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Abstract

We describe a formal design for a logical query language using -terms as data
structures to interact effectively and efficiently with a relational database. The
structure of «-terms provides an adequate representation for so-called complex
objects. They generalize conventiona terms used in logic programming: they
are sorted attributed structures, ordered thanks to a subsort ordering. Unification
of ¥-terms is an effective means for integrating multiple inheritance and partia
information into adeduction process. We define acompact database representation
for i-terms, representing part of the subsorting relation in the database as well.
We describe aretrieval agorithm based on an abstract interpretation of the -term
unification process and prove itsformal correctness. This algorithmis efficient in
that it incrementally retrieves only additional facts that are actually needed by a
guery, and never retrieves the same fact twice.

The difficulty lay in the form and economy of it,
so to dispose such a multitude of materials as not
to make a confused heap of incoherent parts but
one consistent whole.
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1 Introduction
1.1 Motivation and contribution

The combination of logic programming languages and database systems has been
a research theme for the last decade in both logic programming and database
communities. The interest from alogic programming perspective came when the
need was felt for manipulating large sets of facts. Usualy Prolog was coupled
with arelational database. In [9], Ceri et al. provide an excellent overview of work
in this area. In the database community, it was felt that the logic programming
paradigm offers interesting opportunities as a database query language. This
resulted in logical query languageslike £LDL [14] and NAIL! [13].

So-called complex objects have recently been studied for use in database
systems[7, 8]. Much of what has been proposed in those studiesis derived from
earlier work extending first-order termsto -terms[1]. The latter notion has had a
more direct application in programming language design [4, 2, 6] than in database
systems. Still, the functionality and naturalness of deductive queries over -terms
isastrong motivation for providing alogic programming language using -terms
with an effective means to access large volumes of dataand knowledge stored in a
database (see [5] for a convincing example).

We propose aformal design for an effective coupling of such alanguage with
arelational database. For the purpose of our presentation and experimentation, we
use the specific language LIFE [2], but thisimplies no loss of generality. Indeed,
although we formulate it using «-terms, our design is directly applicable to any
logical query language with complex objects represented as Prolog terms or as data
structuresala(7, 8], sinceal these modelsturn out to be specia cases of ¢-terms.
We present the theoretical view of our proposed database support of that language
and discussthe results. Our theoretical design was put into practice as the basis of
an experimental implementation [12].

Although our experiment may be categorized as providing database support to
alogic programming language, it goesbeyond previousresearch in that it considers
a language with sorts and attributed terms, which can be arbitrarily nested, and
provide multiple inheritance. Aswill be shown, due to the specific characteristics
of LIFE’s sort system, our experiment has yielded aform of database support that
not only allows querying for facts, but also posing abstract queries, that is, queries
that ask for general knowledge as opposed to factual knowledge.

1.2 Organization of paper

Before we delve into technicalities, here is a brief introductory overview of the
paper. Our system is organized as sketched in Figure 1 and consists of three
subsystems; namely, the LIFE system, an interface writtenin LIFE, and an external
relational database. The coupled system isintended to represent the facts of LIFE
in the database and to retrieve these facts, when needed by the LIFE system.
Hence, the functionality of the interface is twofold. Firstly, it provides a
compact database representation for logical facts. As we shall see in Section 2,
these facts are ordered by a subsumption relation induced by a subsort ordering
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Figure 1. Architecture of the system.

on functors. In Section 3, we propose to group facts into what we call qualified
segments, such that the subsort relationships involving symbolsin these facts are
implicitly represented. We a so compress segments before storage in the database.

Secondly, for the retrieval of facts, we use a tight coupling [15, 16], where
facts are loaded when needed by the LIFE system. In Section 4, we describe an
abstraction of the unification process, where qualified segmentsin the database are
approximated by aset of generalizations, called qualifier. If factsfrom the database
are requested, we use the qualifier and the current goal, a term, to construct a
candidate: a selection condition on the segment, retrieving al facts that unify with
thisgoal. In Section 5, we show that not all subsort rel ationships need to be stored
in the LIFE-system, since some are implicitly represented in the database. In
Section 6, we optimizetheretrieval process, by storing loaded facts in the internal
database and retrieving each fact only once. We conclude with Section 7, with a
recapitulation of our work and a brief overview of the perspectives it offers. No
particular background is required to understand the technical contents of this paper
other than elementary discrete algebra, shreds of logic programming, and basic
notions of relational and deductive databases.

2 Thefactsof LIFE

LIFE (Logic, Inheritance, Functions, Equations) isalogic programming language
extending Prolog terms as described in [2, 4, 6]. The user can specify inclusion
relationships between functor symbols, thus enabling the direct representation
and use of taxonomic information. Thus, functors are called sorts and no longer
differentiated from values. For example, we can state that apples is a subsort of
food, so that a fact likes(mary, food), stating that mary likes food, implies that
mary likes apples as well.

To make use of a subsorting relation in a logic programming language, the
unification operation must be redefined. The subsorting relation generates apartia
order on the set of all terms called term subsumption. Unification of two terms
computes their greatest lower bound (GLB) with respect to term subsumption.
Failure of unification is denoted by a specia term: the symbol L (*‘bottom’’).

For the purpose of our presentation, it will suffice to assume that a LIFE
program P consists of the specification of the subsort ordering, and logical rules
in the form of Horn-clauses. The essentia point to keep in mind is that the



literalsmaking up aprogram’ s clauses are -termsrather than conventional Prolog
terms. Hence, as is the case in deductive database languages, the Horn clauses
are separated into the extensional database (EDB)---i.e., the facts containing no
variables---and the intensional database (IDB)---the rest.

Our ideais to represent the (presumably numerous) facts of aLIFE program’s
EDB asflat relationsto storein an external relational database. Then, designing an
interface amounts to defining an intermediate representation allowing to translate
from facts of LIFE (i.e., ¥-terms) to database tuples and back. To be correct, a
databaseretrieval algorithm respondingto aLIFE query through thisinterface must
be sound (i.e, retrieve no irrelevant tuples) and complete (i.e, retrieve all relevant
tuples). Hence, the interface design and the correctness of retrieval depend in some
essential way on the formalization of «-terms. This section is meant to give al
the preliminary formalities that we use, introducing basic and disjunctive -terms,
sort signatures, subsumption, and related notions. From this point on, whenever
we say ‘‘term’” we shall mean (possibly disjunctive) ** ¢-term.’’

21 Terms

A basic term is built out of sort symbols and attribute labels. Let £ be the set of
all attribute labels, and S the set of al sort symbols, including T (‘‘top’’) and L
(**botton’").

Definition 1 (Basic term) A basicterm p isan expression of the form:
s(l1 = p1y- -+, In=pn), N>0,

where:
e sc S istheroot symbol of p, denoted by root(p).
o l1...,1Ih € L arepairwisedistinct attribute [abels.

® P1,...,Pnareterms: the subterms of p.

If n =0, pisissaidto be atomic, and simply written as s. Otherwise, pis said
to be attributed. The attribute-subterm list is unordered. A term with at least one
occurrence of the symbol L isconsidered to be equal to theterm 1. Wecall ¥ the
set of all basic terms that can be constructed from sort symbolsin S and labelsin
L.

Example2.1 Anexample of abasic termis:
likes(who = mary,
born = date(day = 24,
month = january,
year = 1965),
what = apples).

More precisely, we shall mean ¢-termswithout variables since only EDB factswill be considered.



The root symboal is likes; it has three subterms with attribute label s who, born and
what. The sort symbols are likes, mary, date, 24, january, 1965, and apples. The
attribute labels are who, born, day, month, year, and what. |

We shall use a more convenient mathematical characterization of abasic term
that is formally equivalent to their syntactic representation of Definition 1. It sees
a term as a mapping from a set of occurrences (i.e., strings of labels in the free
monoid £*) to S, assigning sort symbolsto each of these occurrences.

Definition 2 (Occurrence) An occurrence is a string formed by concatenating
labels, separated by *.". Theroot label is denoted by the empty string ¢. The set of
all occurrences £* isinductively definedas £* := ¢ | £L.L*,whereac = c.a=a
for any occurrence a.

In what follows, every time we refer to term p, we mean the generic one in
Definition 1.

Definition 3 (Occurrence domain) The set of occurrences actually appearing in
atermp isthe occurrence domain Ap: the smallest subset of £* for which:

e £ € Ap a.nd
o lj.ae Apiffl; isthelabel in p denoting the subtermp;, anda € Ap,.

Definition 4 (Sort function) To each term p there corresponds a sort function
Pp - L* — S which assigns a sort symbol to each occurrence:

T ifag A
Pp(@) =< root(p) ifa=e
v (@) ifa=lia

Hence, abasic term isformally characterized asapair p = (Ap, ¥p).
Example 2.2 Referring to the term in Example 2.1, the domain is {¢, who,
born, born.day, born.month, born.year, what}. The sort function is defined as:
¥(e) = likes, v(who) = mary, 1»(born) = date, ¢»(born.day) = 24, etc. Note
that the sort function returnsthe T-symbol for any occurrence not in the occurrence
domain, for example ¢(day.what) = T. O

2.2 A short terminological digression

For the sake of self-containment and to settle some terminology, we indulgein a
brief intermezzo defining afew genera basic order-theoretic notions that we shall
use in therest of this paper. All definitionsin this short digression will refer to a
partially-ordered set, or poset, (S <).

Recall that a chain of Sis atotally ordered subset of S Let us aso recall the
notion of cochain, adual of the more familiar notion of chain:

Definition 5 (Cochain) A cochain Cof Sisa subset of Swhereall distinct elements
are mutually incomparable. Formally, Cx Cn < = 1¢.2

2Where 1x = {{x, X)|x € X} is theidentity relation on X.



The set of al cochains of Sis denoted as coc(S). The set coc(S) is itself
partialy ordered asfollows.

Definition 6 (Cochain ordering) VCy,C2 € coc(S), CLCC iff ¥xgeCy,
dx € Gy X1 < Xo.

Note that the empty set [J isacochain. In particular, the empty set isthe least
eement in coc(S); thatis, YCC S: O C C.

Note a so that singletons of elements of Sare cochainstoo. In fact, the cochain
ordering C coincides with < on singletons; namely, Vx,x' € S: {x} C {x'} iff
x < X'. For thisreason, an element x of Smay be identified with the singleton {x}.
Hence, the cochain ordering C isa‘‘natural’” extension of the base ordering < and
so we shall use only one symbol (g) indifferently on base el ements or cochains of
Swithout risk of confusion.

It will be convenient to refer, for agiven element of S to specific subsets of its
upper bounds or lower bounds. The following definitions introduce a few that we
will use. In what follows, x and X' denote elements of such asat S

Definition 7 (Ancestors) The set of ancestors of x is the set anc(x) of elements
greater than, or equal to x:

anc(x) = {X € S| x < x}.
Definition 8 (Descendants) The set of descendants of x is the set des(x) of
elements smaller than, or equal to x:

des(x) = {X € S| X < x}.
GivenS C S let [S] (resp., | S]) denotethe set of all itsmaximal (resp., minimal)
edements.2 We define parents and children, as well as maximal common lower

bounds and minimal common upper bounds, in terms of ancestors and descendants
asfollows.

Definition 9 (Parents and children) The parents of x are its immediate upper
bounds; i.e., the minimal ancestors, excluding x itself:

par (x) = |anc(x) \ {x}]
Dually, the children of x are itsimmediate lower bounds; i.e.,
chi(x) = [des(x) \ {x}]

Definition 10 (M aximal common lower bounds) The set of maxima common
lower bounds of x and X’ is denoted as x M X', and defined as:

XNX = [des(x) n des(x’)w .

3To bewell-defined, this requiresthat Snot contain infinitely ascending (resp., descending) chain.
So we shall implicitly assumethis. In fact, al the posets on which we will use these operations will
be finite.



Definition 11 (Minimal common upper bounds) Dually, theset of minimal com-
mon upper bounds of sand s’ is denoted x LI X', and defined as:

XUX = {anc(x) n anc(x’)J .

Note that al the setsintroduced by the four previous definitionsare cochains.
Finaly, giventwo functionsf and f’ from aset Ato aposet (S, <), we say that
f < f’ whenevervac A: f(a) < f'(a).
This concludes our terminological digression. We now return to our topical
considerations.

2.3 Sort signature

The set of sort symbols & comes with a subsort ordering <. The set § and the
ordering form a sort signature, a poset X' = (S, <). We may assume the sort
signature to be fixed.

Definition 12 (Sort signature) A sort signature X isa poset (S, <), where:
¢ S istheset of sort symbols, containing top symbol T and bottom symbol 1.

e < C S8 x §isa partial order---the subsorting---on § such that Vs € S :
1 <s<T.

Example 2.3 All theexamplesto follow will useasort signature consisting of a set
S = {T, L, student, emp, mary, likes, food, apples, sweets, cookies, chocolate},
and for subsorting the least ordering such that apples < food, sweets < food,
cookies < sweets and chocolate < sweets, expressing that apples and sweets are
food, and cookies and chocolate are sweets; and such that mary < student and
mary < emp, expressing that mary is both a student and an employee. This sort
signature will be referred to as X and is depicted in Figure 2. a

24 Term subsumption
The partial order < on sort symbols extends to the set of all termsas follows:

Definition 13 (Basic term subsumption) The basic term subsumptionrelation <
ontheset of all basicterms ¥ isdefinedasp < p' iff p= L or ¢p < 9.

Example 24 Theterm p; = Iikes(who = mary, what = apples) is subsumed
by the term p, = Iikes(who = mary,what = food) since apples < food.
Term p; is aso subsumed by the term p3 = likes(who = mary) since the
sort symbol is T for any occurrence that is not in the occurrence domain; i.e.,
¥p, (What) = apples < ¢, (what) = T. Thus any basic term is subsumed by T
and subsumes 1. a

Note since S is a subset of ¥, < coincides with < on it. Therefore, < can
beseen asa‘‘natura’’ extension of the subsort ordering < and therefore we shall
again useonly one symbol (g) indifferently on sort symbolsor basictermswithout
risk of confusion.

As expected, we now extend termsto cochains of terms.



student emp likes food
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Figure 2. The sort signature .

Definition 14 (Digunctiveterms) Adigunctiveterm isa cochain of basic terms.

Term subsumption is naturally extended to disjunctive terms as the cochain
ordering of basic term subsumption. Hence, by ‘‘term’’ we now shall mean basic
or possibly disjunctiveterm.

As usual, a singleton disiunctive term {p} is identified with the basic term p.
In particular, the singleton set {T} is identified with the basic term T. Thisis
natural since they are both greatest elements for term subsumption. Similarly, { L}
is identified with the basic term 1. Note that thisis natura since they are both
least elements. However, the empty set [ is also the least element of coc(¥ ), and
hence we can identify al three: 1. = {L} = [.

Thefollowing is a particular case of amore genera resultin [1].

Theorem 1 The poset (coc(¥ ), <) isa lattice.®

Proof Greatest lower bounds are constructed as follows. For basic terms p and p’,
the (possibly digjunctive) term p A p’ is the set of maximal elements of the set of
al basictermsu = (A, ¢) such that:

[ Au = Ap U Ap/,
o Vac Ay:vu(a) € vp(a) Myp(a).

For (possibly singleton) disunctivetermsC, C', itisgivenby CAC' = [{pAp' | p €
C,p e C}].

Dually, least upper bounds (LUB) are constructed as follows. For basic terms
p and p/, the (possibly disunctive) term p v p’ isthe set of minimal elements of the
set of al basictermsu = (A, ¢) such that:

“Recall that alattice L is a poset where a unique greatest lower bound and a unique least upper
bound both exist in L for any finite non-empty subset of L.



[ Au == Ap N Ap/,
o Vac Ay:vu(a) € vp(a) U yp(a).

For (possibly singleton) disunctivetermsC, C', itisgivenby CvC' = |{pvp' | p €

C,peC}.
It is easy to verify that these operations are lattice operations with respect to
term subsumption. ]

Note that if the sort signature . is alattice, then so is ¥, and moreover, it is
then a sublattice of coc(¥ ).
Example 2.5 The GLB of terms p;1 and p, in Example 2.4 ispy, since p1 < p2.
The GLB of likes(who = student) and likes(who = emp) islikes(who = mary).
Their LUB islikes(who = T). The GLB of atomic terms food and student is L ;
i.e., we cannot unify these. O

3 Representation in a database

We now discussthe storage of factsin an externa relational database.

3.1 Qualified segments

In a relational database, identically formed objects are grouped together in a
relation. We must define a similar grouping on facts that we store in the externa
database. We must also find a way to represent subsort information relevant to
sort symbolsin these facts in the database as well as there is no evident way to
express subsumptioninrelationa agebra Therefore, if afact isstoredinadatabase
relation, it shouldimply that particul ar subsort rel ationshipsare defined for symbols
in this fact. Thus we should group facts with similar subsort relationships for its
symbols, for example symbol swith the same parents or children or both. However,
there is a trade-off: the more subsort information is implicitly represented, the
more database relations are needed to store al facts.

We choose to group facts with the same set of parents for al symbols at each
given occurrence. It turns out that thisis a natural choice since sharing parentsis
the most immediate commonality, akin to values being of the same sort. These sets
are called qualified segments:

Definition 15 (Qualified segment) A qualified segment Q is a set of non-bottom
facts such that all facts have the same set of parents for the sort symbol at each
occurrence:

Vf,f € Q,Yae Ay : par(¢r(a)) = par(¢r(a))

With some easy thinking, one can convince onesdlf that al facts in Q must
necessarily be identically formed. Indeed, the occurrence domain is the same for
al facts in a qualified segment, since parents are the same for symbols at each
occurrence. For aqualified segment Q, the common occurrence domain of all facts
is denoted Aqg.



For a program P, we can use multiple qualified segments to store part of the
factsin P in the database. We store each qualified segment in a separate database
relation, and in theinterface we store a description of the contents of each segment,
caled the qualifier. A qualifier isaset of terms, that are generaizations of al facts
in the qualified segment:

Definition 16 (Qualifier) To a qualified segment Q corresponds a qudlifier,
denoted qua(Q), which isthe LUB of all factsin Q.

Example 3.1 Let us assume the two facts of LIFE Iikes(who = mary, what =
sweets) and likes(who = mary, what = apples). Since both facts have the same
parents for al sort symbols, we can represent them in a qualified segment Q =
{likes(who = mary, what = sweets), likes(who = mary, what = apples)}. The
quaifier isqua(Q) = likes(who = mary, what = food). O

An important remark is that the qualifier of a qualified segment is always a
strict generalizer of al facts of the segment. This is a consequence of having
grouped facts in the same qualified segment if and only if the sort symbols at al
their occurrences shared the same parents.5 And thus, aswe will seein Section 5, a
qualifier and the terms in the corresponding segment, implicitly represent subsort
relationships.

3.2 Databasereations
A relational database consists of database relations:

Definition 17 (Database relation) Adatabaserelation Rrisaset {rq,ro,...,rm},
(m > 0) of n-ary tuples (n > 1) and is identified by its relation name R and a
set of attribute names T = {t,to,...,ty}. For a particular tupler, the value of
attributet is denoted asr.t.

We store a qualified segment Q in database relation Ry by representing each
factin Qasatuplein Rr. Werepresent fact f asatupler by flatteningthefact; i.e.,
we define a bijectivefunction v---called attribute function---that maps occurrences
in the occurrence domain Ay to attribute namesin T. Then, for each occurrence
a € Ay, we store sort symbol ¢ (a) in attribute v(a) in tupler.

This representation is sound, but it can be compressed by recognizing that for
particular occurrences in the occurrence domain, symbols are the samein al facts
in the segment. For example, the symbol at the who occurrence in Example 3.1 is
mary for all factsin Q. This (possibly empty) set of occurrences isthe fixed symbol
Set:

Definition 18 (Fixed symbol set) For qualified segment Q we define the fixed
symbol set Do C Ag as:
Do = {a€ Aq| Vi, € Q:¢x(a) = ¢r(a)}

SMore precisely, thisis true if the qualified segment is not reduced to only one fact. But then, as
we shall see, thereis no relation to store in the database.




Symbolsat occurrencesin thefixed occurrence set Dq are the samefor all facts
in qualified segment Q, hence, we do not have to store them in the database. We
only store symbolsat occurrences not in D and use any basic termin the qualifier
to represent the missing symbols. Indeed, for each basic term g inthe qualifier, the
sort symbol (@) for each occurrence a in the fixed symbol set Dq istheir LUB
and thus the same as the symbol at this occurrence for al factsin Q.

The correspondence between qualified segment Q and database relation Ry is
defined by a data definition:

Definition 19 (Data definition) Given segment Q, thecorresponding databasere-
lation Ry is defined by a data definition given by the quadruple (qua(Q), R, v, Dg).

Data definitionsare stored in theinterface, thusenabling the representation of facts
in segment Q as tuplesin Rr. With each fact f = (A, ¢) € Q corresponds a
uniquetupler € Ry, defined by:

Vte T:rt=y(vi(t))

Conversely, each database tupler € Ry representsafact f = (Ag, ¢¢), where
the sort function « is defined as:

T ifad Aq
wt(a) = { wg(a) ifac Dq
r.v(a) otherwise

whereq € qua(Q).
Example 3.2 The qudifier for qualified segment Q from Example 3.1 is
{likes(who = mary, what = food)}, and the fixed symbol setisDq = {e, who}.
If we represent Q as a database relation Ry, we only need to store the symbols at
occurrence what, so we need arelation with asinglecolumn, say T = {foodname}.
We definetheattributefunctionv as: v(what) = foodname. Therepresentation
of Q asadatabase relation is Rt = {(sweets), (apples) }. a
Note, for the sake of consistency, that in the already mentioned degenerate
case of aqualified segment reduced to only one fact, all the information goes into
the fixed address set and the qualifier, leaving nothing to be stored in the external
database.

4 Retrieval algorithm

For theretrieval of facts from the database, we use atight coupling, where we load
facts from the database whenever needed by the inference engine. For a particular
goa g, weload the subset Q[g] from segment Q, containing al factsin Q that unify
with g:

Qal={fcQlfArg# L}



Quadlified segment Q is stored in the database, so we do not know its actual
contents, hence we cannot compute Q[g] by simply unifying all factsin Q with the
goal. So, we need another technique to compute Q[g], independent of the contents
of Q. We use an abstract interpretation [11] of the inference process, where we
use qualifiers instead of facts. In this abstraction, unification of facts in Q with
goa g isan operation on the qualifier and the goal, resulting in aterm---called the
candidate---which approximates the subset of Q of al facts unifiable with g. We
describe the construction of candidates. First, we define the unifiable set U(s),
the set of all sort symbols that unify with symbol s; i.e., symbols for which the
maximal common subsort with s is non-bottom:

Definition 20 (Unifiable set) For a sort symbol sin S, we define the unifiable set
U(s) as:

U(s)={deS|sns #{L}}

A candidate is defined such that any fact in the qualified segment subsumed by
abasic term in the candidate, unifies with goal g:

Definition 21 (Candidate) Given a goal g, a basic term, the candidate C is the
set of all maximal terms ¢ = (Aq, ?) that can be constructed froma termq in
the qualifier qua(Q) that is unifiablewith g, asfollows. Va € Aq:

¢c(a){ = T ifag Do or ug(a) < vy(a),

€ chi(yq(a)) NU(g(a)) otherwise.

Example4.1 Assumethegoa g1 = Iikes(what = cookies) and qualified segment
Q asin Example 3.2. By Definition 21, we construct a candidate C; = T(Who =
T,what = sweets). For god g, = likes(who = student, what = food), we
construct candidate C; = T(who = T,what = T). For goal gz = likes(who =
peter, what = apples), we construct candidate Cz = [. O

Thus a candidate contains terms, identically formed to the factsin the segment,
and consisting of T-symbols and immediate subsorts of symbolsin the qudifier;
i.e., symbolsthat appear in factsin Q. If candidate C is empty, the symbolsin the
termsin the qualifier and the goal do not unify, then the qualified segment does
not contain any facts that unify with the goal. We have to prove that any fact f
in qualified segment Q that unifies with goal g, is subsumed by a basic term ¢ in
candidate C.

Theorem 2 Afact f in qualified segment Q unifieswith goal g iff it is subsumed
by a basic term c in candidate C; namely,

fAg#FL & f<c

Proof By Definition 13 and Theorem 1, we can rewrite the above to a condition
on sort symbols, Va € £*:

or(2) 1 vgl@) # (1) & (@) < vela)



Wefirst prove that if the maximal common subsort of two symbols < (a) and
¥g(a) is non-bottom, then we can construct a term ¢ such that ¢ (a) is smaller
than the corresponding symbol ¢¢(a) inc.

Symbols ¢ (a) and (@) unify, so ¢¢(a) isin the unifiable set U(vg(a)).
Symbol (@) islarger than «(a), and thus unifies with ¢g(a) aswell: vg(a) €
U(vg(a)). So, by definition, 1¢(a) isnot the symbol L. Assume that occurrence
a isin the fixed occurrence set Dq. By definition, ¢c(a) = T and thus symbol
¢ (@) issmaller than the symbol ¢¢(a) in c. Alternatively, if occurrence aisnot in
the fixed symbol set Do, symbol ¢ (a) infact f isachild of 14(a). We al'so know
that ¢(a) isin U(vg(a)), thus we can construct aterm ¢ where 1c(a) = ¢¢(a).
So we can construct aterm c larger than any fact f that unifieswith goal g.

We also prove that if fact f in Q does not unify with goa g, we cannot
construct aterm c larger than f. Fact f and term g do not unify, so for at least
one occurrence a, the maximal common subsort of ¥ (a) and ¥4(a) isthe bottom
symbol. We provethat, for thisoccurrence, we cannot construct a candidate c with
dr(a) < vela).

The symbol 4(a) isasupersort of ¢ (a). If g and g do not unify, the candidate
is empty. Thus, it does not subsume any fact. If g and g unify then zpq(a) isin
U(vg(a)), for al occurrence a in Ag. Symbol v4(a) cannot be a supersort of
¥q(@), otherwise, 1(a) would be a supersort of ¢ (a) aswell, and their maximal
common subsort would be % (a). Moreover, occurrence a cannot be in the fixed
symbol set Do, otherwise (&) = 14(a), contradicting that vq(a) is not in the
unifiable set U(vg¢(a)). Hence, the symbol ¢(a) incisnot T.

If we can construct a term c larger than f, symbol v¢(a) would be a child
of ¥q(a) and a member of the unifiable set U(yg(a)). Since occurrence a
is not in the fixed occurrence set, v¢(a) is aso a child of yq(a). So the
only child of q(a), larger than ¢(a), is «(a) itself. However, ¢¢(a) is
not in the unifiable set U(v4(a)), so we cannot construct a term ¢, where
¥e(a) € chi(yg(a)) NU(vg(a)), that islarger than fact f. I

Corollary 1 If fact f is subsumed by a basic term c in candidate C, all symbolsin
c areeither the top symbol, or equal to the corresponding symbol in fact f.

Proof Follows directly from the above proof, since ¢C(a) iseither T, or achild
of the symbol ¥4(a) in the qualifier. For these symbols, occurrence ais not in the
fixed occurrence set, thus symbol ¢ (@) interm f isalso achild of ¢q(a). I

The corollary is important, since it states that we can compute Q[g] by
a selection with the candidates, where T is the wild card argument and non-
top symbols are selection arguments. With a candidate C for data definition
D = (F, Ry, Vv, Dg), there corresponds a sel ection condition T[C] that istruefor all
elements of the set Q[g] and false for any other element of Q:

T[C] = (T[ca]) or ... or (T[cp])

where C = {c, ..., Cp}. For each term ¢; we construct a sel ection condition:



Tlc] = (v(ag) = (1))

and ...
and  (v(an) = vic(an) )
where ay, . . ., a, are the occurrences with non-top symbolsin term ¢;. We select

the tuples that represent factsin Q[g] with a simple SQL-query:

select  ti,...,t,
from R
where T[C]

Theretrieved tuples are then translated to facts, as stated in Section 3.2.

Example 4.2 For the candidate C; of Example 4.1, we construct a selection
condition T[C1] = (v(what) = ¢, (what)) = (foodname = sweets). The query
is:

select  foodname

from R

where foodname = ’sweets
and returns the tuple (sweets), which is transformed to the fact likes(who =
mary, what = sweets). O

5 Reduced sort signature

For the construction of candidates, we use sort signature ¥.. Part of the subsort
relationships are implicitly represented in the database, that is, for each fact in
a qualified segment, the parents of all symbols at occurrences not in the fixed
symbol set Dg are stored in the qualifier. We do not store these ‘implicit’ subsort
relationshipsin the LIFE system, but add them when facts are |oaded.

The remaining subsort relationships have to be stored in the LIFE system,
since we have to be able to reconstruct the entire sort signature. However, part of
the subsort relationships implicitly stored in the database are needed to construct
candidates. Thuswe should either retrieve these relationships at run-time from the
database, or simply duplicate the necessary relationships in the LIFE system, or
use a combination of both techniques.

We will adopt the second strategy, which issimple, and probably non-optimal:
we store sufficient subsort relationshipsin the LIFE system to compute candidates
for any goal and qualifier in program P. We construct a reduced sort signature
Y =(8, <", wheeS' C Sand <’ C <.

Definition 22 (Reduced sort signature) Given X = (S, <), the reduced sort
signature X’ = (S8, <') issuch that &’ is the subset of S, where we may exclude
least sorts (parents of bottom) with a single parent, stored in a databaserelation,
and not in atermin a qualifier. The reduced subsort relation <’ isthe subset of <,
induced by the set S’ :

<'=<n8&' xS
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Figure 3. Reduced sort signature ..

Example 5.1 The reduced sort signature X’ is depicted in Figure 3. The least
sortswith asingle parent are the symbolslikes, apples, cookiesand chocolate. The
symbolsin the database are apples and sweets. The symbols not in a qualifier are
student, emp, appl es, sweets, cookiesand chocol ate. Hence, the only symbol that is
aleast sort, in adatabase relation and not in aqualifier is apples. O

We haveto prove that the reduced sort signatureis complete; that is, all subsort
relationships are represented either in the database or in the reduced sort signature.
Moreover, we haveto provethat we construct the same candidates with the reduced
sort signature.

Theorem 3 All subsort relationshipsare either represented in the LIFE system or
implicitly in the database.

Proof Assume a subsort relation s < s’ where sisnot in §’. By definition, sisa
symbol in adatabase relation, and not asymbol in aqualifier. So thereisa symbol
s’ € §' at the corresponding occurrence in the qualifier for this database relation,
so s < s’ isareation implied by this segment. Sincesand s” arein &', s’ <'s.
So we can reconstruct s< s, sinces < s’ ands’ <’ ¢

Now assumetherelation s < s’ wheres isnotin S’. Since only least sorts are
not stored in S’, s must be the bottom symbol, and L < s’ isimplicitly defined by
the sort signaturefor any s' € S. 1

Theorem 4 |f we exchange X' for X/, we construct the same candidates for a goal
g and a qualifier qua(Q).

Proof To construct candidates, we compute the unifiable set U (s) for any symbol
sin the goal. We define U’(s) as the set containing al symbolsin S’ that unify
with s € §’, as defined by the subsort relation <’. For the correct construction of
candidates, U’(s) should contain al symbolsin U(s) that aredsoin &, that is:



Vs,g €8 :deU(s) & g eU(s)

Symbol s’ isin U(s) if the maximal common subsort of sand s’ is non-bottom.
We provethat for any s, s' in &', maximal common subsortssr1s’ form a subset of
S, and thusthat s isin U'(s) if s isinU(s). Theset sM s iseither {s} or {s},
or aset of symbols, smaller than both sand s'. These symbolsare al in §’, since
we excluded only symbols with a single parent, thus symbols that can never be a
maximal common subsort of two other symbols.

Moreover, if sms = {L} (i.e, S ¢ U(s)), than ' is not in the unifiable set
U’(s) as well, since the subsort relation <’ in the reduced sort signature form a
subset of the subsort relation <. I

As can be seen in Example 5.1 and Figure 3, simply duplicating all necessary
subsorting informationworksfinefor qualified segments containing alarge number
of facts with least sort symbols(i.e., datatypically found in databases), since these
symbols are not stored in the reduced sort signature. However, we stress that
the above solution is non-optimal, since the reduced sort signature X’ contains
more subsort information than actually needed. We believeit is possibleto further
‘strip-down’ the reduced sort signature. We think of a technique called segment
guessing, where less subsort information is needed, and the retrieval agorithm
gueries any database rel ation that might contain unifiable facts, based on available
subsort information.

6 Optimization

Toreduce databaseinteraction, we assert |oaded factsin theinternal LIFE database,
instead of retrieving the same facts over and over again. However, if we assert
facts in the internal database, we should retrieve each fact only once. Thus when
guerying the database for all unifiable facts for goal g; in segment Q, we should
exclude dl factsloaded from Q for previousgoalsgs, . . ., g_1.

Aswe stated in Section 4, we can describe each subset Q[g;] with a selection
condition T[C;]. Thuswe can exclude any subset with the negation of its selection
condition. We select the tuples from the database with an SQL-query:

slect tg,....t

from R

where T[C] and not (T[C4])
and ...
and not (T[Ci_1])

Theset of all candidates for previous goasformsan abstract cache, storing the
results of previous abstract computations; i.e., al constructed candidates. Thisis
also known as the caching of queries, as described by Ceri et al. in [10]. However,
storing all these candidates is expensive, and therefore we will shortly mention a
few optimizations.

Instead of storing all previous candidates, we use a single set---called look-up
set to represent that part of the qualified segment that has been |oaded:



Definition 23 (Look-up set) For a segment Q, we define the look-up set L[i] as
the set, formed of the maximal termsin the union of candidatesc;, . . ., G.

A look-up set isan equivalent, but more compact notation for aset of candidates,
since any term subsumed by another term, isremoved. The SQL-query reduces to:

slect ty,....t
from R
where T[Ci] and not (L[i — 1])

Another optimization consists of posing only queries that might retrieve any
tuples, that is, we exclude queries with a contradicting selection condition. This
occurs when the current query is subsumed by a previous query, as described
in [10]. The subsumption of queries is defined by the subsort relation < on
candidates. That is, all factsfor goa g; have been loaded if any term c in candidate
Ci issubsumed by someterm ¢’ inthelook-up set: Ve € Cj, 3¢ e L[i—1] :c < C.

A third optimization is the partial exclusion of previous queries. If we retrieve
a set from the database, we only need to exclude previously retrieved sets that
overlap with the current set; i.e.,, Q[gi] N Q[g] = U.

We further like to mention that, since candidates are wild card selections,
testing subsumption and overlapping reduces to simple comparison operations on
the respective sort symbols.

7 Conclusion

We have overviewed a forma design for interfacing a logical query language
with complex objects to a relational database. Our system is an improvement
on previous systems in that it provides database storage for objects ordered
thanks to a subsort hierarchy, representing part of this hierarchy in the database
as well. The representation of the objects is flexible; arbitrarily nested objects
can be represented in a maximally compressed format, where compressing and
decompressing is handled by theinterface. The loading algorithm is quite efficient
in that it loads only objects actually needed by the LIFE system, and never loads
the same object twice, thus improving resultsin [10]. In addition, our design aso
improves on previous work by providing for free the ability, intrinsic to «-terms,
to store and query partial information. For example, if al facts in LIFE's EDB
stipulate that all students are happy, a query requesting to list happy things will
avoid itemizing in extenso all 12,452 tuples of students, giving only the one tuple
corresponding to the intensional LIFE fact happy(student) :

LIFE is an extension of logic programming: first-order logic programs are
LIFE programswith aflat sort signature; i.e., al sort symbols---except for T and L
are incomparable. Hence, theretrieval algorithm holdsfor languages using Prolog
terms as objects as well.

Part of the system described in this paper has been implemented: the LIFE-
-WISDOM system (LIFE With Inheritance Supported Data Object Manage-
ment) implements a database interface for an implementation of LIFE called
Wild_LIFE [3], to an ORACLE relationa database [12]. The current system



implements both database retrieval and updates, but only for singleinheritance and
facts consisting of least sorts.

As for the future, we want to extend this approach to goals with variables.
For example, agoa such as name(X, X) must only unify with facts with identical
argumentsand should generate database queriesretrieving only tupleswith identica
values in columns. Then, we may translate entire LIFE rules to complex join
operations on the database. The trandation of recursive LIFE rules to extended
relational agebraexpressionsmust aso be explored. Another direction of research
consists of weakening the restrictions for the reduced sort signature, by redefining
qualified segments and using other search strategies, such as segment guessing.
Also, we may consider iterating our construction, building multiple levels of
abstractions; i.e., the storage of qualifiers themselves in higher-level qualified
segments.
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