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Abstract
Team ViGIR and Team Hector participated in the DARPA Robotics Challenge (DRC) Finals, held June 2015 in Pomona, California, along with 21 other teams from around the
world. Both teams competed using the same high-level software, in conjunction with independently developed low-level software specific to their humanoid robots. Based on previous work on operator-centric manipulation control at the level of affordances, we developed
an approach that allows one or more human operators to share control authority with a
high-level behavior controller. This collaborative autonomy decreases the completion time
of manipulation tasks, increases the reliability of the human-robot team, and allows the
operators to adjust the robotic system’s autonomy on-the-fly.
This article discusses the technical challenges we faced and overcame during our efforts to
allow the human operators to interact with the robotic system at a higher level of abstraction
and share control authority with it. We introduce and evaluate the proposed approach in the
context of our two teams’ participation in the DRC Finals. We also present additional, systematic experiments conducted in the lab afterwards. Finally, we present a discussion about
the lessons learned while transitioning between operator-centered manipulation control and
behavior-centered manipulation control during competition.
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Figure 1: THORMANG “Johnny” developed by Robotis and used by Team Hector (left), Atlas “Florian”
developed by Boston Dynamics Inc. (BDI) (right) and the Operator Control Station (middle) used by Team
ViGIR. Both humanoid platforms use the same high-level software to perform remote manipulation tasks
with human supervision. Operator roles are described in detail on Section 5.
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Introduction

Executing robotic manipulation tasks in remote, and potentially degraded environments, presents challenging
problems as shown in 2011 during robot operations at the post-disaster Fukushima Daiichi Nuclear Plant
in Japan (Nagatani et al., 2013). The Defense Advanced Research Projects Agency (DARPA) motivated
the development of robotic systems to tackle these problems with the DARPA Robotics Challenge1 (DRC).
The three main DRC events — Virtual Robotics Challenge in June 2013, DRC Trials in December 2013,
and DRC Finals in June 2015 — focused in simulating disaster scenarios that required robots to perform
mobility and manipulation tasks under severe communication constraints. The teams’ development schedule
was highly constrained as well, and the difficulty of the tasks was increased with each event.
The VRC was designed to be a pure software competition using three different simulated disaster environments. The mobility and manipulation challenges included traversing rough terrain, driving a vehicle, and
manipulating a fire hose. For the DRC Trials, eight different mobility and manipulation tasks were to be
performed by real robots in thirty minutes each. The DRC Finals was the last of these events and in contrast
to the VRC and the DRC Trials, all tasks had to be performed in a single run. In addition, the robots had
to be untethered. Each participating team’s robot had sixty minutes to perform the eight tasks — driving a
vehicle, egressing the vehicle, opening a door, turning a valve, breaking a wall using a tool, performing one
of three surprise manipulation tasks, traversing rubble or uneven terrain, and climbing a ladder.
Team ViGIR2 focused on developing high-level robot-agnostic software to participate in this challenge.
Team Hector3 implemented the same high-level software and contributed to its development. Both teams
used highly advanced humanoid robots to compete in the DRC finals as shown in Figure 1. Each team
developed their own low level control software for the specifics of each humanoid robot, but both teams used
the same high-level software including mobility, perception, manipulation, and communication as well as the
same graphical user interface. This high-level software was also used by Team Valor4 at the DRC Finals.
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The DRC events have resulted in significant advances in the area of robot control from a remote location
using a human operator in the loop. However, the approaches developed for the DRC still have to face
multiple problems requiring different areas of expertise. These areas spread from low-level system layers
such as actuator control and data compression for communication to high-level system layers such as user
interfaces and autonomous behaviors.
This paper focuses on work towards a shared autonomy manipulation control approach. By enabling abstraction of lower layers such as motion planning, higher level layers can be executed either by autonomous
behaviors, human operators, or a collaboration of the two. The approach described in this paper thus focuses
on three layers: Motion Planning, Object Template Manipulation, and High-level Behavior Control.
Humanoid robots are complex to control given the high number of degrees of freedom(Goodrich et al.,
2013). For this reason, motion planning algorithms are required to generate joint-space trajectories based
on Cartesian-space motions. To approach this problem, we based our motion planning layer on the MoveIt!
(Chitta et al., 2012) motion planning library. MoveIt! provides open-source software for robot control,
kinematics, motion planning, and manipulation among others. For the purposes of the DRC, we developed
additional manipulation planning packages to provide functionality in the range from pure joint control
to Cartesian trajectory control of the end-effector. Still, motion planning in a robot-centered basis makes
it challenging to perform object manipulation motions. For this reason, we developed an object-centered
manipulation control approach based on the concept of affordances (Gibson, 1977) on top of our manipulation
planning layer. This manipulation control approach uses an implementation of Object Templates (Romay
et al., 2014) as entities to represent real objects that can provide the remote robot with the necessary
information to generate motion planning trajectories and manipulate such objects. Object templates are
virtual representations of real objects in the form of 3D meshes that a human operator can manipulate using
a graphical user interface that is part of our Operator Control Station (OCS), where the robot model and the
sensor data from the remote environment is simultaneously displayed. Using object templates, an operator
can aid the remote robot performing perception tasks by identifying objects of interest in sensor data. Once
an operator identifies an object of interest, an object template can be inserted in the virtual environment and
be overlaid over sensor data corresponding to the object identified. After object identification and overlaying
of object templates have been performed, the robot can use the template pose to perform locomotion to
approach the object, and grasping and manipulation based on the semantic information provided by the
object template. The manipulation task can be supervised by a human operator commanding subtasks such
as walking to the object, grasping it using predefined end-effector poses, and manipulating the object by
executing the affordances provided by the object template.
Finally, our high-level behavior control layer enables task-level abstraction and autonomy. Our approach is
based on modeling high-level robot behaviors as hierarchical finite-state machines, which we augment with
data flow, adjustable autonomy, and elements of operator interaction (Schillinger, 2015). This high-level
control layer has been implemented as the Flexible Behavior Engine (FlexBE), which comprises a Python
framework for developing state primitives, an executive, and a graphical user interface (GUI) for rapidly
composing state machines and supervising their execution. The development framework and the executive
are an extension of the SMACH task execution framework (Bohren and Cousins, 2010). In terms of the threelayered approach, the key takeaway is that high-level behaviors can query object templates for information,
such as grasp configurations and available affordances, in order to autonomously carry out manipulation
tasks. They do so programmatically, as opposed to the operators’ use of the OCS interface. Our overall
approach is based on the idea that a remote manipulation task can be performed more efficiently if the
system is flexible enough to allow execution of robot actions commanded from any of the three layers.
In this paper, we present results of remote humanoid robots using high-level behaviors to perform manipulation tasks based on the information provided by object templates. Developing this approach led to the
following contributions:

• A remote manipulation control approach that allows abstraction to high-level system layers to com-

mand remote robots to interact and manipulate objects in the environment on an affordance level
(Section 3).
• A high-level behavior control approach, based on finite-state machines, which accounts for data flow,
operator interaction, and adjustable autonomy of execution (Section 4).
• An overarching principle, dubbed collaborative autonomy, which brings together our remote manipulation and high-level control approaches. Collaborative autonomy allows a human-robot team to
interact and seamlessly share control authority during the execution of high-level tasks (Section 5).
• All of our software has been open sourced5 and can be tested in simulation6 . Some highlights include:
– The Flexible Behavior Engine (FlexBE), which substantially extends the SMACH High-level
Executive with several ways of operator interaction concepts like adjustable autonomy. In
addition, it provides a graphical user interface for composing and executing these behaviors.
– A manipulation backend for humanoid robots, which includes motion planning packages and
the object template approach to perform manipulation tasks in an object-centered basis.
Team ViGIR entered the DRC as a “Track B” team and participated in all three events of the DRC. After
Team ViGIR’s success in the VRC (Kohlbrecher et al., 2013) and the DRC Trials (Kohlbrecher et al., 2015),
additional research groups joined the team. For the DRC Finals, Team ViGIR comprised TORC Robotics7 ,
the Simulation, Systems Optimization and Robotics Group at Technische Universität Darmstadt8 , the 3D
Interaction Group at Virginia Tech9 , the Robotics and Human Control Systems Laboratory at Oregon State
University10 , the Verifiable Robotics Research Group at Cornell University11 , and the Institute of Automatic
Control at Leibniz Universität Hannover12 .
Team Hector participated at the DRC Finals as a “Track D” team. It is composed of additional researchers
and students from the Simulation, Systems Optimization and Robotics Group at Technische Universität
Darmstadt. Team Hector qualified for the DRC Finals four months before the competition with a basic
software approach. Given the short time to prepare for the competition, Team Hector focused on integrating
Team ViGIR’s existing high-level software with their humanoid robot “Johnny” and thereby prove the
versatility of their software approach. Both teams successfully implemented, extended, and maintained the
common software parts which contributed to faster development and quality maintenance.
The rest of the paper is organized as follows: In Section 2, we present an overview of related work, with
a focus on remote manipulation of robots using human supervision and high-level control. In Section 3,
we describe the core of the manipulation control approach including details on motion planning, object
templates, and affordance-level interaction. In Section 4, we introduce our approach to high-level behavior
control and its software implementation, FlexBE. In Section 5, we expand on the concept of collaborative
autonomy and discuss how high-level behaviors and human operators interact in order to control a remote
robot carrying out manipulation tasks. In Section 6, we present an evaluation of our results based on (i)
the field performance of both teams during the DRC Finals and (ii) additional systematic experiments. In
Section 7, we summarize the lessons that we learned developing our approach and competing in the DRC
Finals. We draw conclusions in Section 8.

2

Related Work

Remote, partially-degraded, and uncontrolled environments present major challenges and a multitude of
approaches have emerged to tackle these. These approaches are spread across a number of research areas;
for the purposes of this paper, related work focuses on areas such as remote manipulation, high-level control,
and autonomy.
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2.1

Interaction Methods for Remote Manipulation Control

Of particular interest for interaction methods with remote robots is the ability to transfer human operator
intent to the remote robot, converting it into actions in order to perform tasks in the environment. Considering a human operator in the loop for remote manipulation tasks has been proven as an effective approach
to deal with challenges that uncontrolled and potentially degraded environments present, but it also presents
new challenges.In order for a robot to perform manipulation tasks, it needs to acquire information about the
objects to be manipulated, such as physical and semantic information. Having a human operator performing
perception tasks, for example, can often provide more reliable information about the environment than can
be obtained autonomously. This approach was widely used by teams in the DRC.
Team IHMC placed second in the DRC Finals. Their overall system design is based on the concept of
Coactive Design (Johnson et al., 2011) which focuses on designing a system considering interdependency
between participants in joint activity. Derived from this concept, they present an approach for an operator
to control the behavior of a humanoid robot called interactable objects presented in (Koolen et al., 2013)
and (Johnson et al., 2015). These interactable objects allow an operator to transfer his/her intent to the
robot, for example, by selecting different grasp poses for the end-effectors, selecting different manipulation
stance poses that allow the robot to reach the object, and also gives the ability to transfer information about
how to perform footstep plans for locomotion with respect to the object of interest. To transfer information
about how to manipulate objects in the environment, end-effectors can be linked to the interactable objects.
This way, when the operator modifies the interactable object pose, the end-effector follows the pose and a
trajectory is generated which can then be sent to the robot to execute it.
The Affordance Template ROS package developed by Team NASA-JSC (Hart et al., 2015) provides a human
operator with a high level of adjustment and interactivity of the geometry information from the affordance
templates used to represent real objects. This approach provides an interaction method where the human
operator can adjust the scale of the templates. This adjustment also acounts for predefined waypoints defined
in the frame of reference of the template. These waypoints are defined in an Affordance Template Description
Format XML file and are used to generate potential poses for the robot’s end-effectors. These templates are
designed to provide robot-agnostic grasp poses and manipulation trajectories. Their interface provides the
operator with the ability to command the robot to move through these trajectories, allowing execution in
any direction.
In an approach presented by Team MIT (Fallon et al., 2015), CAD models of objects are used as environmental features that allow an operator to command robot actions based on the action possibilities that the
real objects have. These templates provide information such as manipulation stances where the robot is able
to reach the object and predefined potential grasp locations. The information contained in the templates is
defined in an XML file which they call Object Template Description Format. In this file, objects are defined
as a series of links and joints. In this approach, to generate arm trajectories, the operator is required to
manipulate the object template and change its pose. The robot end effector follows the pose of the template
and this information is used to define a desired end-effector trajectory. They present examples of performing
plan motions with respect to a point of interest in the drill, such as the “drill bit” and selecting different
points in kinematic chain links for motion planning. To our understanding, the approach presents no option
to the human operator to select different points of interest from the objects grasped on the fly.
In all of these approaches, the human is required to interact and change the pose of the 3D objects to
generate trajectories for the end-effector. In contrast, the approach presented here does not require that the
human changes the pose of the object template, rather, it allows a human operator or a high-level behavior to
request the affordance of the object which will then provide the necessary information to a motion planning
backend that will autonomously generate the require motions.
Human supervision of remote manipulation tasks is not limited to rescue applications. For example, an
approach to provide an astronaut with an interaction method to command a robot for space application has
been presented by the German Aerospace Agency in (Birkenkampf et al., 2014). In this approach, a tablet-

application for shared autonomy between a semi-autonomous robot and a remote operator is presented.
This approach is based on previous work designed to provide a fully autonomous robot with symbolic and
geometric information of the objects required to perform a manipulation task (Leidner et al., 2012). While
this approach provides an interesting concept on how to ground symbolic information of a task into robot
actions, it does not provide an interface to define these motions with respect to a point of interest in the
object grasped. Another interesting approach is (Berenson et al., 2011), where Task Space Regions (TSRs)
are proposed as a general representation for end-effector pose constraints. In their approach, articulated
objects can also be manipulated by chaining multiple TSRs. Neither of these approaches consider the use
of an abstract representation of the real object in a virtual environment; they use action information of the
task that is then transformed into geometric information to generate the appropriate joint motions.
The approach presented in this paper for object manipulation allows a human operator or a high-level
behavior to perform manipulation tasks using frames of reference in the object templates to define the
affordances of the object, which provide information about the motions that are required to manipulate the
object for a specific task. This means that no defined waypoints are used for end-effector targets; instead,
the motion planning backend generates end-effector trajectories based on the affordances of the object. This
manipulation interaction approach also allows dynamic selection of different known points of interest on the
objects grasped or object usabilities that need to be considered for planning motions to achieve a specific
manipulation task.

2.2

High-level Control and Autonomy

We compare our approach to high-level control with that of other teams that participated in the DRC. In
addition, we discuss how our concept of collaborative autonomy relates to existing views of autonomy.
For their Valkyrie humanoid robot (Radford et al., 2015), Team NASA-JSC used the Robot Task Commander
(RTC), a framework for defining, developing, and deploying robot application software for use in different
runtime contexts (Hart et al., 2014). RTC is similar to our Flexible Behavior Engine (FlexBE) in that it is
based on hierarchical finite-state machines (HFSM) for modeling control and data flow. In addition, both
RTC and FlexBE have a graphical user interface (GUI) for facilitating the design of state machines. However,
when running a high-level behavior with RTC, its GUI primarily acts as a read-only monitor for the current
status of execution. FlexBE’s main advantage in this regard is its focus on human-robot collaboration.
During operation, FlexBE enables the operator to seamlessly switch between different levels of autonomy;
from low, expressed by fine-grained decision approval as well as operator-triggered state transitions, to high,
where the system only requests help from the operator if essential data is missing or unexpected errors occur.
Team IHMC’s approach to operator-robot supervision and interaction was also based on the principles of
Coactive Design. The operator executed sequences of autonomous scripted actions (Koolen et al., 2013),
supervised their execution, and intervened if necessary. Their approach relies on expert developers programming these scripts. To our understanding, the scripts are executed in sequence, which is not as expressive
as HFSMs. However, Team IHMC’s approach proved highly effective in the DRC Finals.
Team MIT likewise used scripted “task sequences” to define their high-level control (Fallon and Marion,
2016). They did not explicitly employ task-level autonomy, and instead used these predefined scripts to
choreograph the actions (DRC Teams, 2015). Instead, the operator assisted with perception and executed
scripts for each task, which in turn passed objectives and constraints to the online planning system. As
mentioned before, we believe that FlexBE HFSMs are more versatile than scripts. Instead, we conjecture
that Team MIT achieved a very high degree of autonomy thanks to the tight integration between operator
interaction, affordance-based perception and manipulation, and optimization-based whole-body planning
(Fallon et al., 2015).
Team WPI-CMU employed autonomous execution with operator intervention when required. An example
of their HFSM-based approach can be found in (Babu et al., 2015). To the best of our knowledge, the state

machines and user interfaces they developed were custom-fit to the DRC Finals tasks. By contrast, FlexBE
is a framework for composing, executing, and supervising HFSMs for any high-level task and any ROS-based
robotic system. For example, it was used by Team ViGIR and Team Hector in the DRC Finals, and also by
Team Argonauts to control their tracked mobile robot in the ARGOS Challenge.13
Team RoboSimian represented robot behaviors as asynchronous HFSMs (Hebert et al., 2015). In the DRC
Trials, their behaviors were not at the task-level, but rather at the level of motion planning. They did
compose their behaviors, but only in the form of operator-defined sequences. However, in their paper they
mention that their system supports more expressive composition of behaviors.
In terms of the concept of autonomy itself, (Huang et al., 2007) have defined a generic model for autonomy
levels for unmanned systems. Our approach would span what they define as actuator (teleoperation), subsystem (affordance-based manipulation), and system autonomy (high-level behavior control). A qualitative
meta-analysis of autonomy in the DRC Trials has been conducted (Murphy, 2015). In terms of the analysis’
nomenclature, Team ViGIR moved from “execution approval”, where actions are delegated to the robot in
small chunks, to “task rehearsal”, where entire sequences of actions are considered. Our approach enables
the switching between these two forms of delegation on-the-fly via an adjustable autonomy mechanism.
Our proposed collaborative autonomy is related to collaborative control as introduced by (Fong et al., 1999),
(Fong and Nourbakhsh, 2004). Specifically, we view collaborative control as a broader definition, which
encompasses two concepts of interest: collaborative perception and collaborative autonomy. Briefly, in
collaborative perception the human operators assist the robot with perception tasks, e.g. detection of objects
of interest, whether in semi-autonomous or fully autonomous operation. In collaborative autonomy, they
assist with cognition, decision making, and even actions, such as object manipulation. We have elaborated
on collaborative perception in our previous work (Kohlbrecher et al., 2015). In this paper, we will be focusing
on collaborative autonomy,14 which (Klien et al., 2004) have identified as one of ten challenges for making
automation a “team player” in joint human-agent activity. Specifically, in this work, one or more human
operators are collaborating with a high-level behavior to control a remote humanoid robot.
Collaborative autonomy is also related to the paradigm of supervised autonomy (Cheng and Zelinsky, 2001).
However, we also allow for the online adjustment of the level of autonomy, along the lines of (Crandall and
Goodrich, 2001). In addition, (Desai and Yanco, 2005) proposed sliding scale autonomy as an alternative to
discrete autonomy levels. By contrast, our approach has the behavior control designer fine-tune the relative
autonomy of the various steps of a high-level task a priori and then allows the operator to adjust the active
behavior’s autonomy on-the-fly during execution. To conclude, collaborative autonomy allows a humanrobot team to carry out a task together; with the high-level behavior autonomously requesting operator
input when required and the operator intervening, if deemed necessary, and then handing control authority
back to the behavior.

3

Manipulation Planning and Interaction

For effective and reliable manipulation, the planning system has to provide planning capabilities that can be
leveraged by different system components. We describe both the motion planning backend and the object
template based frontend in the following.
3.1

Motion Planning

The motion planning and control system has to provide sliding autonomy capability, allowing for control
options from full teleoperation to full autonomy, with object template based task-level control by the operator
13
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in-between. This increases resilience in complex disaster response tasks, as different control paradigms can
be switched seamlessly should the need arise.
For versatile manipulation planning, the planning backend supports joint space commands, cartesian target
poses, and cartesian waypoints. The default planning backend we used for the DRC is based on the MoveIt!
planning framework which is integrated into ROS. It allows for reliable planning of upper body motions
utilizing full environment collision avoidance based on a real-time updated octomap (Hornung et al., 2013)
model of the environment. This environment model is generated in real-time based on LIDAR data. All
types of motion requests can be requested via standardized ROS action requests. Using an action interface
allows the caller to monitor the planning and execution process. The caller thus provides a motion goal and
then listens to feedback about progress towards the goal and retrieves the action result once succeeded or
aborted.
We provide a ROS-action-based interface, therefore the planning backend implementation is decoupled from
components using it as shown in Figure 2. The backend can thus be transparently modified or exchanged
for another one.

Figure 2: Overview of the manipulation planning and control system. There are three different options for
performing manipulation tasks for the operator, from teleoperation to full autonomy. Even in full autonomy,
the operator can influence state transitions at any time.
As an alternative backend, we investigated the Drake planning and control library (Tedrake, 2014), which
allows for planning whole body motions. We did not used it for the experiments in this work, as it does
not easily allow for using environment collision avoidance based on real-time sensor data. Locomotion and
stability control for manipulation with the Atlas robot were performed using the provided API from BDI
and Robotis API for the THORMANG.

3.1.1

Teleoperation

In teleoperation mode, the operator can command robot motion directly from the OCS. The most basic
mode is single joint commands, which is only employed in case a failure in the system makes low level
control necessary. The operator can also use joint target and cartesian pose target commands. In case
of their use, the “ghost robot” is employed to visualize the goal configuration. Commands are sent as a
compressed representation from OCS to the onboard side (robot side), where the actual planning based on
the full robot and environment state is performed. A plan to action ROS node on the onboard side is used
to translate the compressed motion plan requests coming from the OCS into the vigir move group action 15
ROS action request.
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3.1.2

Object Template Centric Manipulation

In the object template manipulation mode described in further detail below, motion plan requests are generated based on object templates and affordances they offer. The manipulation controller component generates
motion plan requests based on affordance commands and generates the appropriate vigir move group action
action request.
3.1.3

Autonomous Manipulation

In case of autonomous or semi-autonomous behavior guided manipulation, motion plan requests can be sent
by any state machine as a vigir move group action action request. Based on the action response returned,
behaviors can then perform transitions autonomously.
3.2

Manipulation with Object Templates

In remote robotic manipulation tasks with human supervision, the operator needs to communicate their
intent to the robot so that this intent can be converted into action to perform manipulation tasks. This
communication needs to be done in an efficient way to allow the robot to rapidly interact with the objects in
the environment. In contrast to teleoperation and to the approaches discussed in Section 2.1, our interaction
method called “Object Template Manipulation” allows the operator to rapidly communicate information of
objects found in the environment and provides the remote robot with information about how these objects
can be manipulated. The concept of object templates refers to the idea of abstracting the information of real
objects in the environment into virtual representations as a means of aiding a remote robot with perception
and understanding of manipulation information from these objects. These object templates are visualized
in a virtual environment as 3D models that can be manipulated by a human operator. Object template
information includes locomotion target poses to approach the object, predefined end-effector positions to
grasp the object, and motion constraints to manipulate the object.
3.2.1

Object Template Definition

Our implementation of Object Templates (OT) was introduced in (Romay et al., 2014) as a means of
interaction between a human operator and a remote semi-autonomous robot. Object templates are used
to provide the remote robot with information about the objects of interest that the operator identifies on
the sensor data acquired from the real world. The initial version of the OT approach used during the
VRC considered only the 3D mesh of the object and potential grasp pose information (Kohlbrecher et al.,
2013). After the development phase between the VRC and the DRC Trials, we evolved our OT approach to
provide information about the functionality of the object. This brought the concept of affordances (Gibson,
1977) (Şahin et al., 2007) to the OT approach in order to be able to define information about how the
object should be manipulated (Romay et al., 2014). Additionally we developed the concept of usability.
Usabilities allow the operator to select points of interest in a grasped object so that this point can be used
while executing affordance manipulation motions. These two concepts, affordances and usabilities, provide a
unique capability compared to state-of-the-art approaches. From one side, affordances allow planning motions
considering the potential actions that can be performed with objects. From the other side, usabilities define
the frame of reference located on an object grasped by the end-effector which can be used, for example,
to execute an affordance of another object (this attachment is assumed to as a rigid body transformation
between the origin of the object template and the robot’s end-effector).
Object template information is stored in a data structure that we call the Object Template Library (OTL).
The OTL is divided into three blocks of information: the object library, the grasp pose library, and the stand
pose library. The object template library contains physical and semantic information of the objects such as
mass, CoM, inertia tensor, geometry mesh, affordances, and usabilities. The grasp pose library contains the
list of potential end-effector poses with information about the grasp posture and pre-grasp poses for each

grasp. The stand pose library contains the list of potential robot stand poses that allow the robot to reach
the objects. The grasp pose library and the stand pose library have a relationship of many to one with the
object library. Each object in the object library has a unique type that is used to relate one or many grasps
to one object template as well as for stand poses. This distribution of information allows different robots
and different end-effectors to be considered by this approach. For example, Team ViGIR created a stand
library and a grasp library for the end-effectors mounted on Atlas and Team Hector created a different stand
library and grasp library for the end-effectors mounted on THORMANG while both teams used the same
object template library. This also considers situations, for instance, when a robot has different end-effectors
in each arm. In this case, different grasp libraries can be used by the same robot. A graphical example of
the components of an object template can be seen in Figure 3.

(a) Components of object templates. Drill Template and
Wall Template. Pre-grasp and grasp shown as a translucent “ghost” hand. Affordance frame for the Wall Template and Usability frames for the Drill Template (origin,
trigger, and bit).

(b) The object template of a door being grasped by the
robot’s end-effector. The Manipulation Widget is shown
for both hands. The affordances combo box is zoomed
in to show the available motions of the door, e.g., turn
Clockwise (CW) or turn counter-clockwise (CCW) as well
as pushing and pulling, among others.

Figure 3: Main information of object templates. Object template components (left) and manipulation widget
(right).
These components are defined as follows:
Definition: Stand pose. A stand pose PS ∈ R3 × SO (3) is a position relative to the object template frame
of reference that indicates a potential location for the robot’s pelvis that allows the robot to reach the object.
Definition: Grasp. A pose PG ∈ R3 × SO (3) provides a potential target for the robot’s end-effector to
grasp the object.
These grasps are calculated offline for a particular type of end-effector used and are specifically designed for
the task objective. An object template can have multiple grasps and they are also differentiated from left
and right end-effectors.
Definition: Pre-grasp. A pre-grasp is a pose PP G ∈ R3 × SO (3) that is calculated using an approaching
vector V ∈ R3 and a distance D ∈ R from the grasp PG .
The pre-grasp provides a potential safe pose for the robot’s end-effector before the actual grasp PG of the
object. Transitioning between pre-grasp and a grasp is performed in a straight line defined by the vector V .
Definition: Grasp posture. The grasp posture is a tuple of joint values for the fingers of the robot’s
end-effector that are required for the designed grasp PG .

Definition: Affordance. An affordance in the context of this approach is defined as a motion constraint
that the end-effector of the robot needs to follow in order to manipulate an object. This motion is defined by
an axis in a frame of reference A ∈ R3 × SO (3) and it can be either a linear motion, a circular motion, or
a combination of both motions if a screw pitch value P ∈ R is considered.
We designed these affordances to be grasp-agnostic, so only the frame of reference of the end-effector is
considered for planning motions. This allows the robot to have any type of end-effector and still be able to
generate the required motions to perform the task.
Definition: Usability. A usability is a point of interest defined with respect to the origin of an object
template. This frame of reference U ∈ R3 × SO (3) is used to augment the robot’s end-effector to consider
this point of interest during motion planning.
As an example, consider Figure 3a. Once the drill is grasped, the usability of the drill bit defines the
end-effector for planning relative to the cutting affordance of the wall template.
3.2.2

Object Templates Implementation

Object templates were implemented in an Object Template Server (OTS). The OTS is responsible for
loading and providing object template information to any client that requested it. For example, the Main
View widget will request 3D geometry mesh information from the object template library to display, as well
as finger joint configuration while displaying potential end-effector poses to grasp such object. Other clients
such as the Manipulation Widget (see Figure 3b) could request grasps, affordances, and usabilities from the
OTS. Additionally, the use of the OTS by autonomous behaviors is decribed in Section 5.
Given the communication constraints for the DRC, the OTS was required to provide information for both
the OCS side and the onboard side. On the OCS side, the OTS provides information to all the widgets that
use object templates. It also manages the instantiated object templates that the operator has inserted in the
3D environment. To replicate the same status in the onboard side, another instance of the OTS is created
on the onboard side. The OTS on the onboard side is responsible of managing object template information
to be considered for motion planning, e.g., as collision objects or attached collision objects to the robot.
Both OTS were kept synchronized through the Communications Bridge that allows communications under
constrained communication conditions. Any object template insertion in the OCS side triggers an object
template insertion in the onboard side by forwarding a compressed version of the same ROS message; this
works in the same way for object template removal. In case of a synchronization issue, both OTS can be
re-synchronized by resetting the instantiated object template information. The architecture of the OTS can
be seen in Figure 2.
3.3

Manipulation Workflow with Object Templates

The workflow of subtasks in an OT based approach requires that the operator identify the sensor data in
the OCS that corresponds to the real object. After object identification has been performed, the following
steps are required to perform manipulation with object templates (see Figure 4).
1. The operator inserts the template designed for the object of interest using the OCS. The operator
manually aligns the 3D model of the template to sensor data that corresponds to the real object.
In the current state of our approach, this step is the only one that is performed exclusively by the
human operator. Any of the following steps can be executed either by a human operator or by any
high-level behavior.
2. With the template in place, the stand pose of the template can be requested from the OTS and a
footstep plan can be requested in case the robot is not able to reach the object with the end-effectors.

This footstep plan is reviewed by the operators and if sane, it is autonomously executed, otherwise,
further planning and intervention can be requested.
3. Once the robot is in a position that the object can be reached by the end-effector the pre-grasp pose
can be requested from the OTS and the execution of this step will take the robot’s end-effector into
a safe predefined position before approaching the object.
4. Then, the fingers need to be set to any “Open” configuration if available (for safety reasons, in our
approach all robots start with fingers in a closed configuration).
5. Afterwards, the grasp pose is requested from the OTS and the execution of this step will take the
robot end-effector into a position ready for grasping the real object.
6. The grasp posture of the fingers can then be set so that the robot takes control of the object (for
non-prehensile grasps e.g., turning the valve with a stick, this step can be omitted).
7. If the robot has grasped an object that can be moved around in the environment, the object template
can be attached to the end-effector. It is then considered during collision checking while planning
motions and will be moved appropriately.
8. Then, usabilities of the object template can be selected and used for motion planning assuming this
attachment as a rigid body transformation between the origin of the object template and the robot’s
end-effector.
9. Finally, the affordances of the object template can be requested from the OTS and be executed so
that the robot performs the required arm motions to achieve the manipulation task.

Figure 4: Workflow of a manipulation task using object templates. Trapezoids represent manual input that is
always performed by a human operator. Parallelograms represent object template data requests to the OTS
that can be done either by a human operator or by a high-level behavior. Rectangles represent processes
executed by the remote humanoid robot.

4

High-level Behavior Control

The design philosophy behind our high-level behavior control approach is based on the challenges that a
humanoid robot would face while carrying out remote search and rescue operations in collaboration with
human operators. These challenges were exemplified in the rules of the DRC Finals. On the one hand,
the sixty minute time constraint meant that we could not rely solely on the human operators to make
every decision and perform every action; we would have to introduce significant autonomy. On the other
hand, we also wanted to leverage the human operators’ cognitive and perceptual capabilities. This gave

rise to the concept of collaborative autonomy, which is the topic of Section 5. Furthermore, the degraded
communications between operators and the robot motivated interaction between them at a higher level of
abstraction. We achieved a significant level of abstraction via the use of object templates and affordances.
Here, we are interested in abstracting the interaction between the operators and the robot at the task level.
We also accounted for the extensibility and generalizability of our high-level control approach. For example,
we wanted our approach to not be specific to the eight DRC Finals tasks. Rather, it should be a framework
for specifying and executing any high-level robot behavior. Furthermore, we wanted the approach to be
compatible with any robotic system, with Team ViGIR’s Florian and Team Hector’s Johnny being two
examples. Finally, we wanted to give team members the ability to quickly iterate on the creation and testing
of high-level robot behaviors.
Taking these considerations into account, we model high-level robot behaviors as state machines, whose
states abstract the various lower level system capabilities, such as those related to manipulation planning.
Two of our contributions make collaborative autonomy possible. First, we introduce the notion of individual
state machine transitions requiring a certain level of autonomy or autonomy threshold in order to be executed
autonomously. By adjusting the autonomy level, the human operators have more or less control over the
execution of a high-level behavior. Second, we imbue our high-level controllers with the ability to make
requests to the human operators. Such requests include, but are not limited to, decisions and data (e.g.,
object templates and locomotion goals). We refer the interested reader to (Schillinger, 2015) for a detailed
coverage of our approach to high-level control.
In this section, we first introduce terminology that supports our discussion of high-level behavior control.
Then, we give an overview of the Flexible Behavior Engine (FlexBE), which is the software implementation of
our approach to high-level behavior control. Finally, we discuss the interaction between high-level behavior
control and manipulation planning and, in particular, template and affordance-based manipulation.
4.1

Behavior Control Definitions

We summarize the basic concepts that form the building blocks of our high-level behavior control approach,
which is based on the model of hierarchical finite-state machines.
Definition: Behavior. A behavior B specifies how the robot is meant to carry out a high-level task, including
interaction with its environment and the human operators. A behavior is realized by the implementation of a
corresponding state machine BSM . Furthermore, each behavior defines a set of parameters BP , where each
p ∈ BP is specified when the execution of that behavior begins.
Behaviors coordinate a set of existing, lower level, robot and system capabilities (e.g., grasping or footstep
planning) via the states of a behavior’s state machine.
Definition: State Implementation. A state implementation16 s ∈ S interfaces system capabilities with
high-level behaviors. Specifically, each state interacts with a single such capability. Each state defines a set
of outcomes sOc . The execution of a state is terminated by returning an outcome, oc ∈ sOc , abstracting the
result of its corresponding action, i.e., the result of activating a lower level system capability.
A state is active while its corresponding action is being executed by some system component. Depending on
the result of this action, an outcome is returned, leading to a transition in the enclosing state machine.
Definition: Hierarchical Finite-State Machine (HFSM). A state machine SM = (SSM , tSM , SMOc )
composes a set of states SSM , where each state s(i) ∈ SSM is either the instantiation of a state implementation
s ∈ S or a lower level state machine SM 0 . The state machine’s outcomes, SMOc , indicate the termination
(i)
of the state machine’s execution. When a state s(i) returns a specific outcome oc(i) ∈ sOc , the corresponding
16
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transition function of the state machine, tSM : SSM × sOc → SSM ∪ SMOc , defines which state is executed
next or which outcome of the state machine is returned.
In addition to the control flow (logic), a state machine also coordinates the data flow. Data flow is relevant
because the input data of an action corresponding to a certain state typically depends on the output data
of previous actions. For example, a state interfacing with a manipulation capability may require an object
template as input data. The template was the output data of some previous action/state in the control flow.
Definition: Userdata. Each state machine SM additionally defines userdata DSM , represented by a set
of key-value pairs, where f : KD,SM → VD,SM maps each specific key k ∈ KD,SM to its respective value.
States define userdata keys they need, sI , and provide, sO .
Passing data from state A to state B with s(A) , s(B) ∈ SSM is thus defined as f (kI,sB ) | kI,sB = kO,sA where
(B)
(A)
kI,sB ∈ sI is an input key of s(B) and kO,sA ∈ sO is an output key of s(A) .
Definition: Autonomy Level and Threshold. During behavior execution, the current autonomy level
(i)
is denoted aSM . In a state machine SM , each outcome of a state oc(i) ∈ sOc defines its own autonomy
(i)
(i)
threshold aoc . If aoc ≥ aSM , then the corresponding transition toc,i = tSM (s(i) , oc(i) ) is blocked.
(i)

In other words, the autonomy threshold and the current autonomy level define a guard condition, aoc <
aSM , on the transition toc,i . Transitions that satisfy their guard condition are executed autonomously. All
(i)
transitions that do not satisfy their guard condition, i.e., if aoc ≥ aSM , are suggested to the human operator
and require explicit manual confirmation in order to be executed. The autonomy level aSM can be adjusted
at any time during behavior execution.
Definition: Behavior Input. Providing data to a behavior is modeled as a special action pID . Input
data Di of pID specifies the required type of data while Do provides the result. This result is evaluated and
provided as output userdata kO,sID .
The behavior input functionality allows the operator to provide data — only available at the control station
— to the remote robot. More importantly, states implementing this input functionality allow the behavior
to autonomously initiate this data transfer by sending a request to the operator, who then responds with
the corresponding data.
Definition: Behavior Modification. Modifying a behavior B, i.e., its state machine BSM , corresponds
to adding or removing elements to or from SSM , changing the properties of any s(i) ∈ SSM , or changing the
transition function tSM .
Behavior modifications can be used by the human operator to alter the structure of the active behavior at
runtime, e.g., in response to unexpected situations during system operation. This functionality was not used
during the DRC Finals and therefore we will not expand on it further in this paper. We refer the interested
reader to (Schillinger et al., 2016).
4.2

Flexible Behavior Engine (FlexBE)

Our high-level control philosophy described above was implemented in FlexBE,17 the Flexible Behavior
Engine (Schillinger, 2015). FlexBE consists of two main parts. The back-end, i.e., the engine itself, is a
behavior development and execution framework which evolved from the SMACH high-level executive (Bohren
and Cousins, 2010). Most notably, the execution paradigm was changed to be non-blocking and thus, be able
to incorporate operator interaction like adjustable autonomy or manually triggered transitions in parallel to
automated behavior execution.
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The front-end to the framework and executive is FlexBE’s graphical user interface18 (GUI), which comprises
four views: Behavior Dashboard, State Machine Editor, Runtime Control, Configuration. Two of these
views, the Editor and Runtime Control, are depicted in Figures 5 and 6, respectively. Not only is the GUI
itself an important aspect of the front-end, but also its way of bandwidth-efficient communication with the
back-end in order to realize a robust robot-operator interaction.

Figure 5: A hierarchical state machine implementing a behavior for the “Door” Task. The initial state
is indicated by the black arrow originating from the top left. The behavior has two outcomes, finished
(bottom left) and failed (center). Yellow states are parametrized state implementations. Gray states
are state machines. Purple states are other behaviors embedded in this one. The color of each transition
corresponds to its autonomy threshold: Off (gray), Low (blue), High (green) and Full (red).
Developers create the state implementations S and then use FlexBE’s State Machine Editor to design and
parametrize hierarchical state machines BSM that implement high-level behaviors19 B. The design of a state
machine SM includes, among other activities, the parametrization of the state implementations s(i) ∈ SSM ,
(i)
the specification of the behavior logic by connecting the outcomes oci ∈ sOc of each state s(i) to other states,
(i)
thus defining the transition function tSM , and the selection of an appropriate autonomy threshold aoc for
each transition toc,i . An example of a fully designed behavior is depicted in Fig. 5.
In order to integrate a new robotic system with our high-level behavior control approach, developers have
to create new state implementations S, which will let their behaviors interface with their lower level system
capabilities. Some state implementations are robot-agnostic (e.g., a decision state or a state that displays a
message). Moreover, Team ViGIR and Team Hector were able to use the same state implementations since
they were also using the same software system. If the same state implementations are used, then entire
high-level behaviors may also be reused for the control of the new robotic system.
During system operation, the human operator uses FlexBE’s Runtime Control to start, monitor, direct, and
stop behavior execution (Fig. 6). A capability that is of particular interest to this paper is that FlexBE
allows the human operator to adjust the current autonomy level aSM on the fly. In addition, the operator
can choose to override the behavior’s suggested transitions. For example, in Fig. 6, the behavior is indicating
an outcome and suggested transition (highlighted), but the operator can click on the other outcome in order
to force a different transition.
Finally, it’s worth noting that there are actually two state machines running every time a behavior is
executed (c.f. Fig. 2). This design was motivated by the need to monitor and direct execution remotely
18
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Figure 6: During system operation, the human operator oversees and directs behavior execution. The active
state s (blue) is shown at the center of the Runtime Control view. To its left is the previously executed state.
To its right are the possible state outcomes, sOc = {changed, failed}, and corresponding transitions, tchanged
and tfailed . Once an outcome has been returned by the state, the corresponding transition is highlighted.
Here, the behavior is not transitioning autonomously because the current autonomy level (aSM = Low) is
not strictly greater than the transition’s autonomy threshold (achanged = Low).

and under degraded communications. The on-board state machine, BSM , is the one controlling the robot
by activating system capabilities, performing calculations, etc. In FlexBE’s Runtime Control view, the
(m)
operator is monitoring the execution of the behavior mirror, BSM , which is a “ghost” version of BSM .
FlexBE keeps the behavior mirror synchronized with the on-board behavior. The synchronization goes both
ways; autonomous transitions taken on-board are reflected in the mirror and manual transitions forced by
the human operator are communicated to the on-board behavior.

4.3

Behaviors and Object Templates

In Sections 3.1.1 and 3.2 we discussed how the operator can use teleoperation and object templates in order
to command robot motion. We now show that high-level behaviors can also leverage our manipulation planning subsystem. This introduces another layer of abstraction and enables task-level autonomy. In brief, our
system design allows us to carry out the template-based manipulation workflow depicted in Fig. 4 programmatically. The steps of the workflow are implemented as states and the workflow itself is realized as part of
a HFSM. Examples of using object templates and affordances in high-level behaviors composed in FlexBE
are provided in Figures 7a and 7b, respectively. The state implementations do not carry out manipulationrelated computations themselves. Rather, they interface with manipulation system subcomponents, such as
the (on-board) object template server and the vigir move group action. The outcome of each state depends
on the response of the corresponding subcomponent, e.g., success or failure.
Of particular interest is the first step in the workflow, the object template insertion and alignment. Since
we leverage the cognitive abilities of the operator for object detection, the behavior requests the operator
to identify the object of interest and then insert and align the appropriate template. As we alluded to in
Section 4.1, this interaction is realized via the behavior input action. This is a key component of our system,
which we discuss further in Section 5.2 in the context of behavior-driven requests for operator input.

(a) Given an arm side parameter pside ∈ BP (left or right), a template ID (userdata), and a
pre-grasp ID (userdata), this state machine requests the pre-grasp pose PP G with the desired
ID and a motion plan for the (left or right) end-effector to move to P . It then executes that
motion plan. This particular state machine also includes logic for retrying after failures.

(b) Given an arm side (left or right), a template ID, and an affordance (here, “insert”), this
state machine requests the desired affordance A and a motion plan for the (left or right)
end-effector to perform A. It then executes that motion plan.

Figure 7: Two state machines that exemplify the use of object templates and affordances by behaviors.

5

Collaborative Autonomy

Throughout this paper, we have been referring to the concept of collaborative autonomy. In this section, we
provide a definition and discuss its advantages.
Definition: Collaborative Autonomy. Given a high-level task and a team that comprises a robotic system
and any non-zero number of human operators, the team exhibits collaborative autonomy if the robotic system
carries out the task autonomously, when capable of doing so, initiates requests to the human operators when
necessary, and can respond according to their input at any time. Such autonomy-driven requests include
requests for data, requests to perform actions, requests for the operators’ permission or confirmation, and
decisions that the system wants the operators to make.
Collaborative autonomy can be illustrated as in Figure 8, where a robot (represented by the glider) is
controlled by a high-level behavior (represented by the trainee in the front seat), who is supervised by a
human operator (represented by the expert in the back seat). In the best case scenario, the high-level
behavior is going to perform the complete task by itself. However, the human operator is there to provide
support in form of information or take control, when necessary. The high-level behavior knows the basics of
operating the device, e.g., how to steer the glider left or right. The type of input that the high-level behavior
requests is at a task-level, e.g., “Is this the correct angle for landing?” If the high-level behavior is not able
to complete part of the task, the human operator can (temporarily or permanently) take control, e.g., “I
cannot land, please do it for me.” Moreover, the operator (backseat expert) can also intervene at any time.
In the context of this paper, the robotic system mentioned above is a high-level behavior controlling a
humanoid robot in order to carry out a manipulation task (e.g., one of the DRC Finals tasks). The definition
above does not specify the number of human operators, as long as there is at least one. In the DRC Finals,
Team ViGIR competed with four operators, while Team Hector competed with three. In order to make the

Figure 8: A metaphor for collaborative autonomy.
notion of collaborative autonomy more concrete, we will focus on Team ViGIR. However, the concept readily
applies to different settings. For example, a single operator can take on multiple roles.
5.1

Operator Roles

Team ViGIR used multiple operators for both the DRC Trials and Finals. The individual operator stations
were separate instances of the same user interface that shared data between operators. Thus, if one operator
requested a point cloud, the same point cloud would be visible on all stations. This allowed the operators
to coordinate verbally with one another, for example, where one operator could make a request to another
operator to gather more sensor data or verify execution status (Kohlbrecher et al., 2015); this reduced the
cognitive load on any one operator. For the DRC Finals, Team ViGIR used four operators with well-defined
roles: Supervisory, Primary, Auxiliary, and Immersed operators. Team Hector defined almost the same
operator roles except the immersed operator, as Johnny’s sensors do not deliver long range 3D data like
Atlas. The operators’ relative positions in the control room is depicted in Fig. 1 (center). Table 1 describes
the main responsibilities of each operator.
Operator
Supervisory

Primary

Auxiliary

Immersed

Role Description
The supervisor operator (or just supervisor) was responsible for coordinating the humanrobot team. This operator started and stopped the execution of high-level behaviors,
interacted with the active behavior, and adjusted its autonomy via FlexBE’s GUI. The
supervisor also communicated with the other operators verbally, in order to keep them
up to date with the progress of behavior execution and to convey requests.
The primary operator (or main operator) was responsible for monitoring and verifying
actions generated by the active high-level behavior. The primary operator would also
intervene and interact with the OCS in order to command the robot to execute actions
such as footstep or manipulation planning, if the corresponding behavior state failed.
The auxiliary operator was responsible for perception tasks, such as inserting templates or
other semantic information, as requested by high-level behaviors. The auxiliary operator
would also gather perception data on the OCS side in support of the primary operator’s
situational awareness. For Team ViGIR, the auxiliary operator also served as team lead
during the runs, and was responsible for making the final decisions on tactics.
The immersed operator used an Oculus Rift DK220 virtual reality head-mounted display
to observe task execution. This permitted this operator to visually navigate the 3D scene
and thus assist in situational awareness. (Team ViGIR only)

Table 1: Roles of Team ViGIR’s four and Team Hector’s three operators in the DRC Finals.
5.2

Interaction between Operators and Behavior Execution

The supervisor interacts with the active behavior via FlexBE’s GUI. The interaction ranges from starting behavior execution to ending it prematurely, if necessary. In between, the supervisor monitors the autonomous
transitions of the behavior’s state machine, confirms the execution of transitions whose autonomy threshold

is greater than the current autonomy level, and adjusts the autonomy level. Some of the non-autonomous
transitions (e.g., decision points) may require that the supervisor communicates with the other operators,
who have better situational awareness. If necessary, the supervisor can also force synchronization between
the behavior mirror (OCS-side) and the actual behavior running on-board the robot. Finally, the supervisor
is responsible for online behavior modifications (Section 4.1), which we did not use in the DRC Finals.
The interaction of the auxiliary operator with the active behavior revolves mainly around object templates.
For the active high-level behavior to command the robot to approach and manipulate objects, it requires
information embedded in the corresponding object templates. To this end, a specific behavior state, the
InputState parametrized accordingly, can send a request to the operators (Fig. 9a). Specifically, the
auxiliary operator is responsible for inserting the correct object template, aligning it with the sensor data,
and then responding to the behavior’s request (Fig. 9b), which makes the template’s ID available to the
InputState. The auxiliary operator is also responsible for confirming that a footstep plan generated at the
initiative of the active behavior looks safe and reasonable, given the available sensor data.

(a) An InputState, parametrized to request an object
template ID, and its outcomes.

(b) The request displayed to the operators. Here, the
message reads “Provide the ID of the WALL template.”

Figure 9: Execution of an InputState (left) results in a request being displayed in the screens of the primary,
auxiliary, and immersed operators (right). Here, the auxiliary operator is responsible for responding.
While the primary operator can also respond to direct requests from the behavior — most notably, requests
for locomotion goals (feet pose) — their interaction was indirect during the DRC Finals. In particular, if
a behavior state corresponding to some action failed,20 the supervisor has the option of asking the primary
operator to perform that action, and only that action, in lieu of the state. Once the primary operator has
performed the action, the supervisor can trigger the failed state’s transition that corresponds to completion
of that action. Then, behavior execution can continue normally.
Finally, the immersed operator did not respond to behavior requests directly. Rather, this operator’s situational awareness helped the supervisor make various decisions that the active behavior requested.

6

Experimental Evaluation

In this section we describe the performance of the approach used by both Team ViGIR and Team Hector
during the DRC Finals. Additionally, we present experimental evaluation obtained during systematic laboratory experiments. This evaluation focuses on showing how high-level behaviors and human supervisors
can efficiently collaborate to perform manipulation tasks with help of object template information.
20

We are assuming that the failed transition’s autonomy threshold is such that it is not executed autonomously.

6.1

DRC Finals Evaluation

The DRC Finals held in Pomona California in June 2015, presented challenges in a wide range of areas.
On one side, the robot system capabilities to complete the individual tasks designed for the challenge were
put to the test. On the other side, the challenges of real-world field scenarios such as temperature, ground
slope, and communication interferences among others, pushed the humanoid robots to their limits. To keep
the focus on the experimental evaluation that concerns this paper, the first task of the DRC Finals which
corresponded to driving a vehicle is omitted. All evaluations of manipulation tasks are considered to start
after the auxiliary operator inserts the object template and are considered to be finished when the main
objective is achieved.
6.1.1

Team ViGIR Open Door (Day 1)

During day one, Team ViGIR opened the door using a combination of high-level behaviors, object template
manipulation, and teleoperation. The auxiliary operator identified the door and inserted the door template,
aligning it so that the door-handle matched. The high-level behavior requested to the auxiliary operator the
ID of the template to start the task. First, the high-level behavior requested from the object template server
the stand pose to open the door, which was used as input to request a footstep plan for stepping towards
the door. The high-level behavior commanded the robot to walk to the stand pose; the robot responded to
these commands, but the response took longer than expected.
After reaching the stand pose and autonomously positioning the torso to face towards the door, the behavior’s
attempts at requesting an arm motion plan to the door handle’s pre-grasp pose failed repeatedly. We later
discovered that this was due to the unplanned21 degradation of communications between the field computer
(where FlexBE, i.e., the active behavior, was running) and the computers on-board Atlas (where the planning
system was running). Regardless, the supervisor communicated the failures to all operators and asked the
primary operator to take over.
The primary operator commanded the robot to move the arm to the pre-grasp pose. Misalignments from the
door template prevented the robot to reach the grasp pose. Because of this, the primary operator proceeded
to execute the arm motion using Cartesian teleoperation. Once the robot’s hand grasped the door-handle,
the primary operator requested the “Turn Clockwise” affordance of the door template. However, the turning
motion of the door-handle was not enough to unlatch the door. So when the primary operator requested the
“Push” affordance, the grasp from the door-handle was lost. The primary operator proceeded to perform
Cartesian teleoperation a second time and the door was opened by pushing downwards on the door-handle.
Figure 10 shows the series of images from the robot’s camera view of the execution of the task. Figure 17a
shows a timeline of the events required to perform the task.

Figure 10: Robot’s camera view from Door task. From left to right: Door Template aligned, Pre-grasp,
Grasp, Turn Clockwise affordance, Push affordance (fails to open), door opened after Cartesian teleoperation.
As can be seen, initially, the supervisor operator was able to command the robot using high-level behaviors.
However, after a failure, the primary operator intervened for the rest of the task using object template
control (grasp and affordance commands) and Cartesian teleoperation. This experiment shows the cascade
21

DARPA’s planned degradation of wireless communications was between the OCS and the field computer(s).

of changes in the control approach taken by the operators to achieve the task. Given the flexibility to change
approaches on the fly, it is shown how the operators were able to adapt to higher-layer system failures and
use lower layers of manipulation control to open the door.
6.1.2

Team ViGIR Turn Valve (Day 1)

After traversing the opened door, the next task was to open a valve 360 degrees counter-clockwise. At this
point, there was no possibility to use high-level behaviors due to communications issues; for this reason the
primary and auxiliary operators performed the rest of the tasks.
The auxiliary operator inserted and aligned the template to match the pose of the real valve. The primary
operator requested the stand pose from the template and the footstep plan was calculated. It was discovered
that given the communication constraints, footstep plans with more than 10 steps were not able to be
visualized in the OCS. For this reason, manual creation of footstep plans was required to reach the valve.
Once the robot stood in front of the valve, the primary operator successfully used grasp commands to place
the robot’s wrist attachment (a poking-stick located in the wrist of the left hand) in-between the crossbars
of the valve. Afterwards, the operator used the “Open” affordance of the valve template to turn the valve.
Figure 11 shows the series of images from the robot’s camera view of the execution of the task. Figure 17b
shows a timeline of the events required to perform the task.

Figure 11: Robot’s camera view from Valve task. From left to right: Valve Template aligned, Pre-grasp,
Grasp, Open affordance 45, 135, and 270 degrees.
6.1.3

Hector Open Door (Day 1)

During day one, Team Hector also opened the door using a combination of high-level behaviors, object
template manipulation, and teleoperation.
The first attempt was mainly commanded by the high-level behavior. The auxiliary operator placed the door
template based on captured point cloud data. Using the template pose information, the high-level behavior
was able to generate the transitions to move the left hand to the pre-grasp and afterwards to the grasp
pose. The primary operator noticed a significant offset through the camera images which was likely caused
by sensor noise and non-perfect LIDAR to robot frame calibration. Several iterations between the auxiliary
operator to perform template adjustment and the supervisor operator to generate manual transitions in the
high-level behavior were required to bring the robot’s hand into the grasp pose of the door handle.
Due to a hardware failure, Team Hector was not able to continue execution of the arm motions to open the
door, this forced them to request a reset. After this reset, the primary operator intervened and continued the
task executing Cartesian teleoperation to re-grasp the door handle. Once the robot’s hand was confirmed
to have grasped the door handle, the primary operator requested the execution of the ”Turn Clockwise”
affordance of the Door Template. In this way, Team Hector managed to open the door.
The concept of work sharing between operators and robot worked well, as all operators had been able to
provide all needed information to the behavior. This additionally shows that the high-level software architecture developed initially for the Atlas robot was successfully implemented on the THORMANG humanoid

robot. The lack of recorded information from the task, prevents us from providing high-detail information;
in lieu of an explicit timeline, we present in Figure 12 a series of images from the robot executing the door
task.

Figure 12: DRC external footage from the Door task. From left to right: Setup, Pre-grasp, Grasp, Open
affordance, Door open.

6.1.4

ViGIR Open Door (Day 2)

On day two, the behavior started by requesting that the door template be placed and aligned. The auxiliary
operator responded by providing this information. The behavior was then able to request and autonomously
execute a footstep plan towards the door template’s stand pose. Since we had addressed the communications
issue from day one (by moving FlexBE to the on-board computers), the supervisor was confident enough
to switch the behavior’s current autonomy level to High. The behavior had the robot look down towards
the door handle and turn its torso. It then requested the auxiliary operator to adjust the door template, if
necessary. Afterwards, the behavior autonomously moved the robot’s arm to the pre-grasp pose and then
the grasp pose (Fig. 13a). Once the hand moved to the grasp pose of the door template, the behavior asked
for permission to proceed. The primary operator noticed that the robot’s hand was not in the correct pose.
After adjusting the hand (using the affordances of the door template), the supervisor gave the high-level
behavior permission to proceed. Had it not been for this application of collaborative autonomy, the robot
would have missed the door handle, which would have required a more involved operator intervention.
The behavior, still in High autonomy, executed the “Turn Clockwise” affordance of the door template. Once
the affordance execution was finished, the behavior asked whether it should proceed with pushing the door
or turn the handle more (Fig. 13b). The primary operator once again noticed a misalignment of the robot’s
hand and proceeded to adjust it using teleoperation. Then, after having communicated with the other two
operators, the supervisor had the behavior repeat the turning part. The robot proceeded to turn the handle,
but the motion was still not sufficient for unlatching the door; once again the supervisor had the behavior
repeat the turning part. The behavior’s response took longer than expected and so the primary operator
completed the turning motion using the affordances of the template. The door handle unlatched and the
door opened on its own (due to gravity). Thus, the supervisor had the behavior skip the execution of the
“Push” affordance. Figure 13 shows FlexBE snapshots from behavior execution. Figure 17c shows a timeline
of the events required to perform the task.
6.2

Laboratory Evaluation

This section describes lab experiments performed to demonstrate the potential of the approach presented in
this paper. During the DRC Finals, hardware and communication issues prevented us from performing at
the competitive level that our approach allows. For this reason, laboratory experimentation was performed
using the same software setup as used during the DRC (with the exception of using our communications
bridge). These tests were performed to compare a pure-operator execution of the task against a collaborative
execution between high-level behaviors and operators. Due to a damaged leg sensor, the robot was not able
to walk after the DRC, for this reason lab experimentation does not include walking or stepping.

(a) The behavior is moving the hand to the door handle’s
grasp pose. The current autonomy level, High, is higher
than that of the two possible transitions. Therefore, the
next state will be executed without operator intervention.

(b) Having turned the door handle, the behavior is asking
whether it should turn it more, push the door, or proceed
to the next step. The execution will not continue until
the supervisor selects one of the three transitions.

Figure 13: Two snapshots of “Open Door” behavior execution during the second day of the DRC Finals.
The top-level state machine corresponding to this behavior can be seen in Fig. 5.

6.2.1

Opening the Door (Operator Only)

We performed lab experimentation of opening the door to demonstrate that the system is capable of performing this task at an affordance level, as opposed to teleoperation as during day one of the DRC. In this
case, the robot was already placed in a position where the door handle was reachable by the robot. The
Door Template was inserted and aligned to the sensor data. The operator visualized the previews of the
pre-grasp pose and the grasp pose to verify that the robot was able to reach both poses. Then, the operator
commanded the robot to execute the arm motions for the pre-grasp pose. After reaching the pre-grasp pose,
the operator needed to request the robot to set the fingers in a grasp posture before approaching the door
handle. The operator then commanded the robot to move the arm to the grasp pose and setted the grasp
posture that made the fingers to grasp the door handle. Once the robot had control of the door handle,
the operator executed the “Turn Counter-clockwise” affordance of the Door template and the door got unlatched. Afterwards, the operator executes the “Push” affordance and the door was opened. Figure 17d
shows a timeline of the events required to perform the task.

6.2.2

Opening the Door (High-level Behavior)

The same experiment as in Section 6.2.1 was also performed by a high-level behavior — monitored by the
supervisor and in collaboration with the auxiliary operator. First, the behavior requests that the auxiliary
operator inserts and aligns the door template. Once the template is in place, the behavior, executing in High
autonomy level, is able to carry out all the remaining actions (pre-grasp, grasp, execution of affordances,
etc.). The supervisor operator only had to confirm the few state machine transitions that had an autonomy
threshold of High or Full. Figure 14 shows the series of images from the robot’s camera view of the execution
of the task. Figure 17e shows a timeline of the events required to perform the task and Table 2 indicates the
exact task completion time. The high-level behavior, in collaboration with the auxiliary operator, opened
the door twice as fast as the primary operator acting alone.

Figure 14: Robot’s camera view from Door task. From left to right: Door Template aligned, Pre-grasp,
Open fingers, Grasp, Close fingers, Open Clockwise affordance, Push affordance.

6.2.3

Turning the Valve (Operator Only)

For this task, the robot was placed in a position where the valve was reachable so that locomotion was
not required. The operator inserted the valve template and aligned it to the sensor data. Afterwards, the
operator selected the visualization of the pre-grasp pose and initiated execution of the arm motion. Then,
the same procedure was done to reach the grasp pose, which put the wrist attachment of the left hand
in-between the crossbars of the valve. Finally, the operator selected the “Close” affordance of the valve
template to generate the circular arm motions to turn the valve. Figure 15 shows the series of images from
the robot’s camera view of the execution of the task. Figure 17f shows a timeline of the events required to
perform the task.

Figure 15: Robot’s camera view from Valve task. From left to right: Valve Template aligned, Pre-grasp,
Grasp, Open affordance 90, 180, and 270 degrees.

6.2.4

Turning the Valve (High-level Behavior)

The same experiment as in Section 6.2.3 was also performed by a high-level behavior — monitored by the
supervisor and in collaboration with the auxiliary and primary operators. First, the behavior requests that
the auxiliary operator inserts and aligns the valve template. Once the template is in place, the behavior,
executing in High autonomy level, moves the robot’s arm to the pre-grasp pose. It then asks the primary
operator to (optionally) adjust the hand’s position to ensure that the wrist attachment will be able to slide
into the valve. The primary operator responded that no adjustment was necessary. Thus, the supervisor
allowed behavior execution to continue. Afterwards, the behavior was able to complete the task mostly
autonomously; the supervisor made a few transition confirmations and high-level decisions. Highlights from
this experiment are depicted and discussed in Fig. 16. Fig. 17g shows a timeline of the events required to
perform the task and Table 2 indicates the exact completion time. The high-level behavior, in collaboration
with the auxiliary operator, turned the valve 150% faster compared to the primary operator acting alone.
6.3

Timeline Results Analysis

Figure 17 shows a timeline of the events that happened during the DRC Finals runs and the laboratory
experimentation. In this timeline it can be appreciated the periods of time where the robot was stepping
and when manipulation was being performed. To fairly compare times, time starts after the robot has
stopped locomotion. This timeline mainly shows when the robot was running under high-level behaviors
and when it was being commanded by the human operator. Tasks that were run under a high-level behavior
start with a request from the behavior (shown in yellow) to the auxiliary operator to provided the template
ID of the aligned template (shown in lightgreen). The auxiliary operator responds to this request (shown
in purple), and the behavior continues execution. The supervisor operator monitors the autonomy of the
high-level behavior (shown in gray) and can execute priority manual transitions (shown in black).
For matters of space, we will give detailed timeline description only of the events during the Door task on
day two (see Figure 17c), the other tasks can be analogously analysed. During the second day, after accomplishing the drive task, a reset was requested to skip the egress task. This reset consisted of a 10 min pause;
in the meanwhile, the operators prepared the high-level behavior (shown in pink). After the reset pause

(a) The behavior is asking the auxiliary operator to insert,
align, and provide the ID of the valve object template.

(b) The operator has placed the template and is now confirming the alignment using the first-person camera view.

(c) Before inserting the wrist adjustment in the valve, the
behavior asks the supervisor to confirm.

(d) Once the operator confirms, the behavior proceeds to
insert the wrist attachment and turn the valve.

Figure 16: “Turn Valve” behavior execution in High autonomy level (i.e., most transitions do not require
the supervisor’s permission). The auxiliary operator placed the valve object template (top). The primary
operator confirmed that the wrist attachment was aligned with the gaps in the valve (bottom).

was over, the supervisor gave a manual transition to the behavior, and the robot started stepping (shown in
blue). The robot autonomously walked to the stand pose of the door template and rotated the torso towards
the door (upper body motions including manipulation are shown in darkgreen). The supervisor operator
changed the autonomy level to High so only transitions with equal or higher autonomy level were required
to be confirmed. The behavior reminded the auxiliary operator to consider template alignment; the auxiliary operator responded and the supervisor operator confirmed the transition. The behavior autonomously
commanded the arm motions to pre-grasp and grasp pose and once again, the behavior requested for a confirmation if the robot’s hand was in the correct pose. The primary operator noticed a misalignment and started
generating commands using object templates (shown in cyan) to command the robot’s hand to be closer
to the door’s handle using the “push” affordance of the door template. The supervisor operator confirmed
the transition and the robot started turning the door handle. The behavior requested for confirmation to
continue turning the door handle or to start pushing the door. However, the primary operator again noticed
a misalignment and proceeded with Cartesian teleoperation (shown in red) to adjust the robot’s hand pose.
The supervisor confirmed the transition and the behavior continued turning the door handle. The behavior
requested confirmation to continue turning the door handle or to start pushing the door; the supervisor
confirmed to continue turning the door handle. The robot did not react to this command and the primary
operator executed the step using the affordance of the door template and the door opened.
As a general view, gray color means that the task was performed using high-level behaviors, which gets
reflected in minimal operator input. Whereas tasks that present red color, show a lot of teleoperation from
the primary operator, meaning less autonomy. Table 2 shows the manipulation times required to perform
the task. Video footage of the DRC runs and laboratory experiments can be seen here22 .

22

https://www.youtube.com/watch?v=5bSwwnQXfgQ&list=PL09J37oL4U7BXuuNHWE54vcMwsJlgAjmJ

Figure 17: Timeline of actions during DRC Finals tasks and laboratory experimentation.

Time (min:sec)
ViGIR Door Day 1
Lab Valve Operator
Lab Door Operator
ViGIR Valve Day 1
ViGIR Door Day 2
Lab Valve Behaviors
Lab Door Behaviors

Overall
Time
07:31
04:53
03:52
03:37
03:16
02:19
02:12

Template
Alignment
(in reset)
00:51
00:45
01:12
00:12
00:36
00:57

Teleoperation
Control
01:53
00:00
00:00
00:05
00:17
00:00
00:00

Object Template
Control
00:43
02:40
01:57
01:38
00:21
00:00
00:00

High-level
Behaviors
00:28
00:00
00:00
00:00
01:48
02:19
02:12

Robot
Motion
02:20
01:21
01:00
00:42
01:00
00:53
00:31

Table 2: Time table of DRC and laboratory evaluation sub-tasks. Due to operators analysing situation, and
behaviors and robot motions being simultaneously executed, the overall time does not reflect the sum of the
times taken for each of the these sub-tasks.

7

Lessons Learned

This section discusses the lessons learned by Team ViGIR and Team Hector during the process of applying,
using, and sharing the approach presented in this work. These lessons are based on our experience of what
worked and what did not. We divide our lessons learned into three categories: Motion planning and Manipulation Control, High-level Behavior Control and Collaborative Autonomy, and Multi-team Collaboration.
7.1

Motion planning and Manipulation Control

Having the possibility to operate in the different modes of control, such as teleoperation, object template
based manipulation, and high-level behaviors, provides a robust approach to account whenever failures
happen from the higher-levels of control. This allowed us to operate in object template control when highlevel behaviors failed and in teleoperation mode when object template interaction failed, for example, during
the first day of the DRC Finals.
We identified that most of the high-level behavior failures originated from processes of lower layers of control,
such as collision free motion planning, state estimation, and joint control. While generally providing a safety
guard against environment collisions, planning with full collision avoidance can also fail due to spurious
collision data generated from noisy sensor data. If these failures are properly considered by the higher levels
of control, the states can automatically retry to execute these motion plans. In our case, whenever behavior
failures persisted, the supervisor operator requested the auxiliary operator for a “world model reset” which
resets the internal environment model to remove spurious collision data.
Overall control of object template manipulation involves several different steps: preview from pre-grasp
and grasp poses, execution of pre-grasp, open hand, execution of grasp, close hand, attach object template,
detach if necessary, select usabilities, define parameters for object affordances and their execution. These
steps provide manipulation in a higher level compared to pure teleoperation, however, they are still manually
executed, which can be error-prone.
Defining this information in an object template base allows abstraction to higher levels of control such
as behaviors. Using a higher-level behavior to iterate through these steps allows the operators to act as
observers of the task and intervene only in cases where the high-level behaviors cannot proceed.
The use of manual template alignment by the operator avoids automated object alignment as a potential
source of error, but requires significant time and expertise by operators. A highly robust automated template
alignment approch is thus desirable.
During robot experimentation it was discovered that the object template approach allows flexibility to adapt

to situations where an object in the environment is found but no object template has been created for that
object yet. This flexibility extends the use of the object template approach to achieve manipulation tasks
with unknown objects, with intermediary objects, or to use objects in a way they were not designed for
(Romay et al., 2015).

7.2

High-level Behavior Control and Collaborative Autonomy

The most noteworthy lesson that we learned, both during practice and at the DRC Finals, is the importance
of having the logic of the high-level behaviors (i.e., the hierarchical state machines) reflect the manual
workflow of the human operator(s). This allows the operator to easily follow behavior execution and, if
necessary, intervene, perform a few steps, and then hand control authority back to the behavior. In terms of
manipulation, one of the ways we achieved this was by designing state machines that mirrored the operator’s
object template-based workflow depicted in Fig. 4. We believe this is an important lesson, especially in light
of the observation that it proved hard for the operators of many teams to take over when the autonomous
system failed (DRC Teams, 2015).
Unlike many other teams, we did not employ a passive operator whose task was to read a script to the active
operator(s). Our reasoning was that the high-level behavior’s logic would play that role, as a corollary of
the lesson above (same workflow). We included behavior states that would simply display messages to the
operators. Thus, the active high-level behavior was able to prompt the operators (e.g., to optionally realign
an object template or to visually confirm some condition). In addition, we discovered that, even if behavior
execution fails completely (as in day one of the Finals), the supervisor can transform into a passive operator
that directs the primary operator by reading the logic of the behavior’s state machine (via FlexBE’s GUI,
e.g., see Fig. 5). In other words, the state machine’s logic can act as a very detailed, nonlinear, visual script.
Our collaborative autonomy design led to the observation that the human operator can be seen as just
another system capability from the point of view of a high-level behavior. That is, the behavior can be
somewhat agnostic to whether an action was performed automatically or manually by the operator, as long
as the necessary postconditions are met. This property contributed to our behaviors being quite robust to
small discrepancies and errors, since the operators could easily assist.
During the finals, we discovered the need for additional “loopbacks” in our state machines to allow repeated
attempts of particular states or sequences of states. While this is permitted by HFSMs in general, and
FlexBE in particular, many of our specific implementations lacked the ability to easily re-try a particular
sub-task as we do not allow jumping to arbitrary states within the state machine at runtime (unless behavior
modifications are invoked; c.f. Section 4.1 and (Schillinger et al., 2016)). In the future, we plan to incorporate
more strategic loopbacks into our state machines in the event of state failures.
Our main objective in employing high-level behavior control was to handle the DRC Finals tasks. However,
thanks to FlexBE’s graphical state machine composition capabilities, Team ViGIR ended up using high-level
behaviors to also automate other tasks for Atlas. Examples include the startup check-out procedure (turning
the pump on, calibrating the electric joints, etc.), the calibration of Atlas’ hydraulic joints, as well as days
worth of system identification experiments (Schappler et al., 2015). The resulting check-out and calibration
behaviors were used in the DRC Finals, at the beginning of each run and after resets.
Lastly, we observed that encoding high-level tasks in the form of FlexBE state machines promotes proper
software engineering practices. For example, having each state implementation perform a single action
enforces modularity and the single responsibility principle. In addition, the very concept of hierarchical
state machines (but also templates and affordances) lends itself to multiple layers of abstraction. Similarly,
the concept of state outcomes reinforces the use of ROS actions and services, which are higher level interfaces
compared to simply publishing and subscribing to ROS topics. Finally, FlexBE state machines handle both
logic and data flow, but succeed in keeping the two separate.

7.3

Multi-team Collaboration

Team ViGIR’s software was originally designed and implemented for the Atlas robot. Therefore, multiple
changes were required to refactor different components to provide a robot agnostic architecture. Although
all dependencies to Atlas specific libraries were removed, Team Hector encountered situations where software
was not generic enough to cover their particular robot platform needs or features were not available. In these
cases, Team Hector collaborated and contributed by adapting and improving the high-level software.
Through the additional usage by Team Hector and Team Valor, the robot agnostic software has been automatically tested thrice. Therefore, the software was quickly put to the test, and bugs were able to be
identified and fixed in a short time. Developing robot-agnostic software requires that each developer considers how the software is intended to work and how is it supposed to be used by the other teams. Therefore,
generic solutions have to be provided which can be adapted or configured for a particular robot system in
an efficient way. Changes in software architecture have to be cleanly updated and clearly communicated to
the collaborating teams, similar to what software companies standards are.
We also learned that well designed software can be used by different robot systems without loss of capabilities.
For example, the OCS software is almost identical for all our robots, this way, operators can train using a
particular robot platform and quickly adapt to control a different humanoid robot.

8

Conclusion

In this article, we presented an approach to operate remote robots to perform manipulation tasks using a
collaborative autonomy principle where robot action-commands are shared between high-level behaviors and
human operators. We approached this by allowing a human operator to interact with the remote robot in
three different layers of control: Motion Planning, Object Template Manipulation, and High-level Behaviors.
The motion planning backend provides joint control in different levels of commands such as joint control
and Cartesian teleoperation which can then be abstracted by object template based manipulation. This
provides foundation to the three main pillars of the contributions presented in this paper. First, object
templates provide an interaction method for object manipulation that can be used by human operators and
high-level behaviors. Second, high-level behaviors (FlexBE) provide an abstraction of the lower layers of
control to allow interaction between human operators and robots at a task-level. And third, the concept
of collaborative autonomy systematically brings these concepts together allowing for collaboration between
high-level behaviors and human operators. We also open-sourced all of the corresponding software.
As shown by the DRC task performance in Section 6.1.4, the flexibility of changing control within these
layers increases resilience in achieving remote manipulation in complex disaster response tasks. Operators
are able to transit back and forth between these layers whenever the need arises, adapting the approach to
solve a manipulation task on the fly. Performance of the approach was shown during the DRC Finals in
two types of tasks, however, specific challenges that arose during competition prevented the approach from
demonstrating the full potential of collaborative autonomy using high-level behaviors.
As shown by experiments in Sections 6.2.1 and 6.2.3, the operator has a higher level of control compared
to pure Cartesian teleoperation, but there are still a significant amount of steps that the operator needs
to execute manually. This requires training and practice and limits the number of people that are capable
of using the system. High-level behavior experiments in Section 6.2.4 and 6.2.2 show that the approach
can allow a human operator to perform remote manipulation at a task-level using high-level behaviors with
minimal human input (mainly object template alignment and high-priority behavior transitions).
Furthermore, we show that the collaborative autonomy approach was successfully implemented in the two
different humanoid robot platforms, from Team ViGIR and Team Hector. This opens the opportunity to
extend this concept to non-humanoid robot platforms which are enabled to perform manipulation tasks.
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