
Declustering spatial databases on amulti-computer architectureNikos Koudas1 and Christos Faloutsos2? and Ibrahim Kamel31 Computer Systems Research InstituteUniversity of Toronto2 AT&T Bell LaboratoriesMurray Hill, NJ3 Matsushita InformationTechnology LaboratoryAbstract. We present a technique to decluster a spatial access methodon a shared-nothing multi-computer architecture [DGS+90]. We proposea software architecture with the R-tree as the underlying spatial accessmethod, with its non-leaf levels on the `master-server' and its leaf nodesdistributed across the servers. The major contribution of our work is thestudy of the optimal capacity of leaf nodes, or `chunk size' (or `stripingunit'): we express the response time on range queries as a function of the`chunk size', and we show how to optimize it.We implemented our method on a network of workstations, using a realdataset, and we compared the experimental and the theoretical results.The conclusion is that our formula for the response time is very accurate(the maximum relative error was 29%; the typical error was in the vicinityof 10-15%). We illustrate one of the possible ways to exploit such anaccurate formula, by examining several `what-if' scenarios. One major,practical conclusion is that a chunk size of 1 page gives either optimalor close to optimal results, for a wide range of the parameters.Keywords: Parallel data bases, spatial access methods, shared nothing ar-chitecture.1 IntroductionOne of the requirements for the database management systems (DBMSs) of thefuture is the ability to handle spatial data. Spatial data arise in many applica-tions, including: Cartography [Whi81], Computer-Aided Design (CAD) [OHM+84],[Gut84a], computer vision and robotics [BB82], traditional databases, where arecord with k attributes corresponds to a point in a k-d space, rule indexing inexpert database systems [SSH86], temporal databases [SS88], where time can betreated as one more dimension [KS91], scienti�c databases, with spatial-temporaldata, etc.In several of these applications the volume of data is huge, necessitating theuse of multiple units. For example, NASA expects 1 Terabyte (=1012) of dataper day; this corresponds to 1016 bytes per year of satellite data. Geographicdatabases can be large, for example, the TIGER database of the U.S. Bureau of? On leave from the University of Maryland, College Park. His research was partiallyfunded by the Institute for Systems Research (ISR), and by the National ScienceFoundation under Grants IRI-9205273 and IRI-8958546 (PYI), with matching fundsfrom EMPRESS Software Inc. and Thinking Machines Inc.



Census is 19 Gigabytes. Historic and temporal databases tend to archive all thechanges and grow quickly in size.In the above applications, one of the most typical queries is the range query:Given a rectangle, retrieve all the elements that intersect it. A special case ofthe range query is the point query or stabbing query, where the query rectangledegenerates to a point.We study the use of parallelism in order to improve the response time ofspatial queries. We plan to use R-trees [Gut84b] as our underlying data structure,because they guarantee good space utilization, they treat geometric objects asa whole and they give good response time.We envision a shared-nothing architecture, with several workstations con-nected to a LAN. The challenge is to organize the data on the available units,in order to minimize the response time for range queries.The paper is organized as follows. Section 2 brie
y describes the R-tree andits variants. Also, it surveys previous e�orts to parallelize other �le structures.Section 3 proposes our architecture and describes its parameters and compo-nents. Section 4 presents the analysis for computing the optimal chunk size.Section 5 presents experimental results and validates the formulas derived fromour analysis. Section 6 lists the conclusions and highlights directions for futurework.2 SurveySeveral spatial access methods have been proposed. A recent survey and classi-�cation can be found in [Sam90]. This classi�cation includes (a) methods thattransform rectangles into points in a higher dimensionality space [HN83], sub-sequently using a point access method, like a grid �le [NHS84] (b) methods thatuse linear quadtrees [Gar82] or, equivalently, the z-ordering [Ore86] or otherspace �lling curves [FR89] [Jag90], and �nally, (c) methods based on trees (k-d-trees [Ben75], k-d-B-trees [Rob81], cell-trees [Gun86], the BANG �le [Fre87],hB-trees [LS90], n-d generalizations of B-trees [Fre95] e.t.c.)
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Among the above three approaches, we focus on the R-tree family, for the fol-lowing reasons:{ the R-trees do not cut data rectangles into pieces (unlike the linear-quadtreeapproach). Cutting data into pieces results in an arti�cially increased databasesize (linear on the number of pieces); moreover, it requires a duplicate-elimination step, because a query may retrieve the same object-id severaltimes (once for each piece of the qualifying object){ the R-trees operate on the native address space, which is of lower dimension-ality; in contrast, transforming rectangles into points in a higher-dimensionalityspace invites the `dimensionality curse' problems early on.{ R-trees seem more robust for higher dimensionalities [FBF+94]. Scienti�c,medical and statistical databases may involve several dimensions, eg., (x, y,z, time, pressure, wind velocity, temperature), or (gender, age, cholesterol-level, blood-pressure, etc.).Thus, we mainly focus on the R-tree [Gut84b] and its variants. The R-treeis an extension of the B-tree for multidimensional objects. A geometric object isrepresented by its minimum bounding rectangle (MBR). Non-leaf nodes containentries of the form (ptr, R), where ptr is a pointer to a child node in the R-tree; R is the MBR that covers all rectangles in the child node. Leaf nodescontain entries of the form (obj� id, R) where obj� id is a pointer to the objectdescription, and R is the MBR of the object. The main innovation in the R-treeis that parent nodes are allowed to overlap. This way, the R-tree can guaranteegood space utilization and remain balanced. Figure 2 illustrates data rectangles,(in black), organized in an R-tree with fanout 3 (a), while (b) shows the �lestructure for the same R-tree, where nodes correspond to disk pages.The R-tree inspired much subsequent work, whose main focus was to im-prove the search time. A packing technique is proposed in [RL85] to minimizethe overlap between di�erent nodes in the R-tree for static data. An improvedpacking technique based on the Hilbert Curve is proposed in [KF93]; it is ex-tended for dynamic environments in [KF94]. The R+-tree [SRF87] avoids theoverlap between non-leaf nodes of the tree, by clipping data rectangles thatcross node boundaries. Beckmann et. al. proposed the R�-tree [BKSS90], whichseems to have very good performance. The main idea is the concept of forcedre-insert, which tries to defer the splits, to achieve better utilization: When anode over
ows, some of its children are carefully chosen and they are deletedand re-inserted, usually resulting in a better structured R-tree.There is also much work on how to organize spatial access methods on multi-disk or multi-processor machines. The majority of them examine the paralleliza-tion of grid-based structures. Typical representatives include the `disk mod-ulo allocation' method and its variants [DS82], [WYD87], methods using mini-mum spanning trees [FLC86], the �eld-wise exclusive-OR (`FX') method [KP88],methods using error correcting codes [FM89], methods based on the Hilbertcurve [FB93], and methods using lattices [CR93]. The objective in all these meth-ods is to maximize the parallelism for partial match or range queries. An adaptivealgorithm to achieve dynamic re-declustering, to 'cool-o�' hot spots is presentedin [WZS91].However, the above methods try to do the best possible declustering withouttaking into account the communication cost. One of the exceptions is the workby Ghandeharizadeh et. al. [GDQ92], which considers a grid �le with a certainpro�le of range queries against it; a major contribution of this work is a formulato estimate the optimal number of activated processors for a given query.



Here, we focus on the parallelization of R-trees. The di�erence between theR-tree and the grid �le is that the latter will su�er if the attributes are corre-lated. Moreover, the grid �le is mainly designed for point data; if the data arerectangles, the R-tree is better equipped to handle them. Little work has beendone on the parallelization of R-trees: In [KF92] we studied the multi-disk archi-tecture, with no communication cost, and we proposed the so-called `proximityindex' to measure the dis-similarity of two rectangles, in order to decide whichunit to assign each rectangle to. DeWitt et al. [DKL+94] discuss a client-serverarchitecture for Geographical Information Systems, with a rich data model anda storage manager that uses a variation of R-trees.In this paper, we present a software design to achieve e�cient parallelizationof R-trees on a multi-computer (`shared-nothing') architecture, using commodityhardware and interconnect, as well as fast processors. Unlike previous work, ourmajor focus is to optimize the unit of declustering itself, which will implicitlyoptimize the number of activated processors. We derive closed-form formulasand we validate our results experimentally, on a network of SUN workstations,operating on real data.3 Proposed Method and System ArchitectureAn overview of the hardware architecture is in �gure 2. It consists of a numberof workstations connected together with a LAN (e.g., Ethernet) that does notsupport multi-casting (ability to send a message at all or a subset of nodes atthe cost of one message). The problem is de�ned as follows:Given a set of n-dimensional rectanglesOrganize them on the available machinesto minimize the response time for range queries.Target applications are, for example, GIS applications (`retrieve the elevationdata for a given region'); statistical queries (eg., `�nd the average salary in thestate of Michigan, for a census database'); `data mining' applications [AS94] anddecision support systems (eg., `�nd correlations/rules among demographic dataand symptoms, for a collection of patient records' ).Given a spatial database, our �rst reaction would be to do declustering overthe available machines. Thus, similar (=nearby) data rectangles should not bestored on the same machine. This approach is only partially correct, because itneglects the communication cost. In this case, it is not optimal to decluster at thedata-rectangle level. The reason is the following: a small query, who retrieves, say,5 data rectangles, will have to engage 5 machines (sending at least 5 messages onthe network). For such a small query, it would be best if those 5 data rectangleswere stored on the same machine, which hopefully could be identi�ed easily andcould get activated with 1 only message.Thus, we still want to do declustering, but not on the rectangle level. There-fore we propose (a) to group similar data rectangles in `chunks' (also termed`striping units', eg., in the RAID literature) and (b) to decluster the chunks.We have the following three design decisions:1. what is the optimal chunk size, i.e., the unit of the amount of data that weshould place in every server such that the search time is minimized.2. data placement: Once the chunk size has been determined, what is the bestalgorithm to distribute the chunks among several servers, to optimize theresponse time and the parallelism.3. How to do the book-keeping, to record the server-id for each chunk.



We discuss brie
y the last two issues in the next two subsections. The �rst issue,the optimal chunk size selection, is the main focus of this work, and is discussedin detail in section 4.3.1 Book-keepingAs mentioned before, we have to do some book-keeping, to record which chunksreside on which machine. This is necessary, because we need to know whichmachine should be activated, as well as where to put new data rectangles, ifinsertions (and, eventually, splits) are allowed.We propose to dedicate one of the machines to the book-keeping. This ma-chine will be referred to as the `master server' (� `host', in the terminology ofdatabase machines). The rest of the machines are plain servers: they receive a(range) query and some chunk requests from the master server, they retrievethe appropriate chunks from their local disks and ship the (qualifying) datarectangles to the master server.A natural way for the master server to do the book-keeping is through aspatial access method. For the reasons explained in section 2, we propose to usean R-tree (any R-tree variant would work). Figure 3 gives an example of an R-tree, distributed across the master server and N=3 servers. Chunks are storedon the servers and they are represented by their MBRs. Chunks correspond tothe leaves of the R-tree. We have decided to store all the non-leaf nodes in themaster server, for the following reasons:{ the non-leaf portion of the R-tree in the master server will be small (for anR-tree with a fanout of f=100, the non-leaf nodes will take roughly 1/100 ofthe total space of the SAM). Thus, the non-leaf portion of the R-tree mighteven �t in the main memory of the master server, and de�nitely on its disk.{ It does not pay o� to decluster the non-leaf levels of the R-tree across theservers, because this will introduce inter-server pointers, higher communica-tion cost, and longer delays, as each node access may have to go through apotentially slow/congested network.The proposed method has only the following structural di�erences from a tradi-tional, centralized R-tree;{ the leaf nodes (=chunks) span C pages, where C is not necessarily 1 page.{ the pointers from the master server to the chunks (denoted by dashed linesin Figure 3) consist of a chunk-identi�er and a machine-identi�er.The query-resolution algorithm for the proposed system is as follows:{ A query starts at the master server, who examines the (locally stored) non-leaf nodes of the R-tree. Note that this search is done in the normal waythat R-trees are searched, by comparing MBR's. This search will result insome chunk-ids and the corresponding machine-ids{ The master server activates the servers identi�ed in the previous step, bysending a message. The message contains the MBR of the query and thechunk id's to be retrieved from the speci�c server. Notice that the activationcan be done either by broadcasting, or by `selective activation'. Both ourimplementation and our analysis can handle either case, with small modi�-cations; however, we focus on the `selective activation', because it scales-upbetter. This is the typical approach that commercial parallel DBMSs follow(eg., the parallel version of IBM's DB2 [BFG+95]).



Ethernet Connection

Server

Master

Server 1 Server N
o o o oServer 2Fig. 2. The proposed architecture{ Each activated server fetches the relevant chunks from its local disk, pro-cesses them (to discard data rectangles that do not intersect the query rect-angle), and ships the qualifying data back to the master server.

R−tree nodes
(1 page each)

Master server

Server 1 Server 2 Server 3

Chunk#1 Chunk#12Chunk#35Fig. 3. Parallel Decomposition for 3 servers3.2 Data placementThe goal is that `similar' chunks should be declustered: that is, if two chunkshave MBR's that are nearby in space and therefore likely to qualify under thesame range query, these chunks should not be stored on the same server. We



distinguish two cases: (a) a static database (no insertions/deletions/updates)and (b) a dynamic one.
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y as follows: we sort the data rectangles on the Hilbert values of theircenters and pack them into R-tree leaf-nodes (� chunks, each of size C pages);we scan the resulting list of chunks, assigning chunks to servers in a round-robinfashion. Thanks to the good clustering properties of the Hilbert curve, succes-sive chunks will be similar; thanks to the round-robin assignment, they will beassigned to di�erent servers. Thus, similar chunks will be de-clustered.For a dynamic database, the quality of declustering depends on the insertionand deletion routines. Insertions and deletions in our proposed structure can behandled by modifying the corresponding R-tree routines. The only thing thatneeds to be added is that, during a split, we have to decide where to put the newlycreated chunk. There are several criteria, ranging from a random assignment, toelaborate methods such as the so-called proximity index [KF92]: This methodtries to put a new chunk on a server that has the most un-similar chunks.To keep the discussion simple and the emphasis on the optimal chunk-sizeselection, we restrict ourselves to the static case, ignoring insertions and splits.4 Optimal chunk-size selectionIn this section we describe our approach to optimize the chunk size. Figure5 illustrates the problems of a poor choice for the chunk size: a tiny chunksize will result in activating several servers even for small queries (see Q smallin Figure 5(b)), resulting in high message tra�c; a huge chunk size will limitparallelism unnecessarily, even for large queries (see Q large in Figure 5(c)).The goal of this whole section is to �nd the optimal chunk-size Copt, so that tominimize the response time for a range query. Thus, the major part of the e�ortis to express the response time as a function of C and apply some optimizationtechnique (something like setting the �rst derivative to zero).
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Server #1 Server #2 Server #3Fig. 5. Illustration of problems with too small and too large chunk sizes: A smallchunk size will force small queries (Q small) to execute on many servers, resulting inhigh message tra�c. A large chunk size will force large queries (Q large) to execute inone only server, resulting in little parallelism.Symbols Explanation ValuesN Number of servers in the architecture 2-9PS Average packet size (in pages) 1 pageCCidle Time to send a message on an idle Network 10msCC Time to send a message and wake up cost under load -qx; qy query sides -D Total #of records in the data base 39717Prec Records per page 50 recTlocal�per�page Disk plus CPU time to fetch and process 1 page 10 msQ Average #of qualifying pages for query qx; qx -C chunk size in Pages -Copt optimal chunk size in Pages -Table 1. Symbols, de�nitions and typical valuesAs a �rst step, we shall express the response time as a function of the numberK of servers that get activated (also called `promising servers' from now on).Then, we express K as a function of C (and the volume of qualifying dataQ), and �nally we optimize the resulting (piece-wise continuous) function. Eachsubsection is devoted to each of the three above steps.4.1 Response time as a function of number of activated servers KRecall that, as soon as a range query arrives to the master server, it consults theR-tree index and determines which K servers to activate; it sends a message to



each of them, and it waits for results from all of the K servers.The method can be applied to any n-dimensional address space. Withoutloss of generality, we use examples from 2-d space, to simplify the presentationand the drawing of the examples. For further clarity, we assume that the addressspace has been normalized to the unit square. Let Q be the expected number ofdata pages that a query of size qx � qy will retrieve. There are various ways toestimate Q, with varying degrees of accuracy: Using the uniformity assumption[KF93], we have Q = qx�qy�DPrec where D is the total number of records in thedatabase and Prec is the number of records per page. More accurate estimatesrequire formulas that use the fractal dimension of the speci�c dataset [FK94].However, as the experiments section shows, even the uniformity assumption givessatisfactory results because the fractal dimension of the speci�c data set was�1.7 [FK94], rather close to the value of 2, that corresponds to the uniformityassumption.Let Tlocal�per�page be the time that each server takes to process one diskpage locally, including the disk access time and the CPU processing time.The response time or round trip timeRT (qx; qy) for a query of size qx�qy canbe expressed as a sum of (at most) three terms. The �rst is the local processingtime in each server. This time includes CPU time and disk access time and isreferred as TLOCAL. The second is the time required to send the query to eachserver that is involved in the execution, TCOMMUNICATION . The last is the timerequired to ship all the qualifying data to the master server, TRESULT . Noticethat the time to traverse the R-tree on the master server is ignored because itis constant, regardless of the chunk size, and thus does not participate in theoptimization. Moreover, the R-tree of the master server will most probably besmall, typically �tting in core, and thus requiring only some small CPU time tobe traversed.Thus the response time can be expressed as:RT (qx � qy) = TCOMMUNICATION + TLOCAL + TRESULT (1)To keep the analysis simple (but still accurate, as the experiments show), wemake the optimistic assumption of perfect load balance: Thus, we assume that allthe servers will have the same local processing cost, and will ship back the sameamount of qualifying data. In �gures 6(a,b) we show how each server spends itstime: Gray, black and striped boxes indicate the time receive a message, to dolocal processing and to ship back the results, respectively. Lack of a box indicatesan idle period for this server.Notice that messages on the network may not overlap. The dashed lines inFigure 6 help illustrate exactly this fact. Also, for the moment, we assume thatthere are no other users on the network; we shall see shortly how to take theminto account. Figure 6 illustrates the two possible scenarios, depending on whichis the dominating delay (communication time vs. local processing).Domination of communication time: Figure 6(a) illustrates this situation. The�rst server receives the message, collects its results, and has to wait, becausethe network is still busy with the messages from the master server to the restof the K servers. In this case, TLOCAL will not appear in the expression forRT (qx; qy) because this term is completely overlapped by the communicationtime. Therefore, we have:TCOMMUNICATION = K �CC (2)
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Fig. 6. Timings when the dominating factor is (a) the communication and (b) the localprocessing.where K is the number of activated (ie., `promising') servers and CC is the timeto send a message (of size PS) from the master server to one of the servers;TRESULT = CC � QPS (3)which is the total time to ship the results back to the master site (in packets ofsize PS). Thus, RT (qx; qy) becomes:RT (qx; qy) = K �CC +CC � QPS ; when (K � 1)�CC � Q� Tlocal�per�pageK (4)Domination of local processing time: Figure 6(b) illustrates this setting. Sincethe local processing time is long, the �rst server is still retrieving data, even afterall K servers have been activated. Thus, the response time RT (qx; qy) can beestimated as the time to send the �rst message, the time for the �rst server to�nish its local processing, and the time to ship all the results back. Thus,TCOMMUNICATION = CC (5)(for the �rst message only);TLOCAL = Q� Tlocal�per�pageK (6)which is the local processing time for the �rst (as well as every other) serveractivated, and TRESULT = CC � QPS (7)as before. Thus, we �nally have:RT (qx; qy) = CC + Q�Tlocal�per�pageK + Q�CCPS ; when (K � 1) � CC � Q �Tlocal�per�pageK (8)where Q�Tlocal�per�pageK represents the local processing time in each node: Recallthat it includes the disk access time (to fetch the page), plus the CPU time, tocheck whether the data rectangles indeed intersect the query rectangle.



It is important to highlight how overhead from other users using the networkcan be represented in the formulas above. As analyzed in [BMK88], the time tosend a packet grows linearly with the number � of active nodes transmitting,that is: CC = ��CCidle (9)where � is the number of active (transmitting) nodes simultaneously with thenode in question and CCidle is the time to transmit a message on an idle network.Thus, � expresses the overhead due to other use of the network. Ideally, the timeto send a small message on an Ethernet under very light load is on the averageCCidle=10ms.4.2 K as a function of CThe next step is to �nd the connection between the number of activated servers(K) and the chunk size (C). For a given chunk size C, the average number K ofservers that will be activated can be estimated by the formula:K = (1� (1� 1N )QC ) �N (10)This formula assumes that the qualifying chunks are randomly and indepen-dently distributed among the servers (eg., through good hashing function). Thejusti�cation of the formula is as follows:{ Q=C estimates the number of chunks that the query will retrieve.{ 1=N is the probability that a given server will contain a speci�c chunk ofinterest.{ 1 � 1=N is the probability that a given server will not contain a speci�cchunk.{ (1 � 1=N )Q=C is the probability that a given server will not contain any ofthe Q=C qualifying chunks.{ 1� (1� 1=N )Q=C is the probability that a given server will contain at leastone of the requested chunks.4.3 Final optimizationCombining the results of the previous steps, we can express the response timeas a function ofC. From equations (4,8) (repeated here for convenience), we have:RT (qx; qy) = K � CC + CC � QPS ;when (K � 1)�CC � Q� Tlocal�per�pageK (4)RT (qx; qy) = CC + Q�Tlocal�per�pageK + Q�CCPS , when (K � 1) � CC � Q �Tlocal�per�pageK (8)Our goal is to �nd the optimal value Kopt of K (and, eventually, Copt) thatminimizes RT (qx; qy). Notice that Eq. 4 increases with K (being linear on K),while Eq. 8 decreases with K (since K is in the denominator). Moreover, thecombination of Eq.(4,8) forms a piece-wise continuous function, whose minimumis achieved at the point of discontinuity, that is, when(K � 1)�CC = Q� Tlocal�per�pageK (11)



Solving for K, we haveK2 �K � Q� Tlocal�per�pageCC = 0 (12)and, after discarding the negative root (which has no physical meaning):Kopt = 1 +q1 + 4� Q�Tlocal�per�pageCC2 (13)The above can be solved for Copt using (10), givingCopt = �QN�log(1�Kopt=N) when Kopt � N (14)In the formula above the computation for the chunk size holds as long as,Kopt � N . When the number of servers available (N ) is less than Kopt then theoptimal value of chunk size tends to become 0, from equation 14. Intuitively thisis expected, since in this case the best we can hope is that all units participatein the query execution, and this is guaranteed by making the chunk size as smallas possible. However, choosing the chunk size to be less than 1 page will increasethe I/O cost: several pages will be retrieved in order to access only a tiny portionof their contents. This observation is con�rmed in our experiments (see �gure7). Thus: Copt = 1 page when Kopt � N (15)Summarizing, the goal of this section was to provide a formula for the optimalvalue of the chunk size Copt; this is achieved with Eqs. (14, 15), where Kopt isgiven by Eq. 13. Notice that Eqs. (13,14,15) hold for any dimensionality of theaddress space.5 Experimental ResultsIn this section we present experimental results with the proposed architecture.All the experiments were conducted on a set of rectangles, representing theMBRs (minimum bounding rectangles) of road-segments from the MontgomeryCounty, MD. The data set consisted of 39,717 line segments; the address spacewas normalized to the unit square. In all cases we built a Hilbert-packed R-treeand declustered it as explained in subsection 3.2. The above R-tree packagestored the tree in main-memory; thus, we had to simulate each disk access witha 10msec delay. A disk page was taken to be 1Kbyte. The CPU time to process apage was timed and found two orders of magnitude smaller than the disk accesstime; thus, we ignored it in our formulas (Tlocal�per�page= disk-access-time =10msec).The implementation of the communication software was done in the `C' lan-guage under UNIX, using TCP sockets. For the experiments, we used severalSun SPARC 4/50 (IPX) workstations, with 16MB of main memory and sparcprocessors at 40MHz, connected via Ethernet at 10Mbits/sec. To avoid varia-tions in the message tra�c due to other users, we ran the experiments at night,where the load was light and the communication cost CC per message was fairlystable.The queries were squares (qx = qy) of varying side q; they were randomlydistributed in the address space. For each query side q, we report the averagesover 100 queries.We performed the following 3 sets of experiments:



{ In the �rst set we illustrate the accuracy of the formula for the responsetime.{ In the second set, we experimented with various chunk sizes to show thatindeed our choice of chunk size minimizes the response time.{ The third set of graphs uses the formulas to plot analytical results in `what-if'scenarios.Each set of experiments is discussed in the corresponding subsection next.5.1 Accuracy of the formulaOur very �rst step was to estimate the communication cost CC (ie., startupcosts and transmission of a message) in our environment. Since our network wasnot isolated, random overhead was imposed to our system, from other users ofthe network.We performed several measurements, to obtain estimates at di�erent timesduring the night, when the network tra�c was low. All our experiments werealso done at night. To obtain one measurement, we set up the communicationinterface between two processes and exchanged 100 messages of size PS=1 page,at random times. The averages times are presented in table 2. The estimate ofCC=30ms was very consistent and is the one we use from now on.Measurement CC (msec)Measurement 1 32.502194Measurement 2 25.664210Measurement 3 29.409790Measurement 4 22.373228Measurement 5 35.966356Measurement 6 33.273418Average: 29.86486Table 2. Experiments to measure the communication cost CC for a single messageCC=Tlocal�per�page=3, N=3 Response Time (msec)Query Side Experimental Theoretical error %0.1 232 192 170.2 806 569 290.3 1577 1230 22Table 3. Theoretical and Experimental values for response time (in ms) for N=3serversGiven an accurate estimate for CC, we can use it in Eq's (4) and (8) tomake predictions about the response time. Tables 3, 4 and 5 compare theoretical



CC=Tlocal�per�page=3, N=5 Response Time (msec)Query Side Experimental Theoretical error %0.1 228 208 90.2 786 625 200.3 1461 1229 16Table 4. Theoretical and experimental values for response time, for N=5 serversCC=Tlocal�per�page=3, N=7 Response Time (msec)Query Side Experimental Theoretical error %0.1 290 288 10.2 730 672 200.3 1289 1289 1Table 5. Theoretical and Experimental values for response time (in ms) for N=7serversand experimental values for the response time (in milli-seconds), for N = 3,5, 7 servers, respectively, and for chunk size C=1 page. We also present thepercentage of error of each experiment performed, rounded up to the nearestinteger.The main observation is that our formula for the response time is accuratewithin 29% or better for all the experiments we performed.5.2 Optimal chunk-size selectionIn this set of experiments we vary the chunk size, and we plot the response timefor a given setting (number of servers N , query side q). The goal is to �nd thechunk size that minimizes the response time.Figures 7(a,b) present our results for N=3 and 5 servers, respectively. Thevarious lines correspond to di�erent query sides q. In all these plots, the responsetime is minimized when the chunk size is one page (Copt=1).This result agrees with the outcome of our formula for the estimation ofthe optimal chunk size (Eq. 14, 15): Substituting the parameter values of theexperiment of Figure 7a into (Eq. 14), for query sides qx = qy=0.1, we obtainCopt=0.94; using the parameter values of �gure 7b, we obtain Copt=1.3. For theother values of query sides, the optimal value of processors Kopt returned by(Eq. 13) is greater than the number of servers (Kopt > N ); thus, (Eq. 15) givesCopt = 1 page, in agreement with the experiments.Also, notice that C < 1 gives poor results, justifying (Eq. 15). The reasonshave been explained in section 4: With a smaller-than-page chunk size, eachserver will have to retrieve several disk pages, only to discard most of theircontents (since it will only need a small `chunk' from each page); thus, the I/Osubsystems will be unnecessarily overloaded, doing useless work.
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Chunk Size vs Responce time for 5 machines
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0.00 5.00 10.00 15.00 20.00(a) N=3 servers (b) N=5 serversFig. 7. Response time (in ms) vs chunk size (in pages) for (a) N=3 servers (b) N=5servers. Notice the spike for C < 1 page.5.3 Extrapolation for other scenariosHaving obtained con�dence in our analysis, in this subsection we study its be-havior through arithmetic examples. We choose some realistic settings, and doextrapolations and `what-if' scenarios. Our goals are to study1. large databases2. networks of di�erent speeds, in anticipation of fast networks (eg., �ber op-tics), as well as slower networks (eg., heavily loaded ones).For the database size, we use two sizes:{ a `medium db', with D=1Mb{ a `large db', with D=1GigaByteFrom our analysis (eq. 13, 14), it follows that CC=Tlocal�per�page a�ects thechoice of chunk size. Intuitively, this is expected: When CC=Tlocal�per�page � 1,the local processing time will be the bottleneck; thus, increasing the use ofthe network and decreasing the local processing per server is the proper ac-tion. As a consequence, more servers should participate in query execution,and therefore a small chunk size is preferable. In the reverse situation, whenCC=Tlocal�per�page � 1, the communication is the bottleneck. The networkshould be o�-loaded, which can be achieved by engaging fewer servers; thus, alarger chunk size is favorable now.We experiment with three settings:{ `current network', where CC=Tlocal�per�page = 30msec/10msec =3{ `fast network', where CC=Tlocal�per�page = 0.1{ `slow network', with CC=Tlocal�per�page= 10



We present the results in Figures (8,9, 10). For each combination of networkspeed and database size, we plot the response time as a function of the chunksize, for the following query sides q=qx = qy=0.01, 0.02, 0.03, 0.1, 0.2 and 0.3.
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response time that is close to the minimum. The largest deviation from the min-imum response time is 19.4%, which occurs for q=0.1 for the query sizes in theFigure. Notice that this performance penalty diminishes for larger queries (toptwo curves, q=0.2, 0.3). The reason is that, for larger queries, the response timebecomes insensitive to the chunk size. The explanation is the following: Unlessthe chunk size has a huge value, a large query will activate all the N serversanyway, each of which will do roughly 1/N of the total local processing, whichwill be the bottleneck.Notice also that, for small queries, the optimal chunk size is C=1. The reasonis that small queries retrieve a small amount of data; a large chunk size will bean over-kill, because all the qualifying data will �t in a chunk, with room tospare (ie., wasted I/O time to fetch extraneous data from the disk)Figures 9a,b show the same plots for a 1GB database, for the `current' net-work (CC=Tlocal�per�page = 3) and for the `slow' network (CC=Tlocal�per�page= 10), respectively. Notice that the vertical axis is in logarithmic scale, because alinear scale would visually collapse the curves of the small queries. The responsetime is rather insensitive to the chunk size: the plots are almost straight lines,indicating that Copt = 1 is a good choice (as good as anything else). Only forvery small queries (eg., q=0.01) the curves bend a little; even then, the choiceof C=1 page gives response time that is within 13% of the minimum.
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6 ConclusionsIn this paper we have studied a method to decluster a spatial access method(and speci�cally an R-tree) on a shared-nothing multi-computer architecture.The nodes are connected through an o�-the-shelf LAN. The major contributionsof this work are1. The derivation of formulas for the optimal chunk size Copt (� striping unit),for a given query size (Eqs 14, 15).2. The observation that Copt = 1 page is a `safe' choice, for a wide range ofthe problem parameters (query size, network/disk speed, database size etc).This choice either gives the minimum response time, or close to the (rather
at) minimum of the response time.Additional, smaller, contributions include1. the software architecture, with the R-tree at the master-server, and the leafnodes (`chunks') at the rest of the servers. We made and justi�ed severaldesign decisions (eg., `selective activation' vs. broadcasting; no pointers ofthe R-tree across servers, etc)2. the derivation of simple, but accurate formulas that estimate the responsetime for a given query size (Eq 4,8).We implemented the proposed method and we ran several experiments on anetwork of SUN workstations, operating on real data (road segments from theMontgomery county of Maryland, U.S.A). The experiments showed that{ the formulas (Eq 4,8) for the response time are accurate within 29% orbetter{ the formulas (Eq 14, 15) for the optimal chunk size agree very well with theexperimental resultsHaving an accurate formula for the response time is a strong tool. One of itsuses is for extrapolation and `what-if' scenarios: We can obtain estimates aboutthe performance of our system when the network is faster or slower (= loaded),when the disks (or, in general, the I/O units) are slower (e.g., juke-boxes ofoptical disks), or when the disks are faster (e.g., thanks to large bu�er poolsat each server, and high bu�er-hit ratios), etc. All we have to do to simulatethese cases is to adjust the appropriate values for the parameters (CC for thecommunication cost, Tlocal�per�page for the I/O and CPU cost per page, etc.).A second use of the formula could be the analytical study of the throughput incase of multiple, concurrent queries: We believe that the e�ects of the additionalqueries can be modeled by appropriately `in
ating' the service time (CC) of thenetwork, as well as of the disks and CPUs of the servers (Tlocal�per�page).Using our formulas, we studied several `what-if' scenarios. A useful, practicalconclusion from this exercise is that using 1-page `chunks' typically leads tooptimal performance, or very close to it. This is especially true for fast networks,as well as for large queries. This conclusion is important from a practical pointof view, because it provides a simple, intuitive rule for the optimal choice of thechunk size.Future work includes the design of parallel R-tree algorithms for other typesof queries, such as spatial joins [BKS93], and experimentation with other typesof interconnects, such as ATM switches.
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