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Abstract

This paper studies aggregate search in transaction tirabakd#s. Specifically, each object in such a
database can be modeled as a horizontal segment, whosgygtjgmis its search key, and its x-projection
represents the period when the key was valid in history. Gavguery timestamg, and a key range;.,

a count-query retrieves the number of objects that are atiyg and their keys fall inj;. We provide a
method that accurately answers such queries, with errsrtﬁemé + & Nutive(qt), WhereNyipe (i) IS

the number of objects alive at timg, ande is any constant irf0, 1]. Denoting the disk page size &5
andn = N/B, our technigue require@(n) space, processes any queryiflog; n) time, and supports
each update iO(logz n) amortized 1/Os. As demonstrated by extensive experimenésproposed
solutions guarantee query results with extremely highigi@e (median relative error below 5%), while
consuming only a fraction of the space occupied by the exjsipproaches that promise precise results.

To appear in VLDB Journal.
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1 Introduction

A traditional database discards the old values of a tuple once it has béatedp Such a “now-only”
approach is not sufficient in many applications where it is necessaryety gbout the past versions of data.
These applications have triggered a large amount of reseateimporal databasegsee [30] for an excellent
survey), which preserve all the historical values of a set of entitieaddiition to its conventional attributes,
a temporal tuple is also associated with a time interval, indicating the period duniof the tuple correctly
describes the underlying entity. To illustrate the idea, let us visit two modeaicapons where a temporal
database plays an imperative role.

Application 1 (Banking). Maintenance of historical versions is crucial in a bank database thasstocount
balances. Figure 1 demonstrates some tuples in such a database, whareethigime equals 8. Each tuple

is represented as a horizontal segment, whose projection along the xstbmerdicates its valid duration
(with the time granularity being a day), and its projection on the y-dimension egpthe balance of an
account in that duration. For instance, segmertgorresponds to an account whose balance was 3.5k dollars
in the period of{1,5). Note that the interval is semi-closed, meaning that the balance ceased.&klmn3
Day 5 (in Figure 1, this is reflected by a white dot at the end,df Segment®, andos do not carry white
dots, because they represent the balances of two accounts thaicreova

Every account deposit or withdrawal generates a new tuple in the databar instance, segmentsandos
may describe the balances of the same account in different periodarticupar, this account had a balance
of 1k dollars in[1,6). Then, on the 6th day, 500 dollars were deposited into the account, \whtzsee has
remained 1.5k until the current time.

Although o1, 09, 03, 06, ando; are “obsolete” (since they capture balances that are no longer vaiy), th
cannot be expunged, because of the need to support queriesplabex past “snapshot” of the database.
For example, a query may be to “retrieve the accounts whose balancasmost 3.5k dollars on Day 6.

The result includess, o4 andos (og does not satisfy the predicate because its valid period does not include
time 6). These objects correspond to the segments intersecting the vetticahad time 6.

Application 2 (Sensor Monitoring). Consider a meteorology system that monitors the temperatures at
numerous regions in a state. Each temperature reading is taken by g sedgeeriodically (e.g., every 30
minutes) transmitted to a central server. It is easy to imagine that every tupkesaer’s database can also
be visualized as a horizontal segment, whose y-projection is the measuget#&ture of a sensor, and its x-
projection denotes the interval between two updates. For instanceglsevesecutive reports from the same
sensor may be recorded as (89F, [9pm, 9:30am)), (90F, [9:30am, JL@enti)s0 on (in practice, the readings

of nearby sensors may be averaged into a single value, to indicate the atunpeif a large district). All the
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Figure 1: Object representations in a temporal database

historical measurements must be retained, for supporting queries liketlindistricts whose temperatures
are above 95F at 2pm on January 1, 2006".

Motivation. In many applications, a user is interested in ostitisticalinformation, rather than the IDs of
the qualifying objects. A typical example is an online analytical processihé\f) system, which provides
fast aggregate results about the underlying database, accordingusethgpecified query conditions. For
instance, in Application 1, an OLAP query may be to “find th@mberof accounts whose balances are
at most 3.5k dollars on Day 6”. The system returns a single answer Jjpased to the concrete IDs as
explained earlier. A similar query in Application 2 may demand the number of déstwitcose temperatures
fall in a certain range on a given day. As reviewed in Section 2, thesatingqueries have been widely
studied in temporal and non-temporal domains, due to their importance bottasdaalone operator, and
as the building-brick of many other data mining methods, such as associd#@anining [1], decision tree
construction [2], etc.

Evidently, a count query can be trivially supported by first enumeratirtheobjects that satisfy the query
predicate, and then counting the number of retrieved objects. Howawe,aur objective is to return merely
a single integer, we should expect a solution that significantly outperfomhgrithial approach (observe that
the trivial approach finds considerable redundant information). Mt by this, in this paper we explore
methods that are specialized for extracting statistical data.

1.1 Problem Definition

Let DB be a temporal dataset with cardinalitywhere each object is defined as follows:

Definition 1. A temporal object o is represented by a constasgarch key denoted a®.key, and a semi-
closed intervalo.t.-, o.t) called thelifespan of o.

For simplicity, we abbreviate “search key” simply as “key”, which, obvigushould be distinguished with
the “primary key” of a relation. Furthermore, without loss of generalitytialestamps are assumed to be



positive. We consider thigansaction time modgB0], where every change to the database is stamped with
the current timeC'T", which is a monotonically increasing value. The model permits two types oftegida
“insertion” and “logical deletion”. Specifically, amsertionadds a new objeci to DB with a lifespan
[o.t, %), whereo.t- equalsCT, and the asterisk indicates that the lifespam afill continuously evolve
asC'T increases. Aogical deletion on the other hand, terminates the lifespan of an existing objdny
replacing its “**" with the currenCT’, which becomes the final¢. We say thab is born at timeo.#-, and
diesat timeo.t, i.e., it isalive during its lifespan. Logical deletions are applied only to live objects.

Therefore, a temporal dataset is uniquely decided by a sequencelateap which we call &emporal
stream For example, the data in Figure 1 is determined by the following stréB®, 3.5, 1), (INS; 3, 1),
(INS,1,1), (INS,0.5,1), (INS,2.5,2), (LD, 3,3), (LD,0.5,3), (INS,2,4), ... Each update has the form
(type key, time), where “type” is INS (insertion) or LD (logical deletion), “key” is the key the object
being inserted/logically deleted, and “time” always equals the cutr@ntThe first 4 updates of the stream
addoy, 02, 0g, o7 into D B, all of which have lifespanfd, %) at the end of time 1. The 5th update inserfs
with lifespan|2, ), whereas the 6th ends the lifesparveft time 3. The effect of the next two updates can
be understood in the same manner. As a result, at the end of time 4, thevardresf objectso,, o3, 04 and

o6, Which have lifespanfl, *), [2, %), [4, ), and[1, ), respectively.

We are interested in timestamp range counting formulated as follows:

Definition 2. Given a timestamp, and a rangej;. = [qx-, gk, atimestamp range count queryg returns

QS (qt, G1)| 1)

whereQS(q:, gi) is the set of objects € DB alive at timeg;, whosen.key(q;) at timeg; falls in g;.

As reviewed in Section 2, the above query type has been studied prgviolse fastest solution [38],
which settles a query i®(logz n) 1/0s, requires)(n log gz n) spacé. Here, B denotes the disk page size,
andn equalsN/B. TheO(nloggn) space requirement limits the applicability of the solution in practice,
because a temporal database is typically extremely large, and its size cosljngiews with time due to

its appending nature (imagine a database which manages bank accoliyéars).

In practice, a user can often tolerate snt@lundederror, provided that finding the approximate answer
requires less storage and computation resources. Motivated by thigfiwe dn approximate version of the
gueries in Definition 2:

1If no insertion and deletion are allowed @hB, these exists a solution, based on the CRB-tree [15], which can bringale s
consumption down t@(n), without increasing the query time complexity. Nevertheless, if updatess beusupported, as is the
goal of this paper, the query cost of that solution beco®@sg? n). Furthermore, CRB-trees work only on a machine that permits
“bit compression”, a complex process that would be hard to implemepriictice. We discuss the details in Section 2.1.



Definition 3. Given a timestamp, and a rangej;, = [qx+, gx], @anapproximate timestamp range count
query ¢ returns a value that deviates from Formula 1 by less than

1
g +e- Nalive(qt) (2)

where N0 (q:) is the number of objects € DB alive atg;, ande is a system constant in the range of
(0, 1] termed theapproximation ratio .

Note that the error boun§+s - Naive(q:) depends on the “snapshot” BB at the query time, (analogous
definitions in the form of “approximate quantile” are popular in non-tempangirenments [3, 16, 25]).
This is a significant improvement over the work of [32], where the autleat with a similar problem, but
formulate the error bound a&s N. This bound can be extremely loose, since it is proportional to the total
number of objects in history (i.e., including those not alive.in

This paper aims at solving the following problem:

Problem 1. PreprocessD B into a space-economical structure such that any query of Definitiom3ea
answered in a small number of I/Os.

1.2 Contributions and Paper Organization

We settle Problem 1 by building a data structure/@B that consumes linear spaGén ), answers any query

in O(logg n) 1/0s, and can be maintained in amortiz8dog ; n) 1/0Os per updaté As a side product, our
solution achieves the same performance, even if the maximum error of a timastagepcount query must

be controlled under - N,;;..(q:), as long as the dataset satisfies a weak condition (see Section 6). Note that
all the complexities are independentzof

The above theoretical results are made possible with a novel methodolotackting temporal aggrega-
tion. Specifically, we aim at replacing B with a set of “anchor segments”, which can be used to provide
satisfactory answers for queries &3 (as a resultpD B does not need to be materialized at all). This set
hasO(NN) size in theory, but in practice, 8gnificantly smallethan D B. We prove experimentally that our
technique provides extremely accurate results of timestamp range countimgi@dian relative error below
5%), while consuming only a fraction of the space required by the previmibods that promise precise
answers.

Our findings directly lead to an approach for approximately processintgtime’ counterpart of the queries
in Definition 3. In that case, each object is associated with an integer waighg query; returns the sum

2If DB does not need to be updated, our technique has better complexitigain{n,n - (%)Q/Nam,e}) space, and
O(min{log; n,logz & — logz Naiive }) query time, whereéVqi,, is around the average number of objects alive at a timestamp.

€



of the weights of all objects i).S(¢, i), where functionQS(.) is explained in Definition 2. Specifically,

we only need to duplicate an object as many times as its weight, and then applgpbsed count-solutions

on the resulting dataset. To guarantee maximum error Iess%thaa- Wative(qt), WhereWive (q¢) 1S the

sum of the weights of all objects alive @t any timestamp range sum query can be answerélliog 5 W)

I/0s, using a structure that occupi@$l’/ B) space, and incurs amortizél{logz n) I/Os per update. Here,

W is the sum of the weights of all the original objectd¥B. If each object’s weight is confined to no more
than a constant (i.el})) = O(N)), both the space and query complexities are identical to those for count
retrieval.

The rest of the paper is organized as follows. Section 2 surveys thiepseapproaches related to temporal
aggregation. Section 3 simplifies timestamp range counting by reducing it terdmgéd” retrieval. Sec-
tion 4 illustrates the rationale of anchor segments with a relatively simple metheettting Problem 1.
Then, Section 5 improves the method by reducing its space consumption sigihjficSection 6 further
enhances the performance of our solution with a “zoning transformatard,Section 7 clarifies how to
support data updates. Section 8 contains an extensive experimentatievathat demonstrates the supe-
riority of the proposed technique over alternative approaches. Fiigglgtion 9 concludes the paper with
directions for future work.

2 Related Work

In Section 2.1, we summarize the existing approaches that tackle variousdbtemporal aggregate search.
Then, Section 2.2 reviews the methods of spatial aggregation, clarifiesdhmiance to our problem, and
discusses other aggregation techniques in non-temporal scenarialty, Baction 2.3 provides an introduc-
tion to the multi-version B-tree, which is an important temporal access methodharidundation of our
solutions.

2.1 Temporal Aggregation

Based on an interesting taxonomy in [26], the previous research in thascare be classified into two
categoriessequencedndnon-sequencedpecifically, the former aims at producing the aggregate results at
all timestamps in history, whereas the objective of the latter is to perform@ajipa during only a specific
period. In the sequel, we will discuss the two categories in turn (seel{@icfter semantics of “sequenced”
and “non-sequenced”).

Sequenced Retrieval. Conceptually, a sequenced query first divides a dataset into as méiipps as

the number of timestamps in history, such that each partition consists of all jisgthlive at the same
timestamp. The partitioning is analogous to the conventional “group-by atipar except that an object,
depending on the length of its lifespan, may appear in multiple partitions (asego only one group
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in a group-by). Then, the query returns an aggregate value for fleetebn each partition, according to
an aggregate function, e.g., COUNT, SUM, AVERAGE, etc. Optionally,ea ogy also specify a filtering
condition to eliminate the non-qualifying objects before the partitioning. Famele a sequenced request
may be to “return the number of accounts whose balances are largelO®laddllars on every single day in
the past”, where “larger than 100k dollars” is a condition, and a partitiomedos all the accounts alive on a
specific day.

All the existing algorithms for sequenced computation are based on a twdrategwork. The first phase
scans the entire database to construct an index structure, which encsefal information about all the
partitions, and is traversed in the second step to report the aggregdts.rAssuming the whole dataset to
fitin memory, Kline and Snodgrass [22] propose-ardered aggregate treas the intermediate index, which
guarantees the overall computation costXfV?), whereN is the cardinality of the dataset. Also focusing
on memory-resident datasets, Kim et al. [21] present a faster metha@petes thé-order aggregate tree
with apoint-based aggregation treand reduces the query cost®N log, N). Leveraging a new structure
calledthe balanced treeMoon et al. [27] provide another solution that achieves the same complaridy
develop several I/O efficient algorithms by combining the solution withe¢a-arrayapproach [27].

The aforementioned methods target a machine with only one CPU and diglieastaecelerating sequenced
queries with parallel computing has been explored in [14, 27, 36]. Rgc8ohlen et al. [8] define new
semantics of sequenced queries by extending the multidimensional join apeidid).

Non-Sequenced Retrieval.A query of this type returns the aggregate result about the objects alave a
particular timestamp (c.f., Definitions 2 and 3), or during a continuous time iritéx\g, from January 1
to February 1, 2006). Although an algorithm in the sequenced categarglwiously be applied to solve a
non-sequenced query, the application is costly, because it also fettdrge amount of useless information.
A (much) more efficient approach is to pre-compute an index on the gaset, which, given a query, can
guide the processing directly to the time period of interest, thus avoidingsacgdbke irrelevant data.

Yang and Widom [35] propose tlsegment B-tre€SB-tree), which is the external-memory counterpart of an
adapted interval tree [7]. Specifically, an SB-tree manages a $étoofe-dimensional intervals usir@(n)
space, and allows finding the number of intervals containing any querg (ialthe same one-dimensional
domain) inO(log n) 1/0s. For example, we can create an SB-tree on the lifespans of the abjEsre 1,
and use it to efficiently “find how many accounts were active on Janya&29d6”. Note that the query is a
special instance of Problem 1 wheje= 01/01/2006, andj, covers the entire key (i.e., attribute “balance”)
domain, namelyg;, = (—o0, 00).

Since an SB-tree does not incorporate any information about the key simneit entails expensive cost in
processing a general queyyf Definition 2 whosej;; is a subrange of—oo, o). In this case, we must first



retrieve all the objects alive at timg, and then filter them according &». To remedy the drawback, Zhang
et al. [38] propose the MVSB-tree (later adapted in [37] to data streavh$}h extends the SB-tree using
a “multi-version” technique discussed in Section 2.3. An MVSB-treé\oabjects consume®(n logz n)
space, can be updateddr{logz n) I/Os, and permits any query of Definition 2 to be processed(iog 5 n)
I/0s. It is the state-of-the-art solution fprecisetemporal aggregation.

As mentioned in Section 1.1, for very large databases, spentiindpg ; n) space cost on indexing may not

be realistic. Thus, it is natural to explore approaches that return é@ppate answers (with bounded error),
but require space linear ta Some efforts towards this goal have been made in [32], where the asthor

how to provide an answer to any timestamp range count query with errahdags NV, ande is a pre-defined
constant in the range 6, 1]. Their method takes up (%) space, and handles any querylflogy 2) I/Os.

Since the error bound - N is proportional to the total number of objects in the dataset (rather than those
alive at the query timestamp), an approximate result may deviate too much feameatranswer, and is thus

of limited use in practice.

Finally, it is worth mentioning that, although the above analysis concentratssuoing, the non-sequenced
methods mentioned earlier can also tackle other aggregation functions (@M.aisd AVERAGE), with
some straightforward modifications.

2.2 Non-Temporal Aggregation

Also closely related to the topic of this paper is aggregate retrieval on ggeta(including points). In
the sequel, we will explain why, and present the relevant previoudtsestihen, we will discuss other
approximate query processing techniques.

Spatial Aggregation. As demonstrated in Figure 1, each temporal object can be modeled as entedriz
segment in the key-time space, and similarly, a timestamp range count queredial segment. Since
axis-parallel segments are merely degenerated rectangles, timestampoaniggearch is a special instance
of the following “rectangle intersection counting” problem: Given aSeif NV data rectangles and a query
rectangleq, find the number of rectangles i#i that intersecl;. Zhang et al. [40] propose two versions
of the ECDF-B-tree that solve this problem with different tradeoffs betwepace consumption and query
cost (actually, ECDF-B-trees settle a more general problem termed “doog@rgum”; see [40] for details).
Specifically, the first version requir€¥(n log; n) space and (B log% n) query time, while the second one
demand©(N log 5 n) space but reduces the query overhea@ g% n) 1/0s. All complexities also apply
to queries of Definition 2.

The rectangle intersection counting problem becomes “point enclosurgicg” when all the data rectan-
gles degenerate into points. Interestingly, as mentioned in [15], there Istla seduction from temporal



aggregation (Definition 2) to point enclosure counting. In particular, ag &s the latter problem can be
settled, the former can also be solved with saenespace and query asymptotical performance (the reverse
is true, too: point enclosure counting can also be reduced to temporagadign [33]). In [33], a structure
called theaggregation point tre€aP-tree) is developed to support point enclosure counting. Spdygijfica
given N data points, we can create an aP-tree that occupiedog n) space, and answers any point enclo-
sure count query i@ (log n) 1/0s. In other words, the aP-tree has the same performance as the M¥SB-
(reviewed in Section 2.1) in timestamp range aggregation.

Govindarajan et al. [15] show that, on a machine that permits “bit comprésgioint enclosure counting
can be optimally solved i®(logz n) 1/0s by acompressed range B-trd€RB-tree) that consume3(n)
space. Bit compression [11] requires that every integehould be stored in exactljlog, =] bits; as a
result, multiple integers can be packed into a single machine word to save Bpaexamplez = 10 must
occupy only 4 bits, so that four integers ‘10’ can be stored using a simgld with 16 bits, as opposed to
using 8 words in a practical machine (32 bits per integer). Although bit cessjn is technically possible,
it complicates implementation considerably, and, to our knowledge, is nobgeppby any commercial
database product. Furthermore, the excellent efficiency of the CRBgrgossible only if the structure
can be preserved in a large number of sequential pages. This is agckessause the CRB-tree contains
numerous secondary structures implemented as arrays, which is edsestigire thé (log; n) query time
(benefiting from the fact that accessing any element in an array i8@d4$/0Os). When the vacant pages are
fragmented (as is true, if updates are frequent), an array must beedpléth a linked list, in which case the
query performance can become significantly worse. Finally, the CRBsti®edefault static, that is, it does
not support insertions and deletions. To remedy this defect, Govindagt@. [15] apply the “logarithmic
method” [4] to “dynamize” the CRB-tree, which, however, compromises tlegygefficiency. In particular,
the resulting structure incurs(log% n) 1/0s per query and update, namely, slower than the MVSB-tree.

Besides the above methods that have low worst-case space and qadmgaul; there also exist several
“engineering approaches” [23, 28, 39], which deploy heuristics telacate aggregate retrieval on spatial
data. Specifically, these heuristics augment an R-tree [6, 17] with vasiatistics in the intermediate
entries, and lead to an alternative structure callechtitgegate R-treéaR-tree). Such a structure consumes
O(n) space, and has reasonably good query performance on “practitaltstributions, although, for an
adversely designed dataset, the query cost can(beg.

Other Aggregation Techniques. The error bound of Formula 2 is reminiscent of the precision guarantee
of ane-approximate quantile summaryGiven N one-dimensional values, we can build such a summary
(whose size is by far smaller than(V)), which enables reporting the number of data values smaller than
or equal to any query value accurately, with error at moslV. Several algorithms [3, 16, 25] have been
proposed to maintain the summary, when the underlying values are updatediag to different models



(e.g., insertion only [16] or “sliding window” [3, 24, 25]). In our contethese algorithms may be applied to
support queries of Definition 3 whose query timpequals now (i.e., aggregating the currently alive objects).
In this paper, however, we aim at answering queries concerning angtémp in the past.

The point enclosure counting problem mentioned earlier also exists in daghouses, where all the at-
tributes of the workspace have discrete domains. In this scenario, @atrypoint can be thought of as a
cell in a multidimensional array. In preprocessing [12, 13, 18, 29]J@evia computed and materialized for
every cell in the array, regardless of whether it contains a data poimt; ¢hery query can be answered in
a small number of lookups on the materialized information. This technique igppbitable to our problem
(even with the reduction from temporal aggregation to point enclosunetiogl) because objects’ keys are
distributed in a continuous domain. Furthermore, the multidimensional materializatjaires prohibitive
space consumption, i.e., proportional to the size of the array, rather tifaa dataset cardinality.

Finally, approximate aggregate retrieval is also related to selectivity estimatiinh has been tackled
using numerous methodologies (typically, histograms [31] and sampling [[I9¢se approaches can obtain
accurate estimates for most queries, but may suffer from considerabtérethe worst case.

2.3 The Multi-Version B-Tree

The multi-version B-treg MVB-tree) [5, 34] is an access method for transaction time databasesahat
procesdimestamp range queriezptimally. Given a timestamg, and a key rangey, such a query returns
the setQS(q¢, ¢i.) in Definition 2 (i.e., all the objects alive at timg whose keys are contained 4). An
MVB-tree manages a temporal datasedobbjects using)(n) space, and solves any timestamp range query
in O(logg n +m/B) 1/0s, wherem is the number of retrieved objects. For a temporal stream explained in
Section 1.1, an MVB-tree can be incrementally maintaine@(ltvgz n) I/Os per update.

Conceptually, for every historical timestamhm@n MVB-tree keeps a conventional B-tree, which indexes the
keys of all the objects alive af and has a node fanoGt(B). Given a timestamp range query, the algorithm
first identifies the B-tree responsible for the query tymeand then, retrieves the qualifying objects from this
tree in the same way as executing a one-dimensional range query in a mtreal The identification (of

the responsible B-tree) takéXlog n) time, and the subsequent processing (in the identified tree) requires
O((logg Naiive(qt)/B) +m/B) I/0s, whereN ;.. (¢:) is the number of objects alive at tige

Evidently, it is intractable to physically retain the B-trees at all timestamps (in pkatjcthis is simply
impossible, if the time dimension has a real domain). However, the B-trees abtvgecutive timestamps
usually share a large common portion (corresponding to the objects alshatimestamps), which only
needs to be stored once. This is the rationale behind a sophisticated “msitrverchnique” that embeds a
perhaps infinite number of B-treesdnn) space (see [5, 34] for the details). In fact, the technique is general,



since it can be applied to embed a large number (one per timestamp) of otlcturssye.g., SB-trees [35],
R-trees [17]) in a space economical fashion. The embedding, hawsvet always “linear”; for example,
as mentioned in Section 2.1, although the SB-tree [35] has a linear spactegitynthe MVSB-tree [38]
requiresO(n logz n) space.

The solutions developed in this paper will utilize an MVB-tree to perform “tinmagtdloor search”. For-
mally, let D B be a set ofV temporal objects. Given a timestamypand a valuey,, atimestamp floor query
denoted ad"F'(¢:, ¢ ), retrieves the object whose key is the largest, among all the objetiBithat (i) are
alive at timeg;, and (ii) their keys are at most. For example, ifD B consists of the 7 objects in Figure 1,
thenT F'(6,2.3) findso,. To understand why, notice that only objeois o5 satisfy conditions (i) and (ii);
between them, has a larger key. Indexing B with an MVB-tree (occupyin@)(n) space), we can process
any timestamp floor query i@(logz n) 1/0s [5, 34].

3 Reduction to Half-Ranged Search

We first introduce a special version of approximate timestamp range oceanths

Definition 4. Letq be an approximate timestamp range count query formulated in Definitiore 3aywthat
q is half-ranged if g;- equals—oo, that is,qi. = (—o0, gx].

The next theorem shows that a normal query with approximationdatim be converted to two half-ranged
queriesg whose error is less thaft + 5 - Nayve(q1)-

Theorem 1. Denoted as an infinitely small positive value. Given any quergf Definition 3 with ap-
proximation ratioe, we construct two half-ranged querigs and g2, by settinggix = (—o0, gp- — 9],
¢or = (—00, qx4], andqi; = g2r = ;. Letv; andvs be the approximate results @f and ¢, respectively,
with error less thanzl5 + 5 - Native(q:)- Thenwy — vy is a correct answer for the original query

Proof. The construction of;; and ¢, ensuresRS(q:, 4i.) = QS(q2t, g21) — QS (q1t, ¢1x). To prove the
lemma, we aim at establishing

B 1
‘112 —v1 — QS (g, Qk)|’ <e+ . Native(qt) (3

By the definition ofv;:

. 1 5
‘m - |QS(Qlt,Q1k)|’ <5ty Najive(q1t)

whereQS(q1t, ¢1%) is the set of objects alive atq;; whoseo.key falls in g1k, and Ny (q1¢) is the number
of objects alive at;;. The equation leads to

. 1 €
v > ’QS(Q17§7 q1k)‘ - 75 - 5 : Nalive(Qt)- (4)



Symbol Meaning Defined in
(Section)
DB The original temporal database 1.1
B The disk page size 1.1
N andn The cardinality ofDB, andN/ B, respectively 11
o.key and|o.ti-, 0.t) The key and lifespan of an objegtrespectively 1.1
o.rank(t) The rank of an objeat at timet 4
qt The query timestamp 1.1
Gk = [qr+> Qe The key range of a queryy- = oo if ¢ is half-ranged) 1.1
QS (q, qk) The set of objects € DB alive atq, satisfyingo.key € g, 1.1
TF(t, k) A timestamp floor query at timewith query keyk 2.3
Native(t) The number of objects iV B alive at timet 1.1
Nalive The average number of objects alive at an anchor timestamp 5.4
e andey,, The approximation ratio, and its half, respectively 1.1and 3
Sanchor The set of anchor segments alive at the sweeping line 5.1
seg.key and[seg.ti-, seg.t4) | The key and lifespan of an anchor segmef, respectively 5.2
seg.rank The (constant) associated rank of an anchor segragnt 5.2
Table 1: Frequently used symbols
Similarly, for v, it holds that
5 1 €
vy — [QS(q2t, @2k)|| < = T35 Native(got)
e 2
which results in
. 1 €
v2 < |QS(QZt7 q2k)‘ oot 5 Nalive(Qt)' (5)

2 2

From Inequalities 4 and 5, we know

. . 1
v —v1 < |QS(q,q2k)| — [QS(qr, q1)| + - + € Native(qt)

. 1
= |QS(6]t, Qk)| + g +e- Nalive(Qt)

Hence, we knowy — v — |QS(qt, Gi)| < % + € - Naive(qr). By similar reasoning, we can also obtain

vy — vy — |QS(qr, 4k)| > —é — & Nyiive(qt). Thereforeps — v1 is a correct result of. O

As an example, consider an approximate timestamp range count guétly approximation ratio 0.2y, =
December 31, 2005, ang. = [$100k, $500k]. We can correctly solvg as long as there exists a way to
answer half-ranged queries at timpewith maximum error less thaﬁz + 0.1 - Nyiive(qe). Specifically, we
can construct two such querigs and g, with g1 = (—oo, $100k—6], g2 = (—o0, $500K], andy ¢ = gor

= December 31, 2005, whebteis as defined in Theorem 1. 1f andv, are respectively the approximate
answers for; andg, satisfying the precision requirement mentioned earlier, then v, is a correct result
for q.
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Clearly, the reduction in Theorem 1 requii@$1) time to construct the result gffrom those ofg; andgs.
Therefore, towards settling Problem 1, it suffices to solve only:

Problem 2. PreprocessD B into a space-economical structure such that any half-ranged gquean be
answered in a small number of I/Os, with maximum error lower tﬂ%nJrehr-Name(qt), wherezy,,. = ¢/2,
ande is the approximation ratio in Definition 3.

We will tackle the above problem in three steps. First, assumingliats static, Sections 4 and 5 propose
several methods that settle:

Problem 3. Same as Problem 2, except that the maximum errgmoiist be lower thasy,,. - Nyjive(qt)-

These methods, in the worst case, may take up more space than the datiskletee, in Section 6 which
also focuses on a statie B, we extend those solutions with a “zoning technique” to solve Problem 2, while
limiting the space strictly t@(n), and the query cost t®(logz n) I/0s. Finally, Section 7 extends our
solutions to support data updates. Table 1 lists the symbols to be used tiggseme of them have not
appeared so far, but will be introduced later).

4  The First Method

Our methodology converts timestamp range counting to timestamp floor seaptairfed in Section 2.3)

on a set of selected “anchor segments”. In the sequel, we will illustrate ¢faebigl presenting a method
that solves Problem 3 usin@(%) space. For simplicity, the discussion in this section assumes that, if two
objects are alive at the same timestamp, they must have different keys. sehim@tion will be removed
later in Section 5.

Definition 5. Therank of an objecb at a timestamp equals one more than the number of objects that are
alive at timet, and their keys are smaller thankey.

We denote the rank efat timet aso.rank(t). To explain this concept, let us inspect the dataset in Figure 1.
At timestamp 1, object; has rank 4, since 3 objects are alive at time 1, and possess keys lower tha
o1.key = 3.5. At time 2, the rank ofo; becomes 5, due to the appearanceffwhose key is smaller
thano,.key. Similarly, o,.rank(t) equals 3 and 4 whendistributes in3,4) and[4, 5), respectively, while
o1.rank(t) is undefined atany ¢ [1,5).

Consider the half-ranged quegyin Figure 1 (i.e..s = 6 andg; = (—o0, 3.5]), whose real answer equals
3 (since@S(q, gi.) = {03,04,05}). Note that the value 3 is also the rankagfat g, = 6. In turn, o3 is the
object with the largest key belog,; = 3.5 among all the objects alive at time 6; namely,is the result
of TF(6,3.5) — a timestamp floor query at timg with key ¢x. In generalfor any half-ranged query
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(computed by the algorithm in Section 4)

Figure 2: Reduction from a half-range query to timestamp floor search

with parameters;; and (—oo, gx—], its result always equals the rank at timgof the object retrieved by a
timestamp floor query' F' (¢, qx—). As a special case, I F'(q;, q1+) returns), the answer foy is 0.

Motivated by this, we clip each object into several segments such thatgdbherlifespan of eachlipped
segmentthe rank of the object remains fixed; in the sequel, we refer to the ratileassociated ranlof
the clipped segment. For instaneg,in Figure 1 generates 4 clipped segmemts, o1 2, ..., 01,4 shown
in Figure 2a, during which the rank ef, equals 4, 5, 3, and 4, respectively. As another example,
spawns only a single clipped segmeny;, since the rank ob, remains 2 during its entire lifespan. After
obtaining the clipped segments (of all objects), we index them using an M&B-and store with each
segment its associated rank. Given a half-ranged gueme perform timestamp floor sear@¥ (¢, i)
using the MVB-tree, and return the rank associated with the retrieved dligggment as the result for
(e.9.,TF(6,3.5), as shown in Figure 2a, retrievess).

In the worst case, the total number of clipped segments is quadratic to tlsetdeaadinalityN, rendering
space consumptio®(N?/B) of the MVB-tree (although the processing time of a half-ranged query has
satisfactory complexityO(logz N?/B)) = O(logg n)). Fortunately, it is sufficient to keep only a subset
of clipped segments, called th@chor segmentgor approximate counting.

Definition 6. The setS of anchor segmentsan be regarded as a set of temporal objects (see Definition 1)
with the following properties. (i) Each of them has associated rank (ii) Given any half-ranged query

q with rangeq;, = (—o0, qx_ ], timestampy, and approximation ratiey,,, we construct a timestamp floor
queryT'S(q:, qx4)- Letr be the result of; on the original dataset, and’ the rank of the anchor segment
retrieved by performing’S(q:, gx+) onS. Then, it always holds th@ < r — 1" < [ep, - Nagive(t)] — 1.

To illustrate the concept, assume that the approximation ¢gtiof half-ranged search equals 0.5 (strictly
speaking, 0.5 is not an appropriate value ¢ since it implies a uselessof 1; however, settingy,. to
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0.5 allows us to avoid complex examples without loss of generality). We onlg teestore the clipped
segments in Figure 2b, to provide correct approximate results. For exacopkder the half-ranged query
¢ in Figure 1 again. As before, it is transformed to floor sedréf(6, 3.5), which now retrieves, ; with
rank 2; hence, we return 2 as the resultjorRemember that the actual answerga$ 3, so our result has
error 1, which is acceptable since it does not exeged Nyjive(q:) = 0.5 x 3 = 1.5.

The segments in Figure 2b have a common property: their associated raksaltiple off ey, - Nyjive () ]

at some timestamp For example, at = 2, [ep, - Najive(t)] = [0.5 x 5] = 3; thereforeps 1 is the only
anchor segment at this timestamp.tAt 4, on the other handgy,; - Naiive(t)] = [0.5 x 4] = 2; so we take
04,1 ando; 4 as anchor segments. The property has the following consequenes &ialf-ranged query,

let us perform the corresponding timestamp floor sedisly;, g;.-) on (i) the full set of clipped segments,
and (ii) only the set of anchor segments, respectively. If we denaiedr’ as the ranks of the segments
retrieved from (i) and (i), respectively, it always holds that r—r' < [, Native (t) ] —1 < €pr- Nagive (t).
Therefore, we can directly returfias an approximate answer fgrwhich has error less than,. - Nyjiye(t).

By Definition 6, the segments in Figure 2b constitute a set of anchor segments.

Itis not hard to verify that the number of anchor segmen&(igi;’—r). Observe that, at any timestamghere

can be at most1 /ey, | anchor segments (Sin€&( NV, (t)) intervals are alive at timg, and the ranks of
anchor segments with consecutive keys diffefby, - Nyii.(t)]). On the other hand, a new anchor segment
can be created only at a timestamp when an object is born or dies. The nofrabeh timestamps i9(2N);
therefore, there ar@ (2N - 1 /ey, ) = O(%) anchor segments. Thus, an MVB-tree indexing these anchor
segments consumé&%) space, and answers a timestamp floor query (and hence, the originedmgdd
count query) inD(logg %) I/Os.

5 An Improved Method

Next, we will show that the number of anchor segments can be decreaSéahin{ ;}V , (air )2-N/Native}),
whereN,.¢ IS a positive integer, corresponding to the average number of live olgjieats“anchor times-
tamp” (to be defined in Section 5.1). Accordingly, a query of Problem 3beaanswered by performing
fewer 1/Os using a structure occupying less space. To facilitate disoyssztions 5.1 and 5.2 keep the
assumption that no two objects have the same key at an identical timestamp. Sekgatends our results
to the general scenario without this assumption. Finally, Section 5.4 investitptgoerformance of the

proposed algorithms.
5.1 The Rationale

Assumingey,. = 0.5, next we deploy the running example of Figure 1 to illustrate an improved Wway o
computing anchor segments. First of all, we collect the set of starting atidgetimestamps of all objects’
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Figure 3: Anchor segments obtained by the algorithm in Section 5

lifespans (i.e., the set igl, 2, ..., §) and call them thevent timestampsEquivalently, the set consists of
the distinct timestamps of all the updates in the temporal streab&f Imagine a vertical sweeping line
perpendicular to the time axis. Initially, the line is positioned at 0; we will move it gradually towards

right, and carry out a set of operations whenever the line reachaeanhtenestamp.

When the sweeping line hits= 1, we retrieve all the objects whose current ranks (at tipage multiples of
[ehr Naive(1)/2] = [0.5 x 4/2] = 1, namely, all the objects;, 02, 0og, andor alive at time 1 are retrieved.
According to objecb;, we create an anchor segmentrepresented with a triplet:

{s1.key = 0.5, (Note: 0.5 is the key of; at time 1)
s1.rank =1, (Note: 1 is the rank of; at time 1)

s1.[t-,t4) = [1,%)}

indicating thats; has a key 0.5, an associated rank 1 (note that bo#fey ands;.rank areconstantsat all
timestamps), and a lifespan.[t-,t4) = [1, *) (i.e., the ending time is currently unknown). Similarly, from
o6, 02, 01 respectively, we produce another three anchor segments {1,2,[1,x*)}, s3 = {3,3,[1,%)},
ands, = {3.5,4,[1,)}, as demonstrated in Figure 3 (the part of the figure after time 1 will be explaine
later). These four anchor segments are incorporated into &,sgf,, which, in general, contains all the
anchor segments alive at the sweeping line.

Any half-ranged query; with ¢; = 1 can be correctly answered 8,10, l€veraging the reduction to
timestamp floor search in Section 4. Furthermore, for such quéfies,., ensures error of at mosty,. -
Nuaive(1)/2] =1, which ishalf of the target precision requirememt, ;.- Nyie (1) ] = 2 of Problem 3. In other
words, at time 1, weéake more anchor segments than neces¢Bigure 2b shows that only two segments
would have been sufficient), the purpose of which is to postpone théared new segments as much as
possible, because the sarfig,...» may still provide acceptable answers for queries at many subsequent
timestamps.
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Continuing our example, at the next event timestamp 2, we do not geneyatearanchor segment, but
simply use those segmentsSp,..»o-, Dy allowing their lifespans to evolve. Consider a queryith ¢; = 2
andg; = [—o0,2.5], whose real answer is 3 (SIN€gS(q:, Gi.) = {03, 06,07}). Sanchor, iNStead, provides
an answer 2 (equal to the rank of the anchor segmengtrieved byT'F'(2,2.5)), whose error 1 is indeed
smaller tharey, - Nuive(2) = 0.5 x 5 = 2.5. In fact, it is easy to verify that all queries at time 2 can be
correctly solved fronS,,chor-

By this reasoning, at each event timestaimpe check whether the currefi,,...- can support all queries at
time t; if yes, no new anchor segment is spawned, 85d;., remains valid. In the dataset of Figure 1, the
first timestamp at whicl$,.,...- becomes invalid is 7. To understand the invalidation, let us examine a query
g with ¢; = 7 andq;, = [—o0, 3.5], whose real answer is 2 (notice th@b (¢, ¢i.) = {04, 05}). Imagine that

s1, 89, ..., 84 Were still employed to answet the result would be 4, i.e., the rank of. In this case, the error

4 — 2 = 2is larger tharey, - Ngjive(7) = 0.5 x 2 = 1.

To fix the problem, we first terminate the lifespans of the segments,in,., at time 7, and remove them
from S,.chor @ltogether. Then, we compute a néw, ..., by finding all the live objects at time 7 whose
o.rank(7) is a multiple of e, - Nuie(7)/2] = [0.5 x 2/2] = 1. Thus, bothoy andos are retrieved;
accordingly, two new anchor segments are places,,in,..: ss = {1.5,1,[7,*)} andsg = {2,2,[7,%)},
where 1.5 and 2 are,.key andos.key, respectively. Finally, since 8 is the last timestamp of the history, the
lifespans ofs; andsg are terminated at 8, which completes the derivation of the segments in Figwe 3.
refer to timestamps 1 and 7, when anchor segments are born, asdhar timestamps

We point out that a segment in Figure 3 may not be equivalent to any clgggedent in Figure 2a (actually,
a segment in Figure 3 such ag may still be alive even after its spawning objegthas died). However,
such equivalence is really not compulsory; any segment in the key-tingce spa be an anchor segment, as
long as it helps solving queries. Furthermore, it is not necessary ty abaut timestampsthat are not an
event timestamp, because no object can incur a rank change atsuch a

5.2 The Algorithm

We are ready to explain the formal algorithm of generating the anchor segfioe arbitraryD B, based on
the rationale discussed in Section 5.1. The input of the algorithm is the tengteram ofD B, and the
output is another temporal stream that decides the anchor segmentanael wsed directly to construct an
MVB-tree. At a high level, the algorithm follows a simple plane sweep framleyvas presented in Figure 4,
where the words in small-cap fonts indicate procedures that will be exglatmatly.

Specifically, after some initialization work at Lines 1-2, the algorithm praeessery event timestamp in
ascending order (i.e., moving the sweeping line towards the positive direxftibe time axis). To handle
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Algorithm GENERATE-ANCHOR-SEGMENT
/* OUTPUT: A temporal stream that determines a set of anchor segments. */

1. Sanchor =

2. INITIALIZATION

3. for the next event timestan(@!” (in ascending order)

4 STRUCTURE-UPDATE

5 if CHECK-VALIDITY = FALSE /* C'T is an anchor timestamp when the if-condition holds */

6. for every segmenteg € Sunchor

7 write to the output temporal streati:D, seg.key, CT)

8 Sanchor = NEW-ANCHORS/* the computedS,,,.,.- Should be able to support any half-ranged
query at timeC'T’ with approximation ratiay,,. /2 */

9. for every segmenteg € Sunchor

10. write to the output temporal streatiNS, seg.key, CT')

Figure 4: The high-level framework of computing anchor segments

an event timestam@'T’, we first carry out the necessary operations to maintain some structatesffure
the “sweeping state” (Line 4). Then, Line 5 checks whether the cuSgnt,.. can still support all the
queries at time”'T". If the answer is negative, Lines 6-7 terminate the lifespans of the segmesis 1o

at timeC'T', write the corresponding logical deletions to the disk, and delete themSrgm,,. Next, Line

8 re-computes af,,...or from the objects alive at tim€T'. Finally, Lines 9-10 append the insertions to the
output temporal stream that start the lifespans of the new anchor segments

In the sequel, we elaborate the details of the algorithm, starting witlv-NCHORS and GHECK-
VALIDITY , since they determine the other procedures.

Procedure NEw-ANCHORS. Let N, (CT') be the number of objects alive at the current event timestamp
CT. Among them, Nw-ANCHORSidentifiesm = |2/ey,. | objectsoy, 09, ...,0,, Whose ranks (at tim€'T’)
equallen, /2 Naive(CT) 1,2 [ehr /2 Native (CT)], occym - [€hr /2 Naive(CT) ], respectively. Then, from
objecto; (1 < i < m), NEW-ANCHORScreates an anchor segmeay; in S.,.chor

{seg;.key = o;.key,
segi.rank =i [epy/2 - Native(CT)],
segi-[t-, t+) = [CT, *)}.

(the above triplet generalizes the triplet in Section 5.1). For any query attih¢hesem anchor segments
provide an answer whose maximum error is twice lower than permitted by Rrdbign Section 5.1, we
explained this aftef,,,...» Was computed at time 1).

Procedure CHECK -VALIDITY . To inspect the validity ofS,,,.,.- at the current event tim€1', CHECK-
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VALIDITY needs to obtain, for every segmenyy; € Sunchor (1 < i < m = [2/ep,]), a valuev;, which
equals the number of objects alive at tifig&" whose keys are less thaag;.key. Then,S,,chor iS invalid if
any of the followinginvalidation conditionss satisfied:

1. V1 2 Epy - Nalive(CT);
2. foranyi € [2,m], |v; — seg;—1.rank| > epy - Nyjive(CT);

3. |Nutive(CT) — segm.rank| > epy - Najive(CT).

To understand Condition 1 (or 2), note that(or v;) is essentially theeal resultfor a half-ranged query
q with ¢ = CT and g being infinitesimally smaller thageg;.key (or seg;.key). On the other hand, if
we use the curren$,,..»or 10 answerg, then the approximate result equals 0 §ey; 1.rank). Hence, if
Condition 1 (or 2) holds, it means that the approximation has error atdgastV,;;,.(t), which violates
the requirement of Problem 3. Similarly, Condition 3 implies tBgi... iS not able to correctly support a
queryq with ¢; = CT andgg4 = oo.

To illustrate GHECK-VALIDITY with an example, let us review the situation at timestarfip = 7 in Fig-
ure 3, whenS,,.ror iNncludes four segmentgg; = s1, sega = s9, segs = S3, segs = sS4, Whose associated
ranks are 1€ seg.rank), 2, 3, and 4, respectively, with respect to the dataset in Figueg,1=€ 0.5).
At time 7, the values ofy, vy, v3, anduvy are 0, 0, 2, 2, respectively. Sinéé,;,.(7) = 2, Condition 2 is
breached, aly — segi.rank| = |0 — 1| > ep, - Naiive(7) = 1. Furthermore, Condition 3 is also violated
becauseN e (7) — segm.rank| = |2 — 4] > 1. This confirms our decision in Section 5.2 th&}, .1, iS
invalid at time 7.

Sweeping-State Structure. NEw-ANCHORSand CHECK-VALIDITY are built upon two similar, but dif-
ferent, operations on the set of objects alive at the current eventdime Specifically, NNw-ANCHORS
requires IND-KEY(r), which, given a rank, retrieves the key of the object whose rank at tif*i€ equals

r. On the other hand, @=CK-VALIDITY demands WND-RANK (k), which, given a keyk, retrieves the
number of objects whose keys at tirdd" are lower thark. The goal of the sweeping-state structure is to
support both operations efficiently.

We choose the structure to be a modified B-tree that indexes the keys bi¢ictsalive at tim&T. Figure 5
shows an example, assuming nine live objects with keys 1, 2., ..., 9, regbhediompared to a conventional
B-tree, the modification lies in the fact that every intermediate entry is augmentteen aggregate, which
counts the number of leaf entries in the subtree. For instance, the fingt'®(®)” in node E indicates that
the routing key of the entry equals 1, and there are two leaf entries inode

A FIND-KEY(r) request can be processedMlogy Nuiive(CT)) 1/0s, whereN .. (CT') is the number
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Figure 5: The structure recording the sweeping state

of live objects at timeC'T. Assume that we employ the tree in Figure 5 to performo=KEY(7). The
operation starts by retrieving the roGt Since only 5 (i.e.< 7) objects exist in the left subtree 6f, the

key we are searching for must lie in the right subtree. Hence, we loagl Hadto memory, and assert that
the target key must appear in the left subtred’ginotice that any key in the right subtree Bfhas a rank
larger tharb 4+ 2 = 7). Thus, we access nod¢ and return the key 7 (i.e., the second smallest in the node).
Based on this strategy, anyNb-KEY(r) can be solved by accessing a single path of the B-tree.

Processing RD-RANK (k) incurs the same overhead. Specifically, the operation accesses thesiaaas
looking for the keyk in a normal B-tree. The only difference is that, at an intermediate Agdehenever we
descend an entry, we must add all the counters & on the left ofe to our temporary result. For instance,
imagine that we need to answeiNB-RANK (7.5). At the beginning, our temporary resukequals 0. At the
root GG, the operation follows the right subtree Gf(since the routing key of the second entryGnis less
than 7.5). Therefore, we add counter 5 of the first entny. tAt node F', we follow the left subtree; hence,
remains unchanged. Since two keys in the leaf nddee below 7.5, we add 2 tg and return the resulting
r="7.

Procedures INITIALIZATION and STRUCTURE-UPDATE. These procedures are mainly responsible for
initializing and maintaining the B-tree and the valuef;;,.(t), respectively. Specifically,NITIALIZA -

TION simply creates an empty tree, and s&tg;..(t) to 0. On the other hand, at each event timestamp
STRUCTURE-UPDATE removes the keys of all the objects that die at timiaserts the keys of those born at
this timestamp, and updaté§,;;,.(t) according to the numbers of removed and inserted keys. Obviously,
inserting/deleting a key tak&3(logz Nasive(t)/B) I/0s. Finally, NITIALIZATION also collects all the event
timestamps, and sorts them in ascending order. In practice, the sortingbeoaleided, because, under the
transaction time model, objects are born and die in ascending order bytdefau

5.3 Eliminating the Distinct-Key Assumption

So far our discussion has been based on an assumption: each pagjeaif @lbive at a timestamp should
have different keys. This assumption may be invalid in practice. For exatwmeaccounts in a bank may
have an equivalent balance at the same time. Fortunately, our technigbe easily extended to the general
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Figure 6: The sweeping-state structure without the distinct-key assumption

scenario where this assumption does not hold, without affecting the asyertptee and space performance.
In the sequel, we elaborate the necessary changes to the algorithmegroviglection 5.2.

Procedure NEw-ANCHORS. Recall that this procedure creates a new$gty.,- of anchor segments at the
current event timestam@7'. For this purpose, we adopt a modified version of~K EY(r), which returns
the smallest keyt such that at least objects alive atUT have search keys at at mdst Specifically, &
satisfies all the following conditions:

e atleast an object alive atC'T has a key equal tb;

e the ranko.rank(CT) of o at time CT' is at mostr (recall thato.rank(CT) — 1 is the number of
objects alive aC'T’ whose keys are lower thankey);

e o.rank(CT) + s is strictly larger thamr, wheres is the number of objects that are alive at tidi&,
and havek as their keys (obviously, these objects have an identical rank atfiff)e

As a side product, IND-KEY(r) also reports a value¢’ = o.rank(CT) 4+ s — 1. Notice thatr’ equals
precisely the number of objects that are alive at ti#, and their search keys are at mést

Equipped with such an operationEM-ANCHORSgenerates the anchor segments as follows. First, it sets
710 [€/2 - Nuive(CT)], and invokes MD-KEY(r). Let k andr’ be the values returned by the function.
Then, an anchor intervdk, r’, [CT, %)} is added t0S,,cho-- After this, NEw-ANCHORSrepeats the above
process, using a new= 1’ + [£/2 - Nuiive(CT)], until the newr is greater thaiV,;;,.(CT).

Procedure CHECK -VALIDITY . Let m be the number anchor segments created by the previous execution
of NEW-ANCHORS(m < [2/ep,|). Usingseg; (1 < i < m) to denote the segment with thh lowest key,
the procedure GECK-VALIDITY in Section 5.2 can be directly applied.

Sweeping-State Structure The structure is again a B-tree indexing the keys of the objects alive attifne

Each leaf entry contains a distinct key, which is associated with a cougteal ® the number of currently
live objects carrying that key. Each intermediate entry is also augmented withrder, which equals the
sum of the counters of all the leaf entries in the subtree. Figure 6 demtessiracxample. The first entry in
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nodeA indicates that 3 objects alive at timéave a key 1, whereas the counter 11 in the first entry of node
G is the sum of the counters of all the leaf entries in nadesd B.

FIND-KEY(r) can still be settled by accessing a single path of the B-tree, coStiig; 5 Nyjive(t)) 1/Os.
Remember that this operation eventually returns two vatuasdr’. Initially, it setss’ to 0, and loads the
root. In general, at an intermediate nalleFIND-KEY examines its entries from left to right. Given an entry
e, the operation checks whether the sum of its counter and the cufrerteeds. If no, »’ is increased
by the counter ok, and RND-KEY inspects the next entry. OtherwisaNB-KEY accesses the child node
of e, and carries out the above steps recursively, until reaching a ldafxio GivenX’, FIND-KEY scans

its entries from left to right, and adds the counter of an entry t@nce the entry has been scanned. The
scanning stops, as soonsdss larger than or equal to. The finalk is the key of the last scanned entry, and
the finalr’ is simply the current value of this variable. In Figure 6, for exampiepFK EY(14) visits nodes

G, F, C,and produces = 7,1’ = 16.

FIND-RANK (k) is performed in the same way as described in Section 5.2. The only differethat, after
reaching a leaf node, we increasby the sum of the counters of all entries whose keys are boundéd by

Procedures SRUCTURE-UPDATE. The procedure is identical to the one in Section 5.2, except that extra
efforts are needed to maintain the counters in leaf nodes. Specifically, arhebject is born with a kej,

we first check whether there exists a leaf entry in the B-tree having the/salfnges, the entry’s counter is
added by 1, and no new entry is inserted; otherwise, a new entry is adthekley &£ and counter 1. When

an object with key dies, we first decrease the counter of the leaf entry with that key. Ifdteter drops to

0, the entry is removed from the tree.

5.4 Analysis

We proceed to prove the asymptotical space consumption and querynpanfce of the solution in Sec-
tion 5.3. For this purpose, we u§éto represent the total number of anchor timestamps, which are denoted
asty, t9, ..., t7, respectively (recall that, if an anchor segment is born at tintkent is an anchor times-
tamp). Also, letA; (2 < i < T) be the total number of updates in the period©f 1, ¢;] (e.9.,A; = 3

if two objects are inserted and one is logically deleted). We first establistult tbat reveals an important
relationship betweek andN;;pe:

Lemma 1. For anyi € [2,T], A; > eny - Native (ti) — €nr - Najive (ti—1) /2.
Proof. We prove the lemma only far = 2, because the discussion directly extends to other valuea®f

well. Let S..chor D€ the set of anchor segments computed at timdRemember that the creation ©fis
becauses,,,, ..o becomes invalid at timg,, that is, at least one of the three invalidation conditions (referred
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to as Condition 1, 2, and 3 in the sequel) in Section 5.2 is satisfieg-dt. We distinguish three cases.

Case 1 [Condition 1 holds]: At timeé;, due to the wayS,,,..o- iS computed, there are, = [ep,/2 -
Naive(t1)] — 1 objects whose keys are lower thaey, .key. At time ¢o, v; objects have keys smaller than
segy .key; therefore:

Ay > v — v (6)

Note thatv} > 0; hencé, the right hand side of the above inequality

> for| =}
(By Condition 1) > Epy Nalive<t2) - ([Ehr ’ Nalive(tl)/2~| - 1)
> Epre Nalive(tQ) —Ehr Naliue(tl)/2 (7)

Case 2 [Condition 2 holds]: Attim&, there are, = seg;_1.rank + [, /2 Najive(t1)] — 1 Objects whose
keys are lower thareg;.key. Thus,

Ay > v — U;‘

= |v; — segi—1.rank — ([eny /2 - Najive(t1)] — 1)|

Sincelen,/2 - Nywe(t1)] — 1 > 0, the right hand side of the above inequality

v

’Ui — segi_l.rank| — ((Ehr/2 ’ Nalive(tl)—‘ - 1)
(By Condition 2) > &5, - Nautive(t2) — ([enr - Native(t1)/2] — 1)
> Epr- Nalive(tQ) —Ehr - Nalive(tl)/2 (8)

Case 3 [Condition 3 holds]: Clearly,

AQ > |Nalive(t2)_Nalive(t1)|

= |[(Native(t2) — segm.rank) — (Ngjive(t1) — S€gm.rank)|
As 0 < Nyjive(t1) — segm.rank < ep, - Naive(t1) /2, the right hand side of the above inequality

> ‘(Nalive(t2) - Segmmank” - (Nalive(tl) - segm.rank)
(By Condition 3) > Epr Nalive(tZ) — Ehr - ]Valive(tl)/2 (9)

According to Inequalities 7, 8, and 9, the lemma holds in all cases, thus congpttetiproof. Ol

3In general, given any two numbegsandb such thab > 0, it holds thatla — b| > |a| — b.
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Lemma 2. T = O(mm{N N/Nalwe}) where Ny, iS the average number of live objects at an
anchor timestamp, namel@c{alwe =7 Zi:l Najive(ti)-

Proof. T is obviouslyO(N), because the number of anchor timestamps is bounded by the numbertof even
timestamps. In the sequel, we will pro¥e= O(i - N/Naiive)-
Lemma 1 indicates that:

A2 Ehr Nalive(t2) —Ehr - Nalive(tl)/z
A3 > Ehr - Nalive(t3) —Ehr - Nalive(tZ)/z

v

AT Z Ehr - Nalive(tT) — Ehr - Nalive(tT—l)/2

Summing up the left and right hand sides of these inequalities, we obtain:

T

e
g Az > ( 2r § Nalwe ) + enr Nalive(tT) —Ehr Nalive(tl)/2
1=2

Ehyr -
> (;’ . ZNalwe(’L)> — Eppr Nalive(tl)/Q

Adding ey, - Nyive(t1) to both sides of the above leads to

Ehr
Ehr alwe tl Z A > Z Nalwe

Since there are totally/V updates in the whole history, the left hand side of the above inequality idedun
by 2N, resulting in

T
IS .
2N Z % . Z Nalive(l)

Eh
- TT . Nalive -T

ThereforeT' < - - N/Nuijwe = o(i - N/Ngiive)- B

At each anchor timestamp2 /ey, | = O(i) anchor segments are created; therefore, the total number of
anchor segments equal§ - - 7) = O(min{E ,(z2)? - N/Native })-

Combining the above result with the reduction to timestamp floor search in Sectiancan preprocess all
the anchor segments into an MVB-tree that consu@gsin{ -, ( i )2 - n/Naive }) SPace, and answers
any query inO(min{logg n,logg ﬁ —logp Naiive }) I/0s. Since each event timestamp can be handled in
O(Llogyn) 1/0s, all the anchor segments can be generat@(i%‘n logp n) I/Os, after which an MVB-tree
can be built inO(n logg n) time, leading tcO(g log g n) overall preprocessing cost.
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6 The Zoning Technique

For Problem 3, we have found a solution that requi@(snin{ﬁ (1)% - n/Nuive}) space, entails

’ \epy
O(g log g n) preprocessing overhead, and guarant@@sin{log n,logp = — log g Naiive }) query time.
Although the solution also settles Problem 2 (which allows extra errgglhefcompared to Problem 3), the
appearance oﬁ— in the complexities is a bit disturbing. For instance, givgp = 5%, -2 looks like

Ehr

20n, namely, 20 times larger than the amount of space occupied by the dathlsadewe show that it is
possible to removey,. completely, i.e., constraining the space cosbim), the preprocessing overhead to

O(N logp n), and the query time t®(log n). Accordingly, the error bound needs to be slightly relaxed:

1
depy

fromep, - Nyjive(qe) tO + enr - Naive(qr), @s permitted by Problem 2.

We start with a simple, yet important observation:

Lemma 3. If the number of event timestamps equal(s ;. - V), then the algorithm in Section 5.2 generates
at mostO (V) anchor segments; furthermore, the preprocessing castis logg n).

Proof. The algorithm of Figure 4 generates at m®st;,. anchor segments at each event timestamp. Hence,
the maximum number of anchor segments eq@4ld /<y, )-(e1--N)) = O(N). Since handling each anchor
timestamp takeS)(ilogB n) /0, the overall preprocessing overheacO(s(ilogB n) - (ep - N)) =
O(Nloggn) I/0s. O

Definition 7. A dataset isynchronousif the number of event timestamps equalsy, - N).

For a reasonable;,. (e.g., 5%), many practical datasets are indeed synchronous by ddfaukxample,
in Application 1 of Section 1, every day (i.e., a timestamp) a bank must handlgeartumber (sometimes
millions) of deposits/withdrawals. Similarly, in Application 2, all the (thousandssefsors report their
temperature readings at the same intervals. In both cases, the numbertdmssor logical deletions at a
timestamp is significantly larger than's;,,.. When the original datasé? B is synchronous, as a corollary
of Lemma 3, the solution of Section 5 occupi@émin{n, (%)2 -n/Nyive}) Space, incur®(N log g n)
preprocessing cost, and answers any quefy(imin{logz n, logp % —logp Najive }) 1/Os.

If DB is not synchronous, we will transform it, based on a “zoning” techniofte a synchronous oneé B*:

Definition 8. D B* has the same cardinality 3B, and possesses the following property. Given any half-
ranged queryy, if we obtain an answer by applying the method in Section B i, the answer deviates
from the true result folD B by less tha% + enr - Native(q1), WhereN g (q¢) is the number of objects in
DB alive atg;.

In the sequel, we will elaborate the transformation algorithm, focusing,or: 0.5. In fact, forey, > 0.5,
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-1 < 2. Hence, our approach in the previous section consubies N,;..) space, require® (N logy n)

Ehr

preprocessing time, and ensute8ogz n — logz Naiive) qUEry COSt.

Given the temporal stream @1 B, the algorithm computes another temporal stream determiifg, and
outputs the updates in this stream in ascending order of their timestamps. &ligcifve scan theD B
stream in chronological order, and buffer its updates in &$ét’. The buffering is carried out in the unit

of a timestamp; that is, once we decide to place an update at timestamBU F’, then all the updates

at timet¢ must also appear iBU F'. After buffering all the updates at an event timestamp, we examine

whetherl BU F| is at Ieast[ﬁ —1]. If no, the algorithm proceeds to buffer all the updates at the next even

1
45hr

timestamp, and then compardsl F'| with | =— — 1] again. If yes BU F' overflows

When an overflow occurs, we first create@nez, which is a periodz.t., z.t] of time. In particularz.t-

(or z.t4) equals the smallest (or largest) time of the update3liiF'. Then, we inspect each updateBd/ F,

and generate an update in the streanDd?* accordingly. Precisely, given an insertigiNS, o.key, t) in
BUF, we check whethet equalsz.t- or z.t4, in either case the insertion is retained directly. If neither
case holds, we change its timestamp z.t-. Similarly, given a logical deletiofLD, o.key,t) in BUF,

we keep it intact, ift coincides with either boundary timestamp 20f Otherwise t is replaced withz.t.

After examining all the updates iBU F', we sort them in ascending order of their timestamps. Note that the
sorting can be completed (| BU F'|/B) 1/0s, since now every update carries a timestamp equal to either
z.t or z.t4. The sorted list is appended to the streanbd?*.

Next, the algorithm clear®&U F', and continues to scan the streamiaB, until BU F' overflows again.
The above steps are repeated until all the update® Bfhave been seen. At this point, regardless of
|BUF |, we invoke the overflow handling process to generate the last zoneglhasyBU F'| updates in
the stream ofD B*. The overall transformation requiré¥(n) 1/0s. The total number of zones is at most
1+ 2N/L481M —1| = O(epr - N) (since at Ieas[ﬁ — 1| updates ofD B happen in each zone); therefore,
DB* is synchronous.

To illustrate the algorithm, Figure 7a show®)d with 5 objects, assuming,, = 1—16 After all the updates

of DB at timestamp 3 have been scannBd; F' contains 4 insertiondNS, 5k, 1), (INS, 4k, 2), (INS, 3k, 3)

1

and(INS, 2k, 3), and overflows (since > | ;-

— 1| = 3). To handle the overflow, we first create a zone
z1 = [1, 3], and then examine each updateBl/ F'. The first insertion is not modified, since its timestamp
coincides with the starting time af The time 2 of the second update, however, is not a boundary timestamp
of z; hence, the time of the update is changed to 1. The next two updates aneded&ectly. Thus,

the overflow handling creates 4 updates in the stream Bf: (INS, 5k, 1), (INS, 4k, 1), (INS, 3k, 3) and

(INS, 2k, 3), which start the lifespans ef;, o3, o3, ando} in Figure 7b, respectively.

Similarly, the second overflow happens at time 6, wiénF" involves(INS, 1k, 4), (LD, 1k, 5), (LD, 4k, 6)
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Figure 7: The zoning transformation

and(LD, 3k, 6). In this case, the overflow handling creates another zone [4, 6], alters only(LD, 1k, 5),

and adds the resulting updates to the strear» 8f. In particular, the alternation changes the timestamp

5 to 6, which is necessary, because 5 is not the starting/ending time Bfnally, at the last timestamp 8,
BUF includes(LD, 2k, 8) and (LD, 5k, 8). After producing the third zone; = [7, 8], we directly append

both logical deletions to th® B* stream. Now the stream contains 10 updates, which spawn the 5 objects in
Figure 7b. In general, the zoning transformation converts each abjedd B to another object™ € DB*

with the same key, but perhaps a longer lifespan.

Lemma 4. Given any half-ranged query with approximation raticey,., let x be the answer obtained by
applying our solution ta B*; then,z is also a correct result with respect {08, i.e., = satisfies the precision
requirement of Problem 2.

Proof. Let v be the precise answer of processingn DB. To establish the lemma, we will show that

lz —v| < ﬁ + enr - Naive(q:), WhereN ;.. (q;) is the number of objects i B alive at timeg;.

Let us usev* to denote the precise resultgith respect taD B*, i.e.,v* is the number of objecis* € DB
alive at timeq, whose keys are ig;.. By the wayz is computed, we know:

|z = "] < enr - Native(at) (10)

whereN*

alive

(g¢) is the number of objects i B* alive at timeg;.

Let S (andS*) be the set of keys of the objects inB (and D B*) alive at timeg;. In the zoning transfor-
mation, wherm € DB is converted to its counterpast € D B*, the lifespan ob* always covers that af.

Hence,S C S*. Furthermore, the transformation guarantees fifatontains at mos|g451h — 1| elements
that do not belong t&. Therefore:
1
" —v| < —1,and (11)
depy
% 1
|Nalive(qt) - Naliv@(%” < 4 - L (12)
Ehr
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Thus,

[z =] = [(z—=v")+ " -0

(By Inequalities 10 and 11)<  ep, - Nopive(qt) + -1

a

depy

. 1 1
(By Inequality 12) < ep, - | Native(qt) + —-1)+ -1
depy depy

<

48}” + Ehr - Nalive(Qt)

which concludes the proof. O

Summarizing the results in Sections 4 through 6, we have

Theorem 2. Let DB be a set ofN temporal objectso. We can build an MVB-tree that consumes
O(min{n,n - (1)2/Nui.}) space, wheres = N/B, B is the disk page size, antl,;;,. the average
number of live objects at an anchor timestamp. The tree permits any gtiBsfinition 3 to be answered in
O(min{logp n,logp % —logp Naive }) /0s. The preprocessing can be completed{iV log; n) I/Os, or
equivalentlyO(log g n) amortized time per object.

7 Supporting Data Updates

Our discussion so far focuses on a stdii$3. In this section, we will explain how to apply the proposed
technique to a dynami® B. For this purpose, let us assume thaB is initially empty, and then updated
with insertions and logical deletions in a temporal stream. Accordingly, wepirgelN as the number of
objects that have been inserted (but may or may not have been logicallgdjebes beforep = N/B. We
will present a solution that always occupi@$n) space, answers any half-ranged quer@ittogz n) 1/0Os,
and incorporates the next update in amortigdtbg ; n) 1/0s.

Recall that, given a statiD B, we will (i) first perform the zoning transformation to convert itfiaB*, (ii)
then apply the algorithm of Figure 4 dnB* to generate anchor segments, and (iii) finally build an MVB-tree
on the resulting segments. Note that the three modules, zoning transforraatibiny (segment) generation,
and MVB construction, all accept a temporal stream as their inputs, i.eapsiref DB, DB*, and anchor
segments, respectively. Furthermore, the first two modules also outpuipari@ stream, namely, streams
of DB* and anchor segments, respectively.

To support a dynami® B, we will perform these modules simultaneously in a pipelined fashion, as illus-
trated in Figure 8. Whenever an insertion or logical deletion (in the streat#) is generated by the
zoning transformation, it is fed immediately into anchor generétidm turn, any update (in the stream of

“Remember that, to process an event timestanapchor generation must have all the updates at tinf@rtunately, this does
not create any problem in pipelining, because zoning transformatialupes updates of the same timestamp together.

27



MVB construction

4

k
stream deciding anchor segments

anchor segment
generation

DB* stream

zoning transformation

DB stream

Figure 8: Pipelining for supporting a dynamizB

anchor segments) produced by anchor generation will be forwardd¥ Boconstruction right away. Other
than these connections, the three modules are independent, and woaktly &xe same way as in the case
of static DB. Therefore, the amortized I/O cost is identical to that of the static casepilegy N) I/0Os,

as stated in Theorem 2.

Query answering under the pipelined framework is slightly more complexClU&fz andCTpp+ be the
most recent timestamps that have been fully processed by the modulesrmgf ransformation and anchor
generation, respectively (a timestamis fully processed if all the updates@ahave been tackled). Appar-
ently, CTpp > CTpp+. The query timey; of a half-ranged query may equal any value between 0 and
CTpp. Depending oy, queryq should be answered in different ways:

e Case 1{; < CTpp~]: The MVB-tree has already captured the anchor segments aliye Bence,
using the reduction in Section 4, we perform timestamp floor s€&icfy;, g, ) on the MVB-tree,
and return the rank associated with the retrieved anchor segment.

e Case2{Tpp+ < q: < CTpp]: The anchor segments alive@thave not been computed yet; thus, it
is not possible to employ the MVB-tree for solviggAs a crucial observation, in this case, th&/ F'
employed by the zoning transformation module contains less Ltlgéfg — 1| updates (sinc&BU F'
would have been emptied [BU F'| > L4€1hr — 1]). Furthermore, these updates all bear a timestamp
larger thanC'Tp g+ (notice thatCTp g+~ equals the time wheBU I’ was cleared last time).

Remember that, as explained in Section 5.2, the anchor generation module msantaimeeping-
state” structure, which is an augmented B-tree, indexing the keys of allbjeets inD B* alive at
CTpp~. Let us maintain a similar structure, denotedfgswhich is an augmented B-tree managing
the keys of all the objects i B alive atCTpp. To processg, we simply invoke FND-RANK (gx+)

on Y, and directly return the result (RD-RANK is a procedure explained in Section 5.3). Such
a result has error less tha@% — 1], because all the updates @h3 between timestampg and
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CTpp must exist inBU F', whose size, as mentioned earlier, does not ex@gséﬁg — 1]. T occupies
size O(Nuive(CTpp)) and can be maintained i@ (logg Naive(CTpp)) 1/0s per update, where
Naive(CTpp) is the number of objects ik B alive atC'Tp, and may be by far lower thaN. The
cost of performing MD-RANK (gx+) on T is O(logg Nauiive(CTpg)) 1/Os.

Theorem 3. Given a temporal streamy B, we can maintain several structures that consume totally)
space, and can be maintained @(logz n) 1/0s per update, where = N/B, N is the total number of
insertions in the stream so far, arilis the disk page size. Using these structures, we can solve any query of
Definition 3 inO(logg n) I/0s.

8 Experiments

This section experimentally evaluates the effectiveness and efficieribg groposed solution, referred to
asAncSedfor “anchor segments”) in the sequel. Towards this purpose, we esizthtemporal datasets,
each of which simulates the balance changes of 100k bank aceauntsccs, ..., accigok during a history

of H discrete timestamps 1, 2, .H,. Specifically, the temporal stream of a dataset is generated as follows.
At time 1, 100k insertions are created in the stream, registering the initial lesl@f@ll accounts. Then, at
every subsequent timestamhe balances af- 100k accounts are updated (in a way to be clarified shortly),
whereaq is a dataset parameter calladility. In particular, each update is performed by a logical deletion,
followed by an insertion, both at time In other words, there are- 100k logical deletions/insertions per
timestamp (hence, a dataset with a larger more “agile”). Notice that each account is modifiedd times

in expectation during the entire history.

To generate balance updates, we choose two distribufiditsl’s and D1ST., to be the balance distribu-
tions at the first and last timestamps of the history, respectively. The initi@htaace;.keys (1 < i <
100K) is randomly decided followingp 7 ST;. Similarly, we also generatecc;.key. according toDIST,,
which is the (expected) balance @fc; at the final timestam@{. Then, at each update etc;, we add

acc;.keye—acc;
a-H

Note thatacc;.key. may be smaller thance;.keys, in which case the addition essentially decreases the

keys 10 its current balance (so that, after H updates, the balance @fc; becomesice;.key.).

balance.

DIST, and DIST, are selected from the following four distributiongniform, Zipf, CA, andLB, all of
which have a key domai, 10000]. Specifically,Uniformrepresents the uniform distribution, wher&sf
stands for a Zipf distribution skewed towards 0 with a coeffiGi€n8. CA, on the other hand, is obtained
from a real spatial dataset, containing 63k two-dimensional points denatidigesses in California. For
each point, we take its distance to the center of the two-dimensional data gdebeing normalized to

SWhen the coefficient equals 1, all numbers in the distribution equal Onvithequals 0, the distribution degenerates into
uniformity.
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Figure 9: Probability density functions of key distributions

[0, 10000], all the distances constitute the distributi©A. Generating a value according@ means setting

the value to a distance randomlyB is created similarly, except from another spatial dataset including 53k
locations in the Long Beach county. Both spatial datasets are the prodilcess TIGER project of the US
Census Bureau, and availablehdp://www.census.gov/geo/wwwi/tiger/

Figure 9 visualizes the probability density functiondfi, Zipf, CA, andLB, respectively. We will denote

a temporal dataset by the names of éST, and DIST, used to generate it. For exampl&pf-CA
indicates a dataset withh ST, = Zipf and DIST, = CA. Figures 10a through 10d illustrate the balance
distributions ofZipf-CA (with agility « = 5% and history lengthf = 300) at timestamps 60, 120, 180, and

probability (107°)
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Figure 10: Key distribution transition &ipf-CA(a = 5%, H = 300)
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Parameters Values

history lengthH 100,300, 500
agility a 1%, 2.5%,5%, 7.5%, 10%
approximation ratie 1%, 2%, 3%, 4%, 5%

length of a query’s key rangg.len. | 100, 500,100Q 1500, 2000

Table 2: Experiment parameters (bold values are defaults)

H 100 300 500
Cardinality | 600k | 1.6 million | 2.6 million

(a) Cardinality vs.H (a = 5%)

a 1% | 2.5% 5% 7.5% 10%
Cardinality | 400k | 850k | 1.6 million | 2.35 million | 3.1 million

(b) Cardinality vs.a (H = 300)

Table 3: Cardinalities of the datasets in our experiments

240, respectively. Remember that the distributions at timestamps M amdZipf andCA, respectively. We
will examine datasets with 4 distribution transitiotuni-CA, Uni-LB, Zipf-CA, andZipf-LB.

Eachworkload contains 10000 querieg obtained as follows. The query timestampof ¢ is a random
integer in the range oft, 100]. To create its key rang@. = [qx-, qx—], We first decide the value afy

in [0,10000 — gxlen], following the key distribution of the underlying dataset at tigpe Here, gxlen is a
workload parameter dictating the length@f Then,q,— is set togu- + grlen.

Table 2 summarizes the parameters of the subsequent experiments, togdthdeir values, of which
those in bold are the defaults. Unless specifically stated, each paramegeitasits default. Assuming
a = 5%, Table 3a demonstrates the cardinalities of the datasets with vatidtesgardless of theiD 15T
and DIST,). Similarly, fixing H to 300, Table 3b presents the cardinalities with respect to different
Observe that the cardinality increases linearly with bidthnda.

The page size is set to 4k bytes in all the experiments. We will compare thesamfinsSegechnique
against theMlVSBtree, which is the state-of-the-art for precise temporal aggregatioorgviewed in Sec-
tion 2. Section 8.1 demonstrates tatsSegonsumes significantly less space th¥SB In fact, as shown
later, AnsSegactually takes up only a fraction of the space occupied by the originaledat&ection 8.2
proves that our solution retrieves highly accurate answers with very/@wadst.

8.1 Space Consumption

The first set of experiments evaluates the number of anchor segmedtgedobyAnsSegwhich depends
on the key distribution, history lengtl, dataset agilityz, and approximation ratie. Figure 1la plots

31



number of anchor segments ratio to dataset cardinality

0, T
140k Uni-CA —+— 10% Uni-CA —+—
120k | yni-LB —x— 1 8% | Uni-LB —>—
100k | Zipf-CA —=— ] ' Zipf-CA —H—
80k | Zipf-LB —~— ] 6%, Zipf-LB —&— |
N
60k 2% |
40kg 1 . 5
20k | — 2% "
Ok : 0% ‘
100 300 500 100 300 500
history length H history length H
(a) Number of anchor segments (b) To-cardinality ratio

Figure 11: Volume of anchor segments ¥&.(a = 5%, ¢ = 1%)
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Figure 12: Volume of anchor segments ug.H = 300, e = 1%)

the number as a function dff, for datasets with different distribution transitions. Akincreases, the
dataset cardinality becomes higher, too (see Table 3a). Thereforsavespect théo-cardinality ratio,
equal to the number of anchor segments divided by the cardinality. Figlr@resents the corresponding
ratios for the results in Figure 11a. Unlike the linear growth of cardinality iiththe number of anchor
segments increases only sub-linearly, such that the to-cardinality ratitiswously drops a$/ escalates.
This phenomenon suggests thatsSeds well-suited for a practical database, where the history is typically
very lengthy.

Figure 12a (12b) illustrates the number of anchor segments (to-cardirediity with respect to various

agilitiesa. The number of anchor segments again accounts for only a small pgyeaitthe dataset size

(maximum 11% of the cardinality), and monotonically decreasesgaews. In Figure 13, we increaseaup

to 5%, and measure the volume of anchor segments accordingly. As ekpfegter anchor segments are
necessary when the accuracy requirement is weaker.

The next set of experiments examines the space consumptitncegand MVSB Focusing orJni-CA,
Figure 14a compares the amount of space occupiefinosegMVSB and the underlying datasets. Note
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Figure 14: Space overhead \B.(a = 5%, ¢ = 1%)

that the y-axis is in logarithmic scale. Due to @& nlogn) complexity, an MVSB-tree is several times
larger than the original database. The space cost of the proposeiiezhon the other hand, is only a
small fraction of the database volume, and lower than thé\é8Bby an order of magnitudeFigures 14b,
14c, and 14d present the comparisonmi-LB, Zipf-CA andZipf-LB, respectively, confirming the same
observations.

We repeat the experiments of Figure 14, but by fixiigtco 300, and varying: instead. The results are
presented in Figure 15. The overall phenomena are analogous to thogeria 14, except that the difference
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Figure 15: Space overhead vs(H = 5%, ¢ = 1%)

betweemAncSe@ndMVSBis ever more significant (recall that, as shown in Figure 12, the numbacbba
segments accounts for a smaller percentage of the cardinalitygrasvs).

The last experiment of this subsection evaluates the space voluAre8tgwhen the approximation ratio
¢ is raised from 1% to 5%. Figure 16 demonstrates the results. For congeraéromparison, the figure
also provides the volumes of the databaseMEB which, apparently, do not vary with As is consistent
with the findings in Figure 13, the space costaicSeglecreases drastically agrows. In particular, for
e > 4%, our technique requires less than 100k bytes, for a dataset of ovee@8 bytes!

8.2 Query and Update Performance

Having shown thalAncSegentails low space overhead, we proceed to examine its query and upilate ef
ciency. In particular, we study three aspects of performance in tueryauror, processing cost, and update
cost.

The relative error of a query (in the approximate answer returnékhbgeyis calculated ag st — act|/act,

whereact andest denote the precise and approximate results, respectively. Given &aykve measure
the quality of (the answers produced BANcSegqusing two metrics: thenedian error and theconfidence
bound Specifically, the former is the median of the relative error of all the quémiéise workload. The
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Figure 16: Space overhead ¥S(H = 5%, a = 5%)

confidence bound, on the other hand, equals the 9000-th largesteeatr in a workload. In other words,
the relative error of 90% of the queries in a workload do not exceedaihigdence bound.

Currently, there does not exist any method that can rigorously match #ue gmnsumption and query
precision ofAncSegt the same time. Thus, we compamecSegagainst the histogram methodology, since
histograms are a highly popular selectivity estimation approach. Regardetgtemporal object and a
timestamp range count query as special rectangles, we implemented a sodwiboped in [20], which is
designed to support selectivity estimation of rectangular range seagcldata rectangles; that solution is
referred to addistogramin the sequel. In each experiment, the amount of space allocaté@dtmgramis
equivalent to the space occupiedApcSeg

Figure 17 compares the query error AficSegand Histogramby varying H, using the default settings
of a, ¢, andgrlen. Specifically, Figure 17a shows the results for the datesetCA The white (grey)
columns represent the median errorAofcSeg(Histogran). The horizontal bar above a column indicates
the confidence bound of the corresponding median. Figures 17baddd,7d illustrate similar results with
respect to dataset$i-LB, Zipf-CAandZipf-LB, respectively. Note that the y-axis is in logarithmic scales.

Histogramincurs huge error, which is often over 100%, and higher than the efrAncSegdoy orders of
magnitude. The poor effectiveness Hilstogramis expected for two reasons. First, (unlik@cSey this
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solution does not have any provably-good precision guaranteegtsatdh the worst case its absolute error
can be as large as the dataset cardinality. Second, it is well-known thagraisis perform well only if
they are allowed a sufficiently large amount of space. In other wordspee consumption &ncSegs
considerably below the threshold whéiestogramis able to yield accurate estimates. Sittistogramis
consistently much worse in all the following experiments, we do not discussdhiton further.

Figure 18 demonstrates the precisionAsfcSegas a varies from 1% to 10%. Two crucial observations
can be made from Figures 17 and 18. FifsticSegoroduces extremely accurate answers, with maximum
confidence bound below 3% in all cases. Remember that such high ec@isehieved by occupying a tiny
fraction (around 1/10) of the space of the database (see Figuresl 1bprSecond, the quality éncSegs
fairly stable, and is hardly affected Wy anda. Particularly, in Figure 17 (18), the results at varidiliga)

in the same diagram differ by less than 0.5%.

To study the impact of, we measure the median error and confidence boundgeswvs from 1% to 5%.
As shown in Figure 19, although the answers frAmcSegare less precise for a greaterthey are still
reasonably accurate. These results, combined with those in Figure I&tenthat our technique offers a
tradeoff between accuracy and space consumption. A user cartséhe lowest value satisfying her/his
precision requirement, to achieve the minimum space overhead. In Figuree2Qudy the error changes
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with respect tay.len. AncSeds especially effective when the query results are large. This is notisimgp
because the absolute error is always limited within a bound, which is notrictdebyq,len; therefore,
given a greater actual result, the relative error decreases.

The next set of experiments investigates the query cosineSegand how it compares witMVSB Re-

call that the indexing schemes AhcSegand MVSBleverage the multi-version methodology described in
Section 2.3. In particular, for both solutions, query processing is chot¢ only in the logical tree (in the
multi-version structure) that is responsible for the query timestamp. Assunanghiintree has a height

the query cost is alway®h. For AncSegthis is due to the fact that, it answers a query by two timestamp
floor retrievals, each of which scans a single path of the tree. Thenrdas®™VSBis similar; it reduces

a timestamp range count query to two “single-time-less-key” operations ¢a8h of which also accesses
one path of the tree. Therefore, the relative superiority (in queryiaffiy) betweerAncSegand MVSBis
determined by the heights of their logical trees for processing the samg quer

The height of a logical tree at a timestampn turn, is proportional to the number of objects alive.afor
AncSegeach “object” means an anchor segment, wheread/¥8RB it refers to an ordinary object in the
dataset. Hence, a logical treeAmcSechas fewer levels than in an MVSB-tree. For all the experiments in
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Figures 17-20AncSe@nswers every query in 4 1/Os (i.e., the height equals 2), compared te 61ND/SB
The only exception happens in the scenario of Figure 19. Here, fo2%, each logical tree il\ncSedhas
only a single level; therefore, the query overhead becomes 2 1/0s (whiM\isBcost remains 6 1/0s).

Finally, we discuss the update costAficSeg It requires more expensive update overhead M&SB
because each object needs to be inserted to and then removed fronubtoress. Specifically, as explained
in Section 7, when an objeotarrives, it is first added to a structuiein the “zone transformation” module.
Later, o is deleted fromiY, then included in the sweeping-state structure in the module of “anchor segme
generation”, and finally, evicted from that structure as well. Both strastbave a height of 3; therefore, the
overall update cost dincSegs 12 I/Os per object. This is 4 times higher than the update overhedif 8
since, for each objeciVSBperforms a single insertion into an MVSB-tree with 3 levels.

9 Conclusions

Temporal aggregation is an important operator for two reasons. Figtegates are the direct target of
analysis in a large number of applications of temporal databases. S¢éttemiymbers of objects qualifying
various range predicates are essential inputs to many sophisticated datatasks) such as association rule
mining, decision tree learning, etc. Motivated by the fact that preciseeggtion demands expensive space
or query overhead, in this paper, we propose a novel techniquéitdertly computing approximate results
with good quality guarantees. Our solution possesses rigorous thebpeticals:O(n) space consumption
and O(logg n) query time. Furthermore, as proved by extensive experiments, the sollsiorexhibits
excellent practical performance. In particular, it requires only a tiagtfon (around 1/10) of the space of
the database, settles any query in a small number (maximum 4 in all tested @aB€s), and provides
answers with median relative error below 5%. The space and queryaagkis significantly lower than that
of the current state-of-the-art.

For future research, it would be interesting to study temporal aggregatiorore complex data. In this paper
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we assume only one non-temporal attribute in a query’s predicate whigrgageral, multiple such attributes
may be involved. For example, in weather monitoring, a sensor may perfoliiplatypes of measurement
such as temperature, humidity, and so on. Hence, a query may retrievagtbesr where the temperature
and humidity readings fall in certain ranges at a particular timestamp. Extetidinroposed solutions to
support such queries remains a challenging topic. Another exciting dingstio investigate objects that are
modeled as segments with arbitrary orientations (not just horizontal segragat® discussed in our work).
Such objects are abundant in spatiotemporal scenarios. For exammeerahe locations of vehicles on
a highway. Treating the highway as a one-dimensional key domain, eaatiolodi.e., the key) can be
represented as a single value. When a vehicle is traveling with a fixed velqdity trajectory is a line
segment in the key-time space, whose slope equals exagiignce, the segment is horizontal only if the
vehicle is static). Another segment is created whenever the object alteetoitity. Here, a temporal range
count query would “find the number of vehicles on 1-95 between Exits8at 11am yesterday”.
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