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[ABSTRACT] The prevailing approach to modelling the time dimension in databases is, in one
form or another, the use of an explicit representation of time. In this paper we propose a temporal
relational model and algebra, based on temporal semantics, to incorporate an implicit time dimension
in databases. In temporal semantics, time-varying relations are an indexed collection of ordinary
relations, one for each moment in time. A temporal database is modelled by a collection of time-
varying relations. Temporal databases are queried using a temporal relational algebra (TrA) which
extends the relational algebra point-wise upon the set of natural numbers. We also give examples of
time-specific and time-relative queries, and of combining time-varying data by temporal intersection,
union and splicing. Although TRA lacks the ability to explicitly manipulate time, we show how
temporal aggregation and when-type queries can be formulated using a technique called “tagging”.

1 Introduction

The relational algebra [5] operates on a model in which each relation reflects the current reality as it
is best known of the enterprise being modeled. The model cannot deal with the notion of a history,
or how each relation has evolved into what it is now. Having recognized the need to incorporate the
time dimension into the relational model, a significant number of research efforts have been directed
towards studying various aspects of this problem; Snodgrass [22] provides a summary of the status
of research on temporal databases and Kline [13] provides a recent bibliography. The prevailing
approach to modelling the time dimension in databases is, in one form or another, the use of an
explicit representation of time at both the tuple level and the attribute level [3,4,7,09, 20].

Most of the temporal algebras reported in the literature are not algebras in the mathematical
sense, l.e., they are not closed since expressions do not always evaluate to time-varying relations
of the underlying models. This is one of the consequences of the use of an explicit time dimension
in databases: the operators provided in these algebras are in fact designed to exploit actual repre-
sentations of time-varying data and to manipulate complex time-varying attributes and temporal
elements. Some algebras are not unisorted; in other words, the results of expressions can be time-
varying relations, snapshot relations, or even temporal elements such as intervals. For example,
Clifford’s [3] and Sarda’s [20] algebras include an operator to drop the time components of a given
time-varying relation to obtain snapshot relations, and Gadia’s [9] algebra allows temporal elements.
Very few algebras [16, 26] support the standard definitions of algebraic operators such as intersection
and 6-join.

McKenzie and Snodgrass [17] give an extensive evaluation of relational algebras incorporating the
time dimension in databases, and they outline a number of criteria for the comparison of algebras.
Some of the important criteria are: (1) a temporal algebra should be a consistent extension of the
relational algebra, (2) its formal semantics is well-defined, (3) it is an algebra, (3) it supports basic
algebraic equivalences, (4) it reduces to the relational algebra (over moments in time), (5) it supports
the standard definitions of intersection (M), f-join, natural join (X), and quotient (=), and (6) it
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includes aggregates. Most of the proposed algebras do not satisfy all of these criteria, and only a
few algebras include aggregates because of the complicated interval semantics. These criteria are
our starting point.

In this paper, we consider an extension of the relational model based on temporal semantics.
As a query language for the model, we introduce a temporal (relational) algebra, which we call
TRA, as a point-wise extension of the relational algebra. The algebra TRA is a revised version of a
temporal algebra, originally proposed by Orgun and Miiller [18]. In the underlying relational model
for temporal databases, time-varying relations are an (infinite) collection of finite relations indexed
by moments in time. The algebra TRA by design has the relational algebra as a special case for each
moment in time; hence it inherits all the properties of the relational algebra. Time-varying data
from different moments in time are joined through the use of temporal operators, not by the use
of explicit references to time. In other words, time is implicit in the model and algebra. However,
temporal databases of the underlying model can only model valid-time [10, 23].

The temporal relational model corresponds to a representation of temporal data based on tuples
extended with moments in time as time-stamps, hence it satisfies another criterion of McKenzie
and Snodgrass [17]. In Clifford et al [2], temporal models that support INF time-varying relations,
such as our temporal relational model, are called temporally ungrouped data models, as opposed to
temporally grouped data models. Therefore TRA has the expressive power of a temporally ungrouped
algebra. The model may introduce a fair amount of redundancies, but the representation at the
implementation level need not be based on this abstract model; it can use event-based interval time-
stamps to save space. If the representation is homogeneous [9], that is, attribute values coexist in
any given tuple, we can switch from an event-based interval representation at the tuple or attribute
level to time-stamping of tuples and vice versa.

Aggregation of time-varying data is an important operation in temporal databases, but it is
supported by a few of the proposed algebras (e.g., Tansel [25]). Other attempts to provide temporal
aggregation include TQUEL of Snodgrass [21], and the query language of Wuu and Dayal [29, 6].
TRaA also supports point-wise extensions of the standard aggregation operators such as sum, avg, max,
and so on. Another important operation in temporal databases is to ask queries to find times of when
things happen. Since time dimension is implicit in TrA, it lacks the ability to directly formulate
when-type queries. Therefore we provide an “indirect” method called tagging for manipulating time,
which can be used to mimic when-type queries and formulate temporal aggregation accross time.
Gabbay and McBrien [8] proposed a similar technique for expressing when-type queries. Another
approach is discussed by Lorentzos and Johnson [14].

The sequel first outlines the temporal data model TRA is based on, and discusses its operations.
We give examples of time-specific and time-relative queries, and of combining time-varying data by
temporal intersection, union, and splicing; and then discuss tagging and temporal aggregation.

2 Temporal Data Model

The notion of a time-varying relation is not well-defined. In most of the reported works, time-stamps
and event-based interval-stamps are usually used to represent time-varying data at both the tuple
and attribute levels. Asin the recent works of Tuzhilin and Clifford [26] and Gabbay and McBrien [8],
we seek the answer in temporal logic [1]: the meaning of a predicate symbol in temporal semantics
is a mapping from moments in time to relations over a given universe of discourse. The collection
of moments in time is usually a discrete and linearly ordered set with an unbounded future.

In our model, a temporal database is modeled by a collection of time-varying relations where a
time-varying relation is a mapping, just like the meaning of a predicate symbol in temporal semantics.
We assume that the collection of moments in time is modeled by the set of natural numbers, denoted
as w. The elements of w are uninterpreted, and they can be in terms of hours, days, weeks and so
on, depending on the intended application domain. At this stage, we assume that the interpretation
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is uniform with respect to the granularity of time. We refer the reader to Wiederhold et al [28] for
the description of an algebra which addresses the issue of time granularity in time-varying relations.

Let P(S) denote the power set of a given set S. An n-ary relation over a given domain U is
an element of P(U"). An n-ary time-varying relation ¢r over the domain U is a mapping from the
collection of moments in time to n-ary relations over U/.

Definition 1 A time-varying relation with arity n (n > 1) is an element of [w — P(U™)], that is,
an element of the set of functions from w to P(U™).

We write (tr(0),2r(1),tr(2),---) for tr where for all ¢ € w, tr(t) € P(U"). We also have an
ordering relation between time-varying relations defined as follows.

Definition 2 Let r and s be time-varying relations with the same arity. We writer C s if and only
if for allt € w, »(t) C s(t).

Let Rel be a countable set of relation symbols and U a given domain over which relations are
defined. We require that U have at least one element and be countable. In practice, we may require
that U be finite. The set of temporal databases over U, denoted as DB, is defined as follows:

DB = [Rel = | J[w = P(U™)]].

n>1

It is also the case that DB is a complete lattice induced by the ordering relation C. In more
technical terms, members of DB are called temporal interpretations [1]. For any given temporal
database db € DB and an element p of Rel with arity n, the meaning of p in db is given as

db(p) € [w = P(U™)].

As complex time-varying attributes or (event-based) intervals are not employed in the abstract
model, time-varying relations are in the First Normal Form (INF) [15, 27]. INF is also preserved
in some of the other temporal models, for example, those of Lorentzos and Johnson [14] and Jensen
and Mark [11]. In Clifford et al [2], temporal models that support INF time-varying relations are
called temporally ungrouped data models.

We now give an example of a temporal database.

Example 1 This database for a university keeps personal and professional data for faculty members
and the departments they work for; it is a modified version of a database given in [12]. It consists
of four relations:

dept(DEPT, SECRETARY, HEAD)
pers(NAME, SEX, STATUS, ADDRESS)
prof(NAME, DEPT, RANK, SALARY)
publ(NAME, JOURNAL, ISSUE)

Here dept holds information about each department, pers holds personal information for each
faculty member, prof holds professional information for each faculty member, and publ holds in-
formation for publications of each faculty member. We have that dept, pers, prof, publ € Rel.
Attribute names are self-explanatory. The DEPT attribute is the key for dept relation, and the
NAME attribute for the pers, prof, and publ relations. The attribute HEAD is also used for
faculty member names.

We assume that the database came into existence at time 0. Given a db € DB, it is possible that
db(prof) is the time-varying relation whose portion from time 0 to time 3 is depicted in figure 1. In
this example the logical time is interpreted as months.
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Ali Phil Assist | 2400

= Carol | CompSci | Assoc | 2750

Al Maths Assist | 2500
1| Carol | Maths Assoc | 2750
Joy CompSci | Assist | 2350

Ali Maths Assist | 2500
2 —= | Carol | Maths Assoc | 2750
Joy CompSci | Assist | 2350

Al Phil Assoc | 2900
Carol | Maths Full 3250
Joy CompSci | Assist | 2450
Kim | Ling Full 3500

33—

Figure 1: The prof relation from time 0 to time 3

Since the abstract model does not preclude any form of temporally grouped representation of
time-varying data, we can use time-stamped tuples, event-based intervals, time-varying attributes
and so on (or even a non-uniform representation within the same model). The choice for the
representation does not affect TRA or its properties, because the temporal operators of TRA are
not designed to exploit actual representations of time-varying data (see below). The representation
only affects how TRA is going to be implemented. However, it should be noted that a realistic
implementation of TRA is a challenging task due to the level of abstraction the algebra offers.

3 Temporal Relational Algebra

This section first introduces the temporal relational algebra TRA, and then provides the denotational
semantics of its expressions. In this paper, we build on the work of Orgun and Miiller [18]. Their
algebra introduced four temporal operators, namely, first, next, prev, and £by[.]. We dispense
with prev as a primitive operator and simplify the semantics of £by. From here on, we refer to
the revised TRA simply as TRA. Example uses of the operators of TrA are given in the following
section.

3.1 Point-wise Extensions

The algebra TRA is a point-wise extension of the relational algebra upon w defined as follows. The
signature of TRA includes all operators of the relational algebra [5], and the universe of TRA is
the set of time-varying relations Unsolw — P(U™)]. Let 7 be a unary operator of the relational
algebra, and V the corresponding point-wise operator of TRA. For any given time-varying relation
tr, the following holds: a
For allt ew, v (ir)(t) = v (tr(?)).

We can give similar equations for the binary operators. Yaghi [30] introduced the notion of a
point-wise operation in the context of intensional algebras.

An alternative characterization of point-wise operators is given as follows. Suppose that we are
given a unary operator of the relational algebra, say or. It is a mapping from relations into relations:
or € [P(U™) = P(U™)] for any n > 1. Let eval be a time-slice (snapshot) function defined as

eval € [w x [w — P(U™)] = P(UM)]]
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e
X [o— P(U™] o> O oX[o— P(UM)]
eval eval
P(U™ % PU™

Figure 2: Commuting diagram for point-wise operators

where eval(t,r) = tr(t). Let 1, € [w — w] be an identity mapping between moments in time in w,
Le., 1,(t) =t for any ¢ € w. The diagram given in figure 2 induces a point-wise operator, say p.

In other words, given a time-varying relation ¢r, let r be the snapshot of tr at time ¢ (i.e.,
eval(t,ir)). Apply 6F to tr and take the snapshot of the resulting time-varying relation at time ¢
(i.e., eval(t,or(tr))). It is equal to the relation which is obtained by applying the corresponding
operator o to r. In other words, the diagram commutes. Similar commuting diagrams can be given
for all the operators of the relational algebra and the corresponding point-wise operators of TRA.

We have the following lemma which states that the meaning of point-wise operators is the same
at all moments in time. Therefore we can tell what a point-wise operator does to its argument by
looking at the results from each moment in time. The lemma can be naturally extended to include
binary point-wise operators.

Lemma 3 Let 7 be a unary point-wise operator of TRA. For all time-varying relations r and s
with the same arity, and for all t,u € w, if r(t) = s(u), then v (r)(t) = v (5)(u).

3.2 Operations

An' expression of TRA consists of compositions of algebraic operators and relation symbols. There
are three kinds of algebraic operators: (1) point-wise operators, (2) temporal operators, and (3)
aggregation operators. These operators are applied to time-varying relations and yield time-varying
relations as a result. In the sequel, we adopt the infix notation for binary operators.

We now define the notion of a comparator. Given z,y > 1, the following are comparators: z < ,
<y x>y z2>yandz #y Wecal z and y “comparator values”. A comparator value
is basically the ordinal number of an attribute in a relation. Given a temporal database db, we
also allow comparators with one of their operands selected from the universe of db. A comparator
formula is constructed out of conjunctions, disjunctions and comparators. A detailed discussion on
the notions of a comparator and comparator formula can be found in Maier [15, section 3.5].

Point-wise Operators Point-wise operators are A\, U, X ,~, #x, and ér. Here X is a finite
sequence of comparator values, and F is a comparator formula. All of A , U and (Z) take two
arguments with the same arity (compatible time-varying relations). At any given time ¢, the outcome
of a point-wise operation depends only on the values of its arguments at time ¢. For instance, given
the expression r (s where r and s are time-varying relations, the resulting time-varying relation is
the point-wise intersection of r and s, i.e.,

r s = (r(0) N s(0), (1) N s(1), r(2) Ns(2),---),

or, using the familiar A-notation, r 1 s = At.r(t) N ().
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Temporal Operators There are three (primitive) temporal operators in TRA: first, next, and
binary £fby. The temporal operator first freezes a time-varying relation at its initial value; next
is the “tomorrow” operator; and £by (read as followed by) does temporal splicing. In general, at
any given time ¢, the outcome of a temporal operation may depend on the values of its arguments
possibly at time ¢ and at other moments in time.

The formal semantics of temporal operators are given as follows:

e first(r) = At.r(0).
e next(r) = M.r(t +1).

L, [, t=0
orfbys—)\t.{s(t_l), £>0

where 7 and s are compatible time-varying relations.
We now define another temporal operator, prev in terms of £by as follows:
prev(r) =4 0 fby r

In other words, prev is the “yesterday” operator (it was employed in the original TRA as a primitive
operator). The value of any expression of the form prev A at time 0 is the empty relation, because
we cannot go into the past beyond time 0.

From here on, we use the notation next[n] and prev[n] as syntactic sugar for n-folded appli-
cations of next and prev. In case n = 0, next[n] and prev[n] are the empty string.

Aggregation Operators Let 2 be a comparator value > 1. The aggregation operators of TRA are
siim;, a?g,, count, max, and min, with their obvious interpretations. These point-wise operators
are applied to time-varying relations, and produce unary time-varying relations whose snapshots
are single-valued relations. For instance, given the expression atg, (tr) where ¢r is a time-varying
relation whose arity is not less than z, the resulting time-varying relation is given as follows:

atg, (tr) = (avg, tr(0),avg, ir(1), avg, t7(2), - ),

or in the A-notation: atg_(tr) = M.avg,(i7(t)). Here avg,(r) = {(e)} where e is the average of the
values of the z** attribute from the relation r.

We also assume that aggregation operations can be associated with a by-list, producing several
tuples determined by calculating the aggregate over a subset of the relation [21]. Examples of
temporal aggregation are given in section 5.

3.3 Denotational Semantics

Given a temporal database db, an expression E over db contains only those relation symbols defined
in db, and values from the domain of db. Let [E](db) denote the meaning (denotation) of E with
respect to db. We assume that all expressions are legal, i.e., arities of arguments given in an
expression match with respect to the operations involved, and so do the types of attributes over
which aggregation operations are performed.

For a relation symbol p € Rel with arity n, we have that db(p) € [w — P(U™)] where U is the
domain of db. Thus [E](db) is also an element of [w — P(U*)] for some k € w. In general, given an
expression F, we have that

[Ele [PB— | Jlw— PUM)].

n>0
The following is the formal definition of the denotation function [.].
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Definition 4 Let db € DB, and A and B be TRA ezpressions. The denotations of each kind of
expressions of TRA are defined as follows.

1. [p](db) = db(p) where p € Rel.
2. [7 Al(db) = 7 [A](db) where  is any unary operator.
3. [A <7 B](db) = [A](db) v [BI(db) where 7 is any binary operator.

For TRA to be an algebra in the mathematical sense, we need to show that all operations of TRA
are closed; in other words, the denotation function [.] assigns a time-varying relation to each (legal)
expression. The theorem can be proved by induction on the structure of expressions.

Theorem 5 The denotation function [.] is well-defined, i.e., for any legal ezpression E over a
temporal database db, [E](db) € Unsolw — P(U™)].

We assume the usual point-wise definitions of quotient (+), 6-join (Rg), and natural join (R)
in terms of other point-wise operators of TRA; see [27] for details. Intersection is employed as a
primitive operator in TRA. We can import the definitions of these point-wise operators, because all
the properties of the relational algebra are preserved in Tra [18).

Note that it can be shown that the original TRA and the revised TRA have the same expressive
power. We omit the details.

4 Querying Time-Varying Data

In the following, we stipulate that all queries be evaluated at a given moment ¢ in time (say, “now”,
“today”, “this month” and so on) or over an event-based interval identified by its starting and ending
times. In the examples given below, the logical time is interpreted as “months”. The evaluation
of a query over an interval is performed by evaluating the query at all moments over the interval.
We regard an interval as a window through which time-varying data may be queried. Some of the
examples are based on variations of the benchmark queries posed by Kalua and Robertson [12].

4.1 Temporal Selection

In many applications, a snapshot of time-varying data at a particular moment in time is of interest.
Queries of this kind are time-specific. Suppose we are given the temporal database from example 1.
It is possible that db(dept) is the time-varying relation whose portion from time 0 to 3 is depicted
in Figure 3. From here on, we refer to the attributes in a given relation by ordinal numbers. For
instance, NAME in dept is the 1°¢ attribute.

Example 2 Consider the query “What department did Kim head in month 37”
'fl'3,1(5‘3= “Eim" (f irst next[3] dept))

The temporal operator(s) first next[3] move the context to month 3. Since Kim headed in the
Linguistics department in month 3, the answer is the relation {(Kim, Ling)} whenever the query is
evaluated. Let E be the expression given above. Then we have that [E](db) = M.{(Kim, Ling)}. I

Sometimes we are interested in what happens relative to a reference point in time, say “now”,
“today” and so on. For instance, we may pose queries like “Is Ali going to get a raise next month?”
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Phil Jenny | Ali
CompSci | Tasha | Carol

00—

Maths Tony | Carol
CompSci | Tasha | Joy

1+—

Maths Tony | Carol
CompSci | Tasha | Joy

2 —

Phil Jenny | Al
Maths Tony | Carol
CompSci | Tasha | Joy
Ling Cheri | Kim

33—

Figure 3: The department relation from time 0 to time 3

In such a query, there is no explicit reference to time, thus the outcome of the query depends on
when it is evaluated. Queries about the future are not problematic, because, if future data is not
available yet, the answer would be the empty relation.

It is also possible to formulate queries about the past.

Example 3 Consider the query “Who was Joy’s department head last month?”.
prev(wy a2 5(f1,2(61=«s0y» prof) 2|>‘<11 dept))

Here W is the point-wise @-join operator. The comparator formula 2 = 1 means that we compare
the second and first attribute values from the corresponding tuples.

At time 0, the answer is the empty relation; at times 1 and 2, the answer is the relation
{{Joy, CompSci, Joy)}; and so on. We could also ask “Who will be Joy’s department head next
month?” by replacing prev by next in the expression. il '

4.2 Temporal Intersection/Union

We may also be interested in what happened over a period of time in a given department. The period
of interest may be time-specific or time-relative. In the following, we first introduce a notation for
representing periods of time, i.e., event-based intervals. Let z,y > 0.

e Time-specific intervals are denoted as [z,y] where z < y.

e Time-relative intervals are denoted as [(+/—)z, (4+/=)y] where (+/=)z < (+/=)y. The following
are time-relative intervals: [—3,+5], [-6,—1] and [+2,+4]. The actual interval for any given
time-relative interval is in fact determined by the time of evaluation, say now. For instance,
[+2, +4] represents the interval [now + 2, now + 4].

The expression [z,y]E is called temporal intersection and it is interpreted as finding all those
tuples in E that are common at every moment in time over the interval [z, y]. With this interpreta-
tion, interval operators become a syntactic sugar for expressions involving temporal selections and
intersections. For instance, the expression [—1,+1]F is a shorthand notation for

prev EN ENnext E.
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Example 4 Consider the (time-relative) query “Find all those faculty members in the Mathematics
department who did not get a raise in the last two months”.

7}1,2([—2, _1](&2=“Maths“Pr0f))

If any faculty member in the mathematics department did not get a raise over the interval [-2+
now, —1 + now)], the corresponding faculty member tuples would be the same. That is why we can
formulate the query by temporal intersection. I

We can also “accumulate” time-varying data from different moments in time by temporal union.
We use a different notation for intervals over which time-varying data will be joined by unions. Let
{z,y) denote an interval defined just like [z,3]. Then the expression (1,3)E is a syntactic sugar for

first next EUfirst next[2] E Ufirst next[3] E.
‘We can also make use of the time of evaluation in queries.

Example 5 [Kalua and Robertson [12] query QB3] Consider the query “What departments were
headed by Carol and Kim and who were their secretaries?” We assume that the query is restricted
to the interval from the beginning up to “now”, or up to the time of evaluation of the query:

(0, now)(63=1caror"va=“xim» dept)

It is the responsibility of the implementation to replace now with the time of evaluation during the
query evaluation process. Il

4.3 Temporal Splicing

In some cases, we are interested in cutting out a portion of a time-varying relation, and pasting a
portion of another one in its place. This is achieved by the binary temporal operator £by. We now
consider a more general form of temporal splicing, that is, a parameterized £by operator defined in
terms of the (primitive) operators of TRA as follows:

o r £by[0] s =4 r fby (next s),
e r fbylt] s =4 r fby ((next r) £bylt — 1] (next s)), for¢ > 0.

Read r £by[t] s as “r up to time ¢, and s from time ¢ 4+ 1 on”. We call time ¢ as the cut-point for
fby[t].

Given time-varying relations r and s, we have that r £by[{] s =< rg,7,...,7s, St41,St42,- .. >
The parameterized £by[.] operator was employed as a primitive operator in the original TRA (18],
because it has a straightforward implementation.

Example 6 Suppose that a 10% overall salary increase is planned as from month ¢ and the university
management wants to study its long term effects on the university. The temporal database is now
extended with a new prof relation, say projected-prof, modeling the salary increase starting
at month {. For analysis, all references to the prof relation before month ¢ should be regarded as
references to the original prof relation, and at and after month # as references to the projected-prof
relation. In time-relative queries, it is impossible to determine which relation should be used since
there are no explicit references to time. A solution to this problem can be provided by “temporal
splicing”. The following TRA expression can be used whenever the faculty member relation is
required:
prof fbyl[{— 1] projected-prof.

"The operator £by[t — 11 guarantees that prof is used up to and including the cut point at ¢t — 1. I
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5 Explicit Manipulation of Time

It is very natural, especially in temporal databases, to ask queries to find times of when things
happened. Since there is no explicit manipulation of time in expressions of TRA, such queries
cannot be directly formulated. This is a tradeoff for the level of abstraction TRA offers. We adopt
an indirect, but effective method, called tagging, which can be used to manipulate time ezplicitly in
TRA. In other words, it is possible to have the best of the both worlds, i.e., the explicit and implicit
manipulation of time, in an abstract algebra such as TraA.

5.1 Tagging and Temporal Aggregation

Suppose that we are interested in the average salary of a faculty member across time. A naive solution
would be to use temporal union followed by the aggregation operation avg,. There are problems
with this solution, because the relational model does not support duplicate tuples (or multi-sets),
but we need all the duplicate tuples to obtain a correct answer. For instance, the average salary of
Ali from time 0 to time 3 is $2575 (see figure 1). But using temporal union and aggregation as in
the following expression

a%g,((0, 3)(F1=wan»prot)),

we obtain the wrong result of $2600. The problem is that the information about Ali stored in the
dept relation is the same in months 1 and 2. What is needed is the ability in Tra to differentiate
between tuples coming from different moments in time.

We provide a solution to the problem using the notion of a tag. Tags are basically time-stamps
on data. Suppose that the following time-varying relation is given: -

u=({(0)}, {(1)}, {(2)},--)-

Then we can define a new point-wise operator, say tag, as follows:
® ta.g('f‘) =df T X u.

Tags are used much in the same way as user-defined time [24], but they are never stored in the
database, rather they are dynamically created on demand during the evaluation of TRA expressions.
An expression of the form tag(E) can be evaluated by tagging each tuple resulting from the evalu-
ation of E by the time of evaluation. As a result, temporal union on tagged time-varying relations
will not “lose” any time-sensitive information. Ali’s average salary can now be computed as

avgy((0,3) tag(F1=ai»prof)).

Tagging provides a remedy for the lack of ability of TRA to manipulate time, so that temporal
aggregation (and even “when” queries) can be formulated. There are no extra operators in TRA for
tagging (cross product is sufficient). Gabbay and McBrien [8] also considered answering when-type
queries using a special relation called ¢ime. This relation is identical to the relation u. Another
approach similar to tagging is discussed by Lorentzos and Johnson [14].

5.2 Expressing When-Type Queries

When tagging is directly applied to the base relations (those relations coming from the temporal
database), tags represent valid-time. The following examples show how tags can be manipulated
using selection, projection and aggregation operators so that certain types of when-type queries can
also be formulated.
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Example 7 [Kalua and Robertson [12] query QB8] Consider the query “When did the associate
professors attain this rank?”

(0, now)(71,7,0(prev(prof) 03="“Assoc" tag(prof)))
1=1A3#3
We compare the rank of faculty members in consecutive months and if the rank has changed from
“anything” to Associate Professor in any given month, the tagged faculty member tuple will be
retained in the temporal union. The final result can be obtained by projection. If the time of
evaluation is 3, the answer is the relation {(Ali, Assoc, 3)}, because only Ali attained this rank in
the period from time 0 to time 3. In order to include those faculty members who were associate
professors at time 0, we can take union of the above query with the query

£irst(f1,3,5(63= ass0c” tag(prot))).

Then the answer, again at time 0, is the relation {{Al%, Assoc, 3), (Carol, Assoc, 0)}. 1

With tagging, aggregation operators can be utilized to express a variety of when-type queries.
The following example shows the use of count with by-list.

Example 8 [Kalua and Robertson [12] query QB7] Consider the query “List all faculty who pub-
lished in the same journal at least twice, along with the journal issues and publication dates
(months).” We first formulate a query to find the names of faculty members and journals that
satisfy the condition of the query (call it A).

71,2(635 w2 (count(((0, now) tag (publ)) by 1,2)))

Here the resulting relation after count has the attributes: NAME, JOURNAL, and the number of
tuples for each distinct pair of NAME and JOURNAL. We refer to these two attributes in the by-list
using their corresponding ordinal numbers. Final query is formed by 6-join of 4 and a (sub-)query
to obtain a relation with the names of faculty members, journals, issue numbers, and dates:

T1256(4 w®  (0,now)tag(publ)).
1=1A2=2
We could easily define another query for finding the total number of publications per month for each
department in the university using count and by-list on tagged relations (this would be an instance
of a group-by-time aggregation). Il

6 Concluding Remarks

The difference between our approach to temporal algebras and many others reported in the literature
is that TRA is a “temporal algebra” in the mathematical sense, and that it is based on temporal
semantics. TRA is not a specialized algebra to manipulate explicit representations of time-varying
data or temporal elements such as intervals. Consequently, it has a much smoother semantics than
many other proposed temporal algebras. We can easily introduce extra temporal operators into
TRA and try out new ideas owing to the level of abstraction offered by it. For instance, Orgun and
Wadge [19] proposed the use of the original TRA as an algebraic front-end to a modular, temporal
extension of DATALOG. Temporal Datalog can naturally express recursion.

We believe that representation is an implementation issue, and should not influence the design of
temporal algebras and the choice of temporal operators thereof. This is our “prescription” for mod-
elling the time dimension in databases. We consider the property of separation from representation
as an important aspect of a temporal algebra, because freedom from representation ensures porta-
bility. Query optimization strategies can be directly based on the formal properties of TrA [18], and
they should be considered in conjunction with actual representations and storage structures. TRA
can naturally serve as an appropriate target for a temporal query language processor.
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