II
thatSUA}~ L andS.UB [~ L. Leta be an atom such that algorithm is linear in the number of branches. Exploiting

SUA i a and there is no l Diff (A, B) such that b—>} a —>§ aIIo_V\_/s nearly constant ru_nning time. The 5 flippings
per additional branch in the third column of table 1 are due

If Comp\{c|Ok(c) € B} is a minimal diagnosis of tg the fact that we count the unsuccessful first flipping of
(Sc,CompObs, then it is inconsistent with a, i.e. there is pranches in the search tree which are terminated by apply-
no model M ofS, such that MOK = {c|ce B} andM|=a.  jnq the propositions 5.4 and 5.5.

Proof Sketch: The proof is by contradiction. In the domain of these tree-structured networks the effect of
our focusing techniques is a linear efficiency gain. We have
discussed the diagnosis of complex combinatorial circuits
in [6]. In this domain, exploiting the relatiomjgr makes
circuits with up to 3000 components solvable in less than
1 second, which are not solvable in acceptable time by the
basic DRUM-II algorithm.

1. First, with a similar argumentation as in the proof of
proposition 5.4, we can show th&tJB = a. Conse-
quently,S UB [~ ObsuU {a}.

2. Now let us assume that:= Comp,{c|Ok(c) € B} is
a minimal diagnosis ofS;,CompObs andM is a
model of.S;, such thaM|Ok| = {clce B} andM =a. 6 Conclusion
ThenS.UBUObsU {a} has a modeM and is thus
consistent. We also know thBfs the maximal set, for In this paper we have introduced steps and techniques for
which Sc UBUObsU {a} is consistent (Proof: assume the efficient diagnosis of technical systems consisting of
there exists a s& > B such thats; UB'UObsu{a}  networks of connected components. Intuitive descriptions



of such systems (e.g. cellular networks) are often incom{10] W. LukaszewiczNon—monotonic reasoning: formal-

plete. The propagation axioms present in these descrip-

tions cannot be completed in first—order logic. However,

we can reduce the first—order system descriptions to propo-
sitional logic for a given topology. Our algorithm for this [11]
transformation eliminates the database predicates and gen-
erates compact propositional clause sets, which can be eas-
ily completed. Starting from a model of the correct be- 12]

haviour of the system, the DRUM-II algorithm computes

diagnoses based on the completed system description. If
the original system description consists of horn clauses the
efficiency of DRUM-II can be increased considerably by[13]

exploiting a relation—>;r which describes the dependencies
among the atoms in the system description.
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