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1 Introduction rescheduling tasks. In this domain at an individual level
a user will sometimes want to override decisions of their
Teams of heterogeneous agents working within apgoxy. At a team level a human will want to fix unde-
alongside human organizations offer exciting possibiirable properties of overall team behavior, such as large
ties for streamlining processes in ways not possible wibtheaks in a visitor’s schedule.
conventional software[4, 6]. For example, personal SOft'However, to require a human to completely take control
ware assistants and information gathering and schedulfjgyy entire multi-agent system, or even a single agent,
agents can coordinate with each other to achieve a Vgiteats the purpose for which the agents were deployed.
ety of coordination and organizational tasks, e.g. faciﬁ-hus, while it is desirable that the multi-agent system
tating teaming of experts in an organization for crisis r¢nould not assume full autonomy neither should it be a
sponse and aiding in execution and monitoring of such,g,q autonomy system. Rather, some formi\djustable
response(5]. Autonomy(AA) is desired. A system supporting AA is
Inevitably, due to the complexity of the environmengpje to dynamically change the autonomy it has to make
the unpredictability of human beings and the range of sityhg carry out decisions, i.e. the system can continuously
ation with which the multi-agent systems must deal, the\pgry its autonomy from being completely dependent on
will be times when the system does not produce the igimans to being completely in control. An AA tool needs

is required. Sometimes simple tweaks are required due tq.

X ._To support effective user interaction with complex
system failures. In other cases, perhaps becauseaparH? bp P

. ti-agent system we are developing a layered Ad-
lar user has more experience than the system, the useryy lable Autonomy approach that allows users to inter-
want to “steer” the entire multi-agent system on a diffet-

e either with a single agent or with a team of agents.
ent course. For example, some researchers at USC/@P gle ag 9

. . evious work has in AA has looked at either individual
including ourselves, are currently focused on the Ele&';ents or whole teams but not, to our knowledge, a lay-

tri_c Elvgs project (http://www.isi.edu/agents-united). Igred approach to AA. The layering of the AA parallels
) . . 2 He levels of autonomy existing in human organizations.
proxies to act on their behalf, while entities such as me%’chnically, the layered approach separates out issues rel-

ing schedulers will be active agents that can commumcgyﬂm at different levels of abstraction, making it easier to

with the proxies to achieve a variety of scheduling anprovide users with the information and tools they need to

*Location of Agents 2000 conference effectively interact with a complex multi-agent system.




The single agent, or local, layer of the AA system pro- — I%}
vides a spectrum of options regarding the autonomy the U_ - e
agent has in making a decision on the user’s behalf. In P e . -y
our current prototype, agent proxies use learning to adapt tH I ..\\‘ .f,. ;

their behavior to the user’s preference for which decisions TR —rm
the user likes to make and which ones the agent should ) o

-
-

make autonomously. The local layer can exploit detailed e " [ / \
information about a particular user to be very specialized § T p— a e
for that user. Tt

The team layer of the AA system abstracts away de- . == g
tails of individual agents and uses it's background knowl- -‘E "3

edge of team behavior to focus the user on important team

features and problems. A user is provided tools to moni- Figure 1:0verview of the Teamcore framework.
tor the coordination and team plans of the team, and then

modify assignments to roles, team plans etc. as required.

Without adjusting the local autonomy of individual agents

the user can guide the behavior of the entire team.  t€am plan for a meeting is decomposed into a team plan
to find appropriate participants for the meeting, e.g. pre-

senters and attendees, and individual plans for attending
2 Electric Elves the meeting. Each TEAMCORE proxy represents a single
human user or active system. Proxies form teams that ex-
The USC/ISI "Electric Elves” project is an integrated efecute the team plans autonomously, coordinating amongst
fort focused on dynamic team formation and crisis rélemselves as required.
sponse in complex human organizations. In highly agenti-
fied future organizations — which agentify all active enti- .
ties, including humans — dynamic teaming of agents wid Layered Adjustable Autonomy
enable the organizations to act coherently and robustly to-
ward their mission goals, react swiftly to crises and addpur layered approach to AA parallels the layers of au-
dynamically to events. In the Electric Elves project, hdienomy that occur within human organizations. The local
mans will be agentified by providing them with proxies tyer of the AA system reflects an individual’s ability to
act on their behalf, while entities such as meeting scheédake their own decisions while the team level reflects the
ulers will be active agents that can communicate with tisecial basis of team autonomy. It appears that the layer-
proxies. For instance, the Electric Elves should enalig leads to benefits in terms of information presentation
us to schedule demonstrations outside our institute, @&d the ability to provide effective mechanisms for user
termining which project should be demonstrated, whigiontrol when it comes to implementing the AA system.
person in the project should travel to give the demonstraLocal autonomy is the autonomy an agent has to make
tion, which project members should provide support tocal decisions. For example, in the Electric Elves do-
the demonstration, schedule the shipping and packagingin a decision to volunteer for some role is a local deci-
of equipment, etc. sion that may be made by either the human or their agent
As an agent integration architecture we are using theoxy. The degree of autonomy the proxy has is the de-
TEAMCORE framework [9]. Human developers specifgisions which it can make on its own and those for which
a team-oriented program in a tool called TOPI. A teaits human counterpart need be consulted. Note that the
program consists of a high-level specification of a hiersagents local decision may be overridden by decisions of
chical team plan. High-level team plans typically deconthe agent’s team — e.g. simply because a proxy volunteers
pose into other team plans and, ultimately, into leaf-levédes not guarantee they will be assigned the role.
plans that are executed by individuals. For example, theTeam autonomy is the autonomy an agent team has to



make it's own decisions. A fully autonomous team couldcal proxy and the team AA tool only needs to interact
negotiate a team decision for, say a visitor schedule, bagétth the team structure, roles and relationships. Hence the
on the preferences of the agents in the team without beingchanisms can be more focused and, therefore, easier to
dependent on human authorization. In a less autonombugd.
agent team the human team would have the opportunity to
veto decisions made by an agent team before a commjty | gcal Adjustable Autonomy
ment is made to the decision.

The team level AA is required in addition to the in-

dividual layer because a team decision may be undesir- — Dl Iriday: Doy Mesting | - |
able despite the individual decisions of all its members ! &"51.-.31“ you'ra not at the
being correct. For example, consider the case of only two [T what should 1 do?
proxies, A and B, volunteering for two available roles. E:-::ﬁ ::::_:r“ E; IFS":;L'TH
The team may now decide that the users A and B will be Del ay ..m.,ﬁ by 10 minutes
giving a demonstration based on the wishes of the team Oelay mesting by 1| hour

. - Delay meetimg by 1 Poudrs
members proxies. However, both A and B may be junior Delay mesting byt day.
project members and a head of department may wish to Say that you are noe attending.

. .. Say that you w111 POt atoend.

have someone more senior participate. Hence the head of Chncal the matirg.
department will override the team decision but not neces- [ 4 Ho need to ask
sarily that of A and B to volunteer. Indeed, that A and B ok |

volunteered is to their credit. Notice that the team auton-
omy '_S completely mdependent of the individuals aUt_oF'igure 2: A snapshot of a user-agent’s dialogue box. At the top of
omy, i.e. the autonomy the team has to make a decisigélwindow is a description of the reason for the repair. The middle of
is independent of whether any individuals decisions carthe window shows the available repair options. Finally, at the bottom
autonomously from the proxies or directly from the hljs- a phecl_<-qu fqr thg user to inplicate whether the proxy should ask for
R . onfirmation is situations like this.
man users. Furthermore it is interesting to note that the
reasons for the team decision are independent of the rea-
sons for the decisions of any of the team members. A key challenge in integrating heterogeneous (human)
While inspiration for the layering of adjustable autoragents is that humans may have differing requirements
omy comes from the layering of autonomy in human owith respect to the autonomy their local proxies have to
ganizations it turns out that a variety of technical advamake decisions on their behalf. In the Electric Elves do-
tages are gained by layering an AA tool. In a large comain, proxies for humans can suggest coordination and
plex multi-agent system there is far too much going on fogpair decisions autonomously to aid in team activities
a human to take everything that the multi-agent systemach as meetings. For example, an agent proxy will sug-
knows into account when making a decision. Hence, gast repairs for the team plan for a scheduled meeting
issue for AA tools for multi-agent systems is how to find/hen it notices that its human counterpart will be late.
and present the information that is relevant to a particdthat to do about the failing plan differs from person to
lar situation. The layering approach simplifies this tasgerson and situation to situation, hence the human may
Because local AA systems take no account of the te@mmay not want the proxy to autonomously make the de-
perspective local AA tools need only be concerned witlision. Conversely, restricting the proxy to always con-
information about the local agent. Conversely, the tedimm it's decision with the user is also undesirable, since
AA tools can focus on presenting more abstract, teaitwould end up overwhelming the user with confirmation
oriented information, such as the important relationshigjuests for trivial decisions.
between agents and the status of team plans. By watching the user the proxy can learn to predict
The task of providing mechanisms for enforcing a huvhich repair option the human usually selects and also
man’s decision is also simplified by the layered approadkarn whether the human allows the proxy to act au-
The individual AA tool only needs to interact with theonomously in a particular situation. l.e. after a proxy



selects a repair (e.g. delay 5 minutes) it should also de- Levelsof Proxy Autonomy Allowed
cide whether to confirm its selection with the user. The 1
pair of choice of repair and whether to confirm the choice
may vary person to person. To learn these two decisions
dimensions we use two learning processes for each proxy:
one to predict a choice of repair option and one to predict
which decisions to take autonomously.

We use a supervised learning approach(C4.5) using 0 — —
user feedback for each decision. Eleven attributes are Users
used in learning which repair to use and twelve attributes
are used for learning whether to consult the user befdrigure 4:This graph shows the amount of autonomy each user gave
making the decision. Attributes include personal inform-ts Prox-
tion (e.qg. office location, seniority), team plan information
(e.g. meeting location, time, number of attendees), mon-
itored information about user’'s current location and ttehoices very well after only 10 meetings. User 2’s proxy
proxies predicted decision. These attributes are extrad&dontinuing to make errors. The reason seems to be that
from the user's schedule, organizational charts, etc. Wser 2 tends to choose different repairs for each meeting
the training phase, a proxy suggests a repair and queties, "delay 5 minutes” for one meeting, "cancel it” for
whether the user would wish it to make such a decisianother, "user is attending” or "user will not attend” for
autonomously (see the snapshot of the proxy’s dialogyet others). Given the results in Figure 3 it is not surpris-

Level of Proxy Autonomy
o
2

box in Figure 2). ing that Figure 4 shows User 1 giving full autonomy to
its agent while User 2 stays in complete control. User 1
User Models of Choice Decisions seems satisfied with its proxy’s learning process so gives
(- User ¥s proxy = User 25 proy] complete autonomy to it's proxy, while User 2 seems sus-
e picious of the predictions it's proxy made hence gave no

— autonomy to the proxy.

3.2 Adjustable Autonomy for Teams

Total Number of Errors
IS
N

0 : : Team level AA refers to the ability to change the auton-
! ot oo omy that a team has to make decisions without being de-
pendent on human authorization. The team autonomy is
Figure 3: This graph shows cumulative number of errors the proyndependent of the the autonomy any individual agent has
made in selecting a repair option. Notice that after 10 meetings th make its own decisions. A tool for team AA, therefore,
were no more errors for User 1 while User 2’s proxy continued to make L . . .
errors. must allow monitoring and interacting with the team as
a whole. Initially our aim is to provide functionality that
allows a user to change agent role assignments of agents
We have experimented with the local AA system in @nline. Role changes may be required either because of
real environment, using real meeting schedules, withfélures by particular agents or simply because a user de-
agentified humans, 2 palm pilots and a GPS systems fari@es that a different agent should be assigned a particular
weeks. Figure 3 and Figure 4 are the test results from tvade. The team programming tool TOPI has been extended
of the more experienced users (20 data points for Usemith support for the AA capabilities (see Figure 5).
10 data points for User 2). C4.5 is continuously learning For a user to respond effectively to agent failures the
from new data and the learned rules are applied immediA system needs to provide information not only about
ately to new predictions. the agent that failed but the overall team state, any team
Figure 3 shows that User 1's proxy is learning to predicsponse to that failure, implications of the failure, agents




available to fulfill the failing agents role, etc. This type ¢ : ]

information is generally not explicitly available. To un| ®smines [Sammimams &panis Nasms O Rt
derstand the current state of the multi-agent system, TC ﬂﬂnm|il-wl—ﬂl-wl— B v et
relies on plan recognition which infers the state of th |5 aumer e S g =
team members from the coordination messages normi| | 7= =asnk mis mis LITLAM ESSCRTLLAD 1= ool

Tha crilcsd mislmes are gie 3 TESM-EEDOAT-LIEAD 1alows -5 e

transmitted during execution. The plan-recognition-bas| | ouw riEays sran (e nbard g e Ay S Soan 1L 80

v o e g o

method is non-intrusive, avoiding the overhead of th |=lssmeamie |UIEAM-ERLL

proxies having to continually communicate their state | = te e ire-Seiay
the AA tool. TOPI reasons about the current state of t| "5 .51 -

system and, using its knowledge of the team plan, Knoy == 1 s | et s et e bt
edge of agent abilities acquired from an agent resou
manager and built-in knowledge of teamwork, explair
to the user the implications of failures. In the future TOPI

will be able to use similar mechanisms to explain to a uddgure 5:A screen shot of the AA aspect of TOPI. The figure shows

the implications of role changes or changes to team pIa nings that have been brought to the user's attention. Each of the
tabs along the top of the window link the user to general information

about the current status of the team. The severity of the warning, as

. determined by TOPI, is reflected in the size of the (real) animal displayed

4 Conclusion on the warning tab. The hypertext explanation in the middle of the screen
allows the user to quickly jump to related information about the failure.

When agents work within a human organization humahe pottom of the screen supplies more detail about the reason for the
intervention will sometimes be required. Layering is & "o
novel approach to the task of designing effective AA tools

for multi-agent systems. Barber [1] also looks at AA

from with respect to agents working together. However agent systems. IRroceedings of the International Confer-
the AA in their system is peer to peer not from a human ence on Multi-Agent Systems (ICMAS'2Q@1)00.

to a team. Deters [3] describes a AA system for mullis] R. Deters. Adjustable autonomy in a large distributed agent-
agent systems which relies on agents reporting their statepased system. I#utonomy Control Software Workshop,
to a central database. Dellarocas [2] looks at automated Autonomous Agents 99999.

failure detection and repair for multi-agent systems. Bofl) ;. Hendler and R. Metzeger. Putting it all together — the
Deters and De”arocas fOCUS Solely on the team IeVel W|th' control of agent_based Systems progra}EEE |nte||igent
out providing mechanisms for individual agent AA. Our  Systems and their applications4, March 1999.
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