1995 Int�l Conference on Systems, Man and Cybernetics (SMC �95), (C) 1995 by IEEE, Revised version 2.11AbstractLevy and Montalvo, Yao, and Shima individuallyproposed tunneling algorithms. The tunneling algo-rithms employ analogy to tunnel effect in physics, andare used to optimize continuous systems. The presentpaper proposes a method of solving combinatorial prob-lems using a type of randomized dynamic tunneling tech-nique. This method is based on a computational modelcalled CCM*. CCM* is an extended version of theChemical Casting Model (CCM). CCM was proposedby the author toward developing a method of solvingopen and incompletely-specified problems that maychange while being solved, using self-organizing com-putation.The 0—1 integer programming problem is solved us-ing CCM* with a very simple rule and an evaluationfunction. CCM* allows us to escape from local maximaby composing the rule dynamically and randomly. Thiscannot be done by using the original production rule asis. Our experiments show that approximate solutionscan be found more rapidly by CCM* than by using abranch-and-bound method in the case of 0—1 integerprogramming.1. IntroductionMost combinatorial optimization problems (COPs) inOperations Research and constraint satisfaction prob-lems (CSPs) in Artificial Intelligence are classified asNP-hard or NP-complete problems. Thus, these difficultproblems are believed to be unable to find their exactsolution in polynomial time. However, these problemsare usually static. Constraints and evaluation functions,or objective functions, included in these problems arenot varied while solving them. Real world problems arenot necessarily expressed by such static constraints andevaluation functions. New information may be foundwhile solving problems, and preexisting informationmay be dynamically changed by environmental change.

* A previous Japanese version of this paper was presented atthe Technical Group on Softeare Engineering in SICE (theSociety of Instrument and Control Engineers) in 1994.Although such real-world problems have similarity tocontrol problems in the respect that information varies astime goes on, the above problems are much more com-plex because there are both quantitative changes andqualitative changes.Kanada [Kan˚92, Kan˚94] proposed a computationalmodel called CCM, which aims to solve such problemsby using self-organizing or emergent computation[For˚91]. Complete information for solving the prob-lems cannot be grasped beforehand in such situations.However, conventional combinatorial problem solvingmethods, including branch-and-bound methods, simu-lated annealing, evolutionary computation, and so on,are usually based on complete information. These meth-ods require an objective function, which is defined usingglobal information, to be specified completely. Thus,these methods are weak when the environment changes.CCM was developed for computation based on local andpartial or incomplete information, and is based on a pro-duction system [For˚81]. Production systems are oftenused for developing expert systems or modeling humancognitions, but CCM differs from conventional produc-tion systems in two respects. Firstly, evaluation func-tions, called local order degrees, are computed usingonly local information. Secondly, stochastic control orrandomized ordering of rule applications is applied.Production rules and local order degrees are computedusing only local information.CCM has been applied to classical CSPs and COPs,which are closed and fully-informed. CCM has alsobeen applied to the N-queens problem [Kan˚94], coloringand fuzzy coloring of graph vertices or maps [Kan˚95],and the traveling salesperson problem.The present paper explains a method of solving com-binatorial problems using CCM*, an extended version ofCCM, in which a mechanism of tunneling [Lev˚85,Yao˚89, Shi˚93] is added. This method makes it possibleto escape from local maxima, which cannot be escapedfrom by applying the original production rule, by com-posing a new rule from the given rules dynamically andrandomly. CCM* is explained in Section˚2. A methodof solving COPs is briefly explained in Section˚3. ACombinatorial Problem Solving Using RandomizedDynamic Tunneling on A Production System*Yasusi KanadaTsukuba Research Center, Real World Computing PartnershipTakezono 1-6-1, Tsukuba, Ibaraki 305, JapanE-mail: kanada@trc.rwcp.or.jp, WWW: http://www.rwcp.or.jp/people/yk/

1995 Int�l Conference on Systems, Man and Cybernetics (SMC �95), (C) 1995 by IEEE, Revised version 2.12detailed method and the results of its application to 0—1integer programming problems are described in Sec-tion˚4. Section˚5 gives the conclusion and mentions fu-ture work, including extensions to dynamic combinato-rial problems.2. Computational Model CCM*This section explains computational model CCM and itsextended version, CCM*.2.1 Chemical Casting ModelThe system components of CCM are shown in Figure˚1.CCM is a computational model based on a productionsystem, and is often used for developing expert systems.The set of data to which the rules apply is called theworking memory. The collection of rules and functionsthat determine the behavior of the system, which is usu-ally called a program, is called a caster in CCM.1

312104215783141041578Workingmemory(WM)

Reactions

Atom(atomic data)

Molecule

Rules and functions(Reaction rules andlocal order degrees)

Link

2Figure˚1. The elements of CCMA unit of data in the working memory is called anatom. An atom has a type and an internal state, and maybe connected to other atoms by links. Links are analo-gous to chemical bonds, with the difference that chemi-cal bonds have no direction but links may have direc-tions. Any discrete data structures such as lists, trees,graphs or networks can be represented using atoms andlinks.A caster consists of reaction rules and local order de-grees. Reaction rules change the state of the workingmemory locally. �Locally� means that the number ofatoms referred by a reaction rule is small.2 The reactionrules are written as so-called forward-chaining produc-tion rules [For˚81], such as chemical reaction formulaeor as rules used in expert systems. The syntax of reac-tion rules is as follows:LHS fi RHS.

1 The word �program� is not used in CCM, because �program�means a whole and complete plan. We use �caster� instead.2 Because (physical) distance has not yet been introduced inCCM, as it has in systems such as a chemical reaction system,�locally� does not mean the distance is small.The left-hand side (LHS) or �reactants,� and the right-hand side (RHS) or �products� are sequences of patterns.For example, the following reaction rule, which is arough sketch, simulates generation of water from oxygenand hydrogen:H-H, O-? fi H-O-H, ?(This approximately means H2 + 12

O2 fi H2O).There are four patterns on each side of the rule: two H�s,an O, and a question mark, which is a variable thatmeans an unknown atom. An H matches an atom ofoxygen type, an O matches an atom of hydrogen type,and a variable matches an atom of any type in theworking memory.The reaction rule can be activated when there is a setof atoms that matches the LHS patterns. If the reactionrule is activated, the matched atoms vanish and new at-oms that match the RHS patterns appear.3 Just one re-action rule is enough for solving a simpler problem suchas the graph vertex coloring problem or the 0—1 integerprogramming problem, which are described later. Therewill be two or more reaction rules in more complex sys-tems, in which there are two or more ways of changingatoms.Local order degrees (LODs) are a type of evaluationfunctions (objective functions). LODs express the de-gree of local �organization� or �order.� They are de-fined using only local information, and the user definesthat they have a larger value when the local state of theworking memory is better. An LOD may be regarded asa negated energy. For example, it is analogous to bond-ing energy in chemical reaction systems.A reaction takes place when the following two con-ditions are satisfied. Firstly, there is an atom thatmatches each pattern in the LHS. Secondly, the sum ofthe LODs of all the atoms that concern the reaction, i.e.,that appear on either side of the reaction rule, is not de-creased by the reaction. Reactions repeatedly and sto-chastically (or randomly) occur while the above twoconditions are satisfied by any combination of a rule andatoms. The system stops when such a combination isexhausted. However, reactions may occur again if theworking memory is modified because of changes of theproblem or the environment. Thus, the system usingCCM can solve the dynamical problems mentioned inthe introduction.In general, there may be two or more combinationsthat satisfy both conditions at once. There are two pos-sible causes that generate multiple combinations. Onecause is that there are two or more collections of atomsthat satisfy the LHS of a reaction rule. The other cause

3 So an atom may be modified, bonded to another atom, re-moved, or created by a reaction rule.

1995 Int�l Conference on Systems, Man and Cybernetics (SMC �95), (C) 1995 by IEEE, Revised version 2.13is that there are twoor more reactionrules, under whichthere are atoms thatmatch the patterns inthe LHS. In eachcase, the order of thereactions, or the se-lection order of suchcombinations, andwhether they occur in parallel or sequentially are deter-mined stochastically.Thus, the behavior of the system is determined bycoevolution, or emergent and collective behavior, of dy-namically constructed parts: the units of reactions or setsof atoms and a rule.2.2 CCM* � an extended version of CCMThe above mechanism has the following drawbacks.(1) A CCM-based system may easily be trapped by alocal maximum. For example, the above water-generating rule might not be activated because itgenerates an unbonded oxygen atom, whose energymust be very high (or whose LOD must be very low).(2) Computation in a CCM-based system may some-times be very inefficient, because it refers only localinformation, i.e., only a few objects, and so it maycause reactions that do not help solvethe problem andmay waste CPU time.These drawbacks can be remedied by introducing atype of tunneling method. If reaction rules are appliedtwo or more times without calculating the sum of LODsin between, both local maximum and inefficiency can beavoided. This process is nearly equivalent to a reactioncaused by a reaction rule that is a composition of theoriginal rules twice or more. The composition takesplace dynamically and randomly. This extended versionof CCM is called CCM*.As an example of (1), if the water-generating rule isapplied twice, two water molecules are generated and nosingle oxygen atom is generated:H-H, O-O, H-H fi H-O-H, H-O-H.Thus the high energy state can be avoided. A detailedversion of CCM* for a COP is described in the next sec-tion. The reason that this method can be regarded as atunneling method is also mentioned in the next section.3. Solving Combinatorial Problems UsingCCM*The present section describes a system that solves anoptimization problem. This system solves the 0—1 inte-ger programming problem, which is an example of aCOP.Integer programming problems (IPPs) are constrainedlinear programming problems in which values of vari-ables are limited to integers. Real-valued linear pro-gramming problems can be solved by efficient algo-rithms such as the Simplex method, which is widelyused, or Karmarker method, which is usually slower thanthe Simplex method if the problem is not very large, butwhich solves the problems in polynomial order time.However, IPPs are NP-hard. Thus, the scale of solvableproblems is limited, although better heuristics forbranch-and-bound methods are known.The following type of IPPs, in which the variablevalues are restricted to 0 or 1, are called 0—1 integer pro-gramming problems (0—1 IPPs):Maximize objective function F = �j˚=˚1n˚cj˚xj˚ , subject to�j˚=˚1n˚aij˚xj˚˚ £ bi (i = 1, 2, �, m), where xj ( j = 1, 2, �,n) are variables, xj ˛{0, 1}, and aij , bi , and cj areconstants.This problem is solved using CCM as follows. One ofthe n variables is selected randomly, and its value isswitched to the other value if and only if this switchingmakes the objective function value (F) better. Thisprocess is repeated until no more switching will occur.The content of the working memory, the reactionrule, and the LOD are explained below. The workingmemory contains an object, Sum (of type sum), whichcontains the objective function value: F, a list of the val-ues of the LHSs of the constraints: C, and a list of thevalues of the RHS of them: B. The ith element of C (orB) is written as Ci (or Bi). A very simple reaction ruleshown in Figure˚2 is given. This rule selects a variableVar of type var, and changes its value X to 1 — X. Thismeans that if the value is 0 it is changed to 1, and if it is1 then it is changed to 0. Then the rule updates the val-

fweight cweights

SumVarFCvalue

SumFCcS = 1 — 2XF+S*cFXfweight

Varvalue ca11 — Xamam...a1......C1+S*a1Cm+S*am...CmC1X ˛ {0, 1}a1, �, am, c, F , C 1 , �, C m : VariablesFigure˚2. The reaction rule for 0—1 IPPs

1995 Int�l Conference on Systems, Man and Cybernetics (SMC �95), (C) 1995 by IEEE, Revised version 2.14ues of the objective function and the LHSs of conditionsin Sum.1An LOD is defined only for Sum, or for objects oftype sum.Os(Sum) =Sum.Fif Sum.Ci £ Sum.Bi for all i ˛{1, 2, �, m}— ¥otherwiseAn LOD is not defined for variables: the LOD for ob-jects of type var is always 0.When the above system is activated, a reaction occursonly when the objective function value, which is equal tothe total of the LODs, increases by the reaction. Thus,the above method realizes a simple hill-climbingmethod, although it does not necessarily move towardthe steepest slope. That means that, although the abovesystem works on local information, or refers only a fewobjects in each reaction, the global computation processbecomes hill-climbing. This is quite different from sys-tems for solving CSPs, such as graph vertex coloring.Kanada [Kan˚94] named such hill-climbing systems co-operative systems, and named other types of systemsconflicting systems.Because the above system is cooperative, it is easilycaptured by a local maxima if the original CCM is used.It is impossible to find an optimum solution, or even tofind a nearly optimum one. This problem may be solvedby supplying a more elaborate rule. However, this re-duces the advantage of CCM, that a combinatorialproblem can be solved by a combination of a simple ruleand an LOD.A better solution is to use CCM*. If the reaction ruleis applied twice or more simultaneously, the system canskip over a valley of the mean order degree (MOD), asillustrated in Figure˚3. Here, MOD means the meanvalue of LODs.2 That is why this method is called atunneling method. Tunneling methods (algorithms)were proposed by Levy and Montalvo [Lev˚85], Yao[Yao˚89] and Shima [Shi˚93]. The tunneling methodsare motivated by the concept of a tunnel effect, and areused for optimizing continuous systems. The directionof search is determined dynamically and randomly. Thismethod can be regarded as a symbolic version of a ran-domized tunneling method [Shi˚93].3

1 The value B, a component of Sum, is ommitted from Fig-ure˚5, because it is not referred explicitly in this rule.2 Although CCM-based systems do not compute MODs, theyoperate so as to increase MODs or sums of LODs stochasti-cally. MODs can be defined in small, medium, large or anyother scale.3 Thus, the relation between the randomized tunneling methodand CCM* are similar to the relation between EP (evolutionaryprogramming) and GA (genetic algorithms), because EP isnumerical and GA is mostly symbolic.4. Application to 0—1 Integer ProgrammingThe method of solving 0—1 IPPs shown in the previoussection is described in detail, and results of experimentsare shown in the present section.

.Multipleapplications ofrule at once

MOD

Valley ofMOD

SuccessivereactionsFigure˚3. Skipping over a valley of MOD by sym-bolic tunneling4.1 Detailed methodIn an execution of CCM*, a reaction rule is interpretedin the following method:(1) Initialization: Define the upper bound of the numberof reactions, M, using a random number. The distri-bution of the random number is mentioned later. De-fine the current state of the working memory as S0,and set i to 1.(2) Test of reactivity: Define the state after applyingthe reaction rule (randomly) to the working memoryin state Si —1 as Si . Assert that the sequence of reac-tions, a1, a2, �, ai , changes state S0 to Si . Definethe sum of the LODs of objects in state S0, which ap-ply to one of the reactions in the sequence, as O0, anddefine that in state Si as Oi .(3) Reaction: If O0 < Oi (or O0 £ Oi) holds, cause thesequence of reactions, a1, a2, �, ai , and return fromthis procedure.

0246810Upper bound of number of compositions

00.10.20.30.40.5

Probability

A distribution

Exponential functionFigure˚4. An example of upper bound distribution ofthe number of reaction

1995 Int�l Conference on Systems, Man and Cybernetics (SMC �95), (C) 1995 by IEEE, Revised version 2.15(4) Preparation for nextreaction: Increment i by1. If i £ M then go tostep (2) and find the nextstate. If i > M then go tostep (1) (restart this pro-cedure from S0).This procedure is simpli-fied. More exactly, the stateof the working memory is updated to Si in step (2), andit is (locally) backtracked to S0 when going to step (1)from step (4). In addition, this procedure must be modi-fied if there are two or more reaction rules.The distribution of the random numbers used in Step(1) can be selected from a variety of distributions. Thedistribution shown in Figure˚4 is used in the experimentshown in the next subsection. This distribution is fairlyclose to an exponential function. However, it is not yetknown whether an exponential function is really better,and why it is better if so. Anyway, the performance isnot very sensitive to the distribution function in our ex-periments.Known facts on the random numbers to define theupper bound of the number of reaction (the upper boundof the distribution) are as follows.o Search efficiency: It is possible not to use randomnumbers but to use a fixed value for the upper boundsor to use an unbound number of reactions. However,experiments have shown that these methods to be inef-ficient at least in 0—1 IP problems. The reason isprobably that to search neighbor state is probabilisti-cally more efficient than to search distant states whenthe current value of the objective function is closer toits optimum value.o Likelyhood of getting an optimal solution: Thereare cases in which the system can reach the optimumsolution by a reaction rule composed m times, but itcannot reach the optimum solution by a rule com-posed less than m times. In such a case, it cannotreach the optimum solution if the number of reac-tions is limited to less than m. It is therefore betternot to set an upper bound on the random numbers ifthe value of m is not known. However, the upperbound can be set to n in 0—1 IPPs because m is knownto be m˚n.4.2 Experimental resultsThe experimental results of fifty 0—1 IPPs are shown inthe present subsection, comparing with those of a sim-ple CCM and a branch-and-bound method. The valueof m is fixed to 10, that of aij is between 0 and 105, andthe problems are generated randomly for each value of n,10, 20, 30 and 40. These restrictions are set so as tomake experiment easier, but they are not essential. Thevalue of cj is 25000 when n = 10 and it is 50000 when n= 20 for all j.The result of solving each problem eight to sixteentimes by CCM* is shown in Figure˚5.1 The probabilitythat the optimum solution is found by one trial is calledthe (one-trial) optimum probability in the present paper.The vertical coordinate of the left end of each polygonalline indicates the optimum probability. The optimumprobability is 0.97 when n = 10, and it is more than 0.37for all the values of n. The probability that the best so-lution in k trials is optimum is called the k-trial optimumprobability. Multiple trials are measured because differ-ent solutions are found in different trials because of ran-dom numbers. Two- to sixteen-trial optimum proba-bility and the CPU time needed for calculating the solu-tions are also shown in Figure˚8. The eight-trial opti-mum probability is more than 0.89. Part of the results ofthe optimum probability and the ratio of the approximateand exact values of the solutions in average (CCM*-Average ratio) and in the worse case (CCM*-Worst ra-tio) are shown in Table˚1.The CCM* has been compared with three other

1 The performance was measured using a SOOC languageprocessor on a Macintosh Quadra 700. The optimum solutions

124812481248124816

1101001000Execution time (sec)

00.10.20.30.40.50.60.70.80.91

k-trial optimum probability

n=10

n=20n=30 n=40˚Figure˚5. The optimality and CPU time of solutionsof 0—1 IPPs by CCM*Table 1. The solution optimality of fifty 0—1 IPPs by CCM-based methodsCCM*Original CCMCCM with SAnOptimumprob-abilityAverageratioWorstratioOptimumprob-abilityAverageratioWorstratioOptimumprob-abilityAverageratioWorstratio100.970.9980.830.0120.620.140.420.950.77

200.710.9950.910.0000.630.190.0060.800.37

1995 Int�l Conference on Systems, Man and Cybernetics (SMC �95), (C) 1995 by IEEE, Revised version 2.16methods on the same 0-1 IPP. The first method is theoriginal CCM, and the second method is an improvedversion of CCM, in which a simple simulated annealing(SA) is introduced. No tunneling method is applied inthese methods. The performances of these two methodsare also shown in Table˚1. This table shows that CCM*is much better (the optimum probability is 2.3 to 81times higher) than the other two methods. The thirdmethod is a branch-and-bound method. Because it wasnot possible to measure the execution time of everyproblem because of CPU time limitations, the first fourproblems for each value of n are measured. The resultsare shown in Table˚2.1 We can probably conclude thatthe method based on CCM* is faster if the multiple-trialoptimum probability is allowed to be 0.9 to 0.99, al-though a satisfactory comparison is not possible by thisresult, because only a small part of the problem is meas-ured and the hardware and software are not the same.However, solutions found by the method based onCCM* are not assured to be optimum even when thecomputation is repeated so many times.Table 2. The execution time (sec) of the first four 0—1IPPs by branch-and-bound methodnProblem1Problem2Problem3Problem4Average of1 to 4

1012 sec15 sec12 sec15 sec14 sec

207320020212126

30172108630460343

4048720817807051013

5. ConclusionMethods of solving combinatorial problems usingCCM* are explained in the present paper. One of thesemethods, using a tunneling technique, can find a solutionprobably in less time in average than branch-and-boundmethods in randomly generated 0—1 IPPs, if expectedmultiple-trial optimum probability is allowed to be 0.9 to0.99. The tunneling method described in Section˚4.1 caneasily be built-in to the reaction rule compiler, and thisincreases the probability of discovering approximatesolutions of 0—1 IPPs. CCM* can also be applied toother combinatorial problems.Possible future work is as follows. Firstly, the rela-tion between the distribution of upper bounds and theefficiency remains unknown. However, there is achance of performance improvement. Secondly, a morepowerful method is probably necessary for finding an for the comparison were found using a branch-and-boundmethod.1 The solver of Microsoft Excel on Macintosh Quadra 840 AVhas been used for this measurement. Each time in this tableincludes time for �formulation.�optimum or nearly optimum solution in the case of moredifficult problems such as the traveling salespersonproblem, because there are two or more ways of com-posing reaction rules and their performances are differ-ent. Thirdly and most importantly, application of CCM*to dynamically changing problems in open and complexsystems is the major target of this research. The currentCCM* can already be applied to such problems. Otherappropriate problems should be discovered and chal-lenged using CCM*.References[For˚81]Forgy, C. L.: OPS5 User�s Manual, Techni-cal Report CMU-CS-81-135, Carnegie Mellon Uni-versity, Dept. of Computer Science, 1981.[For˚91]Forrest, S., ed.: Emergent Computation, MITPress, 1991.[Kan˚92]Kanada, Y.: Toward Self-organization byComputers, 33rd Programming Symposium, Informa-tion Processing Society of Japan, 1992 (in Japanese).[Kan˚94]Kanada, Y., and Hirokawa, M.: StochasticProblem Solving by Local Computation based onSelf-organization Paradigm, 27th Hawaii Int. Conf.on System Sciences, 1994.[Kan˚95]Kanada, Y.: Fuzzy Constraint SatisfactionUsing CCM � A Local Information Based Compu-tation Model, FUZZ-IEEE/IFES �95, 2319—2326,1995.[Lev˚85]Levy, A. V., and Montalvo, A.: The Tunnel-ing Algorithm for the Global Minimization of Func-tions, SIAM J. Sci. Stat. Comput., Vol.˚6, No.˚1,pp.˚15—29, 1985.[Shi˚93]Shima, T.: Global Optimization by AnnealingType of Random Tunneling Algorithm, TechnicalReports of the Society of Instrument and Control En-gineers (SICE), Vol.˚29, No.˚11, 1342—1351, 1993 (inJapanese).[Yao˚89]Yao, Y.: Dynamic Tunneling Algorithm forGlobal Optimization, IEEE Trans. on Systems, Man,and Cybernetics, Vol.˚19, No.˚5, pp.˚1222—1230,1989.[Tak˚92]Takefuji, Y.: Neural Network Parallel Proc-essing, Kluwer Academic Publishers, 1992.