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Abstract mation resource at its base level in the near term — due to
its size, highly distributed and individual nature, and due
Based on experiences learned from the BIG [9, 16, 1% the intellectual property issues involved.
information gathering agent we have generated a new ap- |n our research, we attempt to address the complex
proach to sophisticated information gathering agent cortynamics of the web as it exists today, and to do so in
struction. The new architecture removes some researdduuch a way as to leverage likely near-term advances such
grade Al components, replaces others, and reframes thg the widespread use of XML. Our research builds on
problem space to support stronger domain problem solthe hypothesis that much web-related information gath-
ing. The end result is an architecture that will support Criering is done to support a decision process, e.g., which
sis response information gathering, travel planning, angkoduct to buy or whether it is safe to travel to some dis-
music-centered digital library information gathering. Intant country. Our overall objective is to enable a human
this paper we discuss the new architecture, provide ratigsser to describe the inputs to his or her decision process
nale for change and restructuring, and identify the newnd from said specification to automate the gathering,
technologies. Examples are framed in the travel planningtraction, and assimilation of information, and to per-
domain as this application is the closest to actual deployorm some lower level decision functions, e.suggest-
ment. The advantage of using agent technology in theggg which product to purchase @runing products that
applications is that it enables the software to meet reatiearly do not meet the specification. This is a specific
time deadlines, respond to the dynamics of the Internetass of information gathering activity and we believe that
environment, reason about client preference, and plan fer many such applications on-line information gathering
achieve the objectives. An agent approach will also facils required because the information need is highly cus-
itate future work in distributing the computation to mul-tomized and situated in time, i.e., the more up to date
tiple agents. information we have, the better.
Implementationally, the agent components and archi-
. tecture described in this paper are being used to support
1 Introduction crisis response planning (e.g., chemical spill response),

. . L . travel planning, and music-centered digital library efforts.
The web is a rich and fertile information resource. | P 9 9 y

. . . n this paper we focus primarily on the travel planning
is also a time consuming and complex resource to us

. S§omain because it is the closest of these efforts to ac-
for humans and software agents alike. Web-based in- . : . .

L . ual deployment. The architecture of this work is derived
formation is generally unstructured or semi-structure

. . : . fom our previous work in sophisticated problem solv-
has varying degrees of quality, and is often contradlctor)(ﬁgl agents in general, e.g., [15], and the BIG [9, 16, 17]
The larger Internet environment is similarly unruly — site o ' o

X Snformation gathering agent in particular. BIG (resource-
may be up or down, network bandwidth may vary, remOt%ounded Information Gathering) is an agent that can, with

queries may take predictably longer at certain times of thIﬁtle informationa priori, recommend software products

day or response times may spike in a seemingly rando . : . i
fashion. While advancing technologies, e.g., XML, ma;8 users by performing online search and discovery, gath

alleviate some of the problems of working with the Webering, and processing of free format information. BIG
€p . 9 .~ . ““lses a large set of research-grade Al technologies, e.g.,
we do not foresee it becoming a globally cohesive infor-
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blackboard problem solving [3, 4], information extractioncause BIG attempts to support gathering from arbitrary
[21], and Design-to-Criteria scheduling [26, 25, 24] forsites and processing of information in arbitrary formats
soft real-time agent contrhland the integration of these in much the same way that a human user would. In the
technologies is an interesting topic in and of itself. BIGcurrent line of research, we have replaced arbitrary online
is an ambitious research artifact. However, BIG’s comsearch, discovery, and processing with a predefined li-
plexity is an obstacle when it comes to actual online userary of online resources to which an agent may go for in-
in real application settings. Components like the blackformation. The agent also has a customized extractor for
board problem solver and the MUC-style (message urach known site — an approach typically used in informa-
derstanding conference) information extractors are 800tibn gathering agents, e.g., [B]The implications of this
problem solving gorilla’s that may not be needed for cerare that our agents do not attempt to locate new informa-
tain applications where the problem structure is well detion resources online while responding to a user’s query,
fined and predictable results are more important than ahus, the agents are more predictable but also less able
tempting active-search-and-discovery online. to adapt. For example, if all known sites are down, our
Based on experiences learned from the BIG projecggents cannot simply begin searching via AltaVista for
we have generated a modified approach to sophisticatadw resources. However, in the BIG project, it became
information gathering agent construction. The objectiveslear that arbitrary search and discovery is a very hard
of the revised architecture are: 1) to improve the undeproblem that requires all of BIG’s heavyweight problem
standability and predictability of the information agent(s)solving, e.g., associating certainties with data extracted
2) to simplify the process of re-deploying the artifactdrom web documents. This is why the activity of learn-
in different application domains, 3) to facilitate a multi-ing to use a resource and using the resource are often
agent approach to problem solving as in the WARRENNplit as in [8]. The modified architecture also differs in
portfolio management system [6], and 4) to enable oththat we have replaced the complex fusion performed by
ers to more easily reproduce the agent or to build on thIG’s blackboard with the activity of explicitly modeling
work. The new architecture removes some Al compothe information produced/required by individual actions
nents, replaces others, and re-frames the problem spauoel by a decision making component that reasons about
to support stronger domain problem solving. While wenformation assembly (where the information quality and
have removed many components from BIG’s prototypitype is highly predictable). In a way, explicit planning
cal architecture, the most notable are the blackboard plaplus custom information extractors replace BIG’s black-
ner/problem solver, the MUC class of information extrachoard problem solving and general extractors to produce
tion technologies, and the document classifier requiremiore deterministic agent behaviors. Primary similarities
to keep BIG from getting distracted (and recommendinfetween BIG and the current work are that agents reason
Adobe Acrobat as the word processor of choice) [16Jabout time limitations and resource bounds to produce re-
We have also rebuilt all of the new agent componentsults in soft real-time and that both attempt to address the
from scratch with the exception of the Design-to-Criteridentire picture” to produce usable results. In the follow-
scheduler — notes on the implementation can be found ing sections we shift gears and focus on an instantiation
Section 4. New technologies being deployed in the cuef our modified agent architecture. Research issues and
rent architecture include an information gathering planeomponents are thus discussed in the context of the trip-
ner and a decision making component that is active in th@anning application.
assimilation of information. The architecture and these
components are described in greater detail in the follow-

ing sections. 2 Related Work

It is important to note that the application domains_ ) . ,
targeted by this research are more focused and limitéd"iS research falls into the general category of “moving

than those targeted by the BIG project. BIG is designedP the food chain” [10] and constructing stronger infor-
with the underlying objective of creating an approach tgnation support than is provided by pure information re-
agent information gathering (for decision support) thati€val technologies [2, 14]. In most higher level work,

is general, flexible, and employs powerful technologiegqe objective is to return something other than a list of

for reasoning about information and extracted informaYRLS to the users. Examples of this include personal

tion. For example, BIG associates certainties with inforS"OPPINg agents that perform price comparisons such as

mation extracted from documents and attempts to resol/€ Original BargainFinder [13] and the ShopBot [8], though
conflicting data or uncertain data. This issues arise b@her types of personal agents abound [1, 20]. Some of

the major differences between the work presented here
1Soft real-time is used here to denote a mix of real-time in the hard

real time sense and “fast enough for the application” real-time which is “When XML becomes prevalent, the custom extractors can simply
the way the expression is typically used in Al. be replaced.
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and other personal information agents are that our agent
reasons explicitly about time and resource limitations and
that our agent performs more complex assembly of ex-
tracted information. For example, BargainFinder essen-
tially returns prices whereas the agent presented here rea-
sons about gathered information and preference and re-
turns completed itineraries. A more complete examina-
tion of BIG and our agent versus other technologies can
be found in [17].

mountains). Users also specify preferences for dif-
ferent forms of entertainment, e.g., concerts, plays,
golf courses, and specify preferences for hotel types
and rental cars classes. Input also includes the de-
sired time for the agent to search, e.g., “spend no
more than 5 minutes planning my trip.” This input
forms hard and soft constraints on the agent’s infor-
mation gathering process and on the way it chooses
between possible itinerary components.

Query Processor Query data is generated by the GUI

3 Tripbot: An Architecture Instan-
tiation

Along with the exponential increase of various online in-
formation resources, there are more and more online ser-
vices available related to the travel-planning domain. For
example, Travelocity (travelocity.com), Expedia (expe-
dia.com), Internet Travel Network (itn.com), and Travel-
Web (travelWeb.com) etc. are all popular sites for travel
services, such as air flights, hotels and rental cars. When

and passed to the query processor which in turn ex-
pands certain keywords using a semantically orga-
nized lexicon. For example, if a user includes “hik-
ing” as a keyword in the recreation category, then

a closely synonymous activity, if available in the
lexicon, such as “rock-climbing” could be added

to the query, with lower priority than primary key-
words. This enables the agent to search for related
information when it uses keyword driven, site-specific,
search engines.

planning a trip online, a traveler often requires a nUMEapability Assessor The raw query data plus the sup-

ber of services that are closely interrelated. Although
each service may have individual constraints, the whole
itinerary is also likely to be constrained by some overall
factors such as activity scheduling or total budgets. How-
ever, most travel service sites require the user to schedule
different types of services individually rather than con-
sider them together as a complete itinerary, and most of
them do not support tradeoff analysis. Therefore, the
users have to assemble these services together by them-
selves and to make sure all the services are compatible
and satisfy all individual and overall constraints. For a
longer trip involving many activities, there are generally
too many alternatives and constraints for simple and fast
evaluation by humans — which makes trip planning a te-
dious and time-consuming task. Our solution is to con-
struct an autonomous trip planning agent, called TripBot,
to help people reduce information overload by carrying
out certain classes of travel planning and itinerary con-
struction automatically.

3.1 Architecture Overview

Figure 1 shows the prototypical architecture as instanti-
ated for the TripBot travel planning agent. Control flow

plementary data produced by the query processor is
passed to the capability assessor component. This
component is a planner that plans to satisfy the
query. The planner, described in greater detail in
Section 3.3, plans from first principals but instead
of producing a fully ordered sequence of actions, or
a partially ordered sequence of actions, the planner
enumerates a subset of the agent’s problem solv-
ing options and describes them statistically in terms
of quality, cost, and duration. Instead of emitting
a single plan, the planner emits a family of plans
modeled in the TAEMS task modeling language [7,
23], which is the modeling framework used to rep-
resent and reason about the agent’s problem solv-
ing options. This is discussed further in the context
of the Design-to-Criteria scheduler below. Along
with the family of plans, the planner also emits a
dependency specification that defines the expected
inputs and outputs of actions as they execute. TAEMS
is deliberately abstract and lacks such notions. Both
planning from first principles and the typed depen-
dency based reasoning are features unique to our
new architecture and not found in BIG.

begins and ends with the GUI at the left side of the figurddesign-to-Criteria Scheduler The TAMS task structure

The key components, in control flow order, are:

GUI The web based user interface is where the travel
planning process begins. Via the interface users ex-
press trip objective criteria, e.g., travel dates, cost
limits, and desired vacation classes (beachy versus

emitted by the capability assessor (above) is then
passed to the Design-to-Criteria schedule for anal-
ysis. The scheduler has been used in numerous
agent projects to evaluate the agent’s options and
to determine a course of action for the agent, e.g.,
[15]. The scheduler is documented independently
in [26, 25, 24]. The scheduler is part planner and
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Figure 1:The TripBot Agent Architecture

part scheduler in that it decides which tasks to per-
form and how to go about performing them in ad-

dition to sequencing out the agent’s activities. The
scheduler reasons about deadlines, resource limit
tions, abstract interactions between tasks, cost lim-

unstructured text. This data is inserted into trip ob-
jects, which contain fragments of itineraries or par-
tial itineraries.

Becision Maker The trip objects produced by the wrap-

pers/execution subsystem are passed to the deci-

Execution Control Subsystem The output of the Design-

itations, and preferences on quality, cost, and du-
ration. It is a trade-off analysis expert and what
makes this agent, and BIG, able to meet real-time
deadlines and to perform differently in different cir-
cumstances, e.g., flexible degradation in the face of
limited time. BIG’s trade-off behaviors are docu-
mented in [17, 9].

sion maker, described in greater detail in Section 3.4,
which uses the client preferences to construct and
select itineraries for the client. In future versions of
this work, the decision maker will be invoked dur-
ing execution and will possibly provide feedback to
the user who can then refine his or her preferences
and modulate the search as it progresses. This con-
trol concept was also targeted for BIG though never

to-Criteria (DTC) scheduler is a fully ordered se- implemented.

quence of actions for the agent to carry out. In con-  of these components the research grade technologies
trast to BIG, where certain actions are performege the Design-to-Criteria scheduler, the query proces-
in parallel, the parallelism feature of DTC is notgoy, the capability assessor, and the decision maker. The
currently used in our agent (to simplify the con-pesjgn-to-Criteria scheduler is a mature artifact that has
struction of the execution subsystem). The exeCyseen in service, but evolving, since 1995. The other com-
tion subsystem combines the schedule with the agsonents are notable in that they differ significantly from
tion dependency specification and the actions (CoRpgse used in BIG or they are completely original. We

tallined inthe action library) and executes the schedns giscuss them in greater detail in the following sub-
ule. sections.

Internet Site Wrappers Actions performed during exe-

cution basically reduce to invoking a specific web3.2 Query Expansion

;gi V;:]%ppzsfs(iissg)lglr?tes V\:'(t)h rtigtee agrlgr?qé?e?:eéf pe values of the keywords part of the user’s query will
) P 9 9 .approp b "Bt expanded based on information encoded in the seman-

example, one m_lght .'nVOke the Wether'Com Wrap'Eically organized lexicon WordNet [5] as well as in our
per with a specific zip code to obtain the five dayown theme-based lexicons. For example of the use of
forecast for a given area. The wrappers handle “’\ﬁ/ '

http get requests, grab the html output, and pro. ordNet, if a user includes "mountaineering” as a key-

. word in the recreation category, then a closely synony-
cess the output to obtain structured data from thﬁ,] - gory, ™ e y” ynony
ous activity — one of mountaineering’s "senses” such as
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"climbing” could be added to the query, with lower prior-the agent may carry out and how these relate by defining
ity in the search than primary keywords. the agent’s problem solving structure, e.g., which tasks
The use of these lexicons enables a variety of arbaffect others, precedence constraints, how quality propa-
trary distance calculations to determine a set of words rerates through the graph, etc. However, TAEMS task struc-
lated to the keywords. We are examining a calculation dfires are deliberately abstract — though TAEMS actions
closeness of two terms based on a combination of qualigre characterized via discrete probability distributions in
and similarity distances through the relations provided bterms of quality, cost, and duration, the internal details
the lexicons. Priority grading has priority over y and  of the actions are omitted. Actions in TEMS are essen-
similarity = is more similar to z than y functions, in tially black boxes. This abstraction is sufficient to per-
addition to some hand-crafted, domain-dependent weiglitém scheduling and analysis of TAEMS task structures,
based on trip related "scenes” guide the selection of difbr even coordination between multiple agents, but, more
ferent sets of keyword sets used to query. For an exampletail is necessary to actually carry out the actions in the
of the latter information a beach scene might invoke th&ask structure.
set{"towel”, "ball”, "coast”, "fish”, "trail” }. Though rich in some respects, a static TAEMS task
The expanded set of keywords may then be used &tructure is inadequate to wholly describe the entire range
expand the information gathering phase of the agents aaf problem solving options of a complex agent in all cir-
tivities. It will initially use the following strategies to fo- cumstances and for all time. While one could actually
cus its search at these choice points: fully enumerate all of an agent’s options for all points
_in time via TAEMS, the structure would be enormous as
1. Closeness of expanded set of keywords to the orig-zz s does not fully support concepts like loops and the
inal set based on similarity and quality. representation is stateless. TAEMS is perfectly well suited

2. Closeness of match between expected informatidR P& emitted by a complex planner or problem solver,
gathered and user's query, i.e., each informatioRUt: in the general case, it is insufficient in and of itself

source has a type associated with it. The name {e replace a planner or problem solver. Some of the key

that type in the semantic lexicon could provide théProblems are:

basis for this measure. 1. No support for abstract action types although

the possible actions represented in a TAEMS task
3.3 Capability Assessor structure are abstractions by virtue of their statisti-
cal characterizations, they are still instantiations of
more abstract action types which may have a range
of situation-dependent statistical characterizations.

The problem facing a situated information gathering agent
is that of deciding what actions to perform that adequately
satisfy a user’s query in a timely fashion. There are dif-

ferent approaches to this problem. However, today itis 2. sijtuation not explicitly recognized even if one

widely held that a planning component is essential [27]  was to enumerate extensive sets of different func-
to provide the flexibility and customizability required for tionally grouped actions with situation-dependent
complex and variable user queries. There are a variety of  characterizations, there is no explicit supportin TEMS

ways that this Component has manifested itself, i.e., as an to choose the proper set dependent on the situation.
extension to UCPOP [12] or as a mix of components in

BIG [16]. The latter approach is of particular interest to 3. Fixed structure, variable functionality there are
us since we too seek to leverage the sophisticated reason-  complex, situation-dependent relationships between
ing provided by a DTC scheduling component. functional decompositions of agent actions in TEMS
DTC provides a way of selecting and scheduling sta- that TAEMS cannot itself represent, i.e., it has no
tistically characterized sets of agent actions organized us- ~ metalanguage support.
ing the TAEMS language. Visually, TAEMS is a tree that . o
describes the hierarchical decomposition of tasks (and AN €xample from the aforementioned application do-
goals) into subtasks and finally into the primitive actiongn@in is used to illustrate these limitations. A TripBot
that can be used to carry them out. TAEMS task stru¢Ser mighteventually specify as part of a larger query that
tures serve as the input to DTC — it is how DTC underthey are not particularly interested in plane travel, would
stands the agent’s problem solving options. Our view diather camp on a beach than stay in a hotel, is interested
the role of TZMS is evolving and we currently like toin Visiting a wide variety of high-quality restaurants, and
view a single-agent T/AEMS task structure as an abstra¢Puld like TripBot to take at least an hour trying to find
characterization of an agent's capabilities at a particuld 900d trip that meets his or her requirements.
instant in time and within a particular (larger) problem  ItiS possible to provide a TAMS task structure tem-
solving context. The task structure specifies what actiofiate that would address meeting the broad objectives of
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the above user’'s query. That is, part of its decomposdered sequence of actions, but rather a family of hier-
tion could contain tasks relevant to gathering informatiomarchically and functionally organized, statistically char-
about what means of travel are available to his or her deaeterized components of such sequences — TAEMS task
tination in addition to what accommodations are availablstructures. Another difference is that only the semantics
in that location, including, possibly, hotels and campingof task and method interactions must be modeled, po-
Other tasks could address, broadly, finding restaurants tiential interaction dependencies and resource contentions
the area. There are some problems with the template dpetween action sequences that would normally have to be
proach. We will examine two: focus and flexibility. resolved by a planner are resolved by the DTC scheduler.
The problem of focus when actions from a task struc- The CA task structure generation algorithm resem-
ture is one of where to focus to maximize the quality obles that of an ordered HTN planner [18] in that each path
the agents actions. Let’s consider the naive case first. Théthe generated task structure is decomposed according
agent could be given an unmediated generic TAEMS tast specified decomposition operators until primitive ac-
structure for gathering trip information. In this case, thdions are reached, at which point the decomposition oper-
agent’s initial schedule would undoubtedly contain acations halt on that branch; a subset of applicable actions is
tions that could add little to the goal of satisfying a parthen included at that point in the task structure. The task
ticular user’s query parameters. That is, using a generitecomposition algorithm requires a high-level task as its
structure, more information about hotels then campinmput. The initial world state is empty unless otherwise
might be gathered. specified in the input parameters. It then uses task opera-
One step up from this scheme would be one in whickors and methods provided in a domain information file to
a generic TAEMS task structure is mediated by a modelecompose the initial task into a set of task substructures
which might adjust the quality distributions of various ac-describing alternatives for satisfying the top-level-task. A
tions under a prescribed functional decomposition. Sudkimplified example follows.
a mediation system might set the quality of irrelevant
actions to zero, thus effectively pruning them from thd spec_task (name Create_Trips))

space of considered actions. The problem here is that i , .
such a scheme, if done without potentially complex com- The CA firstlooks for a method with the nar6eeate_T'rips.

putations about the interactions between the "pruned” aE_ailing tofind one, it Ioo.ks foran operator with that name.
tions and other actions that are part of the initial structur might have the following operators:

may dramatically change the range of schedules availab(lg pec_oper at or

from the task structure in undesirable ways. This problem * (hane create Trips)

can arise because of the arbitrarily complicated semantic  (deconposi ti on

mapping between the actual agent capabilities and envi- Get _Query_Info
ronments and their TEEMS abstractions. +Gather _Trip_Info
The problem with both schemes is that it still provides Make_Deci si on))

no way of expanding the given range of actions to include

more options related to the user’s preferred outcome. Pec_operator _

this same vein, the parameterized template provides lit-  (name Gather_Trip_Info)
tle support for opportunism or handling of failure condi- (decigfs"zf ; Oﬂt

tions, i.e., support for assessing the agent’s capabilities +Got _Hol gl Ss

in terms of a TAEMS task structure in a context-sensitive +Get :Rent al _Cars))

manner. Moreover, the route from a complex query in-

volving preferences like those given above to a TEMS Here, the CA would choose th@reate_Trips task

task structure is a potentially complicated one. That ifiecomposition. This would replace ti@&-eate_Trips

constructing an adequate characterization of a goal frofgsk at the head of the list of tasks to expand into at least

a user’s stated query parameters and then using that gé@lee new tasksGet_Query_In fo, Gather Trip_Info,

as the basis for search through a space of agent capabihd A/ ake_Decision. The '+ sign in front of a task

ity descriptions is, in general, a task that requires a moligame in the decomposition field of an operator is to in-

sophisticated approach then those described so far.  djcate that the decomposition may contain one or more
We have decided to approach the problem of chagf that task.

acterizing an agents capabilities at a given instance and To complete our simple example, the CA would then

within a given goal context as a planning problem. Howghoose available methods which complete the above tasks.

ever the formulation of the problem and its solution differ=or example, it might choose the following method to add
in some important ways from other planning problemsto theGet_Flights task.

One difference is that the resulting structure is not an or-
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(spec_nethod_i nfo

(nanme Query_AOWFIlights)
(famly Get _Flights)
(construct or _par amns
(:internal Executor)
(:internal Duration)
Cty
Cty
Dat e
Dat e
Aird ass
Airline)
(results AirFlight)
(out cones
(outcore_1
(density 1.)
(quality_distribution
0 .20 10 . 80)
(duration_distribution 40 1.0)
(cost_distribution 0 1.0)))
(i npl enent ati ons

3.4 TheDecision Making Module

One of the key components in a personal agent, such as
TripBot, is the decision maker. Typically it is the deci-
sion maker that reasons about gathered information and
the artifacts produced by combining the information. In
the BIG information gathering agent, fusion is the job
of the blackboard problem solver whereas the decision
maker’s function is primarily evaluation. In the TripBot,
the decision maker also performs fusion because the fu-
sion process is intertwined with user preferences evalu-
ation, i.e., TripBot must use user preferences to control
combinatorics in order to produce a final set of objects
from which to return one (or a ranked set) to the user.

The decision making research has several different
facets: 1) the specification of user preferences which we
call constraint selectiorR) the use of preferences in prob-
lem solving, which we cakkvaluation and 3) controlling
combinatorics to produce a set of itineraries appropriate
for the client.

(inplenentation_1
(pl atform Java)
(cl ass
wr apper s. AOWFI i ght W apper)
(met hod AOWFI i ght W apper))))

3.4.1 Constraint Selection

In the TripBot implementation, the user preferences can
be set as certain constraints over a set of individual and

The above QueryAOWFlights method would be adde?verall factors. Generally, these constraints can be de-

under theGet_Flights task in the generated TAEMS task '”eF’ as cos_t, quality, and duration. _Often these con-
structure by creating a unique symbol for the method |Straints are interrelated or even conflict, therefore, the

bel in the structure, appending its statistical distributionsEfaChanue of "Constraint Satisfaction Problems” (CSP)

and adding the dependencies between it and other meth2S apph_ed in the Qeusmn—makmg module to get more
ods or tasks, if there are any. These interrelationshié)spt'mal trip alternatives. .

create a resource or information flow dependency grap There are tW(_) pres of constraints that USETS can spec-
that contains information for every possible schedule’ when they initialize a request to the TripBot, these

method/parameter dependencies, and is used by the o&@nstraints are so called "hard constraints” and "soft con-

cution subsystem to track resources generated or requi fraints [1;]' Hg\rd (ionstragnt IS da tfhreshok.:if.th?t mdmatei
by the instantiated actions of a schedule in a resource _e”upper ound or lower bound of a specific factor, suc
ble. as "l am not willing to spend more than $700 dollars for

We are working on a version of the CA that wil han-th's trip”. Soft constraint can be used to express user’s

dle disjunctive requirements and complex return typef,%”ter_Ia as a scale of prefere.nces using welghts, such as
he importance of the cost is 20% and the importance

and a more refined system of quantification. There ar]c he hotel lity is 80%” which bei d
also some additional complexities endemic to task dé’— the hotel quality is 0", which can be interpreted as

composition within the TAEMS formalism because of thebUt the hotel quality is more important than the cost”.

fairly extensive variety of relations supported between Hard Iconst_ralnt_s are lt;}emg used in mOTt of th_e Oﬂ'
tasks, subtasks, and actions and we are incrementally f,Hle tr:’;\ve service sites, where users can only spe(_:lfyt N
corporating them as we find need for them in the appli-hard thresholds such as departure date, cost limit, spe-
cation domain. Since speed is a concern, we are tr ific airline name, and hotel chain etc. before the search.
' ’ %he problem of hard constraint is that it may cut out

ing to effectively balance expressiveness and efficiency i X ; .
ome potentially more optimal candidates. For example,

our approach. Initially, we have focused on producing ﬁ .
r _there are two trip plan A and B, both of them offer

fast, expressive planner, i.e., knowledge-based, forwa i . ,
searching, and total-ordered, but we are looking more S‘Edgentmal services except that the plan A includes a 5-star

riously now at expanding it's cross-domain capabilitie otel stay with total cost of $705, and the plan B includes

and mitigating the amount of knowledge engineering re"illl'Stp‘:j‘rI ho&el;t?ty thrt_‘h to:ﬁl COISt o|l;$659(t)._fﬁiﬁparently tTe
quired to model decompositions. pian A looks better than the plan b. but it he user only
sets a hard constraint saying that the total cost can not be

over $700, then the plan A will be pruned and the plan B
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will be selected. Therefore, making a decision only basestraints. When re-composing an itinerary from these ser-
on hard constraints is not very flexible. vices, a choice may be optimal for some of the criteria
Soft constraint is more flexible since it can expresdut the same choice may become the worst solution for
user’s relative preference without specifying the detailothers. The decision-making module attempts to solve
It allows sub-optimal solutions to remain in the searclthis situation by applying the utility theory to generate a
space in order to get more relatively optimal result. Buhumerical score to rank the solutions. The idea of util-
the problem of soft constraint is that it lacks some kind ofty theory is to use "utility” to quantify the "quality of
standard while performing comparison. In another word$eing useful” [19]. In the decision-making module, util-
sometimes it is hard to know how good is good enoughy functions are used to map the degrees of constraint
or how bad is too bad. Back to the above example, gatisfaction to real numbers. A getUTtility() function is
this time plan A includes a 5-star hotel with total cost oimplemented for each travel object and is called during
$3000, and plan B includes a 1-star hotel with total coghe decision making process. What the utility function
of $690. Usually we draw a conclusion that the plan Adoes is to compute the utility of a specific service based
is too expensive to stay. But if the user only sets a sofin a set of user preferences passed from the user-input
constraint saying that the hotel quality is much more iminterface. Then the overall utility of an itinerary can be
portant than the cost, then the plan A probably will becalculated as the weighted sum of the utilities of all con-
selected despite the fact that the user may not be abledtrained services. Also in the decision-making module,
afford it. hard constraints are formulized to compute the absolute
Therefore, in the decision-making module of TripBotutilities and soft constraints are formulized as the weights
we associate these two types of constraints together in dor certain utilities. The idea can be illustrated using the
der to get more optimal and flexible solutions. Figure 4 téollowing equation:Uy; = > p;U(S;), WhereUy; is the
Figure 6 shows the input interface of the TripBot, wheraverall utility of a specific itineraryS represents a partic-
the agent asks a user to specify some criteria of the triplar servicelJ (S;) returns the utility of a specific service,
Among them, destination, departure time, preferred aiandp; is the weight of a specific utility and defines how
line, and total cost limitation etc. are hard constraintdmportant it is relative to the others.
and the importance of hotel quality, flight quality, rental-  To simplify the model specification, it is assumed that
car quality and the importance of total expense limit etca set of services is mutually utility-independent. There-
are soft constraints. Rather than arbitrarily separates ofatre, the preferences over the individual services do not
acceptable itineraries, decision module computes a ranetepend on the level at which the other services are achieved.
ing number for each itinerary that reflects the degree fofable 1 illustrates some of the constraints that are cur-
which both types of constraints are satisfied. By this wayently being reasoned during the decision making pro-
we can keep a larger and more reasonable itinerary seadss:
space to let the decision making module work on, and Although most preferences are explicitly indicated by
hope it can generate more optimal solutions. Back tthe user in the input form, the agent still keeps some de-
the previous example again, this time the agent gets thréult preferences. For instance, if there are two itineraries
possible trip candidates. Plan A, B, and C have identiwith similar quality, by default the agent will favor the
cal services except that the plan A includes a 5-star hoteheaper one despite that user does not set any cost pref-
with total cost $3000, the plan B includes a 1-star hotedrence. The agent also assumes that shorter flying time,
with total cost $690, and the plan C includes a 4-star hoté&ss number of stops and higher quality of hotel service
with total cost $750. If we apply both hard and soft conetc. are preferred by the user.
straints such as "the cost limit for the trip is $700” and
"the hotel quality is much more important than the cost343 Constraint Satisfaction Search Algorithm
during the decision making, then a TripBot probably will

assign a higher ranking number to the plan C if the ageftY applying the utility functions we can have every pos-
has been properly knowledge engineered. sible itinerary been evaluated. Then the itineraries with

highest ranks can be picked out as trip recommendations.
However, there is something wrong with this scenario.
Let’s consider a simple trip planning which only consists
In order to recommend the best itinerary to the user, thef 40 possible air flights, 40 possible hotel stays, and 40
itineraries must be evaluated and compared to each othpassible rental cars. There are total 40 x 40 x 40 = 64000
One complete itinerary consists of many different serdifferent itineraries. In order to get the most optimal so-
vices such as air transportation, hotel stay and rental clation, we have to compose all these itineraries and then
etc. The problem during the evaluation is that these seevaluate them. It might be fine to compute 64000 alter-
vices are often with competing and even conflicting conratives in a modern machine, but how about if we have to

3.4.2 Evaluation Algorithm
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| | Flight | Hotel Stay | Rental Car | Total Expense]
Departure time | Hotel location | Rental company

Quality Flying time Hotel chain Car type
# of stops Hotel service
Airlines
Cost Flight price Hotel price Rental price Total cost

Importance of Importance of | Importance of the| Importance of
Weights | the flight quality | the hotel quality| rental car quality | the cost limit

Table 1: The constraints being evaluated in the decision-making module

reason about 10 different services and each service hitight quality, hotel quality, rental car quality, and the im-
100 different instances? It is just simply too much tgoortance of the total cost. The agent then converts these
compute. preferences into a user model, adding default preferences
Basically, this is a Constraint Satisfaction Problenfor unspecified attributes. Default preferences are com-
(CSP). Therefore, our approach is to make the decisiomon to almost all users. For example, most users prefer
making module acts as a constraint solver, which applidggher quality services. But between two services with
proper searching algorithms to effectively reduce the seasithilar quality, most users want the cheaper one. Most
space without losing too much optimization [22]. Theusers prefer non-stop flights rather than changing planes
specific searching technique currently used in the decgeveral times during the trip etc.
sion module is Forward Checking. The algorithm can be Though user preferences are used in the decision-making
simply illustrated as following: First, each service objectomponent in the later stages of the agent’s process, they
will be partially evaluated and be pre-sorted based on ire also used early in the process to target the agent’s ac-
service utility in each service category. The objective ofivities. In the current implementation, these preferences
the pre-sorting is to prepare the search space for the C&Re passed as input to the agent’s planning component,
solver. Then the forward checking algorithm is applied tavhich decides where to find information resources, when
effectively reduce the size of CSP by looking ahead antb use them, in what order, and so forth. After the agent
pruning all of those itineraries that may violate the overaltollects all the necessary information, it will invoke its
utility threshold. One simple trial run shows that this al-decision making component to construct itineraries based
gorithm successfully reduced a 10x10x10 search spacedn user preferences so that only “good” itineraries are
126 instantiated itineraries. Among them, ten itinerariesonstructed and evaluated, which is done by applying a
with highest utility scores were selected and presented tmnstraint satisfaction search algorithm. By focusing on

the user. (potentially) “good” itineraries, the agent can avoid gen-
erating too many possible combinations, since in most
3.5 Extended Example cases producing and evaluating all itineraries is not feasi-

ble due to time and computational limitations.

To demonstrate the operation of this system, we provide In the above example, first the agent will generate
an example of using the system to plan a family vacaseveral city candidates associated with the trip type and
tion. When the destination of the trip is unconstrainediegion. Then for each destination city, the agent will col-
possibly the most entertaining and useful function of théect related information and construct and evaluate possi-
TripBot is to suggest destinations that fit some input crible itineraries. In the current implementation, four vari-
teria. ables are considered in the decision-making. They are

For example, the system begins with the user staflight quality, hotel quality, rental car quality and total
ing that he wishes to travel from Boston to the Southeost quality. The algorithm proceeds by assigning each
east with his family (2 adults and 1 child) on August 10{light, hotel and car variable with a value, which is calcu-
They want to spend a week on the vacation and also walaited by utility functions. For example, a specific flight
to limit the total expense (transportation, accommodatiovariable will be evaluated based on its departure time, to-
etc.) to $3,000. They wish to visit somewhere with &al flying time, the number of stops, the name of the air-
beach and an amusement park nearby. Their daughtire, and its cost. Therefore, a straightforward depth-first
enjoys movies, and all of them would like to attend akearch algorithm can be applied to construct and evaluate
least one concert. They enjoy ltalian and Chinese fooghossible itineraries composed from these variables. The
They also specify other preferences like the airline, hagtility of each itinerary is a weighted sum of flight util-
tel chain, rental car type and rental company. Several safy, hotel quality, car quality, and the total cost quality. To
constraints can also be specified such as the importancerefluce the search space, an overall itinerary utility thresh-
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Figure 2: Pruning During Itinerary Construction

old can be set to distinguish those acceptable itinerarie3,6 Wrappers
and pre-evaluation and sorting of all flights, hotels, an th . 0 denote th de that
cars can be conducted based on their utility values. No € use the expressiomrapperto denote the code tha

that some pruning can take place in the search tree. F%?nceptually wraps Intetrnetb5|ttes Ior ourterllge-nt. W? qtrg }
example, suppose the values of varialtlare ordered as af(:hwrla?perst?s awayloa i’ r:;tc awéy h € irregu &tmkles
ay...an. If assignmentd = a4, and all of its children do ofthe Internet to a common Interface. ach wrappertakes

n a set of parameters and returns a vector of data struc-

not satisfy the itinerary utility threshold, then we do nolf[ led f Int t site. When th
continue to search = a; where(k < i < n), asillus- - o> COMPIEd Irom an fniernet site. en the exect-

trated in Figure 2. Finally, for each destination city, threéIon subsystem reads n a rgquesteq wrapper call from
the schedule, as shown in Figure 3, it first looks up the

top-ranked itineraries will be displayed along with their” . i X .
utility values and other additional information, such asaCt'On gsso_uated with the_ scheduled TAMS m‘?th"d n
e action library. The action is then referenced into the

local weather, local movie theaters, concerts in the aresg‘, q h and th tion d d .
and local restaurants with user’s favorite cuisine. Sati _tepen edncytgrap b'ant eac Kt)n edp?n er:ﬁles (param-
fied, the user ends the session. eters and return objects) are returned from the resource

It is possible that a potentially qualified itinerary will database. The wrapper is then instantiated with the re-

never be produced because the candidate components ged p?r:arrlﬁters and gn;\en z:mahxwgumtﬁxgcut_lofn time.
pruned during the intermediate phases of the process. TI €n erher the wrapper nas finished gatneting informa-
aQn, or the time limit has expired, the internal data set of

is because the total trip cost depends on the costs of tt is ret d to th i bsvst d
trip components. However, when ordering flight, hotel, € wrapper IS returned fo the execulion subsystem an
ered into the resource database.

and car variables, the total cost is an unknown quantitﬁmI this imol tati ati bsit
i.e., these activities are treated as being independent to tn IS1mp elm(fen a |0fn W; use s atl 'ﬁ_wets' ewratp;]pers
avoid having to generate all possible itineraries in orde atuse a simpie form of pattern matching fo parse the re-

to compute the total cost. The end result is that we m It of_querie_s. Fo_r example, awrapper that finds concerts
prune out some potentially qualified itinerary with vari- oragiven qty might take as a parameter a date and the
able A neara,. This is an example of making a set ofhame of a city. The wrapper would then perform a query

local optimizations that are not guaranteed to combine e cciﬂcerttvenug §efarch et.ng'r}e suchas Fogfstatr.co_ll”_nhgnd
a globally optimal solution. parse the returned information for concert objects. This

While we have not yet fully addressed this issue, somoncert wrapper has an internal representation of what a

improvements have been proposed. One possible Wot?r?ngert objectt lO(t)kS I|I(<jef|n antrI:TML pa?e, andhs_eartches
around is to adjust the itinerary utility threshold. A lower € document returned from the query for €ach instance

threshold means more itineraries will be constructed an th? reprege_ntatmn. The internal represgntaﬂon ISa set
string delimiters, one for each member in the object.

luated, therefore d ing the odds that tinfAISY .
evaluate eretore decreasing the odds that an opi Figure 4 shows how the Pollstar concert wrapper iden-

itinerary will be pruned away. Another option is to set . . .

the threshold dynamically based on the size of the spa%'%es concert objects in a page returned by Pollstar.com.

involved e wrapper identifies vertically spaced entries by loca-
) gon delimiting strings around concert fields. First the

Returning to the example, at the end of the procesYvrapper finds a date field by finding its delimiting strings
for each destination city, three top-ranked itineraries wil TML, then the artist field, and finally the venue field.

be displayed along with two extreme cases, the cheapég it has identified these fields it lat i
itinerary and the highest quality. Though there are ma erithasgentified tnese nevds It can popuate a concer
é)ject and add it to its internal data set. After the wrapper

other candidate mixes or heuristics that could be used I find date field hen its i
provide a range of choices for the client. can no longer find any more date fields (or when its timer
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Wrapper-k

[ schedule ] |
Parameters
—.| Execution Control Resource
Dependancy Graph Subsystem Results Database

1 \ Action
Library
Wrapper-1 Wrapper-k Wrapper-n

| | | |

Info Info Info
Source Source Source

Figure 3: Wrapper Invocation

Congert O

Date Field Artist Field Venue Field

addToDataSet( new Concert{ "Lynard Skynyrd"”, "Bangor Auditorium & Civie Center", "05/19/01") );

Figure 4: Wrapping for Concert Information
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runs out) the wrapper returns the objects populated frothe Internet environment, reason about client preference,
the query to the execution subsystem. A future expansi@nd plan to achieve the objectives.
might be to create a system that can dynamically create Implementationally, this work is in its formative stages.
wrappers, or learn how to wrap web sites autonomouslifjowever, we are building on a strong research foundation
asin [8]. set by the BIG agent and the Design-to-Criteria scheduler
is a mature technology. We believe the architecture de-
. . scribed here will address the requirements of the above
4 | mplementat|0n Overview applications without significant modifications.

) ) ) On the research front, aside from the overall architec-

The TripBot agent is currently running on an 800mhz,;.e ang view of the problem space, the decision module
Pentlum. 1, with ;28MB Ram under R_ed Hat Imux_ 7.0_. uses a new CSP approach to online trip planning where
When itis put online (at mas.umes.maine.edu) it will Miy,qer criteria and preferences are explicitly modeled as
grate to a machine with dual 1ghz processors under linux, hination of hard and soft constraints. Preferences and
The larger machine has more more RAM and a SCS)\51yation are also used in the decision module to control
drive subsystem, however, itis worth noting that the Tripgompinatorics. The end result is that the TripBot allows a
Bot will run well on machines with much less processing;ser tg examine a large set of possible solutions in a rea-
power than the 800mhz Pentiums being used for develoggnaple amount of time. In the future, we hope to show
ment. Most of the TripBot is implemented in Java, thoughy, ¢ TripBot outperforms any existing tools on this front
the Design-to-Criteria scheduler is written in C++, then js faster than human driven online travel planning.
Capability Assessor uses Allegro Common Lisp(ACL)  There are plenty of open questions and areas for im-
6.0, and part of the user interface uses Perl. provement in this research. In the decision-making pro-

Screen snapshots of the GUl are shown in Figures 5,8,45 other heuristic search algorithms may be explored in

The current implementatipn status is that each of the conge fture. Additionally, the TripBot currently uses only
ponents has been tested in the small and most of the comimited number of travel related information sources.

ponents are currently working together properly. We cafy, the future, more travel sites should be added to the
execute the front part of the agent problem solving prorinpays jist of resources to enhance flexibility, improve

cess and the latter stages independently — the decisignor recovery, and to potentially improve accuracy. The
maker and execution subsystem components are currenlyen could also use a more flexible integration of con-

being integrated and the integration does not involve anyy,| - gecision-making, and user preference specification
research issues. In the future, we would like to distribute ideally the user should be able to see what the agent

the key components used in the TripBot and to create egaes; while it does it, and provide guidance or feedback

timates for the resources required to customize them fQf,jine There is also a great deal of room to improve per-

other information gathering applications. sonalization of the TripBot's services, e.g., storing user
preferences and recording default values. There is also

5 Conclusion and FutureDirections oom to explore additional value-added services that the
TripBot agent could provide. For example, destination

We have presented a new view on real-time informatiofu99€stion, travel route planning, and the integration of

gathering agent construction that differs from the approagHV'ng _dlrectlons and other classes of information into

used in the BIG information gathering agent. EssentiaII)},he basic agent.

we have eliminated and replaced the components that were

necessary to address arbitrary search, discovery, and PE- Acknowl edgements

cessing online because they were also difficult to adapt

to new domains and less predictable than other, less afe \would like to acknowledge the efforts of the UMASS

bitious, technologies. We also replaced the opportunisti§|s agent team members who did not participate directly

internal control and the pseudo-hand-generated procggsnis work but from whose work some of these ideas are

prototypes used in BIG to produce TAMS task structureseriyed. The BIG agent was constructed by Victor Lesser,

with the capabilities assessor / planning component thérryan Horling, Frank Klassner, Anita Raja, Thomas Wag-

generates TAEMS task structures from first principles. ner, and Shelley XQ. Zhang. Aspects of the work pre-
The modified architecture is being deployed on crisigented here are also being deployed in a related digital

management, travel planning, and music-centered digitiyrary project and the collaborators on that effort include

libraries projects. The advantage of using agent techngkqy ang Elise Turner, also of MaineSAIL, and Tom Wheeler.

ogy in these applications is that it enables the software (g oyl also like to thanks other researchers who have

meet soft real-time deadlines, respond to the dynamics gf iinued to help evolve TZAEMS and TAMS based con-
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