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Abstract

In this paper we describe two optimization tech-
niques that are specialy tailored for information
gathering. The first is a greedy minimization al-
gorithm that minimizes an information gathering
plan by removing redundant and overlapping in-
formation sources without loss of completeness.
We then discuss a set of heuristics that guide the
greedy minimization agorithm so as to remove
costlier information sources first. In contrast to
previouswork, our approach can handle recursive
guery plans that arise commonly in practice. Sec-
ond, we present a method for ordering the access
to sources to reduce the execution cost. Sources
on the Internet have a variety of access limitations
and the execution cost in information gathering is
affected both by network traffic and by the con-
nection setup costs. We describe a way of repre-
senting the access capabilities of sources, and pro-
vide a greedy algorithm for ordering source calls
that respects source limitations. It also takes both
access costs and traffic costs into account, with-
out requring full source statistics. Finally, we will
discuss implementation and empirical evaluation
of these methods in Emerac, our prototype infor-
mation gathering system.

1 Introduction

The explosive growth and popularity of the world-wide
web have resulted in thousands of structured queryablein-
formation sources on the Internet, and the promise of un-
precedented i nformation-gathering capabilitiesto lay users.
Unfortunately, the promise has not yet been transformed
into reality. While there are sources relevant to virtu-
aly any user-queries, the morass of sources presents a
formidable hurdle to effectively accessing the information.
Oneway of aleviating this problemisto develop informa-
tion gathererqalso called mediators) which take the user's
query, and develop and execute an effective information

gathering plan that accesses the relevant sources to an-
swer the user’s query efficiently.! Figure 1 illustrates the
typical architecture of such a system for integrating diverse
information sources on theinternet. Several first steps have
recently been taken towards the development of atheory of
such gatherers in both database and artificial intelligence
communities.

Theinformation gathering problemistypically modeled
by building a virtual globa schema for the information
that the user is interested in, and describing the accessi-
ble information sources as materialized views on the global
schema.?2 The user query is posed in terms of the relations
of the globa schema. Since the globa schemais virtua
(in that its extensions are not stored explicitly anywhere),
computing the query requires rewriting (or “folding” [21])
the query such that all the EDB predicates in the rewrite
correspond to the materialized view predicates that repre-
sent information sources. Several researchers [19, 21, 15]
have addressed this rewriting problem. Recent research by
Duschka and his co-workers [6, 7] subsumes most of this
work, and provides a clean methodology for constructing
information gathering plansfor user queries posed in terms
of a globa schema The plans produced by this methodol -
ogy are “maximally contained” in that any other plan for
answering the given query is contained in them. >

Generating source complete plans however isonly afirst
step towards efficient information gathering. A crucial next
step, which we focus on in this paper, is that of query
plan optimization. Maximally contained plans produced
by Duschka's methodology are conservative in that they in
essencewind up calling any information sourcethat may be
remotely relevant to the query. Given the autonomous and
decentralized nature of the Internet, sources tend to have
significantly overlapping contents (e.g. mirror sources), as
well as varying access costs (premium vs. non-premium
sources, high-traffic vs. low-traffic sources). Naive execu-

I Notice that thisis different from the capability provided by the exist-
ing search engines, which supply alist of pointers to the relevant sources,
rather than return the requested data.

2See[17] for atutorial.

31n other words, executing a maximally contained plan

guarantees the return of every tuple satisfying the query that can be
returned by executing any other query plan.
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Figure 1: Theinformation gatherer acts as an intermediary
between the user and information sources on the I nternet.

tion of maximally contained planswill generateall relevant
sources and be prohibitively costly, in terms of the network
traffic, response time, and access costs (in the case of “pre-
mium” sources that charge for access).

At first blush, it would seem that we should be able to
directly apply the rich body of work on query optimization
in databases [3]. Unfortunately, this does not work because
many of the assumptions made in the traditional database
query optimization do not hold in information gathering
scenarios. To begin with, in traditional databases, redun-
dancy and overlap among different sources is not a major
issue, whileit isavery crucia issue in information gather-
ing. Similarly, traditional query optimization methods de-
pend on elaborate statistical model s (histograms, selectivity
indices etc.) of the underlying databases. Such statistical
models are not easily available for sources on the Internet.
Finaly, even the work on optimizing queries in the pres-
ence of materialized views (c.f. [4]) is not directly relevant
asin such work materialized views are assumed to be avail-
ablein additionto the main database. I1n contrast, the global
database in information gathering is “virtual” and the only
accessible information residesin materialized views whose
statistical models are not easily available. For all these rea-
sons, it is now generally recognized (c.f. [10Q]) that query
optimization for information gathering is a very important
open problem.

In this paper we describe the query optimization tech-
niques that we have developed in the context of Emerac,
a prototype information gathering system under develop-
ment. Figure 2 provides a schematic illustration of the
query planning and optimization process in Emerac. We
start by generating a query plan using the source inversion
techniques described Duschka[6, 7]. Thispolynomial time
processgivesusa“maximally contained” query planwhich

41t would of course beinteresting to try and “learn” the source statistics
through judicious probing. See [27] for a technique that does it in the
context of multi-databases.
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Figure 2: Thefull process of query planning

serves as the input for the optimization methods. As in
traditional databases, our optimization phase involves two
steps: logical optimization and execution optimization. In
traditional databases, logical optimization involves rewrit-
ing a query plan, using relational agebra equivalences, to
make it more efficient; while execution optimization in-
volves steps such as ordering the accesss to the base rela
tions to make computations of joins cheaper. For Emerac,
thelogical optimization step involves minimizing the max-
imally contained query plan such that access to redundant
sourcesisremoved. Execution optimizationinvolves order-
ing the access to the information sources in the minimized
plan so as to reduce execution cost.

Our contributions. For logical optimization, we present
a technique that operates on the recursive plans gener-
ated by Duschka's algorithm and greedily minimizes it so
as to remove access to costly and redundant information
sources, without affecting the compl eteness of the plan. For
this purpose, we use the so-called localized closed world
(LCW) statementsthat characterizethe completeness of the
contents of a source relative to either the global (virtual)
database schema or the other sources. Our techniques are
based on an adaptation of Sagiv’s [22] method for mini-
mizing datalog programs under uniform equivalence. Al-
though there exists some previous research on minimizing
information gathering plans using LCW statements[5, 11],
none of it is applicable to minimization of information
gathering plans containing recursion. Our ability to handle
recursion is significant because recursion appearsin virtu-
ally all information gathering plans either due to functional
dependencies, binding constraints on information sources,
or recursive user queries [6]. Additionaly, in contrast to
existing methods, which do pairwise redundancy checks
0N source accesses, our approach is capable of exploiting
cases where access to one information source is rendered
redundant by access to a combination of sources together.
Large performance improvements in our prototype infor-
mation gatherer, Emerac, attest to the cost-effectiveness of
our minimization approach.

Ultimately plan execution in our context boils down to
doing joins between the sources efficiently. When gather-
ing information on the Internet, we typically cannot instruct
two sources to join with each other. It is thus necessary to
order the access to the sources. The existing methods for
subgoal ordering assume that the planis operating on asin-
gle“fully relational” (i.e., no binding restrictions) database,
and that the plan execution cost is dominated by the num-
ber of tuples transferred. In contrast, sources on the Inter-
net have a variety of access limitations and the execution
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cost ininformation gathering is affected significantly by the
connection setup costs. We describe away of representing
the access capabilities of sources, and provide a greedy al-
gorithm for ordering source calls that respects source lim-
itations, and takes both access costs and traffic costs into
account, without requring full source statistics.

Although there exist other research efforts that address
source redundancy elimination and optimization in the
presence of sourceswith limited capabilities, Emeracisthe
first to consider end-to-end the issues of redundancy elim-
ination and optimization in recursive information gather-
ing plans. It is aso the first system system to consider the
source access costs aswell as traffic costs together in doing
optimization.

Organization: The rest of the paper is organized as fol-
lows. In Section 2, we review the work on integrating di-
verse information sources by modeling them as material-
ized views on a virtual database. We pay specia atten-
tion to the work of Duschka [6, 7], which forms the ba
sis for our own work. Section 3 briefly reviews the use
of LCW statements and Sagiv’s algorithm for datalog pro-
gram minimization under uniform equivalence. Section 4
presents our greedy minimization algorithm that adapts Sa-
giv's algorithm to check of source redundancy in the con-
text of the given LCW statements. We also explain how
the inter-source subsumption relations can be exploited in
addition to LCW statements (Section 4.1). We then dis-
cuss the complexity of the minimization (Section 4.3), and
present heuristicsfor biasing the greedy minimization strat-
egy (Section 4.2). Section 5 describes our agorithm for
ordering source accesses during execution. Section 6 de-
scribes the architecture of Emerac, our prototype informa-
tion gatherer, and presents an empirical evaluation of the
effectiveness of our optimization techniques. Section 7 dis-
cusses related work. Section 8 presents our conclusions,
and outlines our current research directions.

2 Building Query Plans. Background

Suppose our global schema contains the world relation
advisor(S, A), where A isthe advisor of S. Further more,
suppose we have an information source ADDB, such that
for every tuple (S, A) returned by it, A is the advisor of
S. This can be represented as a materialized view on the
global schema as follows:

ADDB(S,A) — advisor(S, A)

Suppose we want to retrieve all the students advised by
Weld. We can represent our goal by the query Q:

query(S, A) :- advisor(S, AN A =“Weld”

Dushcka et. a. [6, 7] show how we can generate an
information gathering plan that is “maximally contained”
in that it returns every query-satisfying tuple that is stored
in any of the accessible information sources. This method
works by inverting all source (materialized view) defini-
tions, and adding them to the query. The inverse, v !, of

the materialized view definition with head v(X 4, ..., X;,)
isaset of logic rulesin which the body of each new ruleis
the head of the original view, and the head of each new rule
is a relation from the body of the origina view. When we
invert our definition above, we get:

advisor(S,A) -

When this rule is added to the original query Q, we ef-
fectively create a datalog® program whose execution pro-
duces all the tuples satisfying the query.

ADDB(S,A)

2.1 Constrained sources & Recursion

The materialized view inversion algorithm can be modified
in order to model databases that have binding pattern re-
quirements. Suppose we have a second information source,
CONDB that requires the student argument to be bound,
and returns the advisor of that given student. We denote
thisinitsview asfollows:

CONDB($S,A) —

The‘$' notation denotes that Smust be bound to avalue
for any query sent to CONDB. A straightforward inversion
of this source will get us arule of the form:

CONDB($S, A)

advisor(S, A)

advisor(S,A) -

whichisunexecutableas S isnot bound. Thisishandled
by making up a new relation called dom whose extension
is made to correspond to all possible constants that can be
substituted for S. In our example, assuming that we have
both the ADDB source and the cCONDB source, the com-
plete plan for the query, which we shall refertoas P, is:

rl: query(S, A) :- advisor(S, AN\ A="Weld”

r2: advisor(S, A) :- ADDB(S,A)

r3: advisor(S, A) - dom(S)A CONDB(S, A)
r4: dom(S) :- ADDB(S, A)
r5: dom(A) :- ADDB(S,A)
r6: dom(A) :- dom(S)A cONDB(S, A)

Notice that all extensional (EDB) predicates in the
progam correspond to source predicates (materialized
views). Notice also the presence of dom(S) relationin the
rule r3. Rulesr4,r5 and 7 define the extension of dom
by collecting all possible constantsthat can be derived from
source calls. Finaly, note that rule 6 is recursive, which
makes the overall plan recursive, even thougtthe original
query as well as the source description are non-recursive.
Given the ubiquitousness of constrained sources on the In-
ternet, it is thus important that we know how to handle re-
cursive information gathering plans.

5Things get a bit more complicated when there are variables in the
body of the view that do not appear in the head. During inversion, every
such variable is replaced with a new function term fiv(X1,..., Xm).
The function symbols can then be eliminated by aflattening procedure, as
there will be no recursion through them in the eventual plan, resulting in
adatalog program in the end [6].
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3 Plan minimization preliminaries

The plan P above accesses two different advisor databases
to answer the query. It would be useful to try and cut down
redundant accesses, as this would improve the execution
cost of the plan. To do this however, we need more in-
formation about the sources. While the materialized view
characterizations of sources explicate the world relations
that are respected by each tuple returned by the source,
thereis no guaranteethat all tuples satisfying those proper-
ties are going to be returned by that source.

One way to support minimization is to augment the
source descriptions with statements about their relative
coverage, using the so-called localized closed world
(LCW) statements [8]. An LCW statement attempts to
characterize what information (tuples) the source is guar-
anteedto contain in terms of the global schema. Suppose,
we happen to know that the source ADDB is guaranteed to
contain al the students advised by Weld and Hanks. We
can represent this information by the statement (note the
direction of the arrow):

ADDB(S,A) <« advisor(S, A\ A="Weld”
ADDB(S,A) <« advisor(S, A\ A="Hanks”

Information sources might also have pairwise or n-ary
L CW statements among themselves. That is, the compl ete-
ness of one or more information sources could be defined
in terms of one or more other information sources. Thefol-
lowing statement means that the source sourceD contains
al theinformationin sourcekE:

SOURCEE(X,Y)

Thisis particularly useful in modeling “mirror sites” on
Internet, which guarantee keeping a complete and up-to-
date copy of another source. Inter-source LCW statements
werefirst proposedin [11].

SOURCED(X,Y) «

3.1 Pair-wiserulesubsumption

Given the LCW statement above, intuitively it is obvious
that we can get al the tuples satisfying the query Q by
accessing just ADDB. We now need to provide an auto-
mated way of making these determinations. Suppose we
have two datalog rules, each of which has one or more ma-
terialized view predicates in its body that also have LCW
statements, and we wish to determineif one rule subsumes
the other. The obviousway of checking the subsumptionis
to replace the source predicates from the first rule with the
bodies of their view description statements, and the source
predicates from the second rule with the bodies of the LCW
statements corresponding to those predicates. We now have
the transformed first rule providing a “liberal” bound on
the tuples returned by that rule, while the transformed sec-
ond rule gives a“conservative” bound. If the conservative
bound subsumes the liberal bound, i.e., if the transformed
second rule “contains’ (entails) the transformed first rule,
we know that second rule subsumesthe first rule. Duschka
[5] shows that this check, while sufficient, is not a nec-

essary condition for subsumption. He proposes a modified
version that involvesreplacing each source predicate s with
sAwv inthefirst rule, and with s I in the second rule, where
v is the view description of s, and [ is the conjunction of
LCW statements of s. If after this transformation, the sec-
ond rule contains the first, then the first rule is subsumed
by it.

3.2 Minimization under uniform equivalence

Pair-wise rule subsumption checks a one are enough to de-
tect redundancy in non-recursive plans[18, 11], but arein-
adequate for minimizing recursive plans. Specifically, re-
cursive plans correspond to infinite union of conjunctive
gueries and checking if a particular rule of the recursive
plan is redundant will involve trying to see if that part is
subsumed by any of these infinite conjuncts[23, pp. 908].
We instead base our minimization process on the notion
of uniform containment for datal og programs, presented in
[22]. To minimize a datalog program, we might try remov-
ing one rule at atime, and checking if the new programis
equivalent to the origina program. Two datalog programs
are equivaent if they produce the same result for all possi-
ble assignments of EDB predicates [22]. Checking equiv-
aence is known to be undecidable. Two datalog programs
are uniformly equivalent if they produce the same result
for al possible assignments of EDB and IDB predicates.
Uniform equivalenceis decidable, and implies equivalence.
Sagiv [22] offers a method for minimizing a datalog pro-
gram under uniform equivalence that we illustrate by an
example (and later adapt for our information gathering plan
minimization). Suppose that we have the following datalog
program:

ri:p(X) - p(AJXY)
r2: pX) - s(Y)AJXY)
r3:s(X) :- p(X)

We can check to see if rl is redundant by removing it
from the program, then instantiating its body to see if the
remaining rules can derive the instantiation of the head of
this rule through simple bottom-up evaluation. Our initia
assignment of relationsis p(*Y”), j(“X”, “Y") . If there-
maining rules in the datalog program can derive p(“X")
from the assignment above, then we can safely leave rule
rl out of the datalog program. This is indeed the case.
Givenp(“Y”) we canassert s(*Y”) viaruler3. Then, given
s(*Y”) and j(“X”, “Y") , we can assert p(“X”) from rule
r2. Thus the above program will produce the same results
without rulerlinit.

4 Greedy Minimization of Recursive plans

We now adapt the algorithm for minimizing datalog pro-
grams under uniform equivalence to remove redundant
sources and unnecessary recursion from the information
gathering plans. Our first step is to transform the query
plan such that the query predicate is directly related to the

6The next section contains an example illustrating this strategy.

Page 4



Replace al global schema predicatesin P
with bodies of their inversion rules.
repeat
let  bearulein P that has not yet been considered
let P be the program obtained by deleting rule » from P
and simplifying it by deleting any unreachable rules.
let P’ be Pls > sV []
let 7’ ber[s — s A v]
if thereisarule, r; in7/,
such that r; is uniformly contained by P’
then replace P with P
until each rulein P has been considered once

Figure 3: The greedy plan minimization algorithm

source calls. Thisisdoneby removing global schema pred-
icates, and replacing them with bodies of inversion rules
that define those predicates (see [23, Sec. 13.4]).Note that
thisstep is safe becausethereis no recursion through global
schema predicates. This step also removes any new pred-
icates introduced through flattening of function symbols.
Our example plan P, after this transformation looks as fol-
lows:

r2: query(S, A) :-

r3: query(S, A) -

adDB(S , A\ A="Weld”
dom(S)A CONDB(S, A)A A="Weld”

r4: dom(S) :- ADDB(S,A)
r5: dom(A) :- ADDB(S,A)
r6: dom(A) :- dom(S)A cONDB(S, A)

We are now ready to consider minimization. Our basic
ideaisto iteratively try to remove each rule from the infor-
mation gathering plan. At eachiteration, we use the method
of replacing information source relations with their views
or LCW’s as in the rule subsumption check (see previous
section) to transform the removed rule into a representa-
tion of what could possibly be gathered by the information
sourcesin it, and transform the remaining rules into a rep-
resentation of what is guaranteed to be gathered by the in-
formation sources in them. Then, we instantiate the body
of the transformed removed rule and see if the transformed
remaining rules can derive its head. If so, we can leave the
extracted rule out of the information gathering plan, be-
cause the information sources in the remaining rules guar-
antee to gather at least as much information as the rule that
was removed. Thefull algorithm is shown in Figure 3.

For our example plan above, we will try to prove that
rule r3, containing an access to the source cONDB, is un-
necessary. First we remove r3 from our plan, and then
transform it and the remaining rules so they represent the
information gatherered by the information sourcesin them.
For the removed rule, we want to replace each information
source in it with a representation of all the possible infor-
mation that the information source could return. Specifi-
cally, we want to transform it to r[s — s A v]. This pro-
duces:

query(S,A) :- dom(S)A coNDB(S, A)
A advisor(S, AN A="Weld"

For the remaining rules, P, we transform them into

P[s — s V1], which represents the information guaran-
teed to be produced by the information sourcesin therules.
For our example, we produce:

r21: query(S, A) :- ADDB(S, A)A A="Weld"

r22: query(S, A) :- advisor(S, A\ A="Weld”

r23: query(S, A) :- advisor(S, A\ A="Hanks”

dom(S) :- ADDB(S,A)

dom(S) :- advisor(S, A)

dom(A) :- ADDB(S, A)

dom(A) :- advisor(S, A)

dom(A) :- dom(S)A cCONDB(S, A)
dom(A) :- dom(S)A advisor(S, A)

When we instantiate the body of the transformed re-
moved rule r3, we get the ground terms. dom(“S”),
conDB(*S”, “A"), A="Weld", advisor(“S”, “A").  After
evaluating the remaining rules given with these constants,
we find that we can derive query(“S”, “A”) , using therule
r22, which means we can safely leave out the rule 3 that
we've removed from our information gathering program.

If we continue with the algorithm on our exampl e prob-
lem, we will not be able to remove any morerules. There-
maining domrules can be removed if we do asimple reach-
ability test from the user’s query, asthey are not referenced
by any rules reachable from the query.

4.1 Handling inter-source subsumption relations

The agorithm above only makes use of LCW statements
that describe sources in terms of the global schema. It
is possible to incorporate inter-source subsumption state-
ments into the minimization algorithm. Specifically, sup-
pose we are considering the removal of arule r containing
a source relation s from the plan P. Let U be the set of
inter-source subsumption statements that have s in the tail,
and U~ be the statements of U with the < notation
replaced by : — notation (so U is a set of datalog rules).
We haveto check if r[s — sA v] isuniformly contained in
(P—r4+US7)[s — s VI] If s0, then we can remover.
As an example, suppose we know that s1 and s2 are
defined by the views:
six) — r(x)
s2(x) —  r(x)
Supposewe know that s1 containsall tuplesthat s2 con-
tains. This correspondsto the statement

s2(x)
Suppose we have the query:
QKx) =  r(x)
The corresponding maximally contained plan P will be:

QM) - r(x)
rx) - sl(x)
rx) - s2(x)
To recognize that we can remove third rule from this
plan because of the source subsumption statements, we
check if that rule is uniformly contained in the program

s1(x) <«
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(P —r+ “sl(z): —s2(x))", whichis:

QX)) - r(x)
rx) :- slx)
sl(x) - s2(x)

The uniform containment holds here since if we add the
tuple s2(A) to the program, bottom up evaluation alows
us to derive s1(A) and subsequently r(A), thus deriving
the head of the removed rule.

4.2 Heuristicsfor guiding the minimization

The final information gathering plan that we end up with
after executing the minimization algorithm will depend on
the order in which we remove the rules from the original
plan. In the example of the previous section, we could have
removed r2 from the origina information gathering plan
before r3. Since both rules will lead to the generation of
the same information, the removal would succeed. Oncer2
isremoved however, we can no longer remover3. Notethat
the plan with rule r3 in it is much costlier to execute than
the one with rule r2 init. Thisis because the presence of
r3 triggersthe domrecursion through rulesr4 - - - r6, which
would have been eliminated otherwise. Recursion greatly
increases the execution cost of the plan, as it can generate
potentially boundless number of accessesto remote sources
(see Section 6.2).

Given that the quality of the plan returned by the min-
imization algorithm is sensitive to the order in which the
rules are considered, we have two alternatives. The first
is to do an exhaustive search with all possible removal or-
derings, and the second is to bias the greedy minimization
algorithms with appropriate heuristics so it is more likely
to find good quality plans. The exhaustive search option
in the worst case involves considering all permutations of
ruleremoval, and is prohibitively expensive given that each
removal check isworst case exponential to begin with.

So we concentrate on heuristicsfor selecting the rulesto
be removed. Good heuristics order the rules by information
source execution cost, from highest to lowest. The cost of
the accessto a source dependson several factors, including:

Contact time: The time it takes to contact a source. De-
pends on such factors as whether the source is high-
traffic vs. low-traffic.

Query time: Thetime it takes to send the query. Thises
sentially includesthetimetaken for filling the“forms”
for sources with forms-based interface.

Tupleresponsetime: The time it takes to return first tu-
ples of the answer to the query. This is useful when
the user is interested in getting at least the first few
answers fast.

Probability of access: The probability that you can even
contact the information source

Cost of access. Any monetary cost for accessing this
source (in case of premium sources).

By keeping track of rudimentary access statistics from
past accesses to the sources (c.f. [1]), we can get a rea
sonable qualitative estimates of these cost factors. The ex-
act way in which these costs should be combined to get a
global cost depends upon the general objectives of the user
(e.g., minimize the time taken to get all the tuples, mini-
mize the time taken to get the first n tuples, or minimize
the monetary cost for getting the tuples etc.)

In addition to the above source-specific costs, there are
certain general heuristics for rule remova that are valid
most of thetime. These include:

¢ Ruleswhich have adomterm should have alarge extra
cost added to them, since recursion often arises dueto
domrules, and recursion implies high execution time
(in terms of connection setup costs; see below).”

¢ |n considering rules for removal, we should first con-
sider source inversion rules (those which have a pred-
icate of the global schema in their head and some
sourcerelationsin their tail). The domrules should be
considered after source inversion rules are considered
since many domrules may be removed by reachabil-
ity analysis if the rules that have dom predicates get
removed.

4.3 Complexity of the minimization algorithm

The complexity of the minimization algorithm in Figure 4
is dominated by the cost of uniform containment checks.
The containment check is called at most once per rule in
the information gathering plan. The other phases of the
algorithm, such as the trandation using LCW statements,
and the reachability analysis to remove unreachable rules,
can all be donein polynomial time.

As Sagiv [22] points out, the running time of the uni-
form containment check is in the worst case exponential
in the size of the query plan being minimized. However,
things are brighter in practice for two reasons. First, if the
arity of the predicates is bounded (as is often the case in
practice) then the running time is polynomial. Second, the
exponential part of the complexity comes from the “eval-
uation” of the datalog program. The evaluation here is
done with respect to a“small” database —consisting of the
grounded literals of thetail of the rule being considered for
removal.

5 Ordering source callsduring Execution

A crucial practical choice we haveto make during the eval-
uation of datalog programsis the order in which predicates

"There is a tradeoff between this idea of trying to get rid of sources
with binding restrictions, and the goal of reducing network traffic. Sources
with binding restrictions tend to send less data over the network and thus
reduce the network traffic, but introducing them into the plan may also
lead to costly recursion which can worsen the execution time arbitrarily
by increasing the connection costs; see Section 5.
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are evaluated. Our objective isto reduce the “cost” of exe-
cution, where cost is a function of the access cost (includ-
ing connection time), traffic costs (the number of tuples
transferred), and processing cost (the timeinvolved in pro-
cessing the data). Typcially, traffic and processing costs are
closely correlated.

In our cost model, we assume that the access cost, dom-
inates the other terms. This is a reasonable assumption
given the large connection setup delays involved in access-
ing sources on the Internet. While the traffic costs can also
be significant, thisis offset to some extent by the fact that
many data sources on the Internet do tend to have smaller
extractable tables.®

Although the source call ordering problem is similar to
the “join ordering” phase in the traditional database opti-
mization algorithms [3], there are several reasons why the
traditional as well as distributed-database techniques are
not suitable:

e Join ordering algorithms assume that all sources are
relational databases. The sources on the Internet are
rarely fully relational and tend to support limited types
of queries. These limitations need to be represented
and respected by the join ordering algorithm.

e Join ordering algorithms in distributed databases typ-
ically assume that the cost of query execution is dom-
inated by the number of tuples transferred during exe-
cution. Thus, the so-called “bound-is-easier” assump-
tion makes good sense. In the Internet information
gathering scenario, the cost of accessing sourcestends
to dominate the execution cost. We thus we can-
not rely solely on the bound-is-easier assumption and
would need to consider the number of source calls.

e Typicaly, join ordering algorithms use statistics about
the sizes of the various predicates to compute an op-
timal order of joining. These techniques are not ap-
plicable for us as our predicates correspond to source
relations, about which we typically do not have com-
plete statistics.

e The fact that source latencies make up a significant
portion of the cost of execution argues for parallel
(or “bushy”) join trees instead of the “left-linear” join
trees considered by the conventional algorithms[3].

5.1 Representing source access capabilities

As we mentioned, in the information gathering domain,
the assumption that information sources are fully relational
databases is not valid. An information source may now be
awrapped web page, aform interfaced database, or afully

8Even those that have large tables regulate their data output, by pag-
inating the tuples and sending them in small quanta (e.g., first 10 tuples
satisfying the query), which will avoid the network congestion if the users
needed only a certain percentage of the tuples satisfying the query.

relational database. A wrapped web pageis a WWW doc-
ument interfaced through awrapper program to makeit ap-
pear asarelational database. Thewrapper retrievestheweb
page, extracts the relational information from it, then an-
swers relational queries. Normal selection queries are not
supported. A form-interfaced database refers to a database
with an HTML form interface on the web which only an-
swers selection queries over a subset of the attributesin the
database. A WWW airline database that accepts two cities
and two dates and returns flight listings is an example of a
form interfaced database.

We devised a simple way to inform the gatherer as to
what types of queries on an information source would ac-
cept. We use the “$” annotation to identify bound attribute
regquirements on the source and “%” annotation to iden-
tify unselectable attributes. Thus a fully relational source
would be adorned source(X,Y"), a form interfaced web-
page that only accepts bindingsfor itsfirst argument would
be adorned source(X, %Y"), while a wrapped web-page
source would have all its attributes marked unselectable,
represented as source(%X,%Y). Finaly, a form inter-
faced web-pagethat requiresbindingsfor itsfirst argument,
and is able to do selections only on the second argument
would be adorned source($X,Y, % 7).

The $ and % annotations are used to identify feasible
binding patterns for queries on a source, to establish gener-
ality relations between two binding patterns, and to ensure
that soundness is preserved in pushing variable selection
congtraints (such as “ X = 7”) into source cals. Given a
source with annotations S, ($X, %Y, Z), only the binding
patterns of the form S{’” are feasible (where “ —" stands
for either bound or free argument). Similarly, we are not
allowed to push selection constraints on Y to the source
(they must be filtered locally). Thusthe call S/ is mod-
eled as 5?7/ filtered locally with the bindingon Y.

Finally, a binding pattern S? is more genera than S¢
(written SP >, s9, if every selectable (non* %" -annotated)
variablethat isfreein ¢ isalso freein p, but not vice versa
Thus, for the source S; above, the binding pattern S/
is more general than the binding pattern S ff ® (while such
a relation would not have held without “%" annotations
[23]). Intuitively, the more general a binding pattern, the
higher the number of tuples returned by the source when
called with that binding pattern. We ignore binding status
of “ %" -annotated variables since by definition they will not
have any effect on the amount of data transferred.

5.2 A greedy algorithm for ordering source calls

In this section, we describe a greedy agorithm that pro-
duces bushy join trees. We note that the optimal plans will
need to minimize:

> (Cixng+ Cf = Dy)

8§

Where n, is the number of times a source s has been ac-
cessed during the plan and C is the cost per access, and
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Inputs: FBP: table of forbidden binding patterns

HTBP: table of high traffic binding patterns

V :=all variables bound by the head;

C[1---m]: Array where C[4] lists sources chosen at it" stage;

P[1---m]: Arrays where P/[i] lists sources postponed at i stage
for ¢ := 1 to m (where m is the number of subgoals) do begin

C[i] :=0; P[] :=0;

for each unchosen subgoal S do begin

Generate all feasible binding patterns B for S w.r.t. V and FBP,

Do atopologica sort on B interms of >, relation
for each b € B examined from most to least general do begin
if thereexistsb € B st. b  FBPand b ¢ HTBP,
then begin
Push S with binding pattern b into C[i];
Mark S as”chosen”;
add to V' all variables appearing in .S
end
end
if B# 0 and S isnot chosen
then Push S with the least general b € B into P[i];
end
if Ci] = 0and P[i] # 0
then begin
Take any one element from P[¢] and push it into C[i];
add to V dl variables appearing in S;
elsefail
end
Return the array C[1..4].

Figure 4. A greedy source call ordering algorithm that con-
siders both access costs and traffic costs.

C} is the per tuple transfer cost for source s, and D is
the number of tuples transferred by s. We note that this
cost metric imposes a tension between the desire to reduce
network traffic, and the desire to reduce access costs. To
elaborate, reducing the network traffic involves accessing
sources with less general binding patterns. This in turn
typically increases the number of separate calls made to a
source, and thus increase the access cost. To illustrate this
further, consider the subgoals:

SOURCEA (W, X)A SOURCEB(X,Y")

Suppose that the query provides bindings for 1. How
should we access the sources? The conventional wisdom
says that we should access SOURCEA first since it has
more bound arguments. As a result of this access, we
will have bindings for X which can then be fed into calls
to SOURCEB. The motivation here is to reduce the costs
due to network traffic. However, calling SOURCEA and
using its outputs to bind the arguments of SOURCEB may
aso lead to a potentialy large number of separate calls to
SOURCEB (one per each of the distinct X values returned
by sourceA), and this can lead to a significant connection
setup costs, thus worsening the overall cost.

Exact optimization of the execution cost requires ac-
cess to source selectivity statistics. As such statistics are
not easily available, Emerac s current optimization strategy
avoids dependence on statistics. To simplify the optimiza-
tion problem, we al so assume that by default source access
cost isthe dominating cost of the plan, and thus concentrate
primarily on reducing the access costs. If this assumption

were always true, then we can issue calls to any source as
soon as its binding constraints are met. Furthermore, we
need only access the source with the most general feasible
binding pattern. Such plans may sometimes lead to high
costs in scenarios where the sources can transfer arbitar-
ily large amounts of datafor calls with sufficiently general
binding patterns.

High-traffic Binding Patterns:To ensure that we don’t get
penalized excessively for concentrating primarily on ac-
cess costs, we maintain a table called “HTBP” that lists,
for each source, al binding patterns that are knownto vi-
olate this assumption (i.e., cause high traffic by returning
a large number of tuples). The genera idea is to post-
pone calling a source as long as al the feasible binding
patterns for that source supported by the currently bound
variables are listed in the HTBP table. An underlying as-
sumption of this approach isthat while full source statistics
arerarely available, one can easily gain partial information
on the types of binding patterns that cause excessive traf-
fic. For example, given a source that exports the relation
Book(Author, Title, ISBN, Subject, Price, Pages),
we might easily find out that calls that do not bind at least
one of the first four attributes tend to generate high traf-
fic. Therearetwo useful internal consistency conditionson
HBTP First, if S? islisted in HBTP, then every S*" where
b' =, bisasoimplicitly in HBTP. Similarly, if S° isin
HBTP, then it cannot be the case that the only free vari-
ablesin b are all “%"-annotated variables.

A greedy algorithm to order source calls based on these
ideas appears in Figure 4. It takes as input a rule with m
subgoalsand a given binding pattern for its head. Theinput
also includes FBP, atable of forbidden binding patterns for
each source (constructed from the $ annotations), and the
table HTBP, which contains all source binding patternsthat
are known to be high-traffic producing. At each level i, the
algorithm considers the feasible binding patterns of each
unchosen source from most genera to least general, until
one is found that is not known to be high-traffic produc-
ing (i.e., not in HTBP). If such a binding pattern is found,
that source, along with that binding pattern is added to the
set of selected sources at that level (maintained in the array
of sets C[i]). If not, the source, along with the least gen-
eral binding patternistemporarily postponed (by placing it
in P[i]). If at the end of considering all unchosen sources
a level i, we have not chosen at least one source (i.e., al
of them have only high-traffic inducing binding patterns),
then one of the sources from the list of postponed sources
(P[i]) is chosen and placed in C[i]. Anytime a source is
placed in CTi], the set V' of variables that currently have
available bindingsis updated. This ensures that at the next
stage more sources will have feasible, as well as less gen-
eral, binding patterns available. This allows the algorithm
to progress since less general binding patterns are also less
likely to be present in the HTBP table. Specifically, when
C[i] is empty and P[i] is non-empty, we push only one
source from P[i] into C[i] since it is hoped that the up-
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dated V' will then support non-high-traffic binding patterns
at the later stages. (By consulting HTBP, and the set of un-
chosen sources, the selection of the source from PJ[i] can
be done more intelligently to ensure that the likelihood of
this occurrenceis increased).

When the algorithm terminates successfully, thearray C
specifies which sources are to be called in each stage, and
what binding patterns are to be used in those calls. Execu-
tion involvesissuing calls to sources in the specified bind-
ing pattern; where each bound variable in the binding pat-
tern is instantiated to all values of that variable collected
upto that point during execution. If the bound variableis a
%-annotated variable, then the call is issued without vari-
ableinstantiation, and thefiltering on the variable valuesis
done locally.

Notice that each element of C' is a set of source calls
with associated binding patterns (rather than asingle source
call)-thus supporting bushy joins. Thus, C[i] may be non-
empty for only a prefix of values from 1 to m. This paral-
lelism cuts down the overall time wasted during connection
delays.

The complexity of this ordering agorithm is O(n?)
where n is the length of the rule. Calls with binding pat-
terns that involve bindings to %-annotated variables are
augmented with local selection tests.

6 Implementation and Evaluation
6.1 Architectureof Emerac

Emeraciswritteninthe Javaprogramming language, andis
intended to be alibrary used by applicationsthat need auni-
form interface to multiple information sources. Full details
of Emerac system are available in [16]. Emerac presents
asimple interface for posing queries and defining a global
schema. Emeracisinternaly split into two parts: the query
planner and the plan executor. The default planner uses al-
gorithmsdiscussed in this paper, but it can be replaced with
alternate planners. The plan executor can likewise be re-
placed, and the current implementation attempts to execute
an information gathering plan in parallel after transforming
it into arelational operator graph.

The query planner accepts and parses datal og rules, ma-
terialized view definitions of sources, and LCW statements
about sources. Given a query, the query planner builds
a source complete information gathering plan (using the
method from [6]) and attempts to minimize it using the
minimization algorithm presented in Section 4.

Theoptimized planis passed to the plan executor, which
transforms the plan into a relational operator graph. The
plan executor makes use of “$” and “ %" -adornmentsto de-
termine the order to access each information source in a
join of multiple sources, as described in this paper. The
plan is executed by traversing the relational operator graph.
When a union node is encountered during traversal, new
threads of execution are created to traverse the children of
the node in parallel. Use of separate threads also allows us

to return answers to the user asynchronously.

Handling Recursion during execution: Since informa-
tion gathering plans can contain recursion, handling recur-
sive plans during execution becomes an important issue.
Since each recursive call to a node in the r/g graph [23]
can potentially generate an access call to a remote source,
evaluating a program until it reaches fix point can get pro-
hibitively expensive. Currently, we take apractical solution
to this problem involving depth-limited recursion. Specif-
ically, we keep a counter on each node in the r/g graph to
record how many times the node has been executed. When
the counter reaches a pre-specified depth-limit, the node
would not be executed, and an empty set will be returned
to represent the result of executing the node.

Wrapper Interface: Emerac assumes that all information
sources contain tuples of information with a fixed set of
attributes, and can only answer simple selectqueries. To
interface an information source with Emerac, a Java class
needs to be developed that implements a simple standard
interface for accessing it. The information source is able
to identify itself so as to provide a mapping between refer-
ences to it in materialized view and LCW definitions and
its code.

In order to facilitate construction of wrappers for web
pages, atool was created to convert the finite state machine
based wrappers created by SoftMealy [14] into Java source
code that can be compiled into information sources usable
by Emerac. We have successfully adapted 28 computer
science faculty listing web pages wrapped with SoftMealy
into information sources usable by Emerac.

6.2 Empirical Evaluation

We used the prototype implementation of Emerac to eval-
uate the effectiveness of the optimization techniques pro-
posed in this paper. To ensure experimental control, we
built and used artificial information sources for our empir-
ical study. The simulated sources delayed answering each
query for aset period of timein order to simulate actual la-
tency on the Internet. In al our experiments, this delay was
set to 2 seconds, which is quite reasonabl e in the context of
current day Internet sources.

To see how the planner and executor performed with and
without minimization, we varied the number of duplicate
information sources available and relevant to the query.
The “no-minimizatiofi method simply builds and executes
source complete plans. The “minimizatiori method builds
source complete plans, then applies the minimization al-
gorithm described above before executing the plans. Both
methods executed their plans in paralel where possible.
Thetest cases were such that minimizationrmethod was able
to reason that accessing only one information source was
sufficient to answer the query as completely as possible.

We start by noting that the minimization algorithms can
in theory be shown to result in potentially unbounded im-
provements in execution cost, depending on the way the
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Figure 5: Results characterizing the lower-boundon the improvements feasible through minimization.

costs are defined, and the way plans are executed. Specifi-
cally, the minimization routine can be considered effective
even if it removes access to one source, when the removed
source has a sufficiently high cost of access. Moreover, if
the source that we removed is a source with binding restric-
tions, then potentially unbounded improvements in execu-
tion time can be shown by simply increasing the recursion
depth (i.e., the number of times a node is executed in the
r/g graph).

Since based on the experimental set up any potential im-
provements can be shown, we decided to concentrate in-
stead on characterizing alower-bound on theimprovements
in terms of executiontime (ignoring all other costswe can
get. Accordingly, in our experiments, we supported fully
parallel execution at the union nodes in the r/g graph, and
experimented with avariety of depth limits, starting from 1
(which in essence prunes the recursion completely).

Theplotsin Figures 5 and 6 show the results of our ex-
periments. The plotsin Figure 5 consider the worst case
scenarios for minimization algorithm. Plot a shows the ef-
fect of minimization when thereis no recursion in the plan
being minimized. Since we are allowing parallel access
to all sources, and are ignoring the traffic costs, execution
time cannot worsen because of redundant sources. Not sur-
prisingly, the results show that the extra cost incurred in
minimization is not recouped in terms of execution cost.
Plot b shows the situation where the query plans have re-
cursion (due to the presence of sources with binding re-
gtrictions). In our experiments, al such sources happen
to be redundant, and the minimization algorithm prunes
them. The recursion depth limit is set to 1 (which is the
worst scenario for the minimization algorithm since no re-
cursion is alowed on the dom predicates and there is lit-
tle time that can be recouped during execution by remov-
ing the constrained sources). The results show that evenin
this case, the minimization agorithm starts breaking-even
when there are about 8 duplicate sources, and the time im-

provements from then on grow exponentialy.

The plots in Figure 6 consider cases that are a bit more
favorable to the minimization algorithm. Specifically plot
a repeats the experiment in Figure 5(b), but with recursion
depth limit set to 2 (that is two recursive calls are allowed
on any node in the r/g graph), while plots b and ¢ do the
same with recursion depth limit set to 3 and 5 respectively.
We see that minimization algorithm starts breaking even
with 1 or 2 duplicate sources in these scenarios. Given that
recursion depths between 2-5 are quite reasonable in exe-
cuting recursive programs, these experiments attest to the
savings in execution time afforded by the minimization al-
gorithm.

Before concluding this section, we would like to remind
the reader that the experiments above only consider the cost
improvementsin termsof executiontime. When other costs
such as access costs and network traffic costs are factored
in, minimization could be useful even when the plans being
minimized do not contain any recursion.

At the time of this writing, we are in the process of
completing a set of experiments with more redistic data
sources. Specificaly, we are experimenting with a set of
sources derived from the DBLP bibliography sever data.
These experimentswill evaluate both the redundancy elim-
ination algorithm and the source-call ordering algorithm.

7 Related Work

Early work on optimizing information gathering plans (c.f.
[15, 2]) combined the phases of query plan generation and
optimization and posed the whole thing as a problem of
search through the space of different executable plans. By
starting with Duschka's work [6, 7] which gives a maxi-
mally contained plan in polynomial time, and then opti-
mizing it, we make a clean separation between generation
and optimization phases.

Friedman and Weld [11] offer an efficient algorithm for
minimizing a non-recursive query plan through the use of
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Figure 6: Results characterizing the effect of moderate recursion depth limit on the utility of minimization. We set a
“patience limit” of 5 minutes (300000 msec), and aborted runs after that.

LCW statements. Their algorithm is based on pair-wise
subsumption checks on conjunctive rules. Recursive rules
correspond to infinite unions of conjunctive queries, and
trying to prove subsumption through pair-wise conjunctive
rule containment checks will not be decidable. The ap-
proachin Duschka[5] also suffersfrom similar problemsas
it isbased on theideaof conjunctive (un)foldingsof aquery
in terms of source relations [21]. In the case of recursive
queries or sources with binding restrictions, the number of
such foldingsis infinite. In contrast, our minimization al-
gorithm is based on the notion of uniform containment for
recursive datalog programs. This approach can check if
sets of rules subsume asinglerule. Thusit can minimize a
much greater range of plans.

Our source-access ordering technique assumes that
statistics regarding source relations are not easily available,
and thustraditional join-ordering strategies are not applica-
ble. An interesting alternative isto try and learn the source
statistics through experience. Zhu and Larson [27] describe
techniquesfor devel oping regression cost modelsfor multi-
database systems by selective querying. Adali et. a [1]
discuss how keeping track of rudimentary access statistics
can help in doing cost-based optimizations.

Concurrent with our work, several research efforts [13,
20, 12, 25, 26] have considered the issue of optimizing
gueries in the presence of sources with limited query ca-
pabilities. In contrast to our approach of using “$" and
“9%" annotationsto represent query capabilities of sources,
TSIMMIS system [20, 26] lists al “legal” binding pat-
terns entertained by a source, while GARLIC [13] sys
tem provides the query processing capabilities of sources
in the form of a set of rules. More elaborate languages
for representing source access capabilities are proposed in
[12, 25]. While some of these systems [26, 12] provide
more rigorous optimality guarantees than our greedy ap-
proach, their primary focusis on optimization of conjunc-

tive query plans. They thus do not address recursive query
plans or the issue of source redundancy. Moreover, to our
knowledge, none of these systems consider the source ac-
cess costs and traffic costs together in doing optimization.

8 Conclusion

In this paper, we considered the query optimization prob-
lem for information gathering plans, and presented two
novel techniques. The first technique makes use of LCW
statements about information sources to prune unnecessary
information sources from a plan. For this purpose, we
have modified an existing method for minimizing datalog
programs under uniform containment, so that it can min-
imize recursiveinformation gathering plans with the help
of source subsumption information. The second technique
isagreedy algorithm for ordering source calls that respects
source limitations, and takes both access costs and traffic
costs into account, without requring full source statistics.
We have then discussed the status of a prototypeimplemen-
tation system based on these ideas called Emerac, and pre-
sented an eval uation of the effectiveness of the optimization
strategies in the context of Emerac. We have related our
work to other research efforts and argued that our approach
isthefirst to consider end-to-end the issues of redundancy
elimination and optimization in recursive information gath-
ering plans.

Our current directions involve explicitly modeling and
exploiting cost/quality tradeoffs, dealing with runtime ex-
ceptions such as sources that become inaccessible, as well
as run-time opportunities such as the use of caches[1]. We
arealso exploringthe utility of learning rudimentary source
models by keeping track of time and solution quality statis-
tics, and the utility of probabilistic characterizationsof cov-
erage and overlaps between sources[9, 24]. Finally, we are
working towards extending our current greedy plan genera-
tion methods, so asto search alarger space of feasible plans
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and to provide bounds on generated plans [26]. Part of this
involves integrating the logical minimization and source-
call ordering phases, so as to get a more globally optimal
plan.

[14] Chun-Nan Hsu. Initia results on wrapping semistructured
web pages with finite-state transducers and contextual rules.

In Proceedings of the AAAI Workshop on Al and Information

Integration pages 6673, 1998.
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