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1 Introduction0

The DARPA Robotics Challenge (DRC) was a multi-year international competition1

focused on developing robotic technology for disaster response. While the DRC2

fueled many innovations in mobile manipulation technology, some of the most dra-3

matic demonstrations were in the diverse and capable user interfaces created by the4

teams to remotely pilot their robots through the competition tasks. In stark contrast5

to the slow and inefficient joystick interfaces commonly used by service robots for6

bomb disposal or visual inspection (for example the Packbot (Yamauchi 2004)), these7

interfaces allowed the operators to efficiently command very high degree of freedom8

robots performing a series of consecutive locomotion and manipulation tasks in9

less than an hour. Bandwidth between the robot and the operator was intermittently10

restricted in order to encourage partial autonomy: a robot capable of operating with11

little or no human intervention could carry out tasks regardless of the state of its12

connection to the human operator. However, the focus on the competition was not on13

complete autonomy: a low-bandwidth always-on network communication link was14
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2 P. Marion et al.

provided, allowing some collaboration between the robot and the human operator.15

To be competitive in this format, teams had to deliver a robotic software system with16

considerable fluidity, flexibility, and robustness.17

Our team adopted a philosophy of shared autonomy. Our goal was to design18

a system capable of completing tasks autonomously, but always able to fall back19

to manual operation to allow a human to perform part of the task (if necessary).20

Additionally, the autonomous behavior should be organized so that it is possible to21

resume the autonomous mode as soon as possible after a period of manual opera-22

tion. Entering manual mode should not require the operator to complete the whole23

task; there should be many options to return control back to the autonomous system.24

This defined our notion of shared autonomy within the context of the DRC compe-25

tition: a task execution system that accepts input from both automated perception26

and planning algorithms as well as human operator inputs. In our shared autonomy27

design, human inputs range from high-level supervision to low-level teleoperation.28

The operator can provide input to the perception system by verifying or adjusting the29

result of a perception algorithm, or providing a seed, such as a search region, to steer30

the perception algorithm. For task autonomy, the human can provide input through31

supervision of subtask execution. For example, the operator can approve a motion32

plan before it is executed by the robot, or pause automatic execution of a subtask33

(due to some knowledge about the situation that is not available to the robot) and34

complete the task manually using teleoperation. At the lower levels of teleoperation,35

the operator can control Cartesian poses of end-effectors, a wide range of kinematic36

constraints, or individual joint positions.37

The focus of this paper is the Director, a new graphical user interface and software38

framework that was used by Team MIT to pilot the Atlas robot in the DRC Finals.39

It interacts with our wider system architecture which we described in a previous40

publication (Fallon et al. 2015a).41

In Sect. 1.1 we introduce the concepts of shared autonomy and task planning used42

in our design and place these concepts in the context of related work. We also present43

a high-level description of the robotic system and communication infrastructure44

that was fielded in the competition. The rest of the paper is organized as follows:45

In Sect. 2, we describe the features of the user interface that implement a shared46

autonomy system based on task sequences. Section 3 describes the programming47

models underlying the user interface and task system. We evaluate the performance48

of the interface and shared autonomy system during the competition runs at the DRC49

Finals in Sect. 4. We also evaluate our approach against other less autonomous modes50

(including teleoperation) in order to demonstrate the efficiency and effectiveness of51

our proposed approach.52

1.1 Shared Autonomy53

As robotic systems increase in capability, the need for the ability to control these54

robots effectively and remotely has become more important. Teleoperation or shared55
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Director: A User Interface Designed for Robot … 3

control, which emphasizes continuous interaction between a human operator and a56

remote robot, was explored in early work including (Conway et al. 1990). Sheridan57

(1992) provides a detailed overview of the strategies deployed in this field, which58

has developed to include a variety of different forms of shared control. Enes (2010)59

provides an extensive list of these forms including traded control (where the system60

switches between direct human control and autonomous control) and co-ordinated61

control (where the human might still have direct control of actuator movement but62

the autonomous system takes care of inverse kinematics), as well as an extensive63

literature review.64

A common approach in teleoperation is for a human operator to control the motion65

of the robot by her/his own physical motion or through some physical input device.66

In addition to the correspondence problem (Nehaniv and Dautenhahn 2002), there67

are challenges associated with the precision of the human motion needed to consis-68

tently achieve tasks such as grasping in this setup. Previous work has developed an69

arbitration system to blend the input of the human operator with assistance in motion70

planning from the autonomous system using an arbitration function to produce a71

shared control law (Dragan and Srinivasa 2012, 2013) that aims to assist the opera-72

tor in overcoming the limitations of the interface. More recently, this approach was73

adapted to teleoperation using a brain computer interface (Jain et al. 2015; Muelling74

et al. 2015), in which the human input comes from brain signals instead of human75

motion. In the DRC, we were specifically interested in maintenance of balance and its76

communication to the operator. Wang et al. (2015) describes an interesting approach77

to direct balance feedback.78

Other lines of work have explored the performance effects of adding autonomous79

behaviors to a teleoperation system in the context of rescue missions (O’Brien et al.80

2010).81

The concept of Shared Autonomy is based on the idea of integrating the inputs82

from a human operator with the computation of an autonomous system to produce83

the final behavior of the robot and typically becomes useful where communication84

delays become significant. This approach aims to maximize the inherent advantages85

of each part of the system by relying on the autonomous component to operate86

over the domain in which it outperforms the human operator, such as accurate and87

fast computation, while leaving tasks that require cognition, such as high-level task88

planning and supervision, to the human operator.89

The fundamentals of shared autonomy are described in depth in the literature, here90

we will list a number of relevant concepts and related domain applications. Among91

the pioneers of the concept were space applications exhibiting automation paired92

with human interaction (called “human-centered systems”) as opposed to systems93

that are “black-box” autonomous (Dorais et al. 1999). Other architectures based on94

this idea are “dynamic adaptive autonomy” (Martin et al. 1996), “mixed-initiative”95

planning approaches (Burstein et al. 1996; Finzi and Orlandini 2005), “adjustable96

autonomy” (Tambe et al. 2002), and “sliding autonomy” (Sellner et al. 2006). Our97

approach is characterized by allowing the human operator to be in control of how98

the blending with autonomy is performed at all times, as opposed to leaving this99

418584_1_En_7_Chapter � TYPESET DISK LE � CP Disp.:31/1/2018 Pages: 35 Layout: T1-Standard

A
u

th
o

r 
P

ro
o

f



U
N

C
O

R
R

E
C

T
E

D
 P

R
O

O
F

4 P. Marion et al.

decision to the autonomous system. We also give emphasis to the ability to preview100

the robot plan in advance and request the operator’s approval before execution.101

Director is designed to support an approach to shared autonomy where the arbi-102

tration is performed by the human operator through a user interface. As opposed to103

continuously blending human input with autonomous control, our system is based104

on a discrete set of actions that are executed either by the computer or by the human105

as directed by the human operator, along the lines of the framework of (Dorais et al.106

1999), in which the human operator performs the arbitration by explicitly indicating107

the level of control and transitions between levels. When the actions are computed108

by planning algorithms, they can be reviewed and approved by the operator before109

execution to guarantee nominal operation under novel circumstances. Interaction as110

arbitration also enables the operator to react when a particular situation falls outside111

of the scope of the automated procedures by using lower-level interactions (typically112

more manual control). This approach is well suited to the remote operation of robots113

under time-delayed communications where direct teleoperation is not possible.114

1.2 Approaches to Task Planning115

In our approach, high-level tasks such as “open and walk through the door” are116

composed with sequences of steps or subtasks. For example, we could formulate the117

sequence of subtasks as find the door, walk to the door, open the door, walk through118

the door. The open the door task can be divided further into the sequence locate the119

door handle, reach to the handle, grasp, turn, push. Thus, a complex task can be120

thought of as a task hierarchy, which can be represented as a tree, and the complete121

task is executed by stepping through each subtask in the pre-specified order. Central122

to this hierarchical decomposition of a task is the concept of an affordance, which is123

the virtual instantiation of an object in the world that is relevant to the task at hand.124

As described in our previous publication (Fallon et al. 2015a), our planning system125

frames tasks in terms of operator-perceived affordances, or environmental features126

that hold possibilities for actions (Gibson 1977). Our user interface represents affor-127

dances as virtual objects, and allows task planning of robot actions in terms of these128

conveyed affordances.129

There is a long history of research focusing on task planning and decomposi-130

tion strategies for autonomous robotic manipulation. Behavior trees were used for131

autonomous manipulation in the DARPA ARM challenge (Bagnell et al. 2012).132

Hierarchical state machines are implemented by the ROS SMACH library (Bohren133

et al. 2011; Rusu et al. 2009). Linear temporal logic can be used to synthesize task134

controllers (He et al. 2015; Kress-Gazit et al. 2007). Integrated task and motion135

planning (ITMP) combines symbolic task planners with continuous motion planners136

(Kaelbling and Lozano-Pérez 2011; Srivastava et al. 2014; Wolfe et al. 2010). All of137

these are examples of general purpose, autonomous planning and execution frame-138

works. However, to operate a robot in the DARPA Robotics Challenge, teams were139

allowed to involve a human in the loop. We were inspired by the previously cited140
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Director: A User Interface Designed for Robot … 5

systems, but particularly interested in selecting an approach that allowed seamless141

integration of human authority into the plan and execute loop. One key aspect of such142

an integration is the ability to present the task plan as a sequence of subtasks to the143

human operator with a visual representation that is easy to comprehend and control.144

We wanted our system to present the high-level task hierarchy, as described in the145

previous door opening example, but the sequence should also interleave human oper-146

ator tasks with robot tasks. Additionally, the operator should be able to pause, and147

skip over tasks, or resume a failed task after making a manual correction (possibly148

by operating the robot in teleoperation for some period of time). We will describe149

the task autonomy design and user interface we developed which allowed the human150

operator to work with the robot to carry out long, mixed-task missions as required151

by the DARPA Robotics Challenge.152

Robot task execution environments are available in other user interface systems.153

The Robot Task Commander is a visual programming language and IDE (Hart et al.154

2014) designed to control the Robonaut-2 and Valkyrie platforms. The Affordance155

Template ROS Package for robot task programing (Hart et al. 2015) is an example156

of a planning framework based on affordance models that is integrated into the ROS157

software distribution. The DRC Tartan Rescue team used task wizards to guide the158

operator through the interface steps required to operate the robot to complete a task159

(Stentz et al. 2015), with an operator interface built on the ROS RViz framework. The160

OpenRAVE environment provides a suite of motion planning algorithms, automation,161

and robotic applications (Diankov 2010). Our user interface system shares some162

similarities and capabilities with these systems, but it is distinguished by including163

a more powerful visualization system, integration with perception modules, and a164

scripting environment built into the user interface that enables rapid prototyping of165

perception, planning, and task execution behaviors.166

1.3 Overview of Robot Capability and System167

In the next two subsections we describe details of our specific robot system deployed168

during the stages of the DRC. The Director communicates with the system through169

interfaces that abstract away details that are unique to the robot hardware and system170

design. We provide details of our system during the DRC in order to provide context,171

but note that the Director and its shared autonomy system has now been applied to172

other bipeds, robot arms, and wheeled mobile robots (see Fig. 15).173

As a software track team, MIT competed in the DRC using the Atlas humanoid174

robot supplied by DARPA and built by Boston Dynamics. With a particular research175

interest in dynamic control and bipedal locomotion, Team MIT developed a complete176

locomotion and whole-body manipulation system for low-level control of the robot177

that provided the advanced capability and reliability needed to complete the DRC178

tasks. In this section, we will describe at a high-level how these capabilities shaped179

our approach and design. This paper complements our prior publications that describe180

our planning, control, and estimation algorithms in detail (Deits and Tedrake 2014;181
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6 P. Marion et al.

Fallon et al. 2014; Kuindersma et al. 2016; Tedrake et al. 2015). We will not reproduce182

the technical details of those publications but will describe the high-level performance183

capabilities we achieved which framed our approach.184

Reaching:185

Many of the tasks in the DRC required accurate positioning of end effectors for186

manipulation. After a series of calibrations, the robot could achieve repeatable reach187

execution to single centimeter accuracy with reliable trajectory tracking.1 In March188

2015, the robot’s arms were upgraded to include 7 degrees of freedom (DoF) with189

an improved workspace but were limited to position tracking, as a result our manip-190

ulation was largely non-compliant with whole-body kinematic trajectories executed191

by the robot’s controller. After testing a variety of robotic grippers preceding the192

DRC Trials, the team used the Robotiq 3 finger Adaptive Robot Gripper. Its underac-193

tuated three-finger design meant that manipulation would have limited controllable194

dexterity, but the hand was very reliable. Our motion planning algorithms supported195

collision-free motion planning in constrained environments, but integrating collision-196

free planning into our operator workflow presented challenges such as constructing197

collision environments from sensor data, longer solve times (10–60 s depending on198

the complexity of the query), and unnecessarily complex or awkward motion plans.199

Because collisions were rare in the manipulation tasks required by the DRC, we200

removed collision constraints and relied on visual inspection by the operator.201

Locomotion:202

For locomotion we developed a stable and reliable dynamic walking gait with203

many advanced features such as toe-off (for stair climbing), and overhang of the204

heel and toe over steps (to overcome limited kinematic range), in addition to our205

whole-body vehicle egress strategy (described in Sect. 4.1). Due to the requirement206

for complete reliability, we used a conservative walking speed below our maximum207

of 0.45 m/s. Because of the precision of our controller and state estimator we were208

confident to execute walking plans of 8–10 steps on the uneven walking terrain. We209

did not field several advanced features such as continuous locomotion (Fallon et al.210

2015b) and drift-free localization (Fallon et al. 2014) as they were not motivated by211

the semi-autonomy scenario.212

Simulation:213

Development of the locomotion and planning algorithms relied heavily on simulation,214

which was provided by the Drake planning, control, and analysis toolbox (Tedrake215

2014). A full system simulator—connected to our perception system and user inter-216

face provided an alternative to operation of the physical robot. This allowed the217

Director to command simulated walking and manipulation plans in the same manner218

as for the real robot. We used this mode to develop and debug task autonomy.219

It was also possible to use on-demand simulation while operating the physical220

robot to envisage the likely result of the execution of a locomotion plan. After plan-221

ning a footstep sequence the user could simulate the task execution using the sensed222

1Although in Sect. 4 we will discuss our successful performance when robot damage lowered that

precision.
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Director: A User Interface Designed for Robot … 7

terrain model and the current robot state. While this capability could have been223

useful for providing information about the potential safety of locomotion plans, the224

slow simulation loop (at less than 10% of real time) made on-demand simulation225

too slow for use during the DRC. Motion plans for walking and manipulation were226

guaranteed by our planner to be stable (quasi-static stable for manipulation plans)227

as they were the result of constraints within the plan optimization. This allowed us228

to be confident in motion plan execution without simulation, however unexpected229

perturbations (such as unexpected contacts) could, of course, cause execution to fail.230

Finally, using the Carnegie Robotics MultiSense SL sensor head, we created high231

precision 3D point clouds of the vicinity of the robot for autonomous object fitting232

and terrain estimation which required a 6 s sweep by its 40 Hz LIDAR sensor to233

collect data at our preferred resolution. This sweep duration had a detrimental effect234

on our execution speed. Higher frequency LIDAR or active RGB-D would have had235

a significant positive effect on our speed of operation.236

1.4 Communication and Computation Layout237

The software components developed to control Atlas, including Director and the238

planners, controllers, and other tools with which it communicates, are composed of239

separate processes interacting via a publish/subscribe message passing protocol. The240

processes are organized into logical communities, which may span multiple physical241

machines. The Lightweight Communications and Marshalling (LCM) library (Huang242

et al. 2010) performs message passing by broadcasting messages to all hosts within243

a community, and additional tools move particular messages between communities244

as necessary. This highly distributed system allows Director to interact with the245

other software components while being agnostic to the implementations of those246

components, or even the language in which they are written or the physical machine247

on which they reside.248

The organization of processes and their communication during the DRC Trials249

is very similar to that used in the Virtual Robotics Challenge (Tedrake et al. 2014).250

However, the final hardware upgrade of the Atlas prompted a new design of the251

mapping between processes and host machines. The upgraded robot carries on-board252

computation resources divided among three physical computers. One additional field253

computer was provided to mediate communication with the robot over Wi-Fi and254

with the operator side over the limited-bandwidth connection provided by DARPA.255

In prior versions of the robot, all of our software processes ran off-board and sent256

low-level control messages to the robot via tethered fiber optic network. In the final257

configuration, processes are located either on the robot side (assigned to one of the258

on-board computers) or the base side operator control unit (OCU), shown in Fig. 5.259

The robot side processes include perception, planning, state estimation, control, and260

hardware drivers, while the base side hosts the user interface, planning server, and261

network monitoring tools. The distributed LCM-based system allowed Director to262

be used in both configurations without modification.263
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8 P. Marion et al.

The distributed, multi-community process model provided robustness to compo-264

nent failures and network disconnects, and added flexibility to the operator interfaces.265

Restarting Director, the planners, or any component except the critical inner loops of266

the state estimator and controller could be done while the robot was actively balanc-267

ing or even walking. As the robot on-board processes included everything required268

to control the robot, in the case of a complete network disconnect between the robot269

Wi-Fi and field computer the robot would continue standing, walking, or manip-270

ulating, and then return to an idle wait state until connectivity was re-established.271

One such disconnection occurred at the DRC Finals while the robot was walking.272

The robot completed its walking plan and safely transitioned to idle balancing. The273

system also supported running multiple simultaneous instances of Director so that274

multiple operators could view information about the robot’s state.275

2 User Interface276

Director is the primary graphical user interface (GUI) that was used to operate the277

robot in competition, and to test and develop robot capabilities in our laboratory. It278

is the central location from which the operator initiates all commands to the robot279

including startup and calibration procedures, manipulation and walking plan queries,280

and high-level task operation.281

Director was almost entirely developed between the DRC Trials (December, 2013)282

and the DRC Finals (June, 2015). It replaced the DRC-trials user interface described283

in Fallon et al. (2015a) (Fig. 14), whereas the remainder of the architecture described284

therein was largely retained.285

The DRC-trials interface was originally developed for MIT’s entry in the DARPA286

Urban Challenge in 2007. Given the nature of that challenge, it was primarily intended287

as a tool to observe the status of an autonomous robot and to visualize the results of288

automated perception and planning algorithms. For this reason, it was fundamentally289

designed as for passive visualization and not as a tool to support on-line interaction.290

While it was re-engineered to allow a user to operate the Atlas robot for the DRC291

Trials, it was inefficient and difficult to use for the following reasons:292

• Individual modules (such as LIDAR visualization, footstep planning, reach plan-293

ning etc.) were implemented as separate plug-ins within an isolated memory space.294

This enabled independent development but meant that coordination of the modules295

wasn’t possible, for example the LIDAR point cloud had to be manually hidden296

to examine a prospective motion plan.297

• Each module implemented its own interaction elements within a single taskbar.298

This required the user to expand and then scroll through the taskbar to find the299

button which requested a particular sensor feed or to change the speed of plan300

execution. This was both inefficient and unintuitive.301

• Rendering was implemented using low level OpenGL commands which did not302

interact well across the modules. As mentioned in Sect. 3.1 the combined scene303
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Director: A User Interface Designed for Robot … 9

graph approach of the Director gave the operator complete control over the active304

visual elements.305

• The DRC-trials interface lacked either task sequencing or a state machine. While306

the operator could place reaching goals and request a motion plans to them, these307

actions were not tailored to the action, for example using specific joint speeds or308

motion planning constraints for turning a door handle or moving an arm in free309

space.310

• Finally the DRC-trials user interface was implemented in C and C++. Using a low-311

level language made development slow and prone to runtime crashes. By contrast,312

several team members could use our higher level Python–based task sequencing313

to prepare a DRC Finals task (as shown in Fig. 4) without needing to understand314

how the Director interface was assembled into an application.315

These design limitations directly motivated the development of the Director, which316

we believe allowed us to more quickly develop semi-autonomous behaviors and was317

more specifically tailored to the task of operating a humanoid robot—which in turn318

allowed us to more efficiently execute the DRC tasks.319

Director is comprised mainly of two user interface windows: the task panel and320

the application main window. During competition runs, the task panel (Fig. 4) is321

the primary interface through which the operator and robot share responsibilities to322

complete the tasks. The operator supervises task execution through the task panel,323

but may use the manual interfaces of the main window (Fig. 2) if the need arises to324

make corrections, for example, the operator may need to adjust automated perception325

fitting results or plan and execute through teleoperation.326

Figure 1 provides an overview of the task automation workflow. The operator327

workflow consists of a sense-plan-act loop augmented with operator input. During328

semi-autonomous operation, control proceeds along path 1, in which the operator329

needs only to supervise the state of the robot. Failures or errors at any stage may330

Fig. 1 Task execution

proceeds autonomously

along the outer loop (1), but

in the case of a failure the

operator may proceed along

the inner paths, providing

input as (2) high-level

affordance adjustments or (3)

a lower level teleoperation
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10 P. Marion et al.

require the operator to switch to path 2, manually adjusting or creating affordances331

and their task-specific constraints. Further manual control is provided by path 3,332

in which the operator generates low-level teleoperation constraints such as specific333

end-effector positions or joint angles. After each executed motion, the operator has334

an opportunity to return to semi-autonomous operation along path 1.335

Handling failures:336

Many failures can be detected automatically during task execution, but certain failures337

are only detectable by the operator. When an executing task detects failure, the task338

sequence is paused and a descriptive message is displayed for the operator. When339

the operator has performed the necessary actions to resolve the error then the task340

sequence may be resumed. Some failures are difficult to detect automatically, such341

as verifying the accuracy of an affordance fitting result. For these known cases, we342

include a prompt task to instruct the operator to perform the check and provide343

a confirmation before the task sequence continues to execute automatically. At any344

point in time, the operator can stop the task sequence if an unforeseen failure becomes345

apparent. In Sect. 4.2 we provide an analysis of the failures that our system detected346

automatically and those that were detected by the operator.347

Multiple operators:348

The software architecture of the interface, together with the appropriate routing of349

messages over LCM, provides the ability to adapt to different concepts of operations.350

In particular, it is possible to adapt the number of operators to the specific needs of351

the scenario at hand by changing the number of Director instances that are launched352

and subscribed to the stream of messages in the network. Using this approach, the353

system is scalable and allows multiple operators to work in parallel.354

During the DRC Finals competition it was appropriate to have additional operators355

to supervise the system and to perform auxiliary tasks, but in typical non-competition356

usage a single operator operated the robot. The interface and architecture presented357

in this paper can be used in other types of missions with limited resources using a358

single operator with a single OCU such as (Murphy 2004). An example application359

would be explosive ordnance disposal (EOD).360

Scripting:361

The user interface embeds a Python programming environment. Every action that362

can be performed in the user interface can also be commanded programmatically363

from an interactive Python console or from a Python script. For example, Director364

provides a high-level Python interface to query the walking planner and execute the365

resulting plan, or collect point cloud data and invoke an affordance fitting algorithm.366

In addition to accessing the user interface elements from the Python environment,367

the user/programmer also has access to data objects stored in the Director scene368

graph: sensor data such as images and point clouds, robot poses and trajectories,369

affordance models, and frames and transforms, may be read and manipulated from370

the Python interface. This was a key design that allowed us to design our shared371

autonomy tasks with high-level specifications, and allowed members of the team372

without comprehensive expertise in the lower level APIs to write task routines that373

interfaced with the full robot system capabilities.374
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Director: A User Interface Designed for Robot … 11

The following sections will describe the two main user interface windows that375

were used to control Atlas in the DRC Finals: the task panel and the application main376

window.377

2.1 Director Main Window378

The main application window of the Director is pictured in Fig. 2. The main window379

contains a 3D visualization environment to draw the robot’s current state, perception380

sensor data, motion plans, and hardware driver status. Embedded panels are available381

to interface with the sensors, grippers, and to monitor overall health status of the382

system state. The interface also provides a teleoperation interface to support manual383

control by the operator.384

Visualization:385

A 3D visualization window is the central part of the main window. The visualization386

system is built using the Visualization Toolkit (VTK), an object-oriented scientific387

visualization library with data filtering and interaction capabilities (Schroeder et al.388

2008). Key to the success of our visualization system is its ability to be scripted at389

a high-level to easily enable users to add new capabilities and prototype algorithms.390

Algorithm prototyping is supported by a rich visual debugging system capable of391

drawing primitive shapes, meshes, frames, images, point clouds, text overlays, etc.392

Through the use of a Python interface to the Point Cloud Library, we are able to393

prototype and debug new point cloud processing algorithms with seamless integration394

in the 3D visualization environment (Marion et al. 2012).395

Fig. 2 The Director main user interface

418584_1_En_7_Chapter � TYPESET DISK LE � CP Disp.:31/1/2018 Pages: 35 Layout: T1-Standard

A
u

th
o

r 
P

ro
o

f



U
N

C
O

R
R

E
C

T
E

D
 P

R
O

O
F

12 P. Marion et al.

Director also visualizes multiple renderings of the robot model, for example show-396

ing the current robot state estimate, the interactive teleoperation configuration, and397

animating manipulation plans. In Fig. 2, we see a snapshot of a DRC Finals run: the398

robot stands in front of the door, the point cloud is drawn and an affordance model of399

the door has been fitted. The interface also shows a candidate walking plan returned400

from the planner at the request of the autonomy system. The operator has the abil-401

ity to manually adjust footstep plans in the 3D window using interactive widgets.402

Similar widgets are used to adjust the 3D pose of affordance models and geometric403

constraints in the teleoperation interface.404

Feature panels:405

A core preference during the development of our user interface was maintaining406

clarity and minimalism over exposing the operator to needless detail. Panels are407

opened only when the user actively needs them and otherwise closed to maximize408

screen real estate for the visualization window. A vertical toolbar is docked on the409

right edge of the screen that provides buttons to activate context specific panels. By410

organizing features in single panels that fit the screen without using scroll bars, the411

user learns to expect interface element positions and may reach them with a single412

mouse click.413

Teleoperation interface:414

One of the most frequently used feature panels is the teleop panel. Together with the415

visualization window, the teleoperation panel (shown in Fig. 3) provides the operator416

Fig. 3 The teleoperation interface provides the user with a rich set of preset constraints that are

adjusted with widgets in the visualization window. The robot’s current configuration is shown as a

translucent model, and its desired configuration is shown as the full opaque model. In this example,

the operator has indicated constraints on the position and orientation of the robot’s left hand and

right foot. The operator has also indicated that the robot’s final posture should keep its center of

mass near the center of the robot’s left foot, ensuring that the robot will be able to stably balance

on just that foot
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Director: A User Interface Designed for Robot … 13

with a rich set of controls to design whole-body manipulation poses and trajectories417

following from a set of geometric constraints. Through this interface, the operator418

can constrain the position and/or orientation of the robot’s hands, feet, and pelvis and419

the angles of individual joints. Our custom inverse kinematics solver also allowed420

the operator to express quasi-static stability constraints by requiring that the robot’s421

center of mass remain within the support polygon of one or more of the robot’s feet422

(Fallon et al. 2015a). Together, the kinematic and quasi-static constraints allowed423

the operator to describe complex whole-body motions with changing contact states424

through the teleoperation interface.425

2.2 Task Panel426

The task panel window is shown in Fig. 4. The task panel contains a tabbed widget,427

with each tab holding the task plan for one of the eight tasks in the competition. In the428

competition, the task panel occupied the full screen of one of the primary operator’s429

monitors and the main Director window occupied a second. As long as there are no430

failures in execution, the task panel occupied the complete attention of the primary431

operator. The task panel is a visual representation of the shared autonomy system: it432

steps through the hierarchy of tasks and asks for inputs from the operator as required433

to complete the tasks. If something fails, for example, the door fails to unlatch after434

turning the handle, the task sequence is paused (in some cases, through automatic435

failure detection, and in other cases by operator intervention) and the operator may436

Fig. 4 The task panel interface
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14 P. Marion et al.

switch focus to the main window to manually operate the robot back to a state where437

the autonomy system is capable of resuming control. The task panel interface was438

designed so that any individual on our team could be capable of operating the robot439

to complete tasks. When the system asks for an input from the operator the requested440

input is clearly stated and designed so that it is not sensitive to the variation in441

possible responses from the operator. For example, a skilled operator is not required442

to interact with the perception system. An operator need only click on a camera443

image anywhere on the door in order to convey the required information to a door444

fitting algorithm. However, if a task fails and manual intervention is required, we445

found that this operational mode required user training and knowledge of the specific446

task flows in order to manually operate the robot around the failure and to continue447

autonomous operation.448

Layout:449

Tabs across the top of the panel in Fig. 4 switch between competition tasks. The450

text area at the bottom of the window displays simple status messages when each451

task starts and completes. If a task fails for any reason, the failure is displayed in452

red text so that the operator may quickly locate a description of the detected failure.453

Above the text area, the task panel is divided into three columns. The central column454

is the main focus: it contains a tree list of the task hierarchy. In the figure, a user455

prompt task is active, so it displays the message Please approve the footstep plan456

and displays accept and reject buttons. The interface includes controls to pause,457

continue, or step through the task sequence. The user can either step through the task458

Fig. 5 Team MIT’s operator control unit at the DRC Finals. The left most and right most columns

of displays are situational awareness monitors with dedicated attendants. The middle four displays

belong to the primary operator. Clockwise from top left, they are: process management interface,

camera situational awareness, main window with affordance models and teleoperation interface,

task panel interface
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Director: A User Interface Designed for Robot … 15

sequence conservatively or allow continuous task execution. Task parameters (in the459

left column) were used to alter task behaviors, for example, to switch hands used460

in manipulation, or to select a grasping strategy. The right column contains a list of461

button macros that can be used to execute some steps of the task manually. In normal462

operation the task parameters and button macros are not needed, but may be used463

by the operator during edge cases when the planned task sequence is not compatible464

with the current situation. Section 4.1 describes such a situation that arose during the465

Day 1 competition run where the manual controls were necessary to cope with the466

situation. Section 3.2 describes the programming model underlying the task panel467

user interface (Fig. 5). AQ1468

3 Programming Models469

This section describes the programming models we used to implement our approach470

to task autonomy, combining a human operator and a user interface with a task471

planning system. In addition to user interfaces, well designed programmer interfaces472

are a key component to successful shared autonomy. These interfaces allowed for473

easy and rapid extension of the interface by many members of the team during the474

development and testing of the complete system.475

3.1 Affordance Model476

When a physical object was to be interacted with, it was denoted to be an affordance,477

which combined a 3D model of the object with metadata describing the modes478

of interaction with it. One such set of metadata is a set of named reference frames479

relative to the body frame of the object. The combination of geometry and annotations480

of the form of reference frames are used as input to build constraints for motion481

planning queries called from the task execution system. This affordance model proved482

a natural way to structure our system’s interaction with objects in the world, although483

our library of affordances is limited to objects that are relevant specifically to the484

DRC competition (door handle, valve and drill for example), and a set of basic485

geometric shapes (box, cylinder, prism, and sphere for instance). Our approach to486

the generalization of affordances was to implement a segmentation routine that would487

cluster objects in the point cloud and return the convex hull for each one of them.488

Each convex hull is an instance of the affordance model and therefore treated as such489

for planning purposes.490

The location of an affordance or one of its constituent frames may be updated491

by any process (a fitting algorithm or a user interface) and is synchronized between492

the user interfaces, i.e. if the position of an affordance is updated, the corresponding493

virtual object will be re-rendered in the new position in all instances of Director.494

Because the affordances were synchronized in this manner, it was straightforward to495
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16 P. Marion et al.

parallelize piloting tasks across multiple operators when the need arose: for example496

one operator could be dedicated to perception tasks, such as manually refining the497

positioning of a valve or drill using the latest perceived point cloud, while concur-498

rently another operator could be dedicated to planning tasks, such as guiding the499

robot through a task queue for walking to approach the affordance.500

Object model:501

The left dock of the main UI window contains the scene browser panel and prop-502

erties panel. These are visual representations of the underlying object model within503

the application. The object model groups items in named collections using a tree504

hierarchy which takes inspiration from the concept of a scene graph which is com-505

mon in 3D visual rendering applications. The object model stores a variety of object506

types, including robot models, affordances, coordinate frames, point clouds, terrain507

maps, motion plans, and footstep plans. Each object’s interface is presented in the508

form of modifiable properties. Properties can be edited by the user, or automatically509

by a task execution. Crucially, the object model was used as a data store for tasks to510

pass data through the execution pipeline, and to present data to the user for approval511

or adjustments.512

3.2 Tasks513

Subtasks required to execute a complete DRC task were implemented with callable514

Python objects and functions. Many subtasks were parameterized and reusable, while515

others were customized for purposes targeted toward specific tasks. As an example,516

the following is a typical sequence of task executions and the subtasks used: fit517

drill, approve drill, plan reach, approve manipulation plan, execute plan, wait for518

execution, close gripper. The name plan reach in this example refers to an affordance519

specific planning function—a function that plans a reaching motion to bring the end-520

effector to a grasping location around the drill affordance. A typical planning task521

was parametrized to include the reaching side (left, right), and the name of the522

target affordance i.e. the drill. The task calls subroutines that construct the required523

constraints based on the coordinate frames of the drill affordance, and then query the524

manipulation planner. The task waits for a response from the manipulation planner525

or information about a failure (for example, if the required drill affordance cannot526

be found or if the planner failed to find a feasible solution).527

The approve drill and approve manipulation plan tasks are examples of user528

prompt tasks. The user prompt task presents a message to the user along with options529

to accept or reject. The task waits for a decision from the user and either completes530

successfully or raises an exception to pause execution of the task queue. User prompts531

give the user the opportunity to adjust an input to the system without having to532

actively intervene to pause execution. During the approve drill user prompt, the user533

can adjust the drill affordance pose if required. The adjusted pose will then be used534

in the subsequent planning task. The execute plan task publishes the manipulation535

plan on the committed plan channel which will be transmitted to the robot. This task536
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Director: A User Interface Designed for Robot … 17

completes immediately. The next task, wait for execution monitors the execution of537

the task by the controller until execution is complete. The last task in this example,538

close gripper, sends a small message that is received by the gripper driver.539

Asynchronous task queue:540

Task execution is brokered by an asynchronous task queue (ATQ). Each item in the541

queue is a task. A task is a standalone unit capable of performing some action(s)542

and returning success or failure. At any point in time, only the top task in the queue543

is active, and it may complete at some point in the future. If a task raises an error544

then the execution of the task queue is paused, and the task panel user interface545

displays this state to the user. When the task queue resumes it will attempt to re-546

execute the failed task from the beginning, unless a different task has been selected547

in the user interface. A program may construct and begin execution of any number548

of asynchronous task queues. For example, as described in Sect. 2.2, each tab of549

the task panel maintains its own ATQ, but the task panel ensures only one queue is550

executed at a time. We found that it was useful to leverage the ATQ model in other551

locations of the user interface as well, to perform auxiliary operations. Rather than552

adopting a thread model, many actions in the user interface are dispatched (queued)553

for asynchronous execution. We implemented an asynchronous task queue ourselves554

in our application library so as to maximize simplicity and control over the design,555

however the concepts are borrowed from the field of asynchronous programming556

and are implemented in production systems such as Celery (an open-source Python557

implementation), and often found in job schedulers and web servers.558

3.3 Guided Perception559

We adopted a guided perception approach to model fitting from point clouds and560

images. Fitting algorithms estimate the 3D pose of objects of interest in the environ-561

ment which are represented using affordance models described in Sect. 3.1. Operators562

can provide guidance to the perception system by annotating search regions for the563

point cloud fitting algorithms. The operator can define annotations by clicking on564

displayed camera images, or by clicking on 3D positions in a point cloud. For the565

competition we preferred annotations on 2D camera images because it required less566

precision than point cloud annotations. For instance, during the valve task, we were567

required to fit a valve affordance to the valve in the point cloud. As shown in Fig. 6,568

the operator reduces the search space by indicating the region where the valve is569

located by annotating two points that surround the valve, as visualized by two points570

connected by a green line in Fig. 6 (left).571

Using only this two-click input over the 2D image, the algorithm proceeds to fit572

the valve in the 3D point cloud and creates the affordance as shown in the 2D view573

in Fig. 6 (middle) and the 3D view in Fig. 6 (right).574

Some fitting algorithms succeed with high probability without operator provided575

search regions, but operator input can still be useful to approve the fitted pose prior to576

continuing with planning tasks based on the affordance models. We can also provide577
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18 P. Marion et al.

Fig. 6 Fitting the valve affordance. User provides simple annotation in the 2D camera image (left),

the fitting algorithm fits a valve affordance, results shown in 2D (middle) and in the 3D view (right)

guidance by designing task specific perception algorithms, where some intuition578

about the task is encoded into the algorithm.579

As an illustrative example, we discuss the fitting of a running board platform580

attached to the Polaris vehicle during the egress task (Fig. 7). During this task the581

robot steps off the platform 20 cm to the ground as shown in Fig. 10. The foot582

swing trajectory must be precisely planned relative to this platform. We modeled the583

platform as a box-shaped affordance and fit it to the front edge of the platform that584

was detected in the LIDAR point cloud (Figs. 8 and 9).585

Fig. 7 Fitting the running board platform used for vehicle egress. Top left and right images show

the stages of the fitting algorithm. Red and blue points are candidate edge points with the red points

being inliers. From the edge the pose of the platform affordance (in gray) is produced. The bottom

image shows the affordance being used to automatically place a precise overhanging footstep and

a swing trajectory
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Algorithm 1 Platform fitting algorithm

1: function FitPlatform(q, p)

2: fs ← stanceFrame(q)

3: x, y, z ← axes( f )

4: p ← removeGround(p)

5: p ← cropToBox(p, fs , [1, 1, 0.1])
6: pe ← computeEdge(p, y, x)

7: l ← fitLineRansac(pe)

8: ls ← projectToPlane(l, position( f ), z)

9: return frameFromPositionAndAxes(midpoint(ls ), cross(ls , z), ls , z)

Fig. 8 Timing comparison between tasks executed on competition Day 1 and Day 2. Task com-

pletion success varied over the two days so we cannot directly compare all eight tasks; egress and

drill are not shown due to lack of completion on at least one day. The door task required manual

intervention of Day 1, and terrain required manual intervention on Day 2, and took longer as a result

Algorithm 1 gives a sketch of the point cloud processing procedure to fit the pose586

of the platform affordance. We describe the steps of the algorithm in more detail to587

give the reader some idea of our approach to point cloud processing. Our processing588

algorithms combine task specific filtering with standard techniques such as RANSAC589

model fitting and normal estimation using the Point Cloud Library (Rusu and Cousins590

2011). The goal is to fit the edge of the running board with high accuracy, since the591

edge was to be used for footstep placement when stepping out of the vehicle. As592

seen in Fig. 7 very few LIDAR point returns are collected from the platform due to593

occlusion by the robot body; only the front edge is visible. We describe each line of594

the fitting algorithm as follows:595

1. q is the robot configuration, p is a point cloud snapshot collected from the LIDAR596

sensor.597

2. stanceFrame() returns a homogeneous transform. The stance frame is defined598

with respect to the world coordinate system and located at the midpoint between599

the feet.600
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20 P. Marion et al.

Fig. 9 MIT Atlas robot performing the driving task on Day 1 of the DRC Finals

3. Extract the coordinate axes of the stance frame. Since the robot is standing on the601

platform, we can expect that the Z axis is perpendicular to the platform surface,602

and the X axis points toward the edge of the platform within ±45◦.603

4. Filter the point cloud to remove points on the ground, using a planar ground604

model.605

5. Crop the input point cloud to a box of dimensions [1, 1, 0.1] meters, oriented606

and centered at the stance frame. Figure 7 displays these points in green, red,607

and blue.608

6. Bin the points into bins perpendicular to the stance frame Y axis, and for each609

bin select the maximal point as projected onto the X axis. This yields a reduced610

set of candidate platform edge points, displayed in red and blue.611

7. Fit a line model to the candidate edge points. Inliers are displayed in red, outliers612

are blue.613

8. Project the line onto the platform surface which is defined by the XY axes of the614

stance frame.615

9. Return a homogeneous transform that defines the pose of the platform affordance616

in the world coordinate system. The transform is constructed using the projected617

line and the Z axis of the stance frame.618

This algorithm is in fitting with our shared autonomy model. It is written with619

some assumption of the initial pose, which is satisfied by the task sequence leading
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up to the invocation of the algorithm and the fit result is easily inspected by an620

operator. The fitting algorithms for other affordances are implemented with a similar621

approach.622

4 Performance Evaluation at the DARPA Challenge Finals623

This section describes the performance of the Team MIT Atlas robot in the DRC624

Finals with qualitative analysis of the usage pattern of the shared autonomy system625

on the user interface followed by quantative analysis in laboratory experiments.626

We present a summary of each individual field task at the DRC Finals with an627

emphasis on the outcome of using the workflow implemented in Director. In partic-628

ular, we describe the use of automation and teleoperation as it was required in the629

field, including a description and summary of the events that produced failures and630

therefore required more manual control using the workflow illustrated in Fig. 1. We631

then illustrate the case for increased levels of autonomy by exploring the performance632

in the valve task during laboratory experiments when using different sets of features633

available to the operator in the user interface.634

4.1 Summary of Each Task635

Figure 8 presents a selection of task execution times collected during the two compe-636

tition runs. On tasks where the shared autonomy system proceeded without interrup-637

tion, execution times are consistent for each run. Tasks that required manual operator638

intervention were however slower: for example the door task on Day 1, and the terrain639

task on Day 2.640

Driving and egress tasks:641

The first two tasks of the competition were driving and vehicle egress. Figure 9642

shows the driving task from Day 1 of the competition. To drive the vehicle the643

operator provided steering and throttle inputs based on video feedback (which had644

little delay) in teleoperation mode. The robot was sitting in the car in a way that645

the mapping for the teleoperation was straightforward: throttle inputs given by the646

operator using a physical slider mapped directly to the ankle joint angle, and steering647

inputs given by another operator using a steering wheel for video games mapped to the648

wrist roll joint angle on the robot’s arm. Teleoperation was possible because the rules649

of the competition stipulated full bandwidth in the communication channel during650

this task. The stereo depth cameras were invaluable to inform the operator about651

vehicle speed and trajectory around obstacles. The system computed an estimated652

trajectory using the current turning radius of the vehicle and assisted the operator by653

rendering this estimated trajectory in 3D over the stereo depth colored point cloud.654

In addition, the drivers had access to 2D video from one of the cameras on the sensor655

head of the robot. Driving was 35 s faster on the second day run, which we attribute656
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Fig. 10 Atlas robot performing the door task in our laboratory (left). Egressing from the vehicle,

task 2, at the DRC Finals (right)

to improved operator performance. After completing the driving course the operator657

changed task panels to the egress task. The egress procedure was highly automated658

and the operator’s role was simply to approve automatically generated plans. These659

steps varied in complexity from opening the robot’s grippers, to changing the active660

contact points used by the controller to balance.661

During preparation before the competition both tasks were successfully completed662

many times. Optimizing our semi-autonomous task sequence allowed us to halve the663

time for egress in the two weeks before the competition. However, a minor bug664

in our task sequence meant that on Day 1 an important step which was required665

between the driving and egress tasks was not completed: disabling the ankle throttle666

controller. This resulted in the ankle being incorrectly positioned when moved from667

the pedal onto the foot well. The operators realized the error and attempted to correct668

it manually, but ultimately it led to instability when the robot attempted to stand up,669

leading to a fall from the vehicle. This issue never occured in our laboratory testing670

because we were unable to consecutively test driving the car followed by then getting671

out of it due to space constraints.672

Before Day 2, a task was added to the sequence to prevent the error from occurring673

again. With this simple fix the egress worked exactly as planned on our second run.674

Door task:675

The door task involved opening and walking through an industrial doorway. The task676

interface encoded the sequence: walking to a carefully aligned location in front of677

the door; turning the handle; pushing the door open with a second hand; and finally678
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walking through the door along a path carefully chosen to ensure clearance between679

the robot’s wide shoulders and the door frame.680

On Day 1, the fall from the car destroyed an actuator on our favored right arm.681

Thankfully, the flexible task execution system enabled by our mixed mode planning682

system and affordance models allowed us to switch the handedness of all single-683

handed plans with a single toggle switch. It also allowed us to skip over stages684

that would not work with the broken wrist joint, such as pushing the door open,685

while still automating the other aspects. Figure 8 demonstrates that a much greater686

amount of time was required on Day 1 during the manipulation stage of the door task687

due to operator teleoperation, which was required because of damaged sustained to688

precision encoder sensors in the arm during the fall. However, the timing of the non-689

manipulation aspect of the door task (walking through the door) was consistent due690

to a return to the automated task sequence. The right arm was repaired and on Day 2691

the entire door task was executed quickly and without deviation from the autonomy692

script.693

Valve task:694

The valve task was the first task after entering the building through the door. The695

network blackout rules begin immediately upon crossing the threshold of the door.696

Our recorded execution time for the valve includes the approach to the valve starting697

from just after the door. Due to the broken right wrist actuator, we turned the valve698

using the robot’s left end-effector on Day 1, but preferred the right end-effector on699

Day 2. Execution is similar, but the robot’s planned stance location in front of the700

valve depended on the handedness selected. The valve task sequence ran without701

operator intervention on both days, and execution time was consistent between the702

runs, with a small difference of only 7 s. This demonstrated the flexibility in our703

approach.704

Drill task:705

The procedure to turn on the drill requires bi-handed manipulation and was the most706

complex task. The steps include: pick up the drill from a shelf with one hand, turn707

it on with the other, cut a circle, knock out the circle to create a hole, drop the drill.708

Each sequence requires several planned trajectories and updates to the affordance709

models using perception data (Fig. 11).710

The task was skipped during the Day 1 run because of the broken wrist actuator711

meant that we could not turn the tool on. On Day 2 our planned task sequence712

performed very successfully. We used stereo visual servoing to press the drill button713

by successively minimizing the distance between the drill button (held by the right714

hand) and the thumb on the left hand. The human provided the precise location of715

the button by clicking on a camera image.716

We then walked to the wall and started cutting, however we failed to cut the wall717

deeply enough to cut out the required hole. After inserting the drill into the wall a718

temperature sensor indicated that the wrist actuator was overheating requiring the719

operator to halt operation to allow it to cool. While we believe that this was unrelated720

to the missed cut, it meant that we ran out of time to re-attempt the drill task (the721

drill had a safety shut off after 5 min).722
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Fig. 11 MIT Atlas robot performing the valve task on Day 1 (left). Grasping the cutting tool during

the drill task on Day 2 (right)

The cutting trajectory included significant use of back motion as the shelf storing723

the drills was close to the cutting wall. We believe that this execution was imprecise724

as a result and that a more compliant control strategy, such as (Sentis et al. 2010),725

would have achieved a more robust cut. In retrospect, comparing to approaches taken726

by other teams our bi-handed approach was quite complicated and had a role to play727

in our failure to achieve this task each day.728

Finally, when dropping the drill to move to the next task we uncovered a bug in729

our system that was unknown despite significant amounts of randomized testing. The730

motion plan during this sequence caused the robot to twist its pelvis around a yaw731

of 180◦. This exposed a simple wrap-around bug (where 180◦ became −180) which732

caused a control instability and a fall.733

Surprise, terrain and stairs tasks:734

The surprise task was completed using a teleoperation mode to press a lever on Day 1,735

while on Day 2 we were behind time and skipped the surprise task (a plug insertion).736

We moved on to the mobility tasks of crossing an uneven terrain course (Fig. 12) and737

ascending a staircase. Our research group is specifically focused on locomotion and738

on each day we successfully completed the tasks. From our analysis we were the739

quickest of the teams to complete these tasks.740

Unlike the manipulation tasks, where affordances are used as virtual representa-741

tion of the physical objects to be manipulated, in the terrain and stairs tasks, affor-742

dances are used to represent the support surfaces for locomotion, such as the blocks743

in the terrain (shown in Fig. 13) and the levels in the stairs. In this case, the guided744

perception module has a fundamental role in computing the segmentation of these745

objects from the point clouds and automatically fitting affordances to the relevant746
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Fig. 12 MIT Atlas robot performing the terrain task on Day 1 of the DRC Finals

Fig. 13 The terrain course at the DRC Finals (left). The terrain model as estimated by the perception

system and represented to the planning system as a height map (right)

parts. The operator had the ability to perform modifications on the position and ori-747

entation of the affordances if needed. The task hierarchy consisted of fitting support748

surface affordances to the sensed data, loading pre-planned footsteps relative to those749

affordances, and then executing those footsteps. We had previously demonstrated the750

ability to autonomously plan footsteps over unmodeled terrain (Deits and Tedrake751

2014; Fallon et al. 2015b), but because the exact layout of the DRC terrain was752

known in advance, we chose to pre-plan footsteps for the given terrain.753

Each subtask in the hierarchy also involved a check for operator approval, but dur-754

ing the competition almost no operator intervention was required. During the terrain755

task on Day 1 and the stairs task on both days, the operator interaction was limited756

to minor (roughly 1 cm) adjustments of the perceived positions of the locomotion757

affordances. During the terrain task on Day 2, our approach was more cautious and a758
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little slower. Our operator observed a foot clipping a block while crossing the terrain759

and triggered the robot to take a recovery step (re-planning online) which stabilized760

the robot before we continued. The operator then planned two manually-chosen761

footsteps and resumed execution of the automatic task sequence.762

4.2 Summary of Autonomy Interruptions763

The nominal workflow for task execution is based on the task sequencing that the764

operator interacts with in the task panel, i.e. the outer loop shown in Fig. 1. This765

task sequencing, shown in the task queue in Fig. 4 includes steps of three main766

types: (1) requires operator’s input to an autonomous component, such as the valve767

fitting process explained before; (2) are fully autonomous, such as reaching to the768

valve; (3) are only manual by request of the automatic task sequencing, such as769

manually adjusting the fit of the valve when the task sequencing requires the operator770

to confirm or adjust the current fitting. A break on the nominal workflow is expected771

to happen only because of a system failure or unforeseen events that shall alter the772

task sequencing. These events require more manual intervention from the operator773

through teleoperation. The teleoperation process is still assisted by the automatic774

motion planner, once the operator has manually indicated a goal pose and a set of775

constraints. The reason for each event has been explained in the summary of the tasks776

in Sect. 4.1.777

Task failures can be detected automatically or detected by an operator. Although778

there is great benefit to detecting failures automatically, the detection creates cog-779

nitive burden for the operator because the operator has to read and understand the780

failure. For this reason, we preferred to anticipate most of the events that would poten-781

tially require the operator’s intervention, and include them in the task sequencing as782

a request to the operator, as opposed to leaving them only to reactive intervention. In783

the months leading up to the competition we refined our task sequences to replace784

tasks that had a low success rate with tasks that incorporate shared autonomy to785

increase success rate. The typical case is a task that uses a perception algorithm to786

localize an affordance. The task will prompt the user to verify the affordance pose787

before proceeding with autonomous manipulation.788

For this reason, in the competition the only task failures that led to pausing the789

task sequence were operator detected failures of unforeseen events. These events790

are summarized in Table 1, and details of these events have been described in the791

preceding section.792

4.3 Contribution of Shared Autonomy Interface793

Director is the central hub of interaction with many components of a larger and794

complex system that includes perception, planning, control and communications.795
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Table 1 A summary of the number of task failures during the competition that led to interrupting

the automatic task execution sequence, and the types of plans executed for each task. During the

driving task joint commands were streamed directly instead of using motion plans. N/a indicates

that we did not attempt this task

Task Day 1 Day 2

Interrupts Auto plans Teleop

plans

Interrupts Auto plans Teleop

plans

Driving 0 0 * 0 0 *

Egress 1 6 0 0 9 0

Door 1 4 6 0 9 0

Valve 0 9 0 0 9 0

Drill n/a n/a n/a 1 19 11

Surprise 0 4 12 n/a n/a n/a

Terrain 0 2 0 1 2 0

Stairs 0 3 0 0 3 0

While it is possible to evaluate the performance of these components in isolation,796

the resulting performance of such a complex system is a combination of success of797

individual components together with the results of the interactions between them.798

Director interacts directly with each component and uses this information to create799

a unified representation of the robot’s world and actions that enables the operator to800

remotely control the robot to execute a variety of locomotion and manipulation tasks801

using a shared autonomy framework. A fundamental contribution of the interface is to802

properly integrate the interaction with the overall system into a single usable interface803

that exploits the advantages of the other components while keeping a coherent high-804

level view of the system, and we use our field performance during the DRC Finals805

as a proxy to evaluate its efficacy.806

Ideally, we would quantify the contribution of the shared autonomy interface to807

our overall performance at the DRC competition relative to all the other components808

of our robot system. It is difficult to make direct comparisons between Director809

and our previous user interface used at the DRC Trials in December 2013 because810

many components of our robot system have changed, and the competition tasks and811

rules changed. Additionally, the DRC Finals had too few experiments to draw any812

conclusions.813

Instead, we have performed an evaluation of the time taken to complete a repre-814

sentative task while incrementally enabling the different levels of autonomy of our815

system for a series of repeated experiments performed in our laboratory. The repre-816

sentative task required the operator to command the robot to approach a valve, grasp817

and turn it while using one of the following sets of features, which are ordered in818

terms of increasing autonomy:819
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• Feature Set 1: Teleoperation. The operator manually placed a navigation goal820

near the valve to create the walking plan. To turn the valve, the operator used our821

teleoperation interface to raise the arm, grasp, and turn the valve.822

• Feature Set 2: Affordance-based planning. The operator manually aligned a823

valve affordance, then invoked task specific planners to generate a navigation goal824

relative to the valve. After walking to the valve, the operator manually re-adjusted825

the valve affordance model to match the LIDAR point cloud. The operator used826

task specific planners to perform the manipulation task.827

• Feature Set 3: Affordance-based planning and automatic fitting. The operator828

used a perception fitting algorithm to automatically align the valve affordance.829

Everything is the same as feature set 2, except automatic fitting was also used.830

• Feature Set 4: Task sequencing. The task panel is used to automatically sequence831

the task. Automatic fitting and affordance-based planning are also used. In this832

mode, the operator does not have to click in the interface to invoke the task specific833

planners for navigation and manipulation. The task queue automatically steps834

through the task while the operator supervises the execution. This feature set was835

used at the DRC Finals.836

Figure 14 shows the timing results of the task repeated for 10 trials with each837

feature set. The trials were performed by the same operator over three different838

sessions with the order of experiments randomized. Table 2 gives an overview of the839

level of autonomy used for each system component in each feature set.840

Even though this is a limited analysis, it demonstrates the case for increased levels841

of autonomy by measuring the performance benefit of adding assisted perception842

Fig. 14 Valve task trial data collected from laboratory experiments illustrates the performance

benefit (measured in task completion time) of varying feature sets within the Director user interface.

The order of each experimental run was randomly drawn. Broadly speaking, the level of autonomy

increases from left to right
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Table 2 Level of autonomy used for each system component in the 4 feature sets used in valve

experiments

Feature set 1 Feature set 2 Feature set 3 Feature set 4

Affordance

placement

None Manual Auto Auto

Navigation goal

placement

Manual Auto Auto Auto

Manipulation

planning

Teleop Auto Auto Auto

Task sequencing No No No Yes

and planning. Note that the task time variance for teleoperation is higher due to the843

variability in the manner that the operator carries out manual control, whereas task844

time is more predictable when the task panel is used to sequence the task.845

5 Discussion846

In this work we have described the general principles around which our system’s847

shared autonomy was based. The two main principles were (1) that all task planning848

was affordance centric and (2) that general purpose motion planning was used to849

accomplish each task. While the Challenge accelerated our progress on these fronts850

enabling the execution of entirely novel tasks, we have identified key limitations851

which demand the attention of the research community.852

Our affordance representation was of central importance to our semi-autonomous853

system. Our original approach, discussed in Fallon et al. (2015a), focused on param-854

eterizing object degrees of freedom only. For Director, we attached the motion plan-855

ning and object fitting functions to the software representations of our objects of856

interest. We further extended the representation to encode properties relevant to task857

execution. As an example, we encoded the pose of where the robot should stand and858

the posture it should take before grasping an object, as well as any custom motion859

planning constraints.860

We have, however, found it challenging to transfer this information from one task861

to another without explicit modification by our UI designer. While it is possible to862

reuse existing object fitting algorithms, modification of the motion planning prob-863

lems are more difficult as in many cases specific cost functions or constraints are864

required to interact with new affordances. In practice the operator needed to resort865

to teleoperation to compensate for actions that haven’t been envisaged.866

In addition to this limitation in task transfer, improved algorithms for common867

collision-free motion planning, fitting and tracking problems are also required to free868

the operator from manually completing low-level actions.869
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A key contribution we have presented in this paper is a task execution interface870

which assists the operator in executing a queue of low-level atomic actions. While871

this approach improved task execution speed, the underlying system was limited872

to pre-specified task sequences which were explicitly encoded by an experienced873

robotics programmer. It took significant time to implement these sequences for each874

new task. We feel that achieving re-usability across different high-level tasks would875

be a notable breakthrough for the task level planning community.876

6 Conclusion877

We have described the graphical user interface and shared autonomy system used878

by Team MIT to pilot a Boston Dynamics Atlas robot in the 2015 DARPA Robotics879

Challenge Finals. Our contribution focused on the development and field testing of880

this interface which supported the execution of complex manipulation and locomo-881

tion tasks. The approach alternated between autonomous behaviors represented in a882

task hierarchy supervised by an operator and teleoperation of the robot as required by883

task complexity. These methods empowered the operator to perform complex whole-884

body behaviors with a high-DoF robot, whereas previous technology deployed in field885

missions has been largely based on joint-level teleoperation of low-DoF robots.886

A comparison of task execution in the field was limited to the two competition887

runs but it showed a consistent indication that using a larger portion of autonomy888

allowed for task completion in less time compared to manual intervention. To further889

explore the benefits of increased levels of autonomy, we performed the valve task890

in repeated timed trials with various feature sets for planning and perception. This891

laboratory testing allowed us to asses the contribution of individual features of the892

user interface.893

On both days of competition, the robot successfully completed the course in894

under 60 min, though not all tasks were completed for reasons discussed previously.895

Manual intervention by an operator was required occasionally, but overall we felt896

we achieved our goal of fielding a robot system that was largely based in autonomy.897

We have described how our shared autonomy designs performed under competition898

pressures, and highlighted what worked well, what failed, and the limitations that899

remain.900

We have released Director2 under an open-source license, including all of the901

software described in this article, and the larger codebase developed for our DRC902

entry,3 in which Director is integrated.903

The software has been generalized to support a variety of robots with different904

kinematics, locomotion methods, end effectors, sensors and firmware, as illustrated905

in Fig. 15, and continues to be used by a growing community of users since the DRC906

project.907

2http://github.com/RobotLocomotion/director.
3http://github.com/OpenHumanoids/oh-distro.
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Fig. 15 Director being used with different classes of robots: a NASA’s Valkyrie, a humanoid robot,

shown using the constrained end-effector teleoperation feature; b an ABB fixed-base industrial

manipulator and Kinect RGB-D data. c MIT’s Optimus, a dual arm mobile manipulator for EOD,

shown with an affordance fitted to a stereo point cloud
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