Scalable Data Mining with Log Based Consistency DSM for High P erformance Distributed Computing Hideaki Hira y ama, Hiroki Honda and T oshitsugu Y uba Graduate Sc ho ol of Information Systems The Univ ersit y of Electro-Comm unications hiray ama, honda, yuba@yuba.is.uec.ac.jp Key W ords: Distributed Shared Memory , Virtual Shared Memory , Consistency Proto col, Log Based Consistency , Parallel Pro cessing, Distributed Pro cessing. T ec hnical Area Most Relev an t to This Paper: Distributed Shared Memory . Abstract Mining the large web based online distributed databases to discov er new knowledge and �nancial gain is an imp ortant research problem. These computations require high p erformance distributed and paral- lel computing environmen ts. T raditional data mining techniques such as classi�cation, asso ciation, clustering can b e extended to �nd new e�cient solutions. This pap er presents the scalable data mining problem, prop oses the use of softw are DSM (Distributed Shared Memory) with a new mech- anism as an e�ective solution and discusses b oth the implementation and p erformance ev aluation results. It is observed that the ov erhead of a soft w are DSM is v ery large for scalable data mining programs. A new Log Based Consistency (LBC) mechanism, esp ecially designed for scalable data mining on the softw are DSM is prop osed to ov ercome this ov erhead. T raditional as- so ciation rule based data mining programs frequently mo dify the same �elds by count-up op erations. In contrast, the LBC mechanism keeps up the consistency by broadcasting the coun t-up op eration logs among the m ultiple no des. 1

1 Introduction Discov ering knowledge from large databases is well known as data min- ing. The basic functions of data mining include detecting, predicting and interpreting patterns in on-line databases. Data mining algorithms emplo y techniques from wide v ariet y of �elds such as statistics, arti�cial intelligence. A p opular example of data mining is seen in the retail organization. Such organizations collect massive amoun ts of data and create large databases with the progress in bar-co de technology . One of the primary techniques used in retail organizations to discov er the knowledge from the databases is Asso ciation rule based mining [1][2]. F or example, the kno wledge for a store lay out, "40 p ercen t of customers who purchase baby’s diap ers also purc hase can-b eers", can b e discov ered by data mining. This discov ered kno wledge can b e used to increase the pro�t by changing the store la y out. Kno wledge need to b e extracted from data bases v ary from industry to industry . Man y industries are in the pro cess of dev eloping their o wn sp e- cialized data mining techniques to satisfy their own requirements. In gen- eral, data mining programs m ust pro cess massive amoun ts of data a v ailable in primary , secondary and distributed storages of SMP(Symmetric Multi- Pro cessor)-type high p erformance parallel computers and/or cluster-t yp e distributed computing environmen ts. Dev eloping algorithms and programs that can b e executed b oth in SMP- type parallel computers and cluster-type distributed systems is an imp ortan t problem in data mining. Programs and algorithms exhibiting such capabil- ity are scalable data mining programs. W e prop ose the use of softw are DSM (Distributed Shared Memory) [3][4] to develop scalable data mining pro- grams for high p erformance parallel and distributed computing systems. By using the DSM, we can develop programs with shared memory programming mo del instead of message passing programming mo del ev en in cluster-type distributed systems. T ypical data mining programs based on asso ciation rule mining fre- quently mo dify the same data �elds by count-up op erations. When those programs are executed in softw are DSM, many data in the �elds are fre- quently passed among the plural no des to k eep up the consistency . Thus the ov erhead of a softw are DSM is very large for data mining programs. T o improv e the p erformance we prop ose a new Log Based Consistency (LBC) mechanism, on the softw are DSM. This mechanism is sp ecially designed for scalable data mining. The LBC mechanism keeps up the consistency by broadcasting the count-up op eration logs among the plural no des. 2

T o ev aluate the e�ectiv eness of the LBC mec hanism, we hav e devel- op ed a scalable data mining system, VISIONA (Vi rtual S hared Memory Envi ro nment for Scalable Data Min ing A pplications). VISIONA is imple- mented as a softw are DSM with LBC and running in distributed systems such as PC clusters or UNIX-computer clusters. Two programs for mining, an asso ciation rule based program and a bay esian netw ork program, hav e b een implemented in VISIONA. Performance of the softw are DSM with LBC was ev aluated b y executing the programs in VISIONA. W e selected asso ci- ation rule and ba y esian netw ork mining b ecause of their p opularity among users. In this pap er, we present the mec hanism of the softw are DSM with LBC, the implementation of the LBC mechanism and the p erformance ev aluation results of LBC mechanism for asso ciation rule based mining and ba y esian netw ork mining. 2 Large Scale Data Mining This section describ es the tw o large scale data mining programs. First one is a mining program based on asso ciation rule [1][2] for retail organizations. Second mining program is the bay esian netw ork generation [5] for the man- ufacturing industry . 2.1 Asso ciation Rule Mining Asso ciation rule mining is v ery p opular among the retail organizations. F or asso ciation rule mining it is necessary to de�ne t w o measures, a supp ort v alue and a con�dence v alue. The supp ort v alue is a measure based on the p ercentage of the transaction record including an item X. The con�dence v alue is a measure based on the p ercentage of the transaction record includ- ing an item X is also including an item Y. Users sp ecify the constrain ts, the minimum supp ort v alue and the minimum con�dence v alue, for mining asso ciation rules. Asso ciation rule mining is done b y the following Apriori algorithm. In this algorithm k is an integer which starts from one. The following steps pro cess the item-sets (sets of items) having k items, which are called pass-k. They are iterated after k is incremented. 1. Read all transaction records and coun t-up the o ccurrences of the item- sets having k items. These are the candidate item-sets of k. 3

2. Select the item-sets from the candidate item-sets of k, which supp ort v alues whic h are greater than the minimum supp ort v alue. They are called the large item-sets of k. 3. Make the candidate item-sets of k+1 out of the large item-sets of k. Rep eat the ab o v e steps until the large item-sets will b e null. It tak es very long time to execute the Apriori algorithm, since it reads a large n um ber of transaction records and counts-up the o ccurrences of a large num ber of item-sets. 2.2 Bay esian Net w ork Generation Bay esian netw ork, a new tec hnique of data mining, receiv ed muc h atten tion in the manufacturing industry . A bay esian netw ork is a directed acyclic graph. The netw ork graphically represen ts the characteristics and the rela- tions of knowledge with its no des and arcs. This graphical represen tation helps to understand the kno wledge. Moreov er, it has formal probabilistic semantics for statistical manipulation. When generating a bay esian netw ork, many even t data sampled from the environmen t such as a manufacturing pro cess are read and the o ccurrences of the ev en ts are coun ted-up. It takes massive amount of time to generate a bay esian netw ork, b ecause it reads a large num b er of even t data and counts- up the o ccurrences of a large num ber of even ts. 3 Log Based Consistency Mec hanism There are tw o types of DSMs (Distributed Shared Memory). One is a hard- ware DSM such as "D ASH" [6] or "Alewife" [7]. Hardware DSM is one of the hardw are architectures for scalable platforms. The other is a softw are DSM such as "T readMarks" [3] or "CVM" [4]. Softw are DSM is a tec hnique to mak e a virtual scalable platform from v arious other platforms which may use a hardware DSM. Our prop osal is to use a soft w are DSM. W e do not consider whether a hardware DSM is used in the platform or not. F rom now on, we refer the softw are DSM as a DSM. 3.1 LBC Mec hanism The DSM provides a virtual shared memory and enables users to develop programs with shared memory programming mo del in cluster-type distributed 4

Figure 1: The DSM with LBC. systems. The traditional DSM such as "T readMarks" has the lazy release consistency [3] and multiple writer proto col [8]. They increase the p erfor- mance compared to the former sequential consistency proto col by alleviating the problem caused by mis-matc hes b etw een page size and application gran- ularity which is known as false sharing. That is, they are e�ective even if the �elds in the same page are frequently up dated in the plural no des. Lazy release consistency and the multiple writer proto col are not suf- �cient for some data mining programs such as asso ciation rule mining or bay esian net w ork generation. Those programs frequently up date the same �elds in the plural no des. Therefore, if those programs are executed in the traditional DSM, large num b er of data items in the �elds are frequently passed for keeping the consistency and they can not b e executed simultane- ouly . Suc h a problem is hardly alleviated b y the lazy release consistency or the multiple writer proto col. Most of the pro cessing time of those programs is sp en t b y the coun t-up op erations. If we pay attention to the c haracteristics of the count-up op er- ations, we notice that the op erations follow the commutativ e law and the asso ciative law. By taking adv an tage of the comm utativ e and the asso cia- tive features of the count-up op erations, we prop ose the LBC (Log Based Consistency) mechanism. The LBC mechanism can execute the count-up 5 op erations simultaneously in the plural no des while keeping the consistency . F or example, in the Apriori algorithm for mining asso ciation rules, a hash tree of the candidate item-sets is created in the DSM. After the hash tree is created in the DSM, transaction records are read and the o ccurrences of the item-sets are counted by all no des. The op erations ha v e a large ov erhead in the traditional DSM, b ecause it is necessary to pass the data in the �elds at ev ery count-up op eration to keep up the consistency . Hence, the count- up op erations can not b e executed simultaneously . Ho w ev er, the count-up op erations with commutativ e and the asso ciativ e laws, it is p ossible to k eep consistency without passing data at every count-up op eration. In the DSM with LBC, when the count-up op erations are executed in a no de, the count-up op eration logs are recorded in a log bu�er of the no de, as sho wn in �gure 1. These count-up op erations can b e executed sim ultane- ously in the plural no des without passing data at every coun t-up op eration. The count-up op eration log has an address of the �eld which is counted- up in the no de and to b e counted-up in all other no des. When the log bu�er reaches full, the logs are sen t to all other no des by broadcasting. In other no des, when they receive the logs, the logs are pro cessed or the count-up op erations are executed. The LBC mechanism makes it p ossible to count-up the same �elds si- multaneously in the plural no des without passing data at ev ery count-up op eration. Therefore, the LBC mec hanism is e�ectiv e for the count-up op- erations b y taking adv an tage of the comm utativ e la w and the asso ciative law. 3.2 Implementation of LBC Mec hanism Figure 2 shows the system structure of VISIONA which is the prototype of the DSM with LBC. The Resource Manager is a daemon pro cess to manage shared memory spaces and semaphores whic h can b e used in cluster-type distributed systems. The Space Managers are daemon pro cesses to manage data in shared memory spaces and send the count-up op eration logs to all other no des by broadcasting. The Shadow Daemons are daemon pro cesses to receive the count-up op eration logs sent from other no des and to re ect them into the shared memory spaces in their own no des. When an application pro cess creates a shared memory space or a semaphore, it sends the request to the Resource Manager (A). When the Resource Man- ager is requested to create a shared memory space, it requests the Space Managers and the Shadow Daemons in all no des to create the shared mem- 6

Figure 2: System structure of VISIONA. ory space and map them (B). Semaphores are controlled b y the Resource Manager. When an application pro cess attaches a shared memory space into its own address space, it sends the request to the Space Manager in its o wn no de to query the address of the shared memory space. When an appli- cation pro cess counts-up the o ccurrences of the candidate item-sets in the shared memory space, it sends the request to the Space Manager in its own no de (C). The Space Manager sav es the count-up request as a log in a log bu�er. When the log bu�er reachs full, the Space Manager sends them to the Shadow Daemons in all other no des by broadcasting (D). When the Shadow Daemons receive the coun t-up op eration logs, they re ect them into their own shared memory spaces. 3.3 Programming with LBC Mechanism Figure 3 sho ws a pseudo co de for asso ciation rule mining in the DSM with LBC. The functions with pre�x "VISIONA" are pro vided by VISIONA li- brary . In step-1, a master pro cess creates a shared memory space and a semaphore. All the pro cesses in the plural no des of the cluster-type dis- tributed system count-up the o ccurrences of the candidate item-sets in a hash tree on the shared memory space. Synchronization is done with the semaphore. Steps 2 through 13 are executed by all the pro cesses. In step-2, all the 7

Figure 3: Pseudo co de for asso ciation rule mining executed in VISIONA. pro cesses attach the shared memory space into their o wn address spaces. Steps 3 through 12 show the sequence of the Apriori algorithm. This se- quence iterates with incrementing k until the candidate item-sets of k b e- come empty . Steps 4 through 7 iterate for all the transaction records. In step-4, a transaction record is read. In step-5, an item-set of k is selected from the transaction record. In step-6, the item-set is searched in the hash tree. In step-7, the o ccurrence of the item-set is count-upped. In step-8, the coun t-up op eration logs remained in the log bu�er are ushed to all other no des. In step-9, all the pro cesses synchronize with the semaphore. In step-10, after completion of the pass-k, the large item-sets of k are made. In step-11, the candidate item-sets of k+1 are made out of the large item-sets of k. In step-12, the v ariable "k" is incremented and the 8

T able 1: Performance of asso ciation rule mining. type num b er of pass-1 pass-2 pass-3 pass-4 total pro cessors [sec.] [sec.] [sec.] [sec.] [sec.] SMP 1 44 192 84 38 358 2 29 99 44 25 197 3 27 70 31 24 152 4 25 61 29 23 138 DSM 1 73 331 133 65 602 2 45 172 68 33 318 3 34 119 46 23 222 4 29 91 36 17 173 sequence iterates from the step-4. When the candidate item-sets of k reach empt y , the Apriori algorithm terminates. In step-13, all the pro cesses detach the shared memory space. Finally , in step-14, the master pro cess deletes the shared memory space and the semaphore. This is a pseudo co de for asso ciation rule mining, and it can b e exe- cuted sim ultaneously in cluster-type distributed systems. But the co de is not only for cluster-type distributed systems but also for SMP-t yp e parallel computers. 4 Ev aluation W e hav e implemen ted a program of asso ciation rule mining in VISIONA to ev aluate the p erformance of the DSM with LBC. W e synthesized the data for ev aluation according to the wa y sp eci�ed in [2] under the following conditions. � total num ber of items: 400 � mean record length: 100B � mean num ber of items in a record: 10 � total num ber of records: 600,000 (appro ximately 60MB) 9

T able 2: Performance of asso ciation rule mining (normalized). type num ber of pass-1 pass-2 pass-3 pass-4 total pro cessors SMP 1 1.00 1.00 1.00 1.00 1.00 2 0.66 0.52 0.52 0.66 0.55 3 0.61 0.36 0.37 0.63 0.42 4 0.57 0.32 0.35 0.60 0.39 DSM 1 1.00 1.00 1.00 1.00 1.00 2 0.62 0.52 0.51 0.51 0.53 3 0.47 0.36 0.35 0.35 0.37 4 0.40 0.27 0.27 0.26 0.29 � minimum supp ort v alue: 0.4 T o ev aluate the e�ect of the DSM with LBC, we compared its p erfor- mance with SMP-t yp e parallel computer p erformance. F our uni-pro cessor computers (represented as UPs) and an SMP-t yp e parallel computer (repre- sented as SMP) with the following sp eci�cations are used for this ev aluation. � UP: a uni-pro cessor computer (pro cessor: 70MHz MB86904(SP AR C), mem- ory: 32MB) � SMP: a four-wa y SMP computer (pro cessor: 100MHz R T625(HyperSP AR C), memory: 128MB) F our UPs are inter-connected via a 10Mbps ethernet. And the SMP is also inter-connected with the UPs via the same ethernet. A data �le is stored in a lo cal DISK of each computer in eac h case. The DISK p erformance of the UP and the SMP is di�erent. T able 1 shows the p erformance of asso ciation rule mining executed by the SMP and the UPs using the DSM with LBC (represented as DSM). T able 2 shows the results normalized by those of the UP . According to the results, sp eedup by increasing the num ber of pro cessors of the DSM with LBC is greater than or equal to that of SMP-type parallel computer. 10

T able 3: P erformance of asso ciation rule mining in the parallel and dis- tributed systems. num ber of pass-1 pass-2 pass-3 pass-4 total pro cessors [sec.] [sec.] [sec.] [sec.] [sec.] 6 25 64 26 13 128 8 22 50 19 10 101 Because there are no more UPs, we use four UPs and the SMP together for further ev aluation. T able 3 shows the p erformance of parallel and distributed system (the UPs and the SMP) using the DSM with LBC. The data �le is equally divided without considering the di�erence of pro cessor sp eed of eac h computer. The result of six pro cessors is measured by four UPs and tw o pro cessors of the SMP . The result of eight pro cessors is measured by four UPs and four pro- cessors of the SMP . T able 4 sho ws the results normalized by the result of the UP . When the ev aluation is done by pro cessors with di�erent sp eeds, the �nal result dep ends on the pro cessor with the lo w est sp eed, if the data �le is equally divided for all the pro cessors. Compared to the pro cessor with the low est sp eed, su�cient sp eedup is ac hiev ed. T able 5 shows the count-up log size and the execution time when execut- ing asso ciation rule mining. The maximum log size p er time is 0.30MB/second. It is small enough compared to the transfer rate of 10Mbps ethernet. So ev en if the scale of asso ciation rule mining is increased, the log size is small enough compared to the transfer rate of 100Mbps ethernet which is p opular in to da y’s computing environmen t. So we do not consider that the broadcast of the coun t-up logs creates a b ottleneck of the p erformance. 5 Conclusion In this pap er, we presented the implementation and the ev aluation of the LBC mec hanism. The LBC is a consistency mechanism on the DSM for scal- able data mining in b oth parallel and distributed computing environmen ts. [1] and [2] show the basic algorithm of asso ciation rule mining which is p op- ular among the data mining research comm unit y . [9] shows a mo di�cation of 11

T able 4: P erformance of asso ciation rule mining in the parallel and dis- tributed systems (normalized). base of num b er of pass-1 pass-2 pass-3 pass-4 total normalization pro cessors UP 6 0.34 0.19 0.20 0.20 0.21 8 0.30 0.15 0.14 0.15 0.17 T able 5: Number and size of the count-up op eration logs. pass log size execution time log size/execution time [MB] [sec.] [MB/sec.] 1 6.7 22 0.30 2 11.7 50 0.23 3 0.7 19 0.04 4 0.0 10 0.00 [1] and [2] to decrease the num b er of the candidate item-sets to increase the p erformance. [10] sho ws the parallel algorithm of [1] and [2] for cluster-t yp e distributed systems with message passing programming mo del. [5] shows bay esian netw ork generation whic h is a new technique of data mining. New tec hniques for data mining and sp eedup are imp ortan t research ar- eas. In the past, new techniques or sp eedup is p erformed for eac h application indep endently . Our approac h is di�erent from the past research. W e use DSM as a common to ol for scalable data mining programs. The ob jective is to develop scalable data mining programs e�cien tly . T o decrease the ov er- head of the DSM, we prop osed the LBC mechanism on the DSM. Also, this pap er describ ed VISIONA, a prototype to implemen t the DSM with LBC. T o ev aluate the e�ectiveness of the DSM with LBC, we hav e implemen ted VISIONA b oth in PC clusters and UNIX computer clusters. Programs of asso ciation rule mining and ba y esian netw ork generation has b een also implemented in VISIONA. According to the results of the ev aluation of the DSM with LBC, sp eedup by increasing the n um ber of pro cessors on the DSM with LBC is greater than or equal to that of SMP-type parallel computer. In the future, we will improv e the VISIONA as a DSM system with multiple 12 consistency proto col including the LBC mechanism. The goal is to increase the adaptability to many di�erent data mining programs. References [1] R. Agraw al, T. Imielinski, A. Swami, "Mining Asso ciation Rules b e- t w een Sets of Items in Large Databases," Pro ceedings of ACM SIG- MOD, pp.207{216, May 1993. [2] R. Agraw al, R. Srik an t, "F ast Algorithms for Mining Asso ciation Rules," Pro ceedings of the 20th VLDB Conference, pp.487{499, Septem b er 1994. [3] C. Amza, A. L. Cox, S. Dwark adas, P . Keleher, H. Lu, R. Ra jamony , W. Y u, W. Zw aenep o el, "T readMarks: Shared Memory Computing on Net w orks of W orkstations," IEEE COMPUTER, V ol. 29, No. 2, pp.18{ 28, F ebruary 1996. [4] P . Keleher, "The relative imp ortance of concurrent writers and weak consistency mo dels," Pro ceedings of the 16th In ternational Conference on Distributed Computing Systems, pp.91{98, May 1996. [5] D. Hec k erman, "Bay esian Netw orks for Knowledge Discov ery ," Ad- v ances in Knowledge Discov ery and Data Mining, AAAI Press/The MIT Press, pp.273{305, 1996. [6] D. Lenosla, J. Laudon, T. Jo e, D. Nak ahira, L. Stevens, A. Gupta, J. Hennessy , "The D ASH Protot yp e: Implementation and Performance," Pro ceedings of the 19th International Symp osium on Computer Archi- tecture, pp.92{103, May 1992. [7] F. T. Chong, B. Lim, R. Bianchini, J. Kubiato wicz, "Application Per- formance on the MIT Alewife Machine," IEEE COMPUTER, V ol. 29, No. 12, pp.57{64, December 1996. [8] P . Keleher, A.L. Cox, S. Dw ark adas, W. Zw aenep o el, "An Ev aluation of Soft w are-Based Release Consistent Proto cols, " Journal of Parallel and Distributed Computing, V ol. 29, pp.126{141, Octob er 1995. [9] J. S. Park, M. Chen, P . S Y u, "An E�ective Hash-Based Algorithm for Mining Asso ciation Rules," Pro ceedings of ACM SIGMOD, pp.175-186, June 1995. 13

[10] E. Han, G. Karypis, V. Kumar, "Scalable Parallel Data Mining for Asso ciation Rules," Pro ceedings of ACM SIGMOD, pp.277{288, May 1997. 14