1 Q u a l i t a t i v e R e a s o n i n g B a s e d o n S y m b o l i c P r o b a b i l i s t i c E v a l u a t i o n : a n A p p l i c a t i o n E. Burattini*�˚˚˚˚˚M. De Gregorio*˚˚˚˚˚A. Montuori**Istituto di Cibernetica, CNR,Via Toiano 6 - I-80072 Arco Felice, Napoli, Italytel. +39-(0)81-8534204(8), fax +39-(0)81-5267654,�LAFORIA Institut Blaise Pascal - Paris VI - 4,Place Jussieu, Paris, Francee-mail: ernb@sole.cib.na.cnr.it; massimo@sole.cib.na.cnr.it AbstractIn the context of the fault models of system to be diagnosed, a new criterion is proposedto select the set of explicative hypotheses, which is less restrictive with respect to theirredundancy condition, that is to the request for minimal coverings (with respect to setinclusion). By means of examples involving an actual expert system for the diagnosis ofdampness in building made of masonry, we stress that irredundant explanations are notalways the most reliable ones.Resum�On souhaite mod�liser les d�faillances d’un syst�me en vue de les diagnostiquer. Nousproposons une nouvelle m�thode pour s�lectionner l’ensemble des hypoth� ses explicatives, quiest moins restrictive que la condition de non-redondance (c’est-�-dire l’exigence d’un recouvrementminimal au sens de l’inclusion ensembliste). Au moyen d’exemples pris dans un syst�me expertpour le diagnostic de l’humidit � dans les b�timents anciens, nous mettons en �vidence que lesexplications non-redondantes ne sont pas toujours les plus fiables. 1 I n t r o d u c t i o n In several formal approaches in which is adopted a fault model of the systeplicativehypotheses taken into account has to satisfy primarily two condition [8]:¥covering condition: the condition of explaining all of the manifestations that arepresent;¥parsimony condition: the condition of minimising the complexity of theexplanation.The last is usually interpreted as the search of the smallest covering of the presentmanifestations, with respect to the inclusion relationship (irredundancy condition).In the formal approaches in which is adopted the correct behaviour model of thesystem to be diagnosed, the covering condition is substituted by the consistencycondition , that is, the hypotheses on the abnormal behaviour of some components(abnormality assumptions) of the system have to be consistent both with theobservations and with all the ot her components acting correctly. Even in this kind of

2approach, the final diagnosis has to satisfy the parsimony condition [10][4]. Thereexist several attempts of integrating fault models and correct behaviour models inwhich the parsimony condition plays a primary role [3].1In the following sections, an alternative criterion for hypothesis selection isreported. In this approach, the irredundancy condition does not play a primary rolein singling out the explicative hypotheses. In particular, it is not correct discard apriori the redundant hypotheses, especially when information useful to define ahierarchy between hypotheses is present. In general, irredundancy condition is not areasonable criterion to adopt for bounding the number of possible hypotheses and,therefore, the complexity associated to the choice of the most plausible diagnosis.Irredundancy condition has to be considered as one of the factors to take eventuallyinto account to establish a hierarchy between the possible diagnoses, and notnecessary as the most important condition.Following these considerations, a formal characterisation of the notion ofdiagnostic problem is proposed (section 3). In this formalisation, the irredundancycondition does not have a privileged position in the choice of the diagnosis.Finally, an expert system based on this new formalisation is presented in section5.2 T h e B . A . T . J . m o d e l o f a b d u c t i o n The formal model proposed by Bylander et al. [2] is adequate for describing mainlogical-qualitative theories on diagnostic reasoning in which the condition ofparsimony plays the primary role. In this model, an abduction problem is a tuple

Dall,Hall,e,pl

, where:¥Dall i s a f i n i t e s e t o f a l l d a t a t o b e e x p l a i n e d . D s t a n d s f o r a s e t o f d a t a (

D ⊆ Dall

);¥Hall is a finite set of all the individual hypotheses. H stands for a set ofindividualhypotheses(

H ⊆ Hall

);¥e is a map from subsets of Hall

℘ Hall( ) ( )

to subsets of D all

℘ Dall( ) ( )

(Hexplains e(H ));¥pl is a map from subsets of Hall

℘ Hall( ) ( )

to a partially ordered set ( H asplausibility

pl H( )

)."H explains e(H)" can be interpreted either as a logical implication "

H → e H( )

",or as a causal implication "H can cause e(H)", etc. Therefore, it is not specified on

1A wide range of formal diagnosis model do not adopt the parsimony condition in order to select the explicativehypotheses, for instance those based on generalizations of traditional bayesian classification [6][7][8].

3which kind of diagnostic inference is based the selection of a set H from theobservations D.e(H) has to be interpreted as the set of observations explained by H, supposingnot verified or irrelevant the hypotheses belonging to Hall — H (H is a compositehypothesis).pl(H) could be a probability, a measure of belief, a fuzzy value, a degree of fit, ora symbolic likelihood. The only requirement is that the range of pl is partiallyordered.For any abductive problem

Dall,Hall,e,pl

:¥H is complete if e(H) = Dall. That is, Hexplainsallthedata;¥H is parsimonious if

¬∃ ′H ⊂ H :e H( )⊆ e ′H( )

.. That is, no proper subsetof H explains all the data that H does;¥H is an explanation if it is complete and parsimonious;¥H is a best explanation if it is an explanation, and if there is no explanationH« such that

pl ′H( ) > pl H( )

.Formally, an abduction problem is monotonic if:

∀ H, ′H ⊆ Hall H ⊆ ′H → e H( )⊆ e ′H( ) ( )

.That is, any extension of the composite hypothesis H, namely H«, explains all thedata explained by H.If a problem is monotonic, it can exist an hypothesis H such that

∪ h∈H e h( )⊂ e H( )

, that is, a composite hypothesis can explain additional data thatare not explained by any of its elements. In the following, we refer at this sort ofhypothesis interaction as "additive interaction".A abductive problem is not monotonic if there is incompatibility betweenhypotheses. An incompatibility abduction problem is a tuple

Dall,Hall,e,pl,ℑ

inwhich the new element ` is a set of subsets of Hall , indicating pairs or group ofhypothesesthatareincompatiblewitheachother.Foranincompatibleproblem:

∀ H ⊆ Hall ∃I ∈ ℑ I ⊆ H( ) ( )→ e H( ) = ∅ ( )

.Another interaction not allowed in monotonic abduction problems is cancellation.. In the following sections, this kind of interaction will be not take into account andwe focus only on monotonic problems (except for incompatibilities).3 A n a l t e r n a t i v e c r i t e r i o n f o r h y p o t h e s i s s e l e c t i o n The structure of solutions (explanations) required by B.A.T.J. model does not allowto uniquely define which hypotheses explain the single datum di .. For instance, letconsider the following abductive problem

Dall,Hall,e,pl

in a medical diagnosticdomain, where:

Dall = d1,d2,d3 { }

,

Hall = h1,h2{ }

,

e h1{ } ( ) = d1,d3{ }

,

e h^2{ }

( ) = d^2,d^3 { }

,

e h^1,h^2 { } ( ) = d^1,d^2,d^3 { }

, and p l a r b i t r a r i l y f i x e d . I n t h i s c a s e , Dall represents the set of manifestations to be explained, H all is the set of possibled i s e a s e s , e ( h i ) i s t h e s e t o f a l l t h e m a n i f e s t a t i o n s o f h i . T h e s o l e l y p o s s i b l e e x p l a n a t i o n f o r D a l l is

h1,h2 { }

, but this explanation could have three differentinterpretations with respect to d3: first, h1 is mainly responsible for d3; second, h2 ismainly responsible for d3; third, h1 and h2 are equally responsible for d3.To deal with this situation, we need to change both the explanation structure andthe criterion of plausibility. The explanation structure has to be modified in order tomake unique the interpretation, and the criterion of plausibility has to allow the introduction of a hierarchy between the different interpretations of an explanation. Forinstance, setting

Dall = d1,d2,K ,dk { }

, an explanation H could be accompanied by atupla

P = P1,P2,K ,Pk ( )

, with

H = ∪ i=1k Pi

, in order to uniquely define, for each d i ,the subset P i of H responsible for the presence of di; furthermore, the function p l could be defined onto the set of tuple

P1,P2,K ,Pk ( )

, and

∀ i ∈ 1,2,K ,k { } Pi ≠ ∅

inorder to satisfy the covering condition [5].In the following, only diagnostic problems in which is requested the coveringcondition are considered. Furthermore, the role played by parsimony condition indiagnostic problems is analysed.A parsimony condition more inclusive than that proposed by the B.A.T.J. model,is the following: setting

Dall = d1,d2,K ,dk { }

, a complete hypothesis H , for whichhas been defined the tupla

P1,P2,K ,Pk ( )

, is an explanation if and only if:

∀ i ∈ 1,2,K k

{ } di ∈ e Pi( ) ∧ ¬∃ ′H ⊂ Pi :di ∈ e ′H( ) ∧ e H( ) = Dall

(1).In this case, one selects between the set of complete hypotheses only those forwhich Pi is composed of individual hypothesis or of a set of individual hypotheseswithadditiveinteraction.C o n d i t i o n ( 1 ) i s j u s t i f i e d w h e n t h e p u r p o s e i s t h a t o f e l i c i t i n g t h e p r i n c i p a l hypothesis for each manifestation. If H is complete and parsimonious then thereexists a partition

of H which satisfies the c ondition (1). While, if thet u p l a

satisfies the condition (1), the set

H = ∪ i=1k Pi

could not beparsimonious .. Thus, the condition (1) is weaker than the condition of parsimonyproposed by B.A.T.J.An actual example in the field of architecture can help clarifying the last statement.The domain is that of dampness diagnosis in building made of masonry. Let

Dall = d1,d2 { }

be the set of manifestations to be explained, where:¥d1continuous efflorescence in the basement and ground floor;¥d2erosion of external walls in the basement and ground floor;

Hall = h1,h2,K ,hn { }

the set of all the possible causes where, in particular:

5¥h1water from bearing stratum;¥h2private water pipe breaking;and:

e h1{ }

( ) = d1,d2{ }, e h2{ }( ) = d2{ }, e h1,h2{ }( ) = d1,d2{ }.

The complete hypotheses

h1{ }

and

h1,h2 { }

are selected applying condition (1).To these hypotheses are associated respectively the tuple

′P = h1{ }, h1{ } ( )

and

′′P = h1{ }, h2{ }

. As a matter of fact, h 1 can cause both d 1 and d 2 , while h 2 cancause only d2 . On the contrary, applying the parsimony condition of the B.A.T.J.m o d e l w e o b t a i n o n l y o n e e x p l a n a t i o n f o r D a l l , i.e.

h1{ }

, while the hypotheses

h1,h2 { }

will be discarded. The hypothesis h2 is not taken into account because it isn o t p r e s e n t i n a n y e x p l a n a t i o n . I n t h i s s i t u a t i o n , t h e h y p o t h e s i s h 2 i s r e j e c t e d (parsimony requirement) without checking whether h 2 has a level of plausibilityhigher than h1 with respect to d2, i.e.

pl h1,h2 { } ( ) > pl h1{ }( )

.This example belongs to those diagnostic problems in which the most plausiblesolutions are not necessary irredundant.The parsimony condition is a plausible condition as many others, and the problemof finding the best explanation introduced by the B.A.T.J. model forces theparsimony condition to be applied before of any other selection criterion.4 P l a u s i b l e a n d c o m p l e t e s o l u t i o n s v e r s u s p a r s i m o n i o u s a n d c o m p l e t e s o l u t i o n s The examples introduced in the previous section suggest to modify the definitions ofexplanation and best explanation.Using the same terminology, we introduce two differences with respect to theB.A.T.J. model, that is: the abductive problem will be represented by the tuple

Dall,Hall,e,plrel

, in which e is represented by the couple

C,ℑ

, and plrel p r e s e n t s astructuraldifferencewithrespecttopl.The couple

is formed by `, the set of subsets of Hall , indicating pairs orgroup of hypotheses that are incompatible with each other, and by the relation Cdefined as follow:

d ∈ Dall

,

H ∈℘ Hall( ) ∅{ }

,

d,H ∈ C

if and only if H is asingle hypothesis which may cause d, or H is a composite hypothesis which maycause d by means of the contemporaneous presence of all its elements (addictiveinteraction). The relationship between C and e is:

d,H ∈ C if and only if d ∈ e H( ) [ ]∧ ¬∃ ′H ⊂ H:d ∈ e ′H( ) [ ]

.The relation C generalises that introduced by the Generalised Set Covering [9]. Infact, the GSC does not take into account both possible additive interaction andincompatibility between hypotheses.

6The set of composite hypotheses responsible for the presence of the manifestationd it will be denoted by

S d( ) = H: d,H ∈ C { }

.If

Π = Dall,Hall,e,plrel

is an abductive problem, with

Dall = d1,d2,K ,dk { }

, thenthe set of tuple

P1,P2,K ,Pk ( )

belonging to

S d1( )× S d2( )×K ×S dk( )

will be denotedby

S Π( )

. To each manifestation d i is associated the explanation P i. The functionplrel could be a probability, a measure of belief, etc., as for the function pl definedby the B.A.T.J. model, but the domain is

S Π( )

.For any abductive problem

Π = Dall,Hall,e,plrel

:¥the tupla

P = P1,P2,K ,Pk ( )

, with

H = ∪ i=1k Pi

, is a s o l u t i o n for

Π

if

P ∈ S Π( )∧ e H( ) = Dall

. The interpretation of the tupla

P1,P2,K ,Pk ( )

isunique because it associates to the datum ditheexplanationPi;¥thetupla

P = P1,P2,K ,Pk ( )

is an irredundant solution if:

¬∃ ′P = ′P1, ′P2,K , ′Pk

( ):∪ i=1k ′Pi ⊂ ∪ i=1k Pi

;¥the tupla

P = P1,P2,K ,Pk ( )

is a best solution for

Π

if it is a s o l u t i o n for

Π

and

¬∃ ′P : plrel ′P( ) > plrel P( )

, that is, there are no other solutions

′P

withplausibility greater than P (maximumplausibilitycondition).A d o p t i n g t h i s c h a r a c t e r i s a t i o n , t h e i r r e d u n d a n c y c o n d i t i o n f o r t h e c o m p l e t e solutions of abductive problems has no more priority. The request is only that theexplanation for each manifestation has to be composed either by a single hypothesisor by a set of hypotheses with additive interaction. Thus, to obtain the set of bestsolutions we the maximum plausibility condition is applied. The parsimonycondition of the B.A.T.J. model can be eventually included in defining the functionplrel , i.e. it is possible but not necessary to consider as well the irredundancy of thes o l u t i o n s t o e s t a b l i s h a p l a u s i b i l i t y h i e r a r c h y b e t w e e n t h e m . T h e i r r e d u n d a n c y condition is only one of the possible constraints that a best solution has to satisfy,and it has not necessary to be present, or better, it has not always to be the mostimportant condition [5]. An actual example of this situation is given in the nextsection.5 A n e x p e r t s y s t e m f o r t h e d i a g n o s i s o f d a m p n e s s i n b u i l d i n g s m a d e o f m a s o n r y The diagnostic problem the expert system deal with can be formalised by an instance

Dall,Hall,e,plrel

of the best solution searching problem; where the set

Dall = d1,d2,K ,dk { }

represents the set of all the manifestations of dampnesswearout, and the set

Hall = h1,h2,K ,hn

represents the set of all the wearoutcauses. Due to the absence of incompatibility between hypotheses (monotonic

7problem), the set ` is empty. Furthermore,

d,H ∈ C

if and only if the expertsystem abduces H as possible explanation for d.A set of symbolic values are used by the expert system in order to represent thecorrelation between explicative hypotheses and manifestations [1];2 these values aredynamicallycalculatedbythesystemwithrespecttothedatainputgivenbytheuser.The data concern with: building location, dampness location and their temporalevolution.Setting

H ∈ S di( )

, the coefficients of correlation calculated by the system will bedenoted by

corr H,di( )

.The criterion of plausibility associated to the function plrel is defined as follow[ 5 ] :

∀ P, ′P ∈ S Π( )

, with

P = P1,P2,K ,Pk ( )

and

′P = ′P1, ′P2,K , ′Pk ( )

,

plrel P( ) > plrel ′P( )

if and only if the following conditions are satisfied:1.

∀ i ∈ 1,2,K ,k

{ }corr Pi,di( ) ≥ corr ′Pi,di( )

;2.if

∀ i ∈ 1,2,K ,k

{ }corr Pi,di( ) = corr ′Pi,di( )

then it has to turn out

∪ i=1k Pi ⊂ ∪ i=1k ′Pi

;and the function plrelcanbedefinedas:

∀ P = P1,P2,K ,Pk

( )∈ S Π( ) plrel P( ) = ∪ i=1k Pi, corr P1,d1( ),K ,corr Pk,dk( ) ( ) ( )

that is, plrel is the couple formed by

∪ i=1k Pi

and by the coefficients of correlation ofthe coordinates of H. The ordering associated with the range of p l rel is implicitlydefined by conditions 1. and 2. The value of

corr Pi,di( )

indicates the plausibilityassociated to the hypothesis Pi with respect to manifestation di. More in general, theplausibility associated to an hypothesis Hi , with respect to a manifestation d i, candependuponthehypotheseschosentoexplaintheothermanifestations.Applying this criterion, a solution

P = P1,P2,K ,Pk ( )

has maximum plausibilityonly if it has maximal correlation with respect to all the manifestations of Dall, i.e.o n l y i f :

∀ i ∈ 1,2,K ,k

{ } ¬∃ ′Pj ∈ S di( ):corr ′Pj,di( ) > corr Pi,di( )

. This is the firstcondition the best solutions have to satisfy and, however, it is only a necessarycondition. The best solutions, chosen between those with maximum correlation, aresolely the solutions more parsimonious (condition 2.).The best solutions selected by the system are the most parsimonious s o l u t i o n s between those with maximum correlation, this means that the solutions chosen arenot always irredundant solutions .. In fact, the parsimony condition is applied

afterthe maximum correlation condition.Reminding the example reported in section 3, independently from the definitionof plrel, there not exist best explanations including the hypothesis h2. Supposing that

2 T h e p o s s i b l e v a l u e s f o r t h e c o e f f i c i e n t s o f c o r r e l a t i o n a r e h i g h , m e d i u m , l o w a n d n u l l o r d e r e d a s f o l l o w high>medium>low>null.

corr h^2,d^2 { } ( ) > corr h^1,d^2{ } ( )

, the exclusion of h 2 i s n o t j u s t i f i e d . C o n s i d e r i n g , i n s t e a d , t h e d i a g n o s i s a s a p r o b l e m o f f i n d i n g t h e best solutions , the s o l u t i o n

h1{ }, h2{ } ( )

is the best solution, in fact it has plausibility greater than the solution

h1{ }, h1{ } ( )

.6 C o n c l u d i n g r e m a r k s a n d f u t u r e w o r k s The formalisation proposed in section 4 has to be ulteriorly generalised in order to beapplied to a wider set of diagnostic problems. In particular, it is not so fair to adoptthe covering condition when the model is not complete, that is, when all the possiblecauses explaining the observations are not present in the model. In this case, anapproach based on consistency [3] is much better. Furthe rmore, it is necessary totake into account the effects generated by the absence of expected manifestations toevaluate the plausibility of a solution, and the possibility of indirect causalassociations between disorders and manifestations (causal chainin g).The analysis of computational complexity for the problem of finding a solution ora best solution , is the aim of our future work. In particular, we want to analyse theeffect on the computational complexity of these kind of problems when we adopt aselection criterion weaker than irredundancy .. (For a detailed analysis on thecomputational complexity of problems of finding an explanation or a bestexplanation the reader is referred to [2].) Starting from simplifying hypothesesanalogous to those introduced in the B.A.T.J. model, the problem of finding asolution is not more complex than that related to an explanation.A c k n o w l e d g e m e n t s Authors are deeply indebted with Dr. Guglielmo Tamburrini and Dr. Aldo Aiello fortheir precious suggestions and critical comments.R e f e r e n c e s [1]Burattini E., De Glas M., De Gregorio M., �A Symbolic Model for the Representation ofUncertain Knowledge�, Proc. IEEE International Conference on Systems, Man andCybernetics, Chicago 1992, pp. 272-278.[2]Bylander T.,Allemang D., Tanner M.C., Josephson J.R., �The computational complexityof abduction�, Artificial Intelligence 49 (1991), pp. 25-60.[3]Console L., Torasso P.,�Integrating Models of the Correct Behavior into AbductiveDiagnosis�, Proc. 9th ECAI, Stockholm 1990, pp.160-166.[4]de Kleer J., Williams B.C.,�Diagnosing multiple faults�, Artificial Intelligence 32 (1987),pp˚97-130.[5]Montuori A.,La complessit� computazionale dell’abduzione in sistemi esperti diagnostici:un’applicazione, Tesi di Laurea in Fisica, Universit� degli Studi di Napoli, 1993.[6]Pearl J., �Distribuited Revision of Composite Beliefs�, Artificial Intelligence 33 (1987),pp.˚173-215.

9[7]Peng Y., Reggia J.,�A Probabilistic Causal Model for Diagnostic Problem Solving. Part II:Diagnostic Strategy�, IEEE Transactions on Systems, Man, and Cyberbetics, vol. SMC-17, NO.3, Maggio/Giugno (1987), pp. 395-406.[8]Peng Y., Reggia J. A., Abductive Inference Models for Diagnostic Problem-Solving,Springer Series �SYMBOLIC COMPUTATION - Artificial Intelligence�, Springer-VerlagNY Inc., 1990.[9]Reggia J., Nau D., Wang P., �A Formal Model of Diagnostic Inference�, InformationSciences 37 (1985), pp. 227-256.[10]Reiter R., �A Theory of Diagnosis from First Principles�, Artificial Intelligence 32 (1987),pp.˚57-95.