To Appear in the ACM Multimedia�96 Conference Proceedings (November 1996).MMVIS: Design and Implementationof a MultiMedia Visual Information Seeking EnvironmentStacie HibinoEECS Dept., Software Systems Research LabThe University of Michigan, 1301 Beal AvenueAnn Arbor, MI 48109-2122 USAhibino@eecs.umich.eduElke A. Rundensteiner�Computer Science DepartmentWorcester Polytechnic Institute, 100 Institute Rd.Worcester, MA 01609-2280 USArundenst@cs.wpi.eduABSTRACT. In our new paradigm for video analysis, weadvocate the use of interactive visualizations where userscan browse video data in search of temporal trends byspecifying temporal queries via direct manipulation. In thispaper, we describe the design and implementation of ourMultiMedia Visual Information Seeking (MMVIS) systemthat successfully realizes this exploratory approach totemporal analysis. We present our design goals anddecisions, including the design specifications of our subsetselection query interface, our direct manipulation temporalvisual query language (TVQL), and our temporalvisualization (TViz) of results. We also present ourstrategies for implementing MMVIS�focusing inparticular on our overall system architecture and the TVQLquery processor. Finally, we briefly review a case studyusing real CSCW data and preliminary results of a userstudy, used to validate the utility of TVQL and MMVIS.KEYWORDSInteractive visualizations, video analysis, temporal visualquery language, multimedia system design.1. INTRODUCTIONPrevious approaches to video analysis have emphasizedvideo annotation and coding over sophisticated analysistechniques (e.g., [6, 10, 21]). That is, by providing toolsto simplify the process of creating annotations and moreimportantly for consistently coding relationships betweenobjects or events in the data, these researchers have reducedthe analysis process to specifying selection-type queriesover the pre-coded data. For example, in a video of a designmeeting setting, researchers could use previous videoanalysis systems to annotate all occurrences when �P1 isdigressing.� Then, to find out how often P1 is digressing,they can pose the query, �Select annotations whereperson=P1 ^ action=digressing� and then count the numberof results they retrieve. The problem with such anapproach is that 1) it requires users to code relationships a_________ �This work was completed while author was at the University ofMichigan.priori, limiting analysis to the pre-coded relationships and2) it can be difficult to abstract related temporal information(e.g., it could be cumbersome for users to find out howoften P1 starts or ends a digression).In contrast to these approaches, we propose a new paradigmfor video analysis involving the use of interactivevisualizations in which users browse the data in search oftemporal trends. Rather than requiring users to pre-coderelationships, we have simplified the annotation process tothat of coding atomic actions and events. Our system thenenhances the analysis process by allowing users to exploretemporal relationships between subsets of such annotationsusing simple mouse manipulations. For this, we havedeveloped a temporal visual query language (TVQL [13]�see review in Section 2.3) composed of integrated temporalquery filters that support the specification of complextemporal queries using a direct manipulation paradigm.TVQL facilitates temporal exploration of the video data byallowing users to continuously specify and incrementallyrefine individual as well as combinations of similartemporal relationships. Thus, in our approach, users wouldcode �P1 Talking� and �Digression� as separate annotations.Using our dynamic temporal query filters, they could thenexamine all types of temporal relationships between P1talking and digressions, including how often P1 starts,participates in, or ends a digression.In our MMVIS system, the results of TVQL queries arepresented in a temporal visualization, called TViz (Section2.4). The visualization presents the temporal relationshipsbetween subsets by abstracting relationships betweenindividual event instances into trends over a given timeinterval. Some of the abstraction strategies we haveexplored include frequency counts, total duration, andaverage duration. The visualization is user-customizable on-the-fly, allowing users to highlight subsets according totheir current focus of temporal analysis. In addition, ourtemporal visualization is dynamically updated as temporalfilters are adjusted. This provides immediate feedback ontemporal trends as a function of the type of temporalrelationship (e.g., �does Joe always interrupt Mary themoment she starts talking� versus �does Joe interrupt Maryonly after she has been talking continuously for at least fiveminutes?") or as a function of the type of selected eventsubsets (e.g., �does Joe interrupt only the female membersof the meeting who are speaking for more than five minutesand not the male members?�).

The combination of specialized query filters andvisualizations forms our integrated MultiMedia VisualInformation Seeking (MMVIS) environment. In this paper,we describe the design and implementation of our MMVISsystem. We present the system design of primary interfacecomponents of MMVIS�namely, our visual querylanguage including the subset query and TVQL querypalettes and our temporal visualization, TViz. We alsopresent our strategies for implementing MMVIS, focusingin particular on our overall system architecture and on theTVQL query processor. In order to preserve the notion ofinteractive browsing for trend analysis, the visual queriesmust be processed as efficiently as possible. Thus, thequery processor is a critical component of the system andhence we discuss it in more depth in this paper.We describe a new index structure (the k-Array method) andan associated query processing strategy we have developedfor processing TVQL queries. Our preliminary experimentalevaluation of the query processor reported in this paperdemonstrates the effectiveness of our index strategy forhandling multidimensional range queries specified in anincremental fashion�the main mode of interaction withMMVIS. Lastly, a brief report on our case study using realCSCW data and preliminary results from a user studyillustrate the utility of TVQL and MMVIS.This paper is divided into five additional sections. InSection 2, we present our system design�describing subsetquery palettes for dynamic subset selection, reviewing ourtemporal visual query language (TVQL), and presenting ourtemporal visualization (TViz). In Section 3, we describeour system implementation, beginning with the systemarchitecture, presenting our annotation model, anddiscussing the underlying query processing technique. Thisis followed by evaluation and discussion of the efficiencyand utility of our approach in Section 4. In Section 5, wediscuss related work, and finally in Section 6, we presentour conclusions.2. SYSTEM DESIGN2 . 1 System Requirements:A New Visual Paradigm for Video AnalysisThe goal of MMVIS is to provide a new paradigm for videoanalysis�one in which users can temporally andcontinuously explore data in search of t e m p o r a l relationships and trends. In this new paradigm, usersshould be able to use the following process:1.Select two subsets of the video data.2.Query for temporal relationships between subsets viaspecialized temporal query filters.3.Review a visualization of results for temporal trends.4.Customize visualization for further clarification, ifdesired, and go to 3.5.Go to 2 to incrementally adjust relative temporal queryor go to 1 to select new subsets.In designing MMVIS, we chose to realize this newparadigm for video analysis by extending existing work inVisual Information Seeking (VIS) [2]. In VIS, users canbrowse a database of information through directmanipulation of buttons and sliders. These buttons andsliders represent query filters with which users can select arange of desired values for each attribute of the database.For example, in a real estate application [2], users maywish to select all houses with two to four bedrooms thatcost between $100K and $300K. If they had a slider for thenumber of bedrooms and another slider for the cost, thenthey could use simple mouse moves to adjust these slidersto specify the desired ranges for each attribute. The slidersact as query filters to the data and are dynamic in that avisualization of results is dynamically updated as usersadjust each filter. In addition, the filters are dynamicallylinked to one another to prevent invalid queries. Forexample, if users only wanted to spend $250K and thelargest $250K house only had 3BR, then when users adjustthe cost query filter to reduce the cost, the number ofbedrooms filter would automatically be updated to reducethe largest number of bedrooms to 3BR. This indicates thatall four bedroom houses cost more than $250K.This use of dynamic query (DQ) filters provides us with aneasy-to-use visual paradigm for formulating and posingquestions. Because a visualization of results is dynamicallyupdated as users adjust any query filter, queries areincrementally specified and refined and users see the directcorrelation between adjusting values of query parameters andthe corresponding display of results.Another system requirement for MMVIS is that it shouldbe general enough to handle a variety of multimedia datatypically characterized by dynamic, spatio-temporalcharacteristics (e.g., video, real-time data, etc.). Weaccomplish this by using annotations to abstract spatio-temporal information from the original media and thenanalyzing the annotation collection. In the context of thispaper, we explain this approach using video data as anexample. Section 3.2 describes our data model for thesevideo annotations.Although the VIS paradigm is suitable for our goals, thecurrent VIS framework is not designed for selectingmultiple subsets nor for handling spatio-temporalcharacteristics of multimedia data. Thus, in order forMMVIS to support the desired new paradigm for videoanalysis, several extensions to VIS are required:¥subset query palettes with multi-selection list filters forspecifying multiple subsets of different types of events(e.g., Subset A = �all person P1 talking events� andSubset B = �all person P2 talking events�),¥specialized temporal query filters (i.e., a temporal visualquery language (TVQL [13])�Section 2.3) for exploringtemporal relationships between the subsets formed, and¥user-customizable spatio-temporal visualizations (e.g.,TViz�Section 2.4) for highlighting the occurrence ofthe selected subsets and frequency of specifiedrelationships.The design of each of these components is described inmore detail in the remainder of this section.

2.2 Selecting Multiple SubsetsIn MMVIS, each annotation (i.e., event in the database) istypically characterized by name, action, receiver, andcategory. Thus, in order for users to select a subset, theyneed to be able to select from these alphanumericcharacteristics. Although alphasliders [1] could have beenused to dynamically select singleton items from eachattribute, this would have prohibited the selection of severalitems for any given attribute domain. The requirements forsubset selection then are to support:¥selection of multiple items for any attribute domain,¥consistency in the dynamic query interface:-query filtering via direct manipulation,-dynamic updating of the display as users manipulateany query filter,-dynamic updating of other query filters to indicateinterrelationships between attributes, and¥concurrent selection of multiple subsets.In designing a solution to multiple subset selection, wechose to provide a separate subset query palette for eachsubset. Each subset palette contains lists of data attributesfrom which to select (see Figure 1). We developed a multi-select list box dynamic query filter (called an mList DQ) fordis-/continuous selection of multiple values from attributeswith categorical (i.e., discontinuous) data. Selected itemsof a list are ORed, and the results from each list are thenANDed together.In each mList DQ on the subsetpalette, users can simply clickon an item to toggle itsselection on and off. As in thestandard DQ filters, these mListDQs are interrelated to oneanother so that the de-/selectionof items in one mList canautomatically affect the de-/selection of items in the othermLists. Thus, if an item isdeselected in one mList, and anitem in another mList is onlyrelated to that deselected item,then it too would be deselected.For example, in Figure 1, thename Nil is only associated withthe actions NonVerbal andTranscript. Since Transcript hasalready been deselected,deselecting NonVerbal from theAction mList would auto-matically deselect Nil from theName mList.P60"t&ra%BF$B6#�#!R� b�‰

) and m e e t s (

) relations a r e neighbors, because we can move the ending point of Afrom before the start of B to its start without specifying anyadditional primitive relationship. On the other hand, thebefore (

) and overlaps (

) relationsare not neighbors. This is because we cannot move theending point of A past the starting point of B without firstpassing through the meets relation.2.3.2 TVQL DesignWhile a formal specification of our temporal visual querylanguage (TVQL) can be found elsewhere [13], we reviewits basic design principles here. In order to define a temporalquery interface capable of specifying any individualprimitive temporal relationship, we designed TVQL to be acollection of four temporal query filters�one filter for each of the defining endpoint difference relationships described inSection 2.3.1 and depicted in Figure 2. More importantly,this design also allows us to capture t e m p o r a l neighborhoods [8]. In this way, not only can users browsefor temporal relationships between two subsets, but theycan browse in a temporally continuous manner. Morespecifically, our TVQL interface allows users to explorewithin and between primitives as well as within andbetween temporal neighborhoods. Figure 3 presents ourTVQL [13, 14]. As in the standard double-thumbed sliderquery filters [2], the thumbs are manipulated to select theendpoints of a range, and a filled or open arrow thumbindicates when the endpoint of a range is included orexcluded respectively.provide and/or preserve context as much as possible,¥highlight temporal occurrences of members of the eventsubsets (e.g., highlight relative frequency, average ortotal duration of the various types of events), and¥aggregate and highlight the strength of temporalrelationships between subset members and specified byTVQL (i.e., in contrast to timelines, where informationabout temporal relationships is distributed).These types of visualization extensions go beyond theoriginal VIS [2], where the results were typically displayedas an enhanced scatterplot.Our overall approach has been to provide a main window ofrepresentative annotation icons for context, and to usetransparent overlays to highlight temporal occurrences (i.e.,selected subsets) and relationships between them. Inaddition, we provide some options to allow users to tailorvisualizations according to their needs and preferences.2.4.1 The Main MMVIS Window the visualization area only contains icons representing thedifferent types of annotations in the database (in Figure 4,icons from the CSCW case study are displayed). Bydefault, these annotations are spatially placed according totheir corresponding first occurrence in the video and are usedto provide context for TViz. Users can move iconsaccording to their preference. In the case study data set [20],we found that subjects never changed positions (e.g., walkacross the screen) in the video, so there was a one-to-onecorrespondence between where talking icons were placed andwhere the corresponding speakers appeared on the video. Inthis way, the annotation placement formed a spatialabstraction of the video context for the case study.The key below the visualization emphasizes that subset Aevents will be highlighted with yellow transparent circleoverlays while subset B events will be highlighted withblue transparent square overlays (see also Figure 6). Thevisualization options allow users to customize the viewaccording to their needs and preferences. More details onthe subset highlighters and visualization options areprovided below.2.4.2 Visualization of the Selected Event SubsetsThe subset selection highlighters of TViz are designed tosupport users in comparing temporal occurrences ofdifferent types of events within the context provided by themain MMVIS window. We accomplish this by usingtransparent overlays to visually indicate the current subsetas it is being de-/selected. Members of subset A arehighlighted by yellow circles, while members of subset Bare indicated by blue squares. The radius of thesetransparent overlays represents either relative frequency,average duration, or total duration, customized according tothe user�s preference.($(.ˇ˚Œ�fiª�e�S�“˛˚1vb¥each DQ filter represents an attribute of the data set,¥each item in the data set can be placed into one and onlyone slot of each DQ filter (where a DQ filter slot is aninternal representation for every unique (i.e., discrete)position of a slider thumb),

¥a query corresponds to using direct manipulation toadjust and select valid attribute ranges for each DQ filter,¥an item in the data set is in the solution iff each value ofeach attribute of the data item is in the selected range ofthe corresponding DQ filter.In the real estate scenario, for example, each house in thedatabase has a defined number of bedrooms and a specificlist price. A four bedroom (4BR), $300K house would beplaced into the value=4 slot of the #BRs DQ filter as wellas in the value=$300K slot of the Cost DQ filter. This4BR, $300K house would be in the solution set iff value=4was in the selected range of the #BRs DQ filter ANDvalue=$300K was in the selected range of the Cost DQfilter. In the case of TVQL, each (ai,bj) temporal pair hasone startA-startB value, one endA-endB value, etc. and canthus be sorted into one slot of each of the correspondingtemporal query filters. A given temporal pair is then in thesolution set when each of its temporal endpoint differencesis in the selected range of each of the correspondingtemporal query filters.3.3.2 Terms and ParametersBefore we present our approach to TVQL processing, wefirst define the terms and parameters used. Let each DQslider be characterized by the following parameters:minVal= minimum value of slider rangemaxVal= maximum value of slider rangeticVals= {tic1, tic2, . . . , ticz}// evenly spaced slider positionsdtIncr= delta increment// min amount you can change an endpoint// value of a slider range when moving a// slider thumb. (I.e., dtIncr = tici+1 - tici)slot= a DQ filter has an internal normalized slotfor every unique position of a slider thumbslotCount= number of slots for the given filter= (2*(maxVal - minVal)/dtIncr) + 1Given:V = {v1, v2, . . . , vs}// set of video documentsAnn(vp)= {va1, va2, . . . , vaT}// annotations for video vpUsers select A and B subsets via subset selection DQs:A = {a1, a2,..., ai,..., am| m £ T, ai ˛ Ann(vp)}// first subset of video annotationsB = {b1, b2,..., bj,..., bn| n £ T, bj ˛ Ann(vp)}// second subset of video annotationsBased on the subset selected and the constraints imposed byextreme values of the TVQL filters, a new database oftemporal 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)},where:dTfo = temporal DQ filter for specifying differencebetween end of ai and the start of bj, anddTof = temporal DQ filter for specifying differencebetween start of ai and the end of bj.Users explore temporal relationships by using TVQL toquery the TPairs database. We define:T = total # of records in annotation collection Ann(vp)N = # of (ai, bj) pairs in TPairs (£T2) from which pairsthat meet temporal relationship criteria are selectedk = number of attributes or dimensions used for queryspecification (for TVQL, k=4)Figure 9 presents a sample DQ filter (minVal=-3,maxVal=3, dtIncr=1) and its corresponding internalrepresentation. It has slotCount=2*(3 - -3)/1 + 1 = 13.There are more slots than tics because a filter thumb can beclosed or open to include or exclude an endpoint value,respectively. In Figure 9a, the DQ filter is selecting 0 £values < 1. This corresponds to including slots 6 and 7 ofthe internal representation shown in Figure 9b.

These types of manipulations can be represented as:dqManip(dqi, thumbID, action, <dir>)wheredqi// DQ filter being adjusted,thumbID ˛ {LEFT, RIGHT}// which DQ filter thumb was manipulated,action ˛ {MOVE, FILL, UNFILL}// type of manipulation made, anddir ˛ {LEFT, RIGHT}// optional parameter to specify direction the// DQ thumb was moved, if applicable.Query processing in TVQL must thus be able to effectivelyprocess such sets of manipulations. This includesidentifying items affected by the manipulation, updatingappropriate auxiliary structures such as counts, and updatingthe solution set by passing information on TPairs itemsthat should be added/removed from the solution to thePresentation Manager via the Database Manager.3.3.4 k-Array: An Array Based MethodOne of the simplest methods of indexing multidimensionaldata is to use a k-dimensional matrix representation. Whilesuch a matrix is simple to build and easy to use, it is oftendisregarded due to its high storage costs, which for dynamicqueries is on the order of O(slotCountk). Anotherdisadvantage of the full matrix-based approach is that in adata set with a skewed data distribution, many buckets (e.g.,individual tiles in the two-dimensional matrix case) will beempty�while others will be very full. Note that the fourdimensions of our TVQL language, namely the fourtemporal query filters, are highly interdependent�asillustrated in Figure 2. This indicates that any TPairsdatabase may have a skewed distribution. Hence, the simplefull matrix method is not as applicable a technique forTVQL query processing.In order to reduce the storage required for indexing the data,to avoid empty buckets as much as possible, and tooptimize performance, we thus set out to develop analternative strategy for TVQL query processing. Whileseveral methods for processing multidimensional rangequeries exist (e.g., [4, 19]), we felt that the requirementsand constraints of our TVQL query processing problemwere different enough from previous work to warrantadditional investigation. More specifically, our goal was toidentify an indexing method for processing incrementalmultidimensional range queries over temporal data, givinghigher priority to processing queries over updating data.Our proposed k-Array approach is an array-based methodgenerally applicable to DQ query processing�while ofcourse for our TVQL language we set k=4. Given:dBase= {item1, item2, . . . , itemN} // with unique_IDs {1, 2, . . . , N} // for TVQL, dBase = TPairsDQ= {dq1, dq2, . . . , dqk}// set of DQ filterskArray = {indexArray(dq1), indexArray(dq2), . . . , indexArray(dqk)}The basic idea is to keep an index array of sizeslotCount for each DQ filter. Each position in theindex array has a one-to-one correspondence to theslotNum of the respective DQ filter. Thus, each item inthe database can be sorted into one and only one position ofeach index array. This means that every item in thedatabase occurs a total of k times in the full index structure.If count is the number of selected ranges of the indexarrays in which an item occurs, then an item should beadded to the solution set when its count changes from k-1 to k. Similarly, the item should be removed from thesolution when its count changes from k to k-1. Weonly need to access the actual item when it is being added toor removed from the solution. The rest of the time (i.e.,while count £ k-1), it is sufficient to access only thecount for each item. For this reason, the counts arestored in a separate array, consecutively by item ID:itemCounts[N] = array of data item countsUsing pointers and a main memory model, the k-Arrayapproach is captured by Figure 10.01. . .slotCount-1indexArray(dq )i12053210278

ID12. . .Ndata<item><item><item> dBaseID12. . .Ndata324 itemCounts

Figure 10. Main memory based k-Array approach.In order to provide support for a fine-grained analysis ofvideo data (e.g., analyzing the video over events that areonly seconds or less than seconds long) and/or support foranalyzing several videos at once, our system must be ableto handle a large collection of video annotations as well asan even larger TPairs collection (given that TPairs areformed by pairwise combinations of the video annotationsubsets). Ultimately, this means that the number of pairscan become too large to fit in main memory, and secondarystorage would be required. For this case, we propose thefollowing modifications to convert the main memory-basedk-Array method into a disk-based structure:¥use indexArrays to indicate number of item IDs ineach position (i.e., slot) rather than store a list of IDs,

¥store the list of IDs on disk, in the order in which theyoccur in the indexArrays,¥use the minimum number of bits required to store theitemCounts on disk (for TVQL, k=4, so we need aminimum of 3 bits per itemCount),¥reserve sufficient buffer space to keep theindexArrays in main memory,¥reserve sufficient buffer space to keep the slotNum,page number (p a g e N u m ), and page o f f s e t corresponding to the current position of each query filterthumb in main memory.The corresponding disk-based version of the k-Array ispresented in Figure 11. Main Memory:01. . .slotCount-140. . .3slotNum:# of items:LEFT.slotNumLEFT.pageNumLEFT.offsetRIGHT.slotNumRIGHT.pageNumRIGHT.offset

15010596 indexArray (dqi) On Disk:dBase:itemCounts:indexArray(dqi):ID12. . .N12. . .NslotNum=0. . .slotNum=slotCount-1data<item><item><item>32415810202732

Figure 11. Disk-based version of the k-Array approach.Our query processing strategy for our k-Array is to processeach DQ user manipulation (i.e., dqManip) as follows:¥get the slotNum, pageNum and offset for thethumbID of the dq filter specified¥using the thumbID, action, and dir (if specified),determine whether the nearest neighbor to update isd q i . t h u m b I D . s l o t N u m - 1 ordqi.thumbID.slotNum+1¥using the thumbID, action, and dir (if specified),determine if manipulation corresponds to expanding orcontracting the selected attribute range¥loop from 1 to slotSize, doing the following:- fetch the next item ID- fetch its count- if removing current slot from selected attributerange, then- update the item�s count by decrementing it- if new count=k-1, then fetch actual data item and remove it from the solution set- otherwise we are adding current slot to selectedattribute range, so:- update its count by incrementing it- if new count=k, then fetch actual data item and add it to the solution setConsider the case where the left filter thumb is unfilled, andthe query manipulation taken is dqManip(dqi, LEFT,FILL, NULL). This corresponds to changing the lefthand side of the specified range fromleftVal < dqi.attributeNameto leftVal £ dqi.attributeName,meaning that the nearest neighbor isdqi.LEFT.slotNum-1 and that we want to add that slotto the selected range. If dqi had the correspondingindexArray in Figure 11, where dqi.LEFT.slotNum= 1, then we would be adding all data items correspondingto slot 0 of that indexArray to the solution. SinceindexArray(dqi)[0] = 4, then we would loop overthe four IDs in that slot (i.e., ID=1, ID=5, ID=8,ID=10), incrementing the count for each, and adding tothe solution set the corresponding data item for each IDwith a new count equal to k. Although all counts are notdisplayed in Figure 11, we do see that data item ID=1 hascount=3. Thus, since now k would become 4, then wewould fetch and add data item1 to the solution set.In general, the k-Array has a storage cost on the order ofO(kN) and search cost on the order of the average slotSize�i.e., O(N/slotCount). While this search cost may notseem to be the most efficient, it is counterbalanced by thefact that all item IDs in a slot are clustered together, andminimum information is kept to maintain and cluster thecorresponding counts. Given a 2K page buffer size, thismeans that page faults in TVQL could be reduced to onepage fault per every 512 item IDs fetched from theindexArrays and one page fault per every 5461itemCounts.3.3.5 Processing Subset SelectionsProcessing subset selection queries over the annotationcollection is similar to processing TVQL queries overTPairs, though much simpler. Since the annotation set isassumed to be frozen at query time, the annotations can bepresorted by descriptive ID (d_ID). In addition, TViz onlyrequires information on the frequency, average duration, andtotal duration for each subset of annotations with a givendescriptive ID (vs. information on individual annotations).Thus, this information can be calculated ahead of time and

stored directly with the respective subset highlighter objects(i.e., transparent yellow circle and blue square overlays).Users manipulate the subset selection DQ filter lists toselect subsets by d_ID. De-/selecting a d_ID thencorresponds to hiding or showing the correspondinghighlighter. We use a k-Array to process these incrementalsubset selection queries. Note that the k-Array supportsaccess to �nearest neighbor� slots (as required byincremental selection of continuous ranges in the temporalquery filters) as well as direct access to any slot of any DQfilter, which is desired in the case of subset selection basedon discontinuous ranges of attributes.4. EVALUATION AND DISCUSSIONWe have divided evaluation of the MMVIS environmentinto two components�efficiency and usability. In Section4.1, we present some preliminary experimental resultsevaluating the efficiency of our k-Array query processingstrategy. The usability and utility of MMVIS are beingevaluated through user studies and through a case studyapplying MMVIS to the analysis of real video data. InSection 4.2, we summarize the results from our case studyas well as preliminary results from our TVQL user study.4.1 Efficiency Evaluation: TVQL ProcessingThe linked array is another array-based query processingapproach to multidimensional range queries which workswell for smaller sized databases but does not scale up verywell [16]. Our k-Array was designed to improve on thelinked array method while maintaining a simple indexstructure and incremental update strategy. In particular, wewere interested in improving the efficiency for workingwith large data sets, where secondary storage is required. Inthis section, we present preliminary results comparingperformance of the linked array with our k-Array.4.1.1 AssumptionsWe assume that once A and B subsets have been selected,the TPairs database is formed and remains frozen. Since nodeletions, insertions or updates are made to the database, theindexing structure is static and can be constructed based onfore-knowledge of the data distribution. Our ultimate goalis to process queries as quickly as possible (and updates areassumed to be rare). Since the cost to build the index isonly done once, we do not consider the preprocessing indexcreation cost in our analysis.4.1.2 Linked Array vs. k-Array MethodsThe linked array is similar to the k-Array in that data itemsare sorted into slots of each of the k arrays representing eachquery filter. In the linked array, however, each slot holdsthe first item of a linked list of items for that slot, ratherthan information for accessing the slot�s contents as onesub-array. That is, in the linked array, rather than storingthe IDs to each item k times (as we propose for the k-Arraymethod), the IDs are stored along with their counts and a setof k links, one for each next data pointer in the same slotof each dimension. These linked array items (i.e., thecount and k next pointers) are stored sequentially ondisk according to ID and can be accessed via page offsets.Our proposed k-Array is an improvement over the linkedarray in that item IDs in each slot are clustered together.Figure 12 compares the number of page faults required forusing the linked array vs. the k-Array methods forprocessing a sample TVQL query. The graph indicates thatthe performance of the linked array degrades considerably forlarger data sets, while the performance of the k-Array isfairly stable (i.e., it degrades gracefully). We havecompared our k-Array to the linked array for a series ofTVQL queries and consistently find the same result�the k-Array outperforms the linked array, especially as the data setsize increases [11].

Bucket [11]. We have compared the k-Array and k-Bucketto the linked array and other popular indexing structuressuch as the k-d tree [4, 5] and grid file [15, 19]. Thus far,our findings indicate that although the k-Bucket is not themost efficient under all conditions, it is the best performeroverall [11].4.2 Usability Evaluation4.2.1 CSCW Case StudyOur case study using the exploratory approach to videoanalysis provided in MMVIS illustrates the utility of oursystem and approach [12]. In the case study, we useMMVIS to analyze real video data collected as part of aresearch study on computer-supported cooperative work(CSCW) [20]. The case study shows how our approach isnot limited to analyzing temporal sequences studied by theoriginal researchers, but can also be used to examine anytype of temporal relationship�parallel, overlapping, orsequential. It also illustrates how our interactive approachsimplifies the process of discovering temporal trends.The series of sample temporal queries in the case study, forexample, demonstrates how our tools can be used toinvestigate who in the study might have emerged as theleader of the group, even though no leader was assigned.We proposed a number of (temporal query) questions toinvestigate this and then used MMVIS to pose them andexplore the results. We looked at the frequency and averageduration of Talking events to see who talked morefrequently and who spoke for longer periods of time thanothers. We examined the relationship between whenindividuals spoke and when digressions took place to seewho initiated, who participated, and who ended digressions.TViz not only highlighted this information, but alsohighlighted the frequency (i.e., strength) of these temporalrelationships. The overall results of the case study led us tosome interesting observations, some of which weredesirable and expected and some of which could lead to morein-depth analysis.4.2.2 TVQL and MMVIS User Interface StudiesWe are in the process of running a user interface study toevaluate TVQL compared to a forms-based query interface.While our study is not yet complete, our preliminaryfindings indicate that 1) users can interpret TVQL queries,2) users can specify temporal queries using TVQL, thoughthey have better qualitative than quantitative accuracy, and3) users can easily understand the temporal diagrams and infact most often quote the diagrams as the most beneficialpart of the interface. Once the user interface study iscomplete and it raises some suggestions for improvingTVQL, we plan to redesign TVQL to increase its usability.In this light, our goal is to improve the interface while stillmaintaining the power of the language�most notably, thepower to browse within and between both temporalprimitives and temporal neighborhoods, thereby preservingthe notion of temporal browsing.5. RELATED WORKPrevious video annotation and analysis systems, such asVideoNoter [21], require users to pre-code temporalrelationships rather than allowing them to discover therelationships by coding atomic information and posingtemporal queries. Other systems, such as Media Streams[6], have focused more on novel approaches to creating andfinding individual annotations rather than analyzingrelationships between them. While systems such asTimelines [10] and Media Streams [6] do provide somequery support, their visual presentations of the annotationsare restricted to text- and timeline-based displays. Incontrast, MMVIS provides a new, integrated approach totemporal analysis where users can use a direct manipulationapproach, called TVQL, customized for visually browsingfor temporal relationships between events in the video dataand review an aggregated display of results in TViz.Although other extensions to dynamic query filters and VIShave been explored [7, 9], these extensions primarily focuson aggregation extensions to the interface. While theseaggregation techniques could be incorporated into oursystem to enhance the formation of subsets, they do notaddress the temporal and relative exploratory needs of videoanalysis.Previous research on processing multidimensional rangequeries focuses on processing queries once rather thanprocessing dynamic, direct manipulation queries. Hence, theproblem we are addressing is different from conventionalmultidimensional range query processing in that our inputto the query processor corresponds to sets of incremental(continuous) query updates typically generated by adjustingone query filter at a time. Work by [16] comes closest toour TVQL query processing approach in that they analyzevarious structures for dynamic queries in general. However,the researchers focus their attention on main memory ratherthan disk-based methods. In this paper, we have presentedan array-based indexing structure customized for incrementalquery processing. Advantages of our proposed strategyinclude not only its simplicity in implementation but alsoits efficiency of processing TVQL queries compared toalternative approaches, such as the linked array method.6. CONCLUSIONIn this paper, we presented details on the design andimplementation of an interactive visualization environmentfor video analysis. In our MultiMedia Visual InformationSeeking (MMVIS) environment, a visual query language istightly integrated with a temporal visualization of results.The environment provides a new paradigm for videoanalysis, one in which users can explore temporal trends viainteractively browsing for temporal relationships. In thispaper, we presented the system design of the primaryinterface components of MMVIS � namely, our visualquery language including the subset query and TVQL querypalettes and our temporal visualization TViz.

In order to preserve the notion of interactive browsing fortrend analysis, the visual queries must be processed asefficiently as possible. Thus, the query processor becomesa critical component of our system implementation. Wethus have developed and fine-tuned a novel index datastructure (called the k-Array method) and associated queryprocessing strategy for handling TVQL queries. Ouranalysis indicates that the k-Array performs much betterthan the linked array as the data set size increases, and thatit is particularly well suited to handle incrementallyspecified queries � the main mode of interaction withMMVIS.In the future, we plan to enhance the analysis of TVQLquery processing, including a comparison of the variousalternate processing methods specified in the literature forspecifying disjunctive multidimensional range queries. Wewill also continue our ongoing effort on conducting userstudies to test the usability and conceptual understanding ofthe TVQL interface as well as the utility of the MMVISsystem for identifying temporal trends.ACKNOWLEDGMENTSThis work was supported in part by UM RackhamFellowship, NSF NYI #94-57609, and equipment supportfrom AT&T. Special thanks to Judy Olson for permissionto use the sample data set.REFERENCES1.Ahlberg, C., & Shneiderman, B. (1994). TheAlphaslider: A Compact and Rapid Selector. CHI’94Conference Proceedings. NY:ACM Press, 365-371.2.Ahlberg, C., & Shneiderman, B. (1994). VisualInformation Seeking: Tight Coupling of DynamicQuery Filters with Starfield Displays. CHI’94Conference Proc. NY:ACM Press, 619-626.3.Allen, J.F. (1983). Maintaining knowledge abouttemporal 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 SearchTrees Used for Associative Searching.Communications of the ACM, 18(9), 509-517.6.Davis, M. (1993). Media Streams: An IconicLanguage for Video Annotation. Telektronik 4.93:Cyberspace, 89(4), 59-71.7.Fishkin, K. and Stone, M.C. (1995). EnhancedDynamic Queries via Movable Filters. CHI’95Conference Proceedings. NY:ACM Press, 415-420.8.Freksa, C. (1992). Temporal reasoning based onsemi-intervals. Artificial Intelligence, 54, 199-227.9.Goldstein, J. & Roth, S. (1994). Using Aggregationand Dynamic Queries for Exploring Large Data Sets.CHI’94 Conference Proceedings. ACM Press, 23-29.10.Harrison, B.L., Owen, R., & Baecker, R.M. (1994).Timelines: An Interactive System for the Collectionof Visualization of Temporal Data. Proc. of GraphicsInterface ’94. Canadian Info. Processing Society.11.Hibino, S. and Rundensteiner, E. �ProcessingIncremental Multidimensional Range Queries.�University of Michigan Tech. Report (in preparation).12.Hibino, S. and Rundensteiner, E. (in press).�Interactive Visualizations for Temporal Analysis:Application to CSCW Multimedia Data.� To appearin Intelligent Multimedia Information Retrieval (MarkMaybury, Ed.).13.Hibino, S., and Rundensteiner, E. A. (1996). �AVisual Multimedia Query Language for TemporalAnalysis of Video Data,� Multimedia DatabaseSystems: Design and Implementation Strategies (K.Nwosu, B. Thuraisingham, and P.B. Berra, Eds.).Norwell, MA: Kluwer Academic Publishers, 123-159.14.Hibino, S. & Rundensteiner, E. (1995). A VisualQuery Language for Identifying Temporal Trends inVideo Data, Proc. of the 1995 International Workshopon Multi-Media Database Management Systems. LosAlamitos, CA: IEEE Society Press, 74-81.15.Hinterberger, H., Meier, K.A., Gilgen, H. (1994).Spatial Data Reallocation Based on MultidimensionalRange Queries. 228-239.16.Jain, V. & Shneiderman, B. (1994). Data Structuresfor Dynamic Queries: An Analytical and ExperimentalEvaluation. Proc. of the Workshop on AdvancedVisual Interfaces. NY: ACM, 1-11.17.Mackay, W. E. (1989). EVA: An experimental videoannotator for symbolic analysis of video data. SIGCHIBulletin, 21(2), 68-71.18.Nagasaka, A. and Tanaka, A. (1992). AutomaticVideo Indexing and Full-Video Search for ObjectAppearances. Visual Database Systems, II (E. Knuthand L.Wegner, Eds.). Elsevier Science Publ., 113-127.19.Nievergelt, J. & Hinterberger H. (1984). The Grid File:An Adaptable, Symmetric Multikey File Structure.ACM Trans. on Database Systems, 9(1), 38-71.20.Olson, J., Olson, G., and Meader, D. (1995). Whatmix of audio and video is important for remote work.CHI�95 Conf. Proc. NY: ACM, 362-368.21.Roschelle, J., Pea, R., & Trigg, R. (1990).VIDEONOTER: A tool for exploratory analysis(Research Rep. No. IRL90-0021). Palo Alto, CA:Institute for Research on Learning.