Iterated Lo cal Searc h Approac h using Genetic T ransformation to the T ra v eling Salesman Problem Kengo Katay ama Hiroyuki Narihisa Department of Information and Computer Engineering, Ok a y ama Universit y of Science. 1 - 1 Ridai-cho, Ok a y ama 700-0005, Japan. f k ata y ama, narihisa g @ice.ous.ac.jp Abstract When giving di�erent approximate solutions that are near the optimal solution for a com- binatorial optimization problem, these solu- tions may share several imp ortant or com- mon parts. This empirical conjecture is of- ten employ ed in dev eloping go o d algorithms for solving combinatorial optimization prob- lems. In this pap er, we prop ose a new iter- ated lo cal searc h (ILS) approach incorp orat- ing this conjecture for the symmetric tra v el- ing salesman problem. T o escap e from lo cal optimum found by a lo cal search pro cedure to another, standard ILS algorithms generally hav e an useful technique called the double- bridge mov e. How ev er, in our approach we deal with tw o approximate solutions, which contain many edges whic h are not shared parts of these solutions. These edges are clev- erly reconnected to create a newly escap ed solution. F rom our exp erimental results, it was observed that our ILS algorithms could �nd b etter solution qualities with fewer iter- ations than standard ILS algorithms for well- known b enc hmarks of the TSPLIB. In partic- ular, we sho w ed that one algorithm combined with the Lin-Kernighan heuristic was a very high-p erformance approach. 1 INTR ODUCTION Many combinatorial optimization problems b elong to the class NP-hard. It is generally b elieved that these problems can not b e solved to optimality within p oly- nomially b ounded computation times. In such a situa- tion, it is imp ortant to hav e approximation algorithms that can �nd optimal or near-optimal solutions within reasonable times. Almost all of the algorithms hav e b een prop osed based on analogies with pro cesses in nature, biological evolution, etc. Recently , such algo- rithms hav e b een developed for the tra v eling salesman problem (TSP), one of the most known combinatorial optimization problems. The ob jective of the TSP is to �nd, given a set f c 1 ; c 2 ; :::; c n g of cities and for each pair f c i ; c j g of dis- tinct cities a distanc e d ( c i ; c j ) [10], a p ermutation � ( Hamiltonian cycle ) of the cities that minimizes the following quantit y; n � 1 X i =1 d ( c � ( i ) ; c � ( i +1) ) + d ( c � ( n ) ; c � (1) ) : In this pap er, we concentrate on the symmetric TSP , where the distances satisfy the condition d ( c i ; c j ) = d ( c j ; c i ) for 1 � i , j � n . The n um ber of the Hamil- tonian cycles, i.e. the size of feasible solutions, is ( n � 1)! = 2. F or the TSP , many appro ximation algorithms hav e b een prop osed such as the simulated annealing, tabu search, genetic algorithms, an t colony , and neural net- works. Most of these algorithms with v arious param- eters to search are com bined with a lo cal search pro- cedure to �nd go o d solutions. T o hav e a chance of �nding go o d solutions we can start the lo cal search pro cedure man y times with di�erent starting solutions, e.g., random solutions. A more reasonable idea is not to restart with a completely new starting solution but only to p erturb the current lo cal optimal solution. In general this approac h is called the iter ate d lo c al se ar ch (ILS). The ILS algorithm for the TSP includes a t yp- ical lo cal search algorithm such as the 2-Opt, 3-Opt, or Lin-Kernighan (LK) [14] heuristics used as a main engine of search. T o escap e from the current lo cal op- timal solution, a double-bridge 4-change mov e is very often used as an \escap e technique", i.e., a technique to escap e from lo cal optim um found b y a lo cal search algorithm. This technique remov es only four edges from a solution and replaces them in order to obtain a non-sequential mov e. The ILS based on the LK heuris- tic has b een recognized as the most e�ective approach to the TSP since the b eginning of 1990s [9, 10, 15]. In this pap er, we prop ose new ILS algorithms that escap e from a current lo cal optimal solution using a technique of genetic tr ansformation based on a genetic analogy . The genetic transformation (GT) acts as an intermediary which creates new appropriate solutions in order to apply rep eatedly a lo cal search pro cedure. The GT works so that partially succeeded edges shared on only tw o solutions of the TSP are not broken, and many other edges are reconnected to create the new solution which transforms the current b est (elite) so- lution of the lo cal optimum. Therefore, the GT tech- nique ma y b e interpreted as a crossov er that is a con- natural technique in the genetic algorithm. F rom this p oint of view, we call the ILS a Genetic Iter ate d L o- c al Se ar ch (GILS) algorithm. W e test p erformances of each GILS combined with the typical lo cal search heuristics for several b enc hmarks for which the opti- mal tour length is known. F rom our exp erimen tal re- sults, we observed that the GILS algorithms could �nd b etter solutions with few er iterations than standard ILS algorithms, and the GILS combined with the LK heuristic obtained high-quality solutions within rea- sonable computation times. The pap er is organized as follows: Sect. 2 describ es standard ILS and reviews impressiv e other approaches to the TSP . In Sect. 3 w e describ e our GILS using the genetic transformation and give a fundamental GT form. In Sect. 4 p erformances of our approach are tested and compared with standard and impressive ap- proaches, and Sect. 5 contains concluding remarks. 2 REVIEW Several researc hers hav e prop osed high-p erformance heuristic approaches to the TSP . These approaches are based on improving the current single solution (or mul- tiple solutions) b y a greedy search and other concepts for the neighborho o d of the solution. Here, we re- view w ell-kno wn approaches that can �nd optimal or very go o d approximate solutions, e.g., iterated lo cal searches and genetic algorithms. 2.1 ST AND ARD ITERA TED LOCAL SEAR CH ALGORITHMS Basically the iterated lo cal search algorithms yield go o d approximate solutions based on dealing with a single solution rather than many solutions which are mostly used in genetic algorithms. Martin, Otto, and F elten prop osed iterating metho ds called the \Large-Step Marko v Chain" algorithm for the TSP [15]. T o escap e from lo cal optima found by the lo cal search algorithm, they used a technique that remov es four edges from a solution and replaces them in order to obtain a non-sequential mov e [14] (this technique was called a \double-bridge", see [15] for more detail). T o escap e from lo cal optima found by typical lo cal search algorithms, whic h p erform only sequential mov es, the double-bridge technique is the most natural choice. Johnson inv estigated an iterating metho d based on the LK using the tec h- nique of the double-bridge mov e [9]. His iterated lo- cal searc h (so-called \Iterated Lin-Kernighan") algo- rithm pro duced successful results with v ery fast com- putation times [10]. Moreov er, Hong, Kahng, and Mo on prop osed an improv ed version of the Large-Step Marko v Chain, and inv estigated the relationship b e- tw een strength of the p erturbation (random k -c hange mov es ov er the range of v alues k � 4) and the Large- Step Marko v Chain’s p erformance [8]. Almost all of these p ow erful iterating metho ds substan tially employ the double-bridge or k -change mov e (where k is �xed) techniques for the current single solution. F urther- more, Co denotti, Manzini, Margara, and Resta re- p orted the p erformance of techniques (double-bridge and other mov es) to escap e from the lo cal optima found by lo cal searc h pro cedures of the TSP [4]. They indicated that mo di�ed techniques to escap e from the lo cal optima pro duced b etter solutions for iterating lo- cal search approach. A basic concept of these ILS algorithms is to p erform a concen trativ e search around go o d solutions, b ecause very go o d solutions are lo cated around other go o d so- lutions [3]. Generally , the lo cal search algorithms �nd lo cal optimal solutions, i.e., the lo cal search is run un- til no p ossibility for decreasing the tour length can b e found, and the cost of the solution is generally go o d. In order to transform other search p oints, w e must es- cap e from the lo cal optima b y using an appropriate technique. A simple illustration of the double-bridge is shown in Fig. 1. A left side of the �gure is a state of solution b efore p erforming the double-bridge. Alphab ets, a, b, ..., h, are city names. Only four edges (a,b), (c,d), (e,f ), (g,h) on the solution are changed to other edges (a,f ), (b,e), (c,h), (d,g), as shown in a right side. The double-bridge mov e is randomly p erformed, and it is only the 4-change mov e that cannot b e obtained by a sequential mov e suc h as t w o or three opt. The general ow of the ILS algorithm is describ ed as follows: Standard Iterated Lo cal Search 1 Generate an initial solution S (lo cally opti- mized by a lo cal search algorithm). 2 Do the following for a given num ber of itera- tions. 2.1 Perform a double-bridge mov e on S , ob- taining S 0 . 2.2 Run a lo cal search on S 0 , obtaining S 00 . 2.3 If C ost ( S 00 ) < C ost ( S ), then set S = S 00 . 3 Return S . In Step 2.1, the double-bridge mov e is applied to the current b est solution S . In Step 2.2, the solution S 00 is found by a lo cal search starting from S 0 obtained in Step 2.1. In Step 2.3, C ost () denotes an ev aluation function for the length of a TSP solution, i.e. the

� � � � r a r b r c r d r e r f r g r h � � � � Q Q Q Q Q Q Q Q Q Q � � � � � � � � � � r a r b r c r d r e r f r g r h Figure 1: An example of the double-bridge 4-change mov e. tour length is obtained by the quan tit y explained in the Introduction. This pro cess is rep eated until the terminating condition in Step 2 is satis�ed. 2.2 GENETIC ALGORITHMS On the other hand, the genetic algorithm is based on principles of natural selection and genetics, and several researchers prop osed e�cien t genetic algorithms for solving the optimization problem. In particular, b e- cause the crosso v er is the most imp ortan t and connat- ural op erator among several genetic op erators, many crossov ers that e�ciently pro duce go o d solutions were developed. Generally , the crossov er op erator works as follows. By using a pair of solutions (parents) among those selected in a previous generation, new solutions are created using a mechanism that inherits the char- acters from the paren ts. Nagata and Koba y ashi prop osed a high-p ow er crossov er op erator called e dge assembly cr ossover (EAX) [19]. The GA using EAX without any TSP lo cal search pro cedures could obtain optimal solutions with high probability even for ov er 2000-cit y instances. F reisleben and Merz developed a high-p erformance ge- netic algorithm combined with the LK heuristic and rep orted impressive results for the TSP [6, 16]. Their algorithm exploits the observ ation that the solution space of the TSP has a \big-v alley" structure [3]. T o search hop eful space, distanc e pr eserving cr ossover , and the double-bridge mutation are employ ed. A sim- ilar search concept using b oth the useful crossov er op- erator (mo di�ed maximal pr eservative cr ossover [18]) and the double-bridge mutation, the evolutionary al- gorithm with a linear distributed p opulation structure, Asparagos96, was dev elop ed by Gorges-Schleuter [7]. This algorithm also found high-quality solutions. 3 GENETIC ITERA TED LOCAL SEARCH In the GILS algorithm, the genetic transformation (GT) technique acts as an intermediary which creates an appropriate solution transformed the current b est (elite) solution in order to apply rep eatedly a lo cal search pro cedure, i.e., in order to mov e from lo cal op- tima found by the lo cal searc h to other search p oints. The GT technique for the TSP is motiv ated by the re- cent observ ation of Hong et al [8]. They suggested that the double-bridge mov e which reconnects only four edges was not optimum, and the b est k -change mov e dep ended on b oth the lo cal searc h pro cedure and the type of instance. Our GT works b y reconnecting many edges which are signi�cantly broken using useful informations from t w o solutions. 3.1 FRAMEW ORK T o implemen t the GILS, we need multiple solutions b ecause the GT substantially needs at least tw o solu- tions. In our GILS for the escap e technique, we deal with the b est previously found solution and a current solution found by the lo cal search algorithm in each it- eration. These solutions will b e suitable b ecause they should share many go o d edges or subtours according to the observ ation argued by M � uhlen bein [18]. A sim- ple framework of the GILS is outlined as follo ws: Genetic Iterated Lo cal Search 1 Generate tw o di�erent solutions S and T (lo- cally optimized by a lo cal search algorithm). 2 Do the following for a given num ber of itera- tions. 2.1 Perform GT ( S; T ), obtaining T 0 . 2.2 Run a lo cal search on T 0 , obtaining T 00 . 2.3 If C ost ( T 00 ) < C ost ( T ), then set T = T 00 , and set S = T 00 . 3 Return T . In Step 1, the �rst approximate solutions, S and T , are obtained by a lo cal search starting from random solutions 1 . In Step 2.1, we p erform the function GT(a current solution S , the b est solution T ) to create a new solution T 0 , and in Step 2.2 the lo cal search pro cedure �nds a lo cal optimal solution. In Step 2.3, T 00 found in Step 2.2 m ust b e copied to the solution S for using our escap e tec hnique GT in the next iteration. Therefore, a state of the new solution returned from the GT is di�erent in every iterations, and is lo cally optimized by the lo cal search. This pro cess is rep eated until the terminal condition in Step 2 is satis�ed. 3.2 GENETIC TRANSF ORMA TION ESCAPE TECHNIQUE W e �rst describ e a fundamental form of the GT tech- nique. W e de�ne tw o solutions, a go o d solution S a and another solution S b . S b is a lo cal optimal solu- tion, and a cost of S b is b etter than that of S a . The form consists of following conjectures: � Two solutions, S a and S b , contain \common in- formations" each other. 1 It is also p ossible to use b etter solutions created by tour construction heuristics instead of random solutions.

� The common informations b et w een S a and S b are similar to sub-informations of an unknown opti- mum state. � It needs that new solutions, which consist of the common informations and other parts b etw een the solutions ( S a and S b ), are created by basing on \p eculiar concepts" for solving a particular opti- mization problem. But new di�erent solutions are required. T o design the GT for v arious optimization problems, it is necessary to �tly determine \common informations" b etw een the solutions and \p eculiar concepts" for the problem, with an inten tion to mov e to hop eful regions of the solution space. It dep ends on a problem and a co ding of the solution for the problem. F or the TSP , the GT is realized as follows. Each of tw o solutions (a go o d solution S a and another (b et- ter) solution S b ) on n -city TSP is the set of cities 1, 2,..., n . S b is alw a ys a lo cal optimum, and the cost of S b is alwa ys b etter than C ost ( S a ), i.e., we can de�ne that S b is the b est previously found solution during our approach pro cess. Assuming that S b may share similar information with the exact optimal solution, we can assume that S a may also share similar infor- mation. Therefore, b oth S b and S a may b e similar except for several edges. If edges b etw een S b and S a di�er b y only k edges, almost all other edges ( n { k ), called shar e d e dges , should b e worth preserving for a transformation, b ecause the shared edges may contain dominant c haracters that will consist of subsets of the optimal solution. In other words, to intensiv ely explore hop eful regions of the solution space, only unshared k edges should b e changed to other appropriate edges by an useful op eration based on an imp ortant concept for solving the TSP . F or more detail, the num b er of shared edges b etw een S b and the exact optimal solution may b e intuitiv ely larger than the case of S a . Whenever transforming from the b est lo cal optimum S b by our GT, the shared edges should not b e broken, and only k edges should b e reconnected to create a new solu- tion that is not a lo cal optimum in order to search b y a tour improv emen t lo cal search heuristic. In addition, it is imp ortant to de�ne the shared edges of ( n { k ). W e de�ne these as c omplete subtours [11]. The complete subtour consists of the several shared edges, and a set of cities includes the same cities in the exact same order rather than a di�eren t order. In genetic algorithms, the complete subtours hav e b een used as the inherited characters to create o�spring in the crossov er op erators, e.g., crossov ers using complete subtours were prop osed by F reisleben et al. [6] and [11]. Therefore, the shared edges of ( n { k ) consist of multi- ple complete subtours. One of the complete subtours contains a set of adjacent edges, which consist of a sub- set of the shared edges on tw o solutions. In the TSP graph, we can implicitly interpret as if each complete subtour had only tw o no des on the graph, i.e., broadly sp eaking, we can ignore the inner part of the adjacen t edges in each complete subtour when p erforming the GT technique. A function GT is describ ed b elo w. F unction GT ( S; T ) 1 Perform a random 4-c hange mov e on S , ob- taining S 0 . 2 Enumerate all complete subtours on tw o so- lutions, S 0 and T . 3 Cho ose a starting cit y i randomly from the city on either side of each subtour or other cities not contained in these subtours. 4 Do the follo wing until a new di�erent solution T 0 is created. 4.1 Make a candidate-list except for used cities and subtours. 4.2 Find the nearest candidate city j to i . 4.3 Connect city j to i , and set i = j . (if city j is from either side of a subtour, connect the subtour to i , and set i = the city on the other side of the subtour.) 5 Return T 0 . In our GT, we use the b est solution T and a go o d so- lution S as describ ed ab o v e. Only a single solution is returned from the GT function. In Step 1 of the function, a new solution S 0 is obtained by p erforming a random 4-c hange mov e on S . The reason for Step 1 is describ ed later. In Step 2, we p erform an O ( n ) time enumeration algorithm [11] to enumerate all common subtours on tw o solutions. If any subtours do not exist on tw o solutions, there is no substan tial gain to p er- form a crossov er whic h uses the subtours for creating a new solution [11]. The same p oint w as also describ ed simply in [6]. Therefore, we also tak e into account this p oint b ecause the GT uses the same t yp e subtours. T o certainly count several complete subtours and help for creating the new solution, we p erform the random 4- change mov e, which remov es four edges on the current solution S and reconnects four other edges randomly selected, b efore enumerating the subtours in Step 2. Although we use the random 4-change, it is p ossible to p erform a random k -change mov e also ( k > 4, but it should not b e very large). In other words, it can b e interpreted as a sp ecial case such as the mutation op eration to the solution used in the GT. Go o d sub- tours of S may b e slightly brok en by this mutation. How ev er, this op eration contributes to a progress of our approach and a break-through of exploratory lim- itations that are likely when solutions obtained by the search are lo cated extremely near the optimum state. Step 3 of the GT function randomly chooses a city from �rst or last cities on each of the subtours or other cities, which are not enumerated as subtours. In Step 4.1, a candidate-list contains the information of the candidate cities except for previously used cities and inv alid cities, which hav e a very long distance. Step 4.2 �nds the nearest candidate city on the list b y the useful op eration such as the nearest neighbor heuris- tic, and then the candidate city is connected to b e a v alid solution while p erforming Step 4. Therefore, all the unshared edges are not alwa ys reconnected to other new edges from edges previously app eared on the solutions. How ev er, several new edges, which are not app eared on the solutions, are often linked b y the nearest neighbor op eration. This adv an tage must b e imp ortant as observed in [19] of Nagata et al. By using this GT technique, the new escap ed solution do es not go to o far from the b est solution, and the distance of a new solution can b e mostly b etw een dis- tances of the solutions used in the GT. That is, the GT is biased so as to obtain the new solution slightly aw a y from the b est solution rather than an improv ed solution in most cases. In our observ ations, the shared edges (or complete subtours) ranging from roughly 90 to 99% are transmitted to the new solution, and the num ber of en umerated complete subtours dep ends on the size of instances and the state of tw o solutions. By increasing the size of instance, the num ber of sub- tours also increases substan tially , and the num ber of unshared edges also increases. Therefore, when ap- plying to very large instances, the GT tec hnique and lo cal search pro cedures may sp end more computation times according to the num ber of the unshared edges than the case of the double-bridge technique, which uses only four edges. A similar p oint was describ ed in Sect. 6.3 of [10]. It is imp ortant to consider a trade- o� on that p oint, i.e., b etw een obtained qualities and computation times by each ILS. F rom these, this GT is interpreted as an adaptive k - change mov e tec hnique (the n um ber of k in the stan- dard technique is alwa ys �xed as describ ed in Sect. 2 ) b ecause the num ber of k is changeable according to the states b etw een the b est solution and another one via the random 4-change mov e for go o d current solu- tions in each iteration. The GT such as the adaptive k -change mov e is incorp orated into our approach, and the GILS is ac hiev ed. 3.3 TSP LOCAL SEAR CH ALGORITHMS W e can combine with any TSP lo cal search heuris- tics for the GILS approach. In this pap er, we employ the 2-Opt, 3-Opt, and Lin-Kernighan (v ariable r -Opt) heuristic algorithms as main search engines. In partic- ular, the LK algorithm has b een known to b e the b est improv emen t heuristic for the TSP . These TSP lo cal search heuristics improv e the cur- rent tour by changing the appropriate shorter edges from longer ones until no p ossibility for decreasing the tour length can b e found in the neigh b orho o d N , i.e., set of all p ossible \neighbor" tours. Giv en a tour x = f ( c 1 ; c 2 ) ; ( c 2 ; c 3 ) ; :::; ( c n � 1 ; c n ) ; ( c n ; c 1 ) g , where ( c i ; c i +1 ) denotes the edge connecting the i th p oint c i and the ( i + 1)th p oint c i +1 in the tour, the r -Opt ( r � 2) neighborho o d is de�ned by N r � opt ( x ) = f x 0 j x 0 is a tour obtained from x by remo ving r edges and adding the same num ber of other appropri- ate edges g . See [10] and [14] for implemen tation details of the heuristics. In the na � �v e implementations, the r - Opt algorithms generally take O ( n r ) time, i.e., the size of the neighborho o d grows p olynomially with r . How- ever, it is p ossible to reduce dramatically the enor- mous amount of computation time of these algorithms by using appropriate data structures and useful pro- gramming techniques. T o implemen t fast algorithms, we use the neighb or-list implementation of size 40 for the each no de that are initialized by nearest neighbor queries on the K -d tree, and incorp orate the don ’t lo ok bits technique in to our lo cal search algorithms [12], see [1, 2, 5, 10, 16] for details on these tec hniques. 4 EXPERIMENT AL RESUL TS In the exp eriment, we demonstrate p erformances of three GILS algorithms (2-Opt GILS, 3-Opt GILS, and LK GILS) for well-kno wn TSP instances in the TSPLIB95 [21], so that closeness to optimality can b e judged. Since the algorithms presented in this pa- p er attempt only to �nd near-optimal solutions, it is imp ortant to ev aluate the relation b etw een the av er- age quality of the solution and the computation time required by the algorithms. All computations of the algorithms written in C are p erformed on a F ujitsu S- 4/5 workstation (microSP AR CII 110MHz). W e carry out ten runs for each instance. All initial solutions are generated randomly , and improv ed by each lo cal search b efore p erforming each iterating search pro cess. 4.1 2-OPT AND 3-OPT VERSIONS T able 1 summarizes the b est (b est tour length) and av erage (a v erage tour length) qualities obtained by standard 2-Opt ILS and 3-Opt ILS using the double- bridge mov e for the well-kno wn 532-city instance [20], att532 (the optimal tour length is 27686). In the ta- ble, time(s) denotes the av erage computation times in seconds for each iteration shown, and the results p erformed by the algorithms are after n= 10, n= 10 0 : 5 , n , and 2 n iterations, where n denotes a num ber of cities. These iteration num bers are derived from those of Johnson and McGeo ch [10]. The results of 2-Opt and 3-Opt versions of our GILS approach for att532 are shown in T able 2. F rom these tables, we observed that the GILS algo- rithms obtained b etter solutions than standard ILS algorithms. Similar observ ations of the 2-Opt v ersion were rep orted in [13]. The ability of optimization of the GILS algorithms was p erformed faster than stan- dard algorithms when measuring �xed same iterations. F or example, the av erage qualit y of 3-Opt GILS at n iterations was clearly b etter than 3-Opt ILS at 2 n iter-

T able 1: Best and av erage p ercentage excess ov er the optimal tour length for 2-Opt ILS and 3-Opt ILS after n= 10, n= 10 0 : 5 , n , and 2 n iterations. ( n = 532) att532 2-Opt ILS 3-Opt ILS iterations b est av erage time(s) b est av erage time(s) n= 10 4.302 (28877) 6.074 (29367.7) 2 1.719 (28162) 2.788 (28458.0) 4 n= 10 0 : 5 2.853 (28476) 4.651 (28973.6) 7 0.921 (27941) 1.915 (28216.2) 11 n 2.384 (28346) 3.276 (28593.0) 19 0.686 (27876) 1.357 (28061.7) 33 2 n 1.853 (28199) 2.239 (28305.8) 37 0.560 (27841) 1.094 (27988.9) 64 T able 2: Best and av erage p ercen tage excess o v er the optimal tour length for 2-Opt GILS and 3-Opt GILS after n= 10, n= 10 0 : 5 , n , and 2 n iterations. ( n = 532) att532 2-Opt GILS 3-Opt GILS iterations b est av erage time(s) b est av erage time(s) n= 10 1.882 (28207) 3.534 (28664.3) 3 1.481 (28096) 2.082 (28262.6) 5 n= 10 0 : 5 1.665 (28147) 2.532 (28387.1) 10 0.842 (27919) 1.231 (28026.9) 15 n 1.055 (27978) 1.901 (28212.4) 28 0.368 (27788) 0.781 (27902.1) 41 2 n 0.708 (27882) 1.534 (28110.7) 53 0.238 (27752) 0.665 (27870.1) 80 ations. The av erage computation time of 3-Opt GILS at n iterations was faster than 3-Opt ILS at 2 n itera- tions, although the time of 2 n iterations of the GILS was sligh tly slow er than the time of the ILS in the same iteration. In addition, we tested eac h of four algorithms for 10 n iterations. The 2-Opt and 3-Opt ILSs obtained av erage qualities 1.57% and 0.55%, re- sp ectively . The GILSs found 0.98% and 0.36%, re- sp ectively . F rom these tests, we con�rmed that each algorithm intrinsically could improv e solution quali- ties, and our GILS approach could obtain even b etter ones with longer iterations. Even though 2-Opt and 3-Opt GILS algorithms demonstrated go o d prosp ects in comparison to the standard algorithms, they may not b e su�cient to achiev e muc h b etter solutions. 4.2 LK VERSION Results for the LK GILS on the TSPLIB instances of 101 { 3795 cities are sho wn in T able 3 (a result of other instance d2103 tested is describ ed in the end of this section). In this table, Opt/10runs denotes the num ber of optimal tours obtained by the LK GILS for ten runs. Optimal tours were alwa ys observed up to 2392-city instance, how ev er the LK GILS obtained very high-quality solutions even for the largest 3795- city instance in this exp eriment. In the early study of the Iterated Lin-Kernighan (ILK) algorithm using the double-bridge mov e, Johnson re- p orted that the ILK found optimal tours of 318, 532, 2392-city instances, etc [9]. Here, we compare our results with those of the ILK recently presented in T able 16 of [10] 2 . Our LK GILS clearly found b et- 2 T able 16 of [10] is the result that inten tionally sacri- �ced accuracy for ILK search. How ev er, the ILK algorithm must b e able to �nd go o d (or several optimal) solutions with larger iterations and computation times. ter solutions with fewer iterations than the results of the ILK for several instances shown in [10]. This b ehavior is similar to previous results of 2- and 3- Opt versions. F or example, the ILK for the instance of 532-city show ed av erage qualities, 1.20%, 1.08%, and 1.03%, with corresp onding num b ers of iterations, n= 10, n= 10 0 : 5 , and n , resp ectiv ely . The av erage qualit y (of att532 ), here shown in T able 3, was 0.223% at only n= 10 (i.e., 53) iterations within 13(sec) although the total computation time of the LK GILS was slightly slow er than the ILK for att532 (roughly a factor of 4) when comparing at the �nal n iteration (Johnson et al. used 150 MHz MIPS pro cessor). Merz and F reisleben rep orted impressive results of the genetic algorithm that is similar to one com bined b oth the ILK and our approach [16]. Their algorithm ob- tained the av erage tour length 27698.4 for att532 within 290(sec) on 233 MHz DEC Alphastation. F or the 783-city instance (optimal length is 8806), the algorithm obtained a b etter av erage length (8806.2) within 424(sec) than our result in T able 3. When giv- ing 4 n iterations (3132 iterations) for rat783 , the LK GILS obtained an av erage tour length of 8806.2 for ten runs within an av erage computation time of 400(sec) in our additional test (optimal tours were found 9 times in 10 runs). Using another high-p ow er GA, Na- gata and Kobay ashi rep orted a 0.034% av erage quality for att532 within 781(sec), 0.000% for rat783 within 3013(sec), and 0.006% for pr2392 within 33285(sec) on 200 MHz Pen tium pro cessor [19]. Our result of pr2392 was the same v alue with the high-p ow er GA. Again we p erformed the additional test for att532 . In the case of 4 n iterations (2128 iterations), the LK GILS ob- tained an av erage tour length 27694.1 (0.029%) for ten runs within an av erage computation time of 440(sec) (optimal tours were found 5 times in 10 runs). There- fore, our approach will �nd even b etter solutions b y increasing the iteration num b er within the limits of

T able 3: Best and av erage p ercen tage excess ov er the optimal tour length for LK GILS after n= 10, n= 10 0 : 5 , and n iterations. eil101 n = 101 Opt/10runs: 10 iterations b est a v erage time(s) n= 10 0.000 (629) 0.302 (630.9) < 1 n= 10 0 : 5 0.000 (629) 0.000 (629.0) < 1 n 0.000 (629) 0.000 (629.0) 2 kroA200 n = 200 Opt/10runs: 10 iterations b est a v erage time(s) n= 10 0.000 (29368) 0.164 (29416.2) 1 n= 10 0 : 5 0.000 (29368) 0.000 (29368.0) 4 n 0.000 (29368) 0.000 (29368.0) 10 lin318 n = 318 Opt/10runs: 8 iterations b est a v erage time(s) n= 10 0.128 (42083) 0.410 (42201.4) 6 n= 10 0 : 5 0.000 (42029) 0.162 (42096.9) 17 n 0.000 (42029) 0.057 (42053.0) 47 pcb442 n = 442 Opt/10runs: 9 iterations b est a v erage time(s) n= 10 0.014 (50785) 0.065 (50811.0) 8 n= 10 0 : 5 0.000 (50778) 0.016 (50785.9) 23 n 0.000 (50778) 0.003 (50779.7) 65 att532 n = 532 Opt/10runs: 2 iterations b est a v erage time(s) n= 10 0.072 (27706) 0.223 (27747.6) 13 n= 10 0 : 5 0.025 (27693) 0.092 (27711.6) 40 n 0.000 (27686) 0.056 (27701.5) 113 rat783 n = 783 Opt/10runs: 3 iterations b est av erage time(s) n= 10 0.045 (8810) 0.153 (8819.5) 13 n= 10 0 : 5 0.023 (8808) 0.073 (8812.4) 37 n 0.000 (8806) 0.022 (8807.9) 103 pcb1173 n = 1173 Opt/10runs: 1 iterations b est av erage time(s) n= 10 0.047 (56919) 0.204 (57008.1) 43 n= 10 0 : 5 0.002 (56893) 0.074 (56934.0) 118 n 0.000 (56892) 0.014 (56900.1) 319 rl1323 n = 1323 Opt/10runs: 1 iterations b est av erage time(s) n= 10 0.020 (270254) 0.195 (270725.5) 113 n= 10 0 : 5 0.010 (270226) 0.095 (270456.0) 355 n 0.000 (270199) 0.039 (270303.2) 1022 pr2392 n = 2392 Opt/10runs: 3 iterations b est av erage time(s) n= 10 0.011 (378074) 0.051 (378226.0) 177 n= 10 0 : 5 0.000 (378033) 0.016 (378093.9) 551 n 0.000 (378032) 0.006 (378054.1) 1635 fl3795 n = 3795 Opt/10runs: 0 iterations b est av erage time(s) n= 10 0.129 (28809) 0.341 (28870.1) 2658 n= 10 0 : 5 0.028 (28780) 0.189 (28826.4) 8933 n 0.021 (28778) 0.091 (28798.2) 26958 the time than the results shown in T able 3. Recently , a very high-p erformance algorithm called the \Thermal Cycling" w as dev elop ed by M� obius, Neklioudov, D � �az-S� anc hez, Ho�mann, F ac hat, and Schreiber [17]. This algorithm has roughly the same p erformance in comparison to ours for 442, 532, and 783-city instances. In particular, results of instances of fl type tested in [17] were extremely impressive. F or example, the instance of fl3795 , whic h is patho- logically clustered, hav e b een considered that it is very hard to optimize for neighbor search approac hes. Therefore, we relatively need large computation times as presented in [10, 16]. F rom our result for fl3795 on T able 3, we observed b etter approximate solu- tions (0.091%) on the av erage than results of Gorges- Schleuter (0.167%) [7] and Merz et al. (0.335%) [16], although our result was not as go o d as the result of M� obius et al [17]. Finally , we tested the LK GILS for the d2103 instance, which has not b een solved exactly y et [21]. The known low er and upp er b ounds for the optimum of the in- stance are [80330,80450]. The b est tour length found by our LK GILS was 80450, which corresp onded with the upp er b ound. In this case, we used 40 nearest cities for the neighbor-list implementation. The av er- age computation time for ten runs was 3700(sec), and the av erage tour length of 80480.4 was found within 2103 iterations. Our approach is a half-breed of the iterated lo cal search and the genetic algorithm without a compli- cated setting of several parameters. In particular, one or t w o solutions rather than man y solutions are used to �nd high-quality solutions. The genetic transforma- tion technique com bined b oth the crosso v er and muta- tion op erators is p erformed to intensiv ely explore the hop eful regions of the search space where b etter solu- tions may b e found by the lo cal search so that a diver- sity of the elite solution is obtained. F rom our results which very go o d av erage quality solutions were found from early iterations, we con�rmed that the GILS was one of the high-p erformance approaches to the TSP . 5 CONCLUSION In recent years, man y high-p erformance heuristics such as the iterated lo cal search and genetic algorithms hav e b een examined for the tra v eling salesman problem. By combining these algorithms, the p erformance in ob- taining go o d approximate solutions can b e increased. F rom this p oint of view, w e hav e presented a new ap- proximation approac h \Genetic Iterated Lo cal Search" based on the iterated lo cal search. F rom our exp erimental results, it would seem that an escap e technique, which changes only four edges such as a standard one, is not alwa ys suitable. The num- b er of edges reconnected by the genetic transformation technique in our GILS algorithms dep ends on states b etw een the b est previously found solution and an- other go o d solution. In this case, the num ber of edges is larger than the four edges usually changed by the double-bridge mo v e, and the new solutions pro duced by our adaptiv e k -change mov e technique can b e lo- cated onto promising regions of the search space where b etter solutions are likely to b e found by the lo cal search pro cedure. Consequently , the e�ectiv eness of the GILS has b een demonstrated. There are sev eral areas for future research, such as in- vestigating the e�ects of a parallel implementation of the GILS, analyzing a detailed relation b et w een the region of the search space and lo cal search, and ev al- uating the p erformance of our approac h for very large TSP instances. Ackno wledgemen ts The authors would like to thank David S. Johnson of A T&T Labs Research and Hiroshi G. Okuno of Ki- tano Symbiotic Systems Pro ject for v aluable discus- sions and Y asuhiro Seno o of F ujiSoft ABC Inc. for useful suggestions on the implementations of GILS. References [1] J.L Bentley , \ K -d trees for semidynamic p oint sets," Pro c. 6th Annual ACM Symp. on Compu- tational Geometry , pp.187{197, 1990. [2] J.L Bentley , \F ast algorithms for geometric trav- eling salesman problems," ORSA Journal on Computing, vol.4, no.4, pp.387{411, 1992. [3] K.D. Bo ese, A.B. Kahng, and S. Muddu, \A new adaptive multi-start tec hnique for combinatorial global optimizations," Op erations Research Let- ters, vol.16, pp.101{113, 1994. [4] B. Co denotti, G. Manzini, L. Margara, and G. Resta, \Perturbation: An e�cient technique for the solution of very large instances of the Eu- clidean TSP ," T ec h. Rep. TR-93-035, In terna- tional Computer Science Institute, Universit y of California at Berkeley , 1993. [5] M.L. F redman, D.S. Johnson, L.A. McGeo ch, and G. Ostheimer, \Data structures for trav eling salesmen," Journal of Algorithms, vol.18, pp.432{ 479, 1995. [6] B. F reisleben and P . Merz, \New genetic lo cal search op erators for the trav eling salesman prob- lem," Pro c. Parallel Problem Solving from Nature IV, pp.890{899, 1996. [7] M. Gorges-Schleuter, \Asparagos96 and the trav- eling salesman problem," Pro c. 4th IEEE Int. Conf. on Evolutionary Computation, IEEE Press, pp.171{174, 1997. [8] I. Hong, A.B. Kahng, and B.-R. Mo on, \Improv ed large-step Marko v chain v arian ts for the symmet- ric TSP ," Journal of Heuristics, vol.3, no.1, pp.63{ 81, 1997. [9] D.S. Johnson, \Lo cal optimization and the tra v- eling salesman problem," Pro c. 17th. Collo quium on Automata, Languages, and Programming, pp.446{461, 1990. [10] D.S. Johnson and L.A. McGeo ch, \The trav eling salesman problem: A case study ," Lo cal Search in Combinatorial Optimization, (E. Aarts and J.K. Lenstra, eds.), Wiley & Sons, pp.215{310, 1997. [11] K. Katay ama, H. Hirabay ashi, and H. Nari- hisa, \Performance analysis of a new genetic crossov er for the trav eling salesman problem," IEICE T rans. F undamen tals, v ol.E81-A, no.5, pp.738{750, 1998. [12] K. Katay ama and H. Narihisa, \New iterated lo- cal search algorithms using genetic transforma- tion for the trav eling salesman problem," T ec h. Rep. of IEICE, COMP98-80, 1999. [13] K. Katay ama and H. Narihisa, \A new iterated lo cal search algorithm using genetic crossov er for the tra v eling salesman problem," Pro c. 1999 ACM Symp. on Applied Computing, San Anto- nio, USA, F eb.28 { Mar. 2, pp.302{306, 1999. [14] S. Lin and B.W. Kernighan, \An e�ective heuris- tic algorithm for the trav eling salesman problem," Op erations Research, vol.21, pp.498{516, 1973. [15] O. Martin, S.W. Otto, and W. F elten, \Large-step Marko v c hains for the TSP incorp orating lo cal search heuristics," Op erations Researc h Letters, vol.11, pp.219{224, 1992. [16] P . Merz and B. F reisleben, \Genetic lo cal search for the TSP: New results," Pro c. 1997 IEEE Int. Conf. on Evolutionary Computation, IEEE Press, pp.159{164, 1997. [17] A. M� obius, A. Neklioudov, A. D � �az-S� anc hez, K.H. Ho�mann, A. F ac hat, and M. Schreiber, \Opti- mization by thermal cycling," Physical Review Letters, vol.79, no.22, pp.4297{4301, 1997. [18] H. M � uhlen bein, \Ev olution in time and space { the parallel genetic algorithm," F oundations of Genetic Algorithms, (G. Rawlins, ed.), Morgan- Kaufmann, pp.316{337, 1991. [19] Y. Nagata and S. Kobay ashi, \Edge assembly crossov er : A high-p ow er genetic algorithm for the trav eling salesman problem," Pro c. 7th Int. Conf. on Genetic Algorithm, pp.450{457, 1997. [20] M. Padberg and G. Rinaldi, \Optimization of a 532-city symmetric trav eling salesman problem by branch and cut," Op erations Researc h Letters, vol.6, pp.1{7, 1987. [21] G. Reinelt, http://www.iwr.uni-heidelberg/iwr/ comopt/soft/TSPLIB95