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Abstract. The vision that drives this work is that humans and robots working
together as peers in a team setting can accomplish complex tasks that are not
possible with current technology. However, maximizing robustness and efficiency
in these teams is non-trivial. A key requirement for effective coordination is the
ability to dynamically adjust the level of autonomy of the team to accommodate
different situations and failures, and also to optimize the use of the team
capabilities in different settings. While the notion of sliding autonomy is well
studied in cases where a single human is working with a single robot and in the
case where humans are working with assistive software agents, the methodology
for sliding autonomy in the case of humans working with multiple robots is largely
unexplored. This paper builds upon related work in sliding autonomy for teams to
explore the challenges and provide a methodology for sliding autonomy in the
setting of peer-to-peer human-robot teams. First results are reported for a
heterogeneous peer-to-peer human-robot team engaged in a treasure hunt task.
Keywords. Sliding autonomy, human-robot teams, peer-to-peer teams, pickup
teams, autonomous teamwork, multi-agent coordination, adjustable autonomy.

Introduction
The vision of humans and robots working together to accomplish complex team tasks is
driving much of the current research in the area of autonomous teamwork. As robots
become more capable, they are able to handle increasingly complex tasks and highly
uncertain environments but the robotic capabilities in many domains are still
insufficient to execute tasks robustly and efficiently in a variety of difficult situations.
In these scenarios, robots can still accomplish the tasks with human assistance.
Furthermore, robots and humans must be able to work naturally together if robots are to
become an integral part of society.
The notion of sliding autonomy (also referred to as adjustable autonomy in some
parts of the literature) was introduced to allow a system to adapt its level of autonomy
as needed during execution to produce the most effective performance. Sliding
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autonomy has been well studied in the agents literature and also in the robotics
literature for different scenarios. However, sliding autonomy has not been extended to
the peer-to-peer human-robot team applications to date. The reported work explores the
challenges and proposes a set of guidelines for extending sliding autonomy for peer-topeer human robot teams. The proposed guidelines are used to implement a system that
enables a team of humans and robots to accomplish a treasure hunt task.

1. Human-Robot Teams
First let’s look at what we mean by human-robot teams. In most of the previous work
in human-robot interaction, the human has a role as either a supervisor [6] or user[9]
when interacting with a single robot, or in some cases, with multiple robots or agents
[10]. While this hierarchical relationship between human and robot is relevant in some
domains, there are many applications such as hazardous exploration, surveying, and
maintenance where a peer-to-peer relationship enables more effective use of the
complimentary capabilities of humans and robots.
We are interested in Peer-To-Peer human-robot teams where humans and robots
can assign tasks to each other through direct requests or through an auction-based task
allocation system. Several research efforts are emerging in this area [7] with
applications ranging from lunar construction [4] to soccer [2]. We are also interested in
Pickup teams [5] where the composition of the team is not previously known and
where members joining the team can have a variety of capabilities, expertise, and
knowledge of the task. Pickup teams should absorb this wide variety of members to
quickly form effective teams, and will improve over time as the strengths and
weaknesses of different members are discovered and accounted for in planning, task
allocation, and task execution.
Scholtz[12] presents a theory of human-robot interaction with five roles based on
the level of interaction: supervisor, operator, mechanic, peer or teammate, and
bystander. We found this categorization to be somewhat cumbersome in our work and
propose instead that four roles are sufficient to categorize both humans and robots in a
peer-to-peer team setting. These roles are decision maker, executor/actor, coordinator,
and bystander. The decision maker role maps to Scholtz’s supervisor role and allows
one or more humans and/or robots to make high-level decisions for the team and to
monitor the team performance towards the team goals. The executors/actors are the
humans and robots that execute actions to complete tasks. They can work
independently or in sub-teams depending on the task requirements, available resources,
capabilities, and level of expertise. The executors will also make decisions at a lower
level to allow them to execute tasks. The most common role for team members will be
the executor role. Hence, in pickup teams, it will especially be important to gauge and
adapt to the level of expertise of the new team members when they join the team. The
coordinators are the humans or robots (or software agents) that allocate tasks to
different members of the team and monitor the execution of sub-team performance
during task execution. Finally, the bystanders map directly to Scholtz’s bystander role
where a human or robot is extraneous to a given task and interacts with other robots or
humans purely based on directly observable feedback (avoiding collisions for example).

With this clearly defined understanding of what we mean by human-robot teams, we
can now explore the challenges of sliding autonomy in these peer-to-peer teams.

2. Sliding Autonomy
In the agents and robotics literature many define the term “autonomy” in relation to the
system dependence on human involvement. For example, a fully autonomous system
(or “pure autonomy”) is said to require no human intervention to complete a task [6].
Sliding or adjustable autonomy is thus defined similarly in terms of the system ability
to incorporate human intervention when needed (and to otherwise operate
independently) [10], thus sliding between lower and higher levels of autonomy as
necessary to accomplish a task. Both of these definitions must change when humans
are a part of the “system” or team and where the humans and robots interact as peers.
2.1. Sliding Autonomy in Peer-To-Peer Human-Robot Teams
We adopt the definition of autonomy presented by Maheswaran et al [9] where the
ability to decide transfer of control governs the level of autonomy. Thus, we adapt the
definition by Maheswaran et al [9] where adjustable autonomy means that each
member of the team (humans, robots, and software agents) can decide if and when to
transfer control to another member of the team. In our work, we assume that the team
members are heterogeneous and some team members may not be capable of making
their own decisions. Hence, our notion of sliding autonomy is that the decision-making
control can shift between different members of the team as needed, without requiring
that all team members possess this capability. We also allow prioritization of different
team members such that higher priority members can seize control from lower priority
members if deemed necessary. In our current implementation we allow two levels of
priority where humans can override non-human team members, and “Play Managers”
can override individual team members participating in a “Play” (group task).
Several challenges manifest when implementing sliding autonomy in a peer-topeer human-robot team. Our work in this area primarily builds upon the methodology
for sliding autonomy in multi-agent teams proposed by Sellner et al [6] and work on
mixed-initiative teams reported by Bruemmer and Walton [11].
Sellner et al [6] discuss three major issues that affect human awareness in multiagent teams: requesting help, maintaining coordination, and gaining situational
awareness. In a peer-to-peer system we have several additional challenges to overcome.
The need to request help is still present in peer-to-peer teams since no single team
member is necessarily aware of the entire team state. There may, however, be
situations where a team member is not capable of asking for help or assisting in its
recovery process from a failure [8]. In these situations, other team members will need
to collectively recognize such failures and adapt the team strategy as needed.
Monitoring team members becomes even more difficult in pickup teams since team
composition can change over time and unfamiliarity with identifiable characteristics
that indicate faults in new team members can impede the process of fault recognition
and identification. Maintaining coordination also remains a similar challenge in peerto-peer teams. Some additional challenges are that pickup teams require that

coordination not only continue despite interventions, but also that coordination
strategies adapt dynamically to accommodate new members with potentially new or
different (and sometimes unknown or uncertain) capabilities and resources.
Gaining and maintaining situational awareness is perhaps the biggest challenge in
peer-to-peer teams especially when multiple humans are a part of the team. It is no
longer sufficient to create a single GUI since not only must we capture state
information of the different robots in the team and make this state transparent to the
humans in the team, but the opposite also becomes true. That is, we must now capture
the state of the humans and the dialog and gestures that are a natural part of
communication between the humans, and make all of this sufficiently transparent to the
non-human team members. Furthermore, in pickup teams we must be able to
accommodate new capabilities and resources as new members join the team, and we
must be able to expose the state of the current team to the new member quickly and
effectively. Several research efforts are focused on a variety of communication
strategies for such teams that include tools such as GUIs, 3-D interactive environments,
dialog, and gestures ([1], [3], [4], [6], [11]). However, there is still much to be done in
this area of research.
Bruemmer and Walton [11] discuss a few other necessary capabilities for robots in
mixed-initiative teams. We adapt three of these issues -- granularity, prioritization, and
learning -- for discussion in the context of peer-to-peer human-robot teams. The issue
of granularity is encountered especially in the context of situational awareness. State
information will most likely need to be presented at several levels of granularity to
allow effective comprehension by different team members, and this level of granularity
will need to be dynamic and modular (that is, a member can choose to increase or
decrease the granularity of information separately for different system components).
Additionally, this information granularity will need to be customizable to different user
(human or robot) contexts. Granularity can also affect interactions where certain team
members might need to tightly coordinate to accomplish a task, whereas others may be
able to largely interact loosely.
Explicit prioritization is important in peer-to-peer teams because one cannot
assume an inherent prioritization as in hierarchical teams. Thus, if the safety of certain
team members needs to be prioritized, or if specific team members are known to be
better decision-makers, these prioritizations need to be made explicit. A key point to
note here is that these prioritizations will not necessarily be consistent over all tasks
and situations. For example, human members might be prioritized in safety
considerations, but a robot with powerful computing capability might be prioritized for
planning tasks. Furthermore, these priorities can change when the team composition
changes, and also due to other dynamic conditions that may arise. Finally, in pickup
teams, the prioritization of new members for different tasks and concerns may not be
initially known and instead have to be learned based on performance and other
knowledge gathered over time.
In summary, we have discussed the challenges in sliding autonomy for peer-topeer human-robot teams in the areas of asking for help, maintaining coordination,
establishing effective situational awareness, dealing with different granularities of
information and interaction, prioritization of team members, and learning to adapt
strategies based on interactions over time. Next, we will describe how we have started
to incorporate this methodology into a coordination system that enables peer-to-peer
human-robot teams to engage in complex tasks.

3. Approach and Implementation Details
Our approach supports two methods for tasking human-robot teams. In the first
method a high-level task objective is issued to the system. The system must take the
high-level objective and determine a multi-agent, potentially tightly-coordinated plan
that, if allocated and executed, will address the objective. The system must then create
a sub-team from all available team members with the necessary capabilities to
efficiently execute the plan. Once the pickup team has been created and tasked, the
agents must coordinate during execution, handle errors, and report back status on the
high-level objective. Occasionally, errors will occur or new information will be
discovered that cannot be addressed without human intervention. In these cases, a
human peer that may or may not have been part of the original sub-team team can take
more control of the system and physically intervene or directly issue low-level
commands to the robot participants; the low-level command pathway is the second
method of tasking human-robot teams. In this section we will describe our approach
and implementation that supports these two tasking pathways.

Figure 1: The four components of our system, with arrows indicating the flow of information. The pathway
for high-level tasks and resulting high-level status is shown in grey arrows. The pathway for low-level
commands directly to robots for error recovery is shown by black arrows. The dotted arrow represents
information supplied by the robots to be used in high-level planning and allocation.

Our system consists of four main components, as shown in Figure 1: an operator
interface tool (OPERATOR TOOLS), a distributed market-based planning and
allocation system (TRADING SYSTEM), a component designed for synchronized
tightly-coordinated multi-agent plan execution (PLAY MANAGER), and robot
software that supports sensing and acting in the environment (ROBOTS).
The first component, the operator tools, allow an operator or human peer to issue
both high- and low-level tasks and to process high- and low-level status messages in
addition to displaying agent locations and maps. The operator tools support generation
of both high-level task objectives, which are passed to the Trading System component,
and to issue low-level commands to particular robots. It can additionally display status
for high- and low-level tasks, and locations and maps produced by robots with
localization and mapping capabilities.

The Trading System, receives high-level tasks from the operator tools and tries to
determine a plan and a sub-team of available agents. We use an instantaneous
allocation approach, where agents will only participate in the formation of a new subteam if they are not actively involved in another high-level task. Multiple different
sub-teams can be involved in simultaneously addressing different high-level tasks. The
allocation method we used is a tiered auction based approach, where individual robot
traders attempt to generate plans and recruit other agents’ participation in those plans;
the trading system selects the most efficient plan and allocation from the individual
trader plans. In this system, robots are called on to provide information about their
capabilities and also data that helps the trading system determine plan efficiency (Cost
data). Capability information is used to determine which agents can best fill particular
roles in a possible plan – a role may require a certain sensing modality or action type,
and if an agent cannot sense in the required way or perform the required actions is
should not be assigned to the role. Cost data is used to differentiate between agents
with a particular capability, aiding in determination of who among possible agents can
most efficiently fill a particular role. (See Jones et. al. [6] for more details).
Once a plan is selected and roles assigned the information is passed to the Play
Manager, which is designed to coordinate the execution of actions of multiple agents.
The Play Manager sends a series of low-level commands to the agents assigned to
participate in the coordinated plan. If plan execution concludes successfully, status is
reported back to the operator tools through the trading system pathway. In some cases,
however, due to the highly unstructured and dynamic nature of the environment and the
realities of robot hardware, agents may fail and may have no contingency plan. In this
case they report errors to the operator directly. Human intervention to address
unhandled errors can take two primary forms – physical interaction and direct robot
command. When resolving errors through physical interaction the human directly
interacts with robot hardware. For instance, a robot may experience a problem with its
laser range finder that can only be resolved by power cycling the laser unit – once a
human has performed this action then plan execution can continue. In direct robot
command, the human can use the operator tools to issue low-level commands to a
particular robot. For instance, a robot may become trapped or lost in the environment.
In these situations the human can potentially issue a series of relative waypoints to free
the robot or to move it back to a known area, after which plan execution can continue.
By support sliding autonomy for error recovery within our system we hope to increase
the robustness and adaptability of the system.
The final component of our system is the robot/agent software. The pickup team
formulation depends on abstracting away many elements of robot software
implementation in order to support the seamless integration of new team members. To
this end we represent robots in terms of their capabilities, the actions they can perform,
and the sensor data and errors they can produce. If agents can represent themselves in
this form then our system can be easily integrated as a pickup team member,
participating in sub-team formation and execution of task objectives.

4. Experiments in the Treasure Hunt Domain
In order to investigate sliding autonomy in human-robot pickup teams we require a
domain in which heterogeneous agents must dynamically form tightly-coupled subteams in order to maximize a performance metric. We call our chosen domain

“Treasure Hunt”. In Treasure Hunt a human robot team must locate and retrieve a
specified treasure items (visual fiducials) in an unknown environment. This requires a
combination of exploring and mapping an unknown environment, searching for and
localization treasure within the environment, acquiring the treasure, and returning it to
a “home” location. We use a heterogeneous combination of platforms in this domain:
including Pioneer DXII robots equipped with SICK Laser range finders and fiber optic
gyros, Segway RMPs equipped with cameras, and ER1s equipped with cameras. The
latter can only be teleoperated in our current set up. Our team has orthogonal
capabilities meaning that no one robot can complete the task alone. Pioneers are able to
explore, build maps, and stay localized but cannot find treasure or identify teammates
(see Figure 3 for an example map). Segways can find treasure and identify teammates,
but have only odometry and hence must rely on relative localization from their
teammates to localize in the same global frame. ER1s must be teleoperated, and
otherwise have similar capabilities to the Segways. Finally, human members are
restricted to following robots, retrieving previously localized treasure items and
operating with the team via a GUI, which provides both situational awareness and a
command interface. The task is run in a large, complex, cluttered, and dynamic
environment (The Newell Simon Hall, “Highbay” – see Figure 2. For a more
exhaustive description of the Treasure Hunt domain see Jones et al. [6].
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Figure 2: Execution of the Treasure Hunt task. From left to right and top to bottom, the images show (a)
overhead view of the operating environment where 7 “treasure items” are randomly placed, (b) the secluded
“home” location, (c) a human team member observing the map being built by the laser data sent back by the
Pioneer robots, (d) the ER1 robot being teleoperated to follow the Pioneer robot and search for treasure, (e)
the Segway robot autonomously following the Pioneer robot and search for treasure (an item of “treasure” is
seen between the two robots), and (f) a human being lead back to the “home” location after successfully
retrieving treasure.

Following [6], we evaluate the system performance in two different settings: with
sliding autonomy enabled, with sliding autonomy disabled. In the context of our system,
that means we evaluate the performance with the full system with error handling and
notification enabled and compare that against a team that is artificially constrained by
disabling all error handling and notification. Errors typically are quite infrequent, hence
we artificially induce a number of errors to evaluate the impact on the system in a
consistent way (true errors may still occur randomly).

Figure 3: Laser map of Highbay area with different treasure configuarations

To measure performance we fix the number of treasure items and evaluate how
many the team recovers within a fixed time period. To provide for comparable
evaluations, we use the same treasure locations for each setting (error handling, no
error handling). Finally, to ensure the experiments cover at last some of the parameter
space, we use three different treasure sets, where treasure items are distributed
differently. Figure 3 shows a map of the area built by a Pioneer, with the three different
treasure sets, which we call environment configurations. The home location is also
shown. The human operator can only interact with the team via the GUI and is
prevented from being able to directly see the team operate. A second human performs
any necessary treasure retrievals as tasked by the system.

5. Results and Discussion
The first set of experiments was performed for a team consisting of 2 humans, 1
pioneer and 1 Segway robot. The following table encapsulates the results from different
runs. Each run is conducted over a fixed time period of 15 minutes with a total of 7
treasures scattered throughout the building. For all the runs the pioneers act as
explorers, search leaders and treasure retrievers, where Segway is used as followers and
humans for pickup. The artificial human-generated (H) errors were randomly generated.
Run

Treasure seen (recovered)

Errors

Generated

Error per Robot

T_1

4 (2)

Total: 5 [L(1), A(2), P(2)]

S(5)

R1(2), R2(3)

T_2

3 (2)

Total: 6 [L(4), A(1), P(1)]

H(2) S(4)

R1(2), R2(4)

T_3

2 (0)

Total: 2 [P(1), L(1)]

H(2)

R1(1), R2 (1)

Table 1: This table shows the experimental results for 3 runs where sliding autonomy was enabled. Type of
Errors – Arc (A), Laser (L), and Pose (P). # Error Generated Type – Artificial/manually induced (H) or
occurring as part of the system/environment (S) # Robots – R1: leader/explorer pioneer, R2: retriever pioneer

Run

Treasure seen (recovered)

Errors

Generated Error per Robot

T_1

2 (2)

Total: 1 [L (6.5 min)]

H(1)

R1(1)

T_2

1 (1)

Total: 2 [P (2 min), L (5 min)]

H(1)

R1(1), R2(1)

T_3

0 (0)

Total: 1 [P (7.5 min)]

H(1)

R1(1)

Table 2: This table shows the experimental results for 3 runs where sliding autonomy was disabled. Type of
Errors – Arc (A), Laser (L), and Pose (P). Additionally, the time of the first error is indicated to give an idea
of the amount time and resources wasted when it can not recover from that error. # Error Generated Type –
Artificial/manually induced (H) or occurring as part of the system/environment (S) # Robots – R1:
leader/explorer pioneer, R2: retriever pioneer

Run

Treasure seen (recovered)

Errors

Generated Error per Robot

T_1

TBA

Total: 1 [L (6.5 min)]

H(1)

R1(1)

T_2

TBA

Total: 2 [P (2 min), L (5 min)]

H(1)

R1(1), R2(1)

T_3

TBA

Total: 1 [P (7.5 min)]

H(1)

R1(1)

Table 3: This table shows the experimental results for 3 runs where a different sub-team of humans, a
pioneer, and an ER1, was used for the treasure hunt. Different humans with different skill levels were the
primary operators of the ER1 robot. Type of Errors – Arc (A), Laser (L), and Pose (P). Additionally, the
duration of each run is given because two runs ended early due to low-battery levels in the Pioneer robot. #
Error Generated Type – Artificial/manually induced (H) or occurring as part of the system/environment (S) #
Robots – R1: leader/explorer pioneer, R2: retriever pioneer.

6. Conclusions and Future Work
This should be easy to write
So much to do!
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