The T railblazer Searc h with a Hierarc hical Abstract Map T ak ahiro Sasaki � and F umihik o Chim ura y and Mario T ok oro z Departmen t of Computer Science, F acult y of Science and T ec hnology , Keio Univ ersit y 3-14-1 Hiy oshi, Kohoku-ku, Y ok ohama 223, Japan Abstract W e deal with the moving tar get se ar ch pr oblem where the lo cation of the goal ma y c hange dur- ing the searc h pro cess. The T r ailblazer Se ar ch ( TBS ) [ Chim ura and T ok oro, 1994 ] ac hiev es a systematic and e�ectiv e searc h b y main taining a map. The map stores path information ab out the region where the algorithm has already searc hed through. Ho w ev er, b ecause of the gro wth of the map, there is a problem that the time to mak e decisions of searc h steps increases rapidly . W e prop ose an algorithm, the T r ail- blazer Se ar ch with an A bstr act map ( TBSA ), that reduces the cost of map main tenance, and hence impro v es the reactiv eness of the prob- lem solv er. W e partition the information ab out the problem space in to lo c al maps , and build an abstr act map that con trols main tenance of the lo cal maps. In this w a y , the problem solv er can systematically manage information ab out the problem space, and it can utilize the map with less cost. W e ev aluate the e�ciency of our metho d, and sho w ho w signi�can t cost reduc- tion in map main tenance can b e ac hiev ed b y using a t w o-la y ered map. 1 In tro duction Heuristic searc h is the pro cess of trial and error dur- ing an attempt to reac h a goal state in a certain do- main. W e deal with searc h problems for agen ts, con- sidering that the agen ts will tak e actual actions in the real w orld. Korf presen ted the L e arning R e al-Time A* ( LR T A* ) [ 1990 ] that in terlea v es constan t time decision and actual execution of searc h steps. Ho w ev er, LR T A* is a searc h algorithm for stationary goals. When consid- ering the dynamic prop ert y of the real w orld, goals ma y c hange lo cations while the agen ts are planning to ac- complish them. Ishida and Korf presen ted moving tar get se ar ch pr oblem [ 1991 ] . Represen ting a goal that c hanges lo cations as a mo ving target, and taking a uniformly � sasaki@mt.cs.keio.ac.jp y chimur a@mt.cs.keio.ac.jp z mario@mt.cs.keio.ac.jp . Also a�liated with Son y Com- puter Science Lab oratory Inc. w eigh ted graph as the problem space, the aim of the problem is for a problem solv er to reac h a no de where the target is lo cated, namely , to capture the target. Moving T ar get Se ar ch ( MTS ) [ Ishida and Korf, 1991 ] extends LR T A* to tac kle the searc h problem for mo v- ing targets. While exploring the problem space, start- ing from heuristic estimates, the problem solv er tries to learn the exact distances b et w een an y t w o no des in the problem space. Once the problem solv er learns the set of exact distance v alues, the searc h task is then reduced to mo ving to the adjacen t no des that are closer to the target. Ho w ev er, since the problem solv er cannot learn the exact distances at once, it ma y re-explore the same lo cations man y times and require man y searc h steps to solv e a problem. This o ccurs if the problem space is com- plicated as for a maze and the problem solv er is trapp ed in deep dead ends, where the initial heuristic estimates greatly di�er from the true v alues. In Intel ligent Moving T ar get Se ar ch ( IMTS ) [ Ishida, 1992 ] , while o v erlo oking the motion of the target, the problem solv er conducts a lo okahe ad searc h to �nd ex- its of dead ends. This metho d signi�can tly reduces the n um b er of searc h steps of MTS, since the problem solv er can mak e decisions that widely re ect the structure of the searc h space. In con trast, T r ailblazer Se ar ch ( TBS ) [ Chim ura and T ok oro, 1994 ] records the information ab out lo cations where the problem solv er has already explored. Due to this information, the problem solv er can a v oid explor- ing the same no des rep eatedly . F urthermore, from the stored information, the algorithm creates a map that en- ables the problem solv er to c hase the target, once the target mo v es on a direct path found in the map. In this w a y , TBS signi�can tly reduces the n um b er of searc h steps. Ho w ev er, as the searc h pro ceeds, TBS rapidly in- creases its cost of map main tenance, according to the gro wth of the map. As a result, TBS tak es an increas- ingly longer time to mak e a decision for eac h step. In this pap er, w e prop ose an algorithm, the T r ailblazer Se ar ch with an A bstr act map ( TBSA ), that ac hiev es an e�ectiv e map main tenance, so as to impro v e the reactiv e- ness of the problem solv er. W e partition the information ab out the problem space in to lo c al maps , and build a global la y er, called abstr act map , whic h con trols main te- nance of the lo cal maps. In this w a y , w e can systemati- cally manage information ab out the problem space, and limit map main tenance within smaller lo cal maps, in- stead of the en tire map. TBSA can th us mak e decisions in less time. W e describ e the hierarc hical map main tenance of TBSA. W e formally analyze the metho d, and sho w em- pirical results indicating its e�ectiv eness. 2 Searc h for Mo ving T argets and the T railblazer Searc h W e represen t the problem space as a connected and undi- rected graph with unit cost assigned to eac h edge. W e represen t a goal that c hanges lo cation as a mo ving tar- get. A t an y time p erio d during the pro cess, a problem solv er and a target are assigned no des in the graph. In alternate turns, they mo v e to an y no de adjacen t to their curren t lo cations. Starting from separated initial no des, the searc h ends when the lo cations of the problem solv er and the target coincide. W e mak e three assumptions to assure a solution for the searc h. Firstly , the problem solv er alw a ys kno ws the lo cation of the target. Concretely sp eaking, the prob- lem solv er m ust kno w the name of the no de where the target is lo cated. Secondly , the problem solv er has an admissible [ P earl, 1984 ] heuristic function that returns an estimated distance b et w een an y t w o no des in the problem space. Lastly , the problem solv er mo v es faster than the target. In the particular problem space de- �ned ab o v e, w e implemen t this assumption b y p erio di- cally skipping the target’s turn. Chim ura and T ok oro presen ted the T r ailblazer Se ar ch ( TBS ), an algorithm for mo ving targets. The basic idea of TBS is to store path information ab out the region the problem solv er has previously explored, and to ex- ploit this information for accomplishing the task. The problem solv er records ev ery step of itself and the target. This is done b y recording an undirected edge connecting the departure and arriv al no des of the step. The prob- lem solv er organizes these records in to a graph called the tr ail . F rom the trail, the problem solv er calculates the routing table called the map , using Dijkstr a’s short- est p ath algorithm or Floyd’s algorithm [ Aho et al. , 1974 ] . The map holds a minim um cost path from the curren t lo- cation of the problem solv er to an y no de it has explored. TBS separates the capturing pro cess of the target in to t w o distinct phases: (1)the se ar ch phase , and (2)the chase phase . In b oth phases, the problem solv er ex- ploits the information of the map in order to ac hiev e an e�ectiv e pro cess. The pro cess starts from the searc h phase. By using the map in the searc h phase, the prob- lem solv er can distinguish an unexplored region from an explored region, and can th us conduct a systematic pro cess b y eliminating unnecessary re-exploration of the same no des. Once the target crosses the trail of the problem solv er (or vice v ersa), and hence the trails of the problem solv er and the target o v erlap, the problem solv er �nds a path in the map leading to the target. Then, TBS en ters the c hase phase. The c hase phase is deterministic since the v alues referred from the map are accurate. The problem solv er simply needs to mo v e to reduce the distance b et w een itself and the target. In the searc h phase, either the problem solv er m ust �nd the target or the trail of the problem solv er and the target m ust o v erlap b efore exploring the whole problem space. Hence, the algorithm ev en tually en ters the c hase phase. In the c hase phase, according to the assumption that the problem solv er mo v es faster than the target, the problem solv er can alw a ys capture the target. Th us TBS is a complete algorithm, i.e., it terminates. In the follo wing, w e formally describ e the TBS algorithm. Let x and y b e the lo cations of the problem solv er and the target resp ectiv ely . They tak e v alues from a set of in tegers that iden tify the actual no des in the prob- lem space. Let h ( x; y ) b e the heuristic estimate of the distance b et w een x and y , and C ( x; y ) b e the distance b et w een x and y deriv ed from the map. The v alue of C ( x; y ) is 1 if there is no path found b et w een x and y on the map. F or eac h explored no de, w e assume that the problem solv er records the p ar ent no de from whic h it has arriv ed to the no de for the �rst time. � Pro cedures of the problem solv er when it is its o wn turn to mo v e 1. F or eac h no de x 0 adjacen t to x , read C ( x 0 ; y ) to �nd if there is an y path from x 0 to y . If there is no path, en ter the searc h phase, otherwise en ter the c hase phase. a. In the se ar ch phase F or eac h unexplored no de x 0 adjacen t to x , calculate h ( x 0 ; y ), mo v e to the no de x 0 with minim um h ( x 0 ; y ). Ties are brok en randomly . If all of the adjacen t no des ha v e b een explored, mo v e to the no de x 0 that is the paren t no de of x . b. In the chase phase Mo v e to the adjacen t no de x 0 with minim um C ( x 0 ; y ). Ties are brok en randomly . 2. Record the mo v e of the problem solv er b y adding an undirected edge connecting x and x 0 to the trail. Assign the v alue of x 0 to x as the new lo cation of the problem solv er. 3. Up date the routing table. � Pro cedures of the problem solv er when it is the tar- get’s turn to mo v e 1. Record the mo v e of the target b y adding an undirected edge connecting y and y 0 to the trail, where y 0 is the new lo cation of the target. As- sign the v alue of y 0 to y as the new lo cation of the target. 2. Up date the routing table. With the map information, ev en if the problem space is complicated as for a maze, a problem solv er executing TBS can capture the target in few er steps than one exe- cuting Ishida’s MTS. Ho w ev er, TBS requires map main- tenance, whose cost increases rapidly as the searc h pro- ceeds, and as trails of the problem solv er and the target b ecome more complicated. The problem solv er uses the map to decide whic h direction to pro ceed next. As a result, the problem solv er tak es an increasingly longer time to mak e decisions for eac h step, and it b ecomes increasingly di�cult for the problem solv er to b eha v e

Figure 1: The detailed map of the en tire problem space reactiv ely . If w e consider real-w orld applications, suc h as the problem for an autonomous rob ot to capture a target rob ot, the cost of map main tenance is tolerable to some exten t. The reason is that map main tenance tak es computational cost, while searc h steps tak e ph ysi- cal cost suc h as the cost of the rob ot’s mo v e. Ho w ev er, for TBS, the increase in the cost of map main tenance is so extreme that it cannot b e neglected, esp ecially if w e consider large scale real-w orld problems. 3 The T railblazer Searc h with an Abstract Map TBS main tains a map including all the details ev ery time the problem solv er tak es a single step(�g.1). This is use- less since a single mo v e results in up dating the map for the en tire area of the trail, ev en though the mo v e will only a�ect the structure of the trail in a small region sur- rounding the lo cation where the mo v e to ok place. F ol- lo wing the idea that the map should b e lo cally up dated, w e divide the map and conduct routing in the partitions. In order to k eep trac k of connections b et w een partitions, w e create a global map o v er the partitions. Therefore, the problem solv er hierarc hically main tains the informa- tion ab out the problem space. W e call the searc h al- gorithm that uses the hierarc hical map, the T r ailblazer Se ar ch with an A bstr act map ( TBSA ). This section de- scrib es the main tenance metho d and the use of this t w o- la y ered hierarc hical map. 3.1 A Hierarc hical Construction of a Map TBSA regards the problem space as a set of exclusiv e partitions called the subpr oblem sp ac es . The partitions will b e made b y a simple function distinguishing no des of one partition from those of the other partitions. In a subproblem space, some no des directly connect to no des that b elong to another distinct subproblem space. W e call them b oundary no des . A b oundary lies b et w een con- nected b oundary no des of di�eren t subproblem spaces. TBSA main tains the map in t w o la y ers(�g.2): (1)the lo c al maps hold the detailed information ab out the cor- resp onding subproblem space, and (2)the abstr act map holds the information ab out ho w eac h subproblem space in terconnects with one another. Eac h lo cal map records ev ery searc h step the problem solv er tak es in corresp ond- ing partitions of the problem space. The abstract map only records b oundary no des and edges connecting those Figure 2: The detailed lo cal maps and the abstract global map no des. In the abstract map, the cost of an edge is the cost of the path that connects the b oundary no des, and that is calculated from a lo cal map. Due to the hierarc hical map, TBSA systematically manages the information that has b een acquired dur- ing the searc h pro cess. As a result, the problem solv er mak es decisions in a shorter time for eac h step. 3.2 Hierarc hical Map Main tenance and Reconstruction of P aths In the follo wing, w e describ e, (1) ho w TBSA constructs and main tains a hierarc hical map, and (2) ho w TBSA calculates the distance b et w een an y t w o no des according to the hierarc hical map. If the problem solv er tak es a step within a certain subproblem space, map main tenance pro ceeds only in a corresp onding lo cal map. If the problem solv er strides across the b oundary b et w een t w o distinct subproblem spaces, map main tenance pro ceeds in the abstract map. In b oth pro cedures, w e can use the same routing algo- rithms on eac h map. Let p n represen t a no de that the problem solv er reac hes after taking n steps. F or n b eing a non-negativ e in teger, assume that the problem solv er mo v es from a no de p n � 1 to a no de p n on its n th step. S ( x ) iden ti�es a subproblem space to whic h eac h no de x b elongs. Map main tenance pro ceeds di�eren tly , accord- ing to whether b oth p n � 1 and p n b elong to the same subproblem space or not. � When the step is taken within the same subpr oblem sp ac e ( S ( p n � 1 ) = S ( p n )), 1. Add the edge ( p n � 1 ; p n ; c ( p n � 1 ; p n )) to the lo- cal map of subproblem space S ( p n � 1 ), where c ( p n � 1 ; p n ) is the actual cost to tra v erse the edge. 2. Up date the lo cal map of S ( p n � 1 ). � When the step is taken b etwe en two distinct subpr ob- lem sp ac es ( S ( p n � 1 ) 6 = S ( p n )), 1. Add the edge ( p n � 1 ; p n ; c ( p n � 1 ; p n )) to the ab- stract map. 2. F or an y explored b oundary no de q in subproblem space S ( p n � 1 ), add the edge

Figure 3: Up dating of the abstract map, when a step is tak en across the b oundary ( q ; p n � 1 ; C S ( p n � 1 ) ( q ; p n � 1 )) to the abstract map. Here C S ( p n � 1 ) ( q ; p n � 1 ) is the actual cost of the path b et w een no de q and no de p n � 1 , de- riv ed from the lo cal map of S ( p n � 1 ). 3. Up date the abstract map. (�g.3) The same map main tenance is done when the target tak es a step. W e no w sho w ho w to calculate the map cost C ( x; y ) b et w een t w o no des x and y , where x is the lo cation of the problem solv er and y of the target. The function C S ( x ) denotes the cost referred from the lo cal map of subproblem space S ( x ) to whic h the no de x b elongs. The function C Abst denotes the cost referred from the abstract map. The distance b et w een t w o no des lo cated in the same subproblem space can b e directly referred from the corresp onding lo cal map. On the other hand, the distance b et w een t w o no des lo cated in distinct sub- problem spaces m ust b e calculated b y reconstructing the path from the lo cal maps and the abstract map. C ( x; y ) = 8 > < > : C S ( x ) ( x; y ) ; when S ( x ) = S ( y ) min v ;w f C S ( x ) ( x; v ) + C Abst ( v ; w ) + C S ( y ) ( w ; y ) g ; when S ( x ) 6 = S ( y ) Here, v and w indicate an y explored b oundary no de lo- cated inside subproblem spaces S ( x ) and S ( y ), resp ec- tiv ely . TBSA di�ers from TBS only in the w a y of constructing the map and of calculating the distance b et w een t w o no des on the map. TBSA follo ws the p olicy of TBS that separates the pro cess of capturing the target in to the searc h phase and the c hase phase. Th us TBSA inherits the simplicit y and completeness of TBS. In the follo wing of this pap er, w e will analyze the searc h problem on a t w o-dimensional grid space. Al- though grid-lik e space represen ts only some features of man y problem t yp es, the searc h problem on suc h a space is not extremely sp ecial. This is b ecause, if w e regard junctions as no des and connections b et w een junctions as edges, w e can naturally con v ert the grid-lik e space to a general graph-lik e one. In a grid-lik e problem space, w e consider partitions of �xed size, made b y horizon tally and v ertically dividing the grid at �xed in terv als. This metho d for partitioning allo ws TBSA to create hierarc hies with small o v erhead. F or general graph-lik e problem spaces, ho w ev er, the par- titioning metho d b ecomes a ma jor issue. Later, w e dis- cuss a metho d that creates hierarc hies in suc h problem spaces. 4 F ormal Analysis of TBSA TBS and TBSA b oth up date the map ev ery time the problem solv er or the target mo v es. W e analyze the w orst-case time complexit y of map main tenance for eac h step of the problem solv er or the target. W e consider the rectangular grid-lik e problem space as discussed ab o v e. Let n b e the total n um b er of the no des in the problem space. If w e use Dijkstra’s algorithm [ Aho et al. , 1974 ] for routing, the step wise w orst case time complexit y of map main tenance is O ( n 2 ) for TBS. If w e equally parti- tion the problem space in to d subproblem spaces, eac h lo cal map con tains n=d no des at most. The abstract map con tains 4 p n=d � d = 4 p nd no des at most, since eac h subproblem con tains 4 p n=d b oundary no des. Hence, for eac h step of the problem solv er or the target, the step- wise w orst-case time complexit y of map main tenance is O (( n=d ) 2 ) for the lo cal map, and O (16 nd ) = O ( nd ) for the abstract map. The partitioning n um b er d ranges b et w een 1 and n . If w e coarsely partition the problem space, i.e., tak e a small d , the problem solv er or the tar- get tends to mo v e within a subproblem space. Hence, the term of O (( n=d ) 2 ) b ecomes dominan t in the step- wise cost of map main tenance. When d = 1, the term of O (( n=d ) 2 ) b ecomes O ( n 2 ). In this case, a single lo cal map w orks as a detailed en tire map. On the other hand, if w e �nely partition the problem space in to small pieces, i.e., tak e a large d , the problem solv er or the target will frequen tly stride across b oundaries. Hence, the term of O ( nd ) b ecomes dominan t in the step wise cost of map main tenance. When d = n , the term of O ( nd ) b ecomes O ( n 2 ). In this case, the abstract map w orks as a detailed en tire map. No w if w e let d b e d / 3 p n , b oth O (( n=d ) 2 ) and O ( nd ) b ecome O ( n 4 3 ), whic h are less than the v alue O ( n 2 ) for TBS. 5 Exp erimen tal Results of TBSA W e empirically ev aluated the p erformance of TBSA, and for comparison, TBS. The problem space is a 50 � 50 rectangular grid, organized as a torus. W e randomly placed obstacles on junctions, that prev en t the problem solv er or the target from mo ving to the o ccup ying junc- tions. The obstacle o ccupation of the whole problem space w as set in the range from 0% to 40% at in terv als of 5%. According to preliminary exp erimen ts that tested the b est division, w e partitioned the problem space in to 25 subproblem spaces b y dividing eac h side of the grid equally in to 5 parts. W e set the sp eed of the target to 4 = 5 that of the problem solv er b y skipping the turn of the target once ev ery �v e turns. W e p erformed exp erimen ts for eac h TBSA and TBS, and for di�eren t strategies of targets. The strategies are, (1) A void : the target mo v es to the furthest adjacen t no de from the problem solv er, (2) Me et : the target mo v es co op erativ ely to meet the

Figure 4: T otal n um b er of steps problem solv er, i.e., searc hes for the problem solv er, and (3) R andom : the target mo v es randomly . F or eac h ex- p erimen t, w e randomly created 100 sample grids, and a v eraged the results o v er all the samples. F or eac h ex- p erimen t, w e coun ted the total n um b er of searc h steps and the cost of map main tenance. The cost of map main tenance is regarded as the n um b er of references to records on the routing table for eac h time the map is up- dated. F urther, to ev aluate the algorithm’s reactiv eness, w e measured the cost of map main tenance for eac h 10 steps of the problem solv er. Figures 4 and 5 sho w the total n um b er of steps and the total map main tenance cost. Figure 6 sho ws the result of the cost of map main- tenance for eac h 10 steps up to 150 steps, where the target’s strategy is A void and the obstacle ratios are 0% and 20%. As sho wn in �gure 4, TBSA sho ws the same tendency as TBS for the total n um b er of searc h steps. This is b ecause TBSA di�ers from TBS only in ho w the map is main tained; the p olicy of mo v emen t is the same for b oth. When the obstacle ratio increases from 0% to 25%, it b ecomes easier for a systematic searc h lik e TBS and TBSA to capture the A voiding targets. This sho ws that problem solv ers can get out of dead ends faster than the targets [ Chim ura and T ok oro, 1994 ] . On the other hand, as sho wn in �gure 5, TBSA signif- ican tly reduces the cost of map main tenance, compared with TBS. When the obstacle ratio is 40%, TBSA’s cost of map main tenance reduces to 0 : 035 times that of TBS for the target’s strategy of A void or Me et , and to 0 : 080 times for R andom . The cost of map main tenance is es- p ecially high when the capturing pro cess of the target includes a long c hase phase. This is b ecause, in the c hase phase, the problem solv er m ust mak e a com bined map of b oth the problem solv er and the target. The c hase phase tends to b ecome shorter when the obstacle ratio increases, since A voiding targets tend to get trapp ed in dead ends. This explains wh y the A void curv e dips as the obstacle ratio increases. The c hase phase is usually longer for a target with the A void strategy than for one with other strategies. Hence, the biggest impro v emen t of TBSA against TBS app ears when the target’s strat- Figure 5: Cost of map main tenance Figure 6: Cost of map main tenance for ev ery 10 steps egy is A void . F or an A voiding target and for an obstacle ratio of 0%, TBSA’s cost of map main tenance is 0.005 times that of TBS. Within a practical time, TBSA can solv e m uc h larger problems than TBS, suc h as the mo v- ing target problem on a 200 � 200 grid. Figure 6 sho ws that the cost of map main tenance of TBSA for eac h 10 steps increases slo wly , while that of TBS increases rapidly , as the searc h pro ceeds. This re- sult indicates signi�can t impro v emen t of the problem solv er’s reactiv eness. W e can con�rm the impro v emen t on a computer displa y; TBSA resp onds instan tly , while TBS sp ends quite a long time to tak e a single step. Nev- ertheless, the reaction time of TBSA is not constan t. Since the n um b er of no des in a subproblem space is lim- ited to a constan t, w e predict that the main tenance cost of a lo cal map is constan t as w ell. On the other hand, since the abstract map con trols lo cal maps, and since the n um b er of lo cal maps is regarded as unlimited, as for the abstract map, w e cannot set an y plausible b oundary to the cost of main tenance. Ho w ev er, the increase in the n um b er of no des included in the abstract map is so slo w that main tenance cost of the abstract map has little impact on the total cost of map main tenance. 6 Related Researc h In the �eld of AI planning, there has b een plen t y of re- searc h dealing with hier ar chic al pr oblem solving . Accord- ing to [ Prieditis and Janakiraman, 1993 ] , it is a three step problem-solving paradigm:(1) abstr action , (2) pr ob- lem solving , and (3) r e c onstitution . After organizing an abstract problem space, a plan is �rst inferred in that problem space. The in termediate states of the abstract plan are then used as in termediate goals to guide the searc h for a more detailed plan. Knoblo c k sho w ed that this metho d can reduce the searc h complexit y from ex- p onen tial to linear when searc hing for a solution with the same length [ Knoblo c k, 1991 ] . In TBSA, the phase of or- ganizing the hierarc hical map corresp onds to the step of abstr action , and the phase of reconstructing paths from the hierarc hical map corresp onds to the steps of pr oblem solving and r e c onstitution . The ma jor issue of TBSA and hierarc hical problem solving in general, is the need of a cost e�ectiv e abstraction sc heme. The ALPINE system [ Knoblo c k, 1990 ] automatically forms abstraction hierarc hies b y analyzing the structure of the problem space b efore pr oblem solving . Ev en though this automa- tion isn’t directly applicable to the dynamic nature of map construction, the idea of learning hierarc hies is use- ful for TBSA. F or example, instead of using a prede�ned function for partitioning the problem space, TBSA migh t initially explore a small region of the searc h space and predict an appropriate partition for the whole problem space. This will b e one w a y of making TBSA applicable to more general searc h problems other than problems on a grid. Hierarc hical problem solving is regarded as an imp ortan t tec hnique for realizing real-time problem solving [ Strosnider and P aul, 1994 ] . W e in tro duced the paradigm in to the map main tenance of TBS in order to impro v e the problem solv er’s reactiv eness. 7 Conclusions and F uture W ork W e dealt with the problem of searc hing mo ving tar- gets. The information ab out the region explored b y the searc h algorithm is predicted to b e esp ecially useful for searc hing mo ving targets. Ho w ev er, the concern for this metho d is that the map b ecomes larger as the algorithm progresses. TBSA is a metho d that uses a hierarc hical map of where the algorithm has explored. TBSA han- dles the problem space in partitions, called lo cal maps. It main tains an abstract map on top of the lo cal maps, in order to systematically manage the information of the problem space. W e formally and empirically analyzed TBSA in a problem where a problem solv er searc hes for a target on a grid-lik e problem space with randomly placed ob- stacles. First, w e formally sho w ed that TBSA reduces the cost of map main tenance for eac h step of the prob- lem solv er from O ( n 2 ) to O ( n 4 3 ), where n is the n um b er of no des in the problem space. Then, with results from sim ulations, w e sho w ed that TBSA actually reduced the cost of map main tenance. TBSA inherits the simplicit y and completeness of TBS; ho w ev er, there is signi�can t impro v emen t in the algorithm’s reactiv eness. W e found that, within a plausible time, TBSA could solv e prob- lems of sizes up to a 200 � 200 square grid. TBS could not solv e a problem of this size within a plausible time. F or larger problems, it migh t b e b ene�cial to construct a hierarc hical map that has more than t w o la y ers. It will b e useful if the searc h algorithm can con trol the n um b er of la y ers adaptiv ely . W e plan to researc h this strategy further. References [ Aho et al. , 1974 ] Alfred V. Aho, John E. Hop croft, and Je�rey D. Ullman. The Design and A nalysis of Com- puter A lgorithms . Addison-W esley , 1974. [ Chim ura and T ok oro, 1994 ] F umihik o Chim ura and Mario T ok oro. The T railblazer Searc h: A New Metho d for Searc hing and Capturing Mo ving T argets. In Pr o- c e e dings of AAAI-94 , pages 1347{1352, 1994. [ Chim ura, 1994 ] F umihik o Chim ura. The T r ailblazer Se ar ch: A Study on Se ar ching Moving T ar gets . PhD thesis, Departmen t of Computer Science, F acult y of Science and T ec hnology , Keio Univ ersit y , 1994. [ Ishida and Korf, 1991 ] T oru Ishida and Ric hard E. Korf. Mo ving T arget Searc h. In Pr o c e e dings of IJCAI- 91 , pages 204{210, 1991. [ Ishida, 1992 ] T oru Ishida. Mo ving T arget Searc h with In telligence. In Pr o c e e dings of AAAI-92 , pages 525{ 532, 1992. [ Knoblo c k, 1990 ] Craig A. Knoblo c k. Learning Abstrac- tion Hierarc hies for Problem Solving. In Pr o c e e dings of AAAI-90 , pages 923{928, 1990. [ Knoblo c k, 1991 ] Craig A. Knoblo c k. Searc h Reduction in Hierarc hical Problem Solving. In Pr o c e e dings of AAAI-91 , pages 686{691, 1991. [ Korf, 1990 ] Ric hard E. Korf. Real-Time Heuristic Searc h. A rti�cial Intel ligenc e , 42(2{3):189{211, 1990. [ P earl, 1984 ] Judea P earl. Heuristics: Intel ligent Se ar ch Str ate gies for Computer Pr oblem Solving . Addison W esley , 1984. [ Prieditis and Janakiraman, 1993 ] Armand Prieditis and Bhask er Janakiraman. Gener- ating E�ectiv e Admissible Heuristics b y Abstraction and Reconstitution. In Pr o c e e dings of AAAI-93 , pages 743{748, 1993. [ Strosnider and P aul, 1994 ] Ja y K. Strosnider and C. J. P aul. A Structured View of Real-Time Problem Solv- ing. AI Magazine , 15(2):45{66, 1994.