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ABSTRACT

In this paper we offer case studies of
empowering agents with adjustment of
cognitive notions of autonomy and trust
that enable them to have a more socially
adept interaction with a human supervisor.
The application domain is control of
unmanned aerial vehicles. Agents learn to
change autonomies as they observe they
learn the relationship between their
assumed autonomy and performance.
Agents also learn to change their reliance
on human supervision as it takes different
lengths of time.
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INTRODUCTION

Human-Agent Interaction (HAI) is an emerging area of
research in agent-based systems. In general, agent -based
computing has been beneficial in four areas and human-
agent interaction is found in al d these areas. First,
agents are used in automation of dirty, dull, and
dangerous as well as tedious, boring, and routine tasks to
relieve humans of such duties [6]. Examples in this area
can be found in agents embodied in desktop assistants [8]
or intelligent in service of humans. Human supervisors
benefit greatly from delegating tasks to such agents [5].
Secondly, agents are used to produce an improved
human sense of “presence” for humans collaborating in
physically disparate locations. Examples in this aea are
found in agents in knowledge management tasks like
war-rooms and human users benefit from agents who
proxy for their human counterparts. Third, agents can be
used in democratisation of computing, services, and
support. Examples in this area are agents in municipal
functions such as the department of motor vehicles or
public libraries and virtual museums. Here, the public
enjoys the benefits of agent services. Fourth, agents are
used in reduction of redundancy and overlap due to
competition. Research in this area can increase
collaboration between agent collectives such as in
ingtitutions, organizations, and teams. Examples in this
area are found in agents that facilitate tracking and
sharing power or telecommunication services. In human-
agent interadtion, agents might be cognitive assistants
capable of discovering human preferences, personality,
and emotions. With this, agents will gain human trust

aong with permission to assure increased autonomy
while providing greater human control. Agents will also
form social networks that will facilitate their greater
ability to work together and to collaborate. We envision
agents that will be socially adept. This contributes to
robustness and adaptability of collaborative enterprises.
Theories and models of human-agent interaction are
needed as part of collaborative enterprises to provide
foundations for constructing systems able to work with
each other and with the people using them.

In complex tasks where humans and agents share
control and both make decisions, human-agent
interaction must accommodate mixed initiatives. Agents
that allow human intervention in their actions are said to
have adjustable autonomy [1, 2, 4]. Here an agent's
autonomy can be varied dynamically. Adjustable
autonomy holds the promise of lowering human
controller's burden of continuously controlling the agent
and alleviates the agent from dependence on the human
controller. The delays involved in making a decision on
behalf of the agent and conveying it to the agent may
decrease the agents’ performance. Time-critical systems
cannot afford this delay and in some cases a medium
quality decision made by an agent in time will be
superior to a high quality decision by a human-controller
which may not be timely. However, there are situations
where not all decision-making autonomy can be given to
an agent based on the assumption that an agent makes
good decisions.

Trust is an important socia notion between humans
and agents. Humans must trust agents they supervise and
much needsto be in human acceptance and trust on agent
decisions. In this paper we will explore the inverse issue,
that of trust as a form of agent reliance on quality and
timeliness of human input. We also present reliance as a
form of granting power to the human controller.

In mixed teams of humans and agents, interactions that
require agents and humans issuing request form one
another must be designed to account for human cognitive
factors. Agent request issued to a human must account
for contextual connotations of the request. This was
similar to the goal of DARPA’s pilot’ s associate program and
the more recent MICA program. Large-scale teams of semi-
autonomous vehicles were intended to be controlled by a
relatively small number of human operators. In this paper we
report on a machine learning scheme for asking for
helping from a human when agent-controlled UCAV
pilots need assistance from a human piloted UCAV.
Each situation requires a different request phrase The
phrases embody the context of the situation and the
human interpretation of the request.

In the rest of this paper we will begin by describing our
implemented testbed that we used to experiment with
adjustable autonomy and human-agent interaction [9].



We will then present afew empirical results and endwith
concluding remarks.

TEST-BED

Our simulator consists of a mountainous terrain with
SAM’s and a number of UCAV'’s that fly over them [3].
All the UCAV'’s are partially autonomous agents whose
autonomy can be adjusted by the human controller
dynamically . UCAV'’s starting from the base, fly over the
mountainous terrain to reach their destination. UCAV's
and SAM’s have a visible region within which they can
attack one another. Hit probability is the probability of
the UCAV being hit by the SAM’s. If the hit probability
of a UCAV crosses a certain limit the UCAV'’s are
considered to be shot-down by the SAM’s and they
disappear from the simulator. In addition, if two UCAV’s
are in coalition the hit-probability of both the UCAV’s
decreases by a factor due to the confusion of the SAM(s).
A SAM tries to hit the plane as soon as it enters its
visible region. When aUCAV comes acrossa SAM in its
course to reach the destination it may Sart Avoiding the
SAM by itself or may ask help from other agents to
attack the SAM. The UCAYV initialy tries to avoid the
SAM until its hit probability crosses a certain limit.
When the hit probability crosses a limit, it requests for
help from other agents. Hit probability of an UCAV is
proportional to the number of SAM’ s that have UCAV in
their Visible region. Each Agent gets its turn
sequentially. A cycle is completed when all the agents
get their turn once. The cycle continues until all the
agents reach their destination [10].

The following are the 10 states that govern the behaviour
of an agent in the smulator

1 Flyto Target Thisis adefault state. In this state
the agent’s goal is just to reach the destination

2 See SAM: The agent enters this state as soon as
it sites a SAM in its visible region. In this state
the agent reasons whether to avoid SAM by
itself or to seek help.

3 Sart Avoiding The agent enters this state when
it is in the visible region of a SAM and can
avoid the SAM by itself.

4. Waiting for Help: The agent enters this state if
the hit-probability crosses a certain limit and its
better to seek help from other agents than avoid
by itself. In this state the agent waits for help
from other agent.

5 Offering Help The agent enters this state when
any other agent of the system is waiting for
help. In this state the agent offers help, which
may be accepted or rejected by the help-needing
agent.

6. Being Helped: The agent enters this state when
one of the agents has agreed to offer help and it
iswilling to accept it.

7. Helping: The agent enters this state when
another agent accepted help offered by this
agent and it is on its way to help the agent.

8. Helping and See SAM: The agent enters this
state when it is helping another agent and on its
way sitesa SAM itself.

9. Heping and Avoiding SAM: This sate is a
result state to the previous one

10. In Coalition: When an agent helps another agent
the helping agent and the helped agent form a
Coalition. They break the Coadlition only after
both of them are out of any of the SAMs visible
region. The hitprobabilities of the planes
decrease considerably with the two agents in
coalition.

The following are the set of permissions that an agent
requires to operate completely autonomous in the system.
Attack SAM : The agent needs to have this permission set
to attack a SAM as soon as it sitesiit.

1. Attack SAM: The agent needs to have this
permission set to attack a SAM as soon as it
stesit.

2. Avoid SAM: The agent needs to have this
permission set to avoid SAM by itself. An agent
that doesn't have permission to avoid enters
Waiting for Help state

3. Get Help: The agent needs this permission set to
accept help offered by other agent. An agent
that doesn’t have this permission has no choice
of selecting the helping agent.

4. Offer Help: The agent needs this permission set
to offer help to other help-needing agents.

5. Hdp: The agent needs to have this permission
set to help other agents when another agent
acceptsit
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Figure 1Help Scenaric

Human controller sets the permissions of an agent
initialy when an agent is created. The more permission’s
the agent has the more autonomous is the agent. For
example, if an agent wants to attack a SAM and doesn’t
have the permission to perform the action it has to get
permission from the human controller. Human controller
can give the agent permission to attack, or deny
permission. In addition, if an agent is given al the
permissions and later if the human agent wants to change
it he can do so by changing the agent's autonomy
dynamically.

When an agent asks for a permission from the human
controller to act in a particular situation the human



controller has to make quick and wise decisions that
improve the system performance. The human controller
can be in two states Busy (i.e., responding to another
agent) or Idle. The agent has to wait until the human
controller makes a decision and conveys the decision to
it. In our simulator the overall system performance
increases with the decrease in average hit-probability of
the agents. When an agent enters the Visible region of a
SAM the hit-probability increases with time until the
agent gets out of the visible region by avoiding SAM or
another agent comes to rescue. The agent's hit-
probability at each cycle is recorded. The hit-probability
of an agent can be as low as 0.0 when it is not in visible
region of any of the SAM’s or as high as 0.8, which we
set as a higher limit on hit-probability. Agent’s which
have hit-probability of greater than 0.8 are considered
shot down by the SAM’s.

Cumulative Hit-Probability (CHP) of an agent is the
sum of hit-probabilities of the agent in each cycle
through out the simulation run (i.e. from the time the
agents took off from the base until they reach their
destination) divided by the number of cycles the agent
has hit-probability greater than 0.0. Average Hit-
Probability (AHP) is the average of the cumulative hit-
probabilities of each agent.
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dp; —Cumulative Hit-Probability of agent j

m  —number of agents

Agents that require permission from the human
controller add permission message to a queue from
which the controller first selects it and gives the
permission or denies the permission. There is a delay
involved from the time the agent adds the permission
message to the queue and gets a response from the
human controller. The factors that affect the delay are

1 The number of permissions asked by other
agents

2 The human computer interaction system

3 The efficiency of the human controller (we
ignored thisin our simulator)

Here some important questions arise.

1 How long should the agent wait for the human
permission

2 Should the agent take over control and make an
auonomous decision.

The permissions given by the human controller are
recorded in the agent's history together with the hit-
probability of the agent when the permission is given and
cycle number. Other agents use these permissions when
they are in a similar situation. Two agents are considered
to be in a similar situation if they require the same kind

of permission, the permission given is not more than 30
cycles old and the hit-probabilities are close. Permissions
given to an agent that are 30 cycles old become invalid.

The delay in communication between the human
controller and the agent deters the performance of the
system. With the increase in number of agents the
number of decision’sto be given by the human controller
increases and this degrades the performance of the
system further. So we have set an upper limit on the
waiting time beyond which further waiting of the agent
has degrading effects.

To make a decision autonomously the agent needs to
know

when should it Start Avoiding,

when should it Wait for help,

when should it offer help,

when should it accept help,

when should it help

The predefl ned rules set to the above actions are
An agent starts Avoiding when it sites a SAM
and its hit-probability <= 0.2.
An agent waits for help when it is avoiding a
SAM and its hit-probability > 0.2.
An agent offers help when itisin Fly to Target
state and some other agent needs help.
An agent, which is waiting for help, accepts
help if another agent offers it.
An agent helps another agent that accepted its
help offer.

After waiting for a maximum time limit the agent
chooses to follow one of these rules. The agent's
decision may not be convincing in al situations. In those
cases the human controller can interrupt the agent and
gives his decision to the agent.

EXPERIMENTSAND RESULTS

We will discuss results for adjustable autonomy as well
as trust. We begin with four adjustable autonomy
scenarios discussed.

Adjustable Autonomy

The x-axis in Figures 2 to 5 represents the number of
agents taking part in a simulation run and the y-axis
represents the hit-probability averaged over of all agents
in the scenario. Figure 2 shows the average hit-
probabilities of 2, 3 and 4 agents when all the decisions
have been autonomous, i.e, without human control.
Permissions required to make autonomous decisions by
an agent are given to each agent. From the figure we can
observe that the average hit-probability remains almost
constant. All agents follow a predefined rule set in
making a decision.



Figure 3 shows the awerage hit-probabilities of 2, 3 and
4 agents when the human controller makes all the
decisions. i.e., the agents are completely controlled by
the Human. We observe that the average hit-probability
increases with the increase in number of agents. With
increased number of agents, the human controller is
flooded with more requests from agents for permissions.
Therefore, the delay in making a decision increases the
hit -probability for the waiting agents. The increase in hit -
probability is more between 3 and 4 aents than between
2 and 3 agents. Figures 4 and 5 shows changes in average
hit-probability when the agent’s autonomy can be
adjusted dynamically. We have considered two cases in
which the autonomy of the agent will be varied
dynamically. In the first scenario, an agent doesn’'t wait
for the human controller’'s decision and makes an
autonomous decision based on the rule set and continues
with it. However, if the human controller feels that the
agent did not make a wise decision he can override it
with his decision and ask the agent to proceed according
to the new decision.
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Figure 4 shows the average hit-Probabilities of 2, 3 and 4
agents.

The second scenario is where the state d an agent can't
be changed or a decision made once can't be reverted.
Here we have set an upper limit on the number of
waiting cycles the agent waits before making an
autonomous decision. If the human controller feels that
the agents can be given more autonomy he can decrease
or increase the waiting cycles. In figure 5 we observe that
the hit-probability increases with increase in nhumber of

agents but this increase is considerably less than the
increase in figure 3 in which the human controller makes
all the decisions.
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Figure 4. Autonomous Decision made by Agent, which
can be reverted by human controller later.
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Figure 5. Autonomous Decision made by agent after
waiting for certain time limit, which can't be reverted by
human controller.

Reasoning about reliance as a form of trust between
human and agent is another method to manage adjustable
autonomy where the human controller has the most
control over the agents. Thisis presented next.

Rdiance

Let's consider that the human controller doesn't have
control over the agents but all the agents presume that a
human controller’s decision is superior to a decision
made by them. To reiterate, the delay involved in giving
a decision increases with the number of requests, agents
cannot wait for the human's decision beyond a certain
point, which may increase their hit-probabilities. Agents
conceive of a Global Human Reliance Value (GHRV) for
human decisions with a maximum value of 5 [11].
GHRV gives a measure of the degree of trust agents has
over the human controller [12]. The reliance increases if
the human controller responds to a request and decreases
if the human controller fails to respond to a request in



time (say 40 waiting cycles). Agents wait for human
controller’s decision for a certain period o waiting
cycles based on the reliance value and on the social
power authority that we discuss below. If the reliance
vdue is low, agents wait for a small period before
making an autonomous decision. Social power is a direct
consequence of reliance. Power exercised by Human
controller on agents is of two forms:
1 Authority leads to power, which is exercised by
an authority.
2 Expert knowledge leads to power gained by
expert solutions and suggestions.

In our simulator agent’s waiting time is governed by the
following equation:

Maximum_Waiting_Cycles=1 + GHRV * 5

Where | is the number of waitingcycles agent waits
initially when it has no reliance on Human controller.
Therefore, each agent waits for at least | waiting cycles
before making an autonomous decision even when the
reliance value is 0. The vaue of | is dependent on
Authority form of power. With more authoritative power
agents wait more time before making an autonomous
decision. Power of expertise is directly proportional to
GHRV. When human contrdler gives a decision the
value of GHRYV is incremented by 1. So in cases when a
human controller is flooded with requests he fails to
respond to some of the requests, which decreases the
GHRV. With less GHRV agents that require permission
wait less before making an autonomous decision. This
considerably decreases the number of waiting cycles
agents wait for a permission and unsuccessful in getting
the human controller’s response. Human controller will
be less effective in influencing the agents with the
decrease in GHRV. Figure 5 shows the effect of
authoritative power on the hit-probability. With more
authority agent’s ability to make an autonomous decision
is narrowed and hit-probability increases with the
increase in number of agents as human controller fails to
respond to all the requestsin time.

As we have aready mentioned human controller’s
decision is stored in the agents' history. Two agents in a
similar situation can use the same response of the human
controller. In addition agents also have Agent-Agent
reliance values among them. Each agent’s reliance on
other agents is maintained in an Agent-Agent Reliance
Value (AARV) array. Agent-Agent reliance value also
varies between 0 and 5. An agent first interacts with
other agent it relies on most to check if that agent has
received a response from the human controller to
perform the same action. The other agent responds to the
agent’ s request as follows

1 Returns 0 if the human controller has not given

permission to perform the action

2 Returns 1 if the human controller has given

permission to perform the action

3 Returns 2 if it couldn't find it in its history

Reliance value increases by 1 in the first two cases where
the agent returns O or 1. It decreases by 1 if the agent
returns 2 i.e. agents rely more on an agent that provides
them with information that is useful in making an
autonomous decision. The following figures illustrate the
number of interactions between agents and the number of
human-agent interactions and how average hit-
Probability is affected when Agent-Agent and Human-
Agent reliance is considered. In figure 6 we can observe
that the average hit -probability increases with increase in
the number of agents. The average hit-probabilities in
this case are very much similar to the average hit-
probabilities of figure 5. Figures 7 and 8 give the number
of interactions between human-agent and agent-agent.
With increase in the number of agents the interactions
between agents increase rapidly, however there is not
much increase in the human agent irteractions.
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Figure 6 Average Hit - Probabilities of agents when
agent-agent and human-agent trust is considered

HELP

This section evaluates the effectiveness of agents help
requests on other agents. In some systems helping agents
incur cost o the receiving agent for the help given by
them. Altruist and benevolent agents for example help
others without incurring any costs. In such a system
where there are no costs incurred on help-receiving
agents the following factors effect cooperation between
agents[7].

1 Socia normative factors

2 Emotional factors

3 Strategicfactors.

Human Controller gives feedback for each request by the

agent based on the accuracy of the request made in a

particular situation. Some agents require help with

greater degree than other agents.

The preferences are based on

1 The state of the agent receiving help eg.: if two
agents have hit probabilities 0.1 and 0.5 then the
helping agent is going to help the agent with higher
Hit-probability.

2 Therisk involved in helping an agent e.g.: if helping
an agent puts this agent into risk then the agent may
avoid helping such an agent

3 The relation-ship with the receiving agent e.g.: the
agent’ s relationship with the helping agent.



Five different situations where agents seek help from
other agents are considered. Human controller gives
feedback for each request made by agents in a particular
situation.

The five situations are

Situation 1 - Agent doesn’'t see SAM and its not attacked
Situation 2 -- Agent doesn’t see SAM but attacked

Situet ion 3 - Agent sees SAM and being attacked
Situation 4 - Agent sees SAM and attacked closely
Situation 5 - Agent attacked very closely

The five different help requests considered are
Mayday

| want help

| need help

I may need help

Can | get assistance?

grwNPE

A ‘Mayday’ request needs immediate attention than a
‘Can | get assistance? request. The feedback given by
the Human controller is recorded in a twodimensional
feedback array. Feedback is given on a scale of -10 to
+10. Figure 2 shows a feedback array generated during a
simulationrun.

Feedback given by Human Controller for Situation3
and request “I need help” is +6, which is highest in the
row. The next time an agents comes across Situation3 it
announces the request “1 need help” as it received the
best feedback. Similarly, when a situation similar to any
of the above five arises the help-needing agents
announce arequest that got the best feedback.

4. CONCLUSION

The am of human-agent interaction is to design
interfaces and cognitive approaches that increase access
of human and agent over one another’s decision making
process. In this paper we have presented results of
experimentations with endowing agents with socia
abilities. A few tradeoffs are shown in adjustable
autonomy of agents. Here we observe that level of
human control can be increased while preserving agent
performance. Dynamic adjustment of agent wait cycles
for a human decision as well as experience an agent
gains from waiting are two specific methods we have
explored. We defined a form of trust between agents and
humans we called reliance. With this we showed how
agents may reason over timeliness and significance of
human guidance. We also showed how agents must find
appropriate phrases when requesting ask from their
human counterpart. The results are promising and show
the way to similar methods.
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Mayday lwant [ Ineed Imay [ Can | get
help help need Assistance
hdp
Situationl | -8.0 -6.0 -20 20 7.0
Stuation2 | -7.0 -2.0 2.0 7.0 3.0
Situation3 | -1.0 2.0 6.0 1.0 -5.0
Stuatiod | 20 8.0 3.0 -10 -6.0
Situation5 | 9.0 6.0 0.0 -20 -8.0
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