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Abstract
Information gathering requires locating and integrating data from a set of distributed information sources.
These sources may contain overlapping data and can
comefrom different types of sources, including traditional databases, knowledgebases, programs, and
Webpages. In this paper we focus on the problem
of howto apply a general-purpose planner to produce
plans for informationgathering. Weidentify the critical functionality of the basic planner, describe howthe
information gathering problemcan be cast as a planning problem,and present our approachto efficiently
generating high-quality plans in this application domain. The resulting information gathering planner is
used as the query processor in the SIMSinformation
mediator, which is being applied to provide access to
data for transportation logistics and traumacare. We
present empirical results in the transportation domain
to demonstratethat this planner can efficiently produce information gathering plans on a set of example
queries that were provided with the databases.

Introduction
This paper examines the issues in applying a generalpurpose planner to the information gathering task. Information gathering involves locating and integrating
information to answer queries from a set of heterogeneous and distributed information sources. An information gathering plan includes the source for the information, the specific operations that are to be performed on the data, and the order in which the operations are to be performed. The general problem is
quite hard since there are a very large number of ways
a query can be processed. The choice of plans is critical since the cost of executing different plans for the
same query can range from a few milliseconds to a few
years or longer.
Consider the example query, shown in Table 1, from
a transportation domain, which requests the names of
all seaports that have channels that can accommodate
small tankers. A plan to answer this query is shownin
Figure 1. In this example, the plan partitions the given
query such that in parallel the seaport information is
retrieved from the SEAPORT
information source and the
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tanker information is retrieved from the ASSETS
information source. The results of those two queries are
then joined in the local system. The plan then retrieves the information from the COUIITItYsource and
compares it to the intermediate results of the other
subplan. Once the system generates the final set of
data, it is sent to the output.
(retrieve (?port-name)
(:and (seaport ?sport)
(port-name ?sport ?port-name)
(country-name ?sport "Saudi Arabia"
(channel-of ?sport ?channel)
(channel-depth ?channel ?depth)
(transport-ship
?ship)
(vehicle-type-name ?ship "Small Tanker")
(max-draft ?ship ?draft)
(< ?draft ?depth)))
Table 1: An Example Query
The information gathering task has a number of
characteristics that make it an interesting planning
problem. First, the basic problem is to generate a sequence of actions to efficiently retrieve the requested
set of information. Unlike muchof the previous work
on planning, a satisficiag solution is not sufficient since
the quality of the final plan is an important consideration. Second, the search space is large, hut there are
fewer interactions than there are in domainssuch as the
blocksworld, so it is possible to search a large space of
possible plans. Third, the plans produced in this domain can be directly executed, which makes it possible
to consider issues of planning and execution without
the use of a simulator. Finally, and most importantly,
this is a real problem.
This problem is similar to the problem of generating a query access plan for a database in that both
require producing a sequence of actions to produce the
requested data. However, it differs from query access
planning in several ways. The first difference is that
query access planning only requires generating a plan
for how to process the data, while information gathering also requires identifying the relevant sources for
use in producing the requested information. The sec-
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Figure 1: An information gathering plan
ond difference is that query access planning is also concerned with the low-level implementation of the query
processing to minimize the processing time and amount
of disk I/O. In our formulation of the information gathering task, we are only concerned with determining
how the queries should be partitioned into subqueries
to the remote sources and we leave it up to the individual systems to implementthe subqueries efficiently.
In earlier papers (Knoblock 1994; 1995) we addressed various issues related to planning for information gathering, such as simultaneous actions, integrating planning and execution, replanning, and sensing.
This paper focuses on the issues that arise in taking
a general-purpose planner and using it to construct a
planner for the information gathering task. In order to
provide insight into someof the design decisions we include some discussion of how this planner has evolved
over the last few years.
The paper is organized as follows: First, we describe
the underlying general-purpose planner and identify
both the important features and additional functionality that had to be added. Next, we describe how we
represent the information gathering task as a planning
problem and identify some of the important design
principles. Given this representation, we then describe
the control knowledge and evaluation function used to
efficiently generate high-quality information gathering
plans. In order to demonstrate that the system can
efficiently generate plans, we provide some empirical
results that compare the planning time to the execution time. Then we compare this work to work on
query access planning as well as other related work on
information gathering. Finally, we identify someof the
critical planning research problems, and then describe
some of our plans for future work.

The Basic
Planner
The first prototype of the overall system (Arens
Knoblock 1992; Arens et ai. 1993) was built using the
Prodigy 2.0 planner (Minton et al. 1989). Prodigy
was chosen because it has a expressive operator representation language and a rich language for expressing
control knowledge. This initial version of the system
produced a satisficing solution in that it searched the
space using a set of heuristics that produced a reasonably good solution. Since an important aspect of
this problem is plan quality, generating high quality
plans requires exploiting the fact that remote sources
can be accessed in parallel. To do this required explicitly representing the potential parallelism in the
plan. Since Prodigy produces totally-ordered plans,
the plans produced by Prodigy were converted into a
parallel-execution plans using the algorithm of Veloso
(Veloso 1989), which converts a totally-ordered plan
into a partially ordered plan.
In the next version of the system we switched to
UCPOP2.0 (Barrett ef al. 1993) because we needed
partial-order planning capability. The initial version in
Prodigy returned the first plan produced using the set
of heuristics,
but as the plans became more complex
it becameclear that this was insufficient. In order to
consider the tradeoffs in different ways of processing
a query, we needed to have the planner construct alternative plans and evaluate the alternatives to find a
high-quality plan. To do this using a total-order planner wouldbe costly since the final result is a partiallyordered plan and a number of different totally-ordered
plans can all mapto the same partially-ordered plan.
To avoid considering redundant plans and to evaluate
the partially-constructed plans, a partial-order planner
is better suited to this particular task. In addition to
providing a partial-order planning capability, UCPOP
Knoblock
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provides a number of important features of Prodigy,
including an expressive operator language, a separate
control language, and the capability of defining preconditions using functional predicates (described below).
The expressive operator language is necessary for
defining the operators in the information gathering domain. The language features used in the current version of the domain are conjunction, disjunction, existential,
and universal quantification. The control
language was used initially for this domain in both
Prodigy and UCPOP,but was later abandoned for efficiency reasons.
The ability to define preconditions using functional
predicates is also a critical feature for representing this
problem. This feature allows certain predicates to be
defined as functions, where given bindings for some
of the variables it computes the bindings of the other
variables. This capability allows the operators to be
defined at an appropriate level of abstraction. The aspect of the information gathering problem that is well
suited to a planner is the search through the space of
possible operations for selecting the sources and manipulating the data. There are other aspects to this
problem such as computing the possible partitions of
a query or determining whether a set of data is contained in a particular information source that would be
difficult to capture in a planner. The ability to define
preconditions using functional predicates turns out to
be particularly useful since muchof the low-level query
processing can be done in Lisp code, which allows the
planner to focus on the search at an appropriate level
of granularity.
There are several capabilities that are not provided
by UCPOPthat are required to solve the task. These
are the ability to represent and manipulate complex
terms and the explicit representation of resources. The
representation of complex terms is essential since the
specification of a set of data can be quite involved. It
includes the specification of the classes of objects, the
relevant roles on those objects, constraints on the individual objects as well as constraints between objects,
and so on. An example of a complex term is shown
in the example query shown in Table 1. Terms such
as these wouldbe impractical to define as a flat literal
with a fixed number of parameters. It would also be
difficult to plan for queries if they were represented by
a set of flat literais since that wouldrequire reasoning
about the achievement of several simultaneous goals
and existing planners are not particularly well suited
to that problem.
In order to execute several actions simultaneously
in a partially-ordered plan requires an explicit representation of reusable resources. A partially-ordered
plan only allows actions that are unordered with respect to each other to be executed in either order. It does not sanction simultaneous execution.
To provide simultaneous execution requires the addition of explicit resource constraints (Wilkins 1988;
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Knoblock 1994). The advantage of parallel plans are
that they can greatly reduce the overall execution time
of queries by supporting simultaneous execution. The
representation of reusable resources allows the system
to explicitly reason about potential resource conflicts
and take them into account in order to generate the
best plan to solve the problem. An alternative approach to address this problem would be to schedule
the operations after the planning is complete; however,
this approach wouldbe less efficient since in somecases
there will be several different operators for achieving
the same goal and the choice of operator, which would
be madebefore the scheduling is performed, could have
a significant impact on the schedule.
In order to address the needs of this application, we
built a general planner called Sage, which extends the
UCPOPplanner in several important ways. First, we
added support for compoundobjects, which required
extending the matching algorithm. Second, we added
an explicit representation of reusable resources and extended the planner to identify possible resource conflicts and refine the plan to eliminate them. This allows the planner to generate plans with simultaneous
actions. (See (Knoblock 1994) for more detail.)
In addition, we added support in Sage for simultaneous and interleaved planning and execution. This
is done by tightly integrating the execution into the
planning process and letting the planner decide which
actions to execute and when to execute them. This
allows the planner to replan failed actions, handle
asynchronous goals, and interleave the planning and
sensing. To support the sensing we added explicit
run-time variables (Ambros-Ingerson & Steel 1988;
Etzioni et ai. 1992) which provide a mechanism for
the planner to use the results of a sensing action. The
support for execution, replanning, and sensing are described in (Knoblock 1995) and will not be described
further in this paper. In the remainder of this paper
we will focus on how the information gathering task
is represented in Sage and howthe planner efficiently
generates plans in this domain.
Representing

the

Problem

The problem to be solved in this task is to determine
a sequence of actions to efficiently retrieve a requested
set of data (i.e., the query). In the initial representation of this problemin Prodigy, we cast as muchof this
problem as possible as a planning problem (Arens el
aL 1993). The operators manipulated the individual
terms of a query to determine which terms depended
on other terms, which in turn determines the order
in which different queries would be executed. Once
a complete plan graph was constructed, the resulting
plan had to then be converted into an actual query
plan that could be executed. There were several important limitations of this representation. First, the
operators in the resulting plan did not correspond directly to the actual actions that would be executed,
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whichmadeit difficult
to evaluate
intermediate
plans
substitute-definition,
and decompose. The reto moreefficiently
searchthespace.Second,
muchof
formulation operators are used to rewrite the query
theworkthatwasbeingdoneby theplanner
involved
expressed in domain terms into queries expressed in
analysing
the structure
of thequery,whichcouldbe
terms of the available information sources. The details
donemoreefficiently
in Lispcode.
of the reformulation operators are provided in (Arens,
In the nextversionimplemented
in UCPOP,we reKnoblock, & Shen 1996).
designed
therepresentation
of theproblemwithtwo
Consider the operator shown in Table 3, which dedesigngoalsin mind.First,we wantedthe operators fines a join performed in the local system. This operaintheplantocorrespond
directly
totheoperators
that
tor is used to achieve the goal of makingsome informawouldactually
be executed.
Thissimplified
theevaluation available in the local knowledgebase of the SIMS
tionof intermediate
plansandmadeit possible
tointeinformation mediator. It does this by partitioning the
gratetheplanning
and execution.
Second,we wanted
request into two subsets of the requested data, retrievthepreconditions
of theseoperators
to be completely ing that information into the local system, and then
self-contained
goals.Thissimplified
andmodularized joining the data together to produce the requested set
theoveralldesignof theoperators
andmadeit posof data.
sibleto extendthedomainin newdirections
suchas
(define(operator
join)
theintegration
of sensing
intothesystem.
Thediffi:parameters (?join-op ?data ?data-a ?data-b)
cultyinthischoice
of representation
is thatitplaced
:precondition
a muchgreaterburdenon theprocessing
required
for
(:and (join-partition
?data ?join-op
eachindividual
operator.
Thereare now more than
?data-a ?data-b)
10,000
linesof Lispcodeusedto define
thefunctional
(available local sims?data-a)
predicates
usedin theoperators.
(available local sims?data-b))
Usingthisrepresentation,
a queryis castas an in:effect(available
localsims?data))
formation
goal.Sucha goalconsists
of a description
of a setof desired
data(i.e.,
thequery)
aswellasthe
Table3: Thejoinoperator
location
wherethatdatais to be sent.Theformof
thisgoalis:
The join-partition
precondition
is definedby a
(available <source> <server> <query>).
functional
predicate
that
produces
the
relevant
partiThe <source> is either the name of a remote source,
tionsof the requested
data.Forexample,
thequery
local to indicate the local knowledgebase, or output
described
abovewouldbe partitioned
intotwo subto indicate that the results should be displayed. The
queries
based
on
how
the
information
is
organized
in
<server> is either the name of a server that can protheunderlying
information
sources.
Sinceinformation
vide one or more sources (e.g., an Oracle DBMS),or
on transport-ship and seaport is located in different
is the nameof the local information mediator, which is
sources, the function would return the partition shown
calledsimsin theexample.
Finally,
the<query>
is a
in Table 4.
description
of desiredinformation.
An exampleof an
information
goalis shownin Table2.
Join Constraint:
(< ?draft ?depth)
(available output sims
(retrieve (?port-name)
Subquery 1:
(:and (seaport ?sport)
(retrieve (?port-name ?depth)
(port-name ?sport ?port-name)
(:and (seaport ?sport)
(channel-of ?sport ?channel)
(port-name ?sport ?port-name)
(channel-depth ?channel ?depth)
(channel-of ?sport ?channel)
(transport-ship
?ship)
(channel-depth ?channel ?depth)))
(vehicle-type-name ?ship "breakbulk")
(max-draft ?ship ?draft)
Subquery 2:
(< ?draft ?depth))))
(retrieve (?draft)
(:and (transport-ship
?ship)
Table 2: An information gathering goal
(vehicle-type-name ?ship"breakbulk")
(max-draft
?ship?draft)))
All of the operatorsin this domainmanipulate
Table 4: Result
of calling
Join-Partition
on theexamtheseinformation
goals.Thereare twotypesof opplequery
erators: those that correspond to data manipulation
operators and those that simply reformulate an information goal into an equivalent goal and are used
Thefunctional
predicates
process
queries
basedon
to select an appropriate set of sources. The data
a modelof thedomainandmodelsof thecontents
of
manipulation operators include move, join, update,
theinformation
sources.
Thisinformation
comprises
thestatic
partof theinitial
stateinformation.
To orassign, select, and compnte. The reformulation operators include: choose-source, infer-equivalence,
ganize
thisinformation
andaccess
itefficiently,
these
Knoblock
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models are stored in a knowledge representation system called Loom(MacGregor 1990). The information
is then accessed directly through the functional predicates, which make direct calls to Loom.
The dynamic part of the initial state information
is comprisedof literals that define the available information sources (e.g., databases) and the servers (e.g.,
an Oracle DBMS)they are running on. The exampie shown in Table 5 defines four databases running
on three different servers. The first two lines define
two Oracle databases running on a single Oracle server.
The second two lines define two Loomknowledge bases
running on different servers.
((source-available
(source-available
(source-available
(source-available

assets
server1)
geo server1)
country
server3)
seaport
server4))

Table 5: The dynamic part of the initial

Searching

for High-Quality

state

Plans

This information gathering task is naturally cast as
a planning problem since the problem is to find a
sequence of actions to retrieve and integrate the requested data. However, this task differs from much
of the previous planning work in that the problem is
to find a high-quality plan rather than any plan that
solves the goal. In addition, since the cost of planning must be added to the overall processing time, the
system must efficiently produce plans. This section
describes howSage efficiently generates high-quality
plans.
The size of the search space is potentially quite large
in this domain. Unlike many other planning domains,
there are not a large number of interactions between
operations. However, there are still a number of aspects to this problem that all contribute to the size
of the search space. First, there may be a number
of different possible orders in which the information
can be processed. For example, if there are multiple
sets of data that must be combined(i.e., a join), then
there could be manypossible orders in which to join
the data. The order in which the data is combined is
important since it determines the amount of intermediate data that will be produced. Second, there may
be more than one source where the requested information can be retrieved and different sources may have
different access costs. This mayalso affect what information must be processed locally and what processing
can be done by the remote system. Third, there may
be interactions between actions when two actions require the same resource. For example, if you have two
queries to the same server, then these will have to be
done sequentially. Fourth, there may be several alternative ways to combine information. For example,
instead of retrieving two sets of data and performing
a join, it maybe moreefficient to retrieve the first set
138
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of data, and then use the results to compose a query
to the second source.
A natural approach to control the search is through
the use of control rules. The control rules can be
used to prune portions of the search space that are
redundant or unnecessary to produce the best plan. In
our initial implementation of the information gathering task we used the control rule language provided
by UCPOP.Unfortunately, the overhead involved in
considering the control rules was too high and greatly
reduced the number of search nodes that could be considered in the same amount of time. This problem
could probably be addressed by adding an efficient rule
matching facility to UCPOP.Wetook the more direct
approach of simply moving the control information directly into the definition of the functional predicates
used in the operators. This type of control information
prunes portions of the search space that will never need
to be considered. For example, the operators consider
only joins across data that are distributed in different
informationsources. It will generally be less efficient to
pull two sets of information from the same information
source and perform the join locally rather than in the
remote source. In this case, this heuristic is captured
in the implementation of the join-partition
function. Wecarefully crafted the functional predicates
to include this information so that they only generate
choice points that are relevant to solving the problem.
In addition to constraining the space as muchas possible, we also want to minimizethe portion of the space
that will need to be considered, but still consider alternative plans for processing the same query. To do
this we use a branch-and-bound search with an evaluation function (specific to information gathering) for
estimating the cost of alternative plans. Branch-andbound expands the plan with the lowest estimated cost
at each step in the search process, which will produce
the optimal plan relative to the given operator definitions and evaluation function. The evaluation function
employs standard database estimation techniques to
estimate the cost of processing a query with a particular plan. The evaluation function estimates the cost of
each operation by maintaining information about the
size of each class and the numberof different possible
values for each role of a class (i.e., the cardinality of
role). Assuminga uniform distribution of the data, it
then estimates the amount of intermediate data that
will be retrieved and manipulated, which is usually the
dominant cost in handling multidatabase queries. Using the estimated cost of each operation, the function
computesan estimate for the overall cost of a plan, taking into account the parallelism of someof the actions.
The evaluation function allows the planner to compare
different partially-constructed plans; those plans that
are more expensive than what the evaluation function
determines to be the optimal plan will never be expanded further.
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Figure 2: Comparisonof the elapsed time for planning versus execution

Results
The Sage planner serves as the query processing engine
for the SIMSinformation mediator (Arens et ai. 1993;
Knoblock, Arens, & Hsu 1994). Using SIMS we have
built mediators to provide access to data for transportation planning and tranma-care medical information. Weare also in the process of building mediators to integrate information for genetics counseling
and military logistics. Note that for each of these applications the planner and planner domain remain the
same, but the underlying information sources and the
models of the information sources are changed.
In the transportation planning domain, the planner
efficiently generates plans for queries that have as many
as 30 terms and require access from up to three different information sources. To demonstrate that the
system can efficiently generate plans for queries in this
domain, Figure 2 compares the time to construct the
plan for a query to the time for executing a plan (which
does not include the planning time). The problems are
ordered by plan size and range from 2 steps to 10 steps.
The graph compares elapsed time and not CPU times
since the execution of a plan occurs across multiple
processes on different machines. Since there is some
variation in elapsed time, each of the queries was run
10 times and the average time for each length plan is
shown in the graph. The graph clearly shows that the
planner can efficiently generate information gathering
plans for the given test set. In addition, this time is
only a small fraction of the overall execution time.
Related
Work
The database community has been building specialized systems for performing query access planning for

manyyears (Jarke & Koch 1984; Selinger et al. 1988).
In order to address this problem these systems exploit a variety of heuristics and techniques to constrain the search space. However, the problem is inherently a search problem, so there is no way to completely eliminate the search. These approaches have
been carefully optimized for the problem of query processing in the single database environment and the distributed database environment. However, there has
been less work on the problem of query processing for
multidatabase systems (Landers & Rosenberg 1982;
Reddy, Prasad, & Reddy 1989) where there are
set of distributed,
autonomous, and heterogeneous
databases. The existing approaches in this environment are inflexible in the sense that choice of the information sources for a given query is fixed and the
integration of this information is predefined. This essentially reduces the problem to the single-database
query access planning problem.
The information gathering problem described here
differs from the more traditional query access planning in two significant ways. First, instead of assuming
that the choice of information source is fixed, as part of
the planning process the system selects the information
sources that will be used for processing a query. Second, traditional query access planning reasons about
the query processing at a more detailed level which
involves not just the selection of which operation to
perform on the data, but also how to implement the
operation efficiently (e.g., performing a join using
sort join or a hash join). Since we use other systems
to actually implement the query processing actions, we
leave it to these system to decide on the most efficient
way to implement these operations. Instead, we have
Knoblock
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focused on the problem of deciding where to get the
information, where to process it, and what order to do
the processing.
A variety of work on planning has explored various
aspects of the query access planning problem. The
LADDER
system (Sacerdoti 1977) had a similar goal
of integrating multiple sources of information. They
developed a planner (Furukawa 1977) based on a theorem prover that is used to find the minimal set of
sources to cover a query, and they combined it with
a specialized heuristic algorithm that produces an efficient query access plan. In contrast, Sage uses a general planner for the query access planning and integrates the source selection and query access planning
into a single planning process, which allows the system
to generate more efficient plans.
More recent work on query access planning has focused on plan merging and plan optimization. Qiang
et al. (1992) developed an approach to efficiently merging plans, including query access plans. Shekhar (1989)
developed an approach to trading off search time with
execution time in optimizing query access plans. Both
of these systems assume that the query access plans
are given.
Another planner that has been built for a information gathering task is the xll planner (Etzioni, Golden,
& Weld1994). This planner serves as the query processor for the Unix Softbot (Etzioni & Weld 1994). Compared to Sage, xIl reasons about the information at a
different level of granularity. Instead of representing
general actions for manipulating data, each operator
corresponds to a Unix command. The advantage of
their approach is that it provides finer-grained control
and reasoning of the information. The disadvantages
are first, that the operators are application specific and
a new set of operators would have to be engineered
to support another application domain. Second, since
the system reasons about the information as individual tuples instead of sets of information, it would be
impractical to efficiently reason about and manipulate
large amounts of data.
Levy et al. (1995) present a different approach
information gathering. In their work they have been
developing specialized algorithms for the problems of
source selection and planning (essentially building
special-purpose planner). They have focused largely
on efficient algorithms for source selection.

Discussion
This paper described our experiences in applying a
general-purpose planner to solve the information gathering problem. An important lesson from this work is
that the issues that arise in this particular real-world
problem are different than the ones manyresearchers
have focused on in the past and continue to work on.
Previous work on planning has focused extensively on
both developing more expressive representations and
handling interactions between operators. While these
140 AIPS-96

are certainly important problems, other issues such
as constraining the space of plans so that. it can be
searched efficiently and generating high-quality plans
have been largely ignored.
Consider
theissueofconstraining
thespaceofplans.
Therearea numberof speed-up
learning
systems
that
learncontrol
knowledge
to constrain
thesearch
space.
But thesesystemsdo not fullyaddressthe problem
sincethesesystems
oftenreduce
a verylargesearch
to
a smallerone,butin mostcasestheydo notreduce
searchto thepointwhererealistic
problems
in these
domains can be solved. Other important work on using planning technology to solve real problems, such
as in SIPE (Wilkins 1988) and O-Plan(Currie & "rate
1991), has relied on careful engineering of the domains
such that problems can be solved with only a modest
amount, of search. Whenpeople build specialized planners for specific applications they develop techniques
and heuristics that makesomeinteresting class of problems tractable. Planning research has focused heavily
on the techniques and seems to have neglected the infrastructure required for developing and exploiting the
heuristics required to solve real problems.
The issue of plan quality has received even less attention. Perhaps this is due to the fact that without good
heuristics there is not muchhope of doing anything but
a satisficing search. However, in manyreal-world domains, (e.g., query access planning, process planning,
logistics planning, etc.) finding a high-quality solution
is an integral part of the problem.
The next step in our work will focus on gathering and
integrating semi-structured information in the World
Wide Web. In the Webwe will have to deal with the
problem of combining information from many more
sources. In addition, sensing actions will probably
play a larger role since a query mayrequire gathering
additional information in order to locate the relevant
sources to answer a query (Knoblock & Levy 1995).
Weexpect that the combination of larger plans and
more operators will require us to push even harder on
techniques for efficiently generating high-quality plans.
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