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Abstract

The ability to model time-varying natures is essential
to many database applications such as data warehous-
ing and mining. However, the temporal aspects pro-
vide many unique characteristics and challenges for
query processing and optimization. Among the chal-
lenges is computing temporal aggregates, which is com-
plicated by having to compute temporal grouping. In
this paper, we introduce a variety of temporal aggrega-
tion algorithms that overcome major drawbacks of pre-
vious work. First, for small-scale aggregations, both the
worst-case and average-case processing time have been
improved significantly. Second, for large-scale aggrega-
tions, the proposed algorithms can deal with a database
that is substantially larger than the size of available
memory.

1. Introduction

Database applications often need to capture the time-
varying nature of an enterprise they model. The im-
portance of such need has been recognized by several
database research groups, and temporal database mod-
els and query languages have been developed and re-
ported in the literature [8, 13]. In fact, there are several
temporal query languages supporting temporal aggrega-
tion [12]. However, temporal data and queries provide
many unique characteristics and challenges for query
processing and optimization. Among the challenges is
computing temporal aggregates, which is complicated
by having to computetemporal grouping.

In temporal databases, temporal grouping is a process
where the time-line is partitioned over time and tuples
are grouped over these partitions. Then, aggregate val-
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ues are computed over these groups. In general, tempo-
ral grouping is done by two types of partitioning [12]:
span groupingand instant grouping. Span grouping
is based on a defined length in time, such as week or
month, and is independent of temporal attribute values
of database tuples. On the other hand, instant grouping
depends on the data stored. Any pair of consecutive in-
stants create a time interval, over which the aggregate
value remains constant. Such intervals are called con-
stant intervals. Aggregations based on span and instant
groupings are calledspan aggregationand instant ag-
gregation, respectively. In this paper, we focus on com-
puting instant aggregates, which we believe is the most
common and challenging temporal aggregation.

Computing instant aggregates is expensive because it
is necessary to know which tuples overlap each instant,
and simply considering each tuple in order in a sorted-
by-time relation will not be sufficient due to the vary-
ing interval lengths [9]. For example, computing the
time-varying maximum salary of employees involves
computing the temporal extent of each maximum val-
ue, which requires determining the tuples that overlap
each temporal instant. Figure 1(a) shows a sampleEm-
ployees table with two temporal attributes, which rep-
resent the beginning and ending of the valid-times of
individual tuples. The resulting instant aggregation of
the maximum salary (along with the number of employ-
ees) is given in the table in Figure 1(b). Note that while
multiple values are returned, the aggregation results in a
single scalar value at each point in time, with the pe-
riod over which the aggregate value remains constant
collected into a single tuple. One could also envision
an instant aggregate function, which would evaluate a
time-varying maximum salary for each department.

This temporal aggregation can be processed in a se-
quential or parallel fashion. The parallel processing
technology becomes even more attractive, as the size of
data-intensive applications grows as evidenced in OLAP
and data warehousing environments [3]. Although sev-
eral sequential and parallel algorithms have been devel-



Name Salary Dept Begin End
Richard 46,000 Accounting 18 31
Karen 45,000 Shipping 8 20
Nathan 35,000 Marketing 7 12
Nathan 38,000 Accounting 18 21

(a) Input Database Tuples

Count Max Begin End
1 35,000 7 8
2 45,000 8 12
1 45,000 12 18
3 46,000 18 20
2 46,000 20 21
1 46,000 21 31

(b) Temporal Aggregation Results

Figure 1. Sample Database and Its Tempo-
ral Aggregation

oped for computing temporal aggregates [7, 9, 12, 14,
15], they suffer from serious limitations such as the size
of aggregation restricted by available memory and re-
quirement of a priori knowledge about the orderedness
of an input database.

In this paper, we propose a variety of temporal ag-
gregation algorithms that overcome major drawbacks of
previous work. The proposed solutions provide the fol-
lowing benefits over the state of the art:

� Two new algorithms proposed for small-scale ag-
gregations do not require a priori knowledge about
an input database, and they have improved both the
worst-case and average-case processing time sig-
nificantly.

� Another new algorithm proposed for large-scale
aggregations relies on a novel data partitioning
scheme, so that it can deal with a database substan-
tially larger than the size of available memory.

It should be noted that the problem of computing tem-
poral aggregates is different from the relational aggre-
gation that can often be seen in the data warehousing
environment. While data items in the data warehousing
environment are envisioned as points in their data do-
main, we deal with temporal data associated with time
intervals of arbitrary lengths.

The rest of this paper is organized as follows. Sec-
tion 2 surveys the background and related work on com-
puting temporal aggregates. Major limitations of pre-
vious work are also discussed in the section. In Sec-
tions 3, 4, and 5, we present the improved algorithms
for small-scale aggregations, and scalable solutions for
large-scale aggregations based on data partitioning and
parallel processing techniques. Section 6 presents the

results of experimental evaluation of the proposed solu-
tions. Finally, Section 7 summarizes the contributions
of this paper and gives an outlook to future work.

2. Background and Previous Work

There are two types of aggregate computations in con-
ventional relational database systems: scalar aggregates
and aggregate functions. Scalar aggregates are opera-
tions such ascount , sum, avg , max, andmin that
produce a single value over an entire relation, while ag-
gregate functions first partition a relation based on some
attribute value and then compute scalar aggregates inde-
pendently on the individual partitions.

A scalar aggregate is composed of an aggregate ex-
pression and an optional qualification. A simple two-
step algorithm was proposed by Epstein for evaluating
scalar aggregates [5]. To handle many scalar aggre-
gates in a query, the algorithm computes each of them
separately and stores each result in a singleton relation,
referring to that singleton relation when evaluating the
rest of the query. A different approach employing pro-
gram transformation methods was proposed to systemat-
ically generate efficient iterative programs for aggregate
queries [6].

The first approach for implementing temporal aggre-
gation was proposed by Tuma [14] and was based on an
extension of Epstein’s algorithm. In this approach, the
constant intervals are determined first, then the aggre-
gate is evaluated using the Epstein’s technique. Since
the two steps are separate and the first one must be com-
pleted before the second one, a database must be read
twice.

More recent algorithms were proposed by Kline and
Snodgrass [9] for temporal aggregation based on instant
grouping of tuples. The algorithms are calledaggrega-
tion treeand its variantk-ordered aggregation tree, as
they build a tree while scanning a database. Both al-
gorithms are fast and require minimal I/O overhead, as
they need to scan the database only once to build a tree
in memory. Then, the resulting tree stores enough infor-
mation to compute temporal aggregates by traversing it
using depth first search.

2.1. Limitations of Previous Methods

It should be noted that the order of tuples inserted into
the aggregation tree affects its performance, though not
its result. If the tuples are sorted via the start time and
inserted in that order, the aggregation tree would look
more like a linked list, causing insertions to be slower
than insertions into a balanced binary tree. For the rea-
son, the worst case time to create an aggregation tree is
O(N2) for N tuples sorted in time. Even more serious
limitation of the aggregation tree approach is that the



entire tree must be kept in memory. Since the size of an
aggregation tree is proportional to the number of distinct
timestamps (both start times and end times), the size of
the database the aggregation tree algorithm can deal with
tends to be limited by the size of available memory and
the number of distinct timestamps of tuples.

To circumvent this problem, a variant of the aggre-
gation tree, called k-ordered aggregation tree, was pro-
posed by the same authors. The k-ordered aggregation
tree takes advantage of thek-orderednessof tuples to en-
able garbage collection of tree nodes, so that the mem-
ory requirements can be reduced significantly. Howev-
er, the k-ordered aggregation tree approach assumes that
the tuples in a table be ordered within a certain degree.
Specifically, each tuple is at mostk positions from its
position in a totally ordered version of the table. This
requirement is difficult to be met in a real database sys-
tem. Without a priori knowledge about a given table, the
k-orderedness is expensive to measure, as it requires an
external sort of the table. The worst case running time of
the k-ordered aggregation tree algorithm is stillO(N2).

3. Improved Algorithms for Small-Scale Ag-
gregation

In this section, we present two new algorithms for
computing temporal aggregates, as alternatives to the
aggregation tree algorithm [9]. The aggregation tree is a
binary tree, which is similar to the segment tree by Bent-
ley [2]. The segment tree is a static structure, which can
be balanced for a given set of abscissae. However, there
is no guarantee that the aggregation tree is always bal-
anced, because the aggregation tree is dynamically con-
structed as the tuples in a database are being scanned and
inserted into the tree. Thus, the structure of the resulting
aggregation tree depends on the order of tuples insert-
ed. This fact may cause the worst case running time of
O(N2) for a database ofN tuples, particularly when
the tuples are ordered by their timestamp values. Such
a quadratic complexity may be impractically costly for
many database applications.

As will be seen in this section, we have observed that
the five most common aggregation operators can be cat-
egorized into two groups, namely,count , sum, avg
in one group, andmax, min in the other. For the latter
group, there is more demand to keep track of attribute
values of tuples. This observation has led us to devel-
op a different algorithm for each of the two groups of
aggregation operators. The solution to the first group
of operators, which we call abalanced treealgorithm,
will be presented in Section 3.1. The main idea of this
algorithm is that the tree can be balanced dynamically
as tuples are being inserted, bygiving up the notion of
maintaining intervalsin the tree nodes. The solution
to the second group is called amerge-sort aggregation
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Figure 2. Example of count Aggregation
by Sorting Timestamps and Tags

algorithm, which is similar to the classical merge-sort
algorithm [10]. This algorithm will be presented in Sec-
tion 3.2. In this section, we assume that the memory is
large enough to store the entire data structures required
by each aggregation algorithm. In the rest of this paper,
we use thecount andmaxas the representatives of the
two groups of operators, respectively.

3.1. Balanced Tree Algorithm for count Aggre-
gation

A relatively simple approach based on timestamp
sorting can provide an efficient solution for thecount
aggregation. This approach starts with loading the en-
tire tuples in memory. Then, the timestamp values are
extracted from the tuples, and each timestamp is associ-
ated with a tag, which indicates whether the timestamp
is a start time or an end time of a tuple. These times-
tamps and tags are then sorted in an increasing order of
the timestamp values. See Figure 2 for a sorted list of
timestamps and tags for a sample database given in Fig-
ure 1(a).

The count aggregate is computed by scanning the
sorted timestamps and tags in an increasing order. Get-
ting started with a counter initialized to zero, the counter
is incremented by one when a START tag is encoun-
tered, and it is decremented by one when an END tag
is encountered. When more than one tags are associat-
ed with a timestamp, the counter is incremented by the
number of START tags or decremented by the number
of END tags. For example, in Figure 2, when the times-
tamp value18 is encountered, the counter is incremented
by two from 1 to 3 because there are two START tags as-
sociated with the timestamp. Apparently, the worst case
processing time of this approach isO(N logN), where
N is the number of tuples in an input database.

In real world temporal databases, it may be the case
that many tuples share the same timestamp values for
their start times and end times. Nonetheless, this
timestamp-sort approach requires the same amount of
memory and processing time regardless of the repeat-
ed timestamp values. Thus, we propose abalanced tree
algorithm to further optimize its performance for such
databases with repeated timestamp values.

The motivation behind the balanced tree algorithm is
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Figure 3. Example of Balanced Tree Con-
struction

that the sorted list of timestamps can be built even with-
out loading an entire database into memory at once. In-
stead, the timestamps can be sortedincrementallyby in-
serting them into a balanced tree, as the tuples of an
input database are being scanned. Each node of a bal-
anced tree stores a timestamp, either a start time or an
end time, but need not store a START/END tag. Instead
of the tag, each node stores two counters: one storing the
number of tuples starting at the timestamp and the other
storing the number of tuples ending at the timestamp.1

Additionally, a color tag is stored in each node, as we
use thered-blackinsertion algorithm [4] to keep the tree
balanced dynamically.

Figure 3 shows the process of building a balanced tree
for the sampleEmployees table in Figure 1(a). In the
figure, we only show timestamps and counters, which
are relevant to temporal aggregate computation. When
the start time18 of the first record is inserted into an
empty tree, a new node is created for the timestamp, and
then its start-counter and end-counter are set to one and
zero, respectively. The resulting tree having a single n-
ode is shown in Figure 3(a). Figures 3(b) and (c) illus-
trate snapshots of the tree before and after the tree is
balanced by the red-black insertion algorithm. We do
not elaborate on the red-black insertion because it is not
the focus of this paper.

The balanced tree algorithm proceeds in two steps,
first by creating the tree and then by traversing the tree.
Whenever a tuple is read from an input database, the
balanced tree is probed to see whether the start and end
times of the tuple are already in the tree. If the start (or
end) timestamp is not found in the tree, then a new n-
ode is created and inserted into the tree. Otherwise, the
start time (or end time) counter of a node that contains
the timestamp is incremented by one without inserting
a new node. Once the balanced tree has been built, the
algorithm computes aggregate values while performing
an in-order traversal of the tree. Specifically, whenev-
er a tree node is visited, thecount aggregate value is
incremented by the start-counter value of the node and

1For sum aggregation, each node stores two variables: one stor-
ing the attribute value sum of the tuples starting at the timestamp and
the other storing the attribute value sum of the tuples ending at the
timestamp.

Algorithm 1: Balanced Tree
setT  an empty balanced tree;
foreachtuple t in a tabledo

if (t:start time = n:ts for any noden in T ) then
n.no starts++ ;

else
insert a new noden0 (with n

0.ts = t.start time ) into
T ;

if (t:end time = n:ts for any noden in T ) then
n.no ends++ ;

else
insert a new noden0 (with n

0 .ts = t.end time ) intoT ;

setcount  0;
foreachnoden in T traversed by in-orderdo

count += n.no starts ;
outputn.ts andcount ;
count -= n.no ends ;

decremented by the end-counter value of the node. The
proposed balanced tree algorithm is summarized in Al-
gorithm 1.

By eliminating redundant timestamp values from the
tree, the balanced tree algorithm reduces the memory
requirements and tree traversal time substantially espe-
cially for a database with a small percentage of unique
timestamps. The balanced tree stores information need-
ed for temporal grouping and aggregation both in inter-
nal nodes and leaf nodes. Thus, the balanced tree algo-
rithm uses only half the nodes required by the aggrega-
tion tree algorithm, which stores constant intervals only
in leaf nodes.

3.2. Merge-Sort Algorithm for max Aggregation

While the balanced tree algorithm is simple and effi-
cient forcount aggregations, it cannot be used formax
aggregations. Since a balanced tree stores only unique
timestamps and associated counters forcount aggre-
gation, it is not possible to keep track of all the tuples
that are alive at a given time instant with the informa-
tion available in the tree. For example, in Figure 3(b),
the root node shows that there exist two tuples whose
start times are18. However, the tree does not convey
any information about the life spans of the tuples (i.e.,
the exact end times of the two specific tuples). Unlike
count aggregations, it is impossible to computemax
aggregations without knowing the exact life spans of tu-
ples in a database.

One can modify the balanced tree algorithm to com-
pute max aggregates, by allowing repeated timestamp
values in a tree and using additional data structures such
as dual heaps while traversing the tree. The dual heaps
store the attribute values (on which themax aggregation
is performed) of live tuples and dead tuples, separate-
ly. While traversing the tree, themax aggregate can be
computed by comparing two maximum values in both
the heaps and popping matched maximum values from
the heaps. In fact, the dual heaps are used to keep track
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Figure 4. Example of Merging for max Ag-
gregation

of the life spans of tuples that are required to compute
themaxaggregate. However, with this modification, we
will lose all the benefits of using the balanced tree algo-
rithm, because the tree will need exactly two nodes per
each tuple (i.e., no reduction in memory requirements
due to repeated timestamps) and additional overhead for
processing the heaps will be non-trivial.

Instead, we propose abottom-upaggregation ap-
proach, which we call amerge-sort aggregationalgo-
rithm. Like the classical merge-sort algorithm based on
the divide-and-conquer strategy, the merge-sort aggre-
gation algorithm computes a larger (intermediate) aggre-
gate result by merging two smaller (intermediate) aggre-
gate results. The algorithm starts with merging tuples in
pairs at the bottom and terminates when a final aggregate
result is obtained at the top.

Formally, an intermediate aggregate can be defined
as (Tk;Mk), whereTk = ft0; t1; : : : ; tkg andMk =
fm1;m2; : : : ;mkg for an integerk � 1. Tk is a
set ofk + 1 unique timestamps in an increasing order
(t0 < t1 < : : : < tk). Mk is a set ofk attribute values,
wheremi (1 � i � k) is a maximum attribute value
associated with a time interval[ti�1; ti) if there exist at
least one live tuple in[t1�1; ti). Otherwise,mi = nil

for an empty interval. No two consecutive values inMk

are equal (i.e., mi 6= mi+1 for anyi (1 � i � k � 1)).
Each tuplet in an input database can be considered as
a (T1;M1) with T1 = ft:start time; t:end timeg and
M1 = ft:attribute valueg.

Figure 4 illustrates the process of merging the tu-
ples of the sampleEmployees table in Figure 1(a).
The sample tuples are described as four line seg-

ments in Figure 4(a). In the first step, the first t-
wo tuples in theEmployees table are merged in-
to an intermediate result(f8; 18; 31g; f45000; 46000g);
the last two tuples are merged into an intermedi-
ate result(f7; 12; 18; 21g; f35000; nil; 38000g). The
result of the first step is shown in Figure 4(b).
In the second step, the two intermediate result-
s are merged together into the final aggregate re-
sult (f7; 8; 18; 31g; f35000; 45000; 46000g), as shown
in Figure 4(c).

As an input database ofN tuples is scanned, the
merge-sort aggregation algorithm generatesdN=2e first-
step intermediate aggregates in memory. Then, the al-
gorithm recursively merges the intermediate results un-
til a final aggregate result is obtained. Thus, the worst
case processing time of the algorithm isO(N logN).
As is shown in Figure 4, the size of an intermediate re-
sult (Tk;Mk) may be smaller than the tuples themselves
covered by(Tk;Mk), because two consecutive interval-
s can be merged into a single interval if they share the
same aggregate value (i.e., maximum in the example).
Thus, the amount of additional memory required for in-
termediate results is likely to be smaller than the size
of an input database. Nonetheless, forcount aggre-
gations, the balanced tree will remain as the algorithm
of choice. This is because the balanced tree algorithm
will keep the memory requirement (i.e., the number of
tree nodes) down to the minimum by building a balanced
tree incrementally and by removing repeated timestamp-
s, and thereby minimizing its processing time.

4. Bucket Algorithm for Large-Scale Aggre-
gation

In addition to the algorithms for small-scale aggre-
gations proposed in the previous section, another ma-
jor component of the work proposed in this paper is
to develop new techniques for computing temporal ag-
gregates under the constraint of limited buffer space.
Then, the size of databases we can deal with is not lim-
ited by the size of available memory. Additionally, it
is crucial that temporal aggregation require only a con-
stant number (say, two or three) of database scans, due
to potentially huge amount of temporal data. It will
be prohibitively costly for a large-scale database, if the
number of required database scans is not limited and is
rather proportional to the size of database. For this rea-
son, we do not consider as an acceptable solution any
method that requires more than a small constant number
of database scans.

In this section, we propose a new algorithm based on
partitioning database tuples into several buckets, which
has been used for many important database operations
such as the relational hash join algorithm. Although
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Figure 5. Time-line partitioning and as-
signment of tuples into buckets.

the idea of data partitioning appears promising for rela-
tional hash join operation, it cannot be applied directly
to temporal aggregation. Tuples associated with time
intervals are not readily partitioned into temporally dis-
joint equivalence classes (e.g., hash buckets), because
the time intervals of tuples may be of any length. Some
tuples may overlap with the intervals of more than one
buckets, and such tuples must be checked with tuples in
all the overlapping buckets. That is, there is no guaran-
tee that temporal aggregates can be computed by reading
the buckets only a constant number of times.

To circumvent this problem, one can allow assign-
ment of a data object into multiple buckets by replicat-
ing it. This approach can be best described by an ex-
ample given in Figure 5. The time-line of a given tem-
poral database is partitioned intoNB disjoint intervals,
whereNB is the number of buckets. If a tuple’s life s-
pan is contained in the interval of a bucket, the tuple is
assigned to the bucket. For example, in Figure 5, tuple
t1 will be assigned to bucketB1 ast1’s life span is prop-
erly contained in that of bucketB1. On the other hand,
if a tuple’s life span overlaps two or more intervals (say,
k intervals), the tuple’s life span is split intok pieces
and these pieces may be assigned tok buckets. (It turns
out that splitting a tuple into several does not impact the
result of the aggregation.) In Figure 5, the life spans of
tuplest2, t3 andt4 overlap with 2, 3 and 4 buckets, re-
spectively. Thus, tuplet2 will be assigned to bucketsB3

andB4, t3 to bucketsB2, B3 andB4, andt4 to buckets
B1, B2, B3 andB4.

This process entails replicating tuples and may lead
to considerable duplication of data, especially for long-
lived tuples. To minimize duplication of tuples, we pro-
pose to assign each tuple solely to the buckets where the
tuple’s start and end timestamps lie. Suppose the life s-
pan of a tuplet overlaps bucketsBi; Bi+1; : : : ; Bj(0 �
i < j < NB). Then, the tuplet will be replicated only
in the bucketsBi andBj , but the intermediate buckets
will not store the tuplet. Instead, ameta arrayis used
to aggregate the information that the tuplet’s life span
overlaps the intermediate bucketsBi+1; : : : ; Bj�1. The
size of a meta array is equal to the number of bucket-
s. Thei-th element of a meta array stores an aggregate
value (e.g., count ) for thei-th bucket.
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Figure 6. Meta Array and Reduced Data
Replication
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Figure 7. Steps of the aggregation based
on data partitioning and meta array

For example, in Figure 6, the time interval of tuplet3
spans over three bucketsB2, B3 andB4. Thus,t3 is s-
plit into two segments (i.e., t3 andt03) with adjusted time
intervals so that each segment can be properly contained
in the interval of its corresponding bucket. (Solid lines
in Figure 6 represent adjusted time intervals of split tu-
ples.) Then,t3 andt03 are assigned to two bucketsB2

andB4, respectively; the third element of the meta array
is incremented by one. In a similar way,t4 andt04 are
assigned to two bucketsB1 andB4 respectively, and the
second and third elements of the meta array are incre-
mented by one. The resulting data partitioning and meta
array are illustrated in Figure 6. Note that neither the
first nor the last element of the meta array stores a valid
aggregate value, as no tuple can have a life span longer
than the time-line of an entire database.

Once all the tuples are scanned and partitioned into
buckets and a meta array is created, the temporal aggre-
gate operation can be performed on each bucket inde-
pendently. Figure 7(a) shows the partial results of the
aggregation performed on each bucket. Then, each ag-
gregate value stored in the meta array is combined with
the aggregation results from each corresponding bucket
(e.g., simply by adding counts forcount aggregation).
Lastly, the final aggregation results can be obtained by
merging each pair of adjacent buckets at their bound-
aries if the two adjacent aggregate values are equal. Fig-



Algorithm 2: Temporal Bucketization
setIB  time interval for each bucket ((Tmax � Tmin)=NB );
foreachtuple t in a tabledo

setstart bucket  (t.start time -Tmin) / IB ;
setend bucket  (t.end time -Tmin) / IB ;
insertt into a bucketBstart bucket ;
if (start bucket 6= end bucket) then

insertt 0 into a bucketBend bucket ;

for (i=start bucket+1 to end bucket-1 ) do
updatemeta array[i] ;

for (i=0 toNB � 1) do
perform temporal aggregation on the bucketBi ;
combine the scalar value ofmeta array[i] to the bucketBi ;
merge the bucket boundary withBi�1 as needed;

ure 7(b) shows the final aggregation results. The dotted
vertical bars in the figure represent the merged bucket
boundaries. Algorithm 2 outlines the proposed temporal
aggregation algorithm based on data partitioning. In the
algorithm description, it is assumed that the entire time-
line of a table is partitioned intoNB disjoint intervals
of an equal length, each of which is associated with a
bucket. Note that any small-scale aggregation algorithm
proposed in the previous section can be used to aggre-
gate each individual bucket.

Provided that the meta array is small enough to fit in
memory and sufficient memory is available to hold al-
l the tuples in a bucket, the temporal aggregate opera-
tion can be performed by reading each bucket just once.
Thus, in total, this approach requires three database ac-
cesses (i.e., two reads and one write) to compute tempo-
ral aggregates. Considering the data replication for the
tuples overlapped with multiple buckets, the database
access requirement of this approach is likely to increase
to some extent depending on various factors such as the
life spans of tuples and the number of buckets used.
Even in the worst case, however, the size of a given table
can increase only up to twice its original size by repli-
cating each tuple in the table into two buckets. Thus,
the database access requirement of this approach is still
bounded to a small constant number of scans. We will
show the performance impact of data replication in Sec-
tion 6.

5. Parallel Bucket Algorithm

Previous attempts [7, 15] to develop scalable meth-
ods for computing large-scale temporal aggregates were
based on parallelizing the aggregation tree algorithm.
Consequently, those approaches inherit all the limita-
tions the aggregation tree algorithm has. Specifically,
these approaches will suffer fromO(N2) worst-case
running time and tight limitations on a database size they
can deal with. As a solution for this worst-case running
time, we propose a new parallel temporal aggregation
algorithm based on the bucket algorithm (Algorithm 2)
presented above.

Algorithm 3: Parallel Temporal Bucketization
setP  number of participating processors;
setIB  time interval for each bucket ((Tmax � Tmin)=(NB � P));
setthis proc  a local processor id (0 � this proc < P);
foreachtuple t in a local partition or from a remote processordo

setstart proc  (t:start time� Tmin)=(IB � P);
setend proc  (t:end time� Tmin)=(IB � P);
if (start proc 6= this proc) then

sendt to a processorPstart proc ;

if (end proc 6= this proc) then
sendt 0 to a processorPend proc;

for (i=start proc+1 to end proc-1 ) do
updateglobal meta array[i] ;

insertt into one or two local buckets as inAlgorithm 2 ;
updatelocal meta array as inAlgorithm 2 ;

Globally combine theglobal meta array wrt. an aggregate operatorop;
for (i=0 toNB � 1) do

local meta array[i]  
op(local meta array[i]; global meta array[this proc]);

perform temporal aggregation on the bucketBi

with local meta array[i] as inAlgorithm 2 ;

It is relatively straightforward to parallelize the buck-
et algorithm by distributing buckets across participating
processors. The time-line of a given temporal database
is partitioned intoP disjoint intervals, whereP is the
number of processors. Then, on each processor, the
time-line of its local database is again partitioned into
NB disjoint intervals, whereNB is the number of local
buckets. We propose to use aglobal meta array and a
local meta array on each processor. The global meta ar-
ray keeps track of tuples whose life spans are extended
over the time-lines of more than one processors. The lo-
cal meta array, on the other hand, keeps track of tuples
whose life spans are extended over more than one local
buckets.

The proposed parallel aggregation algorithm is sum-
marized in Algorithm 3. As mentioned above, it is as-
sumed that the entire time-line of a table is partitioned
intoNB � P disjoint intervals of an equal length, each
of which is associated with a bucket, and the buckets are
distributed acrossP processors by range partitioning so
that each processor is assignedNB consecutive buckets.
This range partitioning scheme obviously minimizes the
size of a global meta array in a way that only one array
element is required per each processor. Since each pro-
cessor computes a global meta array independently only
for its local data, all theP processors need to communi-
cate each other to compute a final global meta array for
an entire database with respect to a given operatorop.
The operatorop is determined by a kind of aggregate
operation. For example,op will be anadditionoperator
for a count aggregation and amaximumoperator for
a max aggregation. Such collective communication for
computing a final global meta array can be implement-
ed efficiently on most parallel computers and networks
of workstations [1]. Thus the overhead for combining
global meta arrays is expected to be negligible because
the volume of communication is onlyP words per pro-



cessor. A complete description of the parallel bucket
algorithm and its empirical evaluation are given in [11].

6. Empirical Evaluation

In this section, we evaluate the proposed algorithm-
s empirically and compare with the previous work. We
chose thecount andmax temporal aggregates to car-
ried out experiments under various operational condi-
tions that may affect the performance of the algorithms.
In particular, we focus on the performance gain by the
proposed algorithms for small-scale aggregations, and
the scalability of the bucket algorithm.

6.1. Experimental Settings

Testing and benchmarks were performed on Intel Pen-
tium workstations with 200 MHz clock rate. Each work-
station has 128 MBytes of memory and 2 or 4 GBytes
of disk storage with Ultra-wide SCSI interface, and runs
on Linux kernel version 2.0.30. Throughout the experi-
ments, we measured elapsed times including disk access
time. For accurate measurement, we averaged elapsed
times from multiple runs after eliminating extreme cas-
es. Additionally, we avoided the system cache effects for
disk accesses by loading irrelevant data into the entire
memory between consecutive runs of our experiments.

We generated synthetic data in the same way as in [9].
Each database has a time-line of one million temporal
instants. We considered two basic life spans for tuples:
short-lived and long-lived. The life span of a short-lived
tuple was determined randomly between one and 1,000
instants; the life span of a long-lived tuple was deter-
mined randomly between 200,000 and 800,000 instants,
namely, between 20 and 80 percent of the time-line of a
database. In most of our experiments, the population of
long-lived tuples was fixed at 10 percent or 30 percent.
The start times of tuples were uniformly distributed over
the time-line of a database. Each tuple was 20 bytes in-
cluding two temporal attributes (start time and end time)
and other non-temporal attributes as well. Synthetical-
ly generated databases used in our experiments were not
sorted by any temporal attribute unless stated otherwise.

6.2. Small-Scale Aggregation

The first set of experiments were carried out on rel-
atively small databases between 1 MBytes and 20 M-
Bytes so that all the required data structures can fit in
available memory. Recall that the algorithms proposed
in Section 3 as well as the aggregation tree algorithm
and its variation require that the entire data structures be
kept in memory. In this section, we used thebalanced
treealgorithm forcount aggregations, and themerge-
sort aggregationalgorithm formax aggregations.

Figure 8(a) compares the balanced tree and aggre-
gation tree algorithms forcount aggregations; Fig-
ure 8(b) compares the merge-sort and aggregation tree
algorithms formax aggregations. The proposed bal-
anced tree and merge-sort aggregation algorithms con-
sistently performed about twice faster than the aggrega-
tion tree algorithm forcount and max aggregations,
respectively. While the aggregation tree took more time
to aggregate a database with higher percentage of long-
lived tuples, the processing times of the two proposed
algorithms remained constant for different percentage of
long-lived tuples. Note that the performance of the ag-
gregation tree algorithm remains unchanged forcount
andmax aggregations, since the algorithm works essen-
tially in the same way for both the aggregations.

In Figures 8(c) and 8(d), the tuples in input databas-
es were sorted by their start time, where we expected
the worst-case performance from the aggregation tree
algorithm. The processing times of the aggregation tree
were several orders of magnitude slower than the two
proposed algorithms, and were plotted as almost verti-
cal lines in the figures. Thus, we compared with the
k-ordered aggregation tree algorithm (withk = 1) in-
stead. The proposed algorithm still performed two to
three times faster than the k-ordered aggregation tree al-
gorithm.

In summary, the proposed algorithms outperformed
the aggregation tree and k-ordered aggregation tree con-
sistently by a significant margin. The k-ordered ag-
gregation tree requires a priori knowledge about the
orderedness of databases, whereas the proposed algo-
rithms do not.

6.3. Bucket Algorithm for Large-Scale Aggrega-
tion

Despite the fact that the balanced tree and merge-
sort aggregation algorithms were designed for two dif-
ferent groups of aggregate operations, both algorithms
showed almost identical performance behaviors in the
previous experiments. Thus, for the rest of this section,
we present experimental results only forcount aggre-
gations.

The second set of experiments were carried out to
evaluate thebucketalgorithm proposed in Section 4.
First, we performed aggregations with and without data
partitioning for small databases, so that we could mea-
sure the overhead of data partitioning. The balanced tree
algorithm was used to computecount aggregates. In
Figure 9(a), we used 64 buckets irrespective of database
sizes, which was large enough to demonstrate the over-
head of data partitioning. Compared with the balanced
tree algorithm without data partitioning, we observed
about 10 to 30 percent increase in processing time of
the bucket algorithm. Despite the additional overhead,
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Figure 8. Aggregation time for small-scale databases

however, the bucket algorithm still outperformed the ag-
gregation tree algorithm significantly. (Compare Fig-
ure 8(a) and Figure 9(a).)

For small databases, the amount of overhead of da-
ta partitioning was expected to be smaller than what it
should be for large databases, because all the buckets
might remain in memory even after they were written
to disk. So, for the next step of aggregating individu-
al buckets, the cached buckets would be used instead of
the disk copies. Also note that performance of the buck-
et algorithm is affected by the percentage of long-lived
tuples. The reason appears quite obvious because long-
lived tuples are more likely to be replicated than short-
lived tuples, leading to increased computation time and
disk access time.

Figure 9(b) shows processing times of the bucket al-
gorithm for databases of size from 20 MBytes up to 1 G-
Bytes. The number of buckets used for data partitioning
was 2, 8, 16, 24, 32 and 40 for 20 MBytes, 200 MBytes,
400 MBytes, 600 MBytes, 800 MBytes and 1 GBytes
databases, respectively. Since each of these databases is
too large to fit in memory (with an exception of a 20 M-
Byte database), none of the small-scale aggregation al-
gorithms could be used for this experiment. The result-
s shown in Figure 9(b) demonstrate that the proposed
bucket algorithm can compute temporal aggregates for
databases substantially larger than the size of available

memory. However, it should be noted that the process-
ing time of the algorithm grows faster than linearly as
the size of a database increases. This clearly motivates
the need of scalable solutions such as the parallel bucket
algorithm we proposed in Section 5. Readers are re-
ferred to [11] for complete description of the empirical
evaluation of the parallel bucket algorithm.

7. Conclusions and Future Work

We have developed new algorithms for computing
temporal aggregates. The proposed algorithms pro-
vide significant benefits over the current state of the art
in different ways. The balanced tree and merge-sort
aggregation algorithms have improved the worst-case
and average-case processing time significantly for small
databases that fit in memory. We have also developed
a new sequential bucket algorithm based on novel da-
ta partitioning schemes. This algorithm can be used to
compute temporal aggregates for databases that are sub-
stantially larger than the size of available memory, by
processing data partitions in a sequential or parallel fash-
ion.

From our experiments, we have observed that there
are a few factors that affect the performance. They in-
clude the percentage of long-lived tuples and the num-
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Figure 9. Aggregation time for large-scale databases

ber of buckets used for data partitioning. Although the
proposed algorithms outperformed previous approaches
consistently irrespective of such conditions, we believe
it is worth elaborating further on the issues. Additional-
ly, we plan to study performance impacts of such factors
as initial data placement (e.g., temporal partitioning vs.
non-temporal partitioning) and data reduction by aggre-
gation.

We also plan to extend the data partitioning approach
to spatio-temporal databases, which requires computing
aggregates for data objects with two or more dimension-
al extents. Unlike the temporal aggregation, we expect
that the process of data partitioning and generating meta
arrays will be more sophisticated.
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