A P olynomial-time Predicate-Logic Hyp othetical Reasoning b y Net w ork ed Bubble Propagation Metho d Y ukio OHSA W A ? Dept. of Systems Eng., Osaka Universitys Mitsuru ISHIZUKA ?? Dept. of Information and Communic ation Eng., University of T okyo Abstract. Hyp othetical reasoning is a useful knowledge-processing frame- work applicable to many problems including system diagnosis, design, etc. How ev er, due to its non-monotonic inference nature, it takes exp o- nential computation-time to �nd a solution h yp otheses-set to pro v e a given goal. This is also true for cost-based hypothetical reasoning to �nd an optimal solution with minimal cost. As for the hypothetical reason- ing expressed in prop ositional logic, since it is easily transformed in to 0-1 integer programming problem, a p olynomial-time metho d �nding a near-optimal solution has b een dev elop ed so far b y employing an appro x- imate solution metho d of 0-1 in teger programming called the Pivot and Complement metho d. Also, b y reforming this metho d, a net w ork-based inference mechanism called Net w ork ed Bubble Propagation (NBP) has b een in v en ted by the authors, which allows ev en faster inference. More imp ortantly , a net w ork-based approach is meaningful, for its p otential of b eing dev elop ed extending to a broader framew ork of kno wledge pro- cessing. In this pap er, w e extend the NBP metho d to dealing with the hypothetical reasoning expressed with predicate logic. By constructing a series of knowledge netw orks, to which the NBP metho d is applied, in a stepwise manner according to a top-down control, w e a v oid the excessive expansion of the net w ork size. As a result, w e can achiev e a p olynomial- time inference for computing a near-optimal solution for the cost-based hypothetical reasoning in predicate-logic knowledge. Keyw ords : Reasoning (ab duction) , Knowledge Represen tation, Searc h 1 In tro duction Hyp othetical reasoning [1] is an imp ortant kno wledge-pro cessing framew ork for its theoretical basis and its practical applicabilit y to diagnosis, design, etc. Here, kno wledge is comp osed of background kno wledge � (kno wledge given as true in an y environmen t) and h yp othetical one H (a set of p ossible elemen t h yp otheses whic h ma y con tradict with others). Its basic function is to searc h for a subset h of H , whith which � can derive a given goal G . h should b e also consistent with � , i.e., h should not deriv e an empty clause when combined with � . ? 1-3 Machik aney ama, T o y onak a, Osak a 560, JAP AN email:osaw a@sys.es.osak a-u.ac.jp ?? 7-3-1 Hongo, Bunky o-ku, T oky o 113, JAP AN

Its crucial problem, ho w ev er, is the slo w inference sp eed. That is, the inconsis- tency among elemen t hypotheses causes its inference-time to gro w exp onen tially with the num b er of p ossible elemen t h yp otheses. Its computational complex- it y has b een pro v en to b e NP-complete or NP-hard [2, 3]. T o ov ercome this problem, man y symbolic inference approaches ha v e b een prop osed. T op-do wn inference starting with the goal, like [4] emplo ying the QSQR approach [5], can fo cus the searc h to the useful p ortion of kno wledge for pro ving the goal. On the other hand, Bottom-up and paralleled inference starting with the h yp othe- ses (A TMS[6], MGTP[7]) can a v oid bac ktrac kings. There are also approac hes whic h mixed b oth merits (inference-path net w ork metho d[8], or adoptation of the upside-do wn meta-in terpretation[9] into h yp othetical reasoning including in- consistency). Despite these e�orts, the inference-time still sta ys intractable, i.e., exp onential against the problem size. This computational intractabilit y , how ev er, can b e o v ercome if w e search for a near-optimal solution instead of the exactly optimal one in a cost-based h yp othetical reasoning, in whic h a weigh t v alue is assigned to eac h elemen t h yp othesis and an optimal solution hypotheses-set with the minim um sum of the weigh v alues is searched (its probabilistic semantics is discussed in [10], for example). As for 0-1 in teger programming which is also NP-complete, there is an e�cient appro ximate solution metho d for computing a near-optimal solution, the Piv ot and Complement (PC, hereafter) metho d[11] . It allows a p olynomial- time computation for obtaining a near-optimal solution which is quite close to the optimal one (the data presen ted in [11] in 1980 is still highly ranked among existing metho ds[12]). This metho d consists of three phases, i.e., initial, searc h and impro v emen t phases. In the initial phase, the optimal solution in real domain [0, 1], not in binary domain of 0 or 1, is computed quickly by the simplex metho d. Then a lo cal search is p erformed around this initial solution to �nd a feasible 0-1 solution in the searc h phase, by pivoting op erations which is similar to the vertex-to-v ertex tracing in the simplex metho d. Finally , the v alue of initially de�ned ob jectiv e function is reduced, by a limited times of complemen t op erations (turning ov er the v ariables’ v alues b et w een 0 and 1) in the impro v emen t phase. The o v erall pro cedure of the PC metho d takes time in the order of O ( N 4 ), where N is the n um ber of v ariables. Since the cost- based prop ositional hypothetical reasoning whic h is equiv alen t to a 0-1 in teger programming, a solution hypotheses-set with the minimal or the near-minimal cost could b e obtained quickly by this PC metho d. Ho w ev er, it has b een hard to understand the original matrix-based PC metho d from the viewp oin t of kno wledge-pro cessing so w e in v en ted the Net w ork ed Bub- ble Propagation (NBP) metho d[13] b y reforming the PC metho d into net w ork- based op erations. This metho d allo ws us to understand its inference mechanism, b y visualizing the op erations as net w ork-based semi-sym b olic ones. So it serv es as a useful bridge connecting mathematical programming and AI. Also, thanks to the fo cusing of eac h op eration into small subnet w orks, it achiev ed an even faster inference than the original PC metho d. In this pap er, w e tak e adv an tage of this net w ork-based nature of the NBP metho d, i.e., extend it to deal with the cost-based h yp othetical reasoning not only in prop ositional logic but also in function-free predicate Horn clauses. F or this purp ose, it is straightforw ard to unfold the predicate clauses in to prop osi- tional ones in Herbrand domain to apply existing prop ositional NBP metho d. Ho w ev er, enormously large n um ber of clauses are generated that wa y . In order to av oid this knowledge expansion, w e in v en t a new t yp e of kno wledge netw ork, in which the arguments of the predicate literals and the constraints among them giv en as Horn clauses constitute the no des of the net w ork. This newtw ork is extended in a stepwise top-do wn manner lik e the QSQR metho d and a v oids from gro wing to o large. Finally , we will show exp erimen tally and theoretically that this new metho d called predicate-NBP metho d, ac hiev es a p olynomial-time inference against the size of this extended net w ork. 2 Net w ork ed Bubble Propagation (NBP) Metho d W e �rst outline the NBP metho d of prop ositional logic v ersion. Its inference pro cess go es on by propagating a �xed n um ber of "bubbles" along the arcs of the net w ork, un til the netw ork reaches a �nal state. One bubble-propagation is equiv alen t to one pivoting, i.e., exchange of a basic v ariable and a non-basic one in the PC metho d. F or example, let the bac kground kno wledge � and the set H of p ossible h yp otheses with weigh ts b e Eqs.(1), where ’inc’ stands for ’inconsisten t’, which means in this case that X2 and X5 can not co exist in one en vironmen t. Example know le dge-b ase 1 � (Background Knowledge): G :- X3. G :- X4. X3 :- X1,X2,X5. X4 :- X5,X6. inc :- X2, X5 G (Goal): G H (P ossible Hyp otheses): X1 (weigh t=1), X2 (weigh t=2), X5 (w eigh t=1), X6 (w eigh t=2) (1) The solution subset h of H is exp ected to b e an optimal one, i.e., of the minimum sum of w eigh ts of its mem b er h yp otheses and can deriv e G , without violating the ’inc’ constraint. In order to solve this problem within a p olynomial-time by the PC metho d, w e transform the knowledge-base into a set of inequalities as follows. Let the structural v ariables b e represented by italic c haracters X i ( i = 1 ; 2 ; :::: ) and Y and tak e the truth-v alues of same-named logical v ariables (atoms) Xi and Y, resp ectively (W e use italic for the names of real-v alued v ariables and sets like � , and plain ones for others). W e transform a prop ositional Horn clause Y: -X1, X2 , .... Xn into � n � 1 n � S N B P � 0 (2) where the v alue of an in tro duced slack v ariable S N B P is de�ned as, S N B P = Y � X 1 + X 2 + :::X n n (3) Also, a set of Horn clauses suc h as Y:- X1, Y:- X2, ......, Y:- Xn, is transformed as, 0 � S N B P � n � 1 n (4) where SNBP is again de�ned in (3). W e �rst �x the v alues of goal G as 1, ’inc’ as 0. While the structural Xi and Y are allo w ed to take real v alues in the range of [0, 1] during the pro cess, they must even tually b ecome 0 or 1 in the �nal state. By solving the 0-1 in teger programming thus formed, w e obtain a solution h yp otheses-set as the collection of hypotheses with v alue 1. The NBP metho d is a netw ork ed v ersion of the PC metho d. Putting its sev- eral useful tricks aside, w e sho w here only a bubble-propagation op eration. First of all, an inequalit y constraint (2) or (4) is translated into a constraint net w ork lik e Fig.1, which b ecomes a unit comp onent of a "bubble propagation netw ork (brie y BPN)". In this description, the structural v ariables corresp onding to the logical literals app earing in the knowledge base are depicted as circular (struc- tural) no des. The slack v ariable SNBP , is depicted as an angular (slac k) no de. The v alue of eac h no de is restricted b et w een its upp er and low er b ounds; this range is [0, 1] for a circular no de, and one de�ned by inequality (2) or (4) for a slac k no de. The example knowledge-base 1, corresp onding to the commonly used Fig. 1. A unit constrain t net w ork of BPN(Eac h v alue attac hed to one arro w is pr op- agation-r ate , the quantit y that a unit v ariation in a structural no de is propagated to no de S N B P .) kno wledge net w ork of Fig.2, is transformed in to the BPN of Fig.3 b y com bining the unit comp onents like Fig.1.

Fig. 2. A net w ork ed expression of kno wledge-base 1 Fig. 3. A series of bubble propagation netw ork (BPN) illustrating an inference pro cess of the NBP metho d. W e call the black-color of no des "bubbles", whic h represen t non-basic v ari- ables (equal to their upp er or low er b ounds) in the area of linear programming. On the other hand, white no des represen t basic v ariables. As well as the pivoting of the simplex metho d, the searc hing p oin t mov es keeping a constan t num b er of non-basic v ariables (or no des), i.e., as man y as the n um ber of structural v ariables or the dimension of the searc h space. Note that the � no de has its own v alue as 0 or 1, but the � no de is determined according to its neigh b oring no des. That is, since the no de means suc h an equalit y as Y � X 1 + X 2 + ::: + X n n = const: ( upper or l ow er bound of S N B P ) (5) X i is determined after all the v alues ( Y ; X 1 ; X 2 ; :::X i � 1 ; X i + 1 ; :::; X n + 1) are established. Also, the v alue of the 2 no de is �xed after all its neighboring no des. Consequen tly , the ruling ordering among no des is giv en as the arro ws of Fig.3, called "ruling arro ws".

W e show here an example of the inferece pro cess in Fig.3. When a bubble propagates from no de D in state (1), it go es do wn to the basic no de whic h makes the least c hange in the v alue of no de D after the propagation, although w e skip here the details of the n umerical calculations in v olv ed. This basic no de the bubble reac hes can exist only in the do wn stream of the ruling arrows starting from no de D. In this case, it mo v es from no de D to no de X2 and the BPN changes into state (2). By this restriction of search area in the BPN, the NBP metho d can infer even faster than the PC metho d, within a computing time of 0( N 2 ) . It reac hes the �nal state (5) when all the bubbles are gathered up to the circular or structural no des. This metho d works also for cases where some arcs are left without arrows (see [13] for details). 3 Predicate-NBP Metho d 3.1 Outline of the Predicate-NBP Metho d Predicate literals hav e arguments which ma y b e constants or v ariables when w e consider function-free literals. In order to apply the NBP metho d to the predicate-logic hypothetical reasoning, w e �rst consider how to represent the argumen ts by the BPN no des. In this pap er, we presen t a nov el solution to this problem. Our approac h is as follo ws: 1. Regard a predicate Horn clause as a constrain t among v ariables and translate it into an inequalit y constrain t (see 3.2). 2. In order to realize b oth high e�ciency (also for kno wledge including recursive Horn clauses) and a goal-directed inference, we construct the BPN b y mixing top-do wn and b ottom-up approaches like the QSQR [5] approach. Brie y outlining the item 2, here, w e call the memory area of the whole knowl- edge initially given as � and H , stored as a set of BPN pieces, "long term memory (L TM)", and the memory area storing the gro wing BPN "short term memory (STM)". The BPN is constructed in the STM by step wisely adding pieces of netw ork copied from the L TM, from top(goal) do wn to the hypotheses lev el. By selecting these added pieces according to the binding information like QSQR, we can prev en t the netw ork from growing to o large. T ogether with the ma jor merit of item 1, that w e do not ha v e to prepare as man y clauses as the instances of eac h head predicate (see 3.2), the net w ork constructed in this manner of item 2 is k ept within a reasonable size. Ev en tually , a p olynomial-time inference is achiev ed thanks to the NBP metho d, against this tractable size of BPN. 3.2 T ranslation of Predicate Horn Clause in to Inequality Constrain ts In this subsection, we describ e the details of the item 1 of 3.1. W e consider the case where � consists of range-restricted function-free Horn clauses, and H consists of grounded unit clauses. This restriction is lo ose enough to cov er many practical problems. W e �rst regard a Horn clause as a pro cedural kno wledge. F or example, the Horn clause in Fig.4 can b e in terpreted as "if the �rst argument(X1)’s v alue of q1 is equal to the �rst ones (X2 and X3) of q2 and q3, and also Y1=Y2=Y3 and Z1=Z2, then substitute the second argumen t(Y)’s v alue of q1 in to Y of p, Z of q2 into Z of p". W e divide suc h a statement into tw o statemen ts, "if X1, X2,...Xn are equal (more conditions ma y exist), then switc h S can b e (instead of is, b ecause of the reason stated later in this subsection) ON "(statemen t 1) and "if S is ON, then substitute Yin into Y out ; otherwise substitue nothing to Y out "(statemen t 2), as depicted in Fig.4. W e prepare a l ng -ary tuple for one Fig. 4. A pro cedual interpretation of range-restricted function-free Horn clauses. ( S is a switc h no de to b e activ ated b y equality condition.) argumen t, where l ng is de�ned as the smallest integer not less than l og 2 ( m + 1) where m is the largest size of v ariables’ de�nition range. A v alue or an instance of the v ariable is describ ed in a bit vector of length l ng . Supp ose the de�nition range of X for a predicate man(X) b e James, Mark, John, m is equal to 3 so that l ng = [ l og 24] = 2 and James = 01, Mark = 10, .. John = 11. Th us regarding an y instance as a 0-1 in teger set, the statemen ts 1 and 2 can b e tak en in a numerical manner, b y in terpreting nothing in statement 2 as "00...0". Statemen t 1 can b e considered as follo ws. Let the p-th bits of the bit vectors of X1,X2,...Xn b e T p 1 ; T p 2 ; :::T p n . Then, equation X1 = X2 = .. Xn is equiv alen t to T p 1 = T p 2 = ::: = T p n for any p from 1 to l ng . This 0-1 integer equality condition can b e describ ed in a constraint form as, 1 � S + (2 � 1 n + 1 ) R p � P n i =1 T p i n + 1 � 2 (6) where S is the substitution switch v ariable, where S = 1 means it is ON and S = 0 OFF. R is a co-v ariable suc h that the restriction on R ’s v alue to 0 or 1 mak es constrain t (6) exactly equiv alen t to statement 1(w e omit its pro of here, but it can b e chec k ed by a v alues-table ov er S; T p 1 ; T p 2 ; :::T p n , and R p ). Also, statemen t 2 can b e plainly , Y p in + S 2 � 1 2 � Y p out � Y p in + S 2 (7)

Fig. 5. A net w ork ed representation of the substitution switch Accordingly , statements 1 and 2 can b e combined as illustrated in Fig.5. Note that a single switch no de S is enough for one Horn clause as in Fig.5, b ecause the "can b e" in statement 1 allo ws the v alue of S to b e 0 or 1 instead of de�nitely 1 when an equalit y is detected (do not w orry ab out the stuc k-o� of switch S b ecause such a state is forbidden b y the substituted goal). The kno wledge expansion, whic h o ccurs if we transform the predicate clauses into prop ositional ones in Herbrand domain and then to inequalit y expressions, is a v oided by this formalization based on constraints among argumen ts. 3.3 Dynamic Com bination of Substitution Switc hes As outlined in 3.1, W e emplo y a top-do wn BPN extension approac h to achiev e goal-directed inference. This section illustrates ho w the STM extension is p er- formed with referring to example 2 b elow. Example know le dge-b ase 2: � (Bac kground Kno wledge): 1) g(X, X) :- h1(X). 2) g(X, Y) :- h2(X, Z), g(Z, Y). 3) h1(X) :- h2(X, X). 4) inc :- h1(X), h1(Y), X 6 = Y G (Goal): g(a, b). H (P ossible Hyp otheses):

h1(b) (weigh t=1), h2(a,b) (w eigh t=2), h2(b,b) (w eigh t=3) Long T erm Memory (L TM) The L TM stores � and H , as a collection of pieces of BPN follo wing the for- malization in 3.2. As sho wn in Fig.6 for the case of example 2, the Horn clauses with the same predicate sym b ol in their heads are gathered into one clustered net w ork. W e call this clustered net w ork a BK unit for the bac kground kno wledge and a HP unit for the h yp otheses. The w eigh t v alues of the element h yp otheses, for example, h2(a, b) and h2(b, b), are assigned to switch no des S3 and S4 in Fig.6, resp ectively , since the adoption of these hypotheses are expressed by the ON (or 1) state of these resp ective switches. F or example, the left BK unit in Fig.6 means that g( , ) can b e derived either from rule 1) or 2) in the bac kground kno wledge. Also, since one o ccurrence of predicate can b e instantiated b y only one tuple of v alues, S1 and S2 can not b e ON at the same time. Therefore, one m ust b e �ltered out by no de F1 whic h mak es a constrain t, 0 � F 1 � 1 ; w her e F 1 = S 1 + S 2 : (8) In Fig.6, F2 in the HP unit for h2( , ) is another �ltering no de. Fig. 6. Fig.6 Long term memory (L TM) consisting of bac kground kno wledge and h y- p otheses. Under the control of top-do wn inference, pieces of BPN extracted from L TM is copied and added to the BPN existing in the STM in a step wise manner. Here, b oth BK and HP units are used as the comp onents of the STM. Let us sho w its details next. Short T erm Memory (STM) Bubble propagations take place in the BPN in the STM, which is constructed b y the following pro cedures (the BPN in the STM is brie y called the STM, hereafter). Stepwise extension of the STM

1. Initialize the STM as goal g( , ,... ), with no arcs yet, and mak e g( , ,...) b e the �rst member of J , a set of predicates to whic h heads of units from L TM will b e attached in 2. 2. Expand the current STM as follows. 2.1 T o each mem b er q of J , copy and attach the BK unit of a corresp onding predicate in the head, which �ts the binding information of q . Then let the set of new leav es of the STM b e dJ . Propagate the binding informa- tion of J through arguemen ts do wn to dJ , and let J = J � q + dJ . 2.2 F or eac h member of J , without an y BK or HP attached, cop y and attach the HP unit of corresp onding predicate sym b ol. Propagate the binding information of this newly attached HP units sidewa y through arguements to dJ . 2.3 Add the �ltering no des which imply inconsistency relation among h y- p otheses. 3. P erform the bubble propagation op erations on the curren t STM. If a 0-1 in teger solution is obtained, yield the switch no des with ON state (v alue 1) as a solution, and stop. Otherwise, go to 2. The substeps in 2 implies that the units can b e attached to the STM only if they do not con tradict the binding information propagated from the goal and already-attached h yp otheses, which is an idea extracted from the QSQR approac h. Fig. 7 illustrates this stepwise extension for the quite simple problem of example 2. Referring to Fig.7, we see b elo w how the predicate-NBP metho d w orks. (0): Initialize STM, so that it includes only G: g(a, b). (1): BK unit with head g( , ) is attac hed to the STM (step 2.1). Then HP units of h1( ) and h2( , ) are attached to the STM (step 2.2). Hyp otheses h1( ) is not selected, since the binding information from the goal g(a,b) is not consisten t in g(X, X):-h1(X) (b ecause a 6 = b). Also, v alue "a" of the �rst argumen t of the goal, propagated do wn to h2( , ), disallo ws h2(b, b) to b e selected. Solution is not obtained yet. (2): Returning to step 2.1, the STM is again extended. The BK unit with head g( , ), HP units of h1(b) and h2(b, b) are attac hed (h2(a, b) is prohibited by the sidew a y propagation of v alue "b" from already-attached h2(a, b)). The inconsistency constrain t 4) of example 2 is realized as "inc1", whic h forces X1=X2 (this co v ers such an instance as (X1, X2) = (b, � ), where � � 00 :: 0, since S 0 1 is free to b e 0 and makes the v alue of X1= b meaningless). A 0-1 in teger solution is obtained by step 3 at this stage. The no des with shadow here are ON swich no des, which means the solution h yp otheses and the inference path to pro v e G . As a result, a set of rules and hypotheses for deriving the goal is found as g(b, b) :- h1(b) and g(a,b) :- h2(a,b), g(b,b) with the solution hypotheses h1(b) and h2(a,b).

Fig. 7. Stepwise expansion of the predicate BPN 4 Exp erimen tal P erformance Ev aluation 4.1 An Example Problem This section illustrates exp erimental results of the predicate-NBP metho d. The system is implemen ted in C language on Sun SP AR C station 10 using virtual memory of ab out 200 Mbyte. The problem we consider here is the optimization of a pro duction line. W e wish to c ho ose the optimal sequen tial pro cess to pro duce "pro duct (Goal)" from "pro duct (Start)", through a sequential adoption of a recursiv e rule as pro duct(X) :- task(X, Y), pro duct(Y). P ossible transitions among intermediate pro ducts to b e pro duced b et w een Start and Goal are given as element hypotheses as high-to ol(A, B) whose w eigh t b eing 1/1000 whic h means "1/1000 fault rate for pro ducing B from A b y high- p erformance to ol," where t w o classes of to ols can b e used, i.e., of high- and lo w-p erformance. Since a high-p erformance to ol consumes high-p o w er, we also imp ose a constrain t that only one high-p erformance to ol is av ailable for each couple of (2 m � 1) � th and (2 m ) � th transitions coun ting from Start, for an y arbitrary integer m . Under this restriction, w e wish to minimize the fault rate of the �nal pro duct, or the sum of all the fault rates of the transitions from the Start to the Goal. 4.2 P erformance Estimation In all the cases, solutions obtained were within the 3 b est ones, which are in prin- ciple identical to the ones to b e obtained if the original matrix-based PC metho d is applied to the inequalit y constraints corresp onding to the �nally constructed STM. Also, Fig.8 depicts the measured CPU-time of the predicate-NBP metho d for this problem. W e can observ e a ma jor tendency in this graph; The increase of the CPU-time is in the p olynomial order of 0( j H j 3 ) . This time-p erformance can b e explained as follows. According to [13], the computation-time of the NBP metho d is nearly 0( N 2 ), where N is the num b er of no des in the STM. N is nearly l ng (the lengths of bit v ectors) times m (v ariables app earing in all the Horn clauses in the STM), where l ng is equal to l og 2 ( maximum number of possibl e v al ues f or one v ar iabl e ), whic h is nearly prop ortional to l og 2 ( j H j ) in this problem. In our curren t prob- lem, m is in prop ortion to | h | ( h is the solution hypotheses-set), since b oth are prop ortional to the n um ber of recursiv e calls for pro duct( ). As a result, the inference-time of the predicate-NBP metho d b ecomes in the order of ( � j H j l og 2 j H j ) 2 = ( j h j l og 2 j H j ) 2 , where � is a constant v alue meaning the n um ber of p ossible pro ducts to b e pro duced in eac h transition. (F or example, in pro duc- ing a car, w e select an engine, tires-set, and so on each from a limited n um ber of alternativ es, on a w orkb enc h lo cated in a established part of the line. a can b e regarded as the a v erage n um ber of those alternativ es.) ( � j H j l og 2 j H j ) 2 is roughly estimated as b etw een j H j 2 and j H j 3 , corresp onding to our results. Fig. 8. CPU-time of predicate-NBP metho d applied to example 3.

5 Conclusion A p olynomial-time approximate solution metho d of hypothetical reasoning for function-free range-restricted predicate Horn clauses is presented. Theproblem is directly transformed into a netw ork to which the NBP metho d, a p olynomial- time net w ork ed inference metho d to compute a near-optimal solution hypotheses- set, is applied without b eing unfolded into Herbrand base. Although it has b een di�cult so far to apply suc h an op erations-researc h-based approac h to predicate- logic, our constrain t-based metho d has ov ercome this problem and thus a v oided impractical explosion of b oth kno wldge-size and inference-time. Another distinctive feature of our metho d is its top-do wn step wise extension of the bubble propagation net w ork (BPN). By this idea, the netw ork asso ciated with a giv en goal is trimmed in to a goal-directed one. This extension can b e guaran teed to b e stopp ed b y detecting the halting condition of QSQR ev en in the case where no solution is av ailable, whic h will b e describ ed in another pap er. References 1. P o ole,D., Aleliunas,R. and Go eb el,R.: Theorist : A Logical Reasoning System for Defaults and Diagnosis, in the Knowledge F ron tier : Essays in the Kno wledge Represen tation (Cercone, N. J. and Macalla, G., eds.) Springer-V erlag, N.Y., 1987. 2. Kautz, H.A and Selman, B.:Hard Problems for Simple Default Logics, Pro c. 1st In t’l Conf. on Principles of Knowldge Representation and Reasoning, 189-197, 1989. 3. Bylander,T., Allemang,D., et al.: The Computational Complexity of Ab duction, Artif. In tell., V ol.49, 25-60, 1991. 4. Kondo,A. Makino,T. and Ishizuk a,M.: E�cient Hyp othetical Reasoning System for Predicate-logic Kno wledge Base, Knowledge Based Systems, V ol.6, 87-94, 1993. 5. Vieille,L.: Recursiv e Axioms in Deductive Databases: The Query/Sub query Ap- proac h, Pro c. Exp ert Database Systems, 253-267, 1987. 6. de Kleer,J.: An Assumption-based TMS, Artif. Intell, V ol.28, 127-162, 1986. 7. Inoue,K., Oh ta,Y. and Hasega w a,R.: Hyp othetical Reasoning Systems on the MGTP , ICOT T ec hnical Rep ort, TR-763, 1992. 8. Ishizuk a,M. and Ito,F.: F ast Hyp othetical Reasoning System using Inference-Path Net w ork, Pro c. IEEE Int’l Conf. T ools for AI ’91, 352-360, 1991. 9. Bry , F.: Query ev alution in recursive databases, b ottom-up and top-do wn recon- ciled, Data and Kno wledge Engineering, V ol.5, 289-312, 1990. 10. Charniak,E. and Shimony ,S.E.: Probabilistic Semantics for Cost Based Ab duction, Pro c. AAAI’90, 106-111, 1990. 11. Balas,E. and Martin,C.: Piv ot and Complement { A Heuristic for 0-1 Programming, Managemen t Science, V ol.26, 86-96, 1980. 12. Ishizuk a,M. and Ok amoto,T.: A P olynomial-time Hyp othetical Reasoning emplo y- ing an Approximate Metho d of 0-1 Integer Programming for Computing Near- optimal Solution, Pro c. 10th Canadian Conf. AI, 179-186, 1994. 13. Ohsaw a,Y., Ishizuk a,M.: Netw ork ed Bubble Propagation Metho d as a Polynomial- time Hyp othetical Reasoning for Computing Quasi-optimal Solution, Pro c. IEEE In t’l Conf. T ools with AI (T AI’93), 184-187, 1993. This article w as pro cessed using the L a T E X macro pac k age with LLNCS st yle