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Personal assistant agents capable of proactively offessgstance can be more helpful to their users
through their ability to perform tasks that otherwise wordduire user involvement. This article char-
acterizes the properties desired of proactive behaviorg®rsonal assistant agent in the realm of task
management and develops an operational framework to inguiesuch capabilities. We present an ex-
tended agent architectural model that features a metaibier charged with identifying potentially
helpful actions and determining when it is appropriate tdqsen them. The reasoning that answers
these questions draws on a theory of proactivity that dessniser desires and a model of helpfulness.
Operationally,assistance patternepresent a compiled form of this knowledge, instantiatimeta-
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reasoning over the agent’s beliefs about its user’s aetivias well as over world state. The resulting
generic framework for proactive goal generation and deditien has been implemented as part of a
personal assistant agent in the computer desktop domain.

Keywords Assistive agents; proactivity; task management.

1. Introduction

An enduring vision is the intelligent personal assistargraghat can aid people in their
day-to-day live$:>” Over the last 20 years, research has explored personakssiance
in domains as diverse as elderc&teffice applicationd? military command and contrgf,
and recreation and tourisf.

We are interested in aiding a human user in managing andrparfg complex tasks
in an office desktop setting. As such, our overall goal is wuoe the amount of effort
required by the human to complete the tasks that she wishgsrform. Effort here en-
compasses both the activities necessary to perform ths,taskl the cognitive load in
managing and monitoring them; we use the téask managemenmd describe broadly the
planning, execution, and oversight of tasks. It follows thgersonal assistant agent may
aid its user directly by performing tasks on her behalf ordnjanction with he® and in-
directly through actions such as providing context for herkytriaging information, and
offering suggestions and remindéP38

We have explored these ideas within a system for intelligemsonalized assistance
called Cognitive Assistant that Learns and Organif€AL0).2* The focus for a CALO
agent is to support a busy knowledge worker — highly compgteriessionals whose tasks
are complex, adaptable, and collaborative in nature — itirdgavith the twin problems
of information and task overload.Specifically, CALO’s task management capabilities
are grounded in a module called tReoject Execution AssistaifPExA)8° This article
describes the architecture and design decisions of thertaskgement functionality within
the implemented PExXA module. For the sake of simplicityhis article we will refer to
the system only as CAL®.

Prior to the work described, CALO’s task-related capabuitvere manifest idelega-
tive behavior in which the agent adopts intentions only in response tagekplicitly
assigned goals by its user. CALO is able to perform a variétpatine office tasks del-
egated by its user, such as arranging meetings and contplatime forms, as well as
more open-ended processes such as purchasing equipméitesopplies and arranging
conference traveX

An obvious limitation of CALO’s delegative model is the laok a proactive capa-
bility that would enable the agent to anticipate the needisofiser, as well as to an-
ticipate opportunities and problems, and then act on its mitiative to address them.

aComplementing PExA's capabilities for task managementAh G are a meeting assist&ftand an information
assistant? The meeting assistant is designed to enhance a user'sipatitia in a meeting through mechanisms
that track the topics that are discussed, the participgrdsitions on them, and any resultant decisions. The
information assistant provides tools to organize inforomatvithin the user's desktop environment in order to
support more efficient access and improved decision making.
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Indeed, proactive behavior is seen as an essential chastictef autonomous and semi-
autonomous agent8 We are interested in developing proactive behaviors aloesg lines
within CALO, to increase the overall effectiveness of theteyn as a personal assistant for
task management.

This article commences with a theoretical model for pro@dtiehavior in the context of
a personal assistive agent. Building on prior attemptsdtilidhe desiderata for proactivity,
we lay out a set of theoretical principles. We propose an tagersoning layer to realize
these principles in a goal-directed manner. In the lattetigno of the article, we describe
the implemented proactive assistance capability of the GAlgent system, based on our
agent framework.

Contribution. This article describes our approach to operationalizirgaptive behav-
ior within an actualized intelligent personal assistargrag\We augment a Belief-Desire-
Intention (BDIY® framework with a meta-reasoning layer that reasons aliat tasks
may be appropriate for the agent to perform aviteninitiative should be taken to per-
form them. Such reasoning is inherentheta levef* in addition to requiring deliberation
over a model of the user’s state and intentions, it furthguires that the agent reason
about its capacity to perform potentially helpful tasksegivts current commitments and
capabilities. Further still, because of the importancearspnalization in providing help-
ful assistancé&?®S the agent’s reasoning and behavior must adapt to the pnefeseand
individual needs of its user.

Guided by a theory of proactivity, our implementation ofsthéasoning is grounded
in assistance patternd’hese generic rules represent a compiled form of knowl€dge
present formulated by knowledge engineers) about how tstasih task management.
Since the literature studies the techniques by which a fik@aassistant can reason over
the modality and timing of its activity — such as predictihg fpotential disruption versus
the potential beneficial effeés— we do not focus on this aspect, instead drawing on the
techniques available.

Our primary contribution is to the problems of determinimgtbthe situations in which
to take initiative for task management and what actions tdop®. We provide an ap-
proach that is theoretically grounded while being pratificaalizable. Further, the generic
framework developed dovetails with mechanisms for imprgdgent behavior through au-
tomated learning. Our work provides the basis for proa@sastance in the implemented
CALO system by means of context-sensitive suggestions.

Organization. After situating our work in SectioB, we characterize the properties desired
of proactive behavior in Sectio® In Section4 we present an extended BDI framework
with a meta-level layer designed to support proactive geakgation, along with a theory
of proactivity to drive this behavior. In Sectidhwe describe the operationalization of
our model of proactive assistance, as implemented witrenGALO agent system. We
conclude in SectioB with a survey of future challenges.
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2. Related Work

The vision behind the CALO project was a personal assistana fbusy decision-maker
in an office environment, akin to an administrative asststdro can help facilitate routine
tasks8860 CALO thus fits into the heritage of user-assistive agétg%82° A primary
objective of the project was to stimulate the developmenAntificial Intelligence (Al)
learning technology to support autonomous adaptationgaiser.

Isbell and Pierc® describe arinterface-Proactivity continuurthat ranges from zero
to full automation. An analogous continuum focused on taskagement might be: “Do
It Yourself”, “Tells You What to Pay Attention To”, “Makes $gestions”, and “Makes
Decisions” (and possibly thus takes action). While systemssloped by Al researchers
often lean toward the autonomy side of this continuum — int&st to work in human-
computer interaction, which has emphasized the interfalee-s- CALO, like some other
previous and contemporary efforts to design assistivetaggpans several points. We next
survey a selected subset of these efforts.

The Office Assistant in Microsoft Office was based “in spidgti the Lumiére projec¥
Although more limited in scope than CALO, Lumiére sharedarbition to help a user. The
domain of the project was user tasks in an office software gkl umiere deliberately
considered proactive behavior. In expressing the rateribrvitz et al#? describes the
agent reasoning:

[W]e have also been interested in the question of delibegatbout when to step forward
to assist a user. We believe strongly that such intrusionsldibe done in a careful and
conservative manner, with the express approval of users.

We built versions of the Lumiere prototype that employ Bage models to control
such “speculative assistance” actions, coupled with ingerface designs that showed
promise for minimizing disruption and for putting the useicontrol of interruptions. ...

We also designed a “background assistance tracking” fedat would simply watch
in the background as a user worked. An analysis, includic sompilations as a custom-
tailored set of readings, would be made available for reweevprinting when the user
requested such an overall critiquing, or context-seresassistance manual.

Lumiére provides what we cadlpplication-focused proactivityhe agent offers assis-
tance in the context of a single application. Other examplegpplication-focused proac-
tivity include interface agent$ and, although not often construed as an agent, adaptive
user interfaced%?® While this type of proactivity is certainly within the scop&our work,
we are interested in broader forms of proactive behaviar ¢ktend beyond any single
application. Accordingly, we will later introduce two othferms of proactivity.

The Electric Elves projetdeveloped personal assistants with a range of functions
related to supporting a busy office worker — an applicatiomdim similar to that of
CALO — including a set of proactive capabilities designeduidher specific user objec-
tives related to meeting scheduling. These included, famgple, delaying or rescheduling
meetings when the user was likely to be late. Electric Elvas fecused on shared activ-
ities within a team setting, unlike the single-user focu€64.0O, albeit in a collaborative
work setting.
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The RADAR projec?%25 a sibling of CALO, developed a personal assistant intended
to help users cope with email overload as effectively as admnassistant. By parsing emalil
messages, the system attempts to identify certain taséis agfilling out a form or collat-
ing information for a briefing report, and offers to initigteem for mixed-initiative user-
system completion. RADAR shares with our work an integraiido the software desktop
and commercial applications, but focuses on email triaggnagement, information ex-
traction, and email-related task execution.

ANTIPA"Y"2is a cognitive assistant designed to proactively managermition on be-
half of overloaded users. The agent integrates probabftistn recognition with constraint-
based information gathering, with the aim of providing tlsemwith relevant information
in a timely manner. Although information gathering is an ortant way in which an agent
can proactively assist its user, it is only one aspect ofdkk management assistance that
we explore.

The value of proactive behavior has been explored in igtetif guides and personal tu-
tors, and in Non-Player Characters in interactive entemaint. In the former, for example,
Bellotti et al! present an agent that makes suggestions of nearby placeewst, based
on a model of user desires and goals. The scope is delibelatéled to more narrow
domain tasks, such as guiding the user from the currentibocad an attraction.

There has been much ongoing work on assistive technolagagd people with cogni-
tive disabilities in managing their daily activities. Hepgoactivity also plays an important
role (e.g., Refs78 and38). These systems monitor a person’s actions to understaatl wh
she is doing, and interact when appropriate to provide rders) situationally relevant in-
formation, and suggestions to aid in problem solving. Thaglexity of the domain and the
challenges of situated or ambient intelligence assistanesubstantial, and consequently
the types of assistance developed to date are by compaiispies— compared to the
types of assistance desirable in the computer desktop domai

Theories of collaborative problem solving clearly relatétte notion of proactive assis-
tance: user—agent collaborative activity can be viewedhasagpect of task management.
For the most part, these theories extend BDI models of agémmyncorporate notions of
joint beliefs and commitments. For example, Joint Intemtieeory? formalizes the com-
munication acts made between agents to establish and iingitat belief and intention:
the obligations on what ‘message’ to communicate and untlat sircumstances to do so.
A form of meta-level reasoning over agent state drives tiialoorative behavior. Planned
Team Activity theory® also captures collective intentionality by introducingrall-subject
constructs; applications of this formalism focus mostlytesim formation.

SharedPlans theoff,in contrast, contains only single-subject intentions dugments
them with anintend thatconstruct. It specifies collaborative refinement of a phptian
by multiple agents, handling hierarchical action decontmosand partial knowledge of
belief and intention. The theory expressly includes metgnadive tasks, such as cultivating
collaborative goals by deliberating over commitments.
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According to SharedPlans theory, members of a collabaratitivity have the intention
that the activity will be successful, which forms the theiwad foundation for members of a
collaboration to support and assist each other. Shareslptaposes decision-making rules
for supportive behavior that suggest reasoning about @xisbenefits of a supportive
action for the collaboration, though it does not suggestyaaf@apturing these valués.

COLLAGEN®Y js an example of a system that instantiates these ideasindyaw the
SharedPlans theory. It provides a framework for buildingisiive agents that collaborate
with a human to achieve tasks together. Its assistance éltzasund precoded models of
tasks; the current task state is described as a collabeditilogue consisting of a plan tree
(tracking the state within the task model) and a focus staekKing the current focus of
attention). By reasoning over these structures, COLLAGE$ponds to user actions and
utterances by acting or communicating appropriately.

Applications of SharedPlans include also task allocatiod analysis of helpful
behavior?’ but are limited in terms of proactive scope. Agents’ reasgaibout themselves
and other agents in a collaborative activity and a formdlin@del for reasoning about the
cost and benefit of a supportive action on the collaborataebeen developed Proac-
tive sharing of information, in an extended SharedPlansfdation, has been studied in
the multi-agent team settirff. SharedPlans has also been applied to discourse modéling.

STEAM? is an agent system that a uses hybrid of Joint Intention aadegRlans the-
ories, with practical extensions for monitoring and repiag as well as decision-theoretic
communication selectivity, to reason about team buildind @@mmunication — includ-
ing the effect of a supportive action on a collaborativedtsti STEAM has been applied
to coordinated helicopter operations and virtual soctayipg agent$! This and related
lines of work in flexible team coordination and collaboretiroblem solving agents differs
from CALO, where a single agent is assisting a single human atbeit in a shared work
setting.

Applications of Joint Intentions have focused on dialogwagement in agent col-
laboration (e.g., Re#6). STAPLE is an agent that uses Joint Intention theory to geae
dialogue, as it collaboratively plans and acts to solve lgrois with other agenf®. The na-
ture of the collaborative tasks are joint goals shared batveeteam of cooperative agents;
thus STAPLE's operationis not limited to the system — usskd@f COLLAGEN. STAPLE
combines an extended BDI architecture and distinguishied gmals. By formal reason-
ing over its beliefs (albeit a computationally intensiverise), a STAPLE agent acts and
communicates with other agents to achieve the joint task.

Like STAPLE, the Smart Personal Assistant (SPA) is an aesiagent built around a
BDI framework®8 In contrast to COLLAGEN and STAPLE, the dialogue model of ASP
agent is encoded as part of its plans. However, domain-gmt#gnt dialogue plans (han-
dling discourse-level goals such as recognizing the usegation) and domain-dependent
plans (handling domain-level dialogue aspects and taslkeasiment) are distinguished.
Learning is incorporated into the BDI architecture to gyikm selection, so that the SPA

bWe are indebted to one of the anonymous reviewers for armglific about SharedPlans.
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agent adapts its responses according to the context of theigation, the user’s location
and interaction device, and the user’s interaction prefas®®

Collaborative problem solving and proactive assistaneebath rooted in the notion
of an agent taking action to assist another. Indeed, a aoldive agent will often need to
act proactively to fulfill its commitments to its partnero@ctive assistance goes beyond
collaborative problem solving, however, in that an ageny ta&e actions unilaterally on
behalf of its user without any joint agreement as to the desity or suitability of the
actionsS In fact, it is precisely this degree of autonomy that makemptive assistance
potentially valuable, as it enables the agent to suppousiés without interfering with her
normal activities.

Therefore, although theory of proactivitywill have much in common with theories of
collaboration such as Joint Intentions and SharedPlares,gals those frameworks focus on
high-level characterizations of how and when to providéstessce, an operational theory of
proactivity requires further elaboration of these consepheories of collaboration do not
define how an agent weighs the cost and benefits of potentidd gad the plans to achieve
them to assess which are appropriate to perféitfiMoreover, a proactive assistive agent
must have an explicit model of user desires, in addition tweru user goals and plans,
as well as a theory that defines how those can be furtheredtimnadhat the agent can
perform. The requirements for and organization of thegerlatasoning functions are our
topic for this article.

Returning to our starting point, we can regard Isbell anddeis Interface-Proactivity
continuum as a user-centred perspective on the noti@djistable autonoms? A large
body of literature considers the question of initiativehie tontext of human—agent teams.
STEAM is an example of a decision-theoretic approach tositmes such as when and how
to communicate. The later Electric Elves project pursuedséime questions in the con-
text of assistive agenfsLearning from that project, Maheswaranal. survey the key ad-
justable autonomy questions for personal assistive agengling out challenges around
capability differentials and personalization, and digtiishing permission and consultation
requirements.

Research has shown that humans attribute projections t@uens and devices —
especially to agents, whether software or emboffiddsers’ trust in a system and their
willingness to ascribe authority for autonomous activityinfluenced by system compe-
tencé? and remit (the nature of the autononf)Awareness of and understanding into
(semi-)autonomous behavior is found to be a major detemmioftrust, especially for
adaptive system®1% Performance and user interface considerations are sigmifieven
in systems that successfully engender change in user wackiges>°

When a system takes initiative, that initiative can incledenmunicating with or con-
sulting the user. The potential cost is the interruptiorhef aiser and her loss of cognitive
focus — particularly if the topic of the interruption diffefrom what the user was working
on %682 |nterruption management is usually approached by appratiiig and weighing

°One can construe an implicit agreement between user and thgeéthe agent act as the user’s assistive agent;
compare the discussion of the general dediie Section4.
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the potential benefits of the interruption — to the systenatéviy, albeit in service of a
user: for example the value of information — and the potéwtats of the interruption.
Such cost-benefit analysis and related decision-theastimation has been explored in
multi-agent teamwork settingfsas well as in assistive interface agent settitig8’?

3. A Characterization of Helpful Proactive Assistance for Bisk Management

Ethnographic studies of human work habits and task managef@g., Refs2 and 16)
reveal that people usually achieve all their important $adke become adept at multi-
tasking and remembering what really matters; however, \Wedfgerfectly achieve tasks
with soft deadlines, or to remember less-critical det&lileen overloaded, we tend to forget
the non-essential tasks, and we achieve essential taskstagéocan. Itis these areas where
assistance technology can thus provide greatest utility.

We take as our starting point that the user has entered aiptéstrof her tasks and
the tasks assigned to her agent into an electronic to-d&'fisthus we obviate the need to
infer the intent of the use??%! We take these to-do entries to be a concrete manifestation
of intent descending from some of her goals. Similarly, weuase that the user employs
electronic artifacts to keep track of her calendar, and waurithin an instrumented desktop
environment. These are all valid for the desktop context syslem infrastructure of a
CALO agent.

Our setting is collaborative in nature. A CALO agent sertvgsser who works within a
cooperative teamwork environment with other humans. Tleesisolleagues each may or
may not have a CALO agent assisting him. While recognizilag $ome users might seek
self-advantage in a collaborative setting, the CALO priojlees not encompass developing
gaming-resistant mechanisms; such mechanism desigrdiedtelsewheré’>

3.1. Task management with a CALO agent

We use the terntask managemerto refer broadly to the planning, execution, and over-
sight of tasks associated with work assignments. Threentdobies provide direct assis-
tance with task management in the CALO systerask Executqra To-do Managerand

a Calendar ManagerThey are shown in Figurg, together with the modules that opera-
tionalize the proactive behavior we describe in the comawisns. Further details on the
task management architecture and components for CALO ae® ¢y Myerset al8° and

in the references we cite beld.

The Task Executor provides the ability to perform tasks oalifeof or in conjunc-
tion with the user. Execution is enabled by a libraryafrkflows called thetask library,
that encode processes that can be followed to accomplistiiaytar task. Workflows are
composed of lower-level tasks (“steps”), which are anmatdbd indicate which agent(s)
are permitted to perform them. In addition to permissiomscgations may also indicate

dThe interested reader may obtain the code of selected n®ftola the CALO project, which are collectively
referred to as the ‘CALO Framework’, pl . sri.com
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Fig. 1. Task management in the CALO system.

capabilities to perform a step. By default, CALO infers wiestit can perform a step by
determining whether it has a fully system-executable wovkfior that step in its library.

Declaratively, the workflows describe the subtasks thatuder, the agent, or other
agents achieve to fulfill a goal, together with constraimtsueen the subtasks (e.g., subtask
ordering). Procedurally, the workflows provide recipes {tBALO can instantiate into a
plan to achieve a given (sub)task. Workflows in the task fjoraight be executable only
by the user, only by the agent, by either, or by both together.

The Task Executor is built as an “agent” in the SPARK agentesys® with the pro-
cedural aspects of workflows encoded in the SPARK procedymeesentation language.
Workflows can be specified manually (by knowledge engineerd)e taught to the system
(by end users) through a learning by demonstration frame##§#5! The task learning
framework also enables end users to edit workflows and to oempew workflows from
the library of existing workflows.

Second, the To-do Manager provides a framework to aid theioserganizing and
tracking tasks. The CALO To-do Manager, callBavel'® provides basic functions found
in typical to-do managers that help the user remember wheds® be done and when.
However, Towel goes beyond such systems through its sufirdobth the delegation of
tasks to teammates and the dispatching of tasks for exechyidhe Task Executor. For
task dispatching, the user can assign a task to CALO by s&deftbm a menu of au-
tomated capabilities. Alternatively, the user can definask informally by providing a
textual description of it; Towel will provide the user witHist of possible workflows that
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it believes it could perform to help accomplish this t&$k.earned models derived from
implicit user feedback, combined with lexical and synt@ag@rsing achieve these match-
ings. For example, given the task description “Plan projeectew meeting”, Towel may
suggest &chedul eMeet i ng workflow as potentially useful. Thus, CALO may be told
or can infer a mapping from a subset of the tasks to formal hsosi¢hin atask ontology
(i.e., the tasks have associated semantic descriptidieghn klso infer likely parameters for
instances of tasks from the ontology.

Associated with each task in Towel can be a rich body of inftfam about provenance
(source, time of creation), requirements (deadlines,ripyjcexpected duration), current
state, and relations to other tasks (semantic groupingjg’stabtask relations).

Third, the Calendar Manager supports the user in schedmiggtings, in negotiating
over meeting requests received via email, calendaringagtian, or directly via CALO,
and in managing temporal commitmentsindividual calendar entries are defined by their
start and end times, the organizer, the participants, oafgignportance, and location. Like
many other CALO components, the Calendar Manager acqesrsaeéd models of user
preference and behavior. The Calendar Manager uses itsredquodel of the user’s
scheduling preferences to compute preferred candidaedatds in response to a user
scheduling request. It presents a subset of the candidadsies to the user, and updates
its preference model according to the user’s choice amagg.th

These three task management tools provide a range of seanddnformation that can
inform proactive reasoning as to user and task state. Orrecapability is an estimation
of the ‘busyness’ of the user, which is determined by commgjriemporal commitments
from the user's calendar with estimated workloads caledldily considering deadlines
and durations for tasks in the To-do Manager. A fourth toWakflow Trackerprovides
additional state information related to user focus and msgjon task3® We describe it in
detall in Sectiorb.

Additional services within the CALO system provide relevaackground information
to further inform reasoning for proactive assistanceRélevance Enginglentifies doc-
uments and emails that are potentially related to tdksn Expertise Finderidentifies
people within an organization who may have expertise oriquaar topics'® A Delega-
tion Learnerdevelops models that recommend specific individuals to wtamsks might be
assigned, based on prior delegation evéhts.

3.2. Characterizing proactive behavior

Within such a setting, three challenges must be addressecdier to develop effective
personal assistant agents. Each challenge involves the eggsoning about its actions,
and also meta-reasoning about the reasoning itself. Waglissh tasks performed solely
by the useriser tasksfrom those performed solely by the ageagént tasks and those
performed jointly in partnershishared taskKs

What form of initiative? A personal assistant agent acts when delegated tasks Iseits u
and when it is obliged to act by commitments it has made (argagreement with a mer-
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chant to purchase an item on its user’'s béfalOur hypothesis is that the agent can act
under its own initiative at other times, in order to assistuser. A pivotal control issue
is answering the question of under what circumstances teatahould consider some
proactive action.

What actions to take?We envision a personal assistant agent serving its user ity ma
ways. On some occasions its assistance will be initiatedqpreely, on other occasions by
the user or as a result of actions by another agent. Our feciesmed by the combined
questions of determining the situations in which to takgative for task management and
what actions to perform to manifest it. Although we will natdzess the subject in detalil,
nonetheless it is important to recognize that the agentldhveeight whether the actions it
is considering will be helpful to the user, by means of a dosiefit analysi§.Moreover,
since there will be a measure of uncertainty about the ctigigmation, the user's goals
and her focus of attention, and the effects of its actions,atpent should act with care,
as we elaborate below. As will be explained, our approach Iste the agent by default
offer suggestions that the agent act, rather than makeidesisr take action in a fully
autonomous fashion.

How to perform the actions?Once the agent has decided to or is compelled to act, it must
deliberate further about the modality and timing of its aefi®?7 Is it better to do nothing,
to suggest, to confirm then act, or to act without consultireguser? To act now or later?
To interrupt or not? Ineffective decisions by the agent is #spect strongly detract from
the perceived utility of a cognitive assist&At.

To these three challenges we might add the challendmwfto learn to do it better
a helpful assistant should seek to broaden and refine itdgmesolving skills through
learning?®3

3.3. Examples of proactive behavior for task management

Figure2 provides a selected taxonomy of possible proactive aietd/ihat an assistive agent
might perform, on behalf of its user, to support task managernm an office setting such
as that of CALO. We divide the list into four categoriést directly, Act indirectly, Collect
information andRemind, notify, askExcept those in italic, all the items in Figu2ehave
been implemented in the CALO system. The following impletedrscenario illustrates
how a proactive behavior on the part of an intelligent agsistan provide value in the
office domain.

CALO observes the items currently in your electronic toisipwhat you are currently
working on what you have delegated to your CALO and to other pe@plé your commit-
ments for the week ahead. CALO assesses that your workltikellysto be uncomfortably

®The agent might even refrain from acting on a user-delegatgld if it can provide sufficient justification to the
user. Of course, the agent’s role as an assistant mandatebehuser be able to override its decisions, as well as
more broadly to advise its operation.
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e Act directly

— perform the next step or steps of a shared task

perform or prepare for future steps of a shared task now
initiate the first step of a shared or agent task

suggest (shared) tasks the agent can take over and perform
establish a learning goal (i.e., to learn new capabilities)

e Actindirectly

— suggest a user task be delegated to a teammate, or that theffesdo take on the

task of a teammate

suggest a meeting be rescheduled

suggest a lower-priority task be postponed to free ressurce

suggest a task be promoted or demoted in priority

suggest (better) ways to achieve a (shared) task

— anticipate failures of (shared) tasks and look for ways @huee the failure likelihood
or the impact of failure

e Collect information

— gather, summarize information relevant to a user or shasd t
— monitor the status of tasks delegated to a teammate

— monitor and summarize resource levels and commitments
— analyze possible consequences/requirements of a (shiasid)

e Remind, notify, ask

— remind of upcoming deadlines and events

— remind of the user’s next step in a shared task

— ask for feedback or guidance from user

— ask for clarification or elaboration of a (shared) task
— monitor and filter incoming messages

Fig. 2. A taxonomy of some possible proactive activitiesaisktmanagement.

high at the end of the week. Via a message in a peripheral win@ALO offers you a
reminder of an important meeting early next wagkh the suggestion that a paper review
(on your to-do list could be transferred to a colleagyeghom CALO identifies as having
appropriate expertise and time in his schedute leave you time to focus on the meeting.
In addition, CALO begins to prepare background material thtoe meeting without being
explicitly asked. It attaches the relevant documents tatdra in your to-do list and the
event in your calendar.

This scenario illustrates two distinct types of proactiedévior for an agent. The first
type, which we caltask-focused proactivitynvolves providing assistance for a task that
the user either is already performing or is committed to grenfng; assistance takes the
form of adopting or enabling some associated subtasks-foasised proactivity is exem-
plified in the above scenario by CALO collecting backgrounfibimation in support of
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a scheduled meeting. We note that systems such as COLLAG&SRA are designed for
task-focused operation, although not task-focused pixayct

The second type of proactive behavior, which we caility-focused proactivityin-
volves assistance related to helping the user generally knét set of tasks, rather than
contributing directly to a specific current task. An examgiehis type occurs in the sce-
nario when CALO takes the initiative to recommend trangfigra paper review task in
response to the detection of high workload levels. Thisoads triggered not by a moti-
vation to perform (either partially or fully) an individutgdsk on the user’s to-do list, but
rather in response to a higher-level motivation.

The vision for effective task management by CALO includesagtive behavior as a
complement to the previous delegative-only behavior. itsion, the agent more adeptly
supports the user in task management. To do so, the agenttancdrding to its own
initiative at times — the first of the three challenges ddwmti earlier — -subject to the
adjustable autonomy control of its user. The CALO visionglioet encompass the assistive
agent performing fully autonomous task management: theasédoes not become the
boss.

3.4. Principles for proactive behavior

To guide the development of proactive agent behavior, wewsehine principles, akin to
the principles for intelligent mixed-initiative user imface$®:

valuable: advances the user’s interests and tasks, in the user’®apin

pertinent: attentive to the current situation;

competent within the scope of the agent’s abilities and knowledge;

unobtrusive: not interfering with the user’'s own activities or attemtjevithout warrant;
transparent: understandable to the user;

controllable: exposed to the scrutiny and according to the mandate ofgéie u
deferent gracefully unimposing;

anticipatory : aware of current and future needs and opportunities; and

safe minimizes negative consequences, in the user’s opinion.

These principles reflect the centrality of the user and hgeggnce. The agent’s actions
are valuable only if they ultimately add value for the usdrey assist only if they are
performed in a manner that takes account of the user’s foeddramediate as well as
longer-term needs. Horvitzt al. for instance capture the behavior sought in the Lumiére
project: “The sensibility of an intuitive, courteous butle. potentially valuable suggestions
from time to time . . . genuine value . .. minimal disturbaft®{See also the vision exposed
by Negroponté?)

Prior research on assistive agents emphasizes ease ostamtiéng by the user of the
agent’s operation, together with ease of directing, igmprand correcting the agent, as

f1ba* points out that competence by itself is not sufficient fophahess and, further, argues that limited incom-
petence need not preclude helpfulness.
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well as working entirely without 18384135 Transparency and controllability are essential
to build trust, which is especially important in an agentwah extended life cycle, such as
a user’s assistari$> and even more so if the agent acts on its own initiative.

Returning to the earlier example, CALO'’s actions are perttrto the important upcom-
ing meeting. CALO itself is not capable of reviewing the pamentifying a colleague who
potentially is able, CALO does not delegate the task fronryotdo list automatically, but
leaves you in control to take the suggestion or not. This ssijgn and the preparation of
background materials are both safe, defined in this case bjpsence of changes of state
other than a gain in information. Throughout, CALO’s act@me unobtrusive: the commu-
nication is via a peripheral message with context, and thegpbeted information gathering
is again in context, attached to the relevant artifacts ur yeorking environment.

3.5. A second example scenafio

You have put “hire engineer” on your to-do list. CALO suggdhis could be an instance of
a Hiring shared task. When you confirm, CALO readies the Hiring Agdfavm, prepop-
ulating what it can. It attaches the form to the task as a llrdter, after you complete the
remainder of form, CALO asks whether it should submit it fou.yYou answer negatively,
because you want to review the form tomorrow before sentlihgécordingly, CALO adds
a “Submit Hiring Approval form” to its suggestion list. Thext day, when satisfied with
the form, you accept this suggestion.

The next step in the Hiring task must wait until you indic#igt tapproval is received,;
CALO can prompt you, should it detect, e.g., an email notiica CALO prepopulates the
Job Description and Advertise Job Listing forms. Based @tedrned models of expertise,
CALO suggests that the subtask of Write Role Summary footheef could be delegated
to a member of your team.

In due course, as applications are received via the compagthsite, CALO searches
internet databases for each applicant, attaching any mattions and patents it finds to
the database entry for that applicant on the company intta@&ce you have begun to
select candidates to bring for interview, CALO reasons dkierexpertise and availability
of interviewers. CALO knows that preparations for a clierating in three weeks’ time
are expected to occupy a significant amount of staff timaudgests the options of invit-
ing fewer candidates, rescheduling some less importantingse or delaying your stated
deadline for the hiring decision.

Later CALO supports you through scheduling the interviend the decision meeting.
It prepares the form rejection and offer letters accordinge¢mplates, for your review, and
with your approval offers to forward them to central admirasion for mailing.

This scenario shows examples of proactive behavior in e&tecfour categories of
Figure2. Observe how the cognitive assistant must support its bseugh the life of ex-

8This scenario intentionally extends slightly beyond theplemented CALO functionality (SectioB, also
Refs.60, 74 and61) in order to communicate the vision for personalized taskagament assistance.

h Although CALO does have facilities for natural language enstanding® we need not envision use of such a
modality here.
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tended processes, as opposed to merely assisting withhaéasks. CALO acts directly,
such as initiating the shared task of completing the Hirimgp#val form. CALO acts
indirectly, such as anticipating difficulty (leading to gter risk of failure) of the prepara-
tions for the client meeting. CALO proactively collectsanfation, such as the patents of
the interview candidates. Finally, CALO would remind, fgtand ask, such as regarding
the submission of the Hiring Approval form. Throughout, G&k actions are transparent,
controllable, deferent, and safe.

4. A BDI-Based Framework for Proactive Assistance

Having characterized helpful proactive assistive behawi@ now introduce — more
concretely — an extended BDI model of agency designed to atiguch behavior.
Specifically, we define a meta-level layer that augments a B&rhework to enable
(1) identification of potentially helpful actions, and (23tdrmination of when those ac-
tions should be performed. The following Sectidnvill describe our implementation of
the framework.

The well-known BDI model provides an explicit, declaratigpresentation of three
key mental structures of an agent: informational attitudbsut the world (Beliefs),
motivational attitudes on what to do (Desires), and detibee commitments to act
(Intentions)’® The primary deliberative processes of a BDI agent can bedbyaharac-
terized as focusing ogoal selectior(i.e., identifying what intentions to pursue) aaction
selection(i.e., how to pursue them). This reasoning necessarilystake account the cur-
rent BDI cognitive state of the agent to determine what isifda and desirable given
current beliefs and commitments. BDI agent frameworks sischadex! JACK %2 PRS2
and SPARR? implement these decision-making processes as a combingtisase- and
meta-level reasoningsimple strategies are hard-coded in the base level of thet dge
more sophisticated agent-specific meta-level strategie®e invoked as needed. In partic-
ular, meta-level reasoning can support control of deliti@naconflict resolution, identifi-
cation of learning goals, and — as described below — proatihavior by an intelligent
assistant.

The reasoning that enables CALO’s current (non-proactasi-related capabilities
draws on an extension of the classical BDI framework, cathedielegative BDI modét
In particular for our purpose, this extended frameworkidigtishes different types of
goals: Candidate Goals (goals that may make the combineof ggtals inconsistent if
they are adopted) and Adopted Goals. The latter set has k@ggies (consistency, fea-
sibility®1817) that are simply assumed of goals in many implemented BDtesys! The
delegative BDI model also incorporates forms of user-djgetguidance and preferences
on the execution of these tasks, and on the agent’s cognitatledadvice However, the

iMeta-level refers to reasoning about the agent’s reasoitsedf.1* The subjects of such meta-reasoning are
decisions such as whether to enter reasoning, and whicbnieasto undertake.

iAs several authors have pointed out, many implemented BBhtagassume that the desires of the agent are
consistent and feasible, and effectively treat goals asdaeas equivalent; thus, these systems might better be
called B(G)! implementation&’:91
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framework in the various aspects of its meta-reasoning doesncompass deliberation in
order to manifest proactive assistance by generating QatelGoals. We next describe an
architectural framework to enable such deliberation.

4.1. Architecting for proactive assistance

Figure 3 depicts proactive goal generation in an extension of thegétive BDI agent
architecture. As usual in BDI-like formulations, the adem@ase-level cognition reasons
about how to realize Adopted Goals as intentions. Multiplerfs of meta-cognition are
depicted to the right. In addition to the usual BDI meta-dtign over aspects such as
agent control — for example, over goal selection — we slpoeactive goal generation
andfiltering, an extension to the prior delegative BDI model. Other foofmaeta-cognition
include the development of learning goals, for example.

The framework includes, at a conceptual level, recognitibthe user as a cognitive
entity. However, it is not within our remit to explore modesuser cognition. Compu-
tationally grounded models of user emotive state, for exantpve been developed in
service of the development of affective agefits.

A personal assistive agent can be thought of as holding arambéng meta-desire of
being a helpful assistant to its user, which we deroMe can envision a limited number of
additional desires at both the base- and meta-levels. Gsieedright be to learn (although
one could construe this as the agent bettering itself inrdmdbecome a better assistant).
Indeed, in principle, the majority of an assistive agengsites — or at least goals that
might arise from them — can be considered as consequendas o¥érarching high-level
desired. In practice, an explicit representation of motivatiorttitades will be chosen, to
avoid the complexity of excessive first-principles reaagrduring execution.

Adopted Goals are, for our purposes, a subset of Candidatés G0andidate Goals
(CGs) are created through two mechanisms. At the base tbeglarise from the agent’s

Fig. 3. Extended BDI agent architecture for proactive éaste.
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motivations to achieve tasks delegated by the user. At tha-feeel, CGs are generated
proactively as depicted, as a result of deliberation owbeary of proactivityelements of
which are described in Secti@gh2 This aspect of meta-cognition, motivated by the high-
level desirad, reasons over agent beliefs about user, agent, and wotdd steser and agent
capabilities, as well as a theory of helpfulness.

As we have noted, the agent’'s generation of a CG does not ithplyit will neces-
sarily adopt the CG. The control aspect of meta-level cagmithooses how to execute
any adopted goal; in particular, the agent might wait beémteng, suggest that it acts, ask
whether it should act, just act, and so fot#i§+27 This filtering of proactively-generated
CGs is accomplished by the meta-layer denq@iegctive goal filteringn Figure3.

The architecture does not impose the characteristics @fghat’'s behavior, which will
vary from agent to agent. Similarly, it does not specify thectranism for reasoning to
determine which CGs to create for transferal to the basel-jgertion of the agent. This
strategy can be freely specified according to the charattiecagent by appropriate in-
stantiation of the theory of proactivity. Secti®describes our implemented approach to
CG generation, adoption, and assistance manifestationdfx on the elements we next
describe.

4.2. Elements of a theory of proactivity

Section3identified three challenges for an agent to support proaessgistance: what form

of assistance, what actions to take, and when and how torpetfe actions. Recall that
our focus is the first two challenges in the context of task agement. We now propose
principles for atheory of proactivitydesigned to support a proactive agent in meeting these
challenges. This theory is composed of subtheoriesiger desireshelpfulnessandsafe
actions With our focus on the operationalization of proactive stssice, we do not develop
formally the subtheories.

Theory of User Desires.A theory of user desires is necessary to describe the lordy- an
short-term objectives of the user. Such a theory providesrthans to assess the situated
value of each potential agent action in terms of the useljsatives. The question for the
agent is then: when are actions of varying degrees of saféliyy, and timeliness to be
considered? If a task has many safe actions and high pedde@resfit, should it be barred
because one action is potentially unsafe, e.g., acceptimegedting on the user’s behalf?
While application- and task-focused proactivity seek tovimte assistance to the user
with immediate, tangible goals, utility-focused proaityioy contrast addresses more gen-
eral objectives of the user. Utility-focused proactivigguires a representation of the user’s
unstatednterest goalgin the terminology of the cognitive model of Ortony, Cloreda
Collins (OCCY?3) as well as explicitly statedchieveandreplenishmengoalsk Since in-
terest goals differ between individuals, a helpful asgistigent requires such a model

kWe might say that OCC interest goals correspond to desitégiBDGI model; OCC achieve goals map directly
to goals of achievement, while OCC replenishment goals essebn as a form of maintenance gial.
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(perhaps learned) of its user, in order to assess the valageoit actions. Kamaéit al*’
and Ohet al’? are among those who recognize the value of a model of usereddsi
providing the most helpful assistance over an extendedgeri

Further, meta-reasoning over the sufficiency of the model, (how complete, current,
and accurate the agent believes is its knowledge of thesudesires) guides the agent’s
goal deliberation and also guides its consideration ofliegrgoals.

Theory of Helpfulness. A theory of helpfulness defines the principles that diree th
agent’s reasoning to determine what actions would (most)tfae user now and in the

future. In particular, this theory encodes the logic foeséhg among possible intentions
and the means to pursue them, given a characterization mfrdurser desires. The vari-
ous approaches in the literature to operationalize a thefdnglpfulness include Bayesian
modelling#? decision theory572 and forms of logical rule$’

Theory of Safe Actions.A theory ofsafe actionss necessary to define bounds on what an
agent is allowed to do when performing tasks proactivelpdrticular, given that the agent
will be acting on its own initiative without user awarenegg®actions, it is important that
only actions with benign or positive effects be performedas not to interfere with user
activities or change the world in unexpected ways.

Anticipating the consequence of actions requires suitaindels of effects, temporal
projection (for instance, with Linear Temporal Loffl; and possibly dedicated data struc-
tures and reasoning (e.g., Re89 and 58). The definition of a safe action varies from
context to context, as a conjunction of factors such as: raiais world state; maintains
world state except to increase knowledge; immediatelyredivie without cost; immedi-
ately reversible with negligible cost; reversible withoast; reversible with negligible cost;
reversible; without negative consequence on user taskisputinegative consequence on
tasks of others in the team; and with limited use of shareahfjeesources.

5. Operationalizing Proactivity through Assistance Pattens

As Grosz and Krau remark, BDI and collaboration theories are less often tiyeém-
plemented in practical agent designs as much as used talpravisystem specification”,
or even simply as a source of insight informing the desigm.éxample, COLLAGEN’s
discourse reasoning algorithms originate from reasoniitig the SharedPlanstend that
construct, but do not implement explicit reasoning ovehstanstructs.

Similarly, our implementation of the meta-level comporsgot proactive goal genera-
tion andproactive goal filteringn Figure3 avoids reasoning over explicit theories of user
desires, helpful activities, and safe actions. Rathepfoactive goal generation, these the-
ories are compiled into a form of meta-knowledge that we tassistance pattern@PpPs).
Assistance patterns provide a form of knowledge that bedge gap from the high-level
desired to help the user to more concrete motivations for the agenprésent APs are
compiled by knowledge engineers; it is not within our scopexplore automated AP
compilation from high-level specifications of proactivenbeior. APs are defined in terms
of a set oftrigger conditionsthat, when satisfied, identify one or more Candidate Goals
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to be considered for passing to the base-level componehedadent. AP triggers are de-
fined in terms of beliefs about the user's mental state (gaals, commitments, focus of
attention), the agent’s own state, and the world state.

Part of the user’'s mental state consists of her preferermasg anteraction and assis-
tance. These include, for instance, her preferred typessi$tance, her preferences about
interruption (including timing), and her preferences aboadality of interactiorf? CALO
combines reasoning over current user, task, and systewityatid the context of that activ-
ity, and reasoning over the user’s preferences, in ordgopoogriately trigger APs and act
on triggered APs, as we will explain. CALO builds a prefenwodel from two sources.
First, it obtains explicitly stated preferences, such asuph a “wizard” interface for new
CALO users. Second, CALO observes the user’s activitiesrasggonses, and refines and
augments its preference model through automatic learmarg €xplicit and implicit feed-
back (e.g., Ref60).

In the remainder of this section we describe our operatipaibn of proactive assis-
tance. The framework presented in Sectbis implemented in the CALO agent system,
through the Proactive Assistance modules shown in Figuvée describe behavior spec-
ification through assistance patterns, state estimatiaugfh the Workflow Tracker, and
Candidate Goal deliberation by the Suggestion Manager.

5.1. Assistance Patterns describe potentially helpful pro&etbehaviors

The assistance patterns of an agent encode the manifestafiproactive behavior given
in Figure2. Four example APs are shown in Figutas pseudocode, withue denoting
the triggering conditions. The first APeduceUser BusynessByDel egat i ngTask,
cues from an estimation that the user’s busyness is aboveshtild; the AP generates a
Candidate Goal to suggest that a task be delegated to aagiet; as we saw in the earlier
example scenario. Second, ABnmenceNext St epOf Shar edWor kf | owcues from
the trigger that there exists a shared task for which thetagenperform the next step; the
CG that results is that the agent suggest it perform this step

The third example is the AR emnmi ndQ her sThei r Over dueTasks that iden-
tifies tasks assigned to other agents that are behind sehedud AP gener-
ates a CG for CALO to issue appropriate reminders. As a finamgte, AP
i denti f yWeakSyner gyBet weenTasks cues from the existence of possible synergy
between two tasks (contrast R88); the CG that results is that the agent propose notifying
the user accordingly.

We implemented a set of APs within the operational CALO agasing the BDI-
based SPARK systethaugmented by an explicit representation of Candidate arogtsd
Goals. All the activities of Figur@ are implemented, except those denoted in italic. The
pseudocode of APs such as those in Figliig readily translatable into SPARK’s proce-
dural representation, leveraging its meta-level eventsnag@ta-reasoning capabilities, and
its concept ofadvice Advice is form of guidance and preferences that can be fpediy
users to exert run-time control on what an agent does (egregs of autonomy) and how
it does it (i.e., selection among alternativé<y®
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reduceUser BusynessByDel egat i ngTask
cue: user busyness > threshold AND
there exists a user task t AND
CALO knows that t can be potentially del egated
body: select agent A fromset of potential del egatees
create CG to suggest that user delegates t to A

conmenceNext St epOf Shar edWor kf | ow
cue: there exists shared workflow w AND
w has a subtask t’ not yet commenced AND
t’ is imediate successor of a conpleted subtask AND
t' is feasible for CALO to perform AND
no advice prohibits CALO from commencing t’
body: create CG to suggest that CALO commence t’

rem ndQ her sThei r Pendi ngTasks
cue: there exists workflow w for task t AND
expected remai ning duration of wwill exceed deadline for t AND
t has a subtask t’ being executed by agent A
body: alert user that w could exceed deadline
create CGto suggest that CALO remind A of t’

i denti f yWeakSyner gyBet weenTasks
cue: there exist tasks t and t’ in different workflows AND
the post-conditions of t inply the post-conditions of t’
body: create CGto alert user that acconplishingt will acconplish t’

Fig. 4. Sample assistance patterns.

We emphasize that many APs ayeneric they are general capabilities that apply in
any circumstance within the domain of the agent. For exantipéeAP to perform the next
step of a shared task may be expected to be relevant as a 6 @& generation for all
CALO users in all circumstancé&Vhile the focus of our implementation has been a set of
universally applicable patterns for task management, wesiem certain patterns that are
specialized to a given context. For example, one user mégitht her CALO an assistance
pattern that the agent should send her a text message, & e response from her
secretary over a certain period.

5.2. Workflow Tracker informs Assistance Patterns

To assist its user with task management, a personal agaritee@n understanding of the
user’s goals, and knowledge of means by which the user atid#@gent can achieve these
goals. As described in Sectidl, part of the context of task management in the CALO
system is the user’s list of her tasks in the To-do ManageraRRéhat some of these tasks
are associated with formal models, i.e., system-undedatala descriptions of the user’s
goal, and that CALQ’s task library consists of a dual dedleegprocedural representation
of multi-agent workflows to achieve a given goal.
When a workflow involves user steps, keeping track of pragieshallenging. For

example, in the workflowdour nal Paper Revi ew, the user first downloads the paper
and the review form attached to the review request emailt,Nle& user prints the paper

IThis is not to say that such CGs will always be generated flusAP: it depends on whether the AP’s cue is
triggered, as well as on the outcome of agent’s meta-decisiaking processes.
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and completes the review form. Finally, the user sends thepteted review form back as
a reply to the request email.lt would be burdensome for CALO to require the user to
explicitly indicate commencement and completion of eveepsshe undertakes. We call
the problem of automatically identifying the workflow andetbser’s current stework-
flow recognition and trackingAs shown in Figurel, CALO includes instrumentation for
the desktop (Windows Explorer) and common applicationk siscemail clients (Thunder-
bird), web browsers (Firefox and Internet Explorer), arfitefapplications (Word, Power-
Point, Excel) so that user-performed actions are capturétbgiged. Th&Vorkflow Tracker
module>? identifies whether the stream of captured interaction everatches with any of
the workflows in the task library and, if so, tracks its cutnerogress.

Variants of theHidden Markov Mode{HMM) have been used for this kind of activity
tracking problem. However, in the desktop domain, stepswokkflow are often associ-
ated with a particular desktop object, such as an email dileebpage, best described as
a parameter for the step (e.@penFi |l e("revi ew. doc") ). To accommodate work-
flow parameters, CALO useslagical Hierarchical HMM® as its representation of the
workflow model.

The Logical HMM extends the HMM state to take the form of a grd@atom in a
first-order language. State transitions can be written énftlim of logical rules, such as
OpenFile(X) — EditDocument(X) : 0.8. Here, the variabl& of the predicates ranges
over the set of documents in the system, argdrepresents the transition probability. Sim-
ilarly, the observation model ®penFile(X) — WordOpenEvent(X) : 1.0. In order to
accommodate irrelevant activities between workflow steps. (the user reads some other
emails), a distinguished ‘Background’ state is includethi@ model; it can generate any
observable event uniformly. The Logical Hierarchical HMMrther arranges the HMM
states into a hierarchy, in order to successfully scale triflow tracking.

Workflow recognition can now be viewed formally as a filteripgblem on the Log-
ical Hierarchical HMM representing the workflow. We adoptatjle filter approach to
avoid the prohibitive cost of exact inference. Given a stred user interaction events, the
algorithm returns a distribution over the possible stepghéworkflow (including a ‘Back-
ground’ state). This allows CALO both to identify the mosgelly step and to identify the
most likely parameter values for this step. The algorithrdascribed further by Duong
et al?%; it has been extended to handle multiple interleaved coaotiworkflows.

The state information from thé/orkflow Trackeiis provided to the Execution Monitor
(Figurel) and exploited by the assistance patterns to generat¢isitally relevant Candi-
date Goals, both task focused (i.e., relating to the tasitlaakflow Tracker identifies the
user is working on) and utility focused (e.g., relating t@emil workload).

5.3. Suggestion Manager filters Candidate Goals generated by APs

The principle of goal-directed focus in deliberatidf applies to assistance patterns in
terms of contextual filtering, as much as it does to other @spef agent deliberation,

mA personal assistant agent could perform some of the stepk,as sending the reply email. Other steps, such
as completing the review, are beyond current technology!
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such as the agent’s regular control loop (compare Figurdccordingly, generation of a
proactive CG need not entail its adoption. ConsideratiohRd and the CGs they generate
is informed by the context of the agent’s current mentaestai its beliefs about the user’s
state — including its estimate of the user’s current task -¢ albout the world. At any
point, the agent may deliberate over whether to adopt anyt6&48Ps may generate. At
the other extreme, the agent designer may choose to encowe/ABs so that their body
executes without explicit deliberation nor consultatioittvthe user, as soon as the cues
become true.

To support this kind of meta-reasoning, which instantidtestheory of helpfulness,
and further to provide contextually sensitive assistawmeamplemented Suggestion Man-
ager, as shown in Figurd. The Suggestion Manager provides CALO with ffreactive
goal filteringmeta-layer depicted in Figu® This module again leverages meta-level rea-
soning facilities. It deliberates over whether and how toggtively act, complementing
the existing situations where CALO is obliged to act, suckvhen a subtask is explicitly
delegated by the user.

All of the APs currently implemented in CALO result in a CG teeate a suggestion
to the user; none lead to autonomous action except by thsidedf the Suggestion Man-
ager. Thus, we defer towards the interface end of the IrdeH@roactivity continuum. This
design decision of limited autonomy follows the principtéghlighted earlier, pursuing the
objectives of transparency, controllability, and safstythat non-technical users may trust
the CALO agent in real-world setting.

The Suggestion Manager reasons over the proactively gedeCsss to decide whether
to manifest each suggestion (or simply drop it), and if soemand how. Figur& shows
a suggestion that originates from the ABnmmenceNext St epOf Shar edWor kf | ow
unobtrusively manifest in a peripheral sidebar (top riglithe user accepts a suggestion,
then CALO acts on the body of the suggestion. For examplepireences the next step of
the workflow: here, to open the attachment. In this way wegihe€IALO’s default behav-
ior to be safe and deferential, minimizing the cost to the oenwanted or inappropriate
proactive activity. The Suggestion Manager may, howevexide not to display the sug-
gestion, but simply go ahead and act on its body without eitptistruction from the user.
By default, it acts autonomously only when given advice itynda so, such as, “always
accept tasks delegated to me by my manaéer”.

We have implemented other interaction modalities besidegperipheral sidebar dis-
play depicted in Figurs. In order of increasing demand of attention (and so disveptbst
if inappropriate), these include ‘toast’ toolbar notificats, chat messages, and non-modal
and modal dialog boxes, in addition to email. CALO emphasigipheral and contextual
modalities so that it rarely interrupts the user in a maneenahding of attention.

The Suggestion Manager’s reasoning accounts for the uségisaction preferences,
her current activity (to avoid acting or interrupting out aintex®?), the potential con-
sequences of its actions (cost, reversibility), the cetyadf its information (e.g., confi-
dence of workflow state), and adjustable autonomy pernmissibperforms a cost—benefit
computation with adaptive weights and, currently, fixe&sulCALO therefore acts, asks,
suggests, or does nothing, in order to assist and (it is Hopedrritate the usett?’
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The cost—benefit features include estimates of the valueggestion type, value of
suggestion instance, cost of mistake, and cost of intaouthe urgency (time-sensitivity)
of the suggestion; and the degree of uncertainty and thersystconfidence. Each AP
specifies theypeof each suggestion that it generates. Preconfigured tHossgovern the
number of suggestions of each type that can be displayedio@mtly, the maximum fre-
guency for suggestions of each type and about any subjettharpermitted or prohibited
modalities of each suggestion type. The thresholds fongctisking, suggesting, or doing
nothing are established from a range of default values dowpto user-stated advice, and
elicited initial preferences from the configuration ‘widann the current system the thresh-
olds are stati€*?” Future work is to enhance the reasoning, drawing on morestigzted
models pioneered in other systems (e.g., R2¥.

By adapting to its user’s preferred working and communicastyles, and her capa-
bilities and experience (e.g., ReB2 and23), an agent becomes a more helpful and thus
valuable assistant over time. In pursuit of this objectitie, Suggestion Manager observes
and learns from user feedback about its suggestions. Tlibdek is optional and may
be explicit or implicit. Explicitly, in some views of the useterface the user may click
on ‘thumbs up/thumbs down’ icons, or deliberately dismissiggestion. Figurd shows
the latter form of feedback via a context menu. (Suggestibat are not accepted but
never explicitly dismissed are, in due course, removedraatizally, according to their
relevance, temporal expiry, priority, and the availablacgpin the relevant modality.) Im-
plicit feedback comes in the form of suggestions that the aseepts or ignores. Based
on the observed feedback, the Suggestion Manager adapigetbts used in its delib-
eration; the adaptation follows a damped exponential setfeRuture work is to explore
transfer learning of suggestion importance, timing, andatity between classes of users,
e.g., according to the role or the level of expertise of ther (s

6. Conclusion and Future Work

Proactive behavior promises to increase the value of astagsagent by enabling it to
take on a larger role in helping a user complete tasks and geata@mplex information
spaces. Proactive behavior encompasses more than aatatjydio achieve an assigned
task. We have characterized the properties desired of siwdwior, and presented an ex-
tended agent architectural model that features a metaléguer charged with identifying
potentially helpful actions and determining when it is aggiate to perform them. The
meta-reasoning that answers these questions draws onrg ti@ooactivity that describes
user desires, a model of helpfulness, and conditions untwit is safe to perform ac-
tions.Assistance patterngpresent an engineered form of this knowledge that instest
this meta-reasoning over the agent’s beliefs about thésusental state and actions as well
as over world state. We have implemented the resulting geeframework for proactive
goal generation as part of the CALO personalized assistgmttaThe implemented frame-

" Consider a weight ofv normalized intd0, 1]. A positive feedback instance increases the valuem% (1—w)
while a negative feedback instance decreases i;t,zto Explicit feedback is ascribed higher significance than
implicit.

1250004-24



Int. J. Artif. Intell. Tools 2012.21. Downloaded from www.worldscientific.com
by CAMBRIDGE UNIVERSITY on 08/30/13. For personal use only.

The Design of a Proactive Personal Agent for Task Management

work draws on a broad range of services in the CALO systeniyditeg sophisticated
workflow recognition that informs the agent’s beliefs abihét user’s state and action.

This article has described the rationale, basis, and approadesigning CALO’s
proactive capabilities for task management assistancgeds of the system have been
specialized to several transition domati&3 7461 Notably, the Towel to-do list manager
evolved intoTask Assistantin which to-do management is combined with collaborative
multi-user task execution and proactive suggestions.d beggestions include parameter
completion, delegation suggestions, task matching intoraalogy, and system task exe-
cution. Deployment of Task Assistant to multiple organimag within the US government
is underway.

Helpful proactive assistance beholds significant techicallenges. Besides the the-
oretical underpinnings for a principled approach, agetabi®r must most importantly
be within context®516928 The vision of agents that operate like intuitive and courteo
butlers hinges on an understanding of the user and the workdecembination of cogni-
tive modelling and recognition of task activity — and of homdavhen to assist, lest the
agent be proactive but anything but courteous. Our implé¢atiem already draws on activ-
ity recognition technology. Our ongoing work is to streragtlihe cost—benefit, timing, and
modality reasoning of the CALO Suggestion Manager, and apathe agent’'s behavior
more subtly to explicit and implicit user feedback.

Directions for the future include developing a logical faliem in order to make
guarantees about agent behavior by reasoning over APswaittinstantiation of the theory
of helpfulness; a more sophisticated user model includatignation of the user’s emotive
state; and the potential of building CALO towards an affectagent® Another direc-
tion, although not within our plans for CALO, is user—agemd &eam collaborations that
involves complex and interleaved actions and subptéffsHere, reasoning about uncer-
tainty must take account that some actions (e.g., subaoctiba collaborative activity and
supportive actions) may fail unexpectedly, and that beleftween the agents may be di-
vergent.

The principles of proactivity presented in Secti®d stem from the vision of an as-
sistive agent acting as a “courteous butler”. In other i3g#ti an assistive agent may be
endowed with a greater level of autonoffyHere, key heightened challenges are main-
taining trust and a greater sensitivity to managing the-sikty tradeoff of acting?®

The lessons learned from our ongoing work — and that of otffierts to build personal
cognitive assistants — emphasize the interdisciplinaly tishelpful personalized assistant
agents are to become a reality in day-to-day3#®. These include intention recognition
(as a broader challenge besides activity recognitionyam@iag about actions (such as the
theories we have described) and uncertainty, planningemebsiling, social network anal-
ysis, and knowledge capture, together informed and in looitation with cognitive science
and human-computer interaction.
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