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Abstract

The World Wide Web has become an invaluable information resource bekfhiesion of available
information has made web search a time consuming and complex procesardgénedmber of informa-
tion sources and their different levels of accessibility, reliability armbeisited costs present a complex
information gathering coordination problem. This paper describesatiwnale, architecture, and im-
plementation of a next generation information gathering system — arsytiiat integrates several areas
of Artificial Intelligence research under a single umbrella. Our soluibotihe information explosion is
an information gathering agent, BIG, that plans to gather informatisopport a decision process, rea-
sons about the resource trade-offs of different possible gatherimgagpes, extracts information from
both unstructured and structured documents, and uses the extracteakitidorto refine its search and
processing activities.

Keywords: Information Gathering, Information Agents, Information SysteRisnning, Scheduling,
Text Processing.

1 Introduction and Motivation

The vast amount of information available today on the WorldiéWeb (WWW) has great potential to
improve the quality of decisions and the productivity of samers. However, the WWW'’s large number of
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information sources and their different levels of accabipreliability, completeness [3], and associated
costs present human decision makers with a complex infiwmagathering planning problem that is too
difficult to solve without high-level filtering of informain. In many cases, manual browsing through even
a limited portion of therelevantinformation obtainable through advancing informatiorriesal (IR) and
information extraction (IE) technologies [4, 27, 7, 28] slonger effective. The time/quality/cost tradeoffs
offered by the collection of information sources and theatyit nature of the environment lead us to
conclude that the user cannot (and should not) serve as thidkedecontroller of the information gathering
(IG) process.

Our solution to the information explosion is to integratffetent Artificial Intelligence (Al) technolo-
gies, namely scheduling, planning, text processing, inédion extraction, and interpretation problem solv-
ing, into a single information gathering agent, BIG (resesBounded Information Gathering) [30, 31], that
takes the role of the human information gatherer. In respoos query, BIG locates, retrieves, and pro-
cesses information to support a decision process. Implatiemally, we have concentrated on the software
domain and BIG's area of expertise is in helping clientsdeeftware packages to purchase. For example,
a client may instruct BIG to recommend a database packag¥ifaows 98, and specify constraints on the
amount of money to pay for such a product and the amount ofdimdenoney to spend locating information
about database products. The client may also specify arprefe for information precision versus cover-
age, a coverage preference will result in more productsgbdiscovered, but with less information about
each product. A preference for greater precision will tresuBIG spending more resources to construct
very accurate models of products. BIG will then plan, located process relevant information, returning a
recommendation to the client along with the supporting.data

The complexity of our objective mandates a high level of sstfation in the design of our information
gathering agent’s components. Indeed, several are comppbiskem solvers in their own right. A domain
problem solver, a RESUN [5, 6] planner, translates a chanformation need into a set of goals and gener-
ates plans to achieve those goals. To support reasoning tfedguality/cost trade-offs, and thus a range
of different resource/solution paths, the planner enutasraultiple different ways to go about achieving
the goals and describes them statistically in three dinoessiduration, quality, and cost, via discrete proba-
bility distributions. Another sophisticated problem doty component, a Design-to-Criteria [40] scheduler,
examines the possible solutions paths and determines &astans to carry out and schedules the actions
— coping with an exponential scheduling problem in reaktifmrough the use of approximation and goal di-
rected focusing. The resulting schedule is a single-agagmdule that contains parallelism and overlapping
executions when the primitive actions entail non-localcpssing, e.g., issuing requests over the network.
The non-local activities can be embedded within primitiggans or explicitly modeled as primitive actions
with two components, one for initiation and one for pollimgdgather results, separated by propagation de-
lays. This enables the agent to exploit parallelism whessibte and where the performance of the parallel
activities will not adversely affect the duration estinsagessociated with its activitiés.

As BIG retrieves documents, yet another sophisticatedigmolsolver, an IE system [17] in conjunction
with a set of semantic, syntactic, and site specific toolalyaes the unstructured text documents in order
to construct information objects that can be used by thenglafor decision making and refinement of
other information gathering goals. It is important to ndtattthe advent of widespread structure markup
languages like XML, or tools to wrap web sites so that datalb@aretrieved in a structured form, will only
improve BIG’s ability to gather and process informationebsence, the IE system used in BIG fills the role

1The duration estimates associated with primitive actiogescanstructed assuming the dedicated efforts of the agrenases
where multiple local activities are performed in paraltbe performance degradation will affect the duration estés and result
in schedules that miss deadlines and do not perform as expect
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of these other tools and approaches. In the event thatsteacinformation is available, the extraction step
can be bypassed and the information incorporated direuityBIG’s reasoning structures.

Other complex components in BIG include a framework for ntiagedomain tasks, a Web site in-
formation database, an idle-time Web site probe for refitiregdatabase, and a task assessor to assist in
translating the problem solver's domain plans into a donradependent representation appropriate for use
by the Design-to-Criteria scheduler and other high-leeshponents. We will return to the agent architec-
ture in greater detail in Section 4.

The main distinguishing characteristics of this researeh a

Active Search and Discovery of Information BIG does not rely entirely upon a pre-specified set of sites
from which to gather information. BIG also utilizes gendd®®L search engines and sites / informa-
tion sources discovered during previous problem solvisgises.

Resource-boundednes®8IG problem solves to meet real-time deadlines, cost caimss, and quality pref-
erences. BIG reasons about which actions to take to prottecdessired result and plans accordingly.
This is accomplished through the use of the Design-to-aitecheduler and by employing an end-
to-end, rather than reactive, control process.

Opportunistic and Top-down Control BIG blends opportunistic, reactive, problem solving betiavith
the end-to-end view required to meet real-time deadlindsoimer performance constraints. This en-
ables BIG to respond dynamically to uncertainties in thedpob models as well as newly learned
information.

Information Extraction and Fusion The ability to reason with gathered information, rathemtisamply
displaying it for the user, is critical in the next generatiof information gathering systems. BIG
uses research-level extraction technology to convertféregat text into structured data; the data in
then incorporated and integrated into product models tteaegamined by BIG's decision process,
resulting in a product recommendation.

Incorporation of Extracted Information In addition to building product models, extracted inforinat
is incorporated in BIG's search as it unfolds. For examp&mgetitor products discovered during
the search are included in BIG’s information structuresssiay resulting in new goals to pursue
additional information on these products.

In Section 6.2 we present a detailed walk through of BIG imoacthowever, to preface the rest of the
document and to illustrate some of BIG’s capabilities, adgrsa high level example. A client is interested
in finding a word processing program for a Macintosh. Thentlgeibmits goal criteria that describes desired
software characteristics and specifications for BIG’saeand-decide process. A snapshot of the systems’s
user specification form is given in Figure 1.

The search parameters aduration importance = 100%, soft time deadline of 10 minutesd cost
limitation of $5, and in terms of precision versus coverage, 50% of the weigjiven to precision and 50%
to coverage This translates into emphasizing quality over duratiod ewst, a preference for a response in
10 minutes if possible, and a hard constraint that the sqaatess cost no more than $5 (if information
is purchased, as from the Consumers Reports website). Enalss expresses no preference for coverage
or precision — BIG can trade-off one in favor of the other. Pheduct parameters arproduct price$200
or less, platform: Macintosh, usefulness importance b0 units, future usefulness rating 50, ease of use
rating 50, power features 50, product stability 50, enjaligh50, value 50, product quality importance =
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Figure 1:BIG’s User Interface

60% and product price importance = 4Q0%he client is an experienced home-office user who does nat wa
to wait forever for a result and does not want to spend muctheséarch, and who is primarily concerned
with getting most power for the dollar product-wise.

Upon receipt of the criteria, BIG first invokes its plannerdietermine what information gathering ac-
tivities are likely to lead to a solution path; candidatenaiies include retrieving documents from known
wordprocessing software makers such as Corel and Micrasoftell as from consumer sites containing
software reviews, such as the Benchin Web site. Other tie\pertain to document processing options for
retrieved text. For a given document, there are a range @kpsing possibilities each with different costs
and different advantages. For example, the heavyweigbtrirdtion extractor pulls data from freeformat
text and fills templates and associates certainty factora the extracted items. In contrast, the simple and
inexpensive pattern matcher attempts to locate itemsmitia text via simple grep-like behavior.

BIG’s planner handles the process of laying out the probletvirsy options by emitting a TEMS
[11, 29] task structure that describes alternative waystiopm tasks and quantifies them statistically via
discrete probability distributions in terms of quality,stoand duration (omitted from the figure for clarity).
Figure 2 shows the TAEMS task structure produced in respangetclient’s query. The top level task is
to satisfy the user’s query, and it has three subt@&sinformation Benchin-Reviewand Make-Decision
The three subtasks represent different aspects of themaf@n gathering and recommendation process,
namely, finding information and building product modelsdifitg reviews for the products, and evaluating
the models to make a decision. The three subtasks are réda®adisfy-User-Queryia aseqsum()quality-
accumulation-function (qgaf), which defines how qualityaibéd at the subtasks is combined at the parent
task. Some qafs, likeeqsum()also specify the combinations of subtasks that may be ereglapd also
the sequence in which to perform them (degstands for “sequence”)Seqsum()specifies that all of the
subtasks must be performed, in order, and that the qualitiyeoparent task is a sum of the qualities of its
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children.

The Get-Informatiortask has two children, also governed byegisum() The dotted edge leading from
Get-Basic-Informationio Get-Extra-Informations anenablesnon-local-effect (task interaction) denoting
that Get-Basic-Informatiommust produce quality befor@et-Extracan be performed. In this case, it models
the notion that product models must be constructed befoydime can be spent doing optional or extra
activities like improving the precision of the result or i@asing the information coverage (discussed in
Section 5.3). Choice in this task structure occurs any timsks are grouped undersam()qaf (there are
many other gafs that entail choice, but they are not usedsretample). For exampléook-for-Materials
has six subtasks undeisam() which means that any combination of these subtasks mayrfermped and
in any order (barring deadlines on individual tasks or taskractions), i.e., the power-set minus the empty-
set may be performed. Likewise with the children®ét-More-Objectsand Detail-Product-Information
Alternative choices about where to search, how many plaxegdrch, which methods to employ while
searching, which information extraction technologies ge,uhe number of reviews to gather for products,
and so forth are all modeled in TAEMS. This is also what gives Bie ability to target its performance for
particular situations. For example, in a situation wheresalt is desired by a tight deadline, the Design-
to-Criteria scheduler will analyze the task structure and & solution path that “best” trade-offs quality for
duration and cost. There is another element of choice in Bl jn the level of abstraction that is used in
the creation of the TAEMS task structure tagk assessaromponent determines which are the options that
are important to enumerate and the granularity of what isidex in a leaf-node (primitive action).
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Figure 2:Information Gathering Task Structure

These problem solving options are then considered and egibi the scheduler — it performs qual-
ity/cost/time trade-off analysis and determines a coufsetion for BIG. The resulting schedule is denoted
by the integer annotations on the tasks. The schedule isixtanultiple retrieval requests are issued and



documents are retrieved and processed. Data extracteddfrooments at the Corel site is integrated with
data extracted from documents at the Benchin site to forrodyat description object of Corel WordPerfect.
Furthering processing leads to the discovery of 14 othermetimg products. At the end of the prescribed
deadline, BIG’s data indicates that the “best” product iseC@VordPerfect 3.5, i.e., it best satisfices the
product specifications. BIG returns this recommendatiatihéoclient along with the gathered information,
corresponding extracted data, and certainty metrics atsoextraction and decision processes.
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Figure 3:BIG’s final decision for this Sample Run

In the remainder of this paper, we discuss related rese@adtion 2, and then present the BIG agent ar-
chitecture and its key components in Section 4. In Sectioe prnesent interesting research issues addressed
by BIG and provide details from actual BIG runs. In Sectionl&Bs discussed from a holistic perspec-
tive, including empirical experiment results and an executrace. Conclusions and future directions are
presented in Section 7.

2 Related Research

The exponential growth of the Web has not gone unnoticed dydbkearch and commercial communities.
The general solution, as one researcher so aptly put it [4%5¢, “move up the information food chain,” in
other words, to build higher-level information processemngines that utilize existing tools like the URL
search engines (e.g., Infoseek and AltaVista). One clag®é toward this end is thenetasearch engine.
Meta search engines typically issue queries to multiplecbeangines like AltaVista and Infoseek in parallel,
customizing the human client's query for each search engimkusing advanced features of the search
engines where available. Examples of this include SavuwgBd@1] and MetaCrawler [15]; commercial
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meta search products are also available [22, 42]. Some sé ttools supplement the IR technology of
the search engines — for example, if a particular advancedygechnique, such as phrase matching, is
missing from the search engine, MetaCrawler will retriscneedocuments emitted from the search engine and
perform its own phrase technigues on the documents. Otherréss include clustering candidate documents
according to similarity and combining redundant URLs. Eie®ls build on the services of the URL search
engines, but, the processing done on the retrieved docsrisagpically limited to the same techniques used
to implement the search engines. This often results in widernet coverage, but, the output is often just a
list of URLSs for the human client to process, thus it alsoetsfrom the same problem as the search engines
themselves — too much data.

A closely related class of work is thgersonal information agerftl, 35]. Rather than making single
queries to a large number of sites, these agents will agtjugisue links to find other relevant information.
They are concept-driven, obtaining their area of interigbeethrough hard-coded rules, explicit question-
naires or simple learning techniques. These systems ar@srfast as the meta search products, but their
design goal has a somewhat different focus. Personal ifiiomagents are typically used to obtain a small
number of highly relevant documents for the user to realdeedll at once or continuously over an extended
time period. Thus, the user sacrifices speed for documetityqua

Another class of work targeted at moving up the food chairhés shopping agent class. Shopping
agents typically locate and retrieve documents contaipiimges for specified products, extract the prices,
and then report the gathered price information to the cli€atr example, the original BargainFinder [25]
and the more recent Shopbot [14] both work to find the bestablai prices for music CDs. These tools
often differ from meta search engines and personal infaomaigents in that they typically do not search
the web to locate the shopping sites, instead, the systemignges develop a library containing known
shopping sites and other information such as how to intevitbta particular store’s local search engine.
Some shopping agents also integrate some of the of the dumadity offered by the personal information
agents. For example, the commercial Jango [24] shoppingt éoates reviews as well as extracting price
and very specific product features from vendor web sitese&ehl aspects of the shopping class often focus
on how to autonomously learn (akin to wrappers [34]) to extervith each store’s forms and how to learn
to process the output, this is in contrast to having a humdonpe the specification.

Consider the different attempts to move up the informataodfchain. The meta search engines provide
information coverage, independence from the nuances titplar search engines, and speed. They also
provide a measure of robustness since they are not tied tdieuter search engine. Personal information
agents combine IR techniques with simple heuristics toityuddcuments for the client’s review. Shopping
agents provide information processing facilities to supggte human client’s information gathering objec-
tive — for example, to find the best price for a music CD. Ourknaittempts to push these ideas to the next
level.

Like the meta search engines, BIG may use multiple diffevegth search tools to locate information
on the web. In contrast to the meta search engines, BIG |edast products over time and reasons about
the time/quality trade offs of different web search optiodkin to the personal information agents, BIG
gathers documents by actively searching the web (in cotipmavith web search engines), however, BIG
does not stop at locating relevant information, but instpeatesses it. Like the shopping agents, BIG
gathers information to support a decision process. How®I& differs from the shopping agents in the
complexity of its decision process (BIG is not just examinproduct prices) and in the complexity of its
information processing facilities. Through IE technoksgi BIG processes free format text and identifies
and extracts product features like prices, disk requirésp@md support policies.

BIG is also related to the WARREN [10] multi-agent portfolianagement system, which retrieves and
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process information via the Web, however, BIG differs inrgasoning about the trade-offs of alternative
ways to gather information, its ambitious use of gatheréarmation to drive further gathering activities, its
bottom-up and top-down directed processing, and its ekpéipresentation of sources-of-uncertainty asso-
ciated with both inferred and extracted information. Bl@lso akin to more database-centric, or structured
resource, approaches like TSIMMIS [18], SIMS [2], and thimimation Manifold [33], but differs in that
its focus is on resource-bounded information extractiashassimilation coupled witHiscovery

The time/quality/cost trade-off aspect of our work is cqtoally akin to [20, 19, 9, 36] and formal meth-
ods [16] for reasoning about gathering information, exdbpt our trade-off analysis focuses on problem
solving actions (including text processing) and other agetivities rather than focusing on the trade-offs
of different information resources, i.e., our work addesskoth agent control level and information value.

From the perspective of a digital library, our researchiiseal at partially automating the function of a
sophisticated research librarian, akin to [41]. This typiboarian is often not only knowledgeable in library
science but also may have a technical background releviéime toterests of the research domain. In addition
to locating relevant documents for their clients, suclalitans often distill the desired information from the
gathered documents for their clients. They often need toendakisions based on resource concerns such
as the trade-offs between billable hours and solution tyuafid the resource time/quality/cost constraints
specified by a given client; or whether certain periodicaésawvailable in-house, and if not, how long it will
take to get them and what they will cost. We see the partiaraation of a sophisticated librarian as a
natural step in the evolutionary development of a fully awated digital library.

3 Information Gathering as Interpretation to Support a Decision Proces

Our approach to web-based information gathering (IG) iethas two observations. The first observation
is that a significant portion of human IG is itself an interiiag¢el step in a much largeatecision-making
process For example, a person preparing to buy a car may search thédidata to assist in the decision
process, e.g., find out what car models are available, cesshrdsults, dealer invoice prices, reviews and
reliability statistics. In this information search prosgthe human gatherer firglansto gather information
and reasons, perhaps at a superficial level, about the tia@idcost trade-offs of different possible gath-
ering actions before actually gathering information. Fxeireple, the gatherer may know that Microsoft
CarPoint site has detailed and varied information on theaisolut that it is slow, relative to the Kelley
Blue Book site, which has less varied information. Accogtiima gatherer pressed for time may choose
to browse the Kelley site over CarPoint, whereas a gatheiterumconstrained resources may choose to
browse-and-wait for information from the slower CarPoiit¢.sHuman gatherers also typically use infor-
mation learned during the search to refine and recast thehspascess; perhaps while looking for data on
the new Honda Accord a human gatherer would come across @wpasview of the Toyota Camry and
would then broaden the search to include the Camry. Thusuimah-centric process is both top-down and
bottom-up, structured, but also opportunistic. The finalheof this semi-structured search process is a
decision or a suggestion of which product to purchase, apaaiad by the extracted information and raw
supporting documents.

The second observation that shapes our solution is that \BA%&d IG is an instance of theerpre-
tation problem Interpretation is the process of constructing high-leweldels (e.g. product descriptions)
from low-level data (e.g. raw documents) using featureaetion methods that can produce evidence that is
incomplete (e.g. requested documents are unavailableodugt prices are not found) or inconsistent (e.g.
different documents provide different prices for the samuglpct). Coming from disparate sources of infor-
mation of varying quality, these pieces of uncertain evidemust be carefully combined in a well-defined
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manner to provide support for the interpretation modelsuigdnsideration.

In recasting IG as an interpretation problem, we face a begaroblem characterized by a generally
combinatorially explosive state space. In the IG task, asttier interpretation problems, it is impossible
to perform an exhaustive search to gather information onrticpkar subject, or even in many cases to
determine the total number of instances (e.g. particuladvpoocessing programs) of the general subject
(e.g. word processing) that is being investigated. Coresattyy any solution to this IG problem needs to
support reasoning about tradeoffs among resource cantsti@.g. the decision must be made in 1 hour),
the quality of the selected item, and the quality of the dewgiprocess (e.g. comprehensiveness of search,
effectiveness of IE methods usable within specified timé#imBecause of the need to conserve time, it is
important for an interpretation-based IG system to be abkave and exploit information about pertinent
objects learned from earlier forays into the WWW. Additityyawe argue that an IG solution needs to
supportconstructive problem solvingn which potential answers (e.g. models of products) toes'sigiuery
are incrementally built up from features extracted from doeuments and compared for consistency or
suitability against other partially-completed answers.

In connection with this incremental model-building praxean interpretation-based 1G problem solu-
tion must also support sophisticated scheduling to achimeeleaveddata-driven and expectation-driven
processing. Processing for interpretation must be driveeXpectations of what is reasonable, but, ex-
pectations in turn must be influenced by what is found in tha.d&or example, during a search to find
information on word processors for Windows95, with the gifaecommending some package to purchase,
an agent finding Excel in a review article that also contairsd/A6.0 might conclude based on IE-derived
expectations that Excel is a competitor word processor. édew scheduling of methods to resolve the un-
certainties stemming from Excel's missing features woehtlito additional gathering for Excel, which in
turn would associate Excel with spreadsheet features anttwious change the expectations about Excel
(and drop it from the search when enough of the uncertaintgsslved). Where possible, the scheduling
should permit parallel invocation of IE methods or requéstsVWW documents.
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Figure 4:The BIG Agent Architecture
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4 The BIG Agent Architecture

The overall BIG agent architecture is shown in Figure 4. Thenais comprised of several sophisticated
components that are complex problem problem-solvers a®hreh subjects in their own rights. The most
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important components, or component groups, follow in rooigter of their invocation in the BIG agent.

Task AssessorThe task assessor is responsible for formulating an initfarmation gathering plan and
then for revising the plan as new information is learned ki@t significant ramifications for the plan
currently being executed. The task assessor is not the tixe@omponent nor is it the planner that
actually determines the details of how to go about achiewif@ymation gathering goals; the task as-
sessor is a component dedicated to managing the high-lewelof the information gathering process
and balancing the end-to-end top-down approach of the aghetiuler (below) and the opportunistic
bottom-up RESUN planner (also below).

Object Database Stores information objects built by BIG during an infornoatigathering session. Objects
may be incomplete and uncertainties associated with thasfadl the object are explicitly identified.
This enables BIG to plan to find information that either cboxates the current information (de-
creasing the degree of uncertainty) or conflicts with theentrinformation (increasing the degree of
uncertainty). The object database is also used to storeniation from previous searches thus BIG
learns and continues to improve and refine its knowledge.

Server Information Database The server database contains numerous records identibgatig primary
(e.g., a review site) and secondary (e.g., URL search engifmmation sources on the Internet.
Within each record are stored the pertinent charactesistfca particular source, which consist of
such things as its quality measures, retrieval time and aostrelevant keywords, among others. The
server database is used by the task assessor to help getsdratial sketch of information gathering
options and again during the actual search process by th&JREfanner. Database searches are
optimized with the use of both field content indices and amailvdatabase map. As a characterization
tool, the database is also able to consolidate or clustedtlecords in order to obtain an approximate
representation of certain classes of sources. The sertabat® is expanded during search (new
entries are added as new sources are explored) and suppienbgran off-line indexing web spider.

TAMS Modeling Framework The TAMS [11] task modeling language is used to hierardiicabdel
the information gathering process and enumerate alteenatilys to accomplish the high-level gather-
ing goals. The task structures probabilistically desctiteequality, cost, and duration characteristics
of each primitive action and specify both the existence agtek of any interactions between tasks
and primitive methods. For instance, if the taskFafid-Competitors-for-WordPerfeaiverlaps with
the task ofFind-Competitors-for-MS-Worgparticular bindings of the gener&ind-Competitors-for-
Software-Produaiask) then the relationship is described via a mutual fatitin and a degree of the
facilitation specified via quality, cost, and duration pmbiity distributions. TAMS task structures
are stored in a common repository and serve as a domain indepemedium of exchange for the
domain-independent agent control components; in theesaggnt implementation of BIG, TEMS is
primarily a medium of exchange for the scheduler, belowjdls& assessor, and the RESUN planner.

Design-to-Criteria Scheduler Design-to-Criteria [39, 40] is a domain independent reakt flexible com-
putation [19, 9, 36] approach to task scheduling. The Degig@riteria task scheduler reasons about
quality, cost, duration and uncertainty trade-offs of eliént courses of action and constructs cus-
tom satisficing schedules for achieving the high-level )alThe scheduler provides BIG with the
ability to reason about the trade-offs of different possibformation gathering and processing activ-
ities, in light of the client's goal specification (e.g., grfimitations), and to select a course of action
that best fits the client’'s needs and the current problenirgplwontext. The scheduler receives the
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TAMS models generated by the task assessor as input, psoaischedule in soft real-time, returns
the generated schedule to the RESUN planner for executiba.séhedule may contain segments of
parallel activities when the primitive actions entail Hosal processing, e.g., issuing requests over
the network. The integration of the scheduler in the BIGgebjed to the discovery of an interesting
problem with the satisficing methodology used by the scleediVe discuss this aspect of the work
in Section 5.2.

RESUN Planner The RESUN [5, 6] (pronounced “reason”) blackboard basedn@dproblem solver di-
rects information gathering activities. The planner reegian initial action schedule from the sched-
uler and then handles information gathering and processitigities. The strength of the RESUN
planner is that it identifies, tracks, and plans to resolvgs-of-uncertainty (SOUs) associated with
blackboard objects, which in this case correspond to gathieformation and hypotheses about the
information. For example, after processing a softwareesgvihe planner may pose the hypothesis
that Corel Wordperfect is a Windows98 word processor, bsb@ate a SOU with that hypothesis
that identifies the uncertainty associated with the extradechnique used. The planner may then
decide to resolve that SOU by using a different extractichnéue or finding corroborating evidence
elsewhere. RESUN'’s ability to represent uncertainty ast®jim, explicit factors that can influence
the confidence levels it maintains for hypotheses providegtes for an opportunistic control mech-
anism to use in making context-sensitive decisions. Famgi@, to adaptively engage in more unre-
stricted Web retrieval when a reference to a previously anknproduct is encountered or to engage
in differential diagnosis to discriminate between two wafite products’ competitive features.

This hints at an interesting integration issue. RESUN's¢mdmechanism is fundamentally oppor-
tunistic — as new evidence and information is learned, RE&idM\ elect to work on whatever partic-
ular aspect of the information gathering problem seems faisful at a given time. This behavior

is at odds with the end-to-end resource-addressing trideentric view of the scheduler, a view
necessary for BIG to meet deadlines and address time andrcesobjectives. Currently RESUN
achieves a subset of the possible goals specified by the sasksr, but selected and sequenced by
the scheduler. However, this can leave little room for oppasm if the goals are very detailed, i.e.,
depending on the level of abstraction RESUN may not be giwemrto perform opportunistically at
all. Improving the opportunism via a two-way interface beén RESUN and the task assessor is an
area of future work (Section 7).

Blackboard Component The Blackboard functions as a multileveled database foinfloemation the sys-
tem has discovered and produced thus far. Our current dacktorganization has four levels: User-
Goal, Decision, Object, and Document, in order of decreagiranularity. The layered hierarchy
allows for explicit modeling of concurrent top-down andtbat-up processing, while maintaining a
clear evidential path for supporting and contradictorpinfation. The information at a given level is
thus derived from the level(s) below it, and it in turn sugpdhe hypotheses at higher levels. For ex-
ample, when evaluating a particular decision hypothegipt@priateness, the system would examine
the reliability of the text extraction processes used tcegatie the properties of the object upon which
the decision will be performed, each of which are in turn surgal by various documents which have
been retrieved. An additional level, for an object’s feafiiris also soon to be added, which will
facilitate data association and co-referencing problems.

Web Retrieval Interface The retriever tool is the lowest level interface betweengitablem solving com-
ponents and the Web. The retriever fills retrieval requegtsither gathering the requested URL or

11



by interacting with with both general (e.g., InfoSeek), aitd specific, search engines.

Document Classifiers As we discuss in Section 5.1, BIG relies on a set of documexssification tools
to filter out documents that resemble documents relevatigtguery, but are actuallyistractionsto
BIG if processed and added to its product information base.

Information Extractors The ability to process retrieved documents and extracttsired data is essential
both to refine search activities and to provide evidence ppat BIG's decision making. For exam-
ple, in the software product domain, extracting a list otdeas and associating them with a product
and a manufacturer is critical for determining whether tradpct in question will work in the user’s
computing environment, e.g., RAM limitations, CPU spee8,flatform, etc. BIG uses several infor-
mation extraction techniques to process unstructuredi-steactured, and structured informatiof.
The information extractors are implemented as knowledgecss in BIG’'s RESUN planner and are
invoked after documents are retrieved and posted to thé&lacd. The information extractors are:

textext-ks This knowledge source processes unstructured text dodarmsimg the BADGER [38]
information extraction system to extract particular degidata. The extraction component uses a
combination of learned domain-specific extraction rulesndin knowledge, and knowledge of
sentence construction to identify and extract the desiridrhation. This component is a heavy-
weight NLP style extractor that processes documents tighguand identifies uncertainties
associated with extracted data.

Our main contribution in this area is how the extracted imfation is made useful to the rest of
the system by means of back-end processing. The back-ees ttad extractions made by the
system and provides the degree of belief for each extraclibe degree of belief indicates the
level of confidence that the extraction is accurate and isetion of the number of positive and

negative training examples covered by all the rules thapat particular extraction. Using

the degree of beliefs as thresholds, we determine whicheoéxttraction s are valid and also
compute the certainty measure of the entire template. Attgoprocessed information supports
opportunistic control in the sense that newly discoveréarimation could lead to the examina-
tion of a completely different part of the solution spacentbafore.

grep-ks This featherweight KS scans a given text document lookimgafeeyword that will fill the
slot specified by the planner. For example, if the plannedsée fill a product name slot and
the document contains “WordPerfect” this KS will identifyovdPerfect as the product, via a
dictionary, and fill the product description slot.

cgrepext-ks Given a list of keywords, a document and a product descrigigect, this middleweight
KS locates the context of the keyword (similar to paragraphlyesis), does a word for word
comparison with built in semantic definitions thesaurus filldin the object accordingly.

tablext-ks This specialized KS extracts tables from html documentscgsses the entries, and fills
product description slots with the relevant items. This K8ained to extract tables and identify
table slots for particular sites. For example, it knows hovptocess the product description
tables found at the Benchin review site.

quick-ks This fast and highly specialized KS is trained to identifyd axtract specific portions of
regularly formatted html files. For example, many of the eawvsites use standard layouts.

2The advent of XML and other structuring specifications fobvamcuments will help to simplify the problem of processing
web-based information.
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Decision Maker After product information objects are constructed BIG nwirdo the decision making
phase. In the future, BIG may determine during decision ngakihat it needs more information,
perhaps to resolve a source-of-uncertainty associatddaniattribute that is the determining factor
in a particular decision, however, currently BIG uses tHermation at hand to make a decision. We
discuss the decision process in greater detail in Sect&rmbwever, the decision is based on a utility
calculation that takes into account the user’s prefereandsveights assigned to particular attributes
of the products and the confidence level associated withtthibuges of the products in question.

All of these components are implemented and integrated (. Blhe construction, adaptation, and
integration of these components was a non-trivial procB#S.is a large, complex, problem-solving agent
that incorporates many areas of Al research under a singbeallam The culmination of these efforts in BIG
have produced an interesting research tool, but, the etiegrhas also influenced and refined the research
directions pertaining to the individual components as well

5 Interesting Facets of BIG

In this section we present and discuss different facets &f 8dm an isolated perspective. More holistic
views of BIG are given in Sections 6.2 and 6.1 where a detailaik through and aggregate empirical
results are presented.

5.1 The Importance of Document Classification

Until recently, BIG has been plagued by an interesting etitva problem when dealing with products that
are complimentary to the class of products in which a clisrinferested. For example, when searching
for word processors BIG is likely to come across supplenmgndéctionaries, word processor tutorials,
and even document exchange programs like Adobe AcrobatseT®ducts are misleading because their
product descriptions and reviews often contain terminpltigat is very similar to the terminology used
to describe members of the target class. When BIG processesfdhese misleading documents, it gets
distractedand future processing is wasted in an attempt to find morerrdtion about a product that is
not even a member of the target class. For example, if BIGwerieos a reference to Adobe Acrobat when
searching for word processors, and then elects to retrevproduct description for Acrobat, the extraction
techniques are likely to yield data that seems to describerd wrocessor. Subsequently, BIG may elect
to gather more information on Acrobat and so forth. Expentséndicate that this type of distraction
can be reduced through the use of a document classifier befdrextraction is performed on candidate
documents. Documents that do not seem to be members of gjat tdass are rejected and text extraction is
not performed on them — thus no new distracting informatibjects are added to BIG’s blackboard.

Figure 5 provides a sample of our initial results. BIG wasiruthree different modes: 1) BIG alone, 2)
BIG with the use of a simple grep-like pattern-matching ffitteclassify documents, 3) BIG with the use of
Naive Bayes document classifier [8] and the simple grep.filthe grep-like filter examines the document
for instances of terms that describe the software genredstin, e.g., “word processor.” These terms are
hand produced for each query genre — in essence, hardwidhim system. In contrast, the document
classifier is trained using positive and negative examplédearns term-based similarity and difference
measures.

In the first run, shown in the figure, no filter and no classifier ased. All documents retrieved are
processed by the information extractors. None of the top dhjects in this test case are members of
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# Rejected Top Candidates Selected Product

Portuguese Dictionary Module
. Norwegian (Nynorsk) Dictionary Module
N&fslgge?r 0/13 Norwegian (Bokmal) Dictionary Module
) The Nisus Dictionary Collection
US Definition Dictionary

EndLink 2.0
Spelling Coach Pro 4.1
Simple Filter 31/ 44 Retrieve It! 2.5 EndLink 2.0
Nisus Writer 5.1 CD ROM with Manual

Microsoft Word 6.01

ClarisWorks Office 5.0
Corel WordPerfect 3.5 ACADEMIC
Nisus Writer 5.1 CD ROM with Manual
Corel WordPerfect 3.5

Portuguese Dictionary
Module

Filter & Classifier 53/74 ClarisWorks Office 5.0

Figure 5:Advantages of Document Classification

the target product class, i.e., they are all related to woodgssors but none of them is actually a word
processing product. Clearly, BIG does very poorly wheninglyon outside sources like vendor’s search
engines to classify products. In the second run, the sinmgle-tike filter is used to check documents before
processing; 31 documents are rejected by the filter and thlbvesults are a little better. There are word
processing products among the candidates, but the selaaéddct is not a word processor. In the last run,
both classifier and filter are used to check documents; 53ndeots are rejected. Almost all top-ranked
candidates are word processing products and the top protftierisWorks Office 5.0” is an integrated
office suit that includes a word processing package.

Clearly, document pre-classification at the agent sidedssgary. Vendor search engines are typically
keyword based and generally return numerous products teata members of the target class but are
instead related or supplementary products. Improving tassification of documents and widening the
training corpus for the classifier are areas of future deraknt.

5.2 Scheduling for Hard-Deadlines

Design-to-Criteria (DTC) scheduling is the soft real-tipr@cess of evaluating the quality, cost, duration,
and certainty trade-offs of alternative ways to achievesi,tand producing a custom schedule for task
achievement that meets the requirements, e.g., real-teadlides, cost constraints, quality preferences,
etc., of the client. DTC is an approach to coping with expoiaéicombinatorics through satisficing, ap-
proximation, and goal-directed schedule generation,fallnich is documented in [40].

During the course of the BIG project, we encountered anesterg problem with the satisficing focus-
ing methodology used in Design-to-Criteria when it is coneloi with hard deadlines and certain classes of
very large task structures. Without delving into exhawestietail, the problem is that in order to cope with
the high-order combinatorics in these particular situegtjahe scheduling algorithm must prune schedule
approximations, calledlternatives and develop only a subset of these. Herein lies the problem.

Alternatives are constructed bottom-up from the leavedefask hierarchy to the top-level task node,
i.e., the alternatives of a task are combinations of therateres for its sub-tasks. Figure 6 shows the
alternative set generation process for a small task steicAlternatives are generated for the interior tasks
T, andTy, and these alternatives are combined to produce the alterrset for the root taskl’. The
complexity of the alternative generation process is proged. A task structure with methods leads
to O(2") possible alternatives at the root level. We control this limatorial complexity by focusing
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Figure 6:Alternative Sets Lead to Cumbersome Combinatorics

alternative generation and propagation on alternativasaite most likely to result in schedules that “best”
satisfice to meet the client’s goal criteria; alternatives are less good at addressing the criteria are pruned
from intermediate level alternative sets. For exampleitar@ set denoting that certainty about quality is an
important issue will result in the pruning of alternativlatthave a relatively low degree of quality certainty.
After the alternative set for the high-level task is condtied, a subset of the alternatives are selected for
scheduling.

For situations in which there is no overall hard deadlinénevhich shorter durations are also preferred,
the focusing mechanism works as advertised. However, iBliGeroject, we are also interested in meeting
real-time deadlines and other hard resource constraimtsofitrast to those that are relaxable), and often
these preferences are not accompanied by a general pieddmeriow duration or low cost. In these cases,
the problem lies in making lacal decision about which alternatives to propagate (at anigntande) when
the decision has implications to the local decisions madshesr nodes — the local decision processes are
interdependent and they interact over a shared resougcgtime or money. Casting the discussion in terms
of Figure 6: assum& has an overall deadline of 5 minutes dfids alternatives require anywhere from 2
minutes to 20 minutes to complete, afigs alternatives are similarly characterized. Assume thatity is
highly correlated with duration, thus the more time spenbfam solving, the better the result. If the criteria
specifies maximum quality within the deadline, the altéwestpropagated fror#; to T will be those that
achieve maximum quality (and also have high duration). \Wwike with the alternatives propagated from
T,. The resulting set of alternativeSy at nodeT” will contain members characterized by high quality, but
also high duration, and the scheduler will be unable to coost schedule that meets the hard deadline.
The optimal solution to this problem is computationallyeiaible ¢ (2™) ando(n™)) as it amounts to the
general scheduling problem because of task interactioh®#er constraints.

Two approximate solutions are possible. One approach isgjor@pcess the task structure, producing
small alternative sets at each node that characterize ter lalternative population for that node. Then
examining the ranges of alternatives at each node and tiealtis deciding on an allocation or apportion-
ment of the overall deadline or cost limitation to each ofititerior nodes. This local-view of the overall
constraint could then be used to focus alternative produoain those that will lead to a root-level set that
meets the overall constraint. The other approach, whichave Bmployed, is to detect when the local-view
of the decision process is problematic and in those caseglasdrom the population of alternatives, pro-
ducing a subset that exhibits similar statistical propertand propagating these alternatives. This leads to a
less-focused set of root level alternatives than the pppr@ach, but it saves on the added polynomial level
expense of the first approach; this solution has served usmtbke BIG project and enabled the scheduler
to maintain its soft real-time level of performance and gtibduce good schedules.
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5.3 Precision versus Coverage

Precisionversuscoverageis an issue often discussed in literature relating to in&irom gathering or in-
formation retrieval. In the BIG context, once a satisfagtamount of information has been processed to
support a high quality decision process, the issue becomedhst to spend the remaining time, cost, or
other most constrained resource. One alternative is todsgientime gathering more information about
other products, i.e., discovering new products and buglditodels of them. Another alternative is to spend
the time discovering new information about the existingdoieds in order to increase the precision of the
product models. Both alternatives can lead to higher quadéitision processes since both expand the range
of information on which the decision is based.

BIG supports both of these behaviors, and a range of belsainobetween the binary extremes of
100% emphasis on precision and 100% emphasis on coverageclidhts specify a precision/coverage
preference via a percentage value that defines the amouannho$éd” (if there is any) time that should be
spent improving product precision. The remainder is spgimg to discover and construct new products.
For example, if a client specifie8, this expresses the idea that 30% of any additional timelghmispent
improving precision and 70% should be spent discovering pregucts.

| # | DRatio | Scheduled Execution] | T.P.| #P.] | AC.| PA.| | D.C.]

1 0.1 629 587 33| 7 1.86| 1.38 0.85
0.5 622 720 14 | 6 3.83 | 1.47 0.89
0.9 651 685 8 3 7.0 | 212 0.89

2 0.1 629 656 33 | 8 1.75| 1.32 0.85
0.5 622 686 14 | 4 3.0 | 15 1
0.9 652 522 7 1 7.0 | 212 1

3 0.1 629 702 29 | 7 1.71| 1.47 0.85
0.5 622 606 15| 6 2.33 | 1.52 1
0.9 651 572 7 2 45 | 1.7 0.99

Key: # is the run number, DRatio = preference for precision, SchedulethkFexecution time as
predicted by model and anticipated by scheduler, Execution = actual execut@nttif = total
product objects constructed, #P = total products passed to decision prAdéss average cov-
erage per object, P.A. = extraction processing accuracy per object, D.C. =l olemialon process
confidence.

Table 1:Trading-Off Precision and Coverage

BIG achieves this trade-off behavior in two ways: by plagrémd scheduling for it it a priori, and by re-
sponding opportunistically to the problem solving contgithin the constraints of the schedule. Scheduling
for the precision / coverage trade-off is accomplished lgtirgy the precision and coverage specification
to quality for the Design-to-Criteria scheduler and givitng scheduler a set of options, from which to
choose a course of action. In Figure Qet-Extra-Informatiorhas two subtaskszet-More-Objectand
Detail-Product-Informatiomienoting the two different ends of the spectru@et-More-Objectsepresents
the coverage end andetail represents the precision end. Téwem()quality accumulation function under
the parent taskGet-Extra models that the scheduler may choose from either side dayean the quality,
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cost, duration, and certainty, characteristics of the pitimactions under each. Client precision/coverage
preference is related to quality for the primitive actionsler these tasks, e.g., the actions pertaining to
precision receive higher quality when increased weightivergto precision. This approach enables the
scheduler to reason about these extra activities, and the gathese, and relate them to the other problem
solving options from a unified perspective. Thus the overallie of pre-allocating “extra” time to coverage
or precision is also considered in light of the other cangidetivities.

As mentioned, BIG can also work opportunistically to impF@moverage or precision, at its description.
A third option, not currently implemented, is for BIG to reeiits problem solving options as new informa-
tion is gained and the context (state of the blackboard renrient, time remaining, etc.) changes. This
would enable BIG to react opportunistically but to do so vishiml the context of reasoning about the quality,
cost, duration, certainty trade-offs of its options fromréfied perspective.

Table 1 shows BIG’s ability to trade-off precision and cag®. The table contains data for three sets
of runs, for the same query and with the same criteria satt{pgly the precision setting is varied). In
each run, three trials are performed, each with a differestigion preference setting, namely 10%, 50%,
and 90% respectively. Since network performance variesgl@xecution, and there is some element of
stochastic behavior in BIG’s selection of equally rankeduwioents, no two trials are identical even if they
have the same preference settings. Note the general tnenis different runs. As more weight is given
to increasing precision, the number of products (T.P.)ebs®zs, as does the number of products used in the
decision process (#P). The difference between these twevéd that some product objects lack sufficient
information to be included in the decision process and sofrtheoproduct objects turn out to relate to
products that do not meet the client’s specification (e.gong hardware platform, wrong product genre,
price too high, etc.), an extreme example of this is in run pentwo in the third trial where only one
product is produced. As the number of products decrease sswsight is given to precision, the average
information coverage per object (A.Grcreasesas does the information extraction / processing accuracy
(P.A.). The decision confidence also generally increasgicplarly in runs two and three, though this item
takes into account the total coverage represented by tltugioas well as the precision of the product
models so its increase is not proportional to the other asas.

Schedules for the 10% and 90% precision runs (respectiaely)shown in Figures 7(a) and 7¢b).
The schedules show the sequence of primitive actions amdstilet times (as expected values rather than
distributions). The schedules diverge on or around time B6res schedule 7(a) begins a seriesvig-
dian_Quality_Duration and Low_Quality_Duration activities that retrieve and process additional product
related documents. The postfixed integers on the methodsae,six, eight, six, eight, and seven, re-
spectively, denote the number of documents that will béenetd by the method. This series of steps results
in the production of nearly twenty additional product dgsttwn objects. In contrast, around that same
time, schedule 7(b) begins a seriesG#t More Detail actions that seek to find information about existing
product objects.

From an end user perspective, the precision/coveragefisp#ion enables clients to express preferences
for one solution class over another. For a client who neegwady result, and has an accordingly short
deadline, the preference specification may result in atstigference at best. However, for a client with
more generous time resources, the difference can be proedun

3We will provide drawn schedules annotated with statistisflrmation for the final version of this paper.
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(a) Schedule for 10% / 90% Precision to Coverage (b) Schedule for 90% / 10% Precision to Coverage

Figure 7:Different Precision/Coverage Schedules
5.4 Information Fusion

We use the ternmformation fusiornto denote the process of integrating information from diffé sources
into a single product object; the information may be complitary, but also contradictory or incomplete.
There are several aspects to the fusion issue. The mogfdtomivard type of fusion is information addition
— where a document provides the value to a slot that is not §ed.fiA more interesting type of fusion
is dealing with contradictory single value informationg.etwo documents reporting different prices for
a product, or two documents identifying a different makar tfte product. When BIG encounters this
fusion issue, the item with the highest associated degrbeelwf is used. Another issue is how to integrate
different opinions about the product. The latter is doneli@ By associating two metrics with every review
document, one representing information or site quality @ne representing the quality of the product as
expressed in the review. This dual then conceptually reptesa value / density pair — the information
quality metric determines the weight given to the produclityimetric when comparing different metrics
for different reviews. To illustrate BIG’s fusion processnsider the following partial trace.

In this example, BIG is searching for word processor praglfict the Macintosh. In response to a
general query about word processing products, MaeMall retail site returns a list of URLs. URHA,
from Figure 8, is selected by BIG for retrieval and proces€iE extracts “Dramatica Pro 2.0” from the
document as the title of the software package; it also estthat “Screenplay” (Inc.) is the maker and that
the package sells for a price of $289:0%he result of this extraction is the partial product objdwiven in
Figure 9(a).

The values in th@r ocessi ng Accur acy slots are certainty factors denoting the quality and cetai
of the extraction process that filled the respective sloisceSthe document provides very little additional

4Dramatica is actually a product contained in our corpus atipoocessor class documents used to train the documestfiglas
Thus, the pursuit of Dramatica as a word processing packagdid from BIG’s perspective, though the classificatioDaiimatica
as a word processor is perhaps debatable.
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URL_A
URL_B
URL_C
URL_D
URL_E
URL_F

http://ww. cc-inc. con sal es/ detail.asp?dpno=79857&cat al og_i d=2
http://ww. freedonbuil ders. com /dramatica. htm
http://st2.yahoo. con screenpl ay/ dpr o30nac. ht ni

http://ww. heart cor ps. conl dramat i ca/ questi ons_and_answer s/ dramati cal0. htm

http://ww. zdnet. com’ macuser/ mu_0796/ r evi ews/ revi ewl2. ht n
http://ww. macaddi ct. con i ssues/ 0797/ rev. dramati capro. ht n

Figure 8:URLs for Documents Retrieved During Processing

information about Dramatica, BIG associatesuasertain-supporS0OU with the object. Because the prod-
uct object is a promising area of exploration, relative tergthing else on the blackboard, BIG decides to
attempt to resolve the SOU. Toward that end, it queries éd#habout Dramatica, resulting in a long list of
URLs that are combined with their descriptive text to createdidate document description objects which

are added to the blackboard. BIG selects and retrieves atsofitbese, starting with URB, which is a de-

tailed description of the product. Processing the desoripesults in the addition of platform specifications

to the product object, namely that it runs on Windows95 angldacintosh systems. The description also
contains sufficient verbiage that it is analyzed using a keyiwbased review processing heuristic that looks
for positive and negative phrases and rates products daogbyrdveighing the product features by the user
preference for such features. Though the verbiage prdisggoduct, the it is given a rating of -.57 because
the review does not praise the product for the features iclnthie client is interested. In other words, even
though the review is positive, it does not make specific egfee to the product features in which the client
is interested and thus it is given a negative value to demmatethe product is below average quality-wise.

However, since the document in question is not widely refeed by other documents, it is given a low

information quality (squality) rating and the negativeiesv (pquality) rating will thus have little weight

when compared to other sources. The product object afesthp is shown in Figure 9(b).

Product name: DRAMATICA PRO 2.0 3.5IN DSK
Company name: Screenplay

Price: 289.99
Processing Accuracy: (GENRES 0) (PRODUCTID 0.8) (COMPANYID 1.0)
(PRODUCTDESC 0) (PROCESSOR 0) (RAMREQ 0)

(PLATFORM 0) (MISCREQ 0) (OVERALLQUAL 0)

(PRICE 2.2)
(DISKSPACE 0)

(a) Initial Product Object

Product name:
Company name:

DRAMATICA PRO 2.0 3.5IN DSK
Screenplay

Price: 289.99
Processor:
platform: macintosh-system_7.0_or_higher windows_95

Misc requirement:
overall quality:
Usefulness:
Future Usefulness:
Ease of Use: 1
Power: 2
Stability: 2
Enjoy ability: 1
1
(
(
(
(

(mb ram)
1.4285715
1

N

Value:

Process Accuracy: GENRES 0) (PRODUCTID 0.8) (COMPANYID 1.0) (PRICE 2.2)
PRODUCTDESC 0) (PROCESSOR 0) (RAMREQ 0) (DISKSPACE 0)
PLATFORM 1.8) (MISCREQ 1.2) (OVERALLQUAL 0))

( (PQUALITY 1.4285715) (SQUALITY 1))

((PQUALITY 2) (SQUALITY 2))

((PQUALITY -0.5714286) (SQUALITY 1)))

Review Consistence:

(c) Intermediate Product Object

Product name: DRAMATICA PRO 2.0 3.5IN DSK

Company name: Screenplay

Price: 289.99

Processor:

platform: macintosh-system 7.0_or higher windows_95

misc requirement: (mb ram)

overall quality: -0.5714286

Usefulness: 0

Future Usefulness: -1

Ease of Use: -1

Power: -1

Stability: -1

Enjoy ability: 0

Value:

Process Accuracy: (GENRES 0) (PRODUCTID 0.8) (COMPANYID 1.0) (PRICE 2.2
(PRODUCTDESC 0) (PROCESSOR 0) (RAMREQ 0) (DISKSPACE 0)
(PLATFORM 0) (MISCREQ 0) (OVERALLQUAL 0)

Review Consistence: (((PQUALITY -0.5714286) (SQUALITY 1))

(b) Product Object After Two Documents

Product name:
Company name:
Price:
Processor:

DRAMATICA PRO 2.0 3.5IN DSK
Screenplay
2

Platform: macintosh-system_7.0_or_higher windows_95
Misc requirement: (mb ram)

Overall quality: 2.857143

Usefulness:
Future Usefulness:
Ease of Use:
Power:

Stability:

Enjoy ability:
Value:

Process Accuracy:

AR ON U W

GENRES 0) (PRODUCTID 0.8) (COMPANYID 1.0)
PRODUCTDESC 0) (PROCESSOR 0) (RAMREQ 0) (DISKSPACE 0)
PLATFORM 1.8) (MISCREQ 1.2) (OVERALLQUAL 0))
((PQUALITY 2.857143) (SQUALITY 3))

(PQUALITY 0.71428573)
(PQUALITY 1.4285715)
(PQUALITY 2) (SQUALITY 2))

(PQUALITY -0.5714286) (SQUALITY 1)))

( (PRICE 2.2)

(

(

Review Consistence: (

(SQUALITY 3))

(
( (SQUALITY 1))
(
(

(d) Final Product Object

Figure 9:Evolution of the Dramatica Product Object
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In response to the continued existence of theertain-supportSOU, BIG decides to gather more in-
formation. It selects and retrieves URL, URL D, URL E, and URLF, in that sequence. Space precludes
presenting an exhaustive sequence of product object tranafions as information is integrated into the
object. Figure 9(c) is the result after processing the vexdeURL D. Note the elevation of the product’s
overall quality rating and the increase in the various tatiriteria like ease-of-use and stability. For free
format reviews such as this one (in contrast to sites thatl@ngonsistent numerical rating systems), these
metrics are determined by a set of heuristics that examateit for certain positive or negative expressions.

The remaining documents are retrieved, processed, angrameel in a similar fashion. The product
object after processing all of the selected documents issho Figure 9(d). The final product object
is subsequently compared to other product objects duriagiéitision process (Section 5.6. While this
example results in the construction of a fairly completedpiat object, the objects used in the final decision
process are not all at the same level of completeness. Soeemay contain less information (but not
much) and some may contain more product details or morewesignmarization statistics. The decision
process takes into account the quantity and quality of tfegrimation pertaining to the objects.

5.5 Opportunism

As discussed, opportunism in the BIG system currently acedthin the boundaries of the initial sched-
ule. The primitive actions seen by the scheduler are oftstradiions of sets of operations that BIG plans
to perform, thus enabling BIG to respond opportunisticdllying the execution of these actions to newly
gathered data or changes in the environment. To illustcatesider a simple example where BIG is gath-
ering documents to recommend a word processor. A portioneothedule (without the numerical detail),
produced to address the specified resource constrairtsy$ol

As a consequence of executing the schedule, documentstaesee from theMacMall site and pro-
cessed using medium quality, medium duration text extsadgchniques (meaning a set of simple and more
sophisticated extractors), denoted by f@MD_methodn the schedule. The product name, “Nisus Writer
5.1 CD ROM with Manual” is extracted from one of the documenntd is posted as an object on the black-
board. Since the product name is the only information thatccbe extracted from the document at hand,
ano-supportSOU is attached to the object, signifying the need to obtainendetailed information of the
product in order for it to be used in the final decision process

As BIG actively pursues and plans to resolve SOUs, me@et\Viore Detail 1is selected for execution
to resolve the SOU. The method looks for objects which cartano-supportSOU and tries to find more
information on the related products by retrieving and exing documents. In this particular example,
GetMore_Detail 1 queries InfoSeek with the keywords “Nisus Writer,” resugdtiin the production of a set
of candidate URLs and partial document descriptions. Bl&d#s to retrieve and process the review located
atURLhttp://macworl d. zdnet . conf pages/ april. 97/ Revi ews. 3334. ht m . Text processing of
this document leads to the discovery of two new potentialpeting products, namely “MaPublishing”
and “WordPerfect”, thus two more objects with the produanasslots filled are posted to the blackboard
accompanied by no-support SOUs as the product objects seatidly empty at this time.

BIG now has the following options: 1) It can continue withatsginal schedule, which entail executing
theBenchinReviewMethodto gather reviews for the Nisus Writer product, or, 2) it caetkenan opportunis-
tic change in its plans and find more information on object&clvicontain unresolvedo-supportSOUs.
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In this case, this would mean executing tBet More_ Detail 1 method with for theMac_ Publishingand
WordPerfecbbjects. The choice is determined by the precision versusrage specification (Section 5.3)
as well as how much time is available to perform this extraessing before the deadline.

In this particular scenario, the latter choice is made ar@d Bécides to find more information of the
new products rather than follow the original schedule. MédtiGet More_Detail 1 is executed and the
CyberianOutpost retail site is queried for information be two products. The query for “Maeublishing”
returns no supporting information and the certainty tha & valid word processing product is decreased.
The query for “WordPerfect,” on the other hand is supportgthle documenhttp://srch.outpost.com/search/
proddesc.cfm?item=3027dnd thus the belief that the product is a word processinguatoid unchanged.
Processing of the document produces the following new inébion about the product:

PRODUCTID Corel WordPerfect 3.5 - ACADEMIC
PRICE 29.95
MISCREQ UNINITIALIZED
SUPPORT 1
SOURCE | http://srch.outpost.com/search/proddesc.cfm?item=30271

The information is incorporated into the product object Bi@ continues processing its initially sched-
uled activities. However, downstream temporally BIG magiaglect to work on the WordPerfect product
object as it is now a valid candidate product.

5.6 BIG’s Decision Process

The decision maker knowledge source decides which prothactid be recommended to the user after the
search process is completed. Generally, the decision nakes at each product and calculates a total score
representing the overall level of consistency with thentlequery. Since there are several features for one
product, such as “price,” “quality,” “hardware,” the scospresents each feature based on how important it
is to the client. The formula used to calculate the overatsof a product is as follows:

overall score = pricescore * price weight + quality score * quality weight + hardware
score*hardwareweight

Since the information comes from different sources, thesg be inconsistencies, and different sources
may have different relative quality or confidence measuréke value of information in our system is
determined by the value of the source; information from dhjgality source is considered to be closer
to the truth. To combine inconsistent information from eliéint sites, we classify information sources as
one of three categories: high, medium or low quality. Thesifecation of an information source is based
on human knowledge and prior experience about this souro&ndwn sources are ranked based on their
reference number — the more times a source is referencedbly WRLS, the higher quality it may be. For
each kind of information source, there is a quality measistiloution table that describes the relationship
between the information from this source and the possibl# tralues. These quality measure distribution
tables are constructed from expert advice, prior human ixaion and learning. These tables provide more
accurate descriptions of those information sources.

For example, for the product “Corel WordPerfect,” reviewrfr site A says it is very good: Product
Quality(PQUALITY) = 4, review from site B says it is good : PAUITY=3. Site A is known to be a
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medium quality site: Source Quality(SQUALITY = 2), the gtyaimeasure table of site A is shown in
Figure 10. Site B is a high quality site, the quality measat#e of site B is shown in Figure 11.

Review Quality || P robability of achieving true quality given in Row 0
5| 4 3 2 1
5 01/02|05|0.1 0.1
4 0.0/03|02|0.3 0.2
3 0001|0303 0.3
2 00[0.0|05|05 0.3
1 0.0/ 0.0|03|0.6 0.6

Figure 10:Review Quality for Site A

Review Quality || P robability of achieving true quality given in Row 0
5| 4 3 2 1
5 0.7(02|0.1]|0.0 0.0
4 02(06|0.2]|0.0 0.0
3 0002|0701 0.0
2 0.0/0.0|0.2]|0.7 0.1
1 0.0[0.0|0.0]|0.3 0.7

Figure 11:Review Quality for Site B

Based on the review quality from site A and site B and theidigumeasures, the decision maker gets
quality_scoredistribution as: (4 0.25; 3 0.45; 2 0.2; 1 0.1). This meang&tlig25% probability that quality
of “Corel WordPerfect” is 4, 35% probability it is 3, 20% pittility it is 2, and 10% probability it is 1.
The expectedjuality_scoreof “Corel WordPerfect” is therefore 2.85. Thus, for eachdurct, the decision
maker has a qualitgcore distribution and an expected score. The product vigthelst expected score is
recommended to the client and the score distributions a@ tascalculate the confidence of this decision.

In addition to the decision and product information, theragdso gives the evaluation of this decision
to the client. Since there are many factors contributinghto@valuation of the decision, it is difficult to
represent the decision evaluation as a single number. Wasehdecision coverage and precision as two
main characteristics of the decision.

Decision Coverage is a 3-dimension vector:

1. Total Product Number Indicates how many products the agent has found; the modipt® the
agent finds, the higher quality of the decision is.

2. Candidate Product Number Describes the humber of competing products used as caeslidat
final decision; the more products that are considered fod#dusion, the higher the quality of the
decision.

3. Information Coverage Indicates the number of documents the agent has processed.
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Decision Precision is a 4-dimension vector:
1. Average Coveragendicates the average number of documents supporting eachdate product.

2. Information Quality Describes the distribution of high-quality sources, mediguality sources, and
low-quality sources respectively.

3. Process AccuracyMeasures how accurately the agent processes documente tBeinformation
extracting process is not perfect for any document, thetimétion extractor gives the degree of belief
for every item it returns. For example, textext-ks may sdjnils the operating system for “Corel
WordPerfect” is “mac,” the degree of belief is 0.8. This nianbomes from the information extractor
knowledge source. The information accuracy is the averagealegree of belief of all items.

4. Decision ConfidenceMeasures how confident the agent feels that the productatmeended to the
client is the best product it found. This is computed from $ksere distribution of the discovered
products. For example, if product A has score distribuBo®(3; 4 0.6; 3 0.1), product B has score
distribution (5 0.1; 4 0.3; 3 0.3; 2 0.2), product A is reconmaied because it has a higher expected
score. The possibility B is better than A is: 0.1*(0.6+0.109.8*(0.1) = 0.1, so the confidence of this
decision is 1-0.1=0.9;

Decision evaluation gives the client a more critical vievtrad decision.

6 BIGin Action

In this section we present and discuss different BIG fromlstio perspective.

6.1 Empirical Results

Table 2 illustrates how the system operations under diffetiene constraints. The experiments are for
searches to find word processing products and the searchr@shacpcriteria is the same for all runs. Only
the time alloted for the search varies.

The first four columns of data provide information about theation of each searchlser Timedenotes
the users target search time; the value in parenthesisseisethe upper bound on how far over the target
search time the scheduler was permitted to go in order teeeeha good quality/cost/duration tradeoff.
(Utility in these cases is linearly decreasing between #peessed deadline and 10% above the expressed
deadline.) Schedulalenotes the expected total duration of the schedule prddmgcthe Design-to-Criteria
scheduler an&xecutiondenotes the actual duration of the discovery and decisiocegs. The difference in
these values stems from the high variance of web-relat@dtesst and reflects issues like changes in network
bandwidth during the search, slow downs at remote sitessaridrth. The statistical characterizations of
these activities are also often imperfect, though theyrapraved over time. Given the variances involved,
we are satisfied with the relationship between expectatodseality.

The next four columns denote number of considered prod#ps total number of products found (T.P.),
aggregate information coverage (I.C.), and average irdtion coverage per product object (A.C.). These
values reflect the number and qualities of the informatiarreses used to generate the final decision. Given

5This approach to deadlines was taken to address clienrprefes. Despite requests to use a hard deadline modetsaliere
often dissatisfied if much better results were possiblelfighdy more time, and the scheduler selected an optiondtagted within
the expressed deadline.
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| User Time| # | Scheduled Execution| #p | #T.P.] .C. | AC. [ PA. | D.C.|

300(330) | 1 311 367 4 10 12 | 1.5 | 1.6 1
2 308 359 3 10 16 | 1.3 | 14 1
3 305 279 3 10 11| 1.3 | 1.5 1
4 311 275 3 11 13 | 1.67| 15 1
5 321 286 4 10 12 | 1.5 | 1.6 1
6 321 272 3 10 12 | 1.3 | 1.6 | 0.84
7 262 327 3 11 12 | 1.67| 1.5 1
8 262 337 3 10 11 | 1.3 | 15 1
9 262 301 2 11 10 | 1.0 | 14 1
10 259 292 2 11 11| 15 | 15 1
average 302 310 3 104 | 12 | 14 | 1.5 | 0.98
s.d. 33 35 067| 05 | 16| 0.2 | 0.07| 0.05
600(660) | 1 658 760 6 17 | 45| 40 | 1.7 | 0.99
2 658 608 4 17 | 44 | 6.75]| 1.8 | 1.0
3 645 732 5 20 | 46 | 54 2 1.0
4 649 809 10 28 | 49| 3.1 | 1.8 | 0.96
5 649 730 7 17 | 42 | 43 | 1.8 | 0.84
6 653 774 4 23 | 55| 65 | 23| 0.99
7 653 671 4 18 | 35| 53 | 2.1 | 0.99
8 653 759 6 18 | 41 | 48 | 22 | 0.84
9 653 760 5 28 | 50 | 54 | 22 | 0.94
10 653 852 5 18 | 42 | 46 | 20 | 0.85
average 652 746 56 | 20 | 45| 5.0 | 2.0 | 0.95
s.d. 4 68 18| 44 | 56| 1.1 | 0.2 | 0.06
900(990) | 1 951 975 5 37 61 | 58 | 22 | 0.99
2 968 956 8 30 | 55| 41 | 21 1
3 914 919 8 23 64 | 40 | 1.9 1
4 960 796 6 34 | 64 | 53 | 19 | 0.96
5 960 1026 9 24 | 32| 41 | 19| 0.99
6 987 968 8 27 60 | 44 | 21 | 0.94
7 987 1102 8 27 63 | 55 | 1.7 | 0.94
8 987 896 5 32 69 | 54 | 21 | 0.84
9 987 918 7 32 66 | 51 | 20 | 0.84
10 978 1289 14 39 79 | 39| 20 1
average 968 985 78 | 31 61| 48 | 2.0 | 0.95
s.d. 23 134 26 | 53 | 12 | 0.7 | 0.14| 0.06

Key: User Time = users preferred search time (linearly decreasing utiktygeadline in this case),
Scheduled = total execution time as predicted by model and anticipated by sahdtkdcution
= actual execution time, I.C. = information coverage, T.P. = total prodbietcts constructed, #P
= total products passed to decision process, A.C. = average coverage perRjestextraction
processing accuracy per object, D.C. = overall decision process confidencestauddard deviation

Table 2:Different Time Allotments Produce Different Results
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additional time, BIG will adjust its searching behavior mattempt to find both more sources of information,
and more supporting information for previously discovepedducts. The results of this behavior can be
seen in the correlation between longer running time ancetargformation coverage values; these values
represent the total number of documents found and the avewagber of supporting documents a product
has, respectively. As one would expect, the larger numbiefaination sources also serves to increase both
the number of known products and the size of the subset sdlémt consideration, which in turn affects the
confidence BIG has in its final decision.

The last two columns describe how confident the system isdrirtformation extraction and decision
making processes. Process accuracy (P.A.), supplied trbpahe information processing tools, is the
degree of belief that the actual extracted information isemtly categorized and placed in the information
objects. Decision confidence, generated by the decisioremadflects the likelihood that the selected
product is the optimal choice given the set of products amrsid. This value is based on the quality
distributions of each product, and represents the charatelth expected quality is correct. It should be
noted that decision confidence is not dependent on exedinieor processes effort.

Our query for the test runs is that of a client looking for a evprocessing package for the Macintosh
costing no more than $200, and would like the search prooetské 300/600/900 seconds and the search
cost to be less than five dollars. The client specifies théivelanportance of price to quality to be 60/40
and the relative importance of coverage to confidence to 50

Looking at the results, one can see that the process acesifacithe 300 second run are consistently
lower than those for the 600 and 900 second runs, which aghhpthe same. Process accuracy is affected
by the amount of available evidence, in that matching infifam from different sources increases the
perceived accuracy of the data. Since the latter two rune kismilar average coverage values, one would
expect similar levels of information matching, and thusikinmevels of process accuracy. Using the same
logic, one can see why the process accuracy for the 300 seanadvould be consistently lower, resulting
from its lower levels of average coverage.

The decision confidence value is affected by both the nunfioducts considered and their respective
attributes and qualities. BIG first selects a product, baseits attributes and the user’s preferences. It then
calculates the decision confidence by determining the pitityathat the selected product is the optimal
choice, given the available subset of products. In the 3@0r&kruns, the total number of considered
products is fairly low, which increases the chance that ta pf products is heterogeneous. In such a
population, it is more likely that a single candidate willistl out from the others, which goes to explain the
large percentage of perfect scores in the shortest run. \BKeris given more time to find more products,
the chance that individual candidates will sharply contrmseduced. Greater average coverage affects
this contract by increasing the likelihood that productdidates will be fully specified. This will typically
make the candidate set have a higher quality rating whichesftie population more homogeneous. It is
this blurring across attribute dimensions which reduces'8tonfidence in the final decision.

Two interesting cases in this last column are worth exptgjim more detail. In the sixth 300 second run,
one can see that the decision quality was calculated to e uch lower than other runs in the same set.
This was due to the fact that two of the three products corsitleere actually the same product, but one
was an academic version. These two products had relatiweliasquality ratings, which were significantly
higher than the remaining product, which caused BIG to hdeeer confidence in its decision. The second
anomaly occurs in the tenth run in the 900 second scenarithidrcase, 14 products were considered for
selection. Of the group, 11 had a price higher than $400, texewabove $200 and the remaining product
was roughly $70 with good coverage of the user’s desiredaciernistics. This large price discrepancy led
the selected product to have a much higher quality rating ttim@ competition, which led to the high decision
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confidence.

6.2 Execution Trace

We now describe a short sample run of the BIG system. Thetdienstudent who uses the system to find
a word processing package which will most closely satisfgtaoérequirements and constraints. The run is
split into the following processes: querying, plannindjestuling, retrieval, extraction and decision making.

Query processing is initiated when the client specifies abdits the search criteria, which includes the
duration and cost of the search as well as desired produbiuatts such as price, quality features and system
requirements. In this example the client is looking for advprocessing package for a Macintosh costing
no more than $200, and would like the search process to takaiteites and the search cost to be less than
five dollars. The client also describes the importance oflpco price and quality by assigning weights to
these product categories, in this case the client specifadelative importance of price to quality was 60%
40% respectively. Product quality is viewed as a multi-disienal attribute with features like usefulness,
future usefulness, stability, value, ease of use, poweeaj@ability constituting the different dimensions.
These are assigned relative weights of importance. Thetdjgecifies the relative importance of product
coverage and precision as 20% and 80% respectively.
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Figure 12:BIG's TAMS Task Structure for the Short Run

Once the query is specified, the task assessor starts thesprot analyzing the client specifications.
Then, using its knowledge of RESUN'’s problem solving congas and its own satisficing top-down
approach to achieve the top level goal, it generates a TABISstaucture that it finds most capable of
achieving the goal given the criteria (a task structure ig &k a process plan for achieving a particular
task). Although not used in this example, knowledge lealingatevious problem solving instances may
be utilized during this step by querying the database ofipusly discovered objects and incorporating this
information into the task structure. The task structuredpoed for our sample query is shown in Figure 12.

The task structure is then passed to the scheduler whichsmedeeof the client’s time and cost con-
straints to produce a viable run-time schedule of execut@mmparative importance rankings of the search

26



quality, cost and duration, supplied by the client are alseduduring schedule creation. The sequence of
primitive actions chosen by the scheduler for this taskcstine is also shown in Figure 12. The numbers

near particular methods indicate their assigned execuotidar. The scheduled time and execution time of

each method are shown in the following table:

\ Method Name | Schedule Timg Execution Time|
Scheduling 8
SendQuerymaczone 1 1
SendQuery cybout 2 1
SendQuerymacmall 1 0
Slack MyTime 27 27
GetBack. maczone 19 19
GetBackcybout 20 22
GetBack.macmall 19 8
Median.Quality_Duration.9 72 67
High_Quality_Duration 5 51 49
GetMore_Detail 2 34 10
GetMore_Detail 2 35 58
GetMore_Detail 5 76 76
User-Review-Method 127 144
Benchin-Review-Method 137 137
Make-Decision 1 2
Total Time(request time 600Q) 622 629

The schedule is then passed to the RESUN planner/execubagtn the process of information gath-
ering. Retrieval in this example begins by submitting a gyuera known information source, MacZone
(www.zones.com), a computer retailer. While this inforioais being retrieved, a second query is made to
another retailer site, the Cyberian Outpost (www.cybam); a third query is made to MacMall(www.cc-
inc.com) site. Generally, queries to such sites result intanf URLs where each URL is accompanied by
a small amount of text describing the full document. Thisinfation is combined with the query text and
any other knowledge the agent has about the document to fatmewament descriptionbject that is then
put on the RESUN blackboard for consideration by other kedgé sources. The query to MacZone results
in 56 document descriptions being placed on the blackbdbedguery to Cyberian Outpost results in 78
document descriptions being placed on the blackboardevthé MacMall query results in an additional
86 document descriptions being added to the blackboardofQhese candidate document descriptions, 13
documents are chosen for MedimumQuality(MQM®jprocessing. The choice is made heuristically and is
based on recency of information in the document, length@fithcument and its source site (some sites are
preferred over others).

The thirteen documents are then retrieved and run througbtantent classifier to determine if they
are indeed word processor products; four documents aretedjdy the classifier. Two of the rejected
documents are translation packages, one is a descriptiarscdinning OCR software, the other product is
a speech recognition software . These documents contairgenmwn-word processor related verbiage to
enable the classifier to correctly reject it as a word praoggsroduct. The nine remaining (un-rejected)
documents are posted on the blackboard for further coraidarand processing; For example, one of
these documents ishtt p: // sear ch. out post. coni sear ch/ proddesc. cf n?i t enr16776 a Medi-
umQualityMediumDuration(MQMD) text extraction processperformed on the document. The process
involves using quickext-ks and cgrep-ks in sequence taermr@ainformation object that models the prod-
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uct. An abbreviated version of the object follovisAfter quickext-ks, the object is:

Product Nanme : Corel WordPerfect 3.5

Price : $159.95

Di skSpace . 6MB

Processi ng Accuracy(Degree of Belief):
PRODUCTI D=0. 8 PRI CE=1. 0 DI SKSPACE=0. 8

The cgrep-ks finds extra information about the productsgssar, platform, and miscelaneous require-
ments. It also finds corroborating product name and priagimétion; this increases the processing accuracy
of these slots. After applying cgrep-ks:

Product Nanme : Corel WordPerfect 3.5

Price : $159. 95

Di skSpace . 6MB

Processor Do

Pl at form : maci nt osh power _maci nt osh system 7_or _hi gher

m sc requirenment: (cd ram

Processi ng Accuracy(Degree of Belief):
PRODUCTI D=1. 4 PRI CE=1. 6 PROCESSOR=0. 0
DI SKSPACE=0. 8 PLATFORM=2. 0 M SCREQ-1. 2

Eight other products are found and posted on the blackboaridgdthe execution of the MQMD
method. Similarly, the method HighQualityHighDuratior@HD)_5 retrieves six documents, rejects one,
processes five documents and posts five more products onatkbbhrd. At this point the system has a
total of 14 competing product objects on the blackboard Wwhéguire more discriminating information to
make accurate comparisons. The system has, in effischveredl4 word processing products.

Those objects which are upgrades are immediately filteredioce the client did not specify an interest
in product upgrades. Also, those products which are céytaiot for Macintosh platform are discarded.
Subsequent efforts are focused on the remaining six preduct

The following three method&et Detail make queries to “yahoo” and “infoseek” about the remaining
products and find some review documents. A review process &pplied on every review document to
extract information. The extracted information is addethi object, but not combined with existing data
for the given object (discrepancy resolution of extractathds currently handled at decision time). For
each review processed, each of the extractors generatés dgueted< Product Quality, Search Quality
> in the information objects pictured below. Product Quatignotes the quality of the product as extracted
from the review (in light of the client’s goal criteria), afg®karch Quality denotes the quality of the source
producing the review. For example, if a review raves abowtakfeatures of a given product, and the set
of features is exactly what the client is interested in, thieagtor will produce a very high value for the
Product Quality member of the pair. Currently ®@&UALI TY is determined based on the reference number
of the document, the more widely a document is referencednibre highly it is rated.

http://ww. npp. com nedi asof t/ keyst one/ cwp7off. ht m

htt p: // ww. osbor ne. conf what snew/ cor el wp. ht m

http://ww. cdn- news. com dat abase/ mai n/ 1997/ 2/ 24/ 0224010N. ht
http://ww. corel . con product s/ wor dperfect/

Slronically, given the semi-structured nature of the bulist in the source document that identifies the hard disk amd r
requirements, the extraction methods failed to propertyaex these requirements. A specialized information ekbrafor data in
this particular format (nested bullet lists) is one way togarly handle this extraction case.
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For example, four documents (above) are found and processeview documents for product “Corel
WordPerfect 3.5.” After processing, the resultant produsjéct is:

Product Nanme : Corel WordPerfect 3.5

Price : $159.95

Di skSpace . 6MB

Processor Do

Pl at f orm . maci ntosh power nmaci nt osh system 7_or _hi gher

m sc requirenment: (cd ram
Processi ng Accuracy(Degree of Belief):
PRODUCTI D=3. 8 PRI CE=1. 6 PROCESSOR=0. 0
DI SKSPACE=0. 8 PLATFORM=2. 0 M SCREQ-1. 8
Revi ew Consi stence: ((( PQUALITY 2) (SQUALITY 3))
((PQUALITY 1.2857143) (SQUALITY 2))
((PQUALITY 1.2857143) (SQUALITY 2))
((PQUALITY 2) (SQUALITY 2)))

1 1
4| Applet Viewer: CIGApplet._class ‘ E |J|

Applet

Search Specs coverage of decision

. . candidate product number 6
Max Duration (min:

total product humber 14
10 : . System State
information coverage 3 Scheduler Output
Max Cost ($): precision of decision
5 information quality (HIGH 13 MED. 16 LOW g
- processing accuracy 1.6173333

Software Specs
average coverage 5.0

Software genre: decision confidence 0.775

word Processing — || The decision is to buy

Max Price (&): product name Corel WordPerfect 3.5 0:10:31

price 159.95 L )

oo Decision obtained
processor (system_7_or_higher)

Platform: platform macintosh power_macinto

=] misc regquirement ({tb cod-rom ram) (cd ram)

overall quality (1.5666655 #(0 0.3 0.5333
Process Accuracy ((GEMRES 0) (PRODUCTIC

Set Quality Review Consistence (((PQUALITY 4) (SQUALIT
set Criteria All products are

product name Misus Writer 5.1 CD ROM «
pHice 139.95
ram required ShiB
platform guide o5 mac
misc requirement (cd-rom)
overall quality (1.75#(0 0250750000

start Search

Ready and waiting...
] ]

Figure 13:BIG’s final decision for this Sample Run

Actually, not all of these four documents are product regigmne of them is a list of all corel wordperfect
products. This is caused by the weakness of general seagaieeand natual language process technology.
Thus it is necessary to get information for some specific ycodeview site. Théser - Revi ew Met hod
method queries the Benchin site, producing four reviewsckvlare processed. The documeitt p:

! www. benchi n. conf $i ndex. wegi / prodr ev/ 1112163, which includes 60 users’ reviews, is selected
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and processed for product “Microsoft Word 6.01”, Word 6.@lnly one of the six competing products still
in the fray. The new review informatioq( PQUALI TY 2. 857143) (SQUALITY 3)) is added to “Mi-
crosoft Word 6.01” object. SimilarlyBenchi n- Revi ew Met hod sends queries to the Benchin star review
site (uses a star rating system that is simple to processjluping review information for four different
products.

After this phase, the final decision making process begingrblypruning the set of product objects
which have insufficient information to make accurate corgoas. The data for the remaining objects is then
assimilated. Discrepancies are resolved by generatingghtee average of the attribute in question where
the weighting is determined by the quality of the source. aided decision-making process is described
Section 5.3. The final decision is shown in Figure 13. Thedieciconfidence is not very high because
there is a competing candidates “Nisus Writer 5.1 CD ROM Wdmual” whose overall quality is slightly
less than that of "Corel WordPerfect”.

7 Strengths, Limitations, and Future Directions

The combination of the different Al components in BIG and i@ of information gathering as an inter-
pretation task has given BIG some very strong abilities. dntiast to most other work done in this area,
BIG performsinformation fusionnot just document retrieval. That is, BIG retrieves docutseaxtracts
attributes from the documents, converting unstructurgtittestructured data, and integrates the extracted
information from different sources to build a more completedel of the product in question. The use of
the RESUN interpretation-style planner enables BIG toaeadout the sources-of-uncertainty associated
with particular aspects of product objects and to plan tolvesthese uncertainties by gathering and extract-
ing more information that serves as either corroboratingegating evidence. Though this feature was not
brought out in our simple trace, it is a definite strength whperating in a realm of uncertain information
combined with uncertain extraction techniques.

Another feature of BIG not stressed in this paper is the usieeoDesign-to-Criteria scheduler to reason
about the quality, cost, time, and certainty trade-offsifiécent candidate actions. The use of the scheduler
enables BIG to address deadlines and search resourceatatssta feature that is particularly important
given the scope of the search space, the uncertainty irdiohred the very real requirement for information
systems to address time and resource constraints. Rglatdnle the issue of planning for information cost
constraints is not stressed in this paper, we feel that ifutiiee the cost of accessing particular information
sources will need to be taken into account by informatiomeatg agents.

Also not stressed in this paper is BIG’s ability to learn frpnor problem solving instances [30]. In-
formation objects (along with their associated sourcegrakertainty) can be stored and used to supplement
subsequent search activities. In this fashion, BIG gaios fprior problem solving instances, but, it also
refines and modifies the product models over time by resolpregiously unresolved SOUs and gathering
new information about the products.

In terms of limitations and extensibility, many of the compats used in the system, such as the web
retrieval interface and some of the information extraclikesgrep-ks and tablext-ks, are generic and domain
independent. However, certain aspects of the system sedamain specific knowledge and adapting BIG
to operate in another domain, perhaps the auto-purchaseidomould require the addition of specific
knowledge about the particular domain. For example, infdiom extractors like the information extraction
system, cgrepext-ks, and quickext-ks, require supentisgaing to learn extraction rules and make use of
semantic dictionaries to guarantee a certain level of pmdioce. (Though we tested the system on the
related domain of computer hardware and found it to work e@fisidering no hardware related documents

30



were in the training corpus.) Additionally, both the seraed object databases, being persistent stores of
the system’s past experiences, are inherently domain depérrendering most of this knowledge useless
and possibly distractive when used in other scenarios.

Another possible limitation with the current incarnatidnBdG is the use of text extraction technology
to convert unstructured text to structured data. The tetthetion techniques are sometimes fragile, par-
ticularly when asked to extract data from a document notriggtg to the class of document on which the
system was trained. The use of a document classifier greapisoives the situation, but, information extrac-
tion remains a non-trivial issue. The use of XML and otheadaitucturing mechanisms on the web will help
alleviate this issue. Interestingly, because RESUN reptesand works to resolve sources-of-uncertainty,
the limitations and sometimes erroneous output of the tdrdetion tools is not nearly as problematic as it
might seem at first glance. Given sufficient time for searoh,lanner will usually recover from misdirec-
tions stemming from poor information extraction.

Our future interests lie in improving the integration of ttug-down view of the Design-to-Criteria
Scheduler and the opportunistic bottom-up view of the RE$I#Xner. Currently, the scheduler’s primary
role in the system is to produce the initial schedule. Howea® the control structure evolves, we foresee
a feedback loop in which the RESUN planner and the task amspsse what-if type questions to the
scheduler to support high-level decisions about whicloastto perform next. A stronger two-way interface
will also support more opportunistic problem solving sigaés by enabling the problem solver to respond
to changes and evaluate the value of changing its plannedeai action. We see this as particularly
valuable in light of the uncertainty in the information gating domain and the high-order combinatorics of
the trade-off decision process. In this secondary rolestheduler becomes the trade-off expert employed
by the task assessor/problem solver to guide agent aesivdtiring execution.

Another future direction involves moving BIG into a multiient system. Our group [23] has a long
history of developing distributed problem solving and mafient systems [12, 13, 26, 37, 6, 32] and we
are interested in exploring multi-agent coordination vigraup of agents descended from the current BIG
agent.

8 Acknowledgments

We would like to thank Professor Norman Carver for his ctwitibns relating to the RESUN planner and
his input on the task assessor component. We would alsadizeknowledge the help of Mike Chia during
the formative stages of this project.

References

[1] Autonomy agentware technology white paper. http://wagentware.com/main/tech/whitepaper.htm.

[2] Y. Arens, C. Knoblock, and W. Shen. Query reformulation dynamic information integrationlour-
nal of Intelligent Information Systems, Special Issue delligent Information Integration6(2 &
3):99-130, 1996.

[3] C. Mic Bowman, Peter B. Danzig, Udi Manber, and MichaeBEhwartz. Scalable Internet Resource
Discovery: Research Problems and Approaci@smmunications of the ACN37(8):98-114, 1994,

[4] J. P. Callan, W. Bruce Croft, and S. M. Harding. The INQUERtrieval system. IfProceedings of
the 3rd International Conference on Database and Expertefys Applicationspages 78—83, 1992.

31



[5]

[6]

Norman Carver and Victor Lesser. A new framework for sgrigterpretation: Planning to resolve
sources of uncertainty. IRroceedings of the Ninth National Conference on Atrtificiatelligence
pages 724-731, August 1991.

Norman Carver and Victor Lesser. The DRESUN testbed ésearch in FA/C distributed situation
assessment: Extensions to the model of external evidemd@roteedings of the First International
Conference on Multiagent Systerdane, 1995.

[7] J. Cowie and W.G. Lehnert. Information extractidbommunications of the ACN39(1):80-91, 1996.

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Naive bayes document classifier. Supplement to Machiggrhing by Tom Mitchell, 1997, McGraw
Hill. http://www.cs.cmu.edu/afs/cs/project/theo-1tw/naive-bayes.html.

T. Dean and M. Boddy. An analysis of time-dependent pilagin In Proceedings of the Seventh
National Conference on Artificial Intelligencpages 49-54, St. Paul, Minnesota, August 1988.

K. Decker, A. Pannu, K. Sycara, and M. Williamson. Desigy behaviors for information agents. In
Proceedings of the 1st Intl. Conf. on Autonomous Aggrages 404—-413, Marina del Rey, February
1997.

Keith S. Decker. Task environment centered simulationM. Prietula, K. Carley, and L. Gasser, ed-
itors, Simulating Organizations: Computational Models of Indtdns and GroupsAAAI Press/MIT
Press, 1996. Forthcoming.

Keith S. Decker and Victor R. Lesser. Designing a fanoifycoordination algorithms. IRroceedings
of the First International Conference on Multi-Agent Syséepages 73—-80, San Francisco, June 1995.
AAAI Press. Longer version available as UMass CS-TR 94-14.

K.S. Decker, V.R. Lesser, M.V. Nagendra Prasad, andagieér. MACRON: an architecture for multi-
agent cooperative information gathering. Pnoceedings of the CIKM-95 Workshop on Intelligent
Information AgentsBaltimore, MD, 1995.

Robert Doorenbos, Oren Etzioni, and Daniel Weld. A abkd comparision-shopping agent for the
world-wide-web. InProceedings of the First International Conference on Aatanus Agenigages
39-48, Marina del Rey, California, February 1997.

Oren Etzioni. Moving up the information food chain: Elomying softbots on the world wide web.
In Proceedings of the Thirteenth National Conference on Aidifiintelligence pages 1322-1326,
Portland, OR, August 1996.

Oren Etzioni, Steve Hanks, Tao Jiang, Richard Karp, ©madani, and Orli Waarts. Optimal infor-
mation gathering on the internet with time and cost constsailn Proceedings of the Thirty-seventh
IEEE Symposium on Foundations of Computer Science (FT@E)ngton, VT, October 1996.

D. Fisher, S. Soderland, J. McCarthy, F. Feng, and Wnkeeh Description of the UMass Systems
as Used for MUC-6. IProceedings of the 6th Message Understanding Conferébmembia, MD,
1996.

J. Hammer, H. Garcia-Molina, K. Ireland, Y. Papakonstau, J. Ullman, and J. Widom. Information
Translation, Mediation, and Mosaic-based Browsing in t&MMIS System. InProceedings of the
ACM SIGMOD International Conference on Management of DA895.

32



[19] Eric Horvitz, Gregory Cooper, and David Heckerman. Betfbn and action under scarce resources:
Theoretical principles and empirical study. Proceedings of the Eleventh International Joint Confer-
ence on Atrtificial IntelligenceAugust 1989.

[20] Eric Horvitz and Jed Lengyel. Flexible Rendering of 3a@hics Under Varying Resources: Issues
and Directions. IfProceedings of the AAAI Symposium on Flexible Computatitmtélligent Systems
Cambridge, Massachusetts, November 1996.

[21] Adele Howe and Daniel Dreilinger. A Meta-Search Endinat Learns Which Engines to Querpl
Magazine 18(2), 1997.

[22] Inforia quest. http://www.inforia.com/quest/ignt
[23] The multi-agent systems laboratory at the universitysnassachusetts amherst. dis.cs.umass.edu.
[24] Jango. http://www.jango.com/.

[25] Bruce Krulwich. The BargainFinder Agent: Comparisaice shopping on the Internet. In Joseph
Williams, editor,Bots and Other Internet BeastieSAMS.NET, 1996. http://bf.cstar.ac.com/bf/.

[26] S. Lander and V.R. Lesser. Negotiated search: Orgamiedoperative search among heterogeneous
expert agents. IRroceedings of the Fifth International Symposium on Atéifimtelligence Applica-
tions in Manufacturing and RoboticBecember 1992.

[27] Leah Larkey and W. Bruce Croft. Combining classifiersédrt categorization. IfProceedings of the
19th International Conference on Research and Developinelmformation Retrieval (SIGIR '96)
pages 289-297, Zurich, Switzerland, 1996.

[28] W.G. Lehnert and B. Sundheim. A performance evaluaticiext analysis technologie#\l Magazine
12(3):81-94, 1991.

[29] Victor Lesser, Keith Decker, Norman Carver, Alan GatvBaniel Neiman, Nagendra Prasad, and
Thomas Wagner. Evolution of the GPGP Domain-Independentdimation Framework. Computer
Science Technical Report TR-98-05, University of Massaetta at Amherst, January 1998.

[30] Victor Lesser, Bryan Horling, Frank Klassner, Anitaj&arhomas Wagner, and Shelley XQ. Zhang.
BIG: A resource-bounded information gathering agentPioceedings of the Fifteenth National Con-
ference on Atrtificial Intelligence (AAAI-98July 1998. See also UMass CS Technical Reports 98-03
and 97-34.

[31] Victor Lesser, Bryan Horling, Frank Klassner, Anitajkarhomas Wagner, and Shelley XQ. Zhang. A
next generation information gathering agentPhoceedings of the Fourth International Conference on
Information Systems, Analysis, and Synthesges 41-50, July 1998. In conjunction with the World
Multiconference on Systemics, Cybernetics, and InforosafSC1'98), Volume 2. Also available as
UMASS CS TR 1998-72.

[32] Victor R. Lesser. Reflections on the nature of multivatgmordination and its implications for an agent
architecture Autonomous Agents and Multi-Agent Systehit):89-111, 1998.

33



[33]

[34]

[35]
[36]

[37]

[38]

[39]

[40]

[41]

[42]

Alon Levy, Anand Rajaraman, and Joann J. Ordille. Qtargwering algorithms for information
agents. IrProceedings of the Thirteenth National Conference on Aidifintelligence pages 40-47,
Portland, OR, August 1996.

lon Muslea, Steve Minton, and Craig Knoblock. STALKHERarning Extration Rules for Semistruc-
tured, Web-based Information Sources.Pimceedings of the AAAI Workshop on Al and Information
Integration 1998.

Robo surfer. http://www.robosurfer.com/.

Stuart J. Russell and Shlomo Zilberstein. Composiadttiene systems. IRProceedings of the Twelfth
International Joint Conference on Artificial Intelligencpages 212-217, Sydney, Australia, August
1991.

Tuomas Sandholm. An implementation of the contractpmetocol based on marginal cost calcula-
tions. InProceedings of the Eleventh National Conference on Adilficitelligence pages 256—262,
Washington, July 1993.

S. Soderland, D. Fisher, J Aseltine, and W.G. Lehnerstal: Inducing a conceptual dictionary. In
Proceedings of the Fourteenth International Joint Confierzon Atrtificial Intelligencepages 1314—
1321, 1995.

Thomas Wagner, Alan Garvey, and Victor Lesser. Com@®al Criteria and Its Application in
Design-to-Criteria Scheduling. IRroceedings of the Fourteenth National Conference on Aidifi
Intelligence pages 294-301, July 1997. Also available as UMASS CS TR-199

Thomas Wagner, Alan Garvey, and Victor Lesser. Cat®irected Heuristic Task Schedulinter-
national Journal of Approximate Reasoning, Special Issu&cheduling19(1-2):91-118, 1998. A
version also available as UMASS CS TR-97-59.

M.P. Wellmen, E.H. Durfee, and W.P. Birmingham. Theiwdiglibrary as community of information
agents.IEEE Experf June 1996.

Zurfrider. http://www.zurf.com/.

34



