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Abstract

When querying a temporal database, a user often makes

certain semantic assumptions on stored temporal data.

This paper formalizes and studies two types of semantic

assumptions: point-based and interval-baaed, The point-

based assumptions include those assumptions that use

interpolation methods, while the interval-based assumptions

include those that involve different temporal types (time

granularities). Each assumption is viewed as a way to derive

certain implicit data from the explicit data stored in the

database. The database system must use all explicit as well

as (possibly infinite) implicit data to answer user queries.

This paper introduces a new method to facilitate such query

evaluations. A user query is translated into a system query

such that the answer of this system query over the explicit

data is the same as that of the user query over the explicit

and the implicit data. The paper gives such a translation

procedure and studies the properties (safety in particular)

of user queries and system queries.

1 Introduction

A prominent feature of temporal information is the

richness in semantics associated with its temporal

domains. As an example, consider the temporal relation

ACCOUNTS shown in Figure 1. Each tup]e of ACCOUNTS

corresponds to an account number (Acct No), account

holder (ACCHO1), account balance (Balance), annual

interest rate (AnIntRat e), and the time (Time) when the

values in the tuple become valid, New entries are added

to this relation whenever an event such as opening of

an account, a transaction, or a change in interest rates

occurs. The values of Time are timestamps consisting of

the date (month/day/year) concatenated with the time

of the day (up to seconds), When querying ACCOUNTS
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AcctHo ACCHO1 Balance AnIntRate Time

1001 J. Smith 1000 3.00 3/3/93 :09!01:00
1001 J. Smith 3500 4.00 3/4/93:10:01:55
1500 A. Brady 2000 3.00 3/4/93:1 1:00:00
2034 T.Ford 500 2.50 3/4/93:12:19:03
1500 A .Brady 1500 3.00 3/4/93:18,00:00
1001 J. Smith 4000 4.00 7/3/93:09:00:00

Figure 1: An instance of the relation ACCOUNTS

a user makes some ‘<usual” semantic assumptions on

the stored temporal data. For instance, she expects

that her bank account balance persists, i.e., the balance

stays the same unless another transaction (deposit or

withdrawal etc. ) is performed. When she asks for the

balance at a particular time and no balance amount is

stored for that time, she searches for the balance in the

last transaction whose timestamp is less than the time

in question. Another example of persistence is given

by the attribute ACCHO1 whose values persist for each

account number.

Semantic assumptions may also involve different

temporal types (time granularities). For example, the

attribute AnIntRate can be classified as liquid. That is,

if its value is 3.00 for a month, we can assume that its

value is 3.00 for each second of each day in that month,

and at the same time, if its value is 3.00 for each second

of each day in a month, we can assume that its value

is 3.00 for that month, (The term “liquid” is borrowed

from the temporal reasoning community [Sho87].)

The aforementioned semantic assumptions are only

some of the assumptions identified by the temporal rea-

soning community. There are many semantic assump-

tions that are quite natural in databases but not dis-

cussed in that community. For example, the balance

at the end of a month is the last balance stored in the

relation for that month. In Figure 1, assuming no ac-

tivities occurred for account 1001 after 7/3/93:09:00:00,

the end-of-month balance for July 1993 will be $4,000.

Researchers have long realized such richness of seman-

tics in temporal data [CT85, SS87, Tan87] and provided

operators in their query languages to enable users to

code semantic assumptions into queries [SS87, Tan87].

Users can use a “last” (or similar) operator to formulate

the preceding balance query,

We argue, however, that temporal semantics should

be an integral part of temporal databases and the users

should not bear the burden of having to incorporate
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such semantics in their queries. Users should query

the database directly about the balance at a particular

time; the system should be able to answer the query

appropriately according to the semantics. To have

such an ability, the system has to include a precise

formalization of temporal semantic assumptions, and

evaluate queries according to these assumptions. In this

paper, we provide a framework to incorporate temporal

semantics into temporal databases and investigate how

it can be used to evaluate user queries with embedded

semantics.

Each semantic assumption is viewed as a function

that obtains implicit information from explicit informa-

tion, This corresponds to our intuition. Indeed, the per-

sistence of the Balance attribute of Figure 1 “generates”

for account 1001 the balance amounts equal to $1,000

for 3/3/93:09:01:01, 3/3/93 :09:01~ 3/3/93:09:01:03,

3/3/93:09:01:04, etc. We denote DB as the database

DB with all information (implicit and explicit) gener-

ated from semantic assumptions.

A user query on a database is viewed as a query

on DB. Indeed, if the query asks for the balance of

account 1001 at noon on March 4th, 1993, it should

retrieve values from ~, where the value is $3,500 for

the Balance attribute at that time for the account 1001.

However, it is usually impractical for the database to

store and manage DB. Indeed, consider the attribute

AnIntRat e in Figure 1, Since AnIntRat e is liquid, it is

possible to derive values for AnIntRate in each possible

granularity y. There is an enormous effort involved in

managing all these derived values. Besides, the user may

not be interested in knowing the annual interest rate for

all possible time granularities. A similar problem exists

for the Balance attribute.

Our solution is to translate the user query into a query

that incorporates semantic assumptions. For a given

user query Q, we need to answer the query Q on ~,

i.e., the database with all semantic assumptions applied.

Instead of using semantic assumptions to build DB, we

use them to translate the query Q into another query

Q’ such that the new query evaluated on the stored

database (Q’ [Ill) is the same as the answer of the user

query Q over DB. In formula, we require that

Q’[DB] = Q[~],

Obviously, whether there always exists a Q’ for each

Q largely depends on the languages used. In this

paper, we use a single language MQLF for the semantic

assumptions, for user queries Q, as well as for system

queries Q’. MQLF is an extension of the query language

introduced in [WJS95] as a general query language on

temporal databases. We show that MQLFis a reasonably

powerful language for specifying semantic assumptions.

Furthermore, we show that the above Q’ always exists

in this situation,

Another contribution of the paper is its analysis of

safety issues of the temporal database query language

MQLF. Persistence and other semantic assumptions

naturally give rise to infinite information. For example,

the persistence of the Balance attribute dictates that

for account 1001 in the ACCOUNT relation, there should

be one tuple for each second after 3/3/93:09:01:00.

Note however that after 7/3/93:09 :00:00, all values for

each account will stay the same. Such infiniteness,

called eventual uniformity in this paper, has been

accommodated by researchers by using specific data

models (e.g., the tuple timestamp [1, cm] of [Sno84]);

however, it has not been analyzed formally in a general

setting. In this paper, we study the safety requirement

of query languages to yield only eventually uniform

results.

In summary, the contribution of the paper is three

fold: (1) semantic assumptions are formalized for the

purpose of database query evaluation; (2) a method for

query evaluation is introduced to incorporate semantic

assumptions; and (3) safety issues are analyzed in a

general setting.

The rest of the paper is divided into 10 sections. Sec-

tion 2 briefly reviews related research in the literature.

Section 3 defines our temporal data model. In Section 4,

we introduce the notion of a general class of semantic

assumptions: point-based semantic assumptions. Per-

sistence is a special case of point-based assumptions.

Query evaluation with respect to point-based assump-

tions is discussed in Section 5. Interval-based assump-

tions that include the liquidity assumption are formal-

ized in Section 6 and query evaluation with respect to

such assumptions is studied in Section 7, In Section 8,

the above two kinds of assumptions are combined in

evaluating queries. Safety issues are discussed in Sec-

tion 9. Finally, the paper is concluded with some re-

marks on the results of the paper and on future research

directions in Section 10. Due to the lack of space, we

refer the reader interested in proofs and more details to

[BWBJ95].

2 Related research

As mentioned earlier, some of our terms used for seman-

tic assumptions are borrowed from the temporal rea-

soning community. In particular, the term h’~uidity is

from [Sho87], while the term persistence has been ex-

tensively used in temporal reasoning for planning (e.g.,

[AKPT91]). The notion of persistence has also been

used in the context of temporal databases in [DM87] to

make predictions about unknown facts in the database;

however, the emphasis of [DM87] is on consistency

maintenance of a logical database containing uncertain

temporal information about events. Logical databases

and uncertain information are beyond the scope of this

paper. Instead, we consider general classes of assump-

tions including persistence and assumptions involving

multiple granularities. Our focus is on relational-like
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databases and query evaluation on these databases.

Various semantic assumptions in temporal database

settings are perhaps recognized first by Clifford and

Warren [CW83]. The earliest systematic study is

however performed by Segev and Shoshani [SS87].

They recognized various properties of time sequences,

such as “stepwise constant” and “continuous”, and

provided a number of functions to be used in user query

languages to accommodate these properties. A larger

set of sophisticated operators for the same purpose has

been proposed by Tansel in [Tan87]. By using these

operators, many semantic assumptions can be coded

into user queries. These works differ in two respects

from the current one, First, in this paper, we formalize

the notion of semantic assumption, while in these earlier

studies, no general definition is given. Second, we

assume that the user queries the database with the

assumptions built in, instead of having to code them

into queries. Thus, in this study, the query language

for the user is a simple extension of the relational

calculus (the extension is for incorporating the temporal

dimension, not for semantic assumptions).

Other researchers [CT85, WJL91, C194] also recog-

nized the importance of semantic assumptions in tem-

poral databases. Clifford [CT85] points out the use of

interpolation in temporal databases; however, the query

evaluation is not formalized. Clifford and Isakowitz

[C194] deal with formalizing the semantics of variables

that many temporal data models employ to denote var-

ious intuitive semantic assumptions, The work clari-

fies many vague, although intuitive, notions. However,

[C194] does not address how user queries are evaluated

on databases with such variables.

Regarding the safety of temporal queries, the problem

is sometimes avoided by assuming a finite time domain

and the safety problem reduces to that of standard

relational query languages. A recent paper by Clifford,

Croker and Tuzhilin [CCT94] mentioned a syntactic

safety requirement based on [U1188] for a logic based

temporal query language. However, it is not clear what

properties this syntactic restriction leads to,

3 Data Model

The data model used in this paper is based on that

introduced in [WJS95, WBBJ94] as a unified interface

for accessing different underlying temporal information

systems. It is believed that the concepts and the results

of this paper are readily translated to other temporal

data models.

3.1 Temporal types

We start with defining temporal types that model

typical (and atypical) calendar units. We assume there

is an underlying notion of absolute time, represented by

the set JV of all positive integers.

Definition Let ZN be the set of all intervals on JU, i.e.,

ZN={[i, j]li, jGMandi <j} U{[i, m]li EM}.1 A

temporal type is a mapping p from the set of the positive

integers (the time ticks) to the set ZN U {0} (i.e., all

intervals on N plus the empty set) such that for each

positive integer i, all following conditions are satisfied:

(1) ifp(i) = [k, i] and p(i+ 1) = [m, n], then m = 1+1.

(2) p(i) = 0 implies p(i + 1) = 0.

(3) there exists j such that p(j)= [k, 1] with k <z’< 1.

Condition (1) states that the mapping must be

monotonic and that the intervals corresponding to

consecutive ticks should not have a gap between them.

Condition (2) disallows a temporal type to map a

certain time tick to the empty set unless it maps all

subsequent time ticks to the empty set. Condition (3)

requires that each positive integer must be contained in

the interval corresponding to a tick of the temporal type.

A tick i of type p is said to be empty if p(i) = 0. One

particular consequence of the above three conditions

is that the last non-empty tick (if it exists) must be

mapped to an interval of the form [i, m].

Typical calendar units, e.g., day, month, week and

year, can be defined as temporal types that meet

the above definition. [As an example, suppose the

underlying time is measured in terms of seconds, Then

the calendar unit day (assuming it starts on the first

day of 1900) is a mapping such that day(1) is the set

of all the seconds that comprise the first day of 1990,

and day(2) maps to all the seconds of the second day

of 1990, and so on,] An important relation regarding

temporal types involves time ticks. For example, we

would like to say that a particular month is within a

particular year. For this purpose, we assume there is a

binary (interpreted) predicate IntSecP,” for each pair

of temporal types p and v:

Definition For temporal types p and v, let IntSecfl,v

be the binary predicate on positive integers such that

IntSecP,”(i, j) is TRUE if p(i) n v(j) # 0, and

IntSecP,”(i, j) is FALSE otherwise,

In other words, IntSecP,v(i, j) is TRUE iff the

intersection of the corresponding absolute time intervals

of tick i of p and tick j of v is not empty. For

instance, rntse~onth,year(i, j) is true iff the month

i falls within the year j.

3.2 Temporal module schemes and

temporal modules

We assume there is a set of attributes and a set of

values called the data domazn. Each finite set R of

I An intervfl [~, J ([~, CO], resp.) is viewed as the set of all

integers k such that i < k < j (k ~ i, resp. ).
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attributes is called a relation scheme. A relation scheme

R= {AI,..., An} is usually written as (A I,..., A~).

For relation scheme R, let Tup(ll) denote the set of all

mappings, called tuples, from R to the data domain. A

tuple t of relation scheme (AI, . . . . An) is usually written

as(al,..., an), where ai = t(i) for each 1 ~ i ~ n.

Definition A temporal module scheme is a pair (R, p)

where R is a relation scheme and p a temporal type. A

temporal module is a triple (R, p, p) where (R, p) is a

temporal module scheme and p is a mapping, called a

time windowing function, from N to 2hP(~J such that

p(i) = 0 if p(i) =0.

Intuitively, the time windowing function p in a

temporal module (R, H, p) gives the tuples (facts) that

hold at non-empty time tick i of temporal type p. This

is a generalization of many temporal models in the

literature.

A temporal database is a finite set of temporal

modules. Throughout this paper, we assume a fixed

set of temporal module schemes, which is the database

scheme. A temporal database thus is only a different

instantiation of the windowing functions of the fixed

temporal module schemes. Furthermore, each temporal

scheme is assigned a unique name. For each temporal

module scheme H, we shall use RM and pM to denote the

relation scheme and temporal type, respectively. We

also use PM to denote the “current” instantiation of the

windowing function of scheme M. When no confusion

is possible, we shall also use M as the name of the

current inst anti at ion of M. For convenience, in temporal

module examples, instead of the positive integers we

will sometimes use an equivalent domain. For instance,

the set of expressions of the form 3/3/93:09:01:00

(month/day/y ear:hour:mlnut e:second) will serve as

such a domain,

Example 1 We view the temporal relation ACCOUNTS

given in the introduction as a temporal module with

(ACCOUNTS, second), where ACCOUNTS = (AcctNo, AccHo1,

Balance, AnIntRat e), as its scheme. The relation in

Figure 1 corresponds to the time windowing function p

defined as follows:

9(3/3/93:09 :01:00 )={(1001, J. Smith, 1000, 3.00)}

p(3/4/93:10:01:55 )={(1001, J. Smith, 3500, 4.00)}

p(3/4/93:11:00:00 )={(1500, A. Brady, 2000, 3.00)}

~(3/4/93:12:19:03 )={(2034, T. Ford, 500, 2.50)}

p(3/4/93:18:00:00 )={(1500, A. Brady, 1500, 3.00)}

w(7/3/93:09:00:00 )={(1001, J, Smith, 4000, 4,00)}

Note that the above windowing function only reflects

the (explicit) data stored in the relation. We will use

semantic assumptions in Section 4 to give implicit data.

❑

Finally, we define the project operation on temporal

modules that will be used in later sections. Let M

be a temporal module and W ~ RM. Then n~(M)

is the temporal module (W, pM, p’) such that y’(i) =

zw(p(i)) for each i ~ 1. Note that nw is the standard

project operation.

3.3 The query language MQLF

We specify the query language on temporal modules

using a multi-sorted first-order logic: One sort is a

generic (non-temporal) data domain, while the other

sorts are temporal ones corresponding to the temporal

types that we consider. Each temporal type we use

gives rise to a distinct temporal sort. We shall use

“temporal type” and “temporal sort” interchangeably

when no confusion arises. Also, we allow certain scalar

functions [EMHJ93], such as +, –, /, x, on the data

domain. These functions are not intended as functions

interpreted in the logic, but rather as external calls to

the system with fixed interpretations. The formulas of

this multi-sorted logic are called MQLF formulas and

the query Ianguage we build using the logic is called

MQLF (Multi-sorted Query Language with Functions).

The range of each data variable is the data domain

and the range of each temporal sort variable is N.

The data terms of MQLF formulas are of the form co

or ~(xl, . . . . Zk), where each XO is a variable name or

a constant of the (non-temporal) data sort, each Zi

(1 s i s k) is a term of the data sort, and $ is

a function of arity k. Thus, functions can be nested

and are only for the data sort. Atomic MQLF formulas

are of the following four types: (a) al = xz where xl

and Z2 are data terms; (b) Int SecP,”(tl, tz),where tl

and -tz are variables or constants respectively of sorts

P and v; (c) tl < iz or tl = tz,where tl and tz are

variables or constants of the same temporal sort; and

(d) M($l, . . . . z~, t) where M is a temporal module name

of the database with n being the arity of RM, each

xi is a non-temporal variable name or constant and t

a temporal variable or constant. A JfQLF formula is

formed by boolean connective and the existential and

universal quantifiers in a usual way. As a syntactic

sugar, we change the quantification of temporal sorts

to the form: 3: p and W: p, where t is of sort ~. This

syntactic sugar allows us to tell the sorts of bounded

variables from the formula itself. The predicates Int Sec

are interpreted as in the previous subsection, < is

interpreted as the integer order, and = is the standard

equality.

A MQLF query is of the form

{x,... Xk, t:ull)(z’1,....zk. t))

where xl . . . Zk are variable names or constants of the

non-temporal sort, t is temporal variable of type v,

and~(zl, ..., x~, t) is a MQLF formula whose only free

variables are among Z1, . . ., xk, t. The formula @ can

obviously contain temporal variables of sorts different

from v, provided that they are bounded. For example,

260



the following is a MQLFquery on the ACCOUNTS temporal

module:

{~, t:month \ 3y, Z, w %:second (iiCCOUNTS(Z, U, Z, W, s)A

Z > 2000A ht!%~on~h,Second(t, S))}

This query asks for the months in which an account has

a balance over $2,000 for at least one second.

A MQLF query is correctly typed if for all subformula

M(cl, ..., Zn, t) appearing in it, the temporal sort oft is

PM, i.e., the temporal type of k!, The above example

query is correctly typed since the temporal type of

the temporal module ACCOUNTS is second. With each

correctly typed MQLF query Q = {zl, ..., Zk, t:p I ~},

we associate an answer, denoted Q[DB], in the form of a

temporal module (R, p, p), where R is a relation scheme

of arity k and p is given as follows: (al, . . . . ak) is in

p(m) if and only if # is TRUE when the free variables

xl, . . . . Xk and t are substituted with the constants

al, . . . . ak and m. Note that the truth value of the

atomic formula M(yl, . . .,y~, s)is TRUE iff(yl,. ... y~)

is in PM(S). For example, considering the above query

on a DB containing the temporal module ACCOUNTS,

its answer is the temporal module (AccNo, month, p)

with 9(3/93) = {1001, 1500}, q(7/93) = {1001}, and

q(i) = 0 for each i corresponding to a month different

from March and July 1993.

If a MQLF formula only has a single temporal sort,

we call it a f7a&MQLF formula. A jla$MQLF query is a

MQLF query using a flakMQLF formula. The following

is an example of flatiMQLF query,

{z, t I ay,,z, w(ACCOUNTS(Z, Y,Z, w,t)A z < 1000)}

4 Point-Based Assumptions

We call point-based assumptions those semantic as-

sumptions that can be used to derive information at

certain ticks of time based on the information explicitly

given at different ticks of the same temporal type. This

new information can be derived in different ways. One

way is to assume that the values of certain attributes

persist in time unless they are explicitly changed. An-

other way is to assume that a missing value is taken as

the average of the last and next explicitly given values.

Still another way is to take the sum of the last three

values, etc. In this section, we give a general notion of

assumptions that uses, in principle, any interpolation

function to derive information from explicit values.

In the next subsection, we illustrate persistence as an

example of point-based assumptions. The discussion of

the persistence assumption also motivates the syntax

and the semantics of general point-based assumptions.

4.1 An example: persistence assumption

A point-based assumption that seems particularly widely

used in practice and in the literature is the per-

sistence assumption. With Px(YPer’is), we denote

the assumption of the attributes XY being persis-

tent with respect to the attributes X. This intu-

itively means that if we have explicit values for X

and Y at a certain tick of time, these values will per-

sist in time until we find a tick at which we have

explicit values that are the same for the attributes

X but different for Y. Consider our running exam-

ple of the ACCOUNTS temporal module. The assump-

tion PAcctNo((AccHol, Balance, AnIntRate)per$i$) says
that the values of these four attributes persist in time
until a different value for one of the attributes AccHo1,

Balance, or AnIntRate with respect to the same AcctNo

is found. Note that this is a reasonable assumption for

the ACCOUNTS temporal module,

In the temporal database literature a notion similar

to persistence is found when the value of a tuple is

given for an interval [1, UC] where uc is a short hand

for “until changed” [WJL91, C194]. However, that

notion is not well formalized. For example, it is not

clear which attributes must actually change and with

respect to which other attributes. Besides having a clear

semantics, persistence assumptions are more powerful,

since more than one persistence assumption can be

specified on the same set of attributes,

4.2 Syntax and semantics of point-based

assumptions

A point-based semantic assumption relies on the use of

certain methods (called assumption methods) to derive

implicit values from explicit ones. We assume there is a

fixed set of assumption methods.

Definition Let X, Y1 , , , . Y~ be pair-wise disjoint sets

of attributes (i.e., X n Yi = 0 and Y~ n Yj = 0 for each

i and j) and methl, . . . . methn assumption methods.

Then PX(Y1meihl . . . Ynme’h”) is called a point-based

assumption.

The requirement that the sets X, Y1, . . . . Y~ be pair-

wise disjoint in the above definition intuitively says that

it is not possible to use different assumption methods

for the same attribute.

If a module ikl = (R, p, q) has a non-empty set of

associated assumptions, these assumptions actually give

implied values for the involved attributes from explicit

values in the windowing function p. Formally,

Definition For each point-based assumption P with W

being the set of all attributes appearing in P, there is an

associated (partial) mapping fp from temporal modules

to temporal modules such that for each temporal

module M with W ~ RH

1, ip (M) ia a temporal module on (~, pM), and

2. if fp(M) = M’, then nw(~M(i)) ~ ~M,(i) for each

positive integer i.
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The first condition in the above definition specifies

the scheme of the derived module. The second condition

requires that the semantic assumption retains {original

tuples. That is, a point-based semantic assumption only

adds tuples but does not change (or delete) original

tuples. The above mapping $p identifies the semantics

of the assumption P. We assume that, for each

assumption method rneth, the semantics of Px (Yme$h)

where X and Y are generic set of attributes, is defined

giving the corresponding mapping. As an example, the

semantics of persistence could be defined as follows:

For each M = (R, p, p), with XY ~ R, we have

jpx(y~,~.,.)(ilf) = (XY, ~, p’), where

Note that rxy is the standard projection operation.

(The semantics of an assumption that involves specific

attribute names and/or multiple assumption methods

can usually be derived from the semantics (i.e., the

mappings) of the assumptions involving the individual

methods. Due to space limitation, we omit the detailed

discussion here but note the fact that the mappings

associated with Px(Yme~h) and PW(Zmeth), for a

certain method meth, will be the same up to renaming

attributes, )

An example of a method that is different from

persistence is avg. Applying avg to a numeric attribute

A with respect to attributes X, it means deriving

implicit tuples for XA where the value for A is taken

as the average between the values of A in the last and

next explicitly stored tuples that have the same values

for X.

Example 2 Consider a temporal module RISKS that

stores, for each account holder who received a loan

from the bank, a measure of the possible risk for

the bank: RISKS = (( AccHo1, EstRisk), day, p) where

yY(2/4/93) = {(J. Smith, 2), (T. Ford, 4)}, p(6/4/93) =

{( J. Smith, 4), (T. Ford, 3)}, and p is empty for all other

days. It is reasonable to introduce the assumption

PAccHol(EStRiSk ‘“’) to answer queries about the

Est(imated)Risk on days when the value has not been

explicitly given. This assumption can be used to derive

that the EstRisk value for customers J .Smith and

T.Ford at all days between 2/4/93 and 6/4/93 was

respectively 3 and 3.5. ❑

Given a temporal module M and a set of assumptions

I’, we are interested in seeing if there is a new temporal

module that models all the information implied by M

under I“. Clearly, all the tuples in ~P (Al), for each P

in r, should be present. Also, the new module should

not include any excessive tuples. Such a new module

is called a minimal closure of M under r. In order

to formalize this notion, we first define a subsurnption

relation among temporal modules.

Definition Given two modules kf = (Ii, p, p) and
M’ = (R, p, @) we say that M is subsumed by M’,

denoted M < M’, if for each positive integer i, p(i) ~

p’(i). The subsumption is said to be strict, denoted

M+ M’)if M-j M’and M# M’.

Definition Let M be a temporal module and P a

point-based assumption with W being all the attributes

appearing in P. A temporal module Ml is called a

closure of H under P if Ml is on the same temporal

scheme of M, M < Ml, and ~P(M) ~ &(M1). It is called

a mintmal closure of M under P if Ml is a closure of M

under P and there exist no closure 142 of M under P such

that M2 < Ml. A temporal module M’ is said to be a

closure of M under a set 17 of point-based assumptions

if it is a closure under each assumption P in r, and is

said to be a minimal closure of M under r, if Ml < M1’

for all closure M“ of M under r.

Notice that the minimal closure of a certain module

under a set of point-based assumptions may not be

unique. For example, given M = (ABC, p, p) with

y(l) = (a, b,c) and p(i) = @ for each i > 1, and

the assumption P = PA(Bper’is), we can find as many

minimal closures of M under the assumption P, as the

number of values that attribute C can take. Indeed,

for each value x that C’ can take, the module M. =
(ABC, p, ~z) with pn(l) = (a, b, c) and pr(i) = (a, b, z)

for each i > 1, is a minimal closure of M under P. Here

we give a sufficient condition for the existence of the

unique minimal closure.

Proposition 1 Let r be a set of point-based assump-

tions and (R, Ii) a temporal scheme. If for each assump-

tion Px(Y1meth’ Y~’thn) in r, we have XY1 Y. =

R, then each temporal modu!e on (R, p) has a unique

minimal closure under r.

It happens that certain assumptions can be derived

from a given set of assumptions. For example, we can

derive PAcc~No(Balancepersis) from the assumption

pAcctNQ((AccHOl, Balance, AnIntRate)PerSis). For rea-

sons of space, here we do not address this issue and we

refer the interested reader to [BWBJ95].

5 Query Evaluation with

Point-Based Assumptions

As mentioned in the introduction, we are concerned

with query answers in the presence of semantic assump-

tions. In this section, we assume that each temporal

module M in the temporal database is associated with a

set rN of point-based semantic assumptions. We use f’

to denote the collection of all semantic assumptions. We

restrict ourselves to temporal modules having a unique

minimal closure under semantic assumptions. In light

of Proposition 1, we assume that each semantic assump-

tion in rN involves all attributes in RM.
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We first formally define the notion of query answer
with point-based semantic assumptions.

Definition Let Q be a correctly typed MQLF query

and suppose the temporal modules in the database DB

are M1, . . . . Mm. Then, the answer of Q~on DB) with

assumptions 17, denoted Q[DB, 17], is Q[DB], where ~

is the database with the temporal modules fil, . . . . Em

and each ~i is the minimal closure of Mi under the

assumptions rMt,

That is, the answer of a query with assumptions is

the answer of the original query on all the minimal

closures of the temporal modules in the database. In

other words, we first accommodate the assumptions,

via minimal closures, into the temporal modules and

then use the minimal closures as the temporal database

to answer the query. Note that the query in question

must be correctly typed since point-based semantic

assumptions do not change the temporal types.

The above definition captures the purpose of seman-

tic assumptions in answering queries. However, as

mentioned in the introduction, in practice, instead of

changing the temporal modules in the database to an-

swer queries, we change the query to encompass all

the semantics such that the new query on the original

database will give the intended answer under assump-

tions. Formally,

Definition Given a query Q and semantic assumptions

r, a query Q’ is said to be a I’-captured version of Q if

Q’[DB] = Q[DB, 17] for all instantiation of the DB.

If an assumption-captured version of a query is found,

in order to answer the query with assumptions, an

existing system can simply evaluate this assumption-

captured version in a usual way using “standard”

techniques [TCG+93]. That is, the underlying query

evaluation programs of an existing system need not

change to accommodate semantic assumptions in its

database.

In order to formalize the process that obtains a

I’-captured version, we limit the set of point-based

assumptions to those that can be expressed in flak

MQLF formulas. 2 Recall that the semantics of a point-

based assumption P = Px(Y1meth’, . . . . Ykmethk ) is a

mapping fP. Here we require that jp is given using

flat-MQLF, In particular, we require the existence

of a formula @ in MQLF such that (a) only one

predicate M appears (possibly several times) in W!

and this predicate has arity n + 1 where n is the

number of attributes in XY1 Y~, and (b) jP (M) =

{zl, . . . . z~, t I U$} for each instantiation of the

temporal module M.

This limitation on point-based assumptions is reason-

able, since flaLMQLF is a very expressive language, and,

2This restriction can be relaxed if r-captured version can be

in terms of other languages.

in fact, we can specify many assumptions that are useful

in practice. For example, consider the semantics of the

persistence method. Let M be a generic temporal mod-

ule such that RM = XY with arity n. Let Ind~ be the

set of indices (positions) of attributes in X appearing

in RM.3 The fla&MQLF formula defining persistence is:

qjMPx(ypcr,,,)(u)l,. . . .wn, t)= M(tol, . . ..wn. t)V

(~t’) (t’<t A M(wl,..., wn, )’)

A(vt’’, zl, ..., .zn)(t’ < t“ ~ t + -I(lf(Zl, . . .,zn, t”) A

(Vi E Ind~) z, = w,)))}

In the above formula, the temporal sort of all temporal

variables is assumed to be PM. Note that for a given

temporal module M, the subformula “(vi E Ind~ ) Zi =

w~ “ will be written out as a conjunction of a finite

number of Zr = tol for each i in Ind~. Hence, W!

is a flat~MQLF formula. It is easy to check that the

mapping defined through this formula corresponds to

our intuitive definition of persistence and it is equivalent

to the one previously defined in terms of set of tuples

using the projection operation.

As explained above, once we have the definition of

assumption methods in the form of the V formulas

identifying the corresponding mappings, we can easily

obtain the formula @! for any assumption involving

the defined methods. As an example of point-based

assumption involving more than one method, consider

Pz = PX(Y””9 Tpersis ), where Y # (?Jand T # 0. Given

a module M such that RM = XYT, this assumption

intuitively says that each attribute in Y should be

derived with respect to X using the avg (average)

method while each attribute in T should simply persist

(with respect to X). If Ind~, Ind~, and Ind~ are

respectively the sets of indices of the attributes in M

appearing in X,Y, and T, then the following is a the

formula defining T!,. (In the formula, all the temporal

variables are of the sort flM.)

Wy,(wl, ,,,, wn, t)= M(wl, . . ..w~. t)V

(3t,,t2,v,,...,vn,u,,...,un)(tl<t AM(vl, . . ..vn. tl)A
(W’)zl,..., zn) (tl<t” <t #l(M(z~,..., zn, t”)A

(Yic Ind~) %, = wi))At <tz A Maul,..., zb, tz)A

(Vt’’, zl,..., Zn)(t ~ t“ < t~ ~ _@(21, . . . . zn, t”)A

(Vi s Ind~) z, = wi.)) A (Vi E Ind~) w, = vi = uiA

(Vi c Ind~) w, = ~ A (Vi c Ind~) w, = v,)}

We are now ready to show the process by which we

obtain I’-captured versions of given queries.

Algorithm 1 Let Q be a correctly-typed MQLF query

and r the collection of point-based assumptions. For
each M(z1, , , izn, t) appearing in Q, where each Z; is a

3 For example, assume the attributes of H m-e (A, B, C, D, E)

and X = {B, C, E}. Then Ind\ = {2,3,5}.
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data variable or constant and t is a temporal variable

or constant of type v, substitute M(z I, . . . . Xn, t) with

1$,(zl, ..., MZn,t) v v Wpk(zl, . . ..l%. t)

where ~~, . . . . pk are all the assumptions in rM. o

Note that in the above replacement, we assume

that each free variable in w~, is substituted by the,
corresponding variable or constant in M(x1, . . . . x~, t) in

Q. By a simple induction on the structure of the input

query, we have:

Theorem 1 The query obtained by Algorithm 1 is a

I’-captured version of Q.

Example 3 Let’s consider the flat-MQLF query given

before as an example:

Q = {$, ~ I ~Y, z,w(AcCOUNTS(Z, y, z,w, t) A z <
1000)}. If DB = {ACCOUNTS} and r = {PI} where

P1 = PAcctNo((AccHol, Bal~ce, AnIntRate)p’rsis)} )

then Algorithm 1 gives as output the query Q’ =

{z)t 1 3y, Z, W(V$:cOuNTs(z, Y, Z, w,t) A z < 1000)}.

‘CcOuNTs(Z, y, z, w, t) with the corre-Substituting @P,

spending flat-MQLF formula specifying the semantics of

the persistence method, it is easy to verify that the pairs

(x, t) returned as the answer Q’[DB] can be viewed as

the module (ACCNO, second, q) with p(i) = @ for each

i before 3/4/94:12:19:03 and p(i) = {2034} for each i

at and after 3/4/94:12:19:03. Note that this answer is

equal to what we would obtain computing the closure of

ACCOUNTS with respect to PI and then evaluating Q on

this closure. Indeed, the minimal closure would contain

all the tuples derived by the persistence, in particular

those with respect to Mr, Ford’s account number 2034.

u

6 Interval-Based Assumptions

We call interval-based assumptions those that can be

used to derive information for a certain tick of one

temporal type from information at ticks of a different

temporal type. The word interval indicates the fact that

these “source” ticks must be intervals having a certain

relationship (containment or intersection) with respect

to the interval of the “target” tick for which we are

deriving the value.

6.1 An example: liquidity

With 1(AJ ) we denote the assumption of the attribute

A being downward hereditary. This intuitively means

that if we have an explicit value for the attribute

A at a certain tick of type p, then for each tick

of any other type that is covered by it, A has that

same value. Referring to our running example, it is

reasonable to assume that, if an account (A CCNO) has

a corresponding account holder name (AC CHO1) in a

second, then it has the same account holder name in any

millisecond, microsecond, and etc. within that second.

Similarly, with I(At) we denote the assumption of the

attribute A being upward hereditary. Intuitively, if we

have the same value for the attribute A at contiguclus

ticks, that value is also the value of A for each tick

of any other type that is the union of some of these

ticks. In our example, if an account has the same

account holder name in each second of a month, we

know that the account has that account holder in

that particular month. With I(A1 ) we denote the

assumption of the attribute A being liquid, i.e., it is

both downward and upward hereditary. Referring to

our example, we can make the following reasonable

assumption: l((AccNo, AccHo1, AnIntFlate)~).

Liquidity, as well as upwardldownward heredity, can

be used to answer queries that are not correctly typed.

For example, the following query is not correctly typed:

{y, t:month I 3z,z,~(ACCOUNTS(Z,Y, Z, ~,t) AZ = 1001}

This query asks for the account holder name of account

1001 in months, while the temporal type of ACCOUNTS is

in seconds.

6.2 Syntax and semantics

As in point-based assumptions, an interval-based as-

sumption relies on the use of certain “conversion” meth-

ods. For example, the liquidity assumption uses a ‘(con-

stant” function to derive values. We assume there is a

set of conversion methods.

Definition Let yl, . . . . Yn be pair-wise disjoint at-

tribute sets, and Conul, . . . . Convn conversion methcds.

Then l(Y~On”l . ~Y~Onv”) is called an interval-based as-

sumption.

In Subsection 6.1 we have illustrated three conversion

methods. There are many others that can be useful.
For example, given a module of type p we assume
iisatick ofatypev and jl < . . . < jk are all

the ticks of type p that are contained in tick i of

v. We may derive the value for tick i of v using

the values at tick jl or ~k of p respectively. We

call these conversion methods respectively jirst and

last. Considering our running example, it is reasonable

to make the assumption of converting the Balance

attribute using last. This means that asking on

the ACCOUNTS temporal module for the balance of an

account for a month, it is returned the balance at

the last second of that month. Note that we don’t

have explicit values for the last second of each month,

but we have a persistence assumption to derive them.

Hence, considering all the attributes in ACCOUNTS, the

following is a reasonable interval-based assumption:

l((AccNo, AccHo1, AnIntRate)~, Balance~ast).

Definition For each interval-based assumption 1 with

W being the set of all attributes appearing in 1, there
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is an associated (partial) mapping fI that maps a
temporal module together with a temporal type to a
temporal module such that for each temporal module M
and type v, if W ~ RM, then

● $nI(J, V) is a temporal module on the scheme (W, v),

In addition, the mapping fI must satisfy the following
condition:

Let Ml = (R, p, W) and !42= (R, p, W) be temporal
modules, and fI(Ml, v) = (W, v, p;) and f~(Mz, v) =

(W, v, pj). Then for each i > 0, p;(i) = p;(i)
i~~$J = yY2(j) for all j with IntSecV,U(i, j) =

The first condition says that for a given temporal
module and a target temporal type, the interval-based
assumption 1 gives a temporal module with all the
attributes in 1 as the relation scheme of the output
module and the target temporal type as the temporal
type of the output module. The second condition
requires that if the target temporal type coincide the
temporal type of the input module, then the output
module should simply be a projection of the input
module. The additional condition says that the value at
each tick i in the target type v depends only on values
at ticks that intersect with Z.

The mapping, in the case of a liquidity assumption
1 = I(W$) with regard to a module M = (R, p, p)

and target type v, can be given as follows: fr (M,v) =
(W, v, p’) where for each i >0

p’(i) = 7rw{t I Vk(V(i) n~(k) # 0 + t E p(k))}

7 Query Evaluation with

Interval-Based Assumptions

The notion of query answering with point-based as-
sumptions in Section 5 can be extended tto that with
interval-based assumptions. As in Section 5, we assume
there is a set rH of interval-based assumptions for each
Min the database, and the collection of all interval-based
assumptions is denoted by r.

As for point-based assumptions, we restrict ourselves
to assumptions involving all the attributes appearing
in the modules on which they are applied, We also
limit interval-based assumptions for which we can
evaluate queries to those that can be specified by
particular MQLF formulas. Suppose that I’ is the set
of assumptions. For each assumption 1 in f’, there must
be an associated formula ~~r” parametric with respect
to a module M = (R, p, p) and a target type v for the
conversion, such that:

f~(M, ~) = {~1 ,.. .,xn, t:v I I&”}

where n is the arity of .RM. The only predicate symbol
involving both data and temporal sorts that can appear

M,v .in *1 1s M (possibly several times). This restriction
is reasonable since MQLF can be used to express many
practically interesting interval-based assumptions. For
example, liquidity is specified by:
@,u

~(wr)(w.. .) Zn, i) = (Vt’:p)(IntSecu, ~(t’, t) +

(3w, . . .,%)( M(w,,. . . . w~, t’) A (’v’j c Ind})zj = wj))

where t is of type u, p is the temporal type of M, and

Ind\ is the set of indices (positions) of the attributes
in W appearing in RN.

The purpose of interval-based assumptions is to
derive information in terms of a different temporal type.
For instance, monthly information can be derived from
daily information. The advantage is that the user query
does not have to be correctly typed for the system to
answer. Indeed, suppose a temporal module in the
database contains account interest rate information in
terms of days. If the user wants to know the interest
rate at a particular hour, she may query the database
using hour as the temporal type for the query. The
system will then use the liquidity assumption to answer
the query.

Similar to the point-based assumptions, we may
define query answers with interval-based assumptions
and assumption-captured version of queries:

Definition Let r be a set of interval-based assumptions
and Q a MQLP query wrt 17. Let V be the set of all the
temporal types of the variables and constants appearing
in Q, and for each Mi in DB and v in V, let ~i,v be the
temporal module (RM,, ,uM,, pi), where for each j ~ 1,

%(~) = UIErM Pfl(M,,”j(~). Then ~~e ~WW of Q WZth
——

assumptions 17 (denoted by Q[DB, I’]) is Q[DB], where

● DB = {fii,,, I Mt E DB and v c V}, and

—.
● Q 1S the the query obtained by changing each

Mi(~l,..,~~,t) to mi,~(zI, . . ..x~. t) in Q, where v
is the type of t.

A query Q’ is called I’-captured version of Q if Q’[DB] =

QIDB, I’].

That is, to answer a query with assumptions 17,
one needs to (a) obtain, via the given interval-based
assumptions, the temporal modules in terms of the
temporal type used in the query, and (b) change
the occurrences of the temporal module predicates to
address the “new” temporal modules. The altered query
is obviously correctly-typed, and it is then answered in
a usual way over the altered database. A I’-captured
version is a query which will obtain, without changing
the database, the correct answer of the original query
with assumptions.
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Algorithm 2 Given a MQLF query Q on a temporal
databme with interval assumptions, Q is transformed
in a query Q’ on the original modules by substituting
each occurrence of an atom M(ZI, . . . . Zn, t), where each
Z~ is a data variable or constant and t is a variable or
constant of type u, with

I!y;yrl,,c.,%,t) v . . . v Wy(zl,....zn,q
where n,..., lk are aII the interval assumptions in rM.

c1

Theorem 2 Given a query Q and a sel of znterval-

based assumptions ~ as inputs to Algorithm 2, the query

obtained by the algorithm is a I’-captured version of Q.

8 Combining Point-Based and

Interval-Based Assumptions

If both point-based and interval-based assumptions are
present in rM, the interval-based assumptions must be
applied on the minimal closure of M with respect to
the point-based assumptions. This is quite intuitive,
since values at ticks in different temporal types can be
derived by ccmversion using values not present in the
original module, but may be implied by point-based
assumptions. For example, suppose the module contains
the value of an attribute for the first day of the year and
no value for the other days. Moreover, suppose we know
that that attribute persists and that it is liquid. If we
ask what is its value for the whole year, we can answer
only by applying first persistence to derive that value for
each day of the year, and then by applying the liquidity
to derive the value for the whole year,

The answer to a query in the presence of both point-
based and interval-based assumptions is defined by
combining the definition of the query answering with
point-based assumptions and interval-based assump-
tions. That is, first, the closures of the temporal mod-
ules are obtained by point-based assumptions. Then
the temporal modules are changed, by interval-based as-
sumptions, into modules in terms of the types requested
by the given query. The notion of assumption-captured
version can be defined easily. To obtain assumption-
captured versions, one only needs to apply Algorithm 1
first and then Algorithm 2.

Theorem 3 Let I_ be a set of point-based and/or

interval-based assumptions and Q a MQLF query. Then

Algorithm 1 and 2, applied in this order, obtazn a I’-

captured version of Q.

9 Safety

As in the traditional relational calculus, we require that
MQLF queries be “domain independent” [U1188]. Since
scalar functions are used in MQLF queries, the notion
of domain independence needs to be extended. Here

we adopt the notion of embedded domain independence

of [EM HJ93]. Intuitively, a MQLF query is embedded
domain independent if its answer only depends on the
embedded domain, where the embedded domain consists
of (a) the values that appear in the database, called
active domazn, and (b) the values from a bounded
number of function applications on the active domain.

Definition Given a set I’ of assumptions, a query
Q is embedded domain independent wrt I’ if the (non-
temporal) values in the answer of Q with assumptions
r are from the embedded domain.

Embedded domain independence for MQLF is unde-
cidable. We thus follow [U1188] to give a syntactic re-
striction on allowable MQLF queries. 4 A MQLF formula
is said to be safe if it satisfies the four conditions given
on page 153 of [U1188] modified as follows: First, we
ignore the temporal variables appearing in the formula.
(Variables and functions of the different sorts are in fact
strictly separated.) That is, the four conditions [U1188,
p. 153] only apply to non-temporal variables, Second, we
have to take into account the fact that we allow mathe-
matical functions. Specifically, for condition 3 of [U1188,
p. 153], we add the fact that a (data) variable x is also
ltmtted if it is assigned to the result of a function ap-
plied on limited variables, i.e., if z = ~(yl, . . . . ym) is a
subformula, then z is limited when yl, . . . . y~ are all
limited.

A MQLF query {cl , . . .,~k,t:P[@} is said to be safe if
the formula @ is safe.

It is easily seen that a safe MQLF query is embedded
domain independent.

Consider now the answer of a query with a set of
semantic assumptions, A safe query does not guarantee
embedded domain independence unless the assumptions
satisfy certain conditions.

Definition A point-based (resp. interval-based)
semantic assumption P (resp. 1) is said to be safe if
Wp (resp. VI) is safe.

Persistence and heredity assumptions are easily seen
as safe point-based and interval-based assumptions, re-
spectively. Since a semantic assumption can be repre-
sented as a MQLF query, its safety implies embedded
domain independence.

Proposition 2 If Q is a safe query and r a set of safe

assumptions, then Q is embedded domain independent

with respect to I’.

Proposition 3 Let Q be a query and r a set of

assumptions. Suppose each assumption in 17, as well

4A more elaborate criterion called “embedded allowed” ap-

peared in [EMHJ93].
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as Q, is safe. Then Q’, obtained by the transformation

from Q by Algorithms 1 and 2, is embedded domain

independent.

From the above two propositions we conclude that to
ensure the embedded domain independence of the origi-
nal query with respect to assumptions, it is sufficient to
check the safety of the original query if all the assump-
tions are assumed to be safe,

Unlike the traditional relational databases, however,
the finiteness of (non-temporal) values appearing in
an answer does not guarantee the “finiteness” of the
answer. Many natural semantic assumptions lead to
infinite answers. In Example 3, the answer to the query
Q = {c, t [ ~y, z,w(ACCOUNTS(Z, y,z, w,t)Az < 1000)},
asking for the accounts (and the times) that have a
balance under $1,000, is infinite. Indeed, the windowing
function q of the resulting module is non-empty (q(i)

= {2034}) for an infinite number of ticks. Note that the
number of different (non-temporal) values in the answer
is finite.

The above infinite answer, however, shows a particu-
lar characteristics, namely, for each time i which is after
a certain fixed time ‘1’, the value (set of tuples) associ-
ated with i (p(i)) is always the same. We call such an
infinite temporal module “eventually uniform. ”

Definition We say that a module is eventually unzform

if after a certain tick its windowing function always
gives the same value. Formally, if M = (R, p, p), M is

eventually uniform if there exist tmac such that p(i) =
p(tmaz)for each i > tmaz.

Note that a representation equivalent to an eventually
uniform module is used in almost all temporal exten-
sions of relational databases. A typical way of rep-
resenting the eventual uniformity is associating to a
value/tuple the pseudo-interval [cl, co], where c1 is a
time constant.

In this section, we show that every flat-MQLF query
gives eventually uniform answers if the temporal mod-
ules in the database are all eventually uniform and each
assumption is expressed using a fla&MQLF formula. We
start, however, with a more general notion and result
for MQLF queries,

Definition We say that a temporal module is lst-order

jinitely partitioned (lfp-module for short) if there always
exists a partition of its ticks into a finite number of sets
such that its windowing function always gives the same
finite set of tuples within these sets. Moreover each such
set of ticks can be specified by a first-order formula with
only temporal variables and predicates Int Sec and <.

Theorem 4 The answer to a MQLF query on a database

with assumptions is always lst-order finitely partitioned

if each module in the database is Ist-order jinitely par-

titioned.

Theorem 5 Let r be a set of assumptions expressed

tn terms of jlat-MQLF formulas. The answer to a

query in jla&MQLF on a database with assumptions ~

is always eventually uniform if each temporal module in

the database is eventually uniform.

Moreover, the value t mar of the tick after which the
answer is always the same can be computed for each
query Q and input modules Ml, . . . . Mk with assumptions
r.

10 Conclusion

This paper introduced the notion of semantic assump-
tions for temporal databases. Semantic assumptions
allow a compact representation of potentially infinite
temporal data; they can be used to compute values not
explicitly given and to convert data from one tempo-
ral type to another. While some of these assumptions
have been extensively used in the literature on temporal
databases, they were not adequately formalized. This
paper gives such a formalization considering two very
general classes of assumptions: a) point-based assump-
tions used on temporal databases with a single temporal
type, and b) interval-based assumptions that are specific
for databases allowing different temporal types.

We impose that each assumption involves all the
attributes of the scheme to which it is applied to ensure
that the minimal closure of the temporal database is
unique. This condition can be seen as a limitation, but
it can be relaxed for the purpose of answering queries.
One option is to introduce “don’t care” values into the
query language. We omit the details due to the space
limitation.

Another interesting issue concerns the expressiveness
of the query language, Even though MQLF is a powerful
language, there are certain assumptions that cannot
be specified. An example of derivation method that
cannot be specified is weighted sum, where a value is
computed as the weighted sum of a set of values using
as weights the tick numbers that attach to the values
of the set. Indeed, MQLF does not allow terms of
temporal sorts as arguments of functions, There are also
interval-based assumptions that cannot be expressed in
MQLF. For example, consider a conversion function
saying that values in terms of months can be derived
from values in terms of years by dividing it by 12. The
effect of an assumption using this conversion should
be limited to months and years, but there is no way
to do so using MQLF. To take into account this kind
of conversion function it is necessary to introduce the
notion of an interval-based assumption restricted to a
subset of the temporal types of the database. Extending
the expressiveness of our query language along this
direction should not affect the results reported in the
paper.

In addition to the formalization of semantic as-
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sumptions, a major contribution of the paper is a
simple method to transform a query on a temporal
database with assumptions into a new query on the
same database but without assumptions, so that it is
not necessary to compute the minimal closure of each
module in the database to obtain the answer. The same
algorithms can probably be used to check constraint
satisfaction on temporal databases with assumptions.
For example, dynamic integrity constraints are speci-
fied in [Cho92] using Temporal Logic (TL); it is easy to
show that every formula in TL can be translated into
an equivalent formula in MQLF.

Beyond the topics we mention above, other issues that
are worth investigating include: (1) How does a system
efficiently evaluate a query with assumptions? Since an
assumption (such as persistence) may be used on many
relations and, by its nature, all queries addressed to such
relations must be evaluated with the assumption, it is
desirable (and also possible) for the system to exploit
the properties of the assumptions in order to provide
more efficient evaluations. In order to accomplish this,
we need to (2) further categorize semantic assumptions
for a better understanding, Lastly, (3) How do we
incorporate semantic assumptions into the evaluation
of a practical query language (such as SQL)?
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