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Abstract 

Reasoning with multiple levels of abstraction 
is a powerful method of controlling problem 
solving in complex domains. We consider the 
problem of simplifying a knowledge base by 
creating an abstraction that is tailored for a 
given set of queries. Our approach is based 
on associating formally an abstraction with 
some irrelevant detail that is removed from 
the knowledge base. We show how creat- 
ing an abstraction and determining its util- 
ity amounts to automatically deciding which 
aspects of a representation are irrelevant to 
a query. As a result, we derive a general al- 
gorithm schema for automatically generating 
abstractions for a query. As an instance of 
the schema, we describe a novel algorithm for 
automatically abstracting a KB by projecting 
out relation arguments. 

Introduction 
Abstraction is a pervasive phenomenon in human com- 
mon sense reasoning and problem solving. From the 
early days of AI research, it was noted that if systems 
are going to reason effectively in complex domains, 
they too must be able to create automatically appropri- 
ate abstractions. This idea was the driving force of sev- 
eral early works (e.g., [Sacerdoti, 1974; Plaisted, 1981]) 
and has recently received renewed attention (e.g., [Ell- 
man, 1992; Knoblock, 1990; Bacchus and Yang, 1992; 
Ellman, 19931). The need for abstraction is rooted in 
the fact that a declarative representation is designed 
for a variety of queries and consequently, it is likely to 
be too detailed for any given query. Essentially, the 
idea proposed in these works is that instead of trying 
to solve a query with the given complex theory of the 
domain, a system should create a simpler, more ab- 
stract theory, and solve the query in that theory. De- 
pending on the problem solving context, the abstract 
solution may suffice, or there may be an additional step 
of mapping the abstract solution back to a solution of 
the original problem. 
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The key issue in this approach is how to automati- 
cally create abstractions that are well suited for a given 
query (or set of queries). It is unreasonable to ex- 
pect a representation designer to anticipate all possible 
queries and the abstractions that will be suited to each 
of them. For an abstraction to be useful it must reduce 
the cost of answering the query, i.e., the cost of creat- 
ing the abstraction, solving the query in the abstract 
theory and mapping the solution back to the original 
solution (a process that may need to be iterated sev- 
eral times) should be less than solving the query with 
the original represent at ion. 

Intuitively, as noted in several works on abstrac- 
tion and irrelevance-reasoning (e.g., [Giunchiglia and 
Walsh, 1992; Subramanian, 1989; Levy and Sagiv, 
1993]), a good abstraction is one in which we remove 
from the theory knowledge that is irrelevant to the 
given query. If the detail removed is indeed irrelevant, 
then the solutions found in the simpler theory will map 
back to the original theory, and consequently, back- 
tracking between abstraction levels will not be neces- 
sary. This paper makes these intuitions concrete by 
making a formal connection between irrelevance and 
abstractions and shows how to use it to automatically 
create abstractions. The key to our approach is that 
when we consider an abstraction, we articulate what is 
being removed from the theory in the process of ab- 
straction. Deciding to use an abstract theory then 
amounts to deciding that the removed knowledge is 
indeed irrelevant and that removing it will yield a com- 
putationally simpler theory. The following simple ex- 
ample illustrates our approach. 

Example 1: The following rules describe flight routes 
between cities in the U.S. The first and second ar- 
guments of Flight and Route denote the origin and 
destination, respectively. Their third arguments de- 
note the costs of the flights, and the fourth arguments 
denote the airline. The fifth argument of Route de- 
notes the number of legs in the route. The knowledge 
base also contains a set of ground atoms for the pred- 
icate Flight. Flight routes are composed using rules 
~2 and r4. Flight routes must always be on a single 
airline. Furthermore, we can only use a foreign airline 
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if the cost of the route is less than $500. The atom 
AirZineRoute(x, ys a, Z) denotes that there is a route 
with Z legs from x to y that uses only airline a. 

q : FZight(x, y, c, a) A American(u) + Route(x, y, c, a, 1) 
~2 : FZight(x,z, cl, a) A Route(2, y,c2,a, Z)A 

American(a) + Route(x, y, cl + ~2, a, I + 1) 
r3 : FZight(x, y, c, a) p\ lAmericun(u) A (c < 500) sr~ 

Route(x, y, c, a, 1) 
r4 : FZight(x,z,cl,u) A Route(x, g,cs,u, Z)A 

lAmericun(a) A (cl + c2 < 500) + 
Route(x, y, cl + c2, a, 1 + 1) 

rg : Route(x, y, c, a, 1) + AirZineRoute(x, y, a, 1) 

Suppose we want to find whether there is a flight route 
between two cities a and b with Z legs on United Airlines 
(i.e., find whether AirZineFZight(a, b, UA, 1) is entailed 
by the KB). Since United is an American airline, the 
cost of the route is irrelevant to the query, and we can 
abstract the representation by projecting out the cost 
arguments from the relations Flight and Route. Intu- 
itively, the irrelevance can be established by observing 
that the cost arguments play no role in the rules that 
are relevant to the query (i.e., the rules ri,r~ and ~5). 
In contrast, if the query would consider a foreign air- 
line, the costs would be relevant because they impose 
additional constraints in r3 and rd. Therefore, we can 
rewrite our rules as follows: 

T; : FZight’(x, y, a) A American(u) + Route’(x, y, a, 1) 
T-L : FZight’(x, z, a) A Route’(z, y, a, 1) A American(u) + 

Route’(x, y, u, 1 + 1) 
ri : Route/(x, y, a, Z) + AirZineFZight(x, y, a, Z) 

Rules r3 and r4 are irrelevant to the query and are 
therefore removed in the abstract KB. We also project 
out the third argument in the ground atoms of Flight. 
The resulting KB may yield a significantly smaller 
search space. For example, consider the difference be- 
tween the rules 2-2 and rk. In rule ~2, if we fail to join 
a ground atom FZight(x, z, cl, a) with a ground atom 
Route(x, y, 122, a), a backward chainer may still try to 
join the atom FZight(x, x,c’,,u) with an appropriate 
atom of Route for every value ci it finds, and will fail 
on all of them. In contrast, rule ri will not try other 
costs for the same flight r0ute.l Furthermore, solutions 
including foreign flights will be ignored completely. 

In the next section we formally define the notions .of 
irrelevance (e.g., we define what it means for an argu- 
ment of a relation to be irrelevant to a query) and show 
how irrelevance claims provide a logical justification for 
creating abstractions suited for a set of queries. As a 
result, we derive a general algorithm schema for au- 
tomatically generating abstractions for a query, which 
is based on identifying aspects of the representation 

‘Although in some simple cases these repetitions can 
be eliminated by employing some method of dependency 
directed backtracking, such methods will not be as general 
as projecting out arguments and will also have additional 
costs associated with maintaining the dependencies. 

that are irrelevant to a query. As an instance of the 
schema, we describe a novel algorithm for automati- 
cally abstracting a theory by projecting relation argu- 
ments. Finally, we argue for the advantages of viewing 
abstractions as a problem of irrelevance reasoning. 

Irrelevance and Abstractions 
In our discussion, we assume that our domain is rep- 
resented by a knowledge base (KB) A of clauses. We 
denote by R, 0 and F the set of predicate symbols, 
object constants and function symbols used in A, re- 
spectively. For readability, in our examples we write 
the clauses as rules, whenever possible. The meaning of 
the clauses are given via interpretations in which they 
are satisfied. An interpretation is a mapping from the 
symbols in A to our conceptualization of the domain. 
It maps elements of 0 to objects in our domain and 
elements of R and 2= to relations and functions on our 
domain. A model of A is an interpretation that satis- 
fies all the clauses in A. Intuitively, the set of models 
of A represents the possible states of the domain that 
we consider possible, given the constraints expressed 
in the clauses of A. 

In our discussion of irrelevance we will consider the 
possible derivations of a query formula from the KB. 
For the purpose of our discussion, we assume that in- 
ferences are made by the resolution rule of inference. 
A resolution proof D of a clause Cc can be viewed as 
a tree, in which the root is the derived clause, and the 
children of a clause C are the clauses that were re- 
solved to obtain C. We denote the set of leaves of the 
tree of D by Base(D). The set Base(D) represents a 
“support set” for Cc in A. It should be emphasized 
that although we use resolution in our discussion, the 
results can easily be applied to other sound inference 
rules. 

We begin by defining the meaning of irrelevance 
claims, i.e., claims stating that a subject s is irrele- 
vant to a query Q, w.r.t. a KB A. Previous work on 
irrelevance (e.g., [Subramanian, 1989; Levy and Sagiv, 
19931) considered formal definitions of irrelevance for 
the case where s is a clause (or set of clauses). In or- 
der to use irrelevance to justify abstractions, we need 
to define irrelevance of other subjects. For instance, in 
Example 1, we based our abstraction on the irrelevance 
of predicate arguments. Other irrelevance subjects are 
shown in Table 1. 

Intuitively, a subject is irrelevant to a query if it 
can be removed from our conceptualization of the do- 
main without affecting our ability to answer the query 
correctly. For instance, for the query described in Ex- 
ample 1, we can simplify our conceptualization by pro- 
jecting out the cost column from the relations corre- 
sponding to flights and routes, and we would still be 
able to answer the query (whereas it would not be ad- 
equate for queries involving foreign airlines). However, 
in formalizing our intuition we must take into account 
that we cannot reason directly with our conceptualiza- 
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Abstraction mapping SI Intended semantics s1 
Predicate abstraction Replace occurrences of PI,. . . , P, by P P = PI U . . . U P, 

Replace occurrences of PI,. . . , Prr by P P = PI Cl . . . rl Pn 
Object abstraction al,. . . , an ---) a P(u) iff P(uI) A . . . A P(u,) 
Function abstraction f+f I f’ is an anproximation of f 

Table 1: Example irrelevance subjects 

tion of the domain, but only with clauses in the KB 
that represent a set of intended models. Moreover, 
as noted by in [Subramanian, 19891, a purely model- 
theoretic account of irrelevance will not capture our 
intuitions about the notion. Finally, since our main 
goal in defining irrelevance is to provide a basis for 
automatically creating abstractions, we will consider 
definitions that involve the actual clauses in the KB. 

Formally, an irrelevance subject s is a pair (sf , sl) 
specifying a syntactic abstraction mapping [Plaisted, 
19811, sf , on clauses and the intended mappin 
terpretations sI (see Table 1). The mapping s 5 

on in- 
repre- 

sents the simplification we intend to make to the con- 
ceptualization of the domain via the abstraction (see 
[Nayak and Levy, 19941 for a more detailed account 
of such simplifications) .2 As an example, consider 
a subject which is a set of predicate arguments. We 
denote such a subject by a list of pairs (qi, ni), where 
qi is a predicate and ni is an integer less or equal to 
the arity of qi. In our example, the irrelevant argu- 
ments are ((Flight, 3), (Route, 3)). The mapping sf 
would map the literals of the form FZight(x, y, c, a) to 
the literal FZight(x, y, a) (and likewise for Route). The 
mapping s1 would map the relation denoted by Flight 
to the relation resulting from projecting out its third 
column. 

The mapping sf is defined on literals and extended 
in the natural way to clauses. Following [Plaisted, 
19811, we require that sf satisfy the following restric- 
tions: (1) if L is a literal, then sf(-&) = -&(L), and 
(2) if a clause C subsumes D, then sf (C) subsumes 
sf (D). 

Applying the mapping sf to all the clauses in A 
may result in an inconsistent theory. Therefore, we 
will apply sf only to clauses that are independent of 
s, as we define below. The notion of independence will 
also form the basis for our definition of irrelevance. 

Definition 1: Let A be a knowledge base and s = 
(sf , sl) be an irrelevance subject. A clause 4 is inde- 
pendent of s if for any interpretation I: 

I + A * s’(r) + @).I 
Intuitively, a clause 4 is independent of s if sf (4) does 
not decrease the set of possible models, and there- 
fore does not enable us to derive conclusions that 
did not follow from the original KB. For example, 
the rule r2 is independent of the predicate arguments 

2Note that s’ is not uniquely determined by sf, as 
shown by the first two entries in Table 1. 
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{(FZight,S), (Route, 3)), but it is not independent of 
{(FZight,4), (Route,4)]. To see this, consider the in- 
terpretation 11 and its corresponding interpretation 
sI(I1): 

Flight: {(a, b, 100, UA), (b, c, 150, NW)} 5 
{(a, b, loo>, (b, c, 150)) 

Route: ((a, b, 100, UA, l), (b, c, 150, NW, 1)) s 
Ha, b, 100,1>, @, c9 150,w 

American: {UA, NW} ff, {UA, NW}. 

While the interpretation 1’ satisfies r2, #(II) does 
not satisfy the rule resulting from projecting out 
((Flight, 4), (Route, 4)) from ~2: 

T$’ : FZight(x, x, cl) A Route(z, y, ~2, Z) A ~Americun(u) + 
Route(x, y, cl + ~2, Z + 1) 

which enables us to derive the incorrect conclusion 
Route(u, c, 250,2). Based on the notion of indepen- 
dence, we define irrelevance as follows: 

Definition 2: Let A be a KB and s = (sf , sl) be an 
irrelevance subject and + be a query. 

The subject s z”s weakly irrelevant to $ (denoted by 
W%+, A>) if th ere is some derivation D of s$ such 
that all the clauses in Base(D) are independent of 
s. The subject s is strongly irrelevant to T/J, (denoted 
by SI(s,q, A)) if for all derivations D of $J, all the 
clauses in Base(D) are independent of s. I 

Note that these definitions can be viewed as in- 
stances in the space of definitions of irrelevance pro- 
posed in [Levy and Sagiv, 19931. It is more useful to 
state and derive irrelevance claims that hold with re- 
spect to a set of knowledge bases. Formally, if C is a set 
of KBs, we define WI(s, @, C) to hold if WI(s, $, A) 
for every A E C (and similarly for S1). 

Consider Example 1, where C is the set of KBs 
consisting of the rules Q-Q and some set of ground 
unit clauses of the predicate Flight. The predicate 
arguments s = {(Flight, 3), (Route, 3)) are strongly 
irrelevant to ground queries that are instances of q = 
American(u) AAirZineRoute(x, y, a, I), because, as the 
query-tree in Figure 1 shows, only the rules rl , r2 and 
~5 and ground unit clauses can appear in derivations 
of the query and these are all independent of s (note 
that ground unit positive clauses are independent of 
any set of predicate arguments). If we add the rule 

7% : FZight(x,x, ~,a) A Route(z, y, ~2, a, Z)A 
(cl + c2 < 500) a Route(x, y, cl + ~2, a, 1 + 1) 



which is not independent of s, then s would be only 
weakly irrelevant to the query (since rg is redundant 
and therefore, if there is a derivation of the query, there 
will be a derivation with re and one without it). 

Our definitions enable us to give a logical justifica- 
tion for creating abstractions. The following theorem 
states that if s is weakly irrelevant to a query, then 
the KB resulting from abstracting all the independent 
clauses will be sufficient for answering the query. 

Theorem 3: Let A be a knowledge base and let s = 
(sf, s’) be an irrelevance subject such that sf is an 
abstraction mapping. Let A, be the KB defined by: 

A, = (sf (4) 1 C$ E A and 4 is independent of s). 

Let q be a query and suppose WI(s, q, A) holds. Then 

A I- q * A, k sf(q) 

and, if sf (q) = q then3 

4=c?-4=!7* 
Note that the second part of the theorem does not 

depend on the inference mechanism used. Further- 
more, if our inference rules are complete (e.g., refu- 
tation resolution), then the above theorem implies 

A I- q e A, I- q and A + q _ A, /= q. 
Proof sketch: The first half of the theorem follows 
from Plaisted [Plaisted, 19811. For the second half, 
suppose A, b q and let I be a model of A, i.e., I + 
A. We need to show that I b q. By the definition 
of independence and the construction of A,, we get 
s’(l) k A, and therefore, s’(l) b q. However, since 
I and ~~(1) are identica r the symbols appearing in 
q, it follows that I b q. 

The importance of Theorem 3 is that it gives a logi- 
cal justification for creating an abstraction that is espe- 
cially fit for the specific set of queries. As we describe 
in the next section, it also gives us a method for de- 
veloping algorithms for automatically creating abstrac- 
tions. It is important to note that Theorem 3 provides 
a justification for using a specific abstract KB, namely 
A,. One advantage of A, is that it can be efficiently 
generated from the original theory. However, we can 
sometimes add clauses to A, to obtain a stronger the- 
ory (as done in [Tenenberg, 1990]), and therefore lose 
less information in the abstract KB. We do not discuss 
this extension here. 

Automatically Creating Abstractions 
The importance of the formulation presented in the 
previous section is that we can now clearly address the 
problem of automatically creating abstractions for a 
given set of queries, by automatically deriving irrele- 
vance claims. Specifically, to use Theorem 3 we need 
to automatically derive claims of the form WI(s, q, A). 

3Note that this restriction effectively means that the 
irrelevance subject does not appear explicitly in the query. 

One way of deriving such a claim is to find a subset P 
of A, such that q will necessarily have a derivation that 
does not include clauses in I’, and such that the clauses 
in A - P are all independent of s. It follows from the 
previous section that we can abstract A by sf (A - I’). 
Therefore, a general method for automatically creat- 
ing abstractions has two steps (1) automatically find I’ 
(i.e., a set of irrelevant clauses) and (2) automatically 
detect independence of a clause (i.e., the independence 
of A - P from s). These steps are discussed in the 
following sections. 

Determining Irrelevance 
Methods for detecting irrelevance of clauses to a query 
are described in [Levy and Sagiv, 1993; Levy, 19931 
and [Subramanian, 19891. For example, we can use 
the query-tree [Levy and Sagiv, 19921 (shown in Fig- 
ure 1) to show that only that the rules r19 r2 and r5 
and ground unit clauses involving American airlines 
can be used in derivations of the query. Consequently, 
all other clauses (including the rules rs and rd) are 
irrelevant to the query. 

AirlineRoute(x, y, a, Z) {American(a)} 

I 
r5 

I 
Route(x, y, c, a, 1) {American(a)} 

7-1 

r---1 

. r3 r4 

{cl + c2 = c, American(a)) L - - - ’ 

FZight(x, y, c, a) FZight(x, y, cl, a) Route(x, y, ~2, a, Z - 1) 

(American(a)} {American(a)} {American(a)} 

Figure 1: An example of a query-tree showing the pos- 
sible symbolic derivations of AirZineRoute(z, y, a, 1) A 
American(a). Note that the semantics of the inter- 
preted predicates are taken into consideration in the 
construction of the query-tree. The literals shown in 
the brackets of each node denote the constraints that 
need to be satisfied by facts generated at this node, and 
are used as a criterion for terminating the tree (e.g., 
the nodes Route(z, y, cp, a, I- 1) and Route(z, y, c, a, Z) 
have the same constraints and therefore only the latter 
is expanded). Note that rules r3 and r4 are not ex- 
panded because they would yield an unsatisfiable set 
of constraints ({American(a), lAmerican(a)}). 

Several aspects of the query-tree make it especially 
useful in our context. First, recall that determining 
irrelevance of a clause requires that we can decide that 
there is some derivation of the query that does not use 
it. For irrelevance reasoning to be of practical use, we 
must be able to determine irrelevance without actually 
solving the query. To that end, the query-tree consid- 
ers only part of the KB in its reasoning. Specifically, 
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it considers only the rules in the KB, and high level 
constraints on the ground unit clauses that may ap- 
pear (e.g., all flight costs are positive). Consequently, 
when it decides that a clause is irrelevant, the conclu- 
sion holds for all KBs that have the given set of rules, 
independent of the ground unit clauses. Furthermore, 
irrelevance is determined w.r.t. a set of queries, and 
these may involve disjunctions and conjunctions of lit- 
erals. Second, in its irrelevance reasoning, the query- 
tree considers the semantics of some predicates (e.g., 
order predicates, <, >, I,>, # , or sort predicates, e.g., 
American). In many applications, considering the se- 
mantics of such predicates enables us to find interac- 
tions between clauses and therefore to deem clauses 
irrelevant. Finally, the query-tree can be built in time 
that is linear in the number of rules in the KB. 

The query-tree actually detects strongly irrelevant 
clauses, i.e., clauses that are not part of any deriva- 
tion of the query (note that strong irrelevance is a suf- 
ficient condition for weak irrelevance). In fact, under 
certain conditions (e.g., function-free or non-recursive 
rules) the query-tree will find all the irrelevant clauses. 
As pointed out in [Levy and Sagiv, 19931, removing 
strongly-irrelevant clauses is guaranteed not to slow 
down inferences (and usually to speed them up sig- 
nificantly), whereas removing weakly irrelevant clauses 
may actually cause inference to be slowed down. In our 
context this observation is important because creating 
an abstraction based on strong irrelevance guarantees 
that using the abstract theory will result in more effi- 
cient inference. 

Algorithms for detecting weakly irrelevant clauses 
are described in [Subramanian, 1989; Levy, 19931. For 
general clause form knowledge bases, connection graph 
methods [Kowalski, 1975; Sickel, 1976; Chang, 19791 
provide sufficient conditions for strong and weak irrel- 
evance. 

Determining Independence of Predicate 
Arguments 
Algorithms for determining independence of a clause 
are specific to a given type of irrelevance subject. In 
this section we describe a novel algorithm for determin- 
ing independence of an irrelevance subject consisting 
of a set of predicate arguments. First we describe a 
syntactic condition for checking whether a clause C is 
independent of a given subject s. This condition can 
be used in conjunction with the algorithms of the pre- 
vious section to determine irrelevance of s. However, a 
more interesting question is how we can automatically 
find the maximal set of irrelevant predicate arguments, 
given the set of relevant clauses. We describe an algo- 
rithm that uses the syntactic condition to find such a 
maximal set. 

We use the following notation in this section. Given 
a clause C, we denote by Neg(C) and Pas(C) the neg- 
ative literals and the positive literals in C, respectively 
(e.g., if C is {+(z),Q(x)} then Neg(C) is {+(z)} 

and Pas(C) is (Q(z)). We assume that C is not re- 
dundant, i.e., there is no subset of C that is logically 
equivalent to C, and that C is not a tautology. 

Theorem 4: A clause C is independent of the set of 
predicate arguments s = {(PI, il), . -. , (P,, in)} if the 
following conditions hold for 1 5 j 5 n. 

If the predicate Pj occurs in Neg(C), then the argu- 
ment in position ij of that occurrence: 

Af: must be a variable 
functional term). 

( i.e., not a constant or a 

A,!?: the variable must appear at most once in 
Ne9W 
AS’: if that variable also appears (by itself, or part of 
a functional term) in position k of a predicate Q in 
Pas(C), then (Q,k) E s. I 
The proof of the theorem (given in [Levy, 19931) pro- 

ceeds b case analysis, showing that for every model I 
of C, s P (I) will be a model of sf (C). As an example, 
the clause {-,P(x, y, z), l&(z), R(y)} is independent of 
((P, 3)). It is not independent of ((Q, l), (P, 1)) (vio- 
lates A2) or of {(P, 2)) (violates A3). 

Given an argument (P, i) that appears in C, we 
can determine the unique minimal set of arguments, 
PC(C, P, i), such that (P, i) E PC( C, P, i) and C is 
independent of PC(C, P, i). This is done by iteratively 
adding the arguments that are required to be in s by 
condition A3, and checking whether the final set vio- 
lates Al or A2. Note that there may be no such set 
PC(C, P, i). In that case, we say that (P, i) is needed 
in C. 

We use the conditions of Theorem 4 to devise the 
following algorithm that finds the maximal set of ir- 
relevant predicate arguments w.r.t. a query. Given a 
set of relevant clauses l?, the algorithm (shown in Fig- 
ure 2) finds the maximal set of predicate arguments s 
that does not include any argument appearing in the 
query (which are assumed to be relevant), such that all 
clauses in l? are independent of s. The algorithm main- 
tains a list of irrelevant arguments, which initially in- 
cludes all the arguments of all predicates, except those 
appearing in the query. It makes one pass over the 
clauses in l? and either removes arguments from the 
list of irrelevant arguments, or adds conditions for the 
inclusion arguments in the list. These conditions spec- 
ify a set of additional arguments that must be included 
(implied by A3). Finally, it removes from the irrelevant 
list any argument whose conditions are not satisfied. 

Consider the application of the algorithm to 
the rules r1 , r2, r5 in Example 1, with the query 
AirZineFZight(x, y, a, Z) A American(a). The set R ini- 
tially includes all the arguments of Flight and Route. 
When considering the rule r1 , the algorithm adds the 
argument (Route, i) to the preconditions of (Flight, i), 
for i = l,... ,3, and removes the argument (Flight, 4) 
from R. Considering rule r2, the algorithm removes 
the arguments (Flight, 2), (Route, 1) and (Route, 4) 
from R. As a consequence, the argument (Flight, 1) is 

592 Machine Learning 



procedure And-irrelevant-arguments(I’, q) 
begin /* I? are the clauses and Q is the query. */ 

P = The predicates appearing in I?, and not in q. 
R = {(P, i) 1 P E P and i is an argument of P ). 
for every s E R, Preconditions(s)= (}. 
for every C E I? do: 

for every (P, i) E R 
if P appears in C and (F’, i) is needed in C 

then remove (P, i) from R. 
else 

repeat 

if PC(C, P, i) $ R then 
remove (P, i) from R. 

else add {pC(C, p, i) - {(P, i)}} 
to Preconditions ((P, i)). 

if (P, i) E R and (Q, j) E Preconditions ((P, i)) 
and (Q,d G R 
then remove (P, i) from 72. 

until no changes are made to 72. 
return 72. 
end. 

Figure 2: Algorithm for finding 
evant predicate arguments. 

a maximal set of irrel- 

removed from R because its precondition was removed. 
Finally, considering rule rg , the arguments (Route, 2) 
and (Route, 5) are removed from R because the ar- 
guments (AirlineFlight, 2) and (AirlineFlight, 4) are 
not members of R. Therefore, the algorithm returns 
that the arguments (FZight,3) and (Route,3) are ir- 
relevant to the given query. 

The algorithm finds the maximal set of predicate ar- 
guments that satisfies conditions Al, A2 and A3. This 
follows from the observation that for every argument 
in the returned set, its precondition arguments (i.e., 
the arguments in PC(C, P, i)) are also in R. Further- 
more, every argument that was removed from R was 
either needed in some clause or required some other 
argument that is not a member of R. The time com- 
plexity of the algorithm is bounded by ]A]R2, where 
]A] is the number of clauses in A and R is the sum of 
the number of argument of relations in A. 

Conclusions and 
We presented a formal connection between the no- 
tion of irrelevance and the creation of abstractions. 
At its core, it is based on associating an abstrac- 
tion with some detail that it removes from the rep- 
resentation of the domain, and justifying the abstrac- 
tion by observing that the detail is irrelevant to the 
query. To make this connection we extended pre- 
vious work on irrelevance reasoning to consider ir- 
relevance of new subjects (e.g., predicate arguments, 
predicate refinements). Using the connection, we pre- 
sented a general method for automatically generat- 
ing abstractions that are suited for a particular set 
of queries. As an instance of this method, we de- 

scribed a novel and efficient algorithm for automati- 
cally creating abstractions in which we remove irrele- 
vant arguments of predicates. Abstraction by project- 
ing out arguments was also suggested in [Hobbs, 1985; 
Subramanian, 19891, but no algorithm for doing so was 
given. Our algorithm is a generalization of a method 
for pushing projections [Ramakrishnan et al., 19881 in 
datalog programs. Our algorithm handles arbitrary 
clauses and the semantics interpreted predicates. Ad- 
ditional instances of the general algorithm for creating 
abstractions can also be devised. For example, the 
work of Tenenberg [Tenenberg, 19901 effectively pro- 
vides an algorithm for determining independence of a 
clause from a predicate refinement,” thereby yielding 
an algorithm for determining irrelevance of predicate 
refinements. 

The computational savings gained by using abstrac- 
tions has been demonstrated both theoretically and 
empirically (e.g., [Bacchus and Yang, 1992; Knoblock, 
1991; Ellman, 19931). I n our case the savings achieved 
by abstractions will be maximized if we can identify 
large sets of queries for which we can create the same 
abstract KB, and therefore amortize the cost of cre- 
ating the abstract KB over many queries. One of the 
key advantages of using the query-tree for relevance 
reasoning is that it enables us to create abstractions 
that are tailored for sets of queries. Experiments pre- 
sented in [Levy, 19931 show that the cost of building 
the query-tree is negligible compared to the savings 
achieved by using it. 

Studying abstractions in our framework offers sev- 
eral additional advantages. First, we can exploit do- 
main knowledge (stated as irrelevance claims) in cre- 
ating abstractions for a given query. We can either 
use such claims directly to justify abstractions or com- 
bine them with other methods to derive logical conclu- 
sions from them (e.g., using algorithms from [Subrama- 
nian, 1989; Levy and Sagiv, 1993]), and obtain justifi- 
cations for additional abstractions. Second, it provides 
a framework for choosing and combining existing KBs 
that each make certain abstractions of the domain, 
by labeling the KBs with the irrelevance assumptions 
underlying their abstractions. An example of such a 
task arises in Compositional Modeling [Falkenhainer 
and Forbus, 1991; Iwasaki and Levy, 19941, where we 
need to combine descriptions of different aspects of a 
physical device to create an adequate and parsimonious 
model of the device. Similar situations arise in rea- 
soning with contexts (e.g., [Guha, 19911) and in het- 
erogenous distributed knowledge based systems. Fi- 
nally, our framework provides insight into the utility 
of reasoning with abstractions (e.g., abstractions based 
on strong-irrelevance are guaranteed to yield savings), 
and to composability of abstractions (by composing 
the irrelevance statements underlying them). 

In their theory of abstraction, Giunchiglia and 

“A predicate refinement is a set of predicates PI, . . . , Pn 
whose union denotes a predicate P. 
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Walsh [Ciunchiglia and Walsh, 19921 distinguish two 
classes of abstractions, TD and TI. Roughly, TD 
abstractions are those in which theorems derived in 
the abstract theory hold also in the original theory, 
whereas TI abstractions are those in which every the- 
orem in the original theory will have a theorem in 
the abstract theory (but an abstract theorem need not 
have a corresponding theorem in the original theory) . 
The abstractions we considered are TD abstractions 
( i.e., will not introduce wrong conclusions), but are 
also TI w.r. t. the query, i.e., a solution to the query 
in the original theory is guaranteed to have a corre- 
sponding solution in the abstract theory (but other 
derivable theorems may be lost in the abstract the- 
ory). This aligns with the intuition that removing ir- 
relevant knowledge should not enable us to lose the 
ability to solve the query or to derive new false con- 
clusions. Creating an abstract KB can also be viewed 
as an instance of knowledge compilation [Selman and 
Kautz, 19911. The key difference in our work is that we 
compile the KB w.r.t. a given set of queries, and there- 
fore we can determine exactly when the compiled KB is 
applicable. Knoblock [Knoblock, 19901 also considers 
automatic generation of abstractions that are suited 
for a specific query (i.e., planning goal), by removing 
preconditions of actions. His ALPINE system gener- 
ates TI abstractions, but provides the planner with a 
condition that enables it to prune the search needed to 
refine an abstract solution. 

TI-abstractions have been used as a means of con- 
trolling problem solving in complex domains, by using 
abstractions to structure the search space hierarchi- 
cally (e.g., [Sacerdoti, 1974; Plaisted, 1981; Knoblock, 
1990; Ellman, 19931). In that work, the intuition (for- 
mally analized in [Bacchus and Yang, 19921) is that 
although the information removed from one level of 
the hierarchy to the other is not always irrelevant, it 
will be irrelevant in most cases, and therefore, in these 
cases it will not be necessary to backtrack through the 
abstraction hierarchy. To apply our framework to this 
context we are currently considering an extension of ir- 
relevance reasoning to handle approximate irrelevance 
claims that can be used to justify abstracting knowl- 
edge that is irrelevant with high probability. 
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