Processing Incremental Multidimensional Range Queriesin a Direct Manipulation Visual Query EnvironmentStacie HibinoEECS Dept., Software Systems Research LabThe University of Michigan1301 Beal AvenueAnn Arbor, MI 48109-2122 USAhibino@eecs.umich.eduElke A. RundensteinerComputer Science DepartmentWorcester Polytechnic Institute100 Institute RoadWorcester, MA 01609-2280 USArundenst@cs.wpi.eduAbstractWe have developed a MultiMedia Visual Information Seeking (MMVIS)Environment that is the first system to support an integrated approach to the directmanipulation specification of temporal queries and the browsing of temporalrelationship results. In this paper we address the optimization of queries specifiedvia our direct manipulation visual query interface. Queries in MMVIS aremultidimensional range queries that exhibit features unique to such a directmanipulation query paradigm. In particular, queries are incrementally specified andcontinuously refined. Incremental result sets must be passed to the visualizationcomponent to provide continuous update and context, and updates of the underlyingmultimedia data (e.g., video) are rare. In this paper, we present a query processingsolution based on an array-based index structure, the k-Array and its bucket-basedcounterpart, the k-Bucket, that are optimized to take advantage of these features ofdirect manipulation queries. We have conducted an experimental evaluationcomparing our k-Array and k-Bucket solutions with alternate techniques from theliterature. Our results confirm that the k-Bucket, while being among the simplest toimplement, performs generally equal or better than the other techniques and is thebest overall technique for such environments.The area of data engineering most closely related to this paper is:Temporal and Spatial Database Systems: Query Processing & Optimization.Keywords:Visual query paradigms, direct-manipulation queries, queryprocessing, temporal queries, multimedia databases, incrementalmultidimensional range queries.

11. INTRODUCTIONAs large databases become more widely available to everyday users, new tools are needed for quickly andeasily processing and filtering this information based on new, direct manipulation query paradigms. Range searchingis an important filtering technique for many applications such as business, decision support, GIS, scientific analysis,etc. A sample query to a real estate database with ranges over the two dimensions of the number of bedrooms andthe price is �show me all homes with 4-5 bedrooms that cost between $200K and $250K dollars.� Dynamic query(DQ) filters and visual information seeking (VIS) provide a novel approach to filtering data throughmultidimensional range searching [2, 12]. In this framework, users specify range queries through directmanipulation of DQ filters (i.e., buttons and sliders) while a visualization of results is dynamically updated. Theadvantage of this approach is that it supports users both in 1) posing specific queries without requiring them tomemorize the syntax and semantics of a query language, and in 2) browsing the database to discover data withouthaving a specific query in mind. In addition, the tight coupling of the DQ filters to the visualization of resultsprovides dynamic feedback which has been shown to aid users in trend searching [1, 10].While the problem of processing multidimensional range queries has been studied before [6, 7, 8], it nowmust be re-examined within the needs and constraints of the VIS query paradigm. In order to dynamically update thevisualization of results as users manipulate any dynamic query filter (i.e., to preserve browsing within VIS), queryprocessing must be extremely efficient. We thus give priority to optimizing search costs over update costs. This issupported by the fact that we assume that the data set remains frozen, and thus the index structure can be built onceand offline. This is realistic for main applications as the data may be, for instance, a collection of video eventsbeing used for the purpose of analysis or static GIS map data that changes infrequently.Another important characteristic of VIS is that queries are specified incrementally. That is, users specifysuccessive queries by refining their current query (i.e., range constraints) via direct manipulation of sliders. There isno jumping back and forth between totally unrelated query formulations�only �sliding� from the current query tothe next one (and seeing changes in the display while adjusting any query filter). As we will demonstrate, it isbeneficial to thus process these types of queries incrementally�processing changes to the query results rather thanrecalculating the full solution from scratch. In this light, we postulate that index structures which exploit the notionof �nearest neighbor� might prove to be more efficient than those which do not provide support for identifying andaccessing data within �close proximity� of the current result set.Previously, the primary work on processing queries specified in a VIS environment is [16], in which ananalytical model and experimental results were used to analyze various main memory data structures. Theydetermined that 1) in uniformly distributed data, a linked array performs well for small data sets, while a grid array

2(i.e., matrix) works well for larger data sets; and 2) in skewed data distributions (in particular where data is skewedalong the diagonal of the full multidimensional, hyper-rectangular matrix), tree structures such as the k-d tree [4, 5]and the quad tree [4, 8] had much better performance than the grid array. The k-d tree was recommended over the quadtree, however, since it is simpler to construct when the ranges of each dimension in the database are different sizes.In this paper, we extend previous work on processing DQs by 1) developing new index structures referred toas our k-Array and k-Bucket indexes customized for VIS query processing (see Section 3), 2) examining additionalindex structures including the linked array [19], linked bucket, k-d tree [4], and an optimized grid file [15], 3) usingbucket information to compress the size of the index structures, and 4) comparing and contrasting the performance ofvarious structures when secondary storage is required through extensive experimental studies. Our results show thatwhile the k-d tree is the best performer when processing a very large data set (N > 80,000) using a very small buffersize of (100, 2K) pages (only one of the nine buffer conditions tested), our k-Bucket is the best overall performer forall data set sizes (large and small) under all other buffer conditions. The goal of this work was to optimize queryprocessing for our temporal visual query language (TVQL), a novel direct manipulation interface which usesspecialized DQ filters for posing and browsing temporal relationships [14, 12].Overview. This paper is divided into seven additional sections. In Section 2, we provide background ondirect manipulation query environments and processing dynamic queries. In Section 3, we introduce our k-Array andk-Bucket index structures and in Section 4, we summarize existing index structures for multidimensional rangequeries to which we compare our approach. In Section 5, we describe our experimental design and in Section 6 wepresent our experimental results. In Section 7, we discuss related work and we provide a summary in Section 8.2. BACKGROUND2.1 Direct Manipulation Query EnvironmentsResearch results presented in this paper have been driven by the development and optimization of MMVIS,a MultiMedia Visual Information Seeking system that provides an interactive visualization environment based onextending VIS technology for video analysis [12, 13]. In MMVIS, users use TVQL, a visual, direct manipulationlanguage for specifying temporal relationship queries between subsets of video data. For example, given video of anOlympic two-man beach volleyball game, if we select a subset A of all types of player action events (e.g., Kiralydigging, setting, hitting the volleyball, Steffes digging, etc.) and a subset B of error events, we can then use TVQLto specify queries such as �show me how often player actions start and end at the same time as errors� (Figure 1).Such a query allows us to easily compare the frequency and types of errors made by different players, since TVQL isdynamically linked to a temporal visualization (TViz) of results [11, 12], giving users immediate feedback as they

3adjust any temporal query filter. Once we have examined this characterization of user errors, we could theninvestigate what types of player actions lead to errors by manipulating TVQL to specify AB temporal sequences.each DQ filter represents one of the k attributes of the data set,¥all possible positions of the slider thumbs are non-overlapping (i.e., they correspond to disjoint values of thedomain of the DQ attribute range),¥all attribute values of the data set are assumed to be discrete singletons (versus set values or interval ranges),

4¥each item in the data set can be placed into one and only one slot of each DQ filter (where a DQ filter slot is aninternal normalized representation for every unique (i.e., discrete) position of a slider thumb),¥a query corresponds to adjusting and selecting desired attribute ranges via directly manipulating one query filterthumb at a time and is ultimately formed by combining the selected ranges via conjunction,¥a query is incrementally specified in that users specify a new query by adjusting their previously specified query,¥a query is incrementally processed in that it is processed as each filter is adjusted, rather than waiting until allranges have been set, and¥an item in the data set is in the solution iff each value of the k attributes of the data item is in the selected rangeof the corresponding DQ filter.In a real estate database, for example, each house in the database has a defined number of bedrooms and aspecific list price. A four bedroom (4BR), $300K house would be placed into the value=4 slot of the #BRs DQfilter as well as in the value=$300K slot of the Cost DQ filter. This 4BR, $300K house would be in thesolution set iff value=4 was in the selected range of the #BRs DQ filter AND value=$300K was in the selectedrange of the Cost DQ filter.2.2.2 ParametersBefore we present our approach to processing dynamic queries, we first define the terms and parameters used.Let each DQ slider be characterized by the following parameters:minVal=minimum value of slider rangemaxVal=maximum value of slider rangeticVals={tic1, tic2, . . . , ticz | tic1 = minVal, ticz = maxVal} \\ set of evenly spaced possible slider thumb value positionsdtIncr= delta increment: minimum amount user can change an endpoint value of a slider�sselected range when moving a slider thumb. (I.e., dtIncr = tici+1 - tici)slot= a DQ filter has an internal normalized slot for every unique position of a slider thumb(a separate position is used for a filled versus unfilled filter thumb�see Figure 2)slotCount=number of slots for the given filter = (2*(maxVal - minVal)/dtIncr) + 1.In our system, the minVal, maxVal, and dtIncr can be specified by the user at any time. However, the indexstructure must be recalculated when any of these values are modified. The ticVals, slot, and slotCountparameters are automatically calculated from minVal, maxVal and dtIncr.Each DQ slider represents a dimension in the database and we define:k= number of attributes or dimensions used for query specification (e.g., for TVQL, k=4),T= total number of records in Ann(vp), the database of video annotation events,A = {a1, a2,..., ai,..., am | m £ T, ai ˛ Ann(vp)}\\ 1st subset,B = {b1, b2,..., bj,..., bn | n £ T, bj ˛ Ann(vp)}\\ 2nd subset.Based on these user selected A and B subsets and the constraints imposed by extreme values of the TVQL filters, anew database of temporal pairs (TPairs) is formed as follows:TPairs={pr1, pr2,..., prq,..., prN | prq=(ai, bj), ai ˛ A, bj ˛ B, (ai.end-bj.start ‡ dTfo.minVal AND ai.start-bj.end £ dTof.maxVal)},

5where:N= number of all possible prq pairs in TPairs (£T2) meeting temporal relationship criteria,dTfo = temporal DQ filter for difference between ai.end and bj.start,and dTof = temporal DQ filter for difference between ai.start and bj.end.2.2.3 Query ProcessingGiven that users incrementally specify and update queries by directly manipulating one of the 2k DQ filterthumbs, we essentially need to find the �nearest neighbor� when processing these queries. Given a double-thumbedquery filter, there are two types of user manipulations for specifying a query: (1) move a query filter thumb or (2)toggle the fill of a query filter thumb from filled to unfilled and vice versa. We represent these manipulations as:dqManip(dqi, thumbID, action, param),wheredqi// DQ filter being adjusted,thumbID ˛ {LEFT, RIGHT}// DQ filter thumb that was manipulated,action ˛ {MOVE, TOGGLE}// type of manipulation made, andparam ˛{LEFT, RIGHT, FILL, UNFILL}// parameter for given action.Figure 2 presents a sample DQ filter (minVal = -3, maxVal = 3, dtIncr = 1) and itscorresponding internal representation. It has slotCount = 2*(3 - -3)/1 + 1 = 13. There are more slotsthan tics because a filter thumb can be closed or open to include or exclude an endpoint value, respectively. InFigure 2.a, the DQ filter is selecting the range 0 £ values < 1. This corresponds to including slots 6 and 7 of theinternal representation shown in Figure 2.b., the value of each attribute determines the slotNum of thecorresponding query filter. For example, if prq.dTo = 0 and if the above filter represented the dTo query filter,then prq would go into slot 6 of the filter. Recall that prq is only in the solution set when all of its attributevalues are valid (i.e., when each is included in the selected range of its corresponding attribute DQ filter). In otherwords, if matchCount represents the number of valid attribute values for prq, then prq is in the solution setwhen matchCount=4 (or, in general, when matchCount=k, the number of dimensions).2.2.4 Query Processing ExampleIn a DQ-based query interface supporting queries in k dimensions (i.e., with one DQ filter for each of the kattributes), a full matrix index is a k-dimensional hyper-rectangular matrix representing every possible combination

6of every unique normalized value (i.e., based on slot number rather than attribute value) in each dimension.Processing multidimensional range queries corresponds to simple lookups of the full matrix.. In skewed data distributions, muchof the full matrix index may be empty but the size of the matrix will remain fixed. The goal of alternative indexstructures are thus to reduce the storage cost of the full matrix index by proposing, for example, a sparse matrixrepresentation and to do so while minimizing any increase in search costs. This is important for TVQL queriesbecause temporal pair data inherently have a skewed data distribution.3. THE PROPOSED INDEX STRUCTURES FOR MULTIDIMENSIONAL RANGE QUERIESIn this section, we introduce our k-Array and k-Bucket index structures as sparse matrix representations thatwe propose for processing incremental multidimensional range queries.

73.1 The k-Array Index StructureWe have designed the k-Array index structure to meet the specific characteristics required by dynamic queryprocessing such as the processing of TVQL queries. The k-Array is essentially an array-based index structure thatrealizes a sparse matrix representation by projecting data items from the k-dimensional space onto k separate 1-dimensional index arrays, one for each individual dimension (i.e., one indexArrayi for each 1 £ i £ k, wherek = number of dimensions). Similar to other approaches in the literature (e.g., [19]), we associate a match countmatchCount with each item to keep track of the number of dimensions in which the item is included in thecorresponding selected ranges of the dimensions. An item is in the solution set when its matchCount=k (thenumber of dimensions). Search is accomplished by accessing items in the selected ranges of each dimension (i.e.,attribute) and updating their match counts. A matchCount of an item is incremented/decremented when that itemis being added/removed to the selected range of any attribute. When the matchCount of an item x changes fromk-1 to k, the item x is added to the solution, and when it changes from k to k-1, it is deleted.slotNumslotNumlists of data item IDslists of data item IDs0 1 2 3 4 5 6465

3712891011121314150 1 2 3 4 5 6142

3Cost indexArray1 of dq1 #BR indexArray2 of dq256789121310111415 ID123456789101112131415

database data<h1><h2><h3><h4><h5><h6><h7><h8><h9><h10><h11><h12><h13><h14><h15>ID123456789101112131415

matchCounts data001011222112200N =N =

Figure 4. Conceptual representation of the k-Array approach for the real estate example presented in Figure 3(k=2, slotCount=7, N=15). In this example, the user has selected houses with 4 to 6 bedrooms that cost greater than$150K and less than $250K. All houses with corresponding matchCount =k=2 are included in the solution set.The k-Array index organization (Figure 4) is now explained based on the real estate example presented inFigure 3. In this example, a separate indexArray is provided for each DQ filter corresponding to each of the kattributes�indexArray1 for the cost of houses (Cost) and indexArray2 for the number of bedrooms (#BR).The ID of each house object (i.e., data item in the database) is replicated k times and a separate copy of the ID issorted into its corresponding slot of each of the index arrays. For example, h1 is a $100K, 3BR house and thus its

8ID is sorted into slot 0 of the cost indexArray1 and slot 1 of the #BR indexArray2. Since thematchCount of an item keeps a running tally of the number of matched dimensions for that item, it must not bereplicated as in the case of the IDs of the data item. We thus store matchCounts by itemID in a centrally locatedseparate array (see matchCounts array on right side of Figure 4).In the disk-based version of the k-Array, we modify the conceptual representation of Figure 4 to compressand cluster data for the purpose of minimizing the number of disk pages to be accessed during query processing. Thedisk-based k-Array still creates indexArrays by replicating the ID of each item k times, once for each dimension,and by maintaining a list of IDs corresponding to each slot of each indexArray. However, since it is unlikelythat we will be able to keep the ID lists for all slots of all indexArrays in main memory for a large data set orfor many dimensions, we store these indexArrays (i.e., the indexArrays shown on the left side of Figure 4)on disk. Since we assume the TPairs database remains frozen during temporal browsing and since item IDs arereplicated (in contrast to the linked array [19] where IDs are not replicated�see Section 5), we can further enhancequery processing by contiguously storing the list of data item IDs for each slot of each of the indexArrays.In order to access the indexArrays from disk, we create a new structure of auxiliary index arrayinformation, referred to as iaInfo. One iaInfoi structure is created for each corresponding indexArrayi (1£ i £ k), where each iaInfoi contains the following information:numItems[0:slotCount-1]// # of items in each slot of indexArrayi// info on current position of each filter thumb of corresponding DQ filter, including slot number of DQ thumb// and corresponding disk �pointer� (disk page number + offset) to access info in indexArrayi from disk// LEFT pointer accesses first item of LEFT.slotNum:LEFT.slotNum, LEFT.pageNum, LEFT.offset// RIGHT pointer accesses last item of RIGHT.slotNum:RIGHT.slotNum, RIGHT.pageNum, RIGHT.offsetWe assume that whenever possible, sufficient buffer space is reserved to keep each iaInfoi in main memory. Theamount of memory required for holding all iaInfos in main memory is k*(slotCount + 6) *sizeof(int). Thus, for k=4, we can hold iaInfos with each slotCount £ 122 slots in a single 2Kpage. When and if the space required to hold iaInfos in main memory is too large, they will be stored on disk.In addition to the indexArrays, the disk-based k-Array also stores the matchCounts array on diskbecause this data can be maintained in an ordered, contiguous manner and offsets can be used to locate the desiredcount. Since the maximum matchCount of any data item is fixed, having an upper bound of k, we can use afixed sized bit representation for compressing the space required for this data. Thus, in the case of TVQL when k=4,the matchCount will range from 0 to 4 and only 3 bits per item ID are needed.

9...LEFT.slotNumLEFT.pageNumLEFT.offsetRIGHT.slotNumRIGHT.pageNumRIGHT.offset

1506540

01 2. . .slotCount-121. . .2slotNum:numItems:3iaInfo 1 of dq 1 iaInfo k of dq k dBase data:matchCounts:indexArrays:ID12. . .N123. . .NslotNum=0. . .slotCount-1slotNum=0. . .slotCount-1data<item><item><item>001012341415

indexArray1...indexArrayk. . .

. . .Figure 5. Disk-based version of the k-Array approach. In this disk-based version of the k-Array, the iaInfo dataon the left side of the figure is held in main memory when possible, while the remaining data on the right side of thefigure are stored on disk as indicated.The disk-based version of the k-Array is presented in Figure 5. In addition to the actual data items (N =number of items) stored on disk, the disk-based k-Array formally includes:kArray:iaInfos = {iaInfo1,..., iaInfoi ,..., iaInfok | 1 £ i £ k}// set of iaInfos for accessing indexArrays from disk; kept in main memory when possiblematchCounts[1:N] // array of match counts for each item, stored on diskindexArrays = {indexArray1,..., indexArrayi,...,indexArrayk | 1 £ i £ k} // indexArrays stored contiguously on disk.We can use the disk-based k-Array to process each incremental query specified via a users�s dqManip (dqi,thumbID, action, param) where 1 £ i £ k and k = number of dimensions, as follows:¥use iaInfoi to get the current slot number, page number and offset for the thumbID of the dqi filter specified¥initialize idSize (amount to read from disk when fetching an itemID)¥using the thumbID, action, and param specified by the user�s dqManip, determine the targetSlot(new internal slot position for the thumbID of dqi), direction (direction in which the filter thumb isbeing manipulated), and rangeAction (whether the range is being expanded or contracted)¥determine the startSlot and endSlot (inclusive range of slots to process)¥loop slotNum from startSlot to endSlot to process each slot¥ get slotSize of next slot to process¥ loop itemCount from 1 to slotSize, doing the following:¥ fetch next itemID in slot slotNum of indexArrayi from disk¥ if removing slotNum from the selected attribute range:¥ fetch, decrement, and update matchCount from disk¥ if new matchCount is k-1, then fetch data item from disk and remove it from solution¥ if adding slotNum from the selected attribute range:¥ fetch, increment, and update matchCount from disk¥ if new matchCount is k, then fetch data item from disk and add it to solution¥ update pgNum and pgOffset to point to next itemID¥ update thumbID �pointer� information in iaInfoi

103.2 The k-Bucket Index StructureWe define a bucket to be the smallest unit of search in terms of the granularity at which sliders can bemoved to constrain values along one dimension (i.e., equivalent to the normalized placeholders in the full matrixindex). Hence, when a data item is (not) in the solution set, its bucket is also (not) in the solution set and viceversa. For example, consider the case in the real estate database (Figure 3) where we have two houses�h5(3 bdrms,$150K) and h6(3 bdrms, $150K). If house h5 is in the solution set, then #bdrms=3 and cost=$150K musteach be included in the selected ranges of their corresponding dimensions. Thus, their correspondingbucket(#bdrms=3, cost=$150K) must also be in the solution set. Knowing h5 is in the solution thenguarantees that h6 is in the solution set.Indexes that group items together by bucket are referred to in this paper as bucket-based structures. Whilethe k-Array index structure was originally designed to be item-based, it can easily be converted to be bucket-based.We accomplish this by grouping data items by bucket (keeping only non-empty buckets) and applying the k-Arrayindexing technique to buckets, rather than to individual data items. Match counts are associated with each bucket sothat when a bucket�s matchCount changes from k-1 to k, the bucket�including all of its data items�is added tothe solution. We call this improved structure the k-Bucket index structure and our experimental results confirm thatcompression based on bucket information does indeed improve query processing efficiency (see [10]).3.3 Discussion of Index Structures for Multidimensional Range QueriesThe advantages of array-based structures such as the k-Array and k-Bucket are that:¥overall storage size of the index is likely to be small even as k and/or slotCount increase, since the size of thearray-based index structures is linear with respect to N (assuming N >> slotCount) rather than exponentialwith respect to slotCount, as in the case of a full matrix representation, and¥they are especially well suited for DQs since a) users only manipulate one DQ filter at a time, and in thesestructures, each dimension is correspondingly separated out, and b) adding or deleting nearest neighbors to thesolution set does not require calculating or searching through the positions representing the k-1 hyper-rectangleof the full matrix, since this type of information is directly accessible from the index array and encapsulatedwithin the match counts.On the other hand, the disadvantage of these structures is that they are subject to projection effects. This can bepotentially costly in certain types of distributions such as a T- or L-shaped distribution.In the array based methods, items or buckets are projected from k-dimensions onto each of the k separatearrays and match counts are updated to see if particular data items meet the query constraints (these counts must beupdated independent of whether or not they affect the final solution set). These techniques are likely to suffer from aprojection effect when, for instance, you have an L-shaped distribution in a two-dimensional data set (see Figure 6),and the methods are forced to update counts for a long-arm of the L even when they will not affect the final solution.The grid file and k-d tree index structures described in Section 4 are not subject to this type of projection effect sincethey identify and then search on the k-dimensional hyper-rectangle to be added rather than relying on match counts.

1164200 2 4

XYFigure 6. L-shaped distribution in a two-dimensional data set.4. ALTERNATIVE INDEXES FOR PROCESSING MULTIDIMENSIONAL RANGE QUERIESWe compare our k-Array and k-Bucket index structures to the linked array [19], its linked bucketcounterpart, an optimized grid file [15], and a k-d tree [5]. In this section, we describe these alternative indexstructures for query processing and discuss when a bucket-based optimization of each of the structures is possible.Linked Array. The linked array [19] is also based on k index arrays�one array for each dimension.However, it is a pointer-based solution, typically used in main memory, as each linked array entry (i.e., one entryper data item) contains k nexti pointers and the matchCount associated with the given item. In the case ofDQs, all item counts are initially set to k, since we initialize the solution set to contain the full data set. While thelinked array provides a sparse matrix representation, the cost of saving k next pointers for each data item becomesincreasingly expensive as both k and the data set size increases. The algorithm for using a linked array index toprocess incremental queries is similar to the one used for the k-Array (see above) where the maintenance ofmatchCounts is used to determine when a data item should be added to or deleted from the solution set.Linked Bucket. Similar to the way we converted the k-Array to the k-Bucket index structure, we nowsuggest that the linked array can also be converted into a bucket-based linked bucket method. That is, we can groupdata items by bucket, and apply the linked array indexing technique to buckets rather than to individual data items.Grid File. A grid file [20] corresponds to a hierarchical grid, dividing the full matrix into k-dimensionalhyper-rectangular subregions. The super matrix (i.e., region or grid directory) of super-buckets is created byrecursively making edge-to-edge slices through the full matrix in the dimension containing the widest range of actualdata values. Although the original grid file was item-based, it can easily be converted to be bucket-based (where abucket is defined as above), since in DQs, buckets and items are indistinguishable during search. The maximumnumber of IDs within a super-bucket is constrained by the disk page size. Thus, when the region directory isconstructed, the full grid matrix is continually partitioned until every super-bucket within the region directory doesnot contain more than the maximum number of non-empty buckets.A set of k one-dimensional arrays, referred to as linear scales, are created to store the partition informationfor each attribute domain within the region directory. The grid file is most commonly known for its two-disk access

12principle, where a query for a single record can be guaranteed to be retrieved in at most two disk accesses (one toaccess the region directory, and one to access the super-bucket). In addition, the grid file was also designed toimprove the efficiency of range queries with respect to all attributes by providing two levels of clustering�one forclustering the data items into buckets and another for clustering the buckets into super-buckets. Incremental searchis achieved by determining the hyper-rectangular region to be added to or deleted from the solution set (rather than theregion for the full solution) and then identifying the actual buckets to be added to or deleted from the solution set.In our experimental studies, we use an optimized version of the grid file proposed by [15], where the regiondirectory is converted from a matrix representation into a list of super-buckets. This optimized grid file can bethought of as a hierarchical sequential list. In a second optimization, the bounds of each super-bucket are �deflated�to remove any empty buckets along the edges of the hyper-rectangular region (while still maintaining a convexhyper-rectangular shape). These optimizations: 1) reduce the size of the region directory and eliminate the linearscales, and 2) eliminate unnecessary disk accesses due to inflated regions, thereby reducing overall search time.k-d Tree. The k-d tree is a multidimensional b-tree [5] where each level of the tree divides the data set(i.e., set of non-empty buckets) based on the median value for one of the k dimension keys. The optimized k-d treewe use stores data only at the leaves of the tree. Range searching the k-d tree is accomplished by recursivelychecking each node for overlapping regions. Search stops at non-overlapping internal nodes or overlapping leafnodes. At the leaf nodes, a list of normalized buckets of data items are sequentially searched to determine whether ornot they satisfy the query constraints. The k-d tree can be used for incremental searching by determining the hyper-rectangular region to be added to or deleted from the solution set and then using the range search method to identifythe buckets to be added to or deleted from the solution set.5. EXPERIMENTAL DESIGN5.1 AssumptionsIn this work, we give higher priority to optimizing temporal browsing (i.e., processing incrementalmultidimensional range queries) rather than maintaining updates. We assume that the index structure is static andconstructed once and prior to the optimized incremental query processing. Index creation consists of one-time costsand thus are not added to our results, though we have found the build cost to be smallest for the k-Bucket and linkedbucket index structures [10].We assume that queries are specified and processed incrementally. Users specify queries by manipulatingDQ filter thumbs as described in Section 3.3. In this way, users formulate their current query by updatingparameters of their previously specified query. A query is processed incrementally in that the difference between theprevious and the current query is determined and the corresponding data items are then identified and added to or

13removed from the solution set depending on whether the user manipulation had the effect of increasing or decreasingthe selected attribute range respectively. Thus, rather than using the index structures to process the full query andidentify the full solution from scratch, the indexes are used to find the data items in the difference set between theprevious and current query specified. The queries examined during our simulations are thus a series of incrementalqueries, where a query Qn is assumed to be specified directly by manipulating the query Qn-1 specification (seeSections 5.3 and 5.4). In Section 6.1, our results show that all index structures perform better when processingqueries incrementally than when processing the same queries non-incrementally from scratch.5.2 Simulation EnvironmentOur data set corresponds to a hypothetical 60-minute video based on average parameters taken from realvideo data. A and B subsets of video events were randomly generated and density was varied by varying the A to Bsubset size ratio. The TPairs database was then formed based on these A and B events and the extreme values of thetemporal query filters (ranging from -10 seconds to 10 seconds for the startA-startB filter). We tested a variety ofdata set sizes, including: 1000 A events by 1000 B events, 2000 by 1000 , 2000 by 2000, 2000 by 3000, 2000 by4000, 2000 by 5000, and 2000 by 6000. These had corresponding TPairs data set sizes of approximately 12000,24000, 48000, and 71000, 95000, 119000, and 143000 pairs and corresponding data storage requirements rangingfrom 290 kilobytes to 3.4 megabytes. All index structures were implemented in C++ and have been run in bothUNIX and MacOS operating systems. In this paper, we study the performance of the index structures under variousbuffer size conditions, varying page size (2K, 4K, 8K) and number of pages (100, 200, 400).5.3 Query DescriptionsSince no known benchmark queries exist for dynamic queries or incremental multidimensional range queriesin general, we created a set of test queries (Table 1) designed to 1) explore the advantages and limitations of thevarious index structures, and 2) mimic real world queries (i.e., to imitate how a real user might temporally browsethe data or pose specific temporal queries�e.g., see [11]).Each test query in Table 1 is described by: its query number (column 1), the users� manipulation of TVQLused to specify the given query (column 2), the temporal semantics (new filter range specified�column 3)corresponding to the user manipulation, a visual representation of the specified query including the resultingtemporal diagram and quantitative information (column 4), the size of the query�s full solution presented as apercentage of data set size N (column 5), and F (F £ N), the number of items found in the difference set betweenthe current and previously specified query (last column).

14Table 1. Characteristics of the ten TVQL queries used in our simulations (N=data set size; F=# of items found).Q # User ManipulationTemporal Semantics(filter rangeselected)Resulting TemporalDiagram & QuantitativeInformationSoln.S i z e (%N)F(%N)

Q1right-click the right thumb ofdTfo filter to exclude end ofrange, dTfo.maxdTfo.min £ dTfo < dTfo.max[all temporal relationshipsremain selected]56%44%

Q2drag right thumb of dTfo filterto the left by one ticValdTfo.min £ dTfo < dTfo.max - dtIncr[all temporal relationshipsremain selected]51%5%

Q3drag right thumbof dTfo filter to 0dTfo.min £ dTfo < 0

t10 < t1 £ |dTfo.min|23%28%

Q4drag left thumbof dTfo filter to -2-2 £ dTfo < 0

t10 < t1 £ 25%18%

Q5right-click the right thumb ofdTfo filter to include 0-2 £ dTfo £ 0

t10 £ t1 £ 27%2%

Q6drag right thumbof dTfo filter to 2-2 £ dTfo £ 2

t1t20 £ t1 £ 2, 0 £ t2 £ 211%4%

Q7drag left thumbof dTfo filter to -6-6 £ dTfo £ 2

t1t20 £ t1 £ 6, 0 £ t2 £ 221%10%

Q8drag right thumbof dTfo filter to 6-6 £ dTfo £ 6

t1t20 £ t1 £ 6, 0 £ t2 £ 627%6%

Q9drag right thumbof dTfo filter to one slot shortof end of slider-6 £ dTfo £ dTfo.max -dtIncr

t1t20 £ t1 £ 6,0 £ t2 £ dTfo.max-dtIncr31%4%

Q10drag right thumbof dTfo filterto end of slider (dTfo.max)-6 £ dTfo £ dTfo.max

t1t20 £ t1 £ 6,0 £ t2 £ dTfo.max32%1%

Similar to solution set size (SSS), F is expressed as a percentage of N. Note that F is equal to the absolutevalue of the difference between the SSS of the current query and the SSS of the previous query. We assume thatbefore query Q1, the data set starts off with all items of the data set included in the solution (i.e., representing avalue of 100% in column 5 of Table 1). Thus, F of Q1 = | 100% - (SSS of Q1) | = | 100% - 56% | = 44%; F of Q2= | SSS of Q2 - SSS of Q1 | = 5%; etc. We also assume that during the main query processing evaluation presentedin Sections 6.2 and 6.3, queries are processed incrementally so that query Q1 is processed by starting with the fullsolution set and reducing it, and that each subsequent query is processed starting from the solution provided in thepreviously specified query. The rationale for including each query is described below.

155.4 Justification for Query SelectionQuery Rationale. Queries Q1 and Q2 test the processing of single increment user manipulations whena large portion of the database is currently selected and are most likely to be the most expensive to process. QueriesQ5 and Q6 are one-increment queries for examining the effect of processing queries when only a small portion of thedatabase is currently selected�a situation similar to the best case scenario. The best case scenario is represented by aone increment �undo� when only a small portion of the database is selected. This case is expected not to require anypage faults, since only a small amount of data would need to be processed and it would already be in the buffer,having just been previously processed. Our results indicate an effect similar to the best case scenario in Query Q7.Queries Q3, Q4, and Q8 represent intermediary queries as in a continuous sequence of inquiry, and helpillustrate how users might use TVQL to pose real queries (see sample scenario below). Queries Q9 and Q10 test thek-Bucket approach under projection effects (see Sections 3.3 and 6.3). Although queries Q3, Q4, Q8 and Q9 can bespecified in one separate user manipulation (i.e., by dragging one slider thumb over many increments), they representa series of multiple one-increment queries used in our experiments to test incremental query specification as the useradjusts any filter thumb. Together, the series of queries test how each of the techniques perform as users browsewithin a temporal primitive (Q3 to Q4), between a primitive and a temporal neighborhood (Q4 to Q5), between twotemporal neighborhoods (Q5 to Q6), and within a given temporal neighborhood (Q6 to Q7 to Q8 to Q9 to Q10).Sample Scenario. To illustrate how the above series of temporal queries can be used to support real-world queries, consider the following scenario where educational researchers evaluate video data of a group of studentsdiscussing a class project. Subset A represents places in the video when Annie is speaking and Subset B representswhen Billy is speaking. The researchers are interested in seeing how often Annie speaks before Billy. They start bymanipulating the dTfo (i.e., endA-startB) query filter to specify the before temporal primitive. They can do this in afew simple manipulations, leading up to Q3. Once they specify this query, they refine it to only view situationswhere Annie speaks up to two seconds before Billy. They can do this with Q4. In Q5, they further refine theirquery to include situations when Billy starts speaking at the same time that Annie stops speaking. The researcherscan then determine whether or not Billy ever interrupts Annie through Q6. In Q7 and Q8, the researchers widen therange of values for which Annie continues speaking even though Billy does not stop interrupting her, and finally inQ9, they can examine the extent to which Annie may attempt to persevere through Billy�s interruptions.6. EXPERIMENTAL RESULTS6.1 Incremental vs. Non-incremental QueriesFigure 7 compares the performance of the various index methods for specifying incremental vs. non-incremental queries for the three queries Q2, Q3, and Q4 over a data set of N » 23,600 using a small buffer of (100,

162K) pages. A query is incremental when it is processed as an update to the previous query rather than as a newquery calculated from scratch. That is, the buffer effectively stays filled (hot buffer) between the execution of theseincremental queries and the solution sets are incrementally updated instead of recomputed from scratch. 23,600; buffer = 100, 2K pages).Even in the case of a relatively small data set, each method performs better by processing queriesincrementally compared to using the same method to process queries non-incrementally. In addition, all incrementaltechniques except the linked array and linked bucket outperform the best of the nonincremental techniques for eachquery. In the remainder of this paper, we thus focus our evaluation on comparing the index methods based onprocessing queries incrementally.6.2 Evaluating the Array-Based Methods for Incremental ProcessingOur k-Array is an item-based method designed to be an improvement over the linked array. The k-Bucketand linked bucket index structures are designed to explore the impact of converting item-based methods to bucket-based ones. When we ran a series of simulations comparing the number of page faults required for using all four ofthe array-based index structures�the linked array, the k-Array, and their bucket-based counterparts, we found that 1)the performance of the linked array degrades considerably as data set size increases, 2) the performance of the k-Arrayis fairly stable for small to medium data set sizes (N < 71,500), 3) the bucket-based methods perform much better

17than their item-based counterparts, especially when converting the linked array to a linked bucket, and 4) the linkedbucket presents a competitive alternative to both the k-Array and the k-Bucket methods, whereas the linked array doesnot. Based on these results, we exclude the linked array from the remainder of our performance evaluations.6.3 Comparing Index Methods for Incremental ProcessingComparison Over the Sample Queries. In this section, we compare the various index structures forprocessing the sample TVQL queries summarized in Table 1. We use a (100, 4K) main memory buffer to comparethe performance of the index structures for small, but not overly adverse buffer conditions. We then compare theindex structures under a wider variety of buffer sizes, ranging from a (100, 2K) buffer size to a (400, 8K) buffer size.Figure 8 presents the results for processing three of the ten sample TVQL queries summarized in Table 1:a) query Q3, a sample worst-case scenario, b) query Q6, a sample better case scenario, and c) query Q9 a sampleprojection effect query. Note that the scales are not the same on all graphs�they have been kept to a minimum toprovide as much detail as possible during comparison. Details on all ten sample queries are available in [10].Given F, the number of items found (to be added to or deleted from the solution set), and N, the number ofitems in the TPairs data set, we can use Figure 8 along with Table 1 to discuss the implications of the results forincrementally processing each type of query. Table 2 summarizes results for processing all ten sample queries whenusing the (100, 4K) buffer size. In columns 2 and 3 of the table, we repeat the solution set size (%N) and the size ofthe items found in the difference set F (also in terms of %N) that were presented in the last two columns of Table 1.We then summarize the results by indicating the minimum and maximum page faults required for the largest N(columns 4 and 5 of Table 2), the differences between the maximum and minimum page faults required (column 6),the best and worst index structures (columns 7 and 8), and other observations for each query (column 9).

18Figure 8. Number of page faultsrequired for processing 9 of the 10sample TVQL queries for various dataset sizes: comparison between k-Array, linked bucket, k-Bucket, grid fileand k-d tree methods (buffer = 100, 4Kpages; Q7 never requires any pagefaults for any of the methods).Figure 8.a.Query Q3, a sample worst-casescenario query.

Page Faults Required per Data Set Size for Query Q3(buffer = 100, 4K pages)05 01 0 01 5 02 0 02 5 03 0 03 5 04 0 00250005000075000100000125000150000Data Set Size (N = # of pairs)

Page Faults Required k - A r r a y

Linked Bucket k-Bucket

Grid File k-d TreeFigure 8.b.Query Q6, a sample better casescenario query.

Page Faults Required per Data Set Size for Query Q6(buffer = 100, 4K pages)024681 01 21 41 61 82 00250005000075000100000125000150000Data Set Size (N = # of pairs) k-d TreeFigure 8.c.Query Q9, a sample projection effectquery.

Page Faults Required per Data Set Size for Query Q9(buffer = 100, 4K pages)024681 01 21 41 61 82 00250005000075000100000125000150000Data Set Size (N = # of pairs) k-d Tree

19Table 2. Summary of query processing results presented in Figure 8. (N=data set size; F=number of items found;kA=k-Array; kB=k-Bucket; LB=linked bucket; GF=grid file; KD=k-d tree)S o l n . S i z e FPage Faults Requiredfor Largest NIndexPerformanceat Largest N

Q # (%N)(%N)minmaxmax-minbestworstOther Observations

Q156%44%17223159kBkAkB best; kA worst;LB and GF similar w/LB barely better;KD slightly worse than LB and GF

Q251%5%136246110kBLBkB best; KD second best;for larger N, difference between KD and kBdecreases;LB worst; GF similar to LB for larger N

Q323%28%150376226kBLBkB best; KD second best;LB worst and exponential w/N, but fair for N< 100,000;GF fair for N < 120,000

Q45%18%546410LBkALB best; kA worst;all but kA close to LB

Q57%2%72417kB/ KDkAkB and KD best; LB slightly worse than kBand KD;kA exponential w/N

Q611%4%13196GF/ KDkAkA worst; GF and KD best;kB and LB similar and next best;

Q721%10%000---

Q827%6%183315kBkAkB best; kA worst and exponential w/N;LB 2nd best for N < 125,000;GF and KD similar, but GF better

Q931%4%123321KDkAKD best;kB 2nd best for larger N, followed by GF;kA exponential w/N;LB also degrades w/N

Q1032%1%26866GF/ KDkAGF and KD best, then LB;kA exponential w/N;kB slightly worse than LB for larger N

Table 2 indicates that F is greatest for queries Q1, Q3, and Q4, and smallest for queries Q10, Q5, Q6, andQ9. Although F is relatively small for query Q2, we expect the processing of Q2 to be more expensive than Q8since in Q2 larger ranges are selected for each attribute and hence the area of the hyperrectangular difference region tobe searched is also bigger (refer to Section 5.4 on Query Rationale). Using Table 2 and referring back to the samplegraphs in Figure 8, we can identify the following trends comparing the indexes for processing TVQL queries:¥the k-Bucket outperforms the rest of the methods in five of the nine queries (Q1, Q2, Q3, Q5, and Q8). Mostnotably, the k-Bucket performs better than other approaches in the worst-case query scenarios as seen in thegraphs for the most expensive queries Q1, Q2, and Q3. Also, the k-Bucket outperforms the other methods forlarge F and large N (refer to queries Q1 and Q3).¥the k-d tree is the best performer for four of the queries depicted in Figure 8 (Q5, Q6, Q9, and Q10). These areexactly the same queries that are characterized by the smallest value of F. The k-d tree performs poorly in queriesQ1 and Q8 and also performs less competitively in Q3 for N < 100,000. Queries Q1 and Q3 are characterized by

20a larger F. These results confirm that the k-d tree is particularly sensitive to F. The poor performance of the k-dtree for query Q8 is somewhat surprising since F is relatively small for that query.¥the grid file also performs poorly for large N and large F (e.g., Q1 and Q3). However, it does perform best inqueries Q6 and Q10. Q6 and Q10 are characterized by a smaller F, but this trend does not generally hold true forthe grid file as it does not perform as well for Q5. Although the grid file performs fairly competitively in half ofthe queries, it appears to be a much less predictable method.¥the linked bucket is characterized in many graphs with a sharp upward trend as the data set size increases (Q2, Q3,Q8, Q9). It performs most competitively in queries Q4 (where it is best) and Q1 (second best). Overall, thelinked bucket is fairly competitive for smaller data sets (N < 75,000), but quickly degrades as the data set sizeincreases. This result confirms the corresponding main memory evaluation of the linked array [16].¥the k-Array behaves similarly to the linked bucket in that it is most sensitive to the data set size N. It performsrelatively competitively for half of the queries (Q1, Q3, Q5, Q7, Q8) for smaller N (N < 50,000 and in somecases, for N < 70,000). The k-Array is not, however, the worst performer for all types of queries, as itoutperforms the grid file and linked bucket in Q2 and does better than the linked bucket in Q3. The k-Array ismost notably useful when N is small and when the bucket to item ratio is small. When the latter ratio is large,it is much more efficient to use the k-Bucket.Projection vs. Non-Projection Effect Queries. Recall that the array-based indexes (k-Array, k-Bucket, and linked bucket evaluated above) are created by projecting points in k-dimensional space onto each one ofthe dimension arrays and relying on the updating of match counts to determine query results. We expect these typesof methods to be particularly sensitive to L- or T-shaped projection effects (Section 3.3) and designed queries Q9 andQ10 to examine such effects. The result in Figure 8.c indicates that the array-based methods are indeed sensitive toprojection effects. The item-based k-Array is the most obviously affected, increasing exponentially with data setsize. The k-Bucket, while not the best performer in these projection effect queries (see summary results of Q9 andQ10 in Table 2), provides a dramatic improvement over the k-Array. The linked bucket performs worse than the k-Bucket in Q9 but better than the k-Bucket in Q10. While the k-Bucket is not the best performer in the projectioneffect situation, it does perform much closer to the other methods in this situation than the other methods do to thek-Bucket in other situation. This is seen when comparing the range of page faults required for each query presentedin Table 2. In Q10, the k-Bucket only requires two additional page faults while in Q1, the k-Bucket requires aminimum of nineteen page faults less than the grid file or k-d tree.Query Q1 also includes processing data in the projection effect area (i.e., in both Q1 and Q10, dTfo isexamined at its maximum filter endpoint�see Table 1), but this is not extraneous processing as in Q10, since in thecase of Q1, the data in the projection effect region will actually be removed from the solution set. This is incontrast to Q10, where the data in that region will only have match counts updated, but will not affect the actualsolution set size. In the situation where changes in the projection effect region affect the solution set, the k-Bucketmethod actually performs better than the other bucket methods (the array-based linked bucket, however, does notperform better since it is more sensitive to large F and large N).Comparison Over Various Buffer Sizes. If we assume that each of the ten queries is just as likelyto occur as any other, then we can create a summary graph of page faults required per data set size for all queries by

21adding the page faults required for all ten of these queries for each data set size of each type of index structure. Figure9 presents summary graphs for three sample buffer sizes, representative ones out of the nine possible combinationsof 100, 200, and 400 number of buffer pages with 2K, 4K, and 8K buffer page sizes that we examined.We provide a summary over all nine buffer sizes in Table 3 for a large data set size (N » 143,000). Thefirst two columns of the table indicate the number of pages and page size for the given buffer while the last columnlists the minimum number of page faults used by the best index performer. The difference from this minimum, innumber of page faults, is then listed for each index in columns 3 to 7 of the table. Finally, markers are used toindicate the best (*), worst (-) and second worst (4, i.e., 4th worst) performers.The results in Figure 9 and Table 3 show that the k-Bucket is the best overall performer for all data set sizesand all buffer variations except for the smallest buffer size (i.e., buffer = 100, 2K pages). Our results show that inthis smallest buffer size, the k-Bucket performs best for small to medium sized data set sizes (up to about N =80,000), after which it performs second best only to the k-d tree [10]. At the same time, the k-Array is the worstoverall performer for all but the smallest buffer size. This further confirms the benefit of bucket-based methods overitem-based ones. Examining the graphs in Figure 9, we see in particular that the k-Array is only competitive forrelatively small data set sizes (i.e., for around N < 50,000). This is likely due to a smaller ratio between the numberof items to the number of buckets at the smaller data set sizes. That is, when smaller data set sizes have a relativelysmall ratio between the number of data items and number of buckets, the overhead for storing bucket informationmay cancel much of the gain in processing the query based on buckets.When investigating the effect of increasing data set size within a fixed buffer size, we find that the k-Bucketis the best overall performer per data set size for all buffer sizes except for the case of processing large data set sizeswithin the smallest (100, 2K) buffer size. When we increase the size of the main memory buffer by keeping thenumber of pages constant and varying page size from 2K to 4K to 8K in size, the k-Bucket remains the best overallperformer and the linked bucket shows the largest gains over the k-Array, grid file, and k-d tree. The linked bucket isthe worst or second worst performer in the smallest buffer size of (100, 2K) pages, but ultimately becomes thesecond best performer in the case of the (100, 8K) buffer size. Similarly, when we keep the buffer page size aconstant and increase the main memory buffer by varying the number of pages from 100 to 200 to 400 pages, weagain find that the k-Bucket remains the best overall performer and that the linked bucket shows greater gains overthe k-Array, grid file, and k-d tree.

22Figure 9. Summary of page faultsrequired per data set size (sum of allqueries by index structure):comparison between k-Array, linkedbucket, k-Bucket, grid file and k-d treemethods over various buffer sizes.Figure 9.a. buffer = 200, 2K pages.

Page Faults Required per Data Set Size for All Queries(buffer = 200, 2K pages)02 0 04 0 06 0 08 0 01000120014000250005000075000100000125000150000Data Set Size (N = # of pairs)

Page Faults Required k - A r r a y

Linked Bucket k-Bucket

Grid File k-d TreeFigure 9.b.buffer = 200, 4K pages.

Page Faults Required per Data Set Size for All Queries(buffer = 200, 4K pages)05 01 0 01 5 02 0 02 5 03 0 03 5 04 0 00250005000075000100000125000150000Data Set Size (N = # of pairs) k-d TreeFigure 9.c.buffer = 200, 8K pages.

Page Faults Required per Data Set Size for All Queries(buffer = 200, 8K pages)02 55 07 51 0 01 2 51 5 01 7 50250005000075000100000125000150000Data Set Size (N = # of pairs) k-d Tree

23Table 3. Additional cost (in # of pages) for each index structure for a large data set size, based on the differencefrom the minimum (min.) number of page faults used.(* = best performer, - = worst performer; 4 = 4th performer)BufferIndex Structure (Data Set Size N » 143,000)# PagesPageS i z e k-ArrayLinkedBucketk-BucketGrid Filek-d Treem i n .

1002K1329-108944327390*1357

2002K811-36340*2731671011

4002K792-1450*1624144584

1004K402-36040*22469572

2004K398-210*34432343

4004K140-230*28424288

1008K246-120*44684176

2008K74-110*15411145

4008K66-110*15411145

The magnitude of page faults required for the smallest buffer size (see first row of Table 3) indicates thatmany of the indexes �starve� under adverse conditions of processing a very large data set in a very small buffer size of(100, 2K). In this situation, the k-d tree outperforms the other indexes for large data set sizes by a large margin.Thus, the overall results indicate that the k-d tree should be recommended for the conditions of processing a verylarge data set (N > 80,000) using a very small buffer size of (100, 2K), and that under all other buffer conditions, thek-Bucket should be recommended.7. DISCUSSION AND RELATED WORKWhile more recently, research in temporal queries over continuous data has emerged [22], such work has notfocused on the notion of temporal browsing. In order to support temporal browsing, we have examined theprocessing of temporal queries over continuous temporal data as a multidimensional range query problem and havecharacterized the data in terms of how it can be clustered on disk (see [10]) as well as how it is inherently skewed andsubject to L-shaped projection effects.Although research in multidimensional range queries has been ongoing for quite some time now, evenrecent reviews of current techniques indicate that there is not one multi-attribute method that has become the standardof choice [17]. As the number of dimensions increases, node splitting and data clustering continue to be interestingand challenging problems. In addition, many researchers continue to look at the problem of handling updates andkeeping balanced structures, particularly with the use of tree-based data structures (e.g., [18]). In our work, we haveexamined the problem from a different perspective�one where we want to optimize query processing over updates,so we assume that the data set remains frozen or that building the index structures and processing updates can be done

24off-line, if necessary. In particular, we explore the use of various techniques for incremental queries. These criteriaof optimizing processing over updates and processing queries incrementally are critical for preserving the browsingparadigm in MMVIS. To our knowledge, these types of queries (i.e., DQs) have only been examined by [16], andtheir evaluation was only based on main memory processing, rather than taking the need for secondary storage intoconsideration. We have, however, taken advantage of previous work, by comparing our newly proposed k-Array andk-Bucket indexing techniques to one base-case index (the linked array [19] and its linked bucket counterpart) as wellas to well-established and popular indexing structures such as the grid file [20, 15] and k-d tree [4, 5].Although the quad tree, r-tree and their many variants [4, 8, 21] are also popular indexing structures formultidimensional range queries, we chose not to evaluate these structures since (1) results from [16] lead to therecommendation of the k-d tree over the quad tree due to the fact that the k-d tree performs very similarly but hasother more desirable features such as ease of constructing the index, and (2) both fall into the category of tree typestructures so we expect them to have similar results.8. CHAPTER SUMMARYIn order to preserve the notion of interactive browsing for trend analysis, dynamic queries�which areincremental multidimensional range queries�must be processed as efficiently as possible. In this paper, wepresented results from running a series of experiments to evaluate index structures for processing dynamic queriesposed via our temporal visual query language (TVQL [14]). We introduced a new array-based indexing method calledour k-Array and its even more efficient bucket-based counterpart the k-Bucket. We first confirmed that using each index to incrementally process queries is more efficient than using thesame index to calculate the query from scratch. We then showed how item-based methods such as the linked arrayand k-Array can easily be converted to bucket-based methods and verified through our experiments that thisconversion does indeed improve performance. When comparing the k-Array, linked bucket, k-Bucket, grid file and k-d tree for a series of TVQL incremental queries processed using a (100 page, 4K) buffer, we found that the k-Bucketperforms the best overall, but that it is indeed subject to projection effects. We identified the potential for L-shapedskewed data distributions for temporal pair data sets and analyzed the structures based on this skewed distribution.Our results show that in the case of the k-Bucket, there are bigger gains in using the k-Bucket in the non-projectioneffect situations than there are losses in the projection effect scenarios. Finally, we compared the performance of the bucket methods and the k-Array over various buffer sizes,based on a buffer page size of 2K, 4K, or 8K, and a buffer page count of 100, 200, or 400 pages. Our resultsshowed that the k-Bucket is the best overall performer for processing all data set sizes under all buffer conditionsexcept for the one extreme case when processing large data set sizes in the smallest (100, 2K) buffer size. In this

25exception case to the k-Bucket, the k-d tree is the best performer. The k-Array is the worst overall performer forlarger data set sizes for all buffer sizes. And, the linked bucket has greater gains over the grid file and k-d tree withincrease in the number of pages as well as with the increase in page size.REFERENCES1.Ahlberg, C., Williamson, C., & Shneiderman, B. (1992). Dynamic Queries for Information Exploration: AnImplementation and Evaluation. CHI’92 Conference Proceedings, NY:ACM Press, 619-626.2.Ahlberg, C., & Shneiderman, B. (1994). Visual Information Seeking: Tight Coupling of Dynamic QueryFilters with Starfield Displays. CHI’94 Conference Proc. NY:ACM Press, 619-626.3.Allen, J.F. (1983). Maintaining knowledge about temporal intervals. CACM, 26(11), 832-843.4.Beckley, D.A., Evens, M.W., Raman, V.K. (1985). Multikey Retrieval from K-d Trees and Quad Trees.ACM SIGMOD Proceedings, 291-301.5.Bentley, J.L. (1975). Multidimensional Binary Search Trees Used for Associative Searching.Communications of the ACM, 18(9), 509-517.6.Bentley, J.L. & Friedman, J.H. (1979). Data Structures for Range Searching. Computing Surveys, 11(4),397-409.7.Bentley, J.L. and Maurer, H.A. (1980). Efficient Worst-Case Data Structures for Range Searching. ActaInformatica 13, 155-168.8.Flajolet, P., Gonnet, G., Puech, C., Robson, J.M. (1993). Analytic Variations on Quadtrees. Algorithmica,10, 473-500.9.Freksa, C. (1992). Temporal reasoning based on semi-intervals. Artificial Intelligence, 54(1992), 199-227.10.Hibino, S. (1997). MultiMedia Visual Information Seeking. PhD disseration.11.Hibino, S. & Rundensteiner, E. (1997). �Interactive Visualizations for Temporal Analysis: Application toCSCW Multimedia Data.� To appear in Intelligent Multimedia Info. Retrieval (Mark Maybury, Ed.).12.Hibino, S. and Rundensteiner, E. (1996). MMVIS: Design and Implementation of a Multimedia VisualInformation Seeking Environment. ACM Multimedia�96 Conference Proceedings, NY:ACM Press, 75-86.13.Hibino, S. & Rundensteiner, E. (1996). �MMVIS: A MultiMedia Visual Information Seeking Environmentfor Video Analysis,� CHI�96 Conference Companion. ACM Press, 15-16.14.Hibino, S., & Rundensteiner, E. A. (1996). �A Visual Multimedia Query Language for Temporal Analysis ofVideo Data,� Multimedia Database Systems: Design and Implementation Strategies (K. Nwosu, B.Thuraisingham, & P.B. Berra, Eds.). Norwell, MA: Kluwer Academic Publishers, 123-159.15.Hinterberger, H., Meier, K.A., Gilgen, H. (1994). Spatial Data Reallocation Based on MultidimensionalRange Queries. 228-239.16.Jain, V. & Shneiderman, B. (1994). Data Structures for Dynamic Queries: An Analytical and ExperimentalEvaluation. Proc. of the Workshop on Advanced Visual Interfaces. NY: ACM, 1-11.17.Lomet, D. (1992). A Review of Recent Work on Multi-attribute Access Methods. SIGMOD Record, 21(3),56-63.18.Nakamura, Y., Abe, S., Obsawa, Y. Sakauchi, M. (1993). A Balanced Hierarchical Data Structure forMultidimensional Data with Highly Efficient Dynamic Characteristics. IEEE Transactions on Knowledge andData Engineering, 5(4), 682- 694.19.Knuth, D.E. (1973). The Art of Computer Programming, Vol 3: Sorting and Searching, Addison-Wesley.20.Nievergelt, J., Hinterberger H., & Sevcik, K.C. (1984). The Grid File: An Adaptable, Symmetric MultikeyFile Structure. ACM Trans. on Database Systems, 9(1), 38-71.21.Samet, H. (1990). The Design and Analysis of Spatial Data Structures. Reading, MA: Addison-Wesley.22.Seshadri, P., Livny, M., and Ramakrishnan, R. (1994). Sequence Query Processing. Proceedings of the 1994ACM SIGMOD International Conference on Management of Data. NY: ACM, 430-441.23.Snodgrass, R. (1992). Temporal Databases. Theories and Methods of Spatio-Temporal Reasoning inGeographic Space (A.U. Frank, I. Campari, and U. Formentini, Eds.), Springer-Verlag: New York, 22-64.