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ABSTRACT

Intelligent software personal assistants are awvectsearch area with the potential to
revolutionize the way that human organizations operaiethiere has been little research
quantifying how they will impact organizational performameehow organizations will
or should adapt in response. In this chapter we develapnautational model of the
organization to evaluate the impact different proposedtass abilities have on the
behavior and performance of the organization. By varymegdrganizational structures
under consideration, we can identify which abilities arestmmeneficial, as well as
explore how organizations may adapt to best leveragaeWwetechnology. The results
indicate that the most beneficial abilities for hiehacal organizations are those that
improve load balancing through task allocation and failurevexy, while for horizontal
organizations the most beneficial abilities are thdse¢ improve communication. The
results also suggest that software personal assistahhdlogy will facilitate more
horizontal organizations.

INTRODUCTION

Intelligent software personal assistants (SPAs)oare of the most exciting applications
for organizational multi-agent systems. A software @eas$ assistant (SPA) is an agent
that acts to support a user in a human organization by aungniadividual tasks and
facilitating coordination with other members of the orgation. Recent and current
research has looked at developing SPAs for a diversgerah domains, including
emergency response and military teams, office environmé&a®ry floors, and even
outer space. The envisioned SPAs possess a wide raapditiés, such as scheduling
joint activities (Dent et al, 1992; Garrido & Sycara, 199@di et al, 2004), sharing key
information (Wagner et al, 2004), monitoring and remindimglividuals of key
timepoints (Chalupsky et al, 2001), filtering incoming commaiida (Maes, 1994),



assisting in negotiation decision support (Li et al., 2006)] aven ordering lunch
(Chalupsky et al, 2001).

Software personal assistants stand to benefit froiti-agent organization research in
two ways. First, as large-scale, complex multi-aggygtems, SPA deployments are
natural candidates for organization-centric engineeapgyoaches to manage control and
coordination complexity. As SPA-enabled organizationsobe more commonplace,
the need for an organization-centric approach will onlgobge more apparent, because
SPA interactions between different organizations vetjuire that these systems operate
flexibly, robustly, and securely as open systems. SHgono matter what engineering
approach is chosen for an SPA system, the SPAs eviitbated in human organizations
with specific organizational constraints, and thus th&sSiust be able to represent and
reason about those constraints in order to operatessfodly and transparently. The
representation and reasoning of organizational structures@mas is currently one of
the hottest areas of agent organization research (Gatoas, 2007; Vasconcelos et al.,
2007).

While significant technical challenges remain in develgpSPAs, many of these
issues are the subject of recent and current reseadclvith not be discussed extensively
in this chapter. Instead, we will focus on the crualie of how human organizations
will be affected by the use of this technology, which dase largely unexamined. This
represents a significant gap in the current research,isasikely that SPAs will have a
revolutionary effect on the way human organizations dpgergust as previous
information technology innovations such as personalpuders, corporate databases, and
e-mail revolutionized the way organizations operate. dbfiteon, the issue of which of
the many envisioned SPA abilities are most useful for impgothe efficiency and
effectiveness of an organization is only poorly understodthis is a possibly costly
oversight, as history is replete with examples ohmedogical innovations, including
early SPA systems, that have unexpected and even utidesmgpacts when coupled
with existing organizational practices and behaviors.

Our goals for this chapter are three-fold: first, toedep a conceptual framework that
can be used to quantifiably evaluate proposed SPA techesjagcond, to quantify the
impacts proposed SPA abilities will have on existing orgdinns, in order to provide
input to SPA designers on which abilities are most promigngursue; and third, to
explore how organizations may best be redesigned to ggveh@ SPA technology, in
order to provide input to SPA adopters on how to best ag@ytechnology. The
approach taken in this chapter lies at the crossroadgeot arganization modeling and
computational organization theory. We develop a computionodel of the
organization. This methodology of computational modelinginsilar to that used for
guantifying performance in organizational theory (Carley 189#tula & Carley, 1998).
We evaluate the impact different proposed SPA abilitiese on the behavior and
performance of the organization. Because SPAs frequaitgct detailed work
activities, and their broader influence on the organimasounclear, we must model the
organization at a fine-grained level of detail, capturing, deample, communication
paths, decision making, etc., in order to see their tsffeto that end, we have created an
abstract simulation environment that takes proposed orgamabmodels and tasks to
be performed by the organization and computes key propertigask execution,
including how well and how quickly the organization perfodntde task and how



robustly it handled individual failures. The simulaticaptures important aspects of the
operation of the organization, such as non-deterministrcagnitive limits of individual
members of the organization, but abstracts away domeeh details, making it feasible
to evaluate many instances of organizations.

One of the major difficulties in evaluating SPA aba@giis that they are still an area of
ongoing research. Because one of our goals is to prowpde to SPA designers before
the SPA capabilities have been fully developed, it ispassible to directly model the
specific mechanisms by which SPAs will operate. Instemdabstract away the details
of the SPA mechanisms and instead use the effects €# thechanisms on the behavior
of individual humans to determine the impact on the orgdioin. For example, instead
of directly modeling the specific ways in which SPAslviicrease the rate at which
humans can make effective decisions, we instead mod&RAs’ impact as increasing
the decision making rate within the organization, with wheerstanding that any SPA
mechanism that has the same effect will have sim#Hects on organizational
performance. This allows us to evaluate the many prdp8Bé abilities without having
to solve the hard and open problems required to implerhesetabilities for different
organizational contexts. By referencing ongoing projestd previously published
literature, we have identified a set of key abilitieattare being developed, including
information sharing, task allocation, automated monitprimnd supervision,
communication management, joint activity coordinatidecision support, and recovery
from unexpected failures.  Using our computational modethe organization, we
evaluate the impacts of different SPA abilities indially and in combination.

When embracing a new technology, organizations will firpladeit in lieu of existing
technologies or practices, then gradually adapt to betitere the new technology. This
can have a transformative effect on the way organizaawe structured and operate. For
this reason, it is not sufficient to merely study thmpact SPAs will have on existing
organizations, but also to see how organizations mightgehand adapt in the presence
of SPAs to best leverage the technology. In ordenvestigate this, we compare the
designs of organizations before and after SPA deplotymeesee which structures and
SPA abilities are most beneficial. Our results iathcthat the most beneficial SPA
abilities for horizontal, decentralized organizations #nose that facilitate improved
communication, while for hierarchical, centralized organans, the most beneficial
SPA abilities are those that improve load balancinguin task allocation and failure
recovery.

BACKGROUND

Research on SPAs has generally focused on developing fPAs wide range of
environments, including office settings (Chen & Sycara, 1888li et al, 2005; Payne et
al, 2002), disaster response domains (Schurr et al, 2005), btadynaiperations (Lenox
et al, 2000b; Wagner et al, 2004), rather than on studyiag tmpact on human
organizations. This research into developing SPAs canughly partitioned into three
categories. The first category focuses on technicaésssinderlying specific abilities,
using techniques such as Markov decision processes (Varakamhaah, 2005),
constraint satisfaction and constraint optimizatidiodi, 2004; Maheswaran et al.,
2004), and decision trees (Mitchell, 1994). Performanceiatiahs in these approaches



tend to focus solely on the performance of the SPAagmed by computation time,
learning accuracy, etc.), and completely ignore the hwmsar or the organization.

The second category considers the interaction betweesP&nand its user. This
research focuses on developing and evaluating differentinisefaces for SPAs, taking
into account factors such as (McCrickard & Chewar, 2003yitz9rl999). This usually
involves human experiments interacting in which a useracts with a prototype SPA.
While these studies consider the cognitive capabilities lmmtations of a human user
and how these can be affected by an SPA, they cormmetheindividual performance
of a single user and its SPAs, instead of the organiedtiperformance of an SPA-
enabled organization. However, results from these suatie complementary to the
approach taken in this chapter, as they quantify the sff8B¥As have on individual
performance, while we begin with the impacts SPAs havedividual performance and
guantify the effect this has on the collective perfarogeof the organization as a whole.

The third category includes systems of agents that hauvallgcbeen built and tested
in assisting humans (Chalupsky et al, 2001; Lenox et al, 2@@ara & Lewis, 2004),
and is a far smaller category than the other two.s&lstudies also involve experiments
with human subjects, but several subjects interact théhsystem at a time, assisted by
their respective SPAs. This is closest in spirit dior objective, however, these
experiments are generally very limited in size and sc@pe, frequently are not
conducted on the true end-users of the technology. Thistigah because of the
impracticality of deploying a full SPA system in a la@®ganization. In the largest and
longest-running SPA experiment to date, an SPA systent'lectric Elves”) was built
and deployed in an office environment and used for severath®iChalupsky et al.,
2001). However, even this system was operated with feélasar 10 users. While
experiments such as these are important for the evatgualopment and deployment of
SPAs in the workplace, they are impractical for largeles tests and are inherently
restricted to testing existing SPA technology.

Computational organization theory has focused specificaitythe human and
organizational performance factors that SPA-oriented relsdws largely ignored. This
research area uses computational models of human orgamszeo answer questions of
organizational behavior and performance (Carley & Paeti®94; Prietula et al., 1998).
It is widely accepted as a practical way to conduct expgris on large scale human
organizations, especially using “what-if" analysis to ooes the effects hypothetical
changes will have on organizational behavior (Carley, 1999)is approach has been
used to evaluate the effects of different forms of rimi@tion technology on specific
organizations (Levitt et al. 1994; Majchrzak & Finley, 1995), thaése approaches
require a detailed model of how the information technplogrks, which is not practical
in the case of yet undeveloped SPAs.

One aspect of SPA design that has been neglected exgiicit representation and
reasoning about organizational concepts. For examide whe Electric Elves project
was generally considered a success, the SPAs wereveths® have several serious
shortcomings, because they had not been designed witrganizational awareness
(Tambe et al., 2006). Instead, machine learning methodsuseceto generalize rules to
guide their operation, and in many cases the learned ribdated the norms of the
human organization in which they were situated. Theesyslesigners included ad hoc
rules in an attempt to repair this shortcoming, but veaitg partially successful.



Although the approach taken in this chapter is agnostio #se specific engineering
methodology used for SPAs, we recognize that an orgamzegiotric approach to agent
control could solve many of the issues that plagued tleetrie Elves project by
providing the SPAs with the ability to reason aboutdhganizational norms in choosing
its actions. Even if an agent-centric design prooéshe SPAs system as a whole was
used, SPAs could still greatly benefit from the formaanizational languages (Grossi et
al. 2007; Serrano & Saugar, 2007) and organizational frameWPitsum et al., 2004)
in order to adhere to the norms of the human organimiio which they are situated.
For a more detailed exposition on how SPAs may be magmizationally-aware, please
see chapter 22 “Autonomous agents adopting organizatios)rble Bob van der Vecht
and Frank Dignum.

The approach presented in this chapter uses organizationalsmodedifferent way
than they are conventionally used in multi-agent system$ie conventional usage
(which is also reflected in most of the other chapbéthis book) is to use organizational
models to provide organization-centric control of a dsted agent system, while
remaining agnostic about the evaluation methodology.colmirast, an organizational
model is used in this chapter to simulate the operati@human organization in order to
evaluate the organizational performance, while remainingppstigc about the control
methodology. It is important to note that these twapraaches may be used
complementarily; the approach presented in this chaptariainly capable of evaluating
organization-centric SPA systems, but it is also capabt&valuating agent-centric SPA
systems, which is a key advantage, as most SPA systestase have been designed from
an agent-centric perspective.

Other recent research efforts have focused on evaduatine organizational
performance of multi-agent systems (Grossi et al, 2086rling, 2006). An
organizational design language expressing quantitative etiips that exist between
organizational elements was provided in (Horling, 2006), aloilg & framework for
guantifying various organizational performance characiesist In (Grossi et al., 2006),
aspects of organizational performance are determined byimrgngraph theoretic
properties of the structure of the organizational mod€his allows several general
measures of performance to be made, but relies on aciegpganization-centric model
of control and the performance measures are statlt iggpect to the organizational
structure. While these works present important advance®ving from agent-centric
to organization-centric performance evaluation, they lath focused on pure agent
organizations, instead of specifically addressing hybrid orgammzasuch as an SPA-
enabled organization. Preliminary work on understanding ittiigact of software
personal assistants was described in (Okamoto et al., 2006).

The adoption of information technology by organizations galyefollows three
phases (Carley, 1996). In the first phase, the new témynas used as a simple
substitute for existing technologies and practices. énsdtond phase, the organization
members adjust their behavior as they become mordidamith the properties of the
new technology. Finally, in the third phase, the org&iimal structure is changed to
better fit the new behavior. Three notable and well-studézhnologies that have
adhered to this general progression are electronic margesp({@®lalone, 1987), e-mail
(Yates & Orlikowski, 1992; Garton & Wellman, 1993), and cogbe databases (Carley,
2002).



Electronic marketplaces initially replaced existingranbrganization coordination
procedures between different divisions, thereby reducingg ¢btlone, 1987). As these
savings were realized, usage of electronic marketplacesasatte Finally, the
coordination costs were sufficiently reduced that manyrozgdons chose to outsource
the work previously done in-house, and use electronic nmakets for inter-
organizational coordination.

Similarly, e-mail was initially used as a replacemfem telephone calls and written
memoranda (Yates & Orlikowski, 1992). This combined the dspmous and
permanent nature of memoranda with the speed and inwésaofitelephone calls. This
led changes in organizational behavior, including status eqtialh and often an
increased volume of communication through e-mail as azgaans moved through the
second phase of adoption (Garton & Wellman, 1993). Finallythe third phase
organizations were restructured to take advantage oftvecammunication potential of
e-mail, with less centralized, less hierarchical stmag (Garton & Wellman, 1993;
Ahuja & Carley, 1998).

It is generally assumed that information technology redeoesdination costs and
improves organizational performance, an assumption shetipported by the studies of
electronic marketplaces and e-mail. However, it ha® &ng been observed that
information technology may have a negative effect @gawoizational performance
(Ackoff, 1967). A study of corporate databases providesoee mecent cautionary
warning (Carley, 2002). In this case a database was deptioyadrease the retention
and accessibility of organizational knowledge that hadipusly been retained only by a
handful of experts in the organization. The initial gha$ adoption led to a shift in
reliance from these experts to the database sydtmwever, in the second phase, people
stopped updating the database, assuming that someone eldgleaxihg to an eventual
loss of organizational knowledge. This highlights the fthiat it is essential to account
for the interactions between a proposed technology leaitganization’s dynamics in
order to avoid deleterious effects.

APPROACH

In this section we elaborate on the general approaehalmating the impact of SPAs on
human organizations. We will also provide a concretargte for which we will later

provide results. Because direct experimentation veth SPA-enabled organizations is
impractical, we construct computational models of huroaganizations to evaluate

organizational performance, a technique which has beconespread in the field of

organization theory (Carley & Prietula, 1994, Prietulalet1998). These models consist
of three complementary components: the task modelhwijgresents the problem being
met by the organization; the model of individual actors,ctvhiepresents how human
actors operate individually; and the model of the orgaomatvhich represents how
human actors interact to collectively dictate théawor of the organization. As with

any abstraction, there is a fundamental trade-off betweefidelity of the model and the
practicality of evaluation. The aspects to abstrexispecific to the kind of organization
being represented as well as which features are of shteréhe evaluator. For example,
in an office environment between peers, social featwels as fairness and reciprocity



are important determinants of actor behavior, whilertkeéiect may be negligible in
military settings where soldiers are drilled to sijnpkecute their orders.

Once we have a computational model of the organizatidrout SPAs, we consider
the effects of SPAs on the organization. We do npli@ty represent SPAs in the
organization, but instead model their effects as changeganizational constraints and
parameters. For example, the proposed ability of SPAsmaiing communication
between actors (Chalupsky et al.,, 2001) may be modeled esdwction in the
communication delay between actors from the baselineevalithout SPAs. This
approach avoids directly implementing the abilities S#As (a substantial area of
research in its own right) as well as providing an opputy for published experimental
results from that field to we included in the organizaiomodel.

As an example of this general methodology, we considganizations that are
configured to achieve a particular large scale task, where is an existing, known plan
for achieving that task. Examples of such scenariosdech disaster response effort or a
military operation. These kinds of domains are extigrnoballenging to the people
operating in them, because the environment is highly dynanilt fnequently tight
windows of execution for tasks, and people have limitedesx to incomplete
information, often with slow and unreliable communicat For example, in a military
operation, soldiers on the ground must often rely onlsgmous radio transmissions
through human communications operators, who relay nmdtion to commanders and
other soldiers participating in the operation, which casultein information being
delayed or distorted. The same characteristics that thake domains so challenging to
current organizations also present a number of promisingriopyiees for SPAs to
improve organizational performance by addressing thesetions.

In these domains, actors typically execute hierarchidahs. In our work, we
represent an organization of human actors that exexutierarchical plan similar to
hierarchical task networks such as TAEMS (Lesser et al., 200Mpte that a
“hierarchical plan” denotes different levels of plarstafiction and does not necessarily
imply that the plan will be executed by a hierarchicejamization. Indeed, in our
experimental evaluations, we consider horizontal astiduted organizational structures
executing these plans, in addition to traditional hidriaed organizational structures.

Under these plans, the actors perform a variety of rogeeeous tasks and
communicate in order to make decisions. The basictstreiés that the organization
must make a number of decisions, represented as de@skm tEach decision requires a
specific set of information as input, and this informatieracquired by successfully
executing sensing tasks. This abstraction describes a vedge of real-life
organizations, from military units that detect and elaté enemy threats, to businesses
that identify customer needs and reallocate investmernis.this chapter we focus
specifically on abstractions of domains such as militgygrations or disaster response
scenarios.

There are a number of assumptions that govern the bela\axtors in this model.
Each task is assigned statically to a single actoo, iwhresponsible for performing that
task within a fixed window of time, which is known to thetors. While actors may be
assigned many tasks with overlapping execution windovesathors are limited in the
number of tasks that they can perform simultaneousfieating well-known cognitive
limitations of humans. Each task has a fixed duratiod,that once begun, the task must



be performed for its entire duration without interrupticAttempts to perform a task may
fail, with the failure occurring randomly during the duratimhexecution, and a failed
task cannot be attempted again.

In order to reduce the effect of task failures on platsss, there are redundant, pre-
determined contingent tasks (or contingencies) buiit the plan. Non-contingent tasks
(both sensing and decision tasks) are termed primakg,tagth a specific, known
contingency that is to be executed if the primary tasls.f Contingencies can also
provide redundancy for other contingencies, so that fdr pamary task, there may be a
sequence of contingencies to be invoked in order, in caseicokssive task failures.
Such a sequence of tasks (beginning with the primary ims&med a task chain, and for
each task chain the organization has as a subgoalrtbaask be successfully completed
in that chain, with preference given for tasks earlighénchain. For each task chain, the
responsibility for ensuring that the subgoal is achievehvssted in a manager role,
which is statically assigned to one of actors. Marsadeve the sole power of
authorizing the execution of contingencies.

Actors gain information through the successful comptetid sensing tasks. This
information must then be communicated to the decisiakens that use the information.
An actor assigned a decision task can only performttskt if it has all the required
information. Actors can only transmit information rago predetermined, bidirectional
communication links, and are bounded in the number of conwaiion links they can
maintain. Communication is assumed to be point-totpanulti-hop with each hop
taking a fixed amount of time.

We do not explicitly represent SPAs in the organizatiout, instead model their
effects as changes in organizational constraints andnyeters. For example, the
presence of SPAs may be modeled by decreasing the combtmmidalay from a
baseline for an organization without SPAs. In the oéshis section we formally model
an organization and the human actors that comprise it.

Formally, a human organization O is a tuple

O=(AT,I, Prov, Req Window Dur, Cap, Fail, G, delay, M, d)
with the following components:

A={ &, &, ..., &} the set ohuman actorsn the organization.

«T: the set of tasks to be performed by the actors. Taskpatitioned in two

orthogonal ways:
o T= Tp ] TC
v Tp={tl,12,..., t,}: the set ofprimary taskgo be performed.
. _ : the set otontingenciedo be performed in case of
Te = Uti T, G
task failures.
O T=Tp0OTs
* Tp: the set oflecision-making taskihiat require information to be
performed.
* Ts the set ofsensing tasksthat provide information when
successfully performed.

el = {14, I3 ..., | }; the set of information produced by sensing tasks and uged b

decision tasks.



«Prov. T — P(I): the information provision function mapping (sensingksa® the

set of information provided by successfully completing(dessing) task.

«Req T — P(l): the information requirement function mapping (decisicakimg)

tasks to the set of information required to performdideision-making task.

«Window T — [0,0) % [00): the execution window function mapping tasks to the

earliest and latest times that the task can be pegfihrm

eDur: T — [0,0): the duration function indicating how long each taakes to

perform.

eLoad T — [0,0): the load function indicating how much cognitive loadhetask

requires.

«Cap A xT — [0, 1]: the capability function indicating how well acs perform each

task.

«Fail: Ax T — [0, 1]: the failure function indicating the probabilégtors will fail at

performing each task when attempted.

«G: the undirected graph with actors as vertices and edg#saiing possible

communication paths between actors.

« delay: the communication delay.

«M: the assignment matrix of primary tasks and contingenteactors. Each

primary task or contingency must be assigned to exacéyaotor.

«d: the deadline by which time all decisions must be made rderofor the

organization to succeed. _

For each primary task[] Tp, there exists O or more contingenciés{c',c?,..., ¢}
The contingencies are pre-determined backup tasks that arkethvwn case of task
failure, and are ordered by preference. Hence contingghayust be performed if
primary taski fails, and contingencg? must be performed if contingency fails, and
so on. The set of all contingency tasks is writtemas

Several of the model components represent the abiltiédimitations of the actors,
although there is no explicit model cognitive model & hlnman actors. The abilities of
the actors are represented by the capability functi@ey, which incorporates and
abstracts the many features of task execution to provwererical score for how well
each actor performs each task. This function incorpobatisthe cognitive and physical
abilities of the actors used in performing tasks. Dhe, Load and Fail functions
represent some of the limitations of the actors.

The results obtained using this model will be dependetitefidelity of the model to
the actual organization being represented. One pointrafeco is the parameters (such
as Cap, Dur, etc.) that represent individual actor abilities. Ehare several ways to
determine values for these parameters. Case studs@sitafr organizations, if available,
can be used to supply the values directly. Models ofamuoognition, such as ACT-R
(Anderson, 1993; Byrne, 1999) or SOAR (Laird et al., 1987), tmmlee used to derive
the parameter values for individual actors. Becauseitpanizational model does not
require a specific cognitive model of the actors, anylabki or applicable such model
may be used to determine the parameter values. Whesp#uwfic details of the
organization are not known (or when a general class génirations are under
consideration), a range of parameter values shouldrisdsred.



Organizational Structure

The undirected grap® in the specification of the organization describes thecsiral
communication links that exist between members of tgarozation. The vertices &
are the actors iA. An edge betweea [J A anda; [J A indicates thag can communicate
with &. There are two cases where an actor must commeamgtt another actor. The
first case is when an actor supplies information tottzer actor, i.e., a path must exist
between two actorg anda; if M(g;, t) = 1 andM(a;, t') = 1 and ProV(t) N Redt’) # @.
The second case occurs when an actor fails at itsaéadkhe fact of this failure must be
communicated to the manager of the task chain, who thiordzes execution of the
contingency.

Because many contingencies may not actually be perforsoedae of the edges i@
(namely those which only transmit information for thdasks) may not actually be used.
Moreover, even those edges that are on paths requirgdiritary tasks may not be used
if the actor performing the task fails, since a contmuyewould then be invoked. Hence
we distinguish between two grapl@,andG’. We refer toG as the potential structure
graph, since it must contain all edges that could be rebjfgreany possible combination
of tasks and contingencie&’, on the other hand, is called the instantiated strucimee,
only contains those edges that are actually being used tjigecurrent set of tasks and
contingencies.

Human cognitive limitations restrict the number of catgaa person can effectively
maintain. We model this as constraints on the potesttiacture graplit. In particular,
we bound the degrees of the actorsGirsuch that for ala [0 A, degre€a) < maXeg
Cognitive limitations also impose constraints on thecstre of G’, given bynaxseq AS
tasks are executed and contingencies invoked, the lifBsahange. If the degree of an
actor inG’ exceeds its maximum bound, that actor is said to exmeriecommunication
overload, and is unable to use the communication linksstteeed the bounds. Here we
assume that the bound ®axqy = 1, which models the standard synchronous
communication prevalent in human organizations todayrsatan only communicate
with a single other actor at a time, and both partiastrbe engaged in conversation in
order for communication to occur.

For this domain we chose to model the organizational tsirei@as a graph of the
possible communication links in the organization. Whiles timodeling choice was
motivated by the specific domain of interest, the appradalising a graph to represent
possible actions between organization members is quiexaeand powerful. For more
information, please see chapter 10 “Structural aspearsgahizations” by Davide Grossi
and Frank Dignum.

Execution

The actors attempt to perform primary sensing tasks a&skignthem inM. For any
primary task failure, contingencies are invoked as destebelier. If an actor succeeds
at a sensing task (whether it is a primary task or contingency), théoa@ains
informationProvty) O |I. This information has an associated quality which we telop
Qual | — [0, 1]. For alll; O Prouts), we letQuall;) = Cap(a, ts).



The actor then transmits the newly learned inforomato all neighbors as defined in
G. These neighbors store the information in their petdar@awvledge bases and also in
turn propagate the information to their neighbors.

When an actor assigned a decision-making task gainkealhtormation required to
make the decision, either from other actors or by perfgrthe sensing tasks itself, it
attempts to perform the decision (which can fail).thé actor succeeds, the decision is
made with a quality that depends on both the capabilithetiecision-making actor and
the quality of the provided information, and the organmwatihen gets a reward for
making the decision. This reward is denoRavard T, N Tp — | and is defined in the
following way. For a decision-making tagksuccessfully performed by actarreward
is given by:

Rewardt,) = Cap(a,ty) > Qual(l,)
I;0Red(ty)
whereQual(l)) is as defined above. The total reward earned by the oagianizvill be
one measure of organizational performance, as descriéd ne

Organizational Performance

The performance of an organization is complex and atitibbuted. There are many
possible measures of performance, such as privacy (Matesehal., 2005), resource
usage (Lenox et al., 2000b), and volume of communicatioal¢@sky et al., 2001). In
this work, we focus on the following three specific measur
« Success rate This is a measure of how well the organization handidividual
failure and is calculated as the fraction of the timedrganization makes all the
decisions representedTn before the deadling
«Reward This is a measure of how well the organization malezssions when it
succeeds, and is calculated as
> Reward(t,)
tgOTp NTp
» Speed This is a measure of the organization’s efficiencyiarwhlculated as the difference
between the deadline tindeand the time at which the last task finishes execution.
The overall objective function used for performaiga weighted sum of these three
measures.

MODELING PERSONAL ASSISTANTS

The SPAs are not directly represented in our modiestead we model their effects on
the constraints of the human actors in the moté. do not model aspects such as social
comparison or reciprocity as motivating factorstfoe SPAs, because these are concepts
from agent societies between peers, while the SRA&Ir organizations exist solely to
assist their human users and are subservient ta tfde abilities of SPAs are generally
being designed to overcome perceived cognitiveditioins of humans that are thought to
limit the performance of organizations. In thistgen, we describe three such limitations



and the models of SPA abilities --- communication mana&ggm contingency
management, and decision support --- that might overcbhese timitations.

Many other SPA abilities (and corresponding cognitive tiinimight have been
modeled. We focused on this initial set because theseaatave research in the field on
developing these abilities. SPA abilities related to roomcation management include
processing incoming e-mail (Maes, 1994) and asynchronously yiogveformation
previously transmitted by walkie-talkie (Wagner et 2004). Transferring responsibility
of tasks (Wagner et al., 2004; Schurr et al., 2005) is ana®itity related to contingency
management. Integrating dynamic information and providirgysusvith suggestions
(Mitchell et al., 1994; Lenox et al., 2000b) has been studéea way of SPAs providing
decision support to users. This research has focused oopiegethe SPA abilities and
not on the effect of the SPA abilities on organizagmarformance. Furthermore, the
guestion of how the organization can change to bettezeutihe abilities has not been
addressed.

Our choice of selected SPA abilities was also resttito those most suited to the
special purpose organizations that are the focus of llaister. Future work will expand
the scope of SPA abilities, including those where trermi yet active research.

Communication Management

Utilizing SPAs to improve communication is one of th@smobvious and heavily
researched SPA abilities (Maes, 1994; Malone, 1987). Tleeatatvhich decision-
makers in an organization can effectively make decis®isnited by two key factors:
(i) their ability to get the appropriate information take required decisions and (ii) their
innate processing speed for making those decisions. Whielaind wireless networks
can convey information at amazingly fast rates compapetiuman communication
speeds, in most cases people are still required to inpartmiation and subsequently
process received information. The input and output ties subject to human
limitations and are fast becoming (if they are notaalg@ a major bottleneck in intra-
organization communication, one which could be alleviaie8PAs.

The cognitive load of managing incoming information and atiing outgoing
information is also a significant constraint thatymae relaxed by SPA technology.
Specifically, a decision-maker may be able to handle ifqmuh a greater number of
members of an organization and hence, either get mibeet daccess to required
information or make more decisions. For example, GE of an organization needs
information from many parts of the organization to maey strategic decisions.
However, it is cognitively and organizationally infeasilidr a person to directly receive
input from a large number of people (Carley, 1995). Hemcthd case of the CEO, that
information must pass through a small number of departimesnds, both delaying the
information and potentially distorting it. Conversetyppliers of information are limited
in how many others they can provide information to, reggiorganizational structures
that channel information and introduce delays and distortSPA technology could
allow information suppliers to more directly communicatéh the decision-makers
requiring their information.

We modeled three distinct effects that SPA-enhancedmoncation could have.
Firstly, SPAs could directly reduce communication dddgyrelieving input and output



transmission bottlenecks. This is modeled as a reductionmmunication delay. One
effect of this change in the organization is that it maguce the frequency of
communication overload in synchronous communication,usecactive links are present
in G’ for less time. The second effect SPAs could havie [@oviding asynchronous

communication between actors, modeled as sethiaggieq = MaXxe; This has a major

effect in eliminating communication overload, even ifuat communication delay does
not change. The third effect that SPAs could have reduocing the cognitive load of
managing incoming information from others in the organimatiod directing outgoing

information to others, so that actors can maintagremter number of communication
links. The effect of this directly impacts the possibfganizational structures and is
modeled by increasing the valuenéxeg

Task Contingency Management

In addition to reducing communication overload, an SPA manage contingencies in
order to prevent its actor from being cognitively ovedled by tasks. Instead of invoking
contingencies only when a domain-level failure is suffetee SPA may monitor the
actor's current status and workload and automaticallykeneontingencies for any tasks
that would overload the actor. This monitoring can be dore variety of ways, for
example by tracking the user’s position via GPS or atiethod (Chalupsky et al., 2001;
Wagner, et al. 2004). We assume that actors schedutepdmaing tasks in order to
avoid overload if at all possible, deferring tasks with thost time remaining. When a
task can no longer be deferred (due to impending deadlioegxample), the actor
invokes the contingency. While this gives maximum fleitipito the actor, it also
reduces flexibility for the contingent actor, becauséiat less time to execute the
contingency.

With SPA-managed task contingencies, an actor's SPAnmaiically invokes
contingencies as soon as a potential overload is @etedthis gives the contingent actor
more flexibility, but may invoke contingencies that did have to be invoked, which can
lead to reduced redundancy in the plan. Thus SPAs alsaanatiether their user can
subsequently perform tasks for which contingencies were m®yianvoked; if this
occurs, the SPAs transfer responsibility for the tasi o the user.

Similar approaches have been developed or proposed foriGB#ser environments
(Chalupsky, 2001; Decker & Sycara, 1997a; Maes, 1994). Intyitithese SPA
capabilities should make the organization more robustdwidual failure. Managing
contingencies or assigning roles has been a key areaeadrch, but this is the first work
that attempts to quantify the benefit of such a capgbdih an organization and
understand how the organization may change to leverageafradility.

Decision Support

As introduced above, a key cognitive constraint on humarsniorganization is the
number of decisions that can be effectively madelimiged amount of time. SPAs could
relax this constraint in a variety of ways, e.g.,igkover routine tasks to provide more
time for decisions (Dent, 1992; Garrido, 1996; Schurr 2005),toevig, collating, and



presenting information in a way that speeds up the adeeision-making process
(Decker, 1997b; Maes, 1994; Lenox et al., 2000b). Without mferto specifically how
it is done, in the computational model of the organizatiwe consider two possible
effects of SPA decision support. In the first possiblecef SPAs simply allow a person
to effectively make more decisions in the same peridang by decreasing the duration
of decision tasks. In the second possible effect, SBdsce the cognitive load of each
decision task, allowing a person to make more decisiomgiltsineously, without
affecting the duration of any single decision task.

EXPERIMENTAL SETUP

In the experiments presented here we were primarigrasted in domains such as
disaster response scenarios or military operationshiohna large number of actors are
deployed in a dynamic environment, uncertain environment. Né&niie choices for
organizational constraints reflect this interest. r Egample, in the chaos following a
natural disaster, many tasks will have fairly high faluates and small execution
windows, as buildings continue to burn and collapse, ébcaddition, communication
will be dependent on synchronous radio transmissioagedlbetween people with fairly
long delays to obtain or transmit information. In IsuEn environment, the people
executing the tasks will generally not have the timeesources to find other recourses if
the communication infrastructure breaks down due to owérloa

We evaluated a large number of organizations with a tyaé organizational
structures through simulation. The basic experimestapswas as follows:

« 80 human actors.

« 176 total primary tasks and contingencies.

0 16 primary decision tasks, each requiring information pravidy 3
distinct sensing tasks.

0 Each decision task has 1 contingency.

0 Each sensing task has 2 contingencies.

We tested three basic types of organizational structrggslar hierarchies, rings, and
random structures. Regular hierarchies are obviously hicatcstructures, but the
rings and random structures were inherently horizongdrorzational structures. In a
regular hierarchy, the actors form a completary rooted tree, where is the span of
control. We tested hierarchies with spans of comfdWwo, three, and four, denoted by
RH2, RH3, and RH4, respectively. Every actor in a regui@rarchy has one upward
link and a fixed number of downward links, so this structunavariant to changes in
maxe; Note, however, that for a regular hierarchy with sphicontroln to be allowed
at all, maxgeg must be greater than or equahtel.

Regular hierarchies are used as representatives ofidnadlihierarchical structures
common to human organizations, and as such, thereaeeas additional constraints on
the operation of an organization with such a structiiestly, information must always
flow upward through the hierarchy, so that decision makerslavays ancestors of the
actors with sensing tasks. This greatly constrains shiggrament of tasks based on the
structure. Secondly, control flows downward, so thahagers are always ancestors of
the actors assigned to the tasks being managed.



In a ring structure, the actors form a cycle. If extoan link to more than two other
actors (i.e.,maxeq > 2), actors also form links at regular intervals acrgsring to
minimize the average path length to every actor. énektreme, this leads 6 being
fully connected (whemaxey). We consider rings with actors having three, four, and
five neighbors, denoted by Ring3, Ring4, Ring5, respectively. Ringtares are used
as representatives of flat, peer-to-peer organization.

The third type of structure considered is the non-hieraathandom graph. Links
were added randomly between actors so that each actom Haseed number of
communication links, if possible. We considered randoaplgs where each actor has
three, four, and five neighbors, denoted by Rand3, Rand4, amtbRa&spectively. Like
the ring, this is envisioned as a flat, peer-to-peer orgammed structure, and is included
primarily as a reference for the other structures.

The organizations tested consisted of two parts, thenmaj@nal structure and the
task assignment. We generated a large number of organ&@asivuctures and used
different task assignment algorithms on each of thectires in order to generate the
organizations we used for evaluation. Because the tagiamnt problem is NP-hard
in general, we used a heuristic algorithm to assigrdsles for regular hierarchies and
ring structures. This algorithm greedily assigns taskactors while balancing the
assigned load on each actor so that the chance oftiegaverload is reduced. In
addition, care is taken to ensure that information freensing tasks can reach the
decision makers, with preference given so that thamtist the information much travel
(and hence the delay incurred) is minimized, if possifdlee additional requirements of
regular hierarchies described above impose additional emtston the task assignment.
A completely random allocation was used for random gsapittures.

For each organization generated (i.e., organizational steuatoupled with task
assignment), we simulated the operation of the orgamizd00 times. The fraction of
simulated runs in which the organization successfullypdeted the plan was used as an
approximation of the success rate. The average rewdrdpaed over successful runs
were used as approximations to the organization’s rewaldpeed, respectively. If an
organization did not succeed at all in the 100 runs, &ethmetrics received a score of 0.

The next section will describe the experimental resaftthe baseline performance
without SPAs and performance with SPAs modeled as var@asations of the baseline
constraints. The baseline configuration used the fofigugettings:

« Sensing task durations chosen randomly as 101 for primsky,t5+3 for the first

contingency, and 20+5 for the second contingency.

« Decision durations were chosen randomly as 5+1.

« Sensing task windows were [0, 50] for the primary task astl dontingency, and

[25,100] for the second contingency.

« Decision task windows were [0, 100].

« Probability of failure was chosen uniformly at randomwnir[0.01, 0.40] for each

task.

« Deadline:d = 100.0.

« Communication delaydelay. = 2.0.

eMaXeg = 4. This setting allows the RH2, RH3, Ring3, and Ring4 rorgsional

structures in the baseline configuration.

e Synchronous communicatiomax'geg= 1.



EXPERIMENTAL RESULTS

The Figures in this section shoperformance averagefor different organizational

structures. These give a rough measure for how welh@aons of that structure tend
to perform, and are calculated in the following wayheTsuccess rate performance
average is the average of the success rates for ahipagans of that structure and
assignment algorithm. The reward and speed performancagagewere calculated as
the averages of the reward performance and speed penfiemeespectively, of all

organizations of that structure and assignment algorithth mon-zero success rate.
Hence the reward and speed performance averages incdugertbrmance of only those
organizations that succeed at least some of the tiftes indicates how much reward
organizations receive or how quickly organizations coregle¢ plan when they succeed.

Baseline Results

The baseline raw performance averages for the RH2, Riti§3, Ring4, Rand3, and
Rand4 structures are shown in Figure 1. The RH4, Ring5, andSRstructures amot
presented here, as they violate the baseline constrai®ly = 4, but they will be
presented for comparison below with the results of -BR#aged communication. In
Figure 1, the different organizational structures are gdotin thex-axis, while they-axis
shows the raw, normalized performance averages for &ahe three components. The
reward performance average, shown in red, is greatemfpistructures than for regular
hierarchies. This is because the additional constramtask assignments in the regular
hierarchies restrict the pool of actors that can bégmead the task, resulting in less
capable agents being assigned. Organizations with the Rit2use also have a greater
reward performance average than those with the RH3 wsteycbecause the same
constraints become tighter as the span of controtasas. However, even the regular
hierarchies have greater reward than the random graphsinghthat they are able to
assign tasks to agents with above average capability.

The bottom component, which is not visible for Ring3nd4d, and Rand3, is the
success rate performance average. The Figure inditatiethe success rate is low for
regular hierarchies (with less than a ten percent suceg¢ssfor RH2 and RH3) and
random structures (less than a ten percent success r&arfd4), and zero for the ring
structure. One possible reason for this is suggested bgnta#d speed performance
averages, shown as the top components in the Figure.sBuadhvalues indicate that the
organizations, when they succeed, do so very close wethdline. Most of the time, the
organization exceeds the deadline and hence fails the pla
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Figure 1: Baseline performance averages.

The organizations tend to exceed the deadline for diffeeasions, depending on the
structure. In ring structured organizations, the averagel@agih between actors tends
to be longer than in regular hierarchies. This resaltsommunication that is so slow
that information does not reach decision makers unal éifie deadline, especially when
contingencies are invoked, as they tend to be performedtbysahat are farther from
the decision maker. In regular hierarchies, the treactsite coupled with the
requirement that communication flows upward create Hebetk in communication as
information from successfully completed tasks and failmotices for failed tasks
overload the communication capacities of actors furtipethe hierarchy. This prevents
information from reaching decision makers quickly, aslwsl prevents contingencies
from being invoked in a timely manner. The RH2 structureahsigyhtly higher success
rate than the RH3 structure because its smaller spaontiot makes it less likely that
actors suffer communication overload. As a resh#,RH2 structure also has a greater
speed performance average than the RH3 structure. Tk Rancture suffers many of
the same problems as the ring structures, but Rand4 perdorpssingly well because
random graphs tend to have short paths between all matthesultiple redundant paths.

Results of SPA Effects on Communication Management

The effect of reducing the communication delay in the megéion through SPAs is
shown in Figure 1(b)(c)(d). The communication delay i8sedaon thex-axis, with the
baseline value odlelay. = 2.0 on the far right. On the far left of tkexis is the ideal
case of instantaneous communication, wtlelay. = 0. At this point, there is no delay
for communication no matter what distance it mustet, and there is no communication
overload because communications links are active firactefely no time. Thus the
performance of the organizations wheatelay = 0 are independent of any
communication-related issues.

The impact of different communication delays on thecess rate performance
averages is shown in Figure 2. While all organizaticstalctures improve as the
communication delay is decreased, there is a thredifgdt with ring structures where
performance increases dramatically, far faster tharerebd with hierarchies. Ring
structured organizations typically fail because commuminatiakes too long;
contingencies are not authorized until after their etien windows have passed, and
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Figure 2: Performance averages with SPAs that reduce communication delay. (apStaie
(b) Reward. (c) Speed.

decision makers do not receive required information uaitér the deadline. The

threshold effect occurs because for sufficiently shommunication delay, rings are able
to communicate in a timely fashion and these failuresagoided. This is further seen in
comparing the Ring4 structure to the Ring3 structure. BecRusgt has a greater

number of cross links and hence shorter average pathsdsetctors when compared to
Ring3, it also can tolerate higher communication delaygmwing a much greater

improvement in success rate from a delay of 1.5 to  @¢la.0 compared to the Ring3

structure, which largely thresholds at a delay betweearid®.5.

The success rate of the regular hierarchies also impreie reduced communication
delay, as can be seen in Figure 2(a). However, g mteresting to note that regular
hierarchies, while starting from much greater success rdtan ring structures at the
baseline communication delay value, do not improve as m@sicimg structures do. Even
with instantaneous communication shown at the farolethe x-axis, regular hierarchies
still succeed only around 15% of the time. This shows tti@tower success rates of
hierarchical organizations are due to reasons other tbammanication delay and
overload.

The random graphs had higher success rates than thetnuwoguies for moderate
values of communication delay. This is because rand@phgrtend to have shorter
paths between actors, which reduces the impact of coratiom delay.
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Figure 3:Performance averages with SPAs that provide asynchronous communicatit
reduced communication delay. (a) Success rate. (b) Speed. Rewarthpade averages a
omitted as they are not significantly different from the synchronoudirmsend educec
communication delay cases.

Decreased communication delay has no effect on the rdevedtained by
organizations, as shown in Figure 2(b). The ring strustalearly obtain more reward
when successful than the hierarchical structures, due tgréater flexibility in assigning
tasks to ring structures. Both of these structuresirolntare reward than the random
structures, finding agents of above average capabilitygouts tasks.

Figure 2(c) shows the effect of communication delay on gbeed performance
averages. Regular hierarchies improve linearly with dsee communication delay, as
the reduced time spent communicating leads to fastereplacution. The relatively low
maximum achieved for regular hierarchies whikshay = 0 when compared to that of
ring and random structures indicates that even when coroation delay and overload
are removed, regular hierarchies suffer from other limoia that restrict their ability to
quickly perform tasks. The most significant of #néas we will see later) is cognitive
overload that arises because the hierarchical cortst@irtask assignments restrict cause
actors to be more heavily loaded than in the ring &irac In contrast, ring structures
greatly improve their speed even faster than would be teghdy a simple linear speed
up, as seen with regular hierarchies and random graplere@bkon for this (as we shall
see shortly) is that the shorter communication dedayices communication overloads,
and so task execution is sped up as decision tasks andgeoies that had been
waiting for information or authorization at longer cmomication delays are able to
execute earlier.

The effect of asynchronous communication on organizdtigmaformance, in
conjunction with reduced communication delay, is showRkigure 3. Figure 3(a) and
Figure 3(b) show success rate performance averages andpyémunance averages,
respectively, with asynchronous communication and varyinguats of communication
delay. Reward performance averages with asynchronous woication are unchanged
from those seen in the synchronous baseline and redun@dwucation cases, and are
omitted. Because asynchronous communication removesgoication overloads, the
data shown in Figure 3 indicate the extent to which comnatiait factors other than
communication overload affect organizational performance
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Figure 4: Perfornance averages for SPAs that increase the number of potential commur
links each actor can have. (a) Success rate. (b) Speed.

Figure 3(a) shows that the greatest communication féiotdmg regular hierarchies
from succeeding are communication overloads. At tisellvee communication delay,
regular hierarchies with asynchronous communication aelpéan success almost twice
as often as they do with synchronous communicationcrdasing the communication
speed in addition to this also improves the succesdimately, but the gains that can be
obtained by this are not as great as those obtainedrxy asynchronous communication.
This suggests that for SPAs being designed for hierarchigahzations, it may be more
beneficial to provide asynchronous communication thanmplg increase the rate at
which synchronous communication can occur.

Communication overloads are also a significant problentha ring structures,
especially at higher communication delays, as indicaieligure 3(a) by the greatly
improved performances of Ring4 at the baseline commuaicdelay of 2 and Ring3 at
delay of 1.5. However, Ring3 continues to perform very goailh a communication
delay of 2, because the long delay still prevents adtons effectively communicating
even without communication overloads. Overall, the stoéd effect of reduced
communication delay on the success rate of ring stestgrmuch less pronounced than
it was for synchronous communication. Part of thesaeafor this is that with
synchronous communication, reduced delay affects both comation-related causes
of failure, whereas with asynchronous communicationpnily affects how quickly
information is transmitted in time for decision tagkh®l contingencies to be executed.
From Figures 2(a) and 3(a) it can be seen that the dcammaeshold behavior in
synchronous communication occurs primarily when the comgation delay has been
reduced sufficiently for communication overload no langebe a major cause of plan
failure.

Of all the structures, random graphs are the most affdny communication overload.
Figure 3(a) shows that the success rate performancagageif random graphs are
essentially maximal with asynchronous communicatioandur the baseline delay. This
strongly suggests that asynchronous communication tédesi flat, decentralized
organizational structures.

Figure 3(b) shows that with asynchronous communicatiotty begular hierarchies
and random graphs demonstrate linear speedup with dedreasnmunication delay.
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Figure 5: Performance averages (a) with SPA-managed task contingenciesiti{but SPA-
managed task contingencies

Ring structures also have a speedup that is much closénetr fthan it was with
synchronous communication.

Figure 4 shows the effect of using SPAs to manage consationis so that the
number of communication links each actor can effelstivgaintain is increased to five.
This allows three new organizational structures, a retigaarchy with span of control 4
(RH4), a ring with 5 neighbors per actor (Ring5), andraloan graph with 5 neighbors
per actor (Rand5). Figure 4(a) shows the effect on sucatsand Figure 4(b) shows the
effect on speed of completion. For comparison, eaginr& includes the structures with
one fewer neighbor per actor (RH3, Ring4, and Rand4). Agjaéne is no significant
change in reward, so that is omitted.

From Figure 4(a) it is clear that adding an additional camoation link benefits ring
and random structures by allowing faster communicatioth angreater number of
redundant paths, while it harms regular hierarchies becthesehierarchical task
assignment constraints causes actors to be too hdasiyed to complete all of the
requisite tasks before the deadline. Thus even wheme ths instantaneous
communication, RH4 performs very poorly. The effectspped performance averages
in Figure 4(b) are similar to those seen previously, vintprovement for ring and
random structures and a loss of performance for the regelarchy.

Results of SPA Effects on Task Contingency Management

Figure 5(a) shows the performance averages when SPAs #dimible contingency
invocation to prevent cognitive overload. In orderde the potential impact of flexibly
and robustly reducing cognitive overload, these results wabtined with a
communication delay of 0, so that there were no comeation-related causes of failure.
For comparison, the performance averages with synchsooc@mmunication with delay
0 and no SPA-managed task contingencies is shown in Fagoye From a comparison
of Figures 5(a) and 5(b), it is apparent that SPA-managetingencies greatly increase
the success rate performance averages of hierarchicaizagans, but have no effect on
ring and random structures. This strongly suggestsftB&As are being developed for a
hierarchical organization, task contingency managemenhesod the most important
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Figure 6: Rerformance averages with SPAs that reduce decision load. (a) Suatess(b)
Speed.

capabilities to be taken into consideration. Howetee, performance of the regular
hierarchies is still less than that of the ring struesuwhich suggests that hierarchical
organizations with enhanced communication technologies d#ffectively eliminate
communication delay may reap additional benefits bychivig to a less centralized
organizational structure.

Results of SPA Effects on Decision Support

Figure 6 shows the effect of SPAs that provide decision stpgeeducing the cognitive
load of decision tasks. The other organization parametersset to the baseline
configuration. The load of decision tasks is varied @xtaxis. The baseline value of
load of 1 is shown on the far right of tkeaxis. As can be clearly seen, changing the
decision task load has no effect on performance.

Figure 7 shows the effect of SPAs that provide decisippart by reducing decision
task durations. This has more of an effect on the orgimial performance. Figure
7(a) shows that decreasing decision duration linearlye@sas the success rate of the
organization, because faster decisions make it more likatythe organization will meet
the deadline. Figure 7(b) shows that decreasing the aledssk duration also tends to
have a very slight increase on the speed performarexage; Because success rates
were so low for this setting, there was a larger amofinbise than usual, especially for
ring structures.

CONCLUSIONS

Software personal assistants hold great promise toutgmolze human organizations by
automating routine tasks and improving coordination betvs®ple. Despite various
research prototypes and applications, SPA technologiesrwawet been able to enter
the workplace. We believe that this is due to remaininglued technical problems,

such as SPAs inferring human intentions, mutual underdtditglarf user and agents,

and the unknown impact of introducing SPAs. This chajgtea first step toward

addressing this last issue.
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Figure 7 Performance averages with SPAs that reduce decision duration. (a@sSuete. (b
Speed.

In this chapter we developed a conceptual framework angu@tonal model to
guantify the impact that various software personaktesi capabilities will have on the
performance of human organizations. We found that e @y capabilities that are most
beneficial depend on the organizational structure. Forrblécal organizations, SPA
capabilities to manage cognitive and communication oadrlvere most important,
while for decentralized, flat organizations, SPA techgile that increased the speed of
communication were the most helpful. This suggestsSR# designers should consider
the appropriate set of SPA technologies depending onatiget application, as they
would confer the greatest benefits on the organizatioenwdeployed. However, the
immediate application of SPAs to an organization iy tim¢ first phase of their adoption.
Our results showing that flat, decentralized organinatiperform best overall in the
presence of SPAs suggests that over time, even hierarongalizations may become
less centralized in an effort to greater leverage thearem@d communication and
coordination offered by SPAs.
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KEY TERMS & DEFINITIONS

Actor: The human members of the organization. The acoesthe
entities that are actually executing tasks andea#icitly represented in
our model. The actors may be assisted by softywareonal assistants,
which relieve various cognitive and communicatiomstraints.

Cognitive load: The amount of an actor’'s cognitive facilities that
required to perform a task or set of tasks. Peamdanherently limited in
the amount of cognitive load they can bear, and tlelieving cognitive
load is one of the major goals for a successfuwsok personal assistant
design.

Communication overload: A person’s inability to engage in an excessive
number of simultaneous communication acts. Comaation overload
arises because people have bounded capacities focegsing
communicated information. This is primarily a plera with synchronous
communication.

Decision task: A task that requires information generated by sssfully
executing sensing tasks. A decision task cannoéexexuted until all
requisite information has been acquired.

Organizational structure: The set of relationships among organizational
members constraining their possible actions. i\ thapter we consider
communication structures that restrict with whonoaganization member
can communicate. We consider hierarchical, tresedbastructures as well
as horizontal structures, namely rings and randouctsires.

Primary task: A task that is not a contingency of any other task
Executing a primary task is the preferred way toiexe= an organizational



goal, while contingencies are less preferred bowathe organization to
cope with failure.

Sensing task: A task that generates useful information when assflly
completed. The generated information can be usaddecision task.
Softwar e per sonal assistant (SPA): An agent that supports a human user
by automating routine individual tasks and fadiiitg coordination with
other members of the organization. The effect c(foiware personal
assistant on its user is to relax various cogniéwvel communication
constraints. To be fully effective, software persloassistants must be
aware of the organization in which they are sitdate

Task contingency: A task to be executed in the event another taskata
be successfully completed. Each task has at nrmestumique and specific
contingency that is known in advance. A continggema@y in turn have its
own contingency to be executed in event of failur€ontingencies
represent pre-planned backup or alternative ways athieve an
organizational goal.



