
5. De
larative Diagnosis in the CLP s
hemeAlexandre Tessier and G�erard FerrandLIFO, BP 6759, F-45067 Orl�eans Cedex 2, Fran
eemail: fAlexandre.Tessier, Gerard.Ferrandg�inria.frWhen a result is 
omputed but it is 
onsidered as in
orre
t be
ause it is notexpe
ted, we 
onsider that we have a symptom (of error). The symptom maybe a wrong answer or a missing answer. The role of diagnosis is to lo
atean error, that is a limited program fragment responsible for the symptom.The notions of symptom and error have a meaning only w.r.t. some notion ofexpe
ted semanti
s. We 
onsider only de
larative semanti
s. The user does notneed to understand the operational behaviour of the CLP system. Symptomand error are 
onne
ted via some kind of tree and the diagnosis amounts tosear
h for a kind of minimal symptom in this tree. Several sear
h strategies arepossible. The prin
iples of an implementation are des
ribed, with a diagnosissession.5.1 Introdu
tionTo intuitively introdu
e the basi
 notions of symptom and error let us 
onsidera toy program in the paradigm 
lp(FD) :fa
(N,F) :- B#=1, aux(N,B,F).aux(N,B,P) :- N#=0, B#=P.aux(N,B,P) :- N#=M+1, C#=N, aux(M,C,P).with an expe
ted semanti
s su
h as:{ fa
 is the fa
torial fun
tion, that is fa
(N;F ), F = N !{ and aux(N;B; P ), P = N ! �B.So the last 
lause should be:aux(N,B,P) :- N#=M+1, C#=N*B, aux(M,C,P).For the goal: N#=<2, fa
(N,F) we have three 
omputed answer 
on-straints whi
h areF = 1, N = 0.F = 1, N = 1.F = 1, N = 2.A goal is the des
ription of a relation. Here the expe
ted relation is:F = 1; N = 0 or F = 1; N = 1 or F = 2; N = 2. So this 
omputed resultis 
onsidered as in
orre
t be
ause it is not expe
ted. Let us 
onsider that wehave a symptom (of error). But there are two ways to understand that thereis a symptom:



132 A. Tessier and G. FerrandFirstly we have a wrong answer, F = 1, N = 2.To be more formal, a way to express that it is a wrong answer is to say that,with respe
t to the expe
ted semanti
s of the program, the following logi
formula (of the form: 
omputed answer 
onstraint ) goal ) is false :F = 1 ^N = 2) N 6 2 ^ fa
(N;F )It is a �rst kind of symptom.Se
ondly we have a missing answer, F = 2, N = 2.Unlike the �rst kind of symptom, to be able to say that it is a missinganswer we have to take all the 
omputed answer 
onstraints into a

ount: Itis missing be
ause among these 
omputed answer 
onstraints we do not seeF = 2, N = 2.To be more formal, a way to express that it is a missing answer is to saythat, with respe
t to the expe
ted semanti
s of the program, the followinglogi
 formula is false :N 6 2 ^ fa
(N;F )) (F = 1 ^N = 0) _ (F = 1 ^N = 1) _(F = 1 ^N = 2)(sin
e with respe
t to the expe
ted semanti
s, for F = 2; N = 2, the left handside is true but the right hand side is false). It is a se
ond kind of symptom.So we have two kinds of symptoms: for a question (that is a goal) it ispossible to have several 
omputed answers C1 ; � � � ; Ci ; � � � so we may beinterested either in a single answer or in the sequen
e of all the answers. We
onsider that there are two levels of 
omputation and two kinds of results. Atea
h level the 
omputation is �nite : At a �rst level a result is a single Ci. IfCi is a wrong answer we have a symptom of the �rst kind. At a se
ond levelof 
omputation it is the sequen
e C1 ; � � � ; Ci ; � � � whi
h is the result. To bemore pre
ise, sin
e it is a �nite 
omputation, it is a sequen
e: C1 ; � � � ; Cn(terminated by \no more" answer). Finite failure is the parti
ular 
ase wheren = 0. If an expe
ted answer C is missing among C1 ; � � � ; Ci ; � � � we have asymptom of the se
ond kind. With these intuitive motivations we 
all positivethe �rst level, where there is the �rst kind of symptom, and we 
all negativethe se
ond level, where there is the se
ond kind of symptom ([5.8℄). It isbe
ause we are in a relational paradigm that these two levels are shown tobe so di�erent.From an intuitive viewpoint symptoms are \
aused" by errors. Roughlyspeaking an error is a limited program fragment responsible for the symptomand the role of diagnosis is to lo
ate the error.For the positive level, in our example, the 
lauseaux(N,B,P) :- N#=M+1, C#=N, aux(M,C,P)is erroneous and is responsible for the wrong answer F = 1, N = 2, that is tosay for the positive symptom whi
h is formalised by the (unexpe
ted) formula



5. De
larative Diagnosis 133F = 1 ^N = 2) N 6 2 ^ fa
(N;F )but it is possible to give more information about the \
ause" of a symptom: Inthis small example it is easy to understand that the symptom, that is fa
(2; 1)whi
h is false, 
omes from aux(2; 1; 1), whi
h 
omes from aux(1; 2; 1), whi
h
omes from aux(0; 1; 1). But aux(0; 1; 1) is true whereas aux(1; 2; 1) is false.This transition between true and false is through the erroneous 
lause andthe 
onstraint N = 1; B = 2; P = 1;M = 0; C = 1, sin
e it is for these valuesthat the body of the erroneous 
lause is true and its head is false. So the
onstraint gives more information about the \
ause" of the symptom. We
onsider that it is the pair made of this erroneous 
lause and this 
onstraintwhi
h is an error (in
orre
tness), 
alled positive error (positive in
orre
tness)be
ause it is responsible for the positive symptom.For the negative level the program fragment responsible for the symptomis a \pa
ket of 
lauses" (all the 
lauses beginning with a same predi
atesymbol): the intuitive reason is that some answers are missing be
ause some
lause instan
es are missing. In our example, the \pa
ket"aux(N,B,P) :- N#=0, B#=P.aux(N,B,P) :- N#=M+1, C#=N, aux(M,C,P).is erroneous and is responsible for the missing answer F = 2, N = 2., thatis to say for the negative symptom whi
h is formalised by the (unexpe
ted)formulaN 6 2 ^ fa
(N;F )) (F = 1 ^N = 0) _ (F = 1 ^N = 1) _(F = 1 ^N = 2)but it is possible to give more information about the \
ause" of a negativesymptom, like for the positive level. In this small example it is easy to un-derstand that there is again a transition between true and false through theerroneous \pa
ket" and a 
onstraint: With respe
t to the expe
ted semanti
s,aux(N;B; P ) is true for N = 1; B = 2; P = 2 but it is not possible to have oneof the two bodies: either N = 0; B = P or N = M + 1; C = N; aux(M;C; P )true for some values of M;C. A more formal way to express this is to saythat for N = 1; B = 2; P = 2 the formula9M9C (N = 0 ^ B = P ) _ (N = M + 1 ^ C = N ^ aux(M;C; P ))is false w.r.t. the expe
ted semanti
s. We 
onsider again that it is the pairmade of the erroneous \pa
ket" and the 
onstraint N = 1; B = 2; P = 2whi
h is an error (in
orre
tness), 
alled negative error (negative in
orre
t-ness) be
ause it is responsible for the negative symptom.The notions of symptom and error have a meaning only w.r.t. some no-tion of expe
ted semanti
s. We 
onsider only de
larative semanti
s and wepresuppose that, during a diagnosis session, the user is able to de
ide, forsome 
omputed answers, if they are wrong, or if some expe
ted answer is
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ti
e a 
omputed answer may be intri
ate, it is the origin ofthe presentation problem (stressed by Lloyd [5.5℄) whi
h may be a diÆ
ultyof de
larative diagnosis. However this presupposition is ne
essary to give ameaning to de
larative debugging questions. From a 
on
eptual viewpointthe user behaves like an ora
le whi
h is able to de
ide if something is wrongor missing (it is the same abstra
t notion of ora
le and the same theoreti
alframework if we 
an partially repla
e the user by a system using some formof spe
i�
ation for the expe
ted semanti
s of the program).The notion of positive symptom and positive error 
omes from Shapiro'sseminal work (wrong answer and in
orre
tness, [5.7℄).For the negative side, the notion of negative symptom and negative errordoes not 
orrespond to Shapiro's notions (missing answer and insuÆ
ien
y)whi
h need more 
omplex intera
tion with the ora
le. Theses notions 
omefrom W. Drabent, S. Nadjm-Tehrani, J. Ma luszy�nski (non 
ompletely 
overedatom, [5.2℄).The rest of the 
hapter is organised as follows. Se
tion 5.2 de�nes thetheoreti
al notions of symptom and error. Se
tion 5.3 de�nes the proof-treesand the diagnosis s
heme. Se
tion 5.4 des
ribes the diagnosis algorithms. Se
-tion 5.5 links the 
omputation of a result whi
h is a symptom with the proof-tree used in the diagnosis s
heme. Se
tion 5.6 des
ribes an implementation.Se
tion 5.7 shows a diagnosis session. Se
tion 5.8 presents a 
on
lusion andfuture work.5.2 Basi
 Notions of Symptom and ErrorWe use the basi
 theoreti
al notions of the CLP S
heme ([5.4℄). D is a 
on-straint domain. We 
onsider only de�nite programs, that is to say withoutnegation (thanks to disequations and global 
onstraints, negation as failureis less useful than in 
lassi
al Prolog). A program P is supposed to be nor-malised in su
h a way that only distin
t variables are allowed as predi
atearguments (all the links between variables are expressed by the 
onstraints).It is a fa
ility to simplify the explanation but it is not a loss of generality ofthe diagnosis method.An interpretation I for the language of the program is supposed to begiven. It is a formalisation of the expe
ted semanti
s of the program. I mustbe an expansion of D, that is to say that it adds to D an interpretation forthe new predi
ate symbols.The following de�nitions are intuitively motivated by the previous intro-du
tion.De�nition 5.2.1. C ! G (C 
onstraint, G goal) is a 
omputed positivesymptom (of P w.r.t. I) if C is a 
omputed answer for G, but C ! G isfalse in I.



5. De
larative Diagnosis 135De�nition 5.2.2. A positive error (positive in
orre
tness) (of P w.r.t. I) isa pair made up of a 
lause p(X) B in P and a 
onstraint C su
h that, forsome solution of C, B is true in I but p(X) is false in I.In some logi
 formulas we use the following notation : 9�AF means quan-ti�
ation over the variables of F whi
h have no o

urren
e in the expressionA. In the program P a \pa
ket" of 
lausesp(X) B1:::p(X) Bmis the set of all the 
lauses of P beginning with a same p. The \pa
ket" isalso 
alled the de�nition of the predi
ate p.The 
ompleted de�nition of the predi
ate p is the formulap(X)$ 9�p(X)(B1 _ � � � _ Bm)It 
an be rewritten as[p(X) 9�X(B1 _ � � � _ Bm)℄ ^ [p(X)! 9�X(B1 _ � � � _ Bm)℄p(X) 9�X(B1 _ � � � _Bm) is merely equivalent to p(X) (B1 _ � � � _Bm),whi
h is merely equivalent to the \pa
ket" of p.The other dire
tion: p(X)! 9�X(B1 _ � � � _Bm) 
annot be simpli�ed somu
h but it is going to be a useful notation. FI(P ) (only-if(P)) is the set ofthe formulasp(X)! 9�X(B1 _ � � � _ Bm)Remark that we 
ould also mention IF (P ), the set of the formulasp(X) 9�X(B1 _ � � � _ Bm)but it is merely equivalent to P . Usually the set of the 
ompleted de�nitionsis denoted by P �, it is equivalent to IF (P ) ^ FI(P ).De�nition 5.2.3. G ! 9�G(C1 _ � � � _ Cn) (Ci 
onstraints, G goal) is a
omputed negative symptom (of P w.r.t. I) if for the goal G there exists a�nite SLD-tree whose 
omputed answer 
onstraints are C1 ; � � � ; Cn, butG! 9�G(C1 _ � � � _ Cn) is false in I.Note that in the parti
ular 
ase n = 0 there is a �nite failure and in su
ha 
ase (C1 _ � � � _ Cn) is merely false so G! 9�G(C1 _ � � � _ Cn) is :G.De�nition 5.2.4. A negative error (negative in
orre
tness) (of P w.r.t. I)is a pair made up of p(X)! 9�X(B1 _ � � � _Bm) in FI(P ) and a 
onstraintC su
h that, for some solution of C, p(X) is true in I but 9�X(B1_� � �_Bm)is false in I.



136 A. Tessier and G. FerrandIn the rest of this se
tion we explain why, if there is a 
omputed positive(resp. negative) symptom then there is a positive (resp. negative) error. It is ashort and easy veri�
ation but this result is purely logi
al and non 
onstru
-tive. In the next se
tion we set out a re�nement of this result giving moreinformation about the 
onne
tion between symptom and error.Positive level: At �rst we re
all the basi
 soundness result ([5.4℄): If C is a
omputed answer 
onstraint for the goal G then P j=D C ! G, that is to sayC ! G is true in all the expansions of D whi
h are models of P . With regardto the question of the appli
ability to CLP systems with in
omplete solvers,it is interesting to remark that, for this kind of soundness, neither 
orre
tnessnor 
ompleteness is required for the solver (intuitively: if an in
omplete solverdoes not reje
t C, if C is unsatis�able then C ! G is true. If an in
orre
tsolver reje
ts C, C is not a 
omputed answer, even if it is satis�able).Let C ! G be a 
omputed positive symptom. It is false in I so, thanksto the previous soundness result, I is not a model of P so there is in P some
lause p(X) B whi
h is false in I , so for some assignment a in D, (namelyfor some values in D), B is true in I but p(X) is false in I . Su
h a 
ould givesome information about the \
ause" of symptoms. To have a positive errorit is suÆ
ient to take a C su
h as a is solution of C. There is always su
h aC, e.g. true. However the more pre
ise C is, the more informative it is.Negative level: Similar explanation, using another basi
 soundness result: Iffor the goal G there is a �nite SLD-tree whose 
omputed answer 
onstraintsare C1 ; � � � ; Cn, then FI(P ) j=D G! 9�G(C1 _ � � � _ Cn).It is interesting to remark that now, for this kind of soundness, 
orre
tness(but not 
ompleteness) is required for the solver (intuitively: a satis�able Ci
annot be removed from the 
on
lusion of the impli
ation, but an unsatis�-able Ci 
an be added).5.3 Conne
tion between Symptom and Error viaProof-TreesNow we 
onsider a notion of symptom whi
h is more general than a 
om-puted symptom. Intuitively in these symptoms the 
onstraint may be moreinformative than in a 
omputed symptom.De�nition 5.3.1. C 0 ^ C ! G (C;C 0 
onstraints, G goal) is a positivesymptom (of P w.r.t. I) if C is a 
omputed answer for G, but C 0 ^ C ! Gis false in I.So if C 0 = true the symptom is a 
omputed symptom. Likewise:De�nition 5.3.2. C 0 ^G! 9�G(C1 _ � � � _Cn) (C 0; Ci 
onstraints, G goal)is a negative symptom (of P w.r.t. I) if for the goal G there exists a �nite



5. De
larative Diagnosis 137SLD-tree whose 
omputed answer 
onstraints are C1 ; � � � ; Cn, but C 0^G!9�G(C1 _ � � � _ Cn) is false in I.At ea
h level of 
omputation, we 
an get a logi
al representation of the
omputation as a tree. This tree is a proof-tree a

ording to some rules asusual in logi
al formalisms. The rules and the proof-trees are not the samefor the two levels of 
omputation but the diagnosis s
heme is the same andit is easy to explain it be
ause at ea
h level the diagnosis amounts to sear
hfor a kind of minimal symptom in this tree.To 
learly explain what are the rules and the proof-trees we use a newtoy theoreti
al example: The program isp(X) q(X); r(X):q(X) X > 0:q(X) X < 0:r(X) X < 1:and the goal is p(X).At the positive level a 
omputation is a SLD-derivation. In our examplefor the goal p(X) there is a SLD-derivation giving the 
omputed answer X >0 ^X < 1. We 
an 
onsider this 
omputation as a proof of the formula X >0 ^X < 1! p(X) and to be more pre
ise we 
an 
onsider the 
omputationas the 
onstru
tion of the following tree:X > 0! X > 0X > 0! q(X) X < 1! X < 1X < 1! r(X)X > 0 ^X < 1! X > 0 ^ r(X)X > 0 ^X < 1! q(X) ^ r(X)X > 0 ^X < 1! p(X)Su
h a tree is made of rules and is 
alled a proof-tree a

ording to theserules. There are two kinds of rules:{ For ea
h 
lause p(X) B in P , a \program" ruleC 0 ! BC ^ C 0 ! C ^ p(X){ and the \logi
al" rules. In our framework it is 
onvenient to 
onsider allthe rules(C1 ! G1); � � � ; (Cn ! Gn)C ! Gwhere C ! G is a logi
al 
onsequen
e of (C1 ! G1); � � � ; (Cn ! Gn).These rules are 
alled logi
al rules. For example we 
an get the previousproof-tree with the two following rules:



138 A. Tessier and G. FerrandC ! G C 0 ! C ^G0C 0 ! G ^G0C ! CBut from the same 
omputation giving the same answer we 
an also ex-tra
t another proof-tree:X > 0 ^X < 1! X > 0X > 0 ^X < 1! q(X) X > 0 ^X < 1! X < 1X > 0 ^X < 1! r(X)X > 0 ^X < 1! q(X) ^ r(X)X > 0 ^X < 1! p(X)We 
an get this se
ond proof-tree with the \program rule" and the fol-lowing \logi
al" rules:C ! G1 � � � C ! GnC ! G1 ^ � � � ^GnC ^ C1 ^ � � � ^ Cn ! CSo for ea
h 
omputed answer 
onstraint C for a goalG, the formula C ! Gis the root of various proof-trees, 
alled (positive) proof-trees, a

ording tothese various rules, and ea
h of these proof-trees 
an be easily obtained fromthe 
omputation namely from the 
orresponding SLD-derivation.In parti
ular if C ! G is a 
omputed (positive) symptom then it is theroot of various (positive) proof-trees. Let us 
onsider su
h a proof-tree. Ea
hnode of this proof-tree is labelled by a C 0 ! G0. It may be a symptom node(the root is a symptom node). Let us 
onsider the notion of minimal symptomnode where \minimal" is de�ned w.r.t the binary relation: x 
hild of y. So anode is a minimal symptom node if it is a symptom node but no 
hild of itis a symptom node.To ea
h node of the proof-tree there is a rule whi
h is asso
iated (the labelC ! G of the node is the 
on
lusion of the rule). Clearly in a \logi
al" rule,if the hypotheses are not symptoms then the 
on
lusion is not a symptom.So the rule whi
h is asso
iated to a minimal symptom node 
annot be a\logi
al" rule so ne
essarily it is a \program" ruleC 0 ! BC ^ C 0 ! C ^ p(X)Moreover, in this program rule, for some solution of C ^ C 0, p(X) is false inI (sin
e C ^C 0 ! C ^ p(X) is a symptom), but B is true in I (sin
e C 0 ! Bis not a symptom), so the 
lause p(X) B and the 
onstraint C ^C 0 of thisprogram rule give a positive error.



5. De
larative Diagnosis 139Clearly there are always minimal symptoms (sin
e proof-trees are �nite)and any way to �nd a minimal symptom in a positive proof-tree gives thelo
alisation of a positive error. Moreover, to �nd a minimal symptom thefollowing method is suÆ
ient: To 
onsider only 
on
lusions of program rules(nodes of the form C ^C 0 ! C ^p(X)), and to sear
h for minimal symptomswith respe
t to these nodes. So we have to test formulas C ^ C 0 ! C ^ p(X)for symptoms. But su
h a test amounts to querying (the ora
le) whetherC ^ C 0 ! p(X) is expe
ted, namely is true in I .At the negative level a 
omputation is a �nite SLD-tree. In our examplefor the goal p(X) there is a �nite SLD-tree giving the 
omputed answers(X > 0^X < 1) and (X < 0^X < 1). We 
an 
onsider this 
omputation asa proof of the formula p(X) ! (X > 0 ^X < 1) _ (X < 0 ^X < 1) and tobe more pre
ise we 
an 
onsider the 
omputation as the 
onstru
tion of thefollowing tree:X>0!X>0 X<0!X<0q(X)! X > 0 _X < 0 X < 1! X < 1X>0^r(X)!X>0^X<1 X < 1! X < 1X<0^r(X)!X<0^X<1q(X) ^ r(X)! (X > 0 ^X < 1) _ (X < 0 ^X < 1)p(X)! (X > 0 ^X < 1) _ (X < 0 ^X < 1)Su
h a tree is made of rules and is 
alled a proof-tree a

ording to theserules. There are two kinds of rules (with, as usual, appropriate 
onditions onthe free variables, whi
h are not detailed here):{ For ea
h p(X)! 9�X(B1 _ � � � _ Bm) in FI(P ), a \program" rulefor i : Bi ! 9�Bi Wj CijC ^ p(X)! 9�Cp(X)WiWj C ^ Cij{ and \logi
al" rules, for exampleG! 9�GWi Ci for i : Ci ^G0 ! 9�CiG0 Wj CijG ^G0 ! 9�GG0 WiWj CijC ! CSo if for a goal G there is a �nite SLD-tree whose 
omputed answer 
on-straints are C1 ; � � � ; Cn, then the formula G! 9�G(C1_� � �_Cn) is the rootof various proof-trees, 
alled (negative) proof-trees, a

ording to these rules,and ea
h of these proof-trees 
an be easily obtained from the 
omputationnamely from the 
orresponding SLD-tree ([5.3℄, [5.6℄).In parti
ular if G! 9�G(C1_� � �_Cn) is a 
omputed (negative) symptomthen it is the root of various (negative) proof-trees. Let us 
onsider su
h aproof-tree, in whi
h ea
h node is labelled by a G0 ! 9�G0(C 01 _ � � � _ C 0n). Anode may be a symptom node (the root is a symptom node). Let us 
onsiderthe notion of minimal symptom node where \minimal" is de�ned w.r.t the



140 A. Tessier and G. Ferrandbinary relation: x 
hild of y. So a node is a minimal symptom node if it is asymptom node but no 
hild of it is a symptom node.To ea
h node of the proof-tree there is a rule whi
h is asso
iated (the labelG! 9�G(C1 _ � � � _Cn) of the node is the 
on
lusion of the rule). Clearly ina \logi
al" rule, if the hypotheses are not symptoms then the 
on
lusion isnot a symptom. So the rule whi
h is asso
iated to a minimal symptom node
annot be a \logi
al" rule so ne
essarily it is a \program" rulefor i : Bi ! 9�Bi Wj CijC ^ p(X)! 9�Cp(X)WiWj C ^ CijMoreover in this program rule, for some solution of C, sin
e C ^ p(X) !9�Cp(X)WiWj C ^Cij is a symptom, p(X) is true in I but 9�Cp(X)WiWj C ^Cij is false in I . But the Bi ! 9�Bi Wj Cij are not symptoms. Let us suppose9�X(B1_� � �_Bm) is true in I , then, for some i, 9�XBi is true, so 9�Bi Wj Cijis true, so 9�Cp(X)WiWj C^Cij is true whi
h is a 
ontradi
tion. So 9�X(B1_� � � _Bm) is false in I . So p(X)! 9�X(B1 _ � � � _Bm) and the 
onstraint Cof this program rule give a negative error.Clearly there are always minimal symptoms (sin
e proof-trees are �nite)and any way to �nd a minimal symptom in a negative proof-tree gives the lo-
alisation of a negative error. Moreover, to �nd a minimal symptom the follow-ing method is suÆ
ient: To 
onsider only 
on
lusions of program rules (nodesof the form C ^ p(X) ! 9�Cp(X)WiWj C ^ Cij), and to sear
h for minimalsymptoms with respe
t to theses nodes. Su
h a minimal symptom 
an be foundby testing if some C ^p(X)! 9�Cp(X)WiWj C ^Cij are symptoms. But thistest amounts to querying (the ora
le) whether C^p(X)! 9�Cp(X)WiWj Cijis expe
ted, namely is true in I .5.4 Diagnosis AlgorithmSo for ea
h level of 
omputation we have a notion of proof-tree. And anyway to �nd a minimal symptom in a proof-tree gives the lo
alisation of anerror. Let us 
onsider a proof-tree rooted by a (
omputed) symptom. Thediagnoser queries the ora
le about the labels of the nodes of the proof-tree,it is a test: \is this a symptom?". The ora
le does not need to understandthe operational behaviour of the system.The obje
tive of the diagnoser is to lo
ate a minimal symptom (a minimalsymptom node). With this end in view the diagnoser uses a strategy in orderto 
hoose the node whi
h 
orresponds to the next query to the ora
le.Let us assume that ea
h node of the proof-tree 
an be either expe
ted (itis not a symptom) or unexpe
ted (it is a symptom) or unknown (it is notyet determined). The diagnosis algorithm is the following:



5. De
larative Diagnosis 141while no minimal symptom appears in the proof tree
hoose an unknown node a

ording to some strategyquery the ora
le about the 
hosen node in order to determine if it isexpe
ted or unexpe
tedshow the error asso
iated with a minimal symptomIt is easy to show that this algorithm is 
orre
t and that it is 
omplete in thesense that it always founds an error (the proof-tree is �nite).In general the ora
le is the user and we have to take into a

ount the fa
tthat the user 
annot answer some queries of the diagnoser. Thus we have afourth 
ategory of nodes: the dontask nodes (the ora
le 
annot determineif it is a symptom). It is trivial to see that this possibility involves thatthe diagnoser is not always able to lo
ate a minimal symptom. Moreover itinvolves that the strategies used to 
hoose a node are more intri
ate andsometimes 
annot 
hoose a node.As an example, we des
ribe here the strategies Top-Down and Di-vide&Query whi
h are the most useful in pra
ti
e.The Top-Down strategy follows a path of unexpe
ted nodes from the rootuntil it rea
hes an unknown node. This unknown node is the 
hosen node.Be
ause of the dontask nodes, this strategy does not always �nd a node toquery (see Fig 5.7). It looks like a pre�x traversal of the proof-tree where sub-proof-trees rooted by an expe
ted or dontask node are removed (see Fig. 5.1).The relation topdown(Node; ChosenNode) provides the node 
hosen(ChosenNode) by the Top-Down strategy in the tree rooted by Node. Ifthe strategy 
annot 
on
lude ChosenNode = notfound.topdown(Node; ChosenNode)���������� if Node is unknown�������� then Node = ChosenNodeelse if Node is unexpe
ted���� then topdown0(
hildren(Node); ChosenNode)else ChosenNode = notfoundtopdown0([℄; notfound)topdown0([NodejChildren℄; ChosenNode)�������� topdown(Node; ChosenNode0)if ChosenNode0 = notfound���� then topdown0(Children; ChosenNode)else ChosenNode = ChosenNode0Fig. 5.1 shows an example of proof-tree and the node 
hosen by the Top-Down strategy. The proof-tree is drawn as usual: the root of the proof-tree isat the top of the drawing, the parent relation of the proof-tree links a nodewhi
h is the 
on
lusion of a rule with its hypotheses whi
h are its 
hildrenon the drawing. In the drawing the following notation are used: unexpe
ted



142 A. Tessier and G. Ferrandnodes are labelled by \N", expe
ted nodes by \Y", dontask nodes by \X" andunknown nodes by \?").
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Fig. 5.1. Top-Down StrategyThe basi
 prin
iple of the Divide&Query strategy is to 
hoose a node inorder to divide the sear
h spa
e in two parts:{ if the node is expe
ted, the subtree rooted by this node 
an be removedfrom the sear
h spa
e,{ if the node is unexpe
ted, ea
h node whi
h is not a des
endant of this node
an be removed from the sear
h spa
e.The point is to 
hoose a node su
h that there is as mu
h unknown nodes inits subtree as out of its subtree (
onsidering that all subtrees rooted by anexpe
ted node are removed from the sear
h spa
e). Note that it is not alwayspossible to have as mu
h unknown nodes in the subtree as out of it, but thestrategy 
hooses the nodes whi
h is the most near this 
ondition.The Divide&Query strategy here is an improvement of the Divide-and-query strategy of [5.7℄. It really 
hooses the best node (that is the node whi
hbetter divides the sear
h spa
e in two parts) and it takes into a

ount dontasknodes and the fa
t that the strategy may be 
hanged during a diagnosissession.The tree 
onsidered is the tree rooted by an unexpe
ted node with theleast number of unknown and dontask nodes, but where a minimal symptomis always possible (remember the dontask nodes).In Fig. 5.2 we use the same notations as in the previous example. In addi-tion, the integer at the left of the nodes is the number of unknown or dontasknodes in their subtrees. The 1st subtree and the 4th subtree are not 
onsid-ered be
ause of the dontask nodes: if the unknown nodes are expe
ted nominimal symptom 
an be dete
ted. The 3rd subtree is 
onsidered be
ause thenumber of unknown nodes is lower than in the 2nd subtree. The 3rd subtreehas 5 unknown nodes so the Divide&Query strategy 
hooses the root of the



5. De
larative Diagnosis 143subtree with 3 unknown nodes: when the user answer the query the subtreewill have 2 unknown nodes inside and 2 unknown nodes outside ((5� 1)=2).
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Fig. 5.2. Divide&QueryStrategyIt is possible to build pathologi
al 
ases (where whatever node you 
hoosethere is few nodes in one side and a lot of nodes in the other side) but inpra
ti
e this strategy queries about log2(N) nodes (where N is the numberof unknown nodes). For instan
e, in a proof-tree with 1,000,000 nodes thereis less than 20 queries (try to �nd an error without de
larative diagnosis!).5.5 Abstra
t Proof-TreesAs said previously, only the nodes whi
h 
orresponds to 
on
lusion of pro-gram rules 
an be minimal symptom nodes. So, in order to de
rease the size(number of nodes) of proof-trees, we de�ne abstra
t proof-trees. Let us assumethat a proof tree is given, the abstra
t proof tree whi
h 
orresponds to theproof tree is de�ned as follow:1. the root of the abstra
t proof-tree is the root of the proof-tree,2. y is a 
hild of a node x in the abstra
t proof-tree if{ y is the 
on
lusion of a program rule in the proof tree,{ y is a des
endant of x in the proof-tree,{ and there is no other 
on
lusion of program rules between x and y inthe proof-tree.The abstra
t proof trees A whi
h 
orresponds to a proof tree B 
an be alsode�ned as an abstra
tion of the proof tree B in the sense of Chapter 8: allthe 
on
lusion of program rules are sele
ted (in addition of the root).In the following we say proof-tree instead of abstra
t proof-tree.



144 A. Tessier and G. FerrandThe user invokes the diagnoser when a (positive or negative) symptomappears at the end of a (positive or negative) 
omputation. The 
omputationis either a SLD-derivation (a bran
h of a SLD-tree) or a SLD-tree. But thediagnoser uses a proof-tree!The point is that it is possible to 
ompute dire
tly a (positive or negative)proof-tree rooted by the (positive or negative) 
omputed symptom from a(positive or negative) 
omputation, that is from (a bran
h of) a sear
h-tree.In order to simplify, the 
omputation rule is assumed to be without 
o-routining (for instan
e the standard 
omputation rule of Prolog), then proof-trees 
an be dedu
ed from sear
h-tree using the notion of erasing de�nedbelow. [5.6℄ shows an extension to any 
omputation rule.The main useful notion is: let x and y be two nodes of the sear
h-tree, yis a node where x is erased if{ Ai is the atom sele
ted at the node x in its goal (the goal on x isA1; : : : ; Ai; : : : ; An and the store is C),{ y is a des
endants of x where Ai is fully solved (the goal on y isA1; : : : ; Ai�1; Ai+1; : : : ; An and the store is C ^ C 0 where C 0 is a 
om-puted answer to Ai).Let x be a node of the sear
h-tree, we denote by{ store(x) the set of 
onstraints a

umulated from the root until the node x,{ sele
t(x) the atom sele
ted at the node x in its goal,{ erased(x) the set of nodes where x is erased,{ st
hildren(x) the set of 
hildren of x in the sear
h-tree.Let C be a 
omputed answer 
onstraint for the goal G su
h that C ! Gis a positive symptom. C is made of the 
onstraints a

umulated along asu

ess bran
h of the sear
h-tree. The set of nodes of this bran
h is denotedby bran
h.In order to de�ne the positive proof tree whi
h 
orresponds to the positivesymptom 
omputed, we have to determine:1. the root of the proof-tree;2. the binary relation: x 
hild of y in the proof-tree;3. the formula (query) whi
h labels a node of the proof-tree.We 
onsider, in order to simplify, that the nodes of the proof-tree are a subsetof the nodes of the sear
h-tree, but the labels of a node is di�erent dependingon whether it is 
onsidered as a node of the proof-tree or a node of thesear
h-tree.First, the root of the positive proof-tree is the root of the sear
h-tree.Se
ondly, the list L of 
hildren of a node x of the positive proof-tree isgiven by the relation +
hildren:
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larative Diagnosis 145+
hildren(x; L)��������fyg = st
hildren(x) \ bran
hif y 2 erased(x)���� then L = [℄else + 
hildren0(x; y; L1); L = [yjL1℄+
hildren0(x; y; L)��������fzg = erased(y) \ bran
hif z 2 erased(x)���� then L = [℄else + 
hildren0(x; z; L1); L = [zjL1℄Finally, the formula asso
iated with a node x of the positive proof-treeis store(y) ! sele
t(x) where y is the su

ess leaf of bran
h. We use the
onstraint store(y) in the formula be
ause it is the most pre
ise we 
an know,but as said in Se
tion 5.3 there exists various proof-trees.For example, let us 
onsider the small program (without 
onstraints andvariables to be more 
on
ise, in other words the 
onstraints are always true):p q; r:p q; a:r  a:q  w:w:a z:a:The positive proof-tree whi
h 
orresponds to the �rst answer to the goal pis given by Fig. 5.3. The nodes of the sear
h-tree used by the proof-tree havebeen dupli
ated for the legibility of the drawing. The sele
ted atom in thegoals is underlined in the sear
h-tree. For example, p has two 
hildren in thepositive proof-tree: its 
hild q in the sear
h-tree, the node r where q is erased.Note that the node � where r is erased is also the node where p is erased.On Fig. 5.3 you 
an re
ognise a more 
lassi
al notion of proof-tree in logi
programming (a node 
orresponds to the head of a 
lause of the program andits 
hildren 
orrespond to the body of the 
lause).Let C1; : : : ; Cn be the 
omputed answer 
onstraints for the goal G su
hthat G! 9�G(C1 _ � � � _ Cn) is a negative symptom.In order to de�ne the negative proof tree whi
h 
orresponds to the nega-tive symptom 
omputed, we have to determine:1. the root of the proof-tree;2. the binary relation: x 
hild of y in the proof-tree;3. the formula (query) whi
h labels a node of the proof-tree.
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Fig. 5.3. From a bran
hof the sear
h-tree to thepositive proof-tree.First, the root of the negative proof-tree is the root of the sear
h-tree.Se
ondly, the list L of 
hildren of a node x of the negative proof-tree isgiven by the relation �
hildren:�
hildren(x; L)���� let S be the list of nodes of (st
hildren(x) n erased(x))�
hildren0(x; S; L)�
hildren0(x; [℄; [℄)�
hildren0(x; [yjS℄; [yjL℄)�������
hildren00(x; y; L1)�
hildren0(x; S; L2)append(L1; L2; L)�
hildren00(x; y; L)���� let S be the list of nodes of (erased(y) n erased(x))�
hildren0(x; S; L)Finally, the formula asso
iated with a node x of the negative proof-treeis store(x) ^ sele
t(x)! Wy2erased(x) store(y).For example, let us 
onsider again the previous program:p q; r:p q; a:r  a:q  w:w:a z:a:



5. De
larative Diagnosis 147The negative proof-tree whi
h 
orresponds to the sear
h-tree for the goal pis given by Fig. 5.4. The nodes of the sear
h-tree used by the proof-tree havebeen dupli
ated for the legibility of the drawing. The sele
ted atom in thegoals is underlined in the sear
h-tree. For example, p has four 
hildren in thenegative proof-tree: its 
hildren q and q in the sear
h-tree, the node r wherethe �rst q is erased, the node a where the se
ond q is erased. Note that thenodes where r and a are erased are also the nodes where p is erased.
w,a

p

q,r

w,r

r

q,a

a

za

z

p

Search Tree

q ar q

w a z

z

w

Negative Proof Tree

Fig. 5.4. From thesear
h-tree to the nega-tive proof-tree.5.6 ImplementationThe positive part of the de
larative diagnoser has been implemented andtested on the INRIA platform: TkCalypso, developed in the DiSCiPl proje
t.At the time of writing this book, implementation of the negative part is inprogress.TkCalypso is an extension of GNU-Prolog [5.1℄. It in
ludes a graphi
al in-terfa
e (Fig. 5.5) and some debugger modules. Ea
h module 
an be plugged orunplugged. Fig. 5.6 shows the stru
ture of TkCalypso with the three modulesthat are a
tually implemented: sear
h-tree visualisation, stati
 debugger andde
larative diagnoser. Communi
ations between GNU-Prolog and the mod-ules and the graphi
al interfa
e are handled by the \Core/Gestionnary" pa
k-ages. This se
tion des
ribes the main features of the module 
alled \De
lar-ative Diagnoser".When a goal is given to TkCalypso, it stores informations on the sear
h-tree in order to re
ompute it eÆ
iently and make post-mortem analysis ofthe sear
h-tree.
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Fig. 5.5. Graphi
al interfa
e: a positive symptom

Core

Gestionnary

Declarative Diagnoser

Static Debugger

Search Tree

GNU-Prolog GUI (Tcl/Tk)

Fig. 5.6. Ar
hite
tureof the TkCalypso plat-form.



5. De
larative Diagnosis 149If the user noti
es a 
omputed symptom, then the de
larative diagnoseris 
alled and the parent relation of the (positive or negative) proof-tree is
omputed dynami
ally from the sear
h-tree.On
e we have a (positive or negative) proof-tree, the diagnosis prin
iple isalways the same: 
hoose a node of the proof-tree (a

ording to some strategy),
he
k if it is expe
ted or not expe
ted, until a minimal symptom is founded.Several strategies have been implemented in order to 
hoose the nodeto query: Top-Down, Bottom-Up, Divide&Query, Nearby-Error and User-Guided (Top-Down and Divide&Query are des
ribed in Se
tion 5.4).Built-in predi
ates are known as 
orre
t predi
ates, but also user predi-
ates 
ould be known as 
orre
t. For example, when the stati
 analysis (seeChapter 2) has proved their 
orre
tness. Another example is when the useris 
onvin
ed that some predi
ates are 
orre
t. So the user 
an set a list of
orre
t predi
ates, whi
h will be used by the diagnoser.It is possible that the user does not want to be questioned on some pred-i
ates. For example, the semanti
s of the predi
ate is very intri
ate and theuser want to suspend the queries on that predi
ate as long as possible. Sothe user 
an set a list of predi
ates whi
h must not be questioned.The status of a node of the proof-tree is more pre
ise that the ones des
ribein Se
tion 5.4, be
ause we want to know the origin of this status, it 
an be:{ unknown when the predi
ate asso
iated to the node is not a built-in andthe node has not been queried,{ expe
ted(user) when the user said that the node is expe
ted,{ expe
ted(list) when the predi
ates asso
iated to the node is in the list of
orre
t predi
ates (when the user is 
onvin
ed that the predi
ate is 
orre
t),{ expe
ted(system) when the predi
ate asso
iated to the node is a built-inpredi
ate (the are not suspe
ted!),{ unexpe
ted(user) when the user said that the node is not expe
ted,{ dontask(user) when the user does not want to answer the query asso
iatedto the node (for example the query is very intri
ate), note that the user
an 
ome ba
k later to the query asso
iated with this node,{ dontask(list) when the predi
ates asso
iated to the node is in the list ofpredi
ates that the user does not want to answer (for example the userdoes not know the semanti
s of the predi
ates or the user wants to delaythe queries about the predi
ate).The user has the possibility to dynami
ally add some predi
ates to thelist of 
orre
t predi
ates or remove some predi
ates from it. If the user addsa predi
ate, ea
h unknown or dontask( ) node 
on
erning the predi
ate islabelled by expe
ted(list); if a node is unexpe
ted(user) then the problemis given to the user: either remove the predi
ate from the 
orre
t predi
atelist or label the node as expe
ted(user). When the user removes a predi
ateof the list, ea
h expe
ted(list) node 
on
erning the predi
ate are labelled byunknown.
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an also 
hange dynami
ally the list of predi
ates whi
h mustnot be questioned. If the user adds a predi
ate to the list, ea
h unknown node
on
erning the predi
ate be
omes a dontask(list) node. If the user removesa predi
ate of the list, ea
h dontask(list) node 
on
erning the predi
ate be-
omes an unknown node.

Fig. 5.7. De
larative Diagnoser Interfa
eThe graphi
al interfa
e (see Fig.5.7) of the diagnoser works like an hyper-text navigator: the user 
an navigate between queries, be
ause its answers areseen as hyper-link between queries (it is possible to go ba
k, go forward, seean history...). The proof-tree is displayed with informations about the nodes.For example, the user 
an see the status of a node{ with 
olours: red = unexpe
ted, grey = unknown, blue = dontask, green =expe
ted,{ and with shades: light = system, medium = user, dark = list.The user 
an also 
hoose the query with the mouse on the proof tree: it isthe \User Guided" strategy.



5. De
larative Diagnosis 151The query C ! A is displayed as A :- 9�AC. The diagnoser uses a trivialstore simpli�
ation in order to simplify the 
onstraint 9�AC in the query.But this point has to be improved (this is dis
ussed later in Se
tion 5.8).5.7 A Diagnosis SessionLet us 
onsider the following Qui
kSort program whi
h is intended to sort alist of �nite domain terms:qs([℄, [℄).qs([Pivot | List℄, SortList) :-partition(Pivot, List, MinList, MaxList),qs(MinList, SortMinList),qs(MaxList, SortMaxList),append([Pivot|SortMinList℄, SortMaxList, SortList).partition(_, [℄, [℄, [℄).partition(Pivot, [X | List℄, [X | MinList℄, MaxList) :-X #< Pivot,partition(Pivot, List, MinList, MaxList).partition(Pivot, [X | List℄, MinList, [X | MaxList℄) :-X #> Pivot,partition(Pivot, List, MinList, MaxList).In the expe
ted model of qs(A,B) A is a list of distin
t �nite domain terms,B is a permutation of A and B is an in
reasing list (for example X < 5 !qs([5; X; 7℄; [X; 5; 7℄) is expe
ted). In the expe
ted model of partition(A,B, C, D) A is a �nite domain term, B is a list of �nite domain terms, C isthe list of members of B whi
h are lower than A, D is the list of members ofB whi
h are greater than A, B is obtained by a fusion of C and D.Fig. 5.5 shows that for the goal qs([12,X,Y,6,Z℄,L) the �rst answer is:L = [12, #2(8..11), #23(7..10), 6, #44(0..5)℄X = #2(8..11)Y = #23(7..10)Z = #44(0..5)(X = #2(8..11) means that X is a �nite domain variable whose domainis 8::11). It is a positive symptom: L is not an in
reasing list. So we 
allthe positive de
larative diagnoser module of TkCalypso and a new windowappears on the s
reen, with a drawing of the positive proof tree.The diagnoser queries the user on some nodes of the proof-tree. For ex-ample in Fig. 5.8, the user will answer (
li
k on) \Not Expe
ted" be
ause thelast 
onstraint in the store is #44(0..5) #< 6, so [6, #44(0..5)℄ is not anin
reasing list. The store simpli�
ation has been disabled on the �gure andwe see that without simpli�
ation the store qui
kly be
omes unreadable.
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Fig. 5.8. A query



5. De
larative Diagnosis 153After several queries the diagnoser �nds a minimal symptom and showsthe 
orresponding error. Fig 5.9 shows an error, �rst it displays the in
orre
t
lause and next the error: a 
lause instan
e and a 
onstraint store. The prob-lem is that in append([A|F℄,G,C) the pivot A should be between the list Fand the list G: append(F,[A|G℄,C).

Fig. 5.9. An errorSometimes it is not easy to �x the error provided by the de
larative di-agnoser, but the user is sure that the 
lause is in
orre
t, so the user doesnot need to sear
h elsewhere in the program. Thus de
larative diagnosis isvery eÆ
ient espe
ially for large programs (with a lot of 
lauses) or for large
omputations (sear
h-tree with a lot of nodes). It is also a good tool foredu
ational purpose.5.8 Con
lusionThe main remaining task 
on
erns the intera
tion with the ora
le.Of 
ourse, answers to previous queries may be used by the de
larativediagnoser in order to automati
ally answer to some other queries: Let us
onsider a query \C ! A expe
ted?" If it is stored that C 0 ! A is expe
tedand if C ! C 0 is true then C ! A is expe
ted. If it is stored that C 0 ! Ais unexpe
ted and if C 0 ! C is true then C ! A is unexpe
ted. Likewise forthe negative side.
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