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Abstract Though one of the claimed advantages of this kind of deep
knowledge is the ability to represent fault interaction, para-
We propose to extend the temporal causal graph — g5yically, existing diagnosis abductive algorithEBsusoniet
formalisms used in model-based diagnosis in or- 5| "1997: Gamper and Nejdl, 19pdeal with limited forms
der to deal with non trivial interactions like (partial) of interaction. The language is restricted to positive effects
cancellation of fault effects. A high-level causal and the interaction of faults reduced to additional effects.
language is defined in which properties such asthe  y\1qreover, unique fault and absence of uncertainty are cur-
persistence of effects and the triggering or sustain- rently hypothesized, which limits the interaction problem.

ing properties of causes can be expressed. Various . .
interaction phenomena are associated with these In real cases however, interaction can be much more com-
features. Instead of proposing an ad hoc reason- plex: the effects of a fault can prevent, delay or accelerate .the
ing mechanism to process this extended formalism, ~ aPpearance of the effects due to other faults. In the medical
the specifications in this language are automatically ~ domain forinstance, the patient is often under treatment when
translated into an event calculus based language the d|ggno§|s is per_formed: the beneficial effects o_fdrugs—m—
having well-established semantics. Our approach teracting with the disease effects - must be taken into account
improves the way fault interaction and intermittent & Well as their secondary effedtsong, 1994. Another
faults are coped with in temporal abductive diagno- k[nd of interaction is illustrated by the conjunction of two

. diseases leading to the absence of symptoms that are charac-

sis. =< ; e .
teristic of one of the diseases. Existing approaches dealing

. with interaction in causal model&azza and Torasso, 1995;
1 Introduction Long, 1996 propose to extend the causal language. First of

In the field of model-based diagnosis, which aims at explainall, negative effectsr{ot(£)) are allowed in causal relations
ing abnormal observationsausal graphgConsoleet al., in order to express preventing effects. Secondly, the causal

1989 have been widely used to formulate the “deep knowl-ontology is enriched by introducing knowledge on the causes
edge” Specifying hOW a fau'ty system may evo've_ Such @.nd the effects. Th|rd|y, prlorItIeS between Caus-al rela“(-)ns
graph models the causal chains leading from initial faults toc@n be asserted. The advantage of this method is a relatively
observable symptoms. The causal graph is used abductiveBasy incremental knowledge acquisition. The weakness of
in order to compute the set of initial faults explaining the ob-€Xisting approaches is the use of ad hoc reasoning mecha-
servations (for examplrusoniet al,, 1995). nisms, able.to manage the different interaction schemes based
In most diagnostic applications, the temporal aspect apon the particular features of the causal relations, but depen-
pears to be crucial, either because some effects depend 8gnt on the chosen causal ontology.
the duration of fault occurrences or on their order, or because The problem of interacting faults is strongly related to
different faults leading to similar effects can be discriminatedthe problem of concurrent actions representation encoun-
by the order in which symptoms appear or by the delays sepgered in the domain of action modeling. Deducing indi-
arating symptom occurrences. Causal graphs have been erect effects of actions (the so-called ramification problem)
tended to take time into accoulBrusoniet al, 1999: the  requires to take the way they interact into account. In the
nodes represent time dependent propositions (fli&atsde- theories of action and change, the problem has first been
wall, 1994); the edges correspond to formulas: viewed as how to integrate the treatment of interaction in
Ci ... Cy cause E {Temporal Constraints} (1) existing formalisms, and has been partially solved by in-
Such a causal relation can be informally interpreted as: th&roducing state constraints and conditional effects into ac-
conjunction of fact€’; ... C, leads to the occurrence of the tion rules[Boutilier and Brafman, 1997; Miller and Shana-
effect E. Usually, the temporal constraints indicate the delayhan, 1999 A now quite common way to tackle the ram-
before the effect occurs. But they can also impose a minimafication problem is to associate to the set of rules describ-
duration for the cause to produce the effect, or state that thimg the direct effects of actions a set of causal rules mod-
effect has a maximal duration. eling their indirect effect§Giunchiglia and Lifschitz, 1998;
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Deneckeet al, 1999. An interesting method consists in us-
ing the notion ofinfluence[Karlssonet al, 199d: actions ©) - the start of the power cut provokes the end of the alarm
have no direct effects but influences. Separate rules descriligh€ alarm s ringing; .
the effects resulting from different conjunctions of influences.©) - &t the end of the power cut the alarm starts again if some
The main drawback of these approaches is the difficulty ofMOKe is still present.
knowledge representation. Example 2Figure 2 differs from the previous one by the fact
This paper proposes to combine the advantages of both prenat the fire alarm is only triggered when a particular smoke
ceding approaches by using a high-level causal language dedencentration is reached. The difference is that the “smoke”
icated to the interaction problem. This language is powerfutause is instantaneous and triggers the alarm at inception
enough to express various forms of interaction. An automatiinstead of sustaining it from beginning to end. In this case,
translation into an event calculus varidiowalski and Ser-  the alarm will not reappear at the end of the power cut (the
got, 1986 makes explicit the implicit knowledge embedded smoke concentration is already above the triggering thresh-
in causal relations and provides clear semantics to the lareld). The a) and b) relations are valid but the c) relation is not.
guage. Moreover, this translation step makes the reasoni
mechanisms no longer dependent on the ontology of caus

ity as it produces an intermediate representation which can ; > o
exploited by dedicated algorithms. This work was motivate oss from a motor leading to a lubrication probleml|f It Iasts.
more than 2 hours and, on the other hand, an addition of oil.

by an industrial application in the field of diagnosis. An efh-%ghe effects of the two Iinteracting phenomena correspond to

=xample 3 The example represented in fig. 3, taken from
azza and Torasso, 199involves on the one hand, an oil

cient abductive diagnosis algorithm, making use of heuristic followi lations:
and specialized temporal constraint managers, has been dg€ '0!'owing refations. L .
velopedGrosclaude and Quiniou, 2000 - the oil I(_)s_s provokes a Iack_of I_ubrlcat|on 2 hours after its
Section 2 introduces interaction leading to masked or deggérir;fengiIoallldlziggr?i?odl;rg]ﬁj:)hrliigt?;% roblem:

layed effects on several motivating examples. In section 37/ .. =" pS a probiem, .
we describe the formalism of the extended causal graph an21 - If oil is added during oil loss the lubrication problem is
explain in section 4 how it can be translated into the event cald€!2yed to 2 hours later (if no oil is added meanwhile).
culus. In section 5, we evoke the application of the methodn the following, we propose a high-level language in which

to diagnosis. Our proposition is compared to related work irproperties of the causal relations influencing interaction phg—
section 6 and we conclude in section 7 nomena can be expressed. We show how these relations in-

ducing constraints on the starts/ends of causes and effects can
2 Motivating examples be translated into axioms in an event calculus formalism.

Example 1 A fire alarm starts ringing immediately after 3 The high-level |anguage ECG
smoke has been detected and keeps ringing as long as sm

emains. The larm s clectrical 5o may e suject o poel1© P15 SXATILSS 20w e e Ineracion oucones
cut. In a causal graph the situation could be described by: 9 '

smoke cause alarm {1, begun by I,} In this section we propose a high-level representation lan-
power. cut cause not(al“amf) {Iy Souals T \ guage which corresponds to an extended causal graph (ECG).
— na pc

wherel. I. L. andL.. are the temporal extents associated The entities we consider are propositional descriptions of
ar 51 “na ST Ipe P situations, events or properties and are referred to as fluents
to the basic propositiongarm, smoke andpower_cut. be-

un byandequalscorrespond to Allen temporal relations (ISandewall, 199. Since we are dealing with time, the
9 y d P P * truth value of an entity is associated to time intervals. The

Let us suppose that smoke is observed and that a power ¢ G is composed of a set of causal relations having the
occurs, as illustrated by fig. 1. To derive the common sensg | wina form:
consequences of these interacting events, some extra knowr 9 '

edge is necessary: the power cut takes precedence over tHeYP-, |Ci A+ -A[TYR,|C,, {M D} causal_link E {D}
smoke, the effect of the power cut is not persistent after pow

is back; the smoke sustains the alarm and triggers it again ajg e torm The set of causes s referred as the Cause. The time
ter cancellation.

. . . ...__interval associated to the Cause is the maximal time interval
Here follows a way to represent the situation by expliciting

. . where all th re simultan I rth n-
the relations between the start/end instants of the phenomena: ere all the causes are simultaneouslytriinder the co
a) - the start of smoke causes the alarm to ring if power is on; 'This is a simplifying choice and nothing prevents from extend-

here the causes; and the effecE are in a positive or nega-



Example 1: (1.a) [C]smoke cause alarm {0}
(1.b) [CNlpower_cut impose [non_pers] not(alarm) {0}

Example 3: (1.c) [Cloil_loss A [Clnot(add_oil) {2h} cause pb_lubrication {2h,oc0}
(1.d) [OS]add_oil impose not(pb_lubrication) {0}

Example 4: (1.e) [Clsparks A [CN]gasoline_loss cause [non_pers] flames {0}

Figure 4: Examples of causal rules in the ECG formalism

dition that this interval is non empty, the effect occurs and itscan play a different role. See example 4 (fig. 4) where the
validity interval satisfies the temporal conditiSndhe tem-  sparks are only necessary to trigger flames, whereas gasoline
poral features of a causal relation are given by the délay loss must be continuously present.

and the minimal duration of the CaustD. The delayD =

[domin, dmas] represents the time units between the start oft From the high-level causal language to
the Cause and the start of the effect. The minimal duration —event calculus

of the CauseMD indicates how long the Cause must last to 1o high-level language presented above makes easier the
produce the effect. . . _ representation of temporal causal relations. Sentences in this
This language is particularly suited to the expression of in{anguage are then translated into formulas of an intermedi-
Feraction patterns from which the precise effects of interactxte language, a variant of the Event CalcUkewalski and
ing causes will be deduce. The causal ontology has been exergot, 1985 These formulas express the temporal relations
tended in order to express priorities between causal relationgisting between the starts or ends of causes and the starts or
to specify two forms of effect persistence and different kindends of the produced effects. Reasoning tasks, such as abduc-
of causal relations (as trigger or sustain). tive explanation for diagnosis, rely upon this language. This

- thecausal-link can be one of {cause, impose, may_causeapproach has several benefits: on the one hand, a clear seman-
may_impose}cause andimpose express the strength of the tics is provided to our causal formalism; on the other hand,
causal relationcausebeing weaker thammpose When two  the causal ontology for interaction can be easily completed or
causes have opposite effects, the causal link with the lowegthanged by updating the set of translation rules without modi-
priority produces its effect only if no causal link with a higher fying the reasoning tasks. First, we present the event calculus
priority is enabled. In example 1, represented in the ECG in formulation that we have used and then the rules translating

fig. 4, smoke causes alarm and power-cutimposes not(alarmjextended) causal relations into event calculus sentences.
may_cause andmay_impose express the uncertainty of the
causal relation as ifConsoleet al., 1989. 4.1 Eventcalculus

- thetype of effect persistencendicates whether an effect The event calculus is a logic-based formalism for represent-
lasts even when its inducing cause has disappeared or if jiig actions or events and their effects. We use a classical
does not survive it. If qualified bpon_perseffects are non  version of the event calculus based on i) a set of time
persistentifon_pers(dneans that the effect disappears afterpoints isomorphic to the non-negative integers, ii) a set
a delayd), otherwise they are persistent by default. of time-varying properties (fluents) and iii) a set of events

- thetype of causality TYP., is one of {OS, C, CN} and related to the start and end of fluents and namedt(P)
indicates for each cause whether it triggers or sustains the eindend(P). The classical event calculus axioms are adapted:
fect. When a0S (One-shot) cause comes true fitiggers
the effect. In fig. 2, reaching a given level of smokiness trig-  10ldsAt(P, T3) < happens(start(P),T1) A

gers the alarm; the alarm keeps on ringing until some other Ty < Ty A ~clipped(Th, P, T>)
fact stops it. AC (Continuous) causesustainsthe effect: clipped(Ty, P, T>) < happens(end(P),T) A
the effect is “continuously” triggered by the cause. The effect i <TAT<T;

can be temporarily masked but reappears later on if the causewe need to express the maximal validity interval of

is still present. In example 1, the smoke sustains the alarrgropositions. For this purpose, we introduce the predicate

which, even interrupted by a power-cut, can reappear. AyoldsOnMaxz(P,Ty,T,) which means that the interval

CN (for Continuously-Necessgrgause is needed for a non- pounded byl andT% is a maximal validity interval for the

persistent effect to persist. In example 4 (fig. 4), gasoline is §uent P: P is true throughout this interval and is false just

CN cause: flames disappear when there is no more gasolinesefore and just after. The constantfinity is introduced to

Integrity constraints complete the description of the causatepresent the latest instant in time.

graph and allow to specify the maximal duration of a state.
Note that, contrary tdGazza and Torasso, 199e type

of causality is assigned to each individual cause, as each one

initiated(P,T) < happens(start(P),T) A
= holdsAt(P,T)
terminated(P,T) < happens(end(P),T) A

ing the formalism to set other constraints between the callses hOldSAt(R T_) ) o
2The unique effect is not restrictive as multiple effects can be hOldSO”Mal“(R Tl,mfzmt_y) N ?mtmt@d(P, Ti) A
expressed by several causal relations with the same Cause. = clipped(Ty, P, in finity)

3The two degrees of priority can clearly be extended to an or- holdsOnMax(P,T1,Ts) + initiated(P,T1) A
dered set of priorities, as [Gazza and Torasso, 1995 = clipped(Ty, P, T») A happens(end(P), T»)



(2.a) VI3A'TE happens(start(alarm), Tg) +

Tr = T Ninitiated(smoke, Tc) A =(3T1, To holdsOnM ax(power_cut, Ty, To) ATy < To ANTo < Ts)
(2.b) VI3 Tk happens(end(alarm),Tg) + Tr = Tc A initiated(power_cut, T¢)
(2.c) VT3 Tk happens(start(alarm),Tg) <

Tr = Tc A terminated(power_cut, Tc) A (311, T2 holdsOnMaz(smoke, Ty, To) ATy < Te NTe < Tv)

Figure 5: Event calculus domain axioms related to example 1 (fig. 4)

The basic event calculus version is extended to take into ady a relationR;. Prev is the expression:

count in_direct effects of events_(the r_amification problem) and\/ AT}, Ts holdsOnMax(C';, Tjy, Tio)NTCy(Tin, T, Tc)
uncertain delays. The domain axioms are computed from;

causal relations expressed in the ECG. The translation rule/ith regard to the delays, two cases are considered:

are described in section4.2. _ a) the delays are precis®. = [d,d] andD’ = [d', d'].
In our representation, positive information has been €MThe temporal constrainEC; are: Te +d > Tj + d
(2 . - (3 .

phasized as this is common practice when representinghen the effectot(E) is not persistent and disappears at the

expert causal knowledge. Negative information, such a ] n_r g 4 ; <
~holdsAt(P,T) or —clipped(T}, P, T,), can be deduced by ‘Q;”Zd f‘;%:ggggge'ay D"=[d".d"] the constraintTc +d <

non-monotonic reasoning (negation as failure as in logic pro- . . :
gramming) or transformation (completion or circumscription'i‘sae(lfri1 Il|2§tirr1&}[g()'[ﬂézlj<ligrﬁ 'ZS;?ffd 'g))translate the causal rule
as in[Miller and Shanahan, 1999 The negation symbol 2 "9 _ o 9. ). _ _

= in event calculus sentences must be interpreted as noR) the delays are imprecise. Then, constraints on the relative

monotonic negation. temporal position of the interacting causes are not sufficient
_ to ensure thattart(E) does not happen during an interval
4.2 Translation rules where not(E) is imposed. We solve the problem by in-

The principle underlying the translation of the causal graph igroducing intermediate effects representing the positive or
to make explicit the links between the starts or ends of causeegative influences of interacting causes. A causal relation
and the starts or ends of effects. The causal relations leadTYPc] C causal_relation E {D}is replaced by the two

ing to contradictory effects must be treated globally. Theyrelations (1)[TYPc] C cause InflE {D}and (2)[CN] InflE

are gathered and translated into several domain axioms of tf@usal_relation E {0} This way, the interaction involves
form (examples are given in fig. 5): relations of type (2) with precise (null) delays. The final
event2 < Temporal_constraints eventl A =Prev A Nec effects are produced by the starts and ends of influences,
The Temporal constraintselate the occurrences ebentl  following the relative position of the opposite influences.
andevent2. Nec represents the preconditions necessary to

the realization of the relation where&%ev are the precon- Rule 3 strong negative causation - causal limkpose; neg-
ditions preventing the relation. If the causal relation is uncerative effect.

tain (may_cause Or may_impose) ar[1ﬁabstract precondgion C impose not(E) {D}

«; is added in the body of the axiofConsoleet al., 1989.

The translation rules are given below. In a first step, we as- VIc3!Tp happens(end(E), Tp) <

sume that the causal relation antecedents only contain a single ) Ty = Tc + D Ainitiated(C, _TC) )
cause. Later on, we explain how a conjunction of causes can Rulé 3 is used to translate the causal rule 1.b (fig. 4) into
be treated as a single cause. The typefaces of cause symb&}§ axiom 2.b (fig. 5).

(boldface or underline) will be used to explain the treatment

of conjunctive causes. Rfl;letét weak negative causation - causal link.se; negative
. - . . . e eC :
Eengee#eittrong positive causation - causal likpose; posi- C cause not(E) {D} {RI|C'; impose E {D'}}
C impose E {D} VT3 TE happens(end(E), Tg) <
VTe3ITy happens(start(E), Tr) « Tg = Te +D A zm_tzated(C, Tc) A ~Prev
Ty = Te + D Ainitiated(C, T¢) wherePrev is the same as in Rule 2.
Rule 2 weak positive causation - causal linkuse; positive  Rule 5 influence of causation on end instants.
effect. . [CN]C cause/impose E {D}
C cause E {D} {R} | C', impose not(E) {D'}} {R!|C', cause E {D!},C', # C}
! . !
VT Tk happens(start(E), Tg) < {R}|C; impose E{Dj}},C ; # C}
Tg =Tc + D Ainitiated(C,T¢) A ~Prev VT T happens(end(E), Tg) «
The rulesR] leading tonot(E) are taken into account by Ty =Tc + D A terminated(C,Tc) A —~Prev
inserting the precondition Prev. This ensures thatart(E) —Prev is used to verify that no other cause produces the

does not happen during an interval wherg(E) is imposed effectE. Prev is the same as in rule 2 and 4.



VT3 Tg happens(start(Ch(y), Tr)

Tr = T Ninitiated(sparks, Tc) A (3T1, Ty holdsOnM ax(gasoline_loss, T1, To) NTy < Te AT < Ts
VT3 TE happens(start(Ch(), Tg)

Ty = Tc Ninitiated(gasoline_loss, Tc) A (311, T» holdsOnM az(sparks, Ty, To) ATy < Te ANTe < Th
VT happens(end(Cr),T) + terminated(sparks/gasoline_loss,T)
VT happens(end(Ca+),T) < terminated(gasoline_loss, T')

Figure 6: Event calculus domain axioms related to example 4 (fig. 4)

Rule @ end of a cause masking an effdgt 5 Application to diagnosis
] Our work originates from an application in diagnosis requir-
[CN]C impose not(E) {D} ing to deal with interacting faults. The problem is to ex-
{R;|[C/CN]C'; cause E {D;}} plain a set of imprecisely dated observations by a set of pos-

{R}|C; imposenot(E) {D}},C'; # C}}  sibly interacting faults. The observations are expressed by
statement&oldsOnM ax(Obs, Ty, T>) N\CT (Ty,T5), where
VI 3Ty happens(start(E), Tp) < T, andT; define the temporal interval on which the obser-
Tp =Tc + D Aterminated(C,Tc) A—PrevANec  vation Obs has been observed an@l specifies the con-
straints on this possibly imprecise interval. A candidate di-
If the delays are precisé? = [d,d] andD’ = [d',d'], then  agnosis is expressed by using predefined “abducible” pred-
Necindicates that a cause sustainiBgnust be present: icates: happens(start(IC;),T;), happens(end(IC;),T;)

\/3T;1, Tiz holdsOnMax(C;, Tiy, Tin) AN TC(Ts1, T, Tcr) associated with temporal constraints on the instdhtand
i T; and where thd C are initial faults. We are then faced to a

(3

The constraintd’C are: temporal abductive task as usual in a diagnostic context.
Th+d <Te+dNTec+d<Tp+d The domain knowledge is described by a set of causal re-

Previs the same asin rule 2, 4 and 5. lations using the formalism defined in 3 and automatically

Rule 6 is used to translate the causal rule 1.b (fig. 4) into th&anslated into the event calculus formalism as explained in

axiom 2.c (fig. 5). 4. A first solution would have been to make use of existing

If the delays are imprecise, we use the same transformaticaPductive tools. For instance, the ACLP framewfikaset
of causal relations as in rule 2, which adds intermediate influal., 1999 integrates abductive and constraint logic program-
ences. ming. As such, it is well adapted for encoding variants of

Due to lack of space, we do not give the precise translagvent calculus implementing abductive planning or schedul-

tion rules used when a minimal duratiMD of the cause is N9 tasks. But, for efficiency reasons - ACLP suffers from a
necessary for the effect to occur. This constraint is expressddck Of efficiency mainly due to its standard resolution strat-

using the predicat® oldsSince(P, Ty, T»): egy causing many backtracks - we decided to implement our
own algorithm which takes advantage of domain-dependent
holdsSince(P, Ty, T>) + initiated(P,Ty) A heuristics to cope with the inherent complexity of the ab-
= clipped(Ty, P, T») ductive task. This algorithm is described[i@rosclaude and
The preconditiorholdsSince(C, Ty, Ty) AT, — Ty >MD  Quiniou, 2000.
is used to constrain the duration of the cadse The method has been implemented in Java and experi-
mented on a real causal graph provided by EDF (Electricité
Conjunctive causes. de France) which contains about 500 nodes and 1000 arcs.

We have presented translation rules operating on causal réollowing the approach ifBrusoniet al, 1997, the consis-
lations with single antecedent. To deal with causal relationéency of temporal constraints is efficiently checked by testing
having multiple antecedents, the fluefit corresponding to the consistency ofa temporal constraints network every time
the conjunction of the causes (true when all the causes afonstraints are added, in order to reject an hypothesis as soon
true) is introduced. If the effect of the causal relation is not2s possible. The tests confirm that the approachis feasible de-
persistent, a second intermediate fluét is added, repre- SPite its inherent computational complexity. The system has
senting the part of the conjunction necessary for the persid?€en able to detect potential interaction cases. The graphical
tence of the effect (the “sustaining” part). The starpf  Interface displays the original causal graph as well as a graph-
corresponds to the start 6f,, butC'» ends only when one ical representatlonlof the_ axioms in the event calculus_ to the
cause of typ&eN ends. The axioms corresponding to exam-User, so as to let him notice the consequences of the interac-
ple 4 (fig. 4) are represented on fig. 6. During the translatioion and correct his model if he wants to. We are currently
proces_', or Cx is considered as the unique cause of thelnvestigating additional heuristics in order to reduce the com-
causal rule. The translation rules covering the multiple causeRutation time.

are those given before, whegis replaced _b)CA andC t_)y 6 Discussion

C+. If all the causes are of typ€, the unique cause is of
typeC. In the remaining cases, if one of the caus®8 the
unigue cause iI©S else the unique cause@\.

Deduction on a causal graph including negative effects have
been studied bjGazza and Torasso, 199%ausal relations



are categorized according to the relative position of the occurinteresting, especially when the system is evolving slowly and

rences of the cause and the effect. The considered propertisdien maintenance is expensive, to rely on the causal graph in

associated to causal relations, as one-shot or continuous aseder to detect the dates at which some repair is mandatory.

closed to ours. Nevertheless, since the property is associatéahother perspective is related to the interest of the ECG lan-

globally to the causal relation, it is not clear how conjunc-guage and its event-calculus translation for reasoning tasks

tive causes of different kinds can be dealt with. With regardnvolving actions and changes as in planning for instance.

to reasoning with opposite effects, a priority is associated to
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