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Name Title VRon President [1981/01/20{1985/01/20)Ron President [1985/01/20{1989/01/20)Figure 1: Uncoalesced Valid-Time Relation1 IntroductionCoalescing [JCE+94] is a unary operator applicable totemporal databases; it is similar to duplicate elimina-tion in conventional databases. Temporal databasesare extensions of conventional databases that supportthe recording and retrieval of time-varying informa-tion [TCG+93]. Associated with each tuple in a tem-poral relation is a timestamp, denoting some period oftime. In a temporal database, information is \uncoa-lesced" when tuples have identical attribute values andtheir timestamps are either adjacent in time (\meet" inAllen's taxonomy [All83]) or share some time in com-mon. Consider the relation in Figure 1. The tuplesin this relation denote the fact \Ronald Reagan waspresident" over two adjacent time periods. The twotuples can be replaced by a single tuple, timestampedwith the period [1981/01/20{1989/01/20), to repre-sent when Ron was President, instead of which termshe was elected to, which is represented in the uncoa-lesced relation. In general, two tuples in a valid-timerelation are candidates for coalescing if they have iden-tical explicit attribute values and adjacent or overlap-ping timestamps. Such tuples can arise in many ways.For example, a projection of a coalesced temporal re-lation may produce an uncoalesced result, much as du-plicate tuples may be produced by a projection on aduplicate-free snapshot relation. In addition, updateand insertion operations may not enforce coalescing,possibly due to e�ciency concerns.As with duplicate elimination in snapshot data-bases, prior coalescing is necessary to ensure thesemantics of some operators in temporal databasesPage 1



[SJS95], e.g., temporal aggregation [KSL95] and tem-poral selection [SSJ94]. While many temporal datamodels and languages have implicitly or explicitlyassumed or provided coalescing [Ari86, TCG+93,McK88, SSD87], only recently has the importance ofthis operation with respect to semantics and perfor-mance been emphasized [B�oh94]. Consider the rela-tion in Figure 1. A relational algebra expression thatselects those persons who were president for more thansix years does not return Ron because the valid-time ofeither fact is less than six years. However, coalescingthe relation prior to evaluating the query causes Ronto qualify. Thus, whether a relation is coalesced or notmakes a semantic di�erence. In general, it is not pos-sible to switch between a coalesced and an uncoalescedrepresentation without changing the semantics of pro-grams. Moreover, as frequently used database opera-tions (projection, union, insertion, and update) maylead to potentially uncoalesced relations and becausemany (but not all) real world queries require coalescedrelations, a fast implementation is imperative.Coalescing is potentially more expensive than dupli-cate elimination, which relies on an equality predicateover the attributes. Coalescing also requires detectingtuple overlap, which is an inequality predicate over thetimestamp attribute. Most conventional DBMSs han-dle inequality predicates poorly; the typical strategyis to resort to exhaustive comparison when confrontedwith such predicates [LM90], yielding quadratic com-plexity (or worse) for this operation, as will be demon-strated later in this paper. For these reasons, e�ectiveoptimization techniques for temporal queries involv-ing coalescing must be devised. E�cient algorithmsfor evaluating the coalescing operator are also needed.Together these capabilities are critical to achieving ac-ceptable performance in a temporal DBMS. We ad-dress these topics in this paper.The remainder of the paper is organized as follows.We �rst examine how coalescing has arisen in previ-ous temporal data models and query languages. Sec-tion 3 formally de�nes coalesced relations. Section 4discusses how to eliminate semantically super
uous co-alescing. We turn our attention to operator evaluationoutside a DBMS in Section 5. In Section 6 we de�nethe space of algorithms to evaluate coalescing within aDBMS and summarize a performance study involvinga subset of these algorithms. Finally, conclusions anddirections for future work are o�ered in Section 7.2 Related WorkEarly temporal relational models implicitly assumedthat the relations were coalesced. Ariav's Tempo-rally Oriented Data Model (TODM) [Ari86], Ben Zvi'sTime Relational Model [TCG+93, p.202{208], Clif-

ford and Croker's Historical Relational Data Model(HRDM) [TCG+93, p.6{27], Navathe's Temporal Re-lational Model (TRM) [TCG+93, p.92{109], and thedata models de�ned by Gadia [TCG+93, p.28-66],Sadeghi [SSD87] and Tansel [TCG+93, p.183-201] allhave this property. The term coalesced was coined bySnodgrass in his description of the data model under-lying TQuel, which also requires coalescing [Sno87]1.Later data models, such as those associated withHSQL [TCG+93, p.110-140] and TSQL2 [Sno95],explicitly required coalesced relations. The query lan-guages associated with these data models generally didnot include explicit constructs for coalescing. HSQL isthe exception; it includes a COALESCE ON clause withinthe select statement, and an COALESCE optional modi-�er immediately following SELECT [TCG+93, p.125�].Some query languages that don't require coalescedrelations provide constructs to explicitly specify co-alescing; ChronoBase [Sri91], ChronoSQL [B�oh94],VT-SQL [Lor93] and ATSQL2 [BJS95] are examples.The SQL/Temporal part of SQL3 [Mel96] containsa NORMALIZE ON clause that coalesces on speci�edcolumns.For many of these query languages, temporal al-gebras have been de�ned [MS91]. For those basedon attribute timestamping, projection retains coalesc-ing; generally the algebras for these models extendthe union operator so that it also guarantees coalesc-ing [Tan86, McK88, Gad88]. For those models basedon tuple timestamping, some also include coalescingin the projection operator, e.g., the conceptual alge-bra for TSQL2 [SJS95]. Navathe and Ahmed de�nedthe �rst coalescing algebraic operator; they called thisCOMPRESS [TCG+93, p.108]. Sarda de�ned an op-erator called Coalesce [TCG+93, p.122], Lorentzos'FOLD operator includes coalescing [TCG+93, p.75],Leung's second variant of a temporal select join opera-tor TSJ2 can be used to e�ect coalescing, and TSQL2'srepresentational algebra also included a coalesce oper-ator [SJS95].The expressive power of coalescing has been opento question. Leung and Muntz state that \thetime-union operator is really a �xed-point computa-tion and cannot be expressed in terms of traditionalrelational algebra" [TCG+93, p. 337], implying thatcoalescing is beyond relational completeness; this is acommonly held belief. Recently, Leung and Piraheshprovided a mapping of the coalesce operation into re-cursive SQL [LP95, p. 329]. However, Lorentzos andJohnson provided a translation of his FOLD operator(which also incorporates coalescing) into Quel [LJ88,p. 295], implying that coalescing does not add expres-1SQL-92 contains an unrelated COALESCE operator that isshorthand of CASE that replaces NULL values with other val-ues [MS93]. Page 2



sive power to the relational algebra. In Section 5,we settle the question by proving that coalescing isexpressible in the (nonrecursive) relational algebra.We will also show that performing coalescing solelywithin SQL or the relational algebra is impractical,due to its extremely poor performance.Despite the need for e�ective query optimizationtechniques and operator evaluation algorithms for co-alescing, there has been scant coverage in the litera-ture on either of these topics (indeed, a contributionof the present paper is highlighting this operator forfurther investigation by the temporal database com-munity). This is in contrast to the conventional du-plicate elimination operator, for which a large bodyof research exists [Gra93]. Concerning temporal coa-lescing, Navathe and Ahmed provided the �rst algo-rithm: sort the relation on a composite key of explicitattributes and time start, then scan the relation, ex-tending the period of some tuples and deleting othertuples [TCG+93, p.108]. Lorentzos uses a similar algo-rithm to implement FOLD [TCG+93, p. 89]. In Sec-tion 6, we evaluate this algorithm against a suite ofother approaches.3 Basic De�nitionsWhile coalescing can be de�ned in almost all temporaldata models, we choose a particular model in order toconcretely de�ne its semantics. De�nitions for otherdata models, while not given here, can be constructedsimilarly. The data model we use is a �rst normalform model that timestamps tuples with open periods[ts�te), i.e., an instant t is contained in [ts�te) if andonly if ts � t < te. In this paper, we consider valid-time relations [JCE+94], modeling changes in the mini-world represented in the database, though our resultsapply equally to transaction-time relations, and canbe extended to bitemporal relations.We de�ne a relation schema R = (A1; : : : ; AN jjVT)as a set of explicit attributes fA1, . . . , ANg and a pe-riod timestamp VT= [S �E). We use r to denote aninstance of R, and x and y to denote tuples in r. As ashorthand, we use A to represent the set of attributesfA1, . . . , ANg.Prior to de�ning the coalescing operator we �rstde�ne three auxiliary predicates. The �rst predicatedetermines if two argument tuples agree on the valuesof their explicit attributes.value eq(x; y) := (x[A] = y[A])The remaining predicates accept period timestamps asarguments. The second predicate determines if the be-ginning of the �rst argument period meets the endingof the second argument period, and vice-versa.adj([S1�E1); [S2�E2)) := (E1 = S2 _ S1 = E2)

The third predicate determines if two argument peri-ods share any instant in time (termed a chronon), i.e.,if the periods overlap.ovlp([S1�E1); [S2�E2)) :=(9c((S1 � c < E1) ^ (S2 � c < E2)))Finally, a relation instance r of the schemaR = (A1; : : : ; AN jjV T ) is coalesced if all pairs of dis-tinct tuples from the relation are either not value-equivalent, or, if they are value-equivalent, then theymust be non-adjacent and non-overlapping.is coal(r) := 8x; y 2 r(x = y _ :value eq(x; y) _(:ovlp(x[V T ]; y[V T ]) ^ :adj(x[V T ]; y[V T ])))4 Eliminating Super
uous CoalescingDue to the nature of coalescing (merging value-equivalent tuples), coalescing is at least as costly as du-plicate elimination (deleting identical tuples) in non-temporal databases. This means that it is best tosimply avoid coalescing where possible. As previouslymentioned, coalescing is required at some places inorder to guarantee the correctness of query results[B�oh94, TCG+93, SJS95, Sri91]. However there aremany cases where coalescing can be omitted or whereit can be postponed.4.1 Basic AssumptionsWhether or not coalescing can be omitted or delayeddepends on the de�nition of temporal operations andon the basic framework of the optimizer. This sit-uation is identical to duplicate elimination in non-temporal databases. It is well known that projec-tion does (or has the potential to) introduce dupli-cates when evaluated on a relation with no duplicates,whereas a join does not. Obviously this is only truefor a particular de�nition of the algebraic operators.Besides this it is important to know whether dupli-cates are possible in base relations.We assume that temporal operations are imple-mented as extensions of standard relational databaseoperations2. To each relational algebra operator op avalid time counterpart opv exists that de�nes the se-mantics of valid time [BSS96]. While all operationsare period-based, i.e., the format of periods is rele-vant for the computation of the result, it is also thecase that these operators respect snapshot reducibil-ity [BJS95, Sno87]. This means that one can describethe semantics of a temporal operation in terms of itsnon-temporal counterpart applied to all snapshots ofa database. But note that while, at the conceptual2While we couch our discussion in terms of a particular tem-poral algebra, a similar analysis could be performed on othertemporal algebras [MS91]. Page 3



level, these operators simultaneously operate on manystates of the databases, only start and end points ofperiods are considered, never intermediate time points.This allows for an e�cient (granularity-independent)implementation.It is possible to identify operations that poten-tially destroy coalescing and operations that preservecoalescing.Theorem 4.1 Temporal projection and temporalunion have the potential to return an uncoalesced re-lation when evaluated over coalesced input relations.Proof: Assume temporal schemas R1 = (A;BjjV T )and R2 = (A;BjjV T ) with associated coalesced rela-tion instances r1 = fha; bjj[2�5)i; ha; cjj[5�8)ig and r2 =fha; bjj[5�9)ig. We have �vA(r1) = fhajj[2�5)i; hajj[5�8)igand r1 [ r2 = fha; bjj[2�5)i; ha; cjj[5�8)i; ha; bjj[5�9)ig.Both results are uncoalesced because they containvalue-equivalent tuples with adjacent periods. 2Theorem 4.2 Temporal selection, temporal Carte-sian product, and temporal negation preserve coalesc-ing when evaluated over coalesced input relations.Proof: Temporal selection selects a subset of the in-put tuples. The input relation does not contain value-equivalent tuples with overlapping or adjacent periodswhich is also true for any subset of the relation. Theproofs for temporal Cartesian product and temporalnegation are similar. In both cases (see below) thevalid-time of the tuples of the input relation r1 is nar-rowed, i.e., restricted to a sub-period of the originalperiod. As r1 does not contain value-equivalent tupleswith adjacent or overlapping periods this is also truefor any relation that only contains tuples with a valid-time contained in the valid-time of a value equivalenttuple in r1. It's straightforward to see that the outputrelation of temporal negation satis�es this criterion.With temporal Cartesian product we �rst abstract theresult tuple to ht1; : : : jj[S�E)i. Assuming that thereare no additional explicit attributes the result relationquali�es again. By adding explicit attributes we don'tget more value-equivalent tuples. At best, i.e., if foreach tuple the additional explicit attribute values arethe same, we get the same number of value-equivalenttuples. 2These theorems can be extended to apply to derivedoperators. For example, a contains join can be de�nedin terms of temporal Cartesian product (which retainsthe timestamps of the underlying tuples) and temporalselection, and thus preserves coalescing.We discuss coalescing by partitioning the set ofcoalescing rules into two classes: unconditional andconditional ones. Unconditional coalescing rules onlydepend on temporal relational operators, whereas con-

ditional coalescing rules additionally depend on pa-rameters to these operators (e.g., selection conditions).Conditional rules are harder to deal with because theyinvolve the analysis of functions and boolean expres-sions.4.2 Unconditional Coalescing RulesA �rst rule eliminates successive coalescing operations.(r0) coal(coal(r1)) � coal(r1)A more enhanced set of optimization rules exploitsthe fact that some operations preserve coalescing, i.e.,if the input is coalesced the output relation is coalescedtoo.(r1) coal(r1 �v r2) � coal(r1)�v coal(r2)(r2) coal(r1 nv r2) � coal(r1) nv coal(r2)(r3) coal(�vc (coal(r1))) � �vc (coal(r1))Temporal Cartesian product and temporal set di�er-ence both preserve coalescing. Moreover, if coalescingis carried out, it does not matter whether coalescing isapplied before or after the respective operation. Notethat it is not a priori clear whether to push coalescinginside or whether to defer it. For example, if r1 andr2 are both base relations known to be coalesced (e.g.,because of model inherent constraints or according todatabase statistics) we push coalescing inside. In thiscase rule (r1) degenerates to coal(r1 �v r2) � r1 �v r2and we do not have to coalesce at all. However if r1 andr2 are uncoalesced base relations and if a join (i.e., aCartesian product followed by a selection) is expectedto cut down on the size of the input relations it mightbe better to postpone coalescing until after the join(see also (r6), below).Analogous to these rules is rule (r4) which statesthat it is unnecessary to coalesce before and after tem-poral union.(r4) coal(coal(r1) [v coal(r2)) � coal(r1 [v r2)This is quite obvious because temporal union poten-tially destroys coalescing but is invariant with respectto the timestamp format of input relations. Note thatit is not possible to give a similar rule for temporalprojection �vf , the other operation that potentially de-stroys coalescing. The reason for this is that the resultof a temporal projection may vary with the timestampformat of the input relation (if the projection functionf , which is a vector of expressions re
ecting the selectlist of SQL statements, computes a value based on thevalid-time of the input relation).A �nal unconditional optimization applies to tem-poral set di�erence.(r5) r1 nv coal(r2) � r1 nv r2 Page 4



Rule (r5) states that it is not necessary to coalescethe negated operand in a temporal set di�erence. Thisresult is in accordance with non-temporal set di�erencewhich is indi�erent with respect to duplicates in thenegated part.4.3 Conditional Coalescing RulesAs stated earlier unconditional coalescing rules areeasier to deal with than conditional rules. Howeverrestricting attention to this class of rules means notto exploit the full potential of query optimization.Enhanced query optimizers have to take conditionalcoalescing rules into consideration as well. A �rst con-ditional coalescing rule states that coalescing can bedeferred until after a selection if the selection condi-tion c does not constrain the valid-time of the inputrelation. This is easily checked with the syntactic con-dition vt free(c) which ensures that the valid time isnot used in the condition c.(r6) �vc (coal(r1)) � coal(�vc (r1)) i� vt free(c)Note that this rule can be quite e�ective in terms ofe�ciency, when the selectivity of the predicate is high.Given that the costs of coalescing are super-linear withthe number of tuples to be coalesced (as shown in Sec-tions 5 and 6) it can be useful to postpone coalescing.A similar rule applies to the temporal projectionoperator.(r7) coal(�vf (coal(r1))) � coal(�vf (r1)) i� vt free(f)Finally, there is a rule that eliminates coalescing ofcoalesced (base) relations.(r8) coal(r1) � r1 i� is coal(r1)In data models that enforce coalesced base relationsthis rule is quite e�ective. Models without this re-striction still can exploit the rule by maintaining ap-propriate statistics.5 Performing the Coalescing Opera-tionIn this section we investigate the possibilities avail-able to a database user to implement coalescing. Adatabase user cannot directly access and manipulatephysically stored tables. Instead he is forced to use thedata manipulation interface (e.g., SQL) to do changes.As we will see this is a signi�cant obstacle. In Section 6we consider implementing coalescing within a DBMS.We assume a valid-time relation r with one explicitattribute. Valid-time is represented by two attributes,S, denoting the start point and E, denoting the endpoint.

To empirically determine upper and lower boundcosts for coalescing we have used two instantiationsof r, each with n tuples. (See Section 6 for a discus-sion of di�erent database instances.) The �rst one, r1,consists of a single chain of adjacent value-equivalenttuples. All tuples in r1 can be coalesced into a singletuple with S = 0 and E = n, i.e., the reduction factor[Gra93, p.100] is n. Relation r2, on the other hand,contains no value-equivalent tuples, thus, the reduc-tion factor is 1.5.1 SQL ImplementationAll database statements we give are speci�c to Oracle.The tests have �rst been run on a Sun 3/80 runningOracle 6.2.1. Later we have rerun them on a Sparc5 running Oracle 7.0.16. While the absolute numberswere quite di�erent the relative di�erences remainedabout the same.5.1.1 Iterative ApproachesCoalescing requires (chains of) value-equivalent tupleswith adjacent or overlapping valid-times to be coa-lesced into a single tuple [B�oh94]. A similar problemis the computation of the transitive closure of a graphwith the subsequent deletion of non-maximal paths.In SQL the computation of the transitive closure canbe implemented by iterating an insert statement thatcoalesces two valid-time periods (i.e., paths) and in-serts a new tuple into the relation. Searching for value-equivalent tuples with overlapping or adjacent periodshas to be done with a self-join.r(X jj[A�B)) ^ r(X jj[C�D)) ^A < C ^ C � B ^ B < DAn optimization exploits the fact that we are only in-terested in maximal periods. Rather than inserting anew tuple (and retaining the old ones) we update oneof the tuples that was used to derive the new one. Thisapproach can be implemented by iterating an updatestatement. In each case, the statement is repeateduntil r doesn't change anymore. After both kinds ofiterations we have to delete tuples with non-maximalvalid-times (i.e., with valid-times that are contained inthe valid-time of another value-equivalent tuple).If a database system supports recursion or transi-tive closure computations it is possible to perform theiteration directly in SQL (c.f., [LP95]) instead of em-bedding SQL into a general purpose programming lan-guage.5.1.2 Non-Iterative ApproachesThe algorithms developed in the previous section werebased on ideas used for the computation of transitivepath closures. However time has special propertiesPage 5



which makes it possible to employ quite di�erent al-gorithms. Assuming that time is linear, i.e., totallyordered, it is possible to compute maximal periodswith a single SQL statement (see also [Cel95, p. 291]).The basic idea is illustrated by the following range-restricted �rst-order logic formula.r(Xjj[S� )) ^ r(Xjj[ �E)) ^ S < E ^8A(r(Xjj[A� )) ^ S < A < E )9U;V (r(Xjj[U�V )) ^ U < A � V )) ^:9A;B(r(Xjj[A�B)) ^ (A < S � B _A � E < B))On the �rst line we search for two (possibly the same)value-equivalent tuples de�ning start point S and endpoint E of a coalesced tuple. The second and thirdline ensure that all start points A between S and Eof value-equivalent tuples are extended (towards S) byanother value-equivalent tuple. This guarantees thatthere are no holes between S and E, i.e., no time pointswhere the respective fact does not hold. The last linemakes sure that we get maximal periods only, i.e., Sand E may not be part of a larger value-equivalenttuple.The above �rst-order logic formula can be trans-lated to SQL by �rst eliminating 8-quanti�ers andimplications [BCST96] and then translating to SQLdirectly [BSS96]. The resulting select statement isconsiderably more complex than the insert or updatestatement discussed in the previous section. Howeverit only has to be executed once and does not requirea procedural extension of SQL or use of recursive con-structs. In Section 5.1.4 we will see how these aspectsimpact performance.5.1.3 OptimizationsThere exist standard optimization techniques thatmight be applied to either the iterative or the non-iterative solutions [O'N94]. It is, e.g., possible to cre-ate an index on the valid time start point for the pur-pose of coalescing. The e�ectiveness of such optimiza-tions depends on the query optimizer of the respectivedatabase system. Therefore we only include them se-lectively into the empirical measurements, mainly toexemplify the relative speedup that can be expected.It should be obvious that standard optimization tech-niques, like indexing and clustering, are applicable toall three approaches provided above. However theire�ectiveness has to be veri�ed in each particular sit-uation. We show the results for the most promisingalgorithm only.5.1.4 Empirical ResultsFigure 2 summarizes the performance of the three ap-proaches, along with the update algorithm using anindex. All were performed on the uncoalesced rela-tion r1. The x-axis provides the size of the relation;

the y-axis the total time for coalescing, in seconds.Recall that for all but the \select" approach the state-ment has to be iterated (in this, worst, case, log2(n)times [B�oh94]) until the �xpoint is reached, i.e., untilno more tuples are inserted or updated (Oracle pro-vides an easy way to ascertain this). Timings withan index are included for the update statement only,which has the best overall performance. Here, the in-dex has little impact on the performance.
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Figure 4: Coalescing a relation by loading it into mainmemory and then storing it back, as compared withthe entry costs and duplicate elimination.main memory, the main memory coalescing steps, andstoring back the tuples into the database. The domi-nating factor are the entry costs (storing and fetchingtuples). The additional costs for coalescing (DBMSsorting and main memory operations) are the di�er-ence between (a) and (b), the top two graphs. Theyare not relevant. The costs for storing back are thedominating factor. These costs are the di�erence be-tween (a) and (c). They amount to about 70% of thetime. Note that (a) is the upper bound for the coa-lescing costs (maximal costs for storing back, reductionfactor = 1) whereas (c) is the lower bound (no costsfor storing back, reduction factor = n). Finally, werecall that, as with the SQL-based algorithms, perfor-mance might improve signi�cantly if local tables wereavailable. Speci�cally, we expect them to speed up thestoring back into the database.Also shown in the �gure is the cost to eliminate du-plicates. Note that in both cases (with and withoutduplicates), duplicate elimination within the DBMS ismuch faster than coalescing outside the DBMS. Thisis an apples and oranges comparison, as coalescingis somewhat more complex than duplicate elimina-tion. Nevertheless, it indicates the potential perfor-mance improvement possible by implementing coalesc-ing within the DBMS, which we examine in the nextsection.In summary, a database user should do coalescingby fetching all tuples ordered primarily by explicit at-tribute values and secondarily by the start time. Asingle tuple is kept in main memory. Whenever thistuple cannot be coalesced with a newly fetched tupleanymore it is stored back.6 DBMS ImplementationIn this section, we derive new algorithms to imple-ment coalescing as an internal DBMS operation, andbrie
y summarize a performance study comparingthese algorithms under a variety of database condi-tions. Our goals are two-fold: to identify the space ofPage 7



algorithms applicable to coalescing, and to investigatehow coalescing can be implemented cheaply, and withadequate performance.6.1 Algorithm SpaceOperationally, coalescing is very similar to unaryrelational operations such as duplicate elimination,and related operations such as grouping for aggrega-tion. Whereas duplicate elimination matches value-equivalent tuples, coalescing performs the same match-ing, with the added restriction that tuple timestampsmust either be overlapping or adjacent. We use thissimilarity to derive coalescing algorithms from well-established techniques for duplicate elimination.Duplicate elimination algorithms, and all relationalquery evaluation algorithms, are based on three mainparadigms: nested-loop, partitioning, and sort-merge[Gra93]. Nested-loop algorithms are the the simplest;typical implementations perform exhaustive compari-son to �nd matching input tuples. Partitioning andsorting are divide and conquer algorithms that pre-process the input in order to reduce the number ofcomparisons needed to �nd matching tuples.Partition-based duplicate elimination divides theinput tuples into buckets using the attributes of theinput relation as key values. Each bucket contains alltuples that could possibly match with one another, andthe buckets are approximately the size of the allotedmain memory. The result is produced by perform-ing an in-memory duplicate elimination on each of thederived buckets.Sort-merge duplicate elimination also divides the in-put relation, but uses physical memory loads as theunits of division. The memory loads are sorted, pro-ducing sorted runs, and written to disk. The result isproduced by merging the sorted runs, where duplicatesencountered during the merge step are eliminated.We adapt these basic duplicate elimination algo-rithms to support coalescing. To enumerate the spaceof coalescing algorithms, we use the duality of par-titioning and sort-merge [GLS94]. In particular, thedivision step of partitioning, where tuples are sepa-rated based on key values, is analogous to the mergingstep of sort-merge, where tuples are matched based onkey values. In the following, we consider the charac-teristics of sort-merge algorithms and apply duality toderive corresponding characteristics of partition-basedalgorithms.For a conventional relation, sort-based duplicateelimination algorithms order the input relation on therelation's explicit attributes. For a temporal relation,which has timestamp attributes in addition to explicitattributes, there are four possibilities for ordering therelation. First, the relation can be sorted using the ex-

plicit attributes exclusively. Second, the relation canbe ordered on time, using either the starting or end-ing timestamp [TCG+93, p.329{387]. The choice ofstarting or ending timestamp dictates an ascending ordescending sort order, respectively. Third, the relationcan be ordered primarily on the explicit attributes andsecondarily on time [TCG+93, p.92{109]. Lastly, therelation can be ordered primarily on time and secon-darily on the explicit attributes.By duality, the division step of partition-basedalgorithms can partition using any of these options[TCG+93, p.329{387]. Hence, four choices exist forthe dual steps of merging in sort-merge or partition-ing in partition-based methods.Lastly, it has been recognized that the choice ofbu�er allocation strategy, Grace or hybrid [DKO+84],is independent of whether a sort or partition-basedapproach is used [Gra93]. Hybrid policies minimizethe 
ushing of intermediate bu�ers from main mem-ory, and hence can decrease the I/O cost for a givenexecution.Figure 5 shows the choices of sort-merge versus par-titioning, the possible sorting/partitioning attributes,and the possible bu�er allocation strategies. Com-bining all possibilities gives sixteen possible evalua-tion algorithms. Including the basic nested-loop al-gorithm results in a total of seventeen possible algo-rithms. The seventeen algorithms are named and de-scribed in Figure 6.� Sort-mergePartitioning � � 8><>: ExplicitTimestampExplicit/timestampTimestamp/explicit 9>=>; �� GraceHybrid �Figure 5: Space of possible evaluation algorithms6.2 Algorithm ImplementationsOf the seventeen possible choices, we excluded six ofthe algorithms, TES, TES-H, TP-H, ETP, ETP-H,TEP, and TEP-H from the �nal study. TES and TES-H are optimizations of TS and TS-H, respectively, us-ing a secondary sort-order on the explicit attributes.Intuitively, a secondary ordering on explicit attributeswould not be e�ective if the start time of value-equivalent tuples are separated by long time periods.TP-H, ETP, ETP-H, TEP, and TEP-H perform parti-tioning on time, either primarily (TP, TP-H, TEP andTEP-H) or secondarily (ETP and ETP-H). For eachof these algorithms, range-partitioning [LM92] is per-formed on the period timestamp attributes. Whereasrange partitioning has been successfully applied in con-ventional query evaluation with its discrete attributevalues [DNS91], it is much more di�cult to performPage 8



Algorithm NameExplicit sort ESHybrid explicit sort ES-HTemporal sort TSHybrid temporal sort TS-HExplicit/temporal sort ETSHybrid explicit/temporal sort ETS-HTemporal/explicit sort TESHybrid temporal/explicit sort TES-HExplicit partitioning EPHybrid explicit partitioning EP-HTemporal partitioning TPHybrid temporal partitioning TP-HExplicit/temporal partitioning ETPHybrid explicit/temporal partitioning ETP-HTemporal/explicit partitioning TEPHybrid temporal/explicit partitioning TEP-HNested-loop NLFigure 6: Possible algorithms for performance studyrange-partitioning using more complex period times-tamps. We included the simplest temporal partition-ing algorithm, TP, in the study.The algorithms we include are adaptations of exist-ing duplicate elimination algorithms. A database ven-dor can use these techniques to construct coalescingoperators from existing code at fairly minimal imple-mentation cost. While we do not consider them in thisstudy, optimizations such as read-ahead using forecast-ing, early coalescing, merge optimizations, large clus-ter sizes, and bucket tuning [Gra93] can be applied tothe coalescing algorithms as well.A �nal few words of explanation are needed. Weused a simple implementation of hybrid bu�er man-agement. For partition-based algorithms, e.g., EP-H, apartition was chosen to remain memory resident with-out being 
ushed to disk during, and after, the divisionstep. Similarly, for the sort-based algorithms, ES-H,TS-H, and ETS-H, most of the last run generated wasretained in memory rather than being 
ushed to disk.This required fairly straightforward calculations to al-locate some of the bu�er space being used by the lastrun to the remaining runs during merging.For the algorithms ES, ES-H, EP, TP, EP-H, andNL we build the temporal element [TCG+93, p.34] ofvalue-equivalent tuples as a main-memory data struc-ture. The temporal element is represented as a binarytree, where nodes in the tree contain a time period,whose start time is the tree's sort key, and left andright child pointers. On insertion, a new period is co-alesced into an existing node if it is possible to do sowithout violating the sortedness of the tree, otherwisea new leaf node is added. As this scheme may not elim-inate all overlapping or adjacent time periods, maxi-mal intervals are produced via a �nal tree traversalperformed after all value-equivalent tuples have beenscanned. In all cases, the space requirement of thetemporal element was small relative to the available

Parameter ValueRelation size 16 MBTuple size 16 bytesTuples per relation 1 MTimestamp size ([s,e]) 8 bytesExplicit attribute size 8 bytesRelation lifespan 100000 chrononsPage size 1 KBCluster size 32 KBFigure 7: System characteristicsbu�er space. Algorithms that employ sorting on time,i.e., TS/TS-H and ETS/ETS-H, do not require thisdata structure, as the sort ordering on time ensuresthat each set of value-equivalent tuples can be coa-lesced within a constant in-memory workspace.The temporal sorting algorithms, TS and TS-H, usetuple caching [SSJ94] to retain, in memory, tuples dur-ing the merging step that could coalesce with tuplesappearing later in the scan. The tuple cache size wasset at 32 KB, i.e., one cluster of I/O (see Figure 7).The temporal partitioning algorithm, TP, which couldalso use tuple caching, was instead implemented usingsimple tuple replication.Lastly, all algorithms were developed and experi-ments were run using the Time-IT temporal databasetest environment [KS95], a system for prototypingquery evaluation components. Time-IT provides asynthetic temporal database generator, a simulatedsingle disk system, and I/O and CPU cost measure-ment tools.6.3 ParametersUsing Time-IT we �xed several parameters describingall test relations used in the experiments. These pa-rameters and their values are shown in Figure 7. (Thepage size of 1 KB is �xed by Time-IT. We plan toenhance the tool to support variable page sizes, but,in any case, our present results would scale to largepage sizes.) We �xed the tuple size at 16 bytes andthe relation size at 16 MB, giving 1 M tuples per rela-tion. We chose a 16 M relation size since we were lessinterested in absolute size than in the ratio of input sizeto available main memory. A scaling of these factorswould provide similar results. In all cases, the gener-ated relations were randomly ordered with respect toboth their explicit and timestamp attributes.The metrics we used for all experiments are shownin Figure 8. We measured both main memory op-erations and disk I/O operations. All operationswere measured synthetically using facilities providedby Time-IT to eliminate any undesired system e�ectsfrom the results. For disk operations, random and se-quential access were measured separately with a �vetimes cost factor for random accesses. We includedPage 9



Parameter ValueSequential I/O cost 5 msecRandom I/O cost 25 msecExplicit attribute compare 2 �secTimestamp compare 4 �secPointer compare 1 �secPointer swap 3 �secTuple move 4 �secFigure 8: Cost metricsthe cost of writing the output relation in the experi-ments since sort-based and partition-based algorithmsexhibit dual random and sequential I/O patterns whensorting/coalescing and partitioning/merging.6.4 Performance SummaryWe implemented the ten algorithms NL, EP, EP-H,ES, ES-H, TS, TS-H, TP, ETS, and ETS-H describedabove, and evaluated their performance under a va-riety of database and system parameters. We sum-marize the results of this study here|full details areprovided elsewhere [BSS96].Nested-loop (NL) was not competitive under anycircumstances. Like some of the SQL solutions of Sec-tion 5, the nested-loop program e�ectively performed a�x-point computation. A simple improvement to thisalgorithm is to �rst sort the input on the explicit at-tributes, and use the sort-ordering to reduce the num-ber of blocks scanned in the inner loop. This is essen-tially the approach proposed by Navathe and Ahmedfor the COMPRESS operator [TCG+93, p.92{109] andby Lorentzos for his Fold operator [TCG+93, p.67{91].However, rather than perform a separate sort opera-tion, it is possible to sort and coalesce simultaneously.The sort-merge algorithms we consider operate in thismanner, and had uniformly better performance thanNL at all memory allocations.The timestamp-based algorithms, especially TS andTS-H, showed good performance in special cases, e.g.,when timestamps are randomly distributed and areshort in duration, and when little value-equivalence ispresent in the explicit attributes. However, the per-formance of these algorithms degraded quickly whentimestamp durations increase, due to tuple cachingand tuple replication, or when the explicit and times-tamp distributions interact in certain ways, e.g., a highexplicit cardinality with increasing timestamp skew.While these algorithms appear bene�cial in certain cir-cumstances, it would be unwise for a DBMS to relysolely on them.Unlike the timestamp-based algorithms, EP, EP-H,ES, and ES-H, along with the simple variants ETS andETS-H, show relatively stable performance. As in con-ventional databases, the performance of EP and EP-Hdegrade when explicit skew is present. However, ES,

ES-H, ETS, ETS-H show relatively stable performancein the presence of explicit skew and timestamp skew,as expected. This is good news for commercial vendorsinterested in implementing temporal operations|theycan construct temporal operators easily by modify-ing their existing software base, at presumably smalldevelopment cost, and still achieve very acceptableperformance. The choice of between ES/ES-H andETS/ETS-H is a tradeo� between the additional sort-ing expense ETS and ETS-H incur to secondarily orderthe input on time, and the cost that ES and ES-H in-cur to build in-memory temporal elements. While thespace requirement for temporal element constructionis usually small, the size of the available bu�er spacemay be the deciding factor. Of course, when su�cientmain memory is available, hybrid algorithms shouldbe chosen over their Grace counterparts.7 ConclusionsTemporal coalescing is an important operation interms of both database semantics and performance.While many temporal data models and languages haveimplicitly or explicitly assumed or provided coalesc-ing, only recently has the importance of this operatorto performance been emphasized. We hope the workdescribed in this paper will help focus the researchcommunity's attention on this operation.The contributions of this paper can be summarizedas follows.� We motivated the importance, and di�culty, ofperforming coalescing.� We de�ned rules for eliminating super
uous coa-lescing operations in algebraic expressions.� We showed how database users can implement co-alescing in SQL and investigated the performanceof three di�erent ways of doing this. We showedthat the relational algebra has su�cient expres-sive power to implement coalescing. Databaseusers get the best performance if they fetch tu-ples ordered �rst on explicit attributes and secondon the temporal attribute. A single tuple is keptin memory and whenever a new tuple is fetchedthe memory tuple is either updated or stored backand replaced.� We proposed seventeen algorithms which could beused as part of an internal DBMS implementationfor coalescing, and compared the performance often of these algorithms. The conclusion was thatexisting algorithms can be augmented to imple-ment coalescing, at presumably modest develop-ment cost, and with acceptable performance.Page 10
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