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Abstract

This paper describes an architecture for the next gen-
eration of information gathering systems. The paper is
based on aresearch proposal whose goal isto exploit the
vast amount of information sourcesavailabletoday on the
NIl including agrowing number of digital libraries, inde-
pendent news agencies, government agencies, aswell as
human experts providing avariety of services. Thelarge
number of information sources and their different levels
of accessibility, reliability and associated costs present
a complex information gathering coordination problem.
We outline the structure and components of an informa-
tion gathering system that uses an explicit representation
of the user’s decision model in order to organizeitsactiv-
ity. Within this framework, information gathering plan-
ning is performed based on its marginal contribution to
the user’s decision quality.

1 Introduction

The vast amount of information available today on the
NIl has a great potential to improve the quality of de-
cisions and the productivity of consumers of this infor-
mation. Currently available information sources include
agrowing number of digital libraries, independent news
agencies, government agencies, as well as human ex-
perts providing a variety of services. A rapid expansion
of these services is expected over the next 5-10 years.
In addition, we anticipate that improved information re-
trieval (IR) and information extraction (IE) technologies
will become available [2, 24]. These technologies will
allow a system not only to locate but also to extract nec-
essary information from unstructured textual documents.

Thelarge number of information sourcesthat are cur-
rently emerging and their different levels of accessibility,
reliability and associated costs present a complex infor-
mation gathering planning problemthat ahuman decision
maker cannot possibly solve without high-level filtering
of information. For many information gathering tasks,

manual navigation and browsing through all the relevant
information is no longer effective. The time/quality/cost
tradeoffs offered by the collection of information sources
and the dynamic nature of the environment lead us to
conclude that the user cannot (and should not) serve as
the controller of the information gathering process.

The solution outlined in this paper isbased on asim-
ple observation that information gathering is normally
an intermediate step in a decision making process. We
provide the system with an explicit representation of the
user’s decision model or task so that information gather-
ing activity can be organized on the basis of its marginal
contribution to quality of the decision. The resulting
system architecture extends the scope of current state-
of-the-art information gathering systems by giving an
answer to a decision problem rather than collecting the
relevant data. Such a servicewould enhancethe capabili-
tiesof futuredigital libraries[7, 9] by taking advantage of
two important developments. (1) the rapid improvement
inthe accuracy of information extraction technology, and
(2) theintroduction of new standardsfor structured infor-
mation exchange between information providersand con-
sumers. For example, we expect that such standards will
emerge in the near future for such common documents
as product descriptions, resumes, product reviews, and
technical reports. When operating under resource con-
straints (related to cost of communication and database
access, limited computational power, and limited amount
of time), our systemwill result in significant performance
improvement by intelligent control of information gath-
ering.

From the perspective of a digita library, the pro-
posed architectureis aimed at automating the function of
asophisticated research librarian. Thistypeof librarianis
often not only knowledgeablein library science but also
may have a technical background relevant to the inter-
ests of the organization. In addition to locating relevant
documents for their clients, such librarians will in many
situations actually digtill the desired information from
these documents. They will often need to make deci-
sions based on resource concerns such as whether certain
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Figure 1: The proposed system is composed of three major components: the user interface, the decision model
evaluation subsystem, and the information gathering subsystem.

periodicals are available in-house and if not how long it
will taketo get them and what they will cost [28]. We see
this automation of a sophisticated librarian as a natural
stepintheevolutionary devel opment of afully automated
digital library. Our approach builds on current document
location technology [1, 6, 15, 31, 32] by introducing the
value of information and its cost, time and likelihood of
being acquired as the driving force behind the decision
of when, where and how to locate specific documents.

2 Overview of the System

Our proposed system architecture is based on three pri-
mary layersthat operate concurrently: the user interface
(U1), the decision model evaluation subsystem (DME),
and the information gathering subsystem (I1G). Starting
with the user interface, each layer is engaged in activa-
tion, monitoring, and negotiation with the lower layers.
Figure 1 shows an outline of the system.

The user interface allows the user to retrieve a deci-
sion model from alibrary, to determine the resourceallo-
cation and utility of the task, and to monitor and control
the information gathering activity. The decision model

eval uation subsystem uses a decision-theoretic approach
to construct an information gathering plan for the partic-
ular task. The information gathering subsystem selects
particular information gathering methods and schedules
their parallel execution.

Thekey questionishow couldinformation gathering
be guided by the user’s decision model. The following
situation illustrates our approach to the problem. Con-
sider a user who is seeking information about “ Quick
7.5, a new financial management software. Suppose
that the user is interested in purchasing the product for
personal use. The user’s goals are to simplify and im-
prove his capability to track investments, balance check-
books, and compile tax return data. Before making a
decision, the user may gather information regarding the
quality of Quick 7.5 and its capabilities as well as the
cost of the product. This information may be available
in various newsgroups, company catalogs, and on-line
magazines. The question is how much time and money
is the user willing to commit to this process and how
should the information gathering activity be organized as
aresult.

Figure 2 showstheinfluencediagram that auser may
construct in order to decide whether to purchase Quick
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Figure 2: An influence diagram for deciding whether to
purchase a new financial management program

7.5. The diagram determines the effect of this decision
on the user’s capability to perform typical financial tasks
such as balancing checkbooks, tracking investments, and
compiling tax return data. Together with the level of
financia activity, these factors determine the user’s fi-
nancial productivity and investment quality. Finaly, an
overall utility function determines the expected value of
improved productivity minus the price of the product.

Notice that a similar diagrams could be used by a
manager who is considering buying 100 copies of Quick
7.5, by aninvestor who is considering purchasing stocks
of the publisher of Quick 7.5, or by a competitor who
is considering the release of a similar product. Their
different goalsand utility functionwill resultin adifferent
information gathering activity. For example, the buyer
of 100 copies of the product will be more concerned
about uncertainty regarding the price. In such case, more
resourcesshould beallocated to theinformation gathering
activity to reduce the uncertainty. Therest of this section
describesthe main research problemsthat arise when one
tries to optimize information gathering activity based on
the user’s decision model. The section also summarizes
our design goals.

2.1 TheMain Research Problems

The growing complexity of the information gathering
task and the need to introduce another level of control
and filtering of information present several chalenging
research problems:

1. Describing the User’s Decision Model  Since we
want the system to automatically initiate and control
information gathering operationsbased ontheuser’s
task, a description of that task must be provided to

the system. We suggest using influence diagramsto
describe the causal model used by the user in order
to select actions [14]. Influence diagrams offer a
concise graphical representation for complex deci-
sionsand they can be evaluated using efficient exist-
ing algorithms[23]. In addition, several techniques
for anytime evaluation of belief networkshave been
developed by Horvitz et al. [12] and by Wellman
and Liu [30]. We anticipate that a large number
of influence diagrams representing “typical” tasks
can be constructed and stored in alibrary for future
reuse. We also expect that in many cases minimal
maodification of existing decision models would be
requiredin order totailor themtofit particular user’s
needs.

. Describing the Information Environment The

information environment will includeavariety of in-
formation sources. We assume an open and dynamic
environment in which the existence, availability,
quality, and cost of access of different information
sourcesis constantly changing. But to be ableto op-
erate efficiently in this environment, the system will
have to construct a database that characterizes the
knowninformation sourcesand thetime/quality/cost
tradeoffsthat they offer. This database will be con-
stantly revised based on the system’s experienceand
feedback from other systems whose task may be to
discover and classify new information sources. In
previous work in the area of approximate decision-
making we have developed efficient mechanismsto
statistically characterize such time/quality tradeoffs
using conditional performance profiles[33].

. Planning Information Gathering Actions In or-

der to automate the information gathering process,
wewill construct information gathering plans, simi-
lar to the softhot-based interface to the internet pro-
posed by Etzioni and Weld [5]. Our planning ap-
proach is based on extending current information-
theoretic techniques to derive plans that are most
valuable to the user based on the decision model.
This approach addresses explicitly the problem of
uncertainty regarding thequality, completeness, cost
and delay associated with each source of informa-
tion.

. User Participation in the Information Gathering

Process A major advantage of our proposed ap-
proachisthat it doesnot rely onthe user ininitiating
and controlling the information gathering process.
But the system must allow for user participation in
this process in the form of modification of the de-
cision model, interpretation of data, and resource



allocation. To facilitate user participation, the cur-
rent status of the decision model evaluation will be
presented to the user in an informative way. Obvi-
oudly, the user cannot examine every decision that
the system is making, but there should be a high
level summary that showswhat information the sys-
temiscurrently seeking, what quality of responsesit
is getting, when does the system plan to generate an
action and what isthe expected utility of that action.
The user should be able to intervene at any point by
changing the resource constraints, the interpretation
of data, or the order of site visit.

. Guiding and Monitoring the Information Gath-
ering Activity Theinformation gathering planwill
determine what information is most valuable with
respect to the user’s decision model and what re-
sources should be committed to this search. This
plan will be based on an abstract, probabilistic view
of the information gathering environment. This
leads to a complex information gathering agent ac-
tivation and monitoring process that optimizes the
chances of getting the necessary information within
the resource congtraints. The purpose of the mon-
itoring process is to activate agents, monitor their
progress, identify and react to failures, and when
necessary request additional resources.

involves a distributed search process conducted by
multiple sites[4, 20, 21, 22]. To allow for thistype
of operation, only the IG subsystem would have to
be modified. While information requests are be-
ing processed, the system should be able to respond
asynchronously to various events such as arrival of
data and changesin the user’s decision model.

. Explanation and Justification To be successful,

any automated decision support system must be able
tojustify itsdecisionin away that ahuman user can
easily follow. If needed, the user should be able to
trace back decisions and the information on which
they are based, to force the system to reexamine
particular assumptions or information, and to rein-
terpret the data.

. Well-Defined Theoretical Foundation Based on

Decision Theory and Information Theory An-
other goal is to construct an architecture in which
actions are performed based on formal models of
cost and utility. The advantage of a normative ap-
proach is that the properties of the system can be
formally analyzed and that overall performance can
be evaluated with respect to the user’s subjective
utility function. We aim at developing a system
that exhibit resource-bounded optimality, that is, can
maximize decision quality under time pressure and
limited computational resources[25].

2.2 Design Goals

5. Exploit the State-of-the-art Information Re-
trieval and Information Gathering Techniques
Another goal isto use the best available technology
in information gathering in order to minimize the
degree of user involvement intheintermediateinfor-

The system architecturethat we describe was designed to
meet the following goals:

1. Open System Architecture Whilethereisagrow-

ing effort to standardize the representation of infor-
mation that is available on the NI, it is clear that a
successful system to exploits this information must
be flexible enough to handle a large variety of het-
erogeneousinformation sources, and different infor-

mation gathering and interpretation process. Some
successful techniques for information retrieval and
information extraction have been developed at the
University of Massachusetts National Center for In-
telligent Information Retrieval [2].

mation gathering techniques. The system should be
easy to adapt to new types of information sources

and information gathering techniques. 3 TheUser Interface

2. Asynchronous, Concurrent Operation The re-
dundancy in information availability (e.g. theremay ~ Although the user interface (Ul) does not represent the
be dozens of reviews of a new software product), focus of this paper, it isan important component that will
and the pow ble t| me pr&Jre under Wh|Ch the user a“OW fOI‘ hlgh |e\/e| |ntera:t| on betWeen the user and the
Operaes makes |t advantageous to a”OW the WS' DME and IG Subwﬂems ThIS %Ction &Jmmarizes the
tem to initiate multiple information gathering op- ~ Main functions that will be supported by the UI.
erations at the same time. In the current design of
the system, parallel information gathering activity is
initiated and coordinated by a single site. Another
possible model that we (and others) have studied

1. Retrieving and Modifying Decision Models The
user’s decision model or task will be represented by
an influence diagram. Thisintuitive representation



has many advantages that are discussed in the next
section. The Ul will support interactive construc-
tion, storage and retrieval, and editing of influence
diagrams. We will construct a library of influence
diagrams for typical decision models and allow the
user to combine them and construct more complex
decision models.

. Activation and Monitoring of Decison Model
Evaluation The user interface will allow for the
activation of decision model evaluation. The user
will be able to specify and modify the resource
constraints (cost and time) and the subjective time-
dependent utility function associated with the task.

. Status Display The Ul will give the user high
level feedback regarding the status of the current
activities. This feedback will include the resources
consumed so far, the nodes of the decision model
that are being evaluated, the quality of the infor-
mation gathered so far, the expected quality of the
decision based on the available information, and an
estimated time for compl eting the information gath-
ering activity.

. Control of Search Parameters The Ul will alow
the user for asynchronous control of such search
parameters as the overall utility function and the re-
sources alocated to the task. The user will also be
able to disable/enable information gathering activ-
ities and to examine the raw data that the system
gathered and the decisions that the system made.

. Active Participation in the Decision Model Eval-
uation Process The user will be ableto participate
in the data interpretation process. This capability is
essential since information extraction from textual
documents is a hard problem that cannot be fully
automated using today’s best technol ogy.

. Negotiations The Ul will alow the user to ne-
gotiate with the subsystems the parameters of the
search before and during the evaluation of a deci-
sion model. This negotiation process is needed in
order to respond to unpredictable problemsthat may
require additional time and cost to gather the neces-
sary information.

4 Decision Mode Evaluation

4.1 Representing Decision Tasks with In-
fluence Diagrams

Over the past several years, influence diagrams have be-
come one of the most widely used techniques for rea-
soning under uncertainty. An influence diagram is an
effective method to represent decision tasks. The di-
agram shows the information about the agent’s current
state, the decisionsthat the agent can make, the state that
will result from the agent’sdecision, and the utility of the
state. Figure 2 shows an influence diagram that a user
may use for deciding whether to purchaseanew financial
management program. The diagram includes three types
of nodes:

1. Chance nodes (ovals) represent random variables.
Each chance node hasan attached conditional proba-
bility matrix that determineshow the probability dis-
tribution of that node depends on the parent nodes.
Deterministic relations between nodes can also be
represented. The above example includes chance
nodes to represent the current level of the user’s fi-
nancial activity, the capability of theprogramto help
in balancing checkbooks, tracking investments, and
compiling tax return data, the cost of the product, the
user’sfinancial management productivity, etc. Each
chance node can take a value from a certain finite
domain. For example, the level of financial activity
may be characterized as low, medium or high (with
atypical profile of number of accounts and number
of transactions per month attached to each).

2. Decision nodes (rectangles) represent points where
the decision-maker hasachoice of actions. A single
task may involve multiple decisions. The above ex-
ample includes two decisions: whether to purchase
the financial management program and whether to
use an accountant for preparing tax returns.

3. Utility nodes (diamonds) represent the agent’s util-
ity function. In most cases a single utility node is
used whose parents are all the nodes describing the
outcome state. In the above example asingle value
node represents the overall utility of the user.

Using the above influence diagram, the user can
make the best decision based on the currently available
information or gather additional information beforea de-
cison is made. For example, the capability of the pro-
gram to track investments can be assessed using reviews
of the product or articles in certain news groups. The



cost of the product may be estimated by extracting the
list pricefrom areview or by querying an on-line product
catalog.

Influence diagrams offer an effective modeling
framework for adiverse array of problemsinvolving rea-
soning under uncertainty. This effectiveness has many
different aspects [27, 29]. First, influence diagrams cap-
ture both the structural and qualitative aspects of the deci-
sion problem and serve as the framework for an efficient
guantitative analysis of the problem. Influence diagrams
allow efficient representation and expl oitation of the con-
ditional independencein adecision moddl. Finally, influ-
ence diagrams have proven to be an effectivetool for not
only communicating decision modelsamong decision an-
alysts and decision makers, but also for communicating
between the decision maker and the computer.

It is important to emphasize that our approach does
not require the use of a complex diagram for every in-
formation gathering task. Simple decision tasks can be
easily represented by a ssimple influence diagram. The
most obvious case is when the user needs to gather a
certain piece of information such as the weather fore-
cast. Thistask correspondsto an influence diagram with
asingle chance node representing the weather. Thevalue
node may depend on the quality of the weather forecast
and on the cost of information gathering. In other words,
our system architecture does not exclude the possibility
of a simple information gathering task. With the rapid
growth in information services, theissue of quality of in-
formation versus resource allocation is equally relevant
in making simple decisions.

4.2 The Value of Information Gathering

This section describes a method for cal culating the value
of information gathering (VOIG). Information value the-
ory [13] providesamathematical foundationto guidethis
central decision. Previouswork in this field has concen-
trated onthe value of perfect information. In our problem
domain, however, the available information may be in-
accurate or incomplete. In this section we show how
the basic theory can be extended to handle imperfect in-
formation sources, costs of acquiring information and
real-time operation. The key question is how to initiate
information gathering activitiesthat are most valuable to
the user, how to all ocate resourcesto these activities, and
how to respond to unpredictable events.

Information gathering activity is aimed at reducing
the uncertainty regarding the value of some random vari-
ables in the user’s decision model and thereby improve
the quality of the user’s action. For example, the user

considering the purchase of Quick 7.5 may be uncertain
regarding its capability to track investments!.

Time/Cost-Dependent Utility Functions

The overall value of the outcome of the user’s deci-
sion will be represented by a utility function. Since, in
general, information gathering will causeadelay inaction
and will have an associated (retrieval) cost, the overall
utility functionwill betime/cost-dependent. U(O;, T, C)
will represent the utility of a decision outcome O, with
information gathering delay T and information gathering
cost C. The utility function will be specified as part of
the decision model.

Performance Profiles of I nformation Gathering

With each noderepresenting arandomvariableinthe
influence diagram, IV, there will be an associated infor-
mation gathering performance profile, Q@ x(T,C). The
performance profile will be a statistical summary of the
quality of information offered by the information gather-
ing subsystem when activated with time 7" and cost C.
This dynamic information will be updated periodically
by alearning algorithms.

Performance Profile of
C Information Gathering

Conditional Probability Matrix

Support for " Can Can Track
Track Investments® Investments

Figure 3. A fragment of the influence diagram showing
how evidence is treated. The reliability of the evidence
isreflected by the conditional probability table.

To reflect the fact that information gathering will
normally return imperfect information, we will use an
auxiliary node in the diagram. This node will represent
the actual information that was found and will have a
probabilistic effect on the value of arandom variablein
the original decision model. The auxiliary node will af -
fect directly only onenodein the diagram. The quality of
theinformation will determinethe conditional probability
table. The highest quality of 1 will result in deterministic
relationship between the nodes and the lowest quality of
O will result in no causal relationship between the nodes.
This approach to imperfect information is demonstrated

IThis capability can be described by a discrete value: poor, ok,
good, or excellent. An initial probability distribution will be attached
to each random variable to reflect the user’s prior belief. A default
distribution will be part of the decision model.



in Figure 3wherean auxiliary node representsthe current
evidence regarding the capability of Quick 7.5 to track
investments. The belief regarding the program’s actual
capability is affected by this information through a con-
ditional probability table that representsthe reliability of
the information.

The Value of Information Curve

For any given node, the system will construct the
value of information curve by extending the standard
theory to incorporate the time/cost/quality information.
This extension is described below using the notation of
Russell and Wefald [25].

Suppose that the current information available to the
agentis K. K correspondsto the current belief regarding
the value of different random variables included in the
decision model. Let O; be the possible outcomes of
the user’s decision. Then the value of the current best
decision « is the expected utility of the outcome of the
best decision based on the currently availableknowledge.
Thisis defined by:

EU(a|K) = m}xZP(oAK, Do(A))U(0;,0,0)

Now, consider the situation in which the user can
gather information that will provide some evidence E
regarding the variable N included in the decision model.
For any given amount of time 7" and cost C, the user may
obtain adifferent quality of information, @ y (7', C). The
value of the new best action (after the evidence E is
obtained) will be:

EU(O&'K7 EN7 QN(T7 C)) =

max ) _ P(O:|K, En,Qn(T, C), Do(A)U(0;, T, C)

But since Ey is arandom variable whose value is
currently unknown, we must average over all possible
values E%; using the user's current information. Hence,
the value of gathering information on node \V is:

Vk(En,T,C) = (> P(Ex = E}|K)
k

EU(a|K,Ey = EY,Qn(T,C))) — EU(o|K)

For each node, we can construct a curve that deter-
minethe value of information gathering with a particular
allocation of (time/cost) resources.

The Value of Information Gathering

Now, for any single node the value of information
gathering can be cal culated asthe global maximum of the
above curve.

VOIGK(EN) = n%aéx VK(EN,T, C)

A magjor focus of our work is the design of efficient
algorithms to solve this equation and find the value of
information gathering for any particular node.

PUIE) PUIE) P(U|E)

| [ |
U1 u2 u u1u2 u U1 LIJZ u

(a) Information is not needed (b) Information is not crucial (©) Information is crucial

Figure4: Threegeneric casesfor thevalue of information

In related work, Russell and Wefald [25] distinguish
between three generic cases for the value of perfect in-
formation. Figure 4 shows the three cases for adecision
problemthat includetwo decisions A; and A, whosecur-
rent utility distributionsare U; and Us. Thefigure shows
the distribution of utility of each action with respect to
Ey. In(a), Ay isamost certainly superior to A,, so the
information is not needed. In (b), the choice is unclear
but because it has little effect on the utility, information
gathering is not needed. In (c), the choiceis unclear and
the information is crucial. By calculating the net value
of information gathering (taking into account quality and
costs), our system will be able to distinguish between the
above cases as well as between less obvious situations.

4.3 Information Gathering Planning

Wewill devel op adecision-theoretic planner for generat-
ing information gathering requests. Theinitia algorithm
will be a simple greedy algorithm that will identify the
most valuable single node for information gathering and
generate a request for that node and integrate the new
information until the value of information gathering be-
comes negative.

A natural improvement of this algorithm is to look
at a set of nodes that have the highest value of infor-
mation gathering. But the complexity of this process
will grow exponentially with the number of nodes. We
have started to develop non-myopic approaches to plan
sequencesof information-gatheringactions, with particu-
lar attention to managing a tradeoff between information
quality and cost. The goal is to construct near-optimal,
efficient techniquesto construct conditional information
gathering plans for a given decision model.



4.4 Negotiation with thelnformation Gath-
ering Subsystem

A basic information gathering request will be to deter-
mine the actual value of a specific node using specific
resources (time/cost). The request will specify the ex-
pected quality of the information. Negotiation between
the DME and the IG subsystems will be necessary when
areguest cannot be satisfied without either increasing the
resources or decreasing the expected quality of informa-
tion. There are two primary reasons for inconsistencies
between a request generated by the DME planner and
the capabilities of the 1G subsystem. First, the resource
allocation and expected quality are derived by the DME
planner based on a high-level, abstract view of the infor-
mation gathering environment while the IG subsystem
is using a more detailed representation. Second, the IG
subsystem may discover that certain information sources
are inaccessible leading to a more limited set of choices.

In order to reduce the level of negotiation between
the subsystems, it may be useful for a request to include
the highest possible cost (for the given time/quality) and
the highest possible time (for the given cost) that would
keep the request the most valuable. One way to do that
is to look at the time/quality/cost data for the second
most valuable node and cal culate how much the time (or
cost) of the selected node can grow before its informa-
tion gathering value drops below that of the second best
node (and before it becomes negative!). These ranges of
time and quality would allow the IG subsystem to deal
with certain problems without performing unnecessary
negotiation with the DME subsystem.

When negotiations is needed, it will be performed
by the I G subsystem informing the DM E subsystem what
quality of informationit can guarantee with what level of
resources. This negotiation processis similar to one we
havepreviously developed [8]. The DME subsystemwill
generate a new request for the same node or will modify
the plan and generate an information gathering request
for adifferent node.

5 Information Gathering

The information gathering subsystem (IGS) is respon-
sible for providing the values and certainty factors that
are needed by the decision subsystem to evaluate the
influence diagram. This process, which is incremental
and asynchronous, is initiated by the decision subsys-
tem when it requests the evaluation of a set of decision
nodes by a certain time within specified cost and quality

congtraints. We also want to take into consideration the
likelihood of the system achieving these constraints. In
order to satisfy this request, the | GS needs to instantiate,
schedule, execute and monitor appropriate information
gathering activities. As part of this process, the IGS
needs to assess whether the requirementslaid out by the
decision subsystem based on default knowledge about the
characteristics of theinformation gathering activities can
be met. If not, thereis a negotiation process that occurs
between these two subsystemsin order to find a new set
of requirements for the information gathering activities
that can be met. The IGS, through its monitor function,
is responsible for updating the decision subsystem with
information about the current progress made in accom-
plishing the requirements, and possibly for rescheduling
activities based on unexpected events.

In order for the IGS to be effective, it must be able
to dynamically construct information gathering activity
plans that match the criterion set forth by the decision
subsystem. For instance, in order to meet deadlines, it
may be required to schedule activities concurrently. This
can involve scheduling concurrent information gathering
activities associated with one or more decision nodes.
Concurrent scheduling of activities may not aways be
appropriate because a distributed search process will of-
ten incur more costs than a sequential one. In another
situation, it may need to construct atailored version of an
information gathering plan that does not gather informa-
tion from all relevant sources or does not fully analyze
the information it gathers in order to meet the desired
cost, quality or reliability criteria.

The design of the IGS is predicated on the require-
ment that it be generic—not tied to a specific application
domain, language or problem-solving architecture. This
is accomplished by not putting any restrictions on the
information gathering activities other than that they can
be mapped (described at an abstract level) into adomain-
independent framework that we have developed called
TAEMS[3]. Thismappinghasto have sufficient detail so
that alternative ways of executing the activitiesfor a spe-
cific decision node which trade off cost/quality/duration
are appropriately represented. Also, the mapping hasto
indicate the existence of quantitative characteristics of
the activities in terms of expected duration, cost, quality
of the decision and the likelihood of these expectations
being met, and the existence and character of therelation-
ships among activities. All reasoning that the IGS does
in accomplishing its goals is then based on the TAEMS
representation.

TAEMS represents computational activity in terms
of task structures at multiple levels of abstraction, each



Deadline: 25
\' T 1\
max
(I
min

A
5.0 :
_max 5. Dy f T
- ect-
ZON Los
B¢ T4\ LTS
45| 135 max max
Y Y
D E F
5 8
Q0 Q0 30
Y X

name
duration
quality

local task with
quality accrual function min

subtask relationship

local method (an executable task)

-——— enables

facilitates

Figure 5: A Simple TAEMS Task Structure: In this example, the max accumulation function is used to indicate that
there are alternative methods for accomplishing atask that trade off execution time for result quality : task T2 can be
solved in two different ways, one involving method B and the other method C; B takes longer than C (e.g., 7 versus
5) but produces a higher quality result (e.g., 45 versus 35). Thus, in time pressure situations the scheduler can reason,
based on the specifics of the task structure, how best to sacrifice expected overall quality of the final result for ahigher
likelihood of producing a result by the deadline. This task structure also indicates that even though the concurrent
execution of task T2 and T5 is possible, this would not be optimal unless there were severe time constraints since T5
would execute much longer without having the result of T2 to facilitate its execution.

with a deadline. From a real-time perspective, the goal
in scheduling these activities is to maximize the sum of
the quality achieved for each task group before its dead-
line. A task group consists of aset of tasksrelated to one
another by a subtask relationship that forms an acyclic
graph (see Figure 5). Tasks at the leaves of the tree
represent executable methods, which are the actual in-
stantiated computations or actions the agent will execute
to produce somelevel of quality (in 5, these are shown as
boxes). The circles higher up in the tree represent vari-
ous subtasksinvolved in thetask group, and indicate pre-
cisely how quality will accrue depending on what meth-
ods are executed and when. The arrows between tasks
and/or methods indicate other quantitative task interrela-
tionships where the execution of some method will have
apositive or negative effect on the quality or duration of
another method. The presence of these interrel ationships
make this an NP-hard scheduling problem.

Figure 6 shows an example of how an information
gathering plan is represented in TAEMS using some of
the above relationships?.

2For example, in Figure 6 a favor relationship exists between the
task “Find URL for maker” and “Find URL for competitor.” Both
tasks involve searching the index of WWW sites. Since this search
process can take multiple text strings, either task can accomplish both
searches simultaneously by adding the text name of the other. Another
relationship, refine, that we propose to implement also shows up in
this example. This relationship represents a class of task relationships
that involve meta-information gathering (i.e., provides information to
elaborate the task structure of agents in situations where the task struc-

The major research issues that need to be solved in
developing the |GS system are the following:

1. how to develop an appropriate interface between
the decision support subsystem and IGS to support
effective negotiation over achievable quality, cost
and deadline criteria;

2. how to make it easy to map information gathering
procedures into TAEMS, and how to acquire/learn
the quantitative data necessary to represent these
proceduresfully;

3. how to construct and develop multiprocess sched-
ulesfor the TAEM Stask structuresthat meet desired
time, cost, and quality criteria[17];

4. how to decide how much paralelism in a schedule
is cost effective;

5. how to reason about the uncertainty of an overall
schedule;

6. how to monitor progress and dynamically replanin
situations where expectationswill not be met.

ture below a certain level of abstraction is difficult to predict). In this
example, it provides information about load metrics and server accessi-
bility which are used to improve the agent’s subjective view of its task
structure in terms of its expected distribution of method quality and
execution.
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Figure 6: An Example of an Information Gathering Task Structure. Thisis afragment of atemplate for instantiating a
task structure for gathering information on the NIl about a specific software product based on the knowledge of who
makes the product and who are the likely competitors. The high-level task “search for new resources’ is not fully
described because of space limitations, but it involves such activities as searching through PC software news groups
and on-line versions of PC magazines. In order to search unstructured text for appropriate references, we use the
INQUERY system which is an advanced information retrieval system. In thistask structure, there is the potential for
much concurrency involving simultaneoudly searching each of the known sources and searching for new sourcesin

different data repositories.

To our knowledge, except for the recent work by
Knaoblock at USC-1SI reported at the AAAI Information
Gathering Symposium 1995, there is no similar work on
parallel scheduling of information gathering. In compar-
ison to Knoblock’s approach, we use a richer represen-
tation of information gathering tasks. For example, our
approach includes not only resourcerel ationshipsbut also
soft coordination relationships like favor and facilitates.
Additionally, our scheduling process takes deadlines and
cost factors into consideration in constructing an appro-
priate plan/schedule.

Acknowledgments

We would like to thank the participants of the Seminar
on Information Gathering at UMass for many fruitful

10

discussions. They include James Allan, Jody Daniels,
Alan Garvey, Joshua Grass, Eric Hansen, Maram Nagen-
draprasad, Tuomas Sandholm, Tom Wagner.

References

[1] W. P. Birmingham, E. H. Durfee, T. Mullen, and
M. P. Wellman. The Distributed Agent Architecture
of the University of Michigan Digital Library. In
AAAI Spring Symposium on Information Gathering
in Heterogeneous, Distributed Environments, Stan-
ford, CA, 1995.

[2] J. Cadlan, W. B. Croft and S. Harding. The IN-
QUERY Retrieval System. Proceedings of the 3rd
International Conference on Database and Expert

Systemns Applications, pp. 78-83, 1992.



(3]

[4]

(5]

(6]

(8]

[9]

[10]

[11]

[12]

K. S. Decker and V. R. Lesser. Quantitative model-
ing of complex environments. International Jour-
nal of Intelligent Systems in Accounting, Finance,
and Management, 2(4):215-234, December 1993.
Specia issue on Mathematical and Computational
Models of Organizations: Models and Characteris-
tics of Agent Behavior.

K. S. Decker, V. R. Lesser, M. V. Nagendra Prasad,
and T. Wagner. An Architecture for Multi-Agent
Cooperative Information Gathering. Proceedingsof
the CIKM' 95 Intelligent Information Agent Work-
shop, Baltimore, Maryland, 1995

O. Etzioni and D. Weld. A Softbot-Based Interface
to the Internet. Comm. of ACM, July 1994.

E. Fikes, R. Englemore, A. Farquhar, and W.
Pratt. Network-based Information Brokers. In the
AAAI-95 Soring Symposiumon I nformation Gather-
ing from Distributed Heterogeneous Environments,
Stanford, CA, 1995.

E. Fox. Digital Libraries. IEEE Computer, 26(11),
pp. 79-81, November 1993.

A. Garvey, K. Decker and V. Lesser. A Negotiation-
based | nterface Between a Real-time Scheduler and
a Decision-Maker. Proceedings of the AAAI Work-
shop on Models of Conflict Management in Coop-
erative Problem Solving, Seattle, WA, July 1994.
(Also Computer Science Technical Report 94-08,
University of Massachusetts, January 1994.)

H. Gladney, N. Belkin, Z. Ahmed, E. Fox, R.
Ashany, and M. Zemankova. Digital Library: Gross
Structure and Requirements. Proceedings of Work-
shop on On-line Accessto Digital Libraries, 1994.

J. Grassand S. Zilberstein. Anytime Algorithm De-
velopment Tools. To appear in M. Pittarelli (Ed.),
SIGART Bulletin Special Issue on Anytime Algo-
rithms and Deliberation Scheduling, 7(2), April,
1996.

E. A. Hansen and S. Zilberstein. Monitoring the
progress of anytime problem solving. To appear in
Proceedings of the Thirteenth National Conference
on Artificial Intelligence, Portland, Oregon, 1996.

E. J. Horvitz, H. J. Suermondt and G. F. Cooper.
Bounded conditioning: Flexible inference for de-
cision under scarce resources. Proceedings of the
1989 Workshop on Uncertainty in Artificial Intelli-
gence, pp. 182-193, Windsor, Ontario, 1989.

11

(13]

(14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

R. A. Howard. Information value theory. IEEE
Transactions on Systems Science and Cybernetics,
SSC-2(1):22-26, 1966.

R. A. Howard and J. E. Matheson. Influence Dia-
grams. In Principles and applications of decision
analysis, val. 2, Menlo Park, California: Strategic
Decision Group, 1984.

S. B. Huffman. Learning information extraction pat-
ternsfrom examples. In | JCAI-95 Workshop on New
Aproaches to Learning for Natural Language Pro-
cessing, August 1995.

V. Lesser, J. Pavlin and E. Durfee. Approximate
processing in real-time problem-solving. Al Maga-
Zine 9(1):49-61, Spring 1988.

Q.Longand V. Lesser. A Heurigtic Real-Time Par-
alel Scheduler Based on Task Strucutures. Tech-
nical Report 95-92, University of Massachusetts,
Amherst, 1995.

T. Moehlman, V. Lesser and B. Buteau. Decentral-
ized Negotiation: An Approach to the Distributed
Planning Problem. Group Decision and Negotia-
tion, 1:2, K. Sycara (ed.), pp. 161-192. Norwell,
MA: Kluwer Academic Publishers, 1992.

M. V. NagendraPrasad, V. Lesser, S. Lander. Rea-
soning and Retrieval in Distributed Case Bases. To
appear in Journal of Visua Communication and
Image Representation, Special Issue on Digital Li-
braries.

T. Oates, M. Nagendra Prasad, and V. Lesser.
Cooperative Information Gathering: A Dis
tributed Problem-Solving Approach. Computer Sci-
ence Technical Report 94-66, University of Mas-
sachusetts, August 1994.

T. Oates, M. Nagendra Prasad, and V. Lesser. Net-
worked Information Retrieval as Distributed Prob-
lem Solving. In Proceedings of CIKM Wbrkshop on
Intelligent Information Agents held in conjunction
with the Third International Conference on Infor-
mation and Knowledge Management (CIKM’94),
December 1994.

T. Oates, M. Nagendra Prasad, V. Lesser, and
K. S. Decker. A Distributed Problem Solving
Approach to Cooperative Information Gathering.
AAAI Spring Symposium, Stanford CA, March
1995.



[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

J. Pearl. Probabilistic Reasoningin Intelligent Sys-
tems: Networks of Plausible Inference. Los Altos,
Cdlifornia: Morgan-Kaufmann, 1988.

E. Riloff and W. Lehnert. Automated Dictionary
Construction for Information Extraction from Text.
Proceedingsof the ninth |EEE Conference on Artifi-
cial Intelligence for Applications, pp. 93-99, 1993.

S. J. Russell and E. H. Wefald. Principles of metar-
easoning. Proceedings of the First International
Conference on Principles of Knowledge Represen-
tation and Reasoning, R.J. Brachman et al. (eds.),
San Mateo, Californiaz Morgan Kaufmann, 1989.

T. Sandholm, and V. Lesser. Coalition Formation
among Bounded Rational Agents. 14th Interna-
tional Joint Conference on Artificial Intelligence
(1JCAI-95), Montreal, Canada.

R. D. Shachter. Evaluating Influencediagrams. Op-
eration Research 34(6):871-882, 1986.

D. Steier, S. B. Huffman, and W. C. Hamscher.
Meta-information for knolwedge navigation and re-
trieval: What's in there. Working notes of the 1995
AAAI Fall Symposiumon Al Applicationsin Knowl-
edge Navigation and Retrieval, October 1995.

J.A. Tatman and R. D. Shachter. Dynamic Program-
ming and Influence diagrams. |EEE Transactions
on Systems, Man, and Cybernetics 20(2):365-379,
1990.

M. P. Wellman and C.-L. Liu. State-Space Abstrac-
tion for Anytime Evaluation of Probabilistic Net-
works. In Proc. 10th Conference on Uncertainty in
Artificial Intelligence, pp. 567-574, Seattle, Wash-
ington, 1994.

W. Gio. TheRolesof Artificial Intelligencein Infor-
mation Systems. Journal of Intelligent Information
Systems, Vol. 11, No. 1, pp. 35-56, 1992.

W. Gio. Mediators in the Architecture of Future
Information Systems. IEEE Computer, pp. 3849,
March 1992.

S. Zilberstein. Operational Rationality through
Compilation of Anytime Algorithms. Ph.D. Dis-
sertation, (also Technical Report No. CSD-93-743),
Computer Science Division, University of Califor-
nia, Berkeley, 1993.

S. Zilberstein. Optimizing Decision Quality with
Contract Algorithms. Proceedings of the Four-
teenth International Joint Conference on Artificial

12

[35] S. Zilberstein.

Intelligence, pp. 1576-1582, Montreal, Canada,
1995.

Resource-Bounded Sensing and
Planning in Autonomous Systems. To appear in
Autonomous Robots, 1996.

[36] S. Zilbersteinand S. J. Russell. Optimal Composi-

tion of Real-Time Systems. Artificial Intelligence,
forthcoming, 1996.



