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1 IntroductionThe general principle of declarative diagnosis of constraint logic programsis explained in [1]. An extension of the negative part to any computationrule is decribed in [5]. This report clarify how it has been implemented inCalypso, the INRIA plate-forme.We brie
y remind the reader of this principle. For constraint logic programstwo semantics may be considered:Positive SemanticsA positive answer to a goal  g is the traditional notion of answer,that is the store (set of contraints) S computed by a �nite success SLDderivation from the goal  g.The notion of positive computation is the notion of SLD-derivation.The relation between the goal  g and a positive answer S is formal-ized using the implication S ! g.Negative SemanticsThe negative answer to a goal  g is the disjunction of the positiveanswers to the goal  g, that is the set of stores Z computed by a�nite SLD tree (the set of stores associated to the success leaves of theSLD tree).The notion of negative computation is the notion of SLD-tree.The relation between the goal  g and the negative answer Z isformalized using the implication g ! Z.Computations are described using the notion of proof tree skeleton (see[2, 8]). A positive computation is described by a sequence of proof treeskeletons. A negative computation is a tree whose nodes are proof treeskeletons.A notion of (positive or negative) proof tree is associated to each (positiveor negative) answer.Sometimes, a (positive or negative) computation provides a symptom: thatis, a (positive or negative) answer which is not expeceted. There is two kindsof symptom: 6
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Figure 1: Notion of minimal symptom in a proof treePositive Symptomwhen S ! g is not in the expected semantics (positive symptom cor-respond to the classical notion of wrong answer);Negative Symptomwhen g ! Z is not in the expected semantics (negative symptomcorrespond to the classical notion of missing answer).Let us consider the proof tree T which corresponds to a (positive or negative)symptom.To each node N of the proof tree is associated a formula F(N). Let N bea node of the proof tree and N1; : : : ; Nn be the children of N ; the point isthat: F(N1) ^ � � � ^ F(Nn)! F(N) is a consequence of the program (moreprecisely, the if-and-only-if part of the program, see [1]). The formula asso-ciated to the root of the proof tree is the (positive or negative) unexpectedanswer.Some formulas associated to the nodes of the proof tree are unexpected(others are expected), they are also (positive or negative) symptoms.The goal of declarative diagnosis is to �nd a minimal symptom (wrt theparent relation in the proof tree) and then to show to the user the piece ofcode used to demonstrate that F(N1)^� � �^F(Nn)! F(N), where N is thenode associated to the minimal symptom and N1; : : : ; Nn are its children.Figure 1 shows a proof tree with 3 minimal symptoms.7



The point is that there is no di�erence between positive and negative diag-nosis, except the notion of proof tree, the notion of formula associated toa node and the notion of error associated to a minimal symptom. In theimplementation, a wide part of the module is common to the positive andnegative diagnosis.Another point is that we just store the SLD-tree (in fact, mainly its struc-ture, some informations are recomputed when needed).The proof tree, in both cases (positive and negative), is known by its rootwhich corresponds to a node of the SLD-tree and its subtrees which alsocorresponds to nodes of the SLD-tree. We explain in section 2.1 how tocompute the parent relation of a (positive or negative) proof tree from theSLD-tree.The parts which are not common to positive and negative diagnosis concerns:� the queries (formulas) associated to the nodes of a proof tree;� the error associated to a minimal symptom in the proof tree;� the windows used by the tk interface.So, perhaps 80% or 90% of the module are common to positive and negativeerror diagnosis.
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2 Calypso Declarative DiagnoserWe discuss in this section the main features of the Declarative Diagnosermodule of Calypso.2.1 Proof TreeProof tree is the central notion of declarative diagnosis. In the next sections,we confuse, in general, the notion of node and tree, that is, a proof tree andits root are denoted by the same object.A node of a proof tree contains several informations:� the list of its children (a list of proof trees is called a forest);� a �eld which indicate if the node is expected, the possible values ofthis �eld are:expected(user)when the user said that the node is expected;expected(list)when the predicates is in the correct predicate list given by theuser;expected(ass(N))when the assertion N implies that the node is expected;expected(system)when the predicates is built-in;unexpected(user)when the user said that the node is unexpected;unexpected(ass(N))when the assertion N implies that the node is unexpected;dontask(user)when the user said that this node must not be questioned;dontask(list)when the predicates is in the list of predicates that the user doesnot want to answer (the list is given by the user);9



unknown(user)when the predicate is not a built-in, any current assertion impliesthat the node is expected or unexpected and the user has not beenquestioned about the node.This list of values may be extended in the future.� a 
ag which can be used by the diagnoser to determine the chosennode according to some strategy.As we said before, (positive or negative) proof trees are not built by thedeclarative diagnoser. The nodes of a (positive or negative) proof tree cor-responds to some nodes of the SLD-tree. The problem is to determine1. the nodes of the SLD-tree which corresponds to the children of a nodeof the proof tree;2. the formula associated to a node of the SLD-tree.The computation rule is assumed to be without co-routining (e.g. the stan-dard computation rule of Prolog). The extension presented in [5] is notactually implemented. We will see that the main notion useful for the �rstpoint is the notion of erasing, that is, a node X of the SLD-tree being given,let a1; : : : ; an be the resolvant associated to the node and ai be the chosenatom, the question is: which are the descendants of X where ai is fullysolved (the resolvant of these nodes are a1; : : : ; ai�1; ai+1; : : : ; an).De�nition 1 Let N be a node of the SLD-tree.1. we denote by store(N) the set of constraints accumulated from theroot of the SLD-tree to the node N ;2. we denote by select(N) the atom selectioned at the node N ;3. we denote by erased(N) the set of nodes where select(N) is erasedfrom the resolvant.The parent relation of a (positive or negative) proof tree and the formulasassoicated to its nodes are computed on demand from the SLD tree usingthe previous functions. 10



2.1.1 Positive Proof TreeA node of a positive proof tree is labeled by a constrained atom a S (see[1] for more details). The store S is the same for each node of a positiveproof tree, it is the store of the unexpected answer; thus the store is recordedonce. Atom a corresponds to the selected atom of the corresponding nodein the SLD tree.The query associated to the node is: \S ! a expected?". If the free variablesof S which are not free in a are ~y the query can be simpli�ed into: \9~y S ! aexpected?".The store 9~y S should be simpli�ed. Several techniques may be used (see[3], English abstract [4]):� quanti�er eliminations;� redundant constraint eliminations;� symbolic transformations.How to determinate the parent relation of a positive proof treefrom a success branch of the SLD-tree? Let N0; N1; : : : ; Nn be thesequence of nodes of the success branch of the SLD-tree.The root of the positive proof tree is the root of the SLD-tree, that is N0.The children of a node Ni are:1. if the chosen atom at the node Ni is erased at the node Ni+1 then Nihas no child in the positive proof tree2. else the �rst child of Ni is Ni+1. In the following, we denote by X thelast child founded for Ni. Actually X is Ni+1.(a) if the node where the chosen atom in X is erased is the nodewhere the chosen atom in Ni is erased then N has no other child(b) else, the node where the chosen atom in X is erased is the nextchild of Ni (the next X is this node).11



� -� -� - -������� -������� -�������
-

����
6������

!!! aaa## ccpq; rw; rrz; qa; qqw2

searchtree pq rw z qa w
positiveproof tree

Figure 2: From a success branch of the SLD-tree to a positive proof treeExample 2.1 From SLD-tree to positive proof treeLet us consider the following program:p q; rr  z; qq  wz  aw:a:Figure 2 shows the SLD-tree associated to the goal  p, using the standardcomputation rule. The selected atom of a node is underlined. And it showsthe positive proof tree associated to the success branch of the SLD-tree.12



How to determinate the query associated to a node of the positiveproof tree from the SLD-tree? The query associated to a node N ofthe positive proof tree is S ! a where S is the store associated to the successleaf of the branch of the SLD-tree which corrsponds to the positive prooftree, and a is the selected atom at the node of the success branch whichcorrespond to N .2.1.2 Negative Proof TreeA node of a negative proof tree is a local cover of atom S ^ a! Z (see [1]).To each node of the negative proof tree corresponds a node of the SLD-tree(and vice-versa, except for the success leaves).Let S ^A be the resolvant which labels a given node N of the SLD-tree (Sis the store and A is the conjunction of atoms), and a be the selected atomin A. The node of the negative proof tree which corresponds to N is labeledby S ^ a! Z where Z is the disjunction of the answer to the goal S ^ a.When the computation rule used is without co-routining the member ofthe disjunction Z can be found in the SLD-tree, let A0 be the conjunctionobtained when a is removed from A: Z = WfS0 j S0 ^ A0 is the label ofa descendant N 0 of N in the SLD-tree, and there exists no node in thepath from N to N 0 labeled by S00 ^ A0 where S00 is a storeg. That is, themembers of Z are the stores associated to the nodes where a is erased fromthe resolvant.The query associated to the node of the negative proof tree which corre-sponds to N is: \S^a! Z expected?" or, in other words, \does an answerto S ^ a is missing in Z?". Again, the stores of Z should be simpli�ed.How to determinate the parent relation of the negative proof treefrom the SLD-tree? The main di�erences with respect to [1] is that onlyone kind of node are in the negative proof tree: the nodes whose associatedformula has one atom, the other nodes are skipped. This is not a problembecause, as explained in [1], the other nodes does not depend on the expectedsemantics, they cannot be minimal symptoms.The root of the negative proof tree is the root of the SLD tree. The children13
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Figure 3: From the SLD-tree to the negative proof treeof a node N of the negative proof tree are:1. the children N1; : : : ; Nn in the SLD tree of the node which correspondsto N except those where the selected atom in N is erased;2. and, for each Ni, let a1; : : : ; ak be the atoms introduced in the re-solvant associated to Ni in the SLD tree and aj be the selected atomin a1; : : : ; ak, the nodes where a1; : : : ; aj�1; aj+1; : : : ; ak are selected.Example 2.2 From SLD-tree to negative proof treeLet us consider the following program:p q; rp q; ar  aq  ww:a:a z14



Figure 3 shows the SLD-tree associated to the goal  p, using the standardcomputation rule. The selected atom of a node is underlined. And it showsthe negative proof tree associated to the SLD-tree, and the correspondencebetween the nodes of the trees.How to determinate the query associated to a node of the negativeproof tree from the SLD-tree? The query associated to a node N ofthe negative proof tree is a! Z where a is the selected atom at the nodes ofthe SLD-tree which correspond to N and Z is the set of stores associated toeach node of the SLD-tree where a is erased (starting from the correspondantof N).2.2 List of Correct PredicatesBuilt-in predicates are known as correct predicates, but also user predi-cates could be known as correct. For example, the static analysis provedthere correctness. Another example is when the user is convinced that somepredicates are correct. The nodes whose predicate is in the list of correctpredicates are labeled by expected(list).The point is that the user can change dynamically the list of correct predi-cates.If the user add a predicate, each unknown( ) or dontask( ) node concerningthe predicate is labeled by expected(list); if a node is unexpected(user)then the problem is given to the user: either remove the predicate of thecorrect predicate list or label the node as expected(user); if a node isunexpected(ass(N)) the problem is also given to the user: either removethe predicate of the correct predicate list or remove the assertion N andthen remove all the expected nodes due to this assertion.When the user removes a predicate of the list, each expected(list) nodeconcerning the predicate is labeled by unknown(user).
15



2.3 List of Predicates which must not be questionedIt is possible that the user does not want to be questioned on some pred-icates. For example, the user does not know if a predicate is correct butshe is sure that the predicate is not responsible for the current symptom.Another example is when the semantics of the predicate is very intricate andthe user want to suspend the queries on the predicate as long as possible.Again the user can change dynamically the list of predicates which must notbe questioned.If the user add a predicate to the list, each unknown( ) node concerning thepredicate becomes a dontask(list) node.If the user remove a predicate of the list, each dontask(list) node con-cerning the predicate becomes an unknown(user) node.2.4 Assertions used by the Declarative DiagnoserThere is four kinds of assertions::- inmodel A <= Sall solution of the store S is a solution of the atom A in the (positive)expected semantics;:- outmodel A <= Sthere exists a solution of the store S which is not a solution of theatom A in the (positive) expected semantics;:- inmodel A => Zfor each solution of the atom A in the (negative) expected semanticsthere exists a store S of the disjunction of stores Z which is satis�edby the solution;:- outmodel A => Zthere exists a solution of the atom A in the (negative) expected seman-tics which is solution of no store of the disjunction of stores Z.The inmodel assertions are described in [6]. We add the outmodel asser-tions. 16



Of course, these kinds of assertions can answer to the queries of the declar-ative diagnoser:� Let us consider a query \S ! a expected?"If there exists an assertion \:- inmodel a <= S1" such that S ! S1then S ! a is expected.If there exists an assertion \:- outmodel a <= S1" such that S1!S then S ! a is unexpected.� Let us consider a query \a! Z expected?"If there exists an assertion \:- inmodel A => Z1" such that Z1! Zthen a! Z is expected.If there exists an assertion \:- outmodel A => Z1" such that Z !Z1 then a! Z is unexpected.Obviously, we assume that the set of assertions is consistent, that is, thereexists a model of the set (the intended model should be a model of the setof assertions).The main problem in this part is the entailment problem. Actually it isimplemented when the two stores are syntactically equal (up to a variablerenaming). We see again how much it is important to spend research on theentailment problem.2.5 Diagnosis StrategiesAs explained in [1] any strategy can be used in order to localyse a minimalsympton in the (positive or negative) proof tree.The strategies actually implemented aretd the top-down strategy, see section 4.1bu the bottom-up strategy, see section 4.2dq the divide-and-query strategy, see section 4.317



ne the nearby-error strategy, see section 4.4ug the user-guided strategy, see section 4.5Other strategies are implemented, but not described in this document (theyhave not been su�ciently tested), for example:tm the top-most strategy, similar to the top-down strategy except that itdeals with dontask( ) nodes;bm the bottom-most strategy, similar to the bottom-up strategy exceptthat it deals with dontask( ) nodes.

18



3 Interface between the declarative diagnoser andcalypsoThe main predicates of the declaretive diagnoser called from calypso are:'$dd init'(Tree)This predicate initialize the declarative diagnoser.It opens, if necessary, the tk windows (initialize the declarative diag-noser interface).Next, it initializes the proof tree Tree:1. the root of Tree is unexpected(user) (because the proof tree isa computed symptom);2. the built-in predicates are expected(system) (they are alwaysassumed to be correct);3. the nodes concerning a predicate of the list of correct predicatesgiven by the user are expected(list);4. the nodes concerning a predicate of the list of predicates whichmust not be questioned are dontask(list);5. when the assertion N implies that a node of the Tree is expected,then the node is expected(ass(N));6. when the assertion N implies that a node of the Tree is unex-pected, then the node is unexpected(ass(N)).Finally, it searches a minimal symptom in Tree. If it found a minimalsymptom, it shows the associated error.'$dd'(Tree)This predicate search the chosen node in Tree according to the currentstrategy.If the current strategy cannot choose a node, it tells the user to changethe strategy. Otherwise, it questions the user about the node.If the user answers that the node is expected or unexpected, it addthe corresponding assertion, and checks if this assertion implies someanswer for other unknown nodes.Finally, it searches a minimal symptom in Tree. If it found a minimalsymptom, it shows the associated error.19



'$dd close'It closes the declarative diagnoser (essentially closes the tk windows).

20



4 Strategies actually implementedIn the �gures of this section the nodes of the proof trees are labeled by:Y when the node is expected( );N when the node is unexpected( );X when the node is dontask( );? when the node is unknown( ).The main predicate is: '$dd query'(Tree, NodeFound). The predicatechooses an unknown node in Tree according to the current strategy and askthe user if the node is expected. NodeFound correspond to the fact that theuser has been questioned on a node.4.1 Top-Down Strategytop-down(Tree)if the root of Tree is unknown then return Treeelseif the root of Tree is unexpected thenForest  children(Tree)while Forest is not emptylet Tree1 be the �rst tree of Forestremove Tree1 from ForestSubTree  top-down(Tree1)if SubTree 6= notfound then return SubTreereturn notfoundAlgorithm 1: Top-Down Strategy21
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NN NY X 123 4 5Y 6 7 NY ?8 9 chosen nodeFigure 4: Top-Down StrategyThe top-down strategy follows a path of unexpected nodes from the rootuntil it reaches an unknown node. Because of the dontask nodes, the strategydoes not always conclude.The top-down strategy is explained by algorithm 1, where the functiontop-down returns either a tree rooted by the chosen node or notfound.The function top-down returns notfound when it cannot conclude, that isit cannot choose a node because the user does not want to be questioned onsome nodes (dontask nodes).Example 4.1 Top-Down StrategyFigure 4 shows an example. The numbers are the order of the node visit.The search start from the root of the proof tree:the root (node 1) is always unexpected, next node is the 1st child of theroot (node 2);node 2 is unexpected, next node is the 1st child of node 2 (node 3);node 3 is expected, next node is the 2nd child of node 2 (node 4);node 4 is dontask, node 2 have no other child, next is the 2nd child of theroot (node 5);node 5 is unexpected, next node is the 1st child of node 5 (node 6);node 6 is expected, next node is the 2nd child of node 5 (node 7);node 7 is unexpected, next node is the 1st child of node 7 (node 8);22
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chosen nodeFigure 5: Bottom-Up Strategynode 8 is expected, next node is the 2nd child of node 7 (node 9);node 9 is unknown, node 9 is the chosen node.4.2 Bottom-Up Strategybottom-up(Tree)Forest  children(Tree)while Forest is not emptylet Tree1 be the �rst tree of Forestremove Tree1 from ForestSubTree  bottom-up(Tree1)if SubTree 6= notfound then return SubTreeif the root of Tree is unknown then return Treereturn notfoundAlgorithm 2: Bottom-Up StrategyThe bottom-up strategy starts from the leaves. It is a post-�x traversal ofthe tree which returns the �rst unknown node found.The bottom-up strategy is explained by algorithm 2, where the functionbottom-up returns either a tree rooted by the chosen node or notfound.The function bottom-up returns notfound when it cannot conclude, that isit cannot choose a node because the user does not want to be questioned23



on some nodes (dontask nodes). Note that when notfound is returned theproof tree does not contain unknown nodes.Example 4.2 Bottom-Up StrategyFigure 5 shows an example. The numbers shows the order of the node visit.The search start from the left-most leaf of the proof tree:node 1 is dontask, next node is the 2nd leaf (node 2);node 2 is expected, next node is the 3rd leaf (node 3);node 3 is dontask, next node is the parent of node 3 (node 4);node 4 is unexpected, next node is the 4th leaf (node 5);node 5 is expected, node 6 have no other child, next node is its parent (node6);node 6 is unexpected, next node is the 5th leaf (node 7);node 7 is expected, next node is the 6th leaf (node 8);node 8 is unknown, node 8 is the chosen node.4.3 Divide-and-Query Strategydivide-and-query(Tree)SubTree  compute-weight(Tree)if SubTree = notfound then return notfoundelseif a minimal symptom is possible in SubTree thenreturn middle-node(SubTree, (weight(SubTree) + 1)=2)return notfoundAlgorithm 3: Divide-and-Query StrategyThe divide-and-query strategy choose the best node to divide the searchspace: 24



compute-weight(Tree)Forest  children(Tree)SubTree  notfoundwhile Forest is not emptylet Tree1 be the �rst tree of Forestremove Tree1 from ForestSubTree1  compute-weight(Tree1)if SubTree1 6= notfound thenif SubTree = notfound then SubTree  SubTree1elseif weight(SubTree1) < weight(SubTree) thenSubTree  SubTree1if the root of Tree is unknown or dontask thenweight(Tree) 1 + �T2children(Tree) weight(T)return SubTreeelseif the root of Tree is expected thenweight(Tree) 0return SubTree/* the root of Tree is unexpected */weight(Tree) �T2children(Tree) weight(T)if SubTree 6= notfound thenif weight(SubTree) < weight(Tree) thenreturn SubTreereturn TreeAlgorithm 4: Divide-and-Query Compute Weight� when a node is expected the subtree rooted by this node can beremoved from the search;� when a node is unexpected each node which is not a descendant ofthis node can be removed from the search.The point is to choose a node such that there is as much unknown nodes inits subtree as out of its subtree (considering that all subtrees rooted by anexpected node are removed). 25



middle-node(Tree, MiddleWeight)Forest  children(Tree)SubTree  notfoundwhile Forest is not emptylet Tree1 be the �rst tree of Forestremove Tree1 from ForestSubTree1  middle-node(Tree1, MiddleWeight)if SubTree1 6= notfound thenif SubTree = notfound then SubTree  SubTree1elseif weight(SubTree1) < weight(SubTree) thenSubTree  SubTree1if the root of Tree is unknown thenweight(Tree) abs(weight(Tree)� MiddleWeight)if SubTree 6= notfound thenif weight(SubTree) < weight(Tree) thenreturn SubTreereturn Treereturn SubTreeAlgorithm 5: Divide-and-Query Middle NodeThe tree considered is a tree rooted by an unexpected node with the minimalnumber of unknown and dontask nodes.Algorithm 4 shows the function compute-weight(Tree)which associates toeach node of the Tree the number of unknown and dontask nodes in its sub-tree (removing the subtrees rooted by an expected node). This information,called weight(Tree) is stored in the 
ag �eld of the nodes.Moreover, the function compute-weight(Tree) returns the subtree of Treewith the minimal number of unknown and dontask nodes (or notfound asusual).Next, if a minimal symptom is possible in the subtree returned by thefunction compute-weight(Tree), the function then middle-node(Tree,MiddleWeight) (algorithm 5) returns the subtree rooted by the unknownnode whose weight is nearest the weight of the root divided by two.26
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2nd subtreeFigure 6: Divide-and-Query StrategyAlgorithm 3 shows the general algorithm.Example 4.3 Divide-and-Query StrategyFigure 6 shows an example of divide-and-query strategy.The number associated to each node is the weight associated to the nodeby compute-weight(Tree) (number of unknown and dontask node in thesubtree).The search is made in the second subtree because the �rst subtree has weightof 6 (6 unknown and dontask nodes) and no minimal symptom is possible inthe third subtree (because of the dontask node) while a minimal symptomis possible in the second subtree and its weight is 5 (note that the subtreesrooted by an expected node are removed: their weights are 0).The chosen node is the node with the weight of 3. Indeed, there is 2 unknownnodes in the subtree (weight of the node � 1) and there is 2 unknown nodesoutside the subtree (weight of the second subtree � weight of the node):(weight of the second subtree � 1)=2 = weight of the chosen node � 1. Wesubstract 1 because the chosen node will be known as expected or unexpected27



after.The Algorithm proposed here for the Divide-and-Query Strategy is di�erentof the traditional algorithm (for example in [7]) for two reasons:1. The algorithm proposed in [7] is wrong: it does not have the minimalaverage number of queries (it does not correspond to the complexityannonced).2. The diagnoser allows the user to change the strategy during a diagno-sis, some nodes are known as expected or unexpected wrt the asser-tions, ... Then it will be incoherent to ignore a part of the informationstored in the proof tree. Our algorithm, a proof tree beeing given,really chose the best node wrt the Divide-and-Query strategy.4.4 Nearby-Error Strategynearby-error(Tree)compute-flags(Tree, n)return minimal-node(Tree)Algorithm 6: Nearby-Error StrategyThe nearby-error strategy searches a node such that the number of queriesto determine if the node or its parent is a minimal symptom is the lowest.The number of queries to determine if a node is a minimal symptom is� either n when the node cannot be a minimal symptom;� or the number of unknown nodes among the node and its children.The nearby-error-strategy is given by algorithm 6. As usual it returns thesubtree rooted by the chosen node or notfound. When it returns notfoundno minimal symptom is possible in the Tree because of the dontask nodes.28



compute-flags(Tree, ParentFlag)if all the children of Tree are expected or unknown thenif the root of Tree is unknown thenFlag  number of unknown children of Tree + 1elseif the root of Tree is unexpected thenFlag  number of unknown children of Treeelse Flag  nif ParentFlag = n then flag(Tree) [Flag, n]elseif Flag = n then flag(Tree)  [ParentFlag, n]elseif ParentFlag < Flag thenflag(Tree)  [ParentFlag, Flag]else flag(Tree)  [Flag, ParentFlag]Forest  children(Tree)while Forest is not emptylet Tree1 be the �rst tree of Forestremove Tree1 from Forestcompute-flags(Tree1, Flag)Algorithm 7: Nearby-Error Compute Flags������ �� @@XXXXXXPPPPP
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1,n 2,n n,n2,3 X3,n Y1,n1,nFigure 7: Nearby-Error StrategyFirst, it computes the 
ag of each node of the Tree (algorithm 7). The 
ag ofa node is a pair [F1, F2], where F1 < F2 (we assume that n is greater thaneach integer). One member of the pair is the number of queries to determine29



minimal-node(Tree)Forest  children(Tree)SubTree  notfoundwhile Forest is not emptylet Tree1 be the �rst tree of Forestremove Tree1 from ForestSubTree1  minimal-node(Tree1)if SubTree1 6= notfound thenif SubTree = notfound then SubTree  SubTree1elseif inf(flag(SubTree1), flag(SubTree)) thenSubTree  SubTree1if the root of Tree is unknown thenif SubTree = notfound then SubTree  Treeelseif inf(flag(Tree), flag(SubTree)) thenSubTree  Treereturn SubTreeAlgorithm 8: Nearby-Error Minimal Nodeif the node is a minimal symptom, the other member is the number of queriesto determine if the parent of the node is a minimal symptom.Next, the function minimal-node(Tree) (algorithm 8) returns the chosennode (or notfound). The chosen node is a unknown node with the minimal
ag [F1, F2] with respect to the lexicographical order (n is greater thaneach integer).Example 4.4 Nearby-Error StrategyFigure 7 shows an example of nearby-error strategy.The pairs associated to the nodes in the �gure are the 
ags computed bythe function compute-flags(Tree, ParentFlag).Consider the chosen node. Its 
ag is [1,2]. That is, if the node is unexpectedyou �nd a minimal symptom (�rst member of its 
ag); if the node isexpected you have to one other node to determine if its parent is a minimal30



symptom. So in the �rst case 1 query, in the second case 2 queries.The nearby-error strategy could be used, for example, when no other strat-egy conclude or when there is few unknown nodes in the proof tree.4.5 User-Guided StrategyUser-Guided strategy is just a tk function which allows the user to graphi-cally chose a node on the proof tree with the mouse.
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5 ConclusionThis report explains a part of how declarative error diagnosis is implementedin Calypso.Some parts of the diagnoser are not implemented yet, like the full querysimpli�cation (store simpli�cation), the use of assertions (entailment) anda part of the negative proof tree construction. So they are not detailled inthe report.A full declarative diagnoser will be available on calypso at the end of theproject. Then a report will explain how to implement it on others CLPplate-formes: a wide part of the diagnoser is written in standard prolog, theinterface is written in tk, the other part (mainly the SLD tree construction)is written in c and c++.
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