Mining Algorithms for Sequen tial P atterns in P arallel : Hash Based Approac h T ak ahik o Shin tani and Masaru Kitsurega w a Institute of Industrial Science, The Univ ersit y of T oky o 7-22-1 Ropp ongi, Minato-ku, T oky o, 106 Japan Abstract. In this pap er, w e study the problem of mining sequen tial patterns in a large database of customer transactions. Since �nding se- quen tial patterns has to handle a large amoun t of customer transaction data and requires m ultiple passes o v er the database, it is exp ected that parallel algorithms help to impro v e the p erformance signi�can tly . W e consider the parallel algorithms for mining sequen tial patterns on a shared-nothing en vironmen t. Three parallel algorithms (Non P arti- tioned Sequen tial P attern Mining(NPSPM), Simply P artitioned Sequen- tial P attern Mining(SPSPM) and Hash P artitioned Sequen tial P attern Mining(HPSPM)) are prop osed. In NPSPM, the candidate sequences are just copied among all the no des, whic h can lead to memory o v er o w for large databases. The remaining t w o algorithms partition the candidate sequences o v er the no des, whic h can e�cien tly exploit the total system’s memory as the n um b er of no des in increased. If it is partitioned simply , customer transaction data has to b e broadcasted to all no des. HPSPM partitions the candidate sequences among the no des using hash func- tion, whic h eliminates the customer transaction data broadcasting and reduces the comparison w orkload. W e describ e the implemen tation of these algorithms on a shared-nothing parallel computer IBM SP2 and its p erformance ev aluation results. Among three algorithms HPSPM at- tains b est p erformance. 1 In tro duction Data Mining, also kno wn as kno wledge disco v ery in databases, has attracted strong atten tion. Because of the progress of data collection to ols, large amoun t of transaction data ha v e b een generated, but suc h data b eing arc hiv ed and not used e�cien tly . Data mining is the metho d of e�cien t disco v ery of useful infor- mation suc h as rules and previously unkno wn patterns existing b et w een data items em b edded in large databases, whic h allo ws more e�ectiv e utilization of existing data. The problem of mining sequen tial patterns in a large database of customer transactions w as in tro duced in [1]. A transaction data t ypically consists of a cus- tomer iden ti�er, a transaction iden ti�er, a transaction time asso ciated with eac h transaction and the b ough t items p er-transaction. By analyzing these customer- transaction data, w e can extract the sequen tial patterns suc h as \5% of customer who buy b oth A and B buy C in the next transaction".

Sev eral algorithms ha v e b een prop osed to �nd sequen tial patterns[1{3]. An algorithm for �nding all sequen tial patterns, named AprioriAll, w as presen ted in [1]. First, AprioriAll disco v ers all the sets of items (itemset) with a user-sp eci�ed minim um supp ort (large itemset), where the supp ort is the p ercen tage of cus- tomer transactions that con tain the itemsets. Secondly , the database is trans- formed b y replacing the itemsets in eac h transaction with the set of all large itemsets. Lastly , it �nds the sequen tial patterns. It is costly to transform the database. In [3], a graph-based algorithm, DSG(Direst Sequen tial pattern Gen- eration), w as presen ted. DSG constructs an asso ciation graph to indicate the asso ciations b et w een items b y scanning the database once, and generates the sequen tial pattern b y tra v ersing the graph. Though the disk I/O cost of DSG is v ery lo w, the related information ma y not �t in the memory when the size of the database is large. In [2], GSP(Generalized Sequen tial P attern) algorithm that disco v ers generalized sequen tial patterns w as prop osed. GSP �nds all the fre- quen t sequences without transforming the database. Besides, some generalized de�nitions of sequen tial patterns are in tro duced in [2]. First, time construc- tions are in tro duced. Users often w an t to sp ecify maxim um and/or minim um time p erio d b et w een adjacen t elemen ts. Second, exible de�nition of a customer transaction is in tro duced. It allo ws a user-sp eci�ed windo w-size within whic h the items can b e presen t. Third, giv en a user-de�ned taxonom y ( is - a hierarc h y) o v er the data items, the generalized sequen tial pattern, whic h includes items span di�eren t lev els of the taxonom y , is in tro duced. All the previous algorithms for �nding sequen tial patterns are serial algorithms. Finding sequen tial patterns has to handle a large amoun t of customer transaction data and requires m ultiple passes o v er the database, whic h requires long computation time. Th us, its com- putational requiremen ts are to o large for a single pro cessor to ha v e a reasonable resp onse time. In our previous study , w e prop osed parallel algorithm for mining asso ciation rules on a shared-nothing en vironmen t, named HP A(Hash P artitioned Apri- ori)[4]. Asso ciation rules are the rules ab out what items are b ough t together within a transaction. HP A not only partitions the transaction database but the candidate itemsets among the no des. Sev eral other parallel algorithms for min- ing asso ciation rules are in tro duced[5{8]. Ho w ev er, most of these algorithms do not partition the candidate itemsets. Among them, Data Distribution[7], IDD(In telligen t Data Distribution) and HD(Hybrid Distribution)[9] partition the candidate sequences. Since these algorithms exc hange all the transaction data among the no des, a large amoun t of comm unications are required. On the other hand, HP A partitions the candidate itemsets using hash function to reduce the amoun t of comm unications. In this pap er, w e consider the parallel algorithms for mining sequen tial pat- terns on a shared-nothing en vironmen t. Three parallel algorithms (Non P arti- tioned Sequen tial P attern Mining, Simply P artitioned Sequen tial P attern Mining and Hash P artitioned Sequen tial P attern Mining) are prop osed. In NPSPM, the candidate sequences are just copied among all the no des. The remaining t w o al- gorithms partition the candidate sequences o v er the no des, whic h can e�cien tly exploit the total system’s memory as the n um b er of no des in increased. If the candidate sequences are partitioned simply , customer transaction data has to b e broadcasted to all no des. HPSPM partitions the candidate itemsets among the no des using hash function, whic h eliminates the customer transaction data broadcasting and reduces the comparison w orkload. W e describ e the implemen- tation of these algorithms on a shared-nothing parallel computer IBM SP2 and its p erformance ev aluation results. Among three algorithms, HPSPM attains b est p erformance. The rest of this pap er is organized as follo ws: Section 2 describ es the problem of mining sequen tial patterns. In section 3, w e prop ose three parallel algorithms. P erformance ev aluations are giv en in section 4. Section 5 concludes the pap er. 2 Sequen tial P atterns Here, w e in tro duce some basic concepts of sequen tial patterns, using the formal- ism in [2]. Let I = f i 1 ; i 2 ; : : : ; i m g b e a set of literals, called items. An itemset X is de�ned a set of items suc h that X � I . Let D = f s 1 ; s 2 ; : : : ; s n g b e a set of customer-sequences, where eac h sequence s is a set of transactions ordered b y increasing transaction time corresp onds to a sequence, s = f t 1 ; t 2 ; : : : ; t k g . W e de�ne t j an elemen t of the sequence. A transaction t has a set of items ( t � I ), customer iden ti�er, transaction iden ti�er and transaction time. W e sa y a sequence s a = h a 1 ; a 2 ; : : : ; a x i con tains a sequence s b = h b 1 ; b 2 ; : : : ; b y i if there exist in tegers i 1 < i 2 < : : : < i y suc h that a i 1 � b 1 ; a i 2 � b 2 ; : : : ; a i y � b y . The sequence s has supp ort � in the customer-sequence database D , if � % of the customer-sequences in D con tain s . The problem of mining sequen tial patterns is to �nd all sequences that satisfy a user-sp eci�ed minim um supp ort on the assumption that w e are giv en a set of customer-sequences. These sequences are called frequen t sequences. Here, w e explain the GSP algorithm for �nding all frequen t sequences, pro- p osed in [2]. Since w e consider �nding the naiv e sequen tial patterns, sev eral generalized de�nitions in tro duced in [2] are ignored. In the �rst iteration (pass 1), supp ort-coun t for eac h item is coun ted b y scanning the customer-sequence database. Hereafter w e prepare a �eld named supp ort-coun t for eac h sequences, whic h is used to measure ho w man y times the sequences con tained in customer- sequences. Since sequences here consist of just single item, eac h item has a supp ort-coun t �elds. All the items whic h satisfy the minim um supp ort thresh- old are pic k ed out. These items are called frequen t 1-sequences ( L 1 ). Here, k - sequence is de�ned a sequence with k items. In the second iteration (pass 2), the 2-sequences are generated using L 1 . These sequences are called the candi- date 2-sequences ( C 2 ). Then the supp ort-coun t of C 2 is coun ted b y scanning the customer-sequence database. Here supp ort-coun t of the sequence means the n um b er of customer-sequences whic h con tain it. A t the end of scanning the customer-sequence database, the frequen t 2-sequences ( L 2 ) whic h satisfy mini- m um supp ort are determined. The follo wing denotes the k -th iteration, pass k ( k > = 2).

1. Generate the candidate sequence: The candidate k -sequences ( C k ) are generated using large ( k � 1)-sequences ( L k � 1 ) whic h w ere determined in the previous pass (pass k � 1). 2. Coun t supp ort: The supp ort-coun t of C k are coun ted b y scanning the customer-sequence database D . 3. Determine frequen t sequence: The candidate k -sequences in C k are c hec k ed for whether they satisfy the minim um supp ort condition or not, the frequen t k -sequences ( L k ) whic h satisfy the minim um supp ort are determined. This pro cedure terminates when the new frequen t sequence b ecomes empt y . The pro cedure for generating candidate k -sequences is as follo ws: Candidate generation o ccurs in t w o steps. First, in the join step, the candidate k -sequence C k are generated b y joining L k � 1 with L k � 1 . If there are the sequences that the subsequence obtained b y dropping the �rst item of s 1 is iden tical with the subsequence obtained b y dropping the last item of s 2 , the candidate sequence is generated b y adding s 1 to the last item in s 2 . The added item b ecomes a separate elemen t if it w as a separate elemen t in s 2 , and a part of the last elemen t of s 1 otherwise. Next, in the prune step, delete all of the sequences in C k where some of the ( k � 1)-subset of the candidate k -sequences are not in L k � 1 . 3 P arallel Algorithms In this section, w e describ e the parallel algorithms for �nding all the frequen t sequences for shared-nothing parallel mac hines. In the serial algorithm, the coun t supp ort pro cessing requires the longest computation time, where the customer- sequence database is scanned and a large n um b er of candidate sequences are examined. W e designed a parallel algorithms for the coun t supp ort pro cessing. If eac h no de can hold all of the candidate itemsets, parallelization is straigh t- forw ard. By partitioning the customer-sequence database o v er all the no des, disk I/O op eration can b e done in parallel. In NPSPM, the candidate sequences are just copied among all the no des. In the case where all of the candidate sequences do not �t within the lo cal memory of single no de, the candidate sequences are partitioned in to the fragmen ts, eac h of whic h �ts in the memory size of single no de. A t this time, NPSPM mak es m ultiple passes o v er the customer-sequence database in one pass. In order to exploit the total system’s memory e�ectiv ely , the remaining t w o algorithms partition the candidate sequences o v er the memory space of all the no des, and coun t the supp ort-coun t b y exc hanging the customer- sequence among the no des. F or simplicit y , w e assume that the size of the candi- date sequences in one pass is larger than the size of lo cal memory of single no de but is smaller than the sum of the memory of all the no des. It is easy to expand this algorithm to handle the candidate itemsets whose size exceeds the sum of the memory of all the no des.

3.1 Non P artitioned Sequen tial P attern Mining : NPSPM In NPSPM, the candidate sequences are just copied among all the no des, eac h no de determine the frequen t sequences b y exc hanging the supp ort coun t v alues among all the no des. Though eac h no de can w ork indep enden tly in coun t supp ort pro cessing, eac h no de has to examine all the candidate sequences. Figure 1 giv es the b eha vior of pass k of the p -th no de, using the notation in T able 1. T able 1. Notation for NPSPM algorithm L k Sets of all the frequen t k -sequences C k Sets of all the candidate k -sequences jC k j The size of C k in b ytes M The size of main memory in b ytes D p Customer-sequences stored in the lo cal disk of the p -th no de C d k Sets of fragmen ts of the candidate k -sequences. Eac h fragmen ts �ts in the lo cal memory of a no de. j C d k j The size of C d k in b ytes L d k Sets frequen t k -sequences deriv ed from C d k k > = 2 C k := The candidates of size k generated from L k � 1 f C d k g := P artition C k in to fragmen ts eac h of whic h �ts in a no de’s lo cal memory ( d = 1 ; : : : ; djC k j = M e ) for ( d = 1; d < = djC k j = M e ; d + +) do forall s 2 D p do Incremen t the supp ort coun t of all candidates in C d k that are con tained in s end Send the supp ort coun t of C d k to the co ordinator no de = � = � Co ordinator no de determine L d k whic h satisfy user-sp eci�ed minim um sup- p ort in C d k and broadcast L d 1 to all the no des � = � = Receiv e L d k from the co ordinator no de end L k := S d L d k Fig. 1. NPSPM algorithm Eac h no de w orks as follo ws: 1. Generate the candidate sequences: { Eac h no de generates the candidate k -sequences ( C k ) using the large ( k � 1)-sequences ( L k � 1 ). { Insert C k in to the candidate hash table. 2. Scan the customer-sequence database and coun t the supp ort-coun t v alue: { Eac h no de reads the customer-sequence database from its lo cal disk. { Incremen t the supp ort-coun t of all the candidates in C k that are con- tained in s . 3. Determine the large sequences: { After reading all the customer-sequences, all no de’s supp ort-coun t are gathered in to the co ordinator no de and examined to determine whether the minim um supp ort condition is satis�ed or not.

4. If L k is empt y , the algorithm terminates. Otherwise the co ordinator no de broadcasts L k to all the no des, k := k + 1" and goto \1". If the size of all the candidate sequences exceeds the lo cal memory size of a single no de, the candidate sequences are divided in to fragmen ts, eac h of whic h can �ts within the lo cal memory of a single no de. Then, the ab o v e pro cess is rep eated for eac h fragmen t. Figure 1, at the b eginning of the for-lo op, sho ws the metho d b y whic h eac h of the candidate sequences are divided in to fragmen ts with eac h fragmen t b eing pro cessed in order. 3.2 Simply P artitioned Sequen tial P attern Mining : SPSPM In NPSPM, the candidate sequences are not partitioned but just copied among all the no des. Ho w ev er the candidate sequences often b ecomes to o large to �t within the lo cal memory of a single no de. SPSPM arbitrarily partitions the can- didate sequences equally o v er the memory space of all the no des. Th us SPSPM can exploit the aggregate memory of the system. SPSPM assigns the candidate sequences equally to all of the no des in a round robin manner. By round-robin, the candidates are assigned to the no des in a cyclical manner with the i -th can- didate assigned to no de i mo d n , where n is the n um b er of no des in the sysytem. Since SPSPM partitions the candidate sequences among the no des, eac h no de has to broadcast the customer-sequences stored in its lo cal disk to all the other no des for coun t supp ort pro cessing, while NPSPM requires no suc h broadcast. Figure 2 sho ws the b eha viour of pass k b y the p -th no de in SPSPM, using the notation in T able 2. Here w e assume the size of candidate itemset is smaller than the size of sum of all the pro cessor’s memory . Extension of the algorithm to handle m uc h larger candidate itemset is easy . W e can divide the candidate sequences in to fragmen ts lik e in NPSPM. T able 2. Notation for SPSPM algorithm L k Sets of all the large k -sequences. C k Sets of all the candidate k -sequences. D p Customer-seqnences stored in the lo cal disk of the p -th no de C p k Sets of the candidate k -sequences assigned the p -th no de L p k Sets of large k -sequences deriv ed from C p k Eac h no de w orks as follo ws: 1. Generate the candidate sequences: { Eac h no de generates C k using L k � 1 and inserts a part of the candidate itemsets in to its o wn hash table ( C p k ). The candidate k -sequences are assigned to no des in a round-robin manner. 2. Scan the customer-sequence database and coun t the supp ort-coun t v alue: { Eac h no de reads the customer-sequence database D p from its lo cal disk and broadcasts them to all the no des. F or eac h customer-sequence en try , the supp ort-coun t is incremen ted in the same w a y as in NPSPM, when read from its o wn disk or receiv ed from another no des.

k > = 2 C k :=The candidates of size k generated from L k � 1 f C p k g :=All the candidate k -itemsets, assigned to the p -th no de forall s 2 D p do Broadcast s to all the no des Incremen t the supp ort-coun t v alue of C p k con tained in s Receiv e the customer-sequence s 0 sen t from the other no des and incremen t the supp ort-coun t of all candidates that are con tained in s 0 end f L p k g :=All the candidates in C p k with minim um supp ort Send L p k to the co ordinator no de = � Co ordinator no de mak e up L k := S p L p k and broadcast to all the no des � = Receiv e L k from the co ordinator no de Fig. 2. SPSPM algorithm 3. Determine the large sequences: { After reading all the customer-sequences, eac h no de can determine indi- vidually whether eac h candidate in C p k satisfy minim um supp ort condi- tion or not. { Eac h no de send L p k to the co ordinator no de, where all the large k - sequences L k := S p L p k are deriv ed. 4. If L k is empt y , the algorithm terminates. Otherwise the co ordinator no de broadcasts L k to all the no des, k := k + 1 and goto \1". Example 1. Assuming there are 3 no des in a system. Let the large items, com- puted pass 1, b e L 1 = f 1 ; 2 ; 3 ; 5 ; 7 g . Since SPSPM partitions the candidate se- quences in round-robin manner, the candidate sequences are assigned sho wn in Figure 3. Supp ose No de 0 reads the customer-sequence s = f 1 ; 3 ; 6 gf 2 ; 4 g . Then No de 0 broadcast s to all the other no des and incremen t the coun t-supp ort of f 1 ; 3 g ; f 3 gf 2 g . No de 1 and No de 2 receiv e the sequence f 1 ; 3 ; 6 gf 2 ; 4 g from No de 0. No de 2 incremen ts the supp ort-coun t of f 1 gf 2 g . Fig. 3. An example of SPSPM algorithm

3.3 Hash P artitioned Sequen tial P attern Mining : HPSPM In SPSPM, the amoun t of comm unications b ecomes v ery large, since SPSPM requires broadcasting all the customer-sequences in the coun t supp ort pro cessing. HPSPM partitions the candidate sequences among the no des using the hash function lik e in the hash join in relational database systems, whic h eliminates the need for customer-sequence broadcasting and can reduce the comparison w orkload signi�can tly . Figure 4 giv es the b eha vior of pass k b y the p -th no de, using the notation in T able 2. k > = 2 C k :=The candidates of size k generated from L k � 1 f C p k g := All the candidate k -itemsets, whose hashed v alue corresp onding to the p -th no de forall s 2 D p do s 0 := Select all the items that con tained in C k from the customer-sequence s forall k -sequence x 2 s 0 do Determine the destination no de ID b y applying the same hash function whic h is used in candidate sequences partitioning, and send that k -sequences to it. If it is its o wn ID, incremen t the supp ort-coun t for the sequence. Receiv e k -sequences from the other no des and incremen t the supp ort-coun t for that sequence end end f L p k g :=All the candidates in C p k with minim um supp ort Send L p k to the co ordinator no de = � Co ordinator no de mak e up L k := S p L p k and broadcast to all the no des � = Receiv e L k from the co ordinator no de Fig. 4. HPSPM algorithm Eac h no de w orks as follo ws: 1. Generate the candidate sequence: { Eac h no de generates C k using L k � 1 . { Apply the hash function to the candidates in C k and determine the des- tination no de ID. If the ID is its o wn, insert it in to the candidate hash table ( C p k ). 2. Scan the customer-sequence database and coun t the supp ort-coun t v alue: { Eac h no de reads the customer-sequence database from its lo cal disk, and generates new customer-sequence s 0 b y selecting all the items that are con tained in C k from the customer-sequence s . { Generate k -sequences from s 0 and apply the same hash function used in phase 1. Deriv e the destination no de ID and send the k -sequence to it. { F or the sequences receiv ed from other no des and those lo cally generated whose ID equals the no de’s o wn ID, searc h the candidate hash table. If hit, incremen t its supp ort-coun t v alue. 3. { 4. Same as SPSPM In Figure 5, Example 2 illustrates the b eha vior of HPSPM for the same condition at Example 1.

Fig. 5. An example of HPSPM algorithm Example 2. Let the hash function b e hash ( X ; Y ) = (( item code of X ) � 10 + ( item code of Y )) mod 3, here X < Y . Therefor, the candidate sequence f 1 ; 2 g whose hashed v alue is 0 is allo cated to No de 0. The other candidate sequences are allo cated the same w a y . Supp ose No de 0 reads the customer-sequence s = f 1 ; 3 ; 6 gf 2 ; 4 g . Then No de 0 generates new customer-sequence s 0 = f 1 ; 3 gf 2 g b y selecting the large items in s , generates 2-sequences from s 0 and applies the hash function used at the candidate sequence partitioning. F or example, since the hash v alue of f 3 gf 2 g is 2, No de 0 sends f 3 gf 2 g to No de 2. No de 2 receiv es f 3 gf 2 g from No de 0 and incremen ts the supp ort-coun t of f 3 gf 2 g . 4 P erformance Ev aluation W e measured all the exp erimen ts on a 16-no de IBM SP2, whic h emplo ys a shared-nothing arc hitecture. Eac h no de is a PO WER2 with 256MB lo cal memory and a 2GB lo cal disk driv e. Eac h no de comm unicates with eac h other through HPS (High-P erformance Switc h). T o ev aluate the p erformance of the prop osed parallel algorithms, syn thetic datasets em ulating retail transactions are used, where the generation pro cedure is based on the metho d describ ed in [2]. T able 3 sho ws the meaning of the v arious parameters and the c haracteristics of the datasets used in our exp erimen ts. In the follo wing, w e use the notation C x T y to denote a dataset in whic h an a v erage n um b er of transactions p er customer-sequence is x and an a v erage n um b er of items p er transaction is y . 4.1 Measuremen t of Execution Time Figure 6 sho ws the execution time of the prop osed parallel algorithms for pass 2, v arying the minim um supp ort condition. The customer-sequence database is ev enly spread o v er the no de’s lo cal disks b efore the exp erimen ts starts. In these

T able 3. P arameters of datasets P arameter C10T5 C20T2.5 Num b er of customer-sequences (= size of Database) 384,000 384,000 Av erage n um b er of transactions p er customer-sequence 10 20 Av erage n um b er of items p er transaction 5 2.5 Av erage length of maximal p oten tially frequen t sequences 4 4 Av erage size of Itemsets in maximal p oten tially frequen t sequences 1.25 1.25 Num b er of maximal p oten tially frequen t sequences 5,000 5,000 Num b er of maximal p oten tially frequen t itemsets 25,000 25,000 Num b er of items 10,000 10,000 exp erimen t, w e measure the p erformance only for pass 2. Since the single no de’s memory cannot hold the en tire candidate sequences only for pass 2. C10.T5 C20.T2.5 Fig. 6. Execution time for pass 2 In NPSPM, the execution time increases sharply when minim um supp ort b ecomes small. When the minim um supp ort is small, the size of the candidate sequences b ecomes large and the single no de’s memory cannot hold the en tire candidate sequences. In suc h case, NPSPM divides the candidate sequences in to fragmen ts, and scans the customer-sequence database rep etitiv ely for eac h frag- men t. Th us the execution time of NPSPM increases sharply as decreases the minim um supp ort threshold. HPSPM alw a ys outp erforms SPSPM. In HPSPM and SPSPM, eac h no de exc hanges the customer-sequence data among the no des for supp ort coun t pro- cessing, since these t w o algorithms partition the candidate sequences o v er the memory space of all the no des. Since SPSPM partition the candidate sequences arbitrarily among the no des, eac h no de has to broadcast its lo cal customer- sequence to all the other no des, whic h causes a large amoun t of comm unications. On the other hand, since HPSPM partitions the candidate sequences using hash function, eac h no de transmits the sequences whic h are generated from the items in a customer-sequence to certain no de, the comm unication costs is reduced.

4.2 Sp eedup Figure 7 sho ws the sp eedup ratio for pass 2. Here, the n um b er of no des are v arying 4, 6, 8, 12 and 16. The curv e is normalized with the execution time on 4 no des. The minim um supp ort threshold w as set to 0.75% for C10T5 and 0.8% for C20T2.5. C10.T5 (min sup 0.75%) C20.T2.5 (min sup 0.8%) Fig. 7. Sp eedup ratio HPSPM and NPSPM attain m uc h higher linearit y than SPSPM. Since SP- SPM has to broadcast the customer-sequence data to all the other no des, the comm unication cost of SPSPM is v ery high. On the other hand, HPSPM trans- mits the sequences to certain no de, HPSPM can reduce the comm unication cost. Since NPSPM requires no customer-sequence data transfer for coun t supp ort pro cessing, NPSPM can attain go o d linearit y . Ho w ev er, the candidate sequences are divided and the supp ort-coun ts are coun ted b y scanning the customer- sequence database rep eatedly in the case the en tire candidate sequences do not �t within the memory space of a single no de, and eac h no de w orks on the en tire candidate sequences. As a result, the resp onse time of NPSPM is long. Figure 7 sho w that HPSPM can attain comparable go o d linearit y . 5 Conclusions In this pap er, w e prop osed three di�eren t parallel algorithms for mining se- quen tial patterns on a shared-nothing parallel mac hine. Since mining sequen tial patterns requires m ultiple passes o v er the customer-sequence database and the database to b e mined are often v ery large, parallel algorithms are required. In NPSPM, the candidate sequences are just copied o v er all the no des, no customer-sequence data transfer for coun t supp ort pro cessing. Ho w ev er, if the en tire candidate sequences do not �t with in the memory space of a single no de, the candidate sequences are divided to fragmen ts and the supp ort-coun ts are coun ted b y scanning the customer-sequence database rep eatedly . Since the size of the customer-sequence database is v ery large, it is v ery costly to scan the database rep eatedly for eac h fragmen t. The remaining t w o algorithms, SPSPM and HPSPM, not only partition the customer-sequence database but partition the candidate sequences among all the no des, whic h can exploit the total system’s memory e�ectiv ely , and coun t the supp ort-coun t of the candidate sequences b y transmit the customer-sequence data. Since SPSPM partition arbitrarily parti- tion the candidate sequences among the no des, eac h no de has to broadcast its lo cal customer-sequence data to ev ery other no des, a large amoun t of comm uni- cations is caused. HPSPM partitions the candidate sequences using hash func- tion, whic h a v oids the customer-sequence data broadcasting. Consequen tly , the comparison system w orkload is reduced signi�can tly . W e ev aluated the p erfor- mance of the three algorithms b y implemen ting them on 16-no des shared-nothing parallel mac hine, and sho w ed HPSPM can attain relativ ely go o d p erformance. In [2], generalized sequen tial pattern is in tro duced. Since generalized sequen- tial patterns include the items across di�eren t lev els of the taxonom y o v er the data items, w e ha v e to examine the asso ciations b et w een the di�eren t lev els of the taxonom y in suc h mining. Th us, the size of the candidate sequences b ecomes m uc h larger than mining naiv e single lev el sequen tial patterns. Extension of our parallel algorithms to the mining of generalized sequen tial pattern is in teresting study for future w ork. Ac kno wledgmen t This w ork is (partially) supp orted as the Gran t-in-Aid for Creativ e Basic Researc h #09NP1401: "Researc h on Multimedia Mediation Mec hanism for Realization of Human- orien ted Information En vironmen ts" b y the Ministry of Education, Science, Sp orts and Culture. References 1. R.Agra w al and R.Srik an t. Mining sequen tial patterns. In Pr o c. of the 11th Int. Conf. on Data Engine ering , pages 3{14, Marc h 1995. 2. R.Srik an t and R.Agra w al. Mining sequen tial patterns: Generalizations and p er- formance impro v emen ts. In Pr o c. of the 5th Int. Conf. on Extending Datab ase T e chnolo gy , Marc h 1996. 3. S.-J.Y en and A.L.P .Chen. An e�cien t approac h to disco v ering kno wledge from large databases. In Pr o c. of 4th Int. Conf. on Par al lel and Distribute d Information Systems , pages 8{18, Decem b er 1996. 4. T.Shin tani and M.Kitsurega w a. Hash based parallel algorithms for mining asso- ciation rules. In Pr o c. of 4th Int. Conf. on Par al lel and Distribute d Information Systems , pages 19{30, Decem b er 1996. 5. J.S.P ark, M.-S.Chen, and P .S.Y u. E�cien t parallel data mining for asso ciation rules. In Pr o c. of the 4th Conf. on Information and Know le dge Management , pages 31{36, No v em b er 1995. 6. D.W.Cheung, J.Han, V.T.Ng, A.W.F u, and Y.F u. A fast distributed algorithms for mining asso ciation rules. In Pr o c. of 4th Int. Conf. on Par al lel and Distribute d Information Systems , pages 31{42, Decem b er 1996. 7. R.Agra w al and J.C.Shafer. P arallel mining of asso ciation rules. In IEEE T r ans. on Know le dge and Data Engine ering, V ol.8, No.6 , pages 962{969, Decem b er 1996. 8. D.W.Cheung, V.T.Ng, A.W.F u, and Y.F u. E�cien t mining of asso ciation rules in distributed databases. In IEEE T r ans. on Know le dge and Data Engine ering, V ol.8, No.6 , pages 911{922, Decem b er 1996. 9. E.-H.(Sam)Han, G.Karypis, and V.Kumar. Scalable parallel data mining for asso- ciation rules. In Pr o c. of 1997 A CM SIGMOD Int. Conf. on Management of Data , pages 277{288, 1997.