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Abstract

We present teleassistance, a two-tiered control struc-
ture for robotic manipulation that combines the ad-
vantages of autonomy and teleoperation. At the top
level, a teleoperator provides global, deictic refer-
ences via a natural sign language. Each sign indi-
cates the next action to perform and a relative and
hand-centered coordinate frame in which to perform
it. For example, the teleoperator may point to an
object for reaching, or preshape the hand for grasp-
ing. At the lower level autonomous servo routines run
within the reference frames provided. Teleassistance
offers two benefits. First, the servo routines can po-
sition the robot in relative coordinates and interpret
feedback within a constrained context. This signif-
icantly simplifies the computational load of the au-
tonomous routines and requires only a sparse model
of the task. Second, the operator’s actions are sym-
bolic, conveying intent without requiring the person
to literally control the robot. This helps to alleviate
many of the problems inherent to teleoperation, in-
cluding poor mappings between operator and robot
physiology, reliance on a broad communication band-
width, and the potential for robot damage when solely
under remote control. To demonstrate the concept, a
Utah/MIT hand mounted on a Puma 760 arm opens
a door.

Introduction

Autonomous servo control and teleoperation have com-
plementary advantages and disadvantages as robotic
control schemes. Servo control of robotic manipula-
tion has benefited from the development of compliant
manipulators with rich position and force sensing ca-
pabilities. When situated in a local context, fast dis-
tributed servo feedback enables a robot to react quickly
and appropriately [Brooks 1986][Connell 1989]. Servo
control currently suffers, however, from a poor ability
to perceive and plan according to global state. Tele-
operation addresses this weakness by putting a person
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in the loop, one who can provide more global guid-
ance. But teleoperation eliminates local servo control,
resulting in slow jerky movement that is quite tedious
for the teleoperator. Local reactivity is lost. What is
needed is a two-layer control strategy: a high level to
select a context in which low-level behaviors situate

Consider the advantages of each control mechanism
for the hypothetical task of planing a board. A tele-
operator can more easily set up the task by locating
and positioning the planer on the board, than an au-
tonomous robot can. Once context is established the
servo controller more readily maintains a smooth, slid-
ing contact with the board. It moves along the central
axis of the planer, independent of world coordinates,
while tightly monitoring force feedback on an orthog-
onal axis, independent of the orientation of the board.
Feedback is interpreted within the context of planing
to adjust force and position. The teleoperator provides
a high-level reference context that low-level servo be-
haviors could exploit.

Setting up a reference frame for subsequent relative
actions is an example of a deictic, or pointing, strat-
egy [Agre & Chapman 1987]. We propose a teleas-
sisted controller for robotic manipulation that inter-
faces high-level deictic strategies with context-sensitive
servo behaviors. A person wearing a master teleopera-
tion device provides the deictic references. Rather than
literally teleoperate the robot and bear the concomi-
tant problems of delayed and limited feedback, the op-
erator uses a gestural sign language to select successive
contexts for low-level autonomous force and position
control.

Deictic strategies

Studies suggest that animals use high-level deictic
strategies to bind low-level perceptual and motor
behaviors to the current context [Kowler & Anton
1987][Ballard et al. 1992]. Visual fixation is an ex-
ample of a deictic strategy that binds motor behavior
to a relative coordinate frame. For example, an object
can be grasped by first looking at it and then direct-
ing the hand to the center of the image coordinate
frame. In depth, the hand can be servoed relative to
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the horopter using binocular cues. This strategy is in-
variant to agent movement and task locale.

Like visual fixation, the act of grasping an object
provides a framework for interpreting the associated
kinesthetic feedback. For example, bi-manual animals
often use one hand as a vise and the other for dexter-
ous manipulation. We hypothesize that the vise hand
marks a reference frame and that the dexterous mo-
tions are made relative to that frame. Similarly, body
position creates a reference for motor actions. Stud-
ies of human hand-eye coordination have found head
movements to often be closely associated with hand
movements. [Pelz et al. 1994] found that most subjects
square their head with respect to the site of a complex
manipulation action and then hold it very still during
the manipulation, even when the eyes are looking else-
where. This fits our hypothesis if we consider head
position as a reference frame for relative hand motion.
To make this more concrete as a control strategy, we
assign a deictic strategy two roles: to make a temporal
and a spatial binding to the world.

Temporal binding

The intended action, such as reaching or grasping,
binds the servo controller to the temporal contezt.
Without a detailed model of the world, many interpre-
tations of feedback are possible; temporal context can
allow the controller to select the correct one. Earlier
studies demonstrate the importance of temporal con-
text in reducing the complexity of robot motor tasks.
In [Pook & Ballard 1992], a Utah/MIT dexterous ma-
nipulator autonomously grasps a spatula, positions it
in a pan and flips a plastic egg without relying on pre-
cise positioning or force information. Each successive
action is controlled by interpreting qualitative changes
in force feedback within the current context. For ex-
ample, identifying force contact can be done by sim-
ply noting a significant change in tension on any hand
joint, regardless of the particular hand or task config-
uration. To determine what event is associated with a
qualitative change in force, whether it be from grasping
the spatula, placing it in the pan or sliding it under the
egg, the controller can refer to the current context. In
deterministic sequential tasks, this context is implicit
in the control program. This approach has parallels
with the behavioral approach of [Salganicoff & Bajcsy
1991] but relies on local feedback.

Spatial binding

A spatial binding defines a relative coordinate frame
for successive perceptual and motor behaviors. Deic-
tic bindings avoid world-centered geometry that varies
with robot movement. For fixation the reference is
gaze-centered. To open a door, for instance, looking at
the doorknob defines a relative servo target. [Crisman
& Cleary 1994] demonstrate the computational advan-
tage of target-centered frames for mobile robot navi-
gation.

1292 Robotics

Pointing and preshaping the hand create hand-
centered spatial frames. Pointing defines a relative
axis for subsequent motion. In the case of preshaping,
the relative frame attaches within the opposition space
[Arbib, Iberall, & Lyons 1985] of the fingers. With
adequate dexterity and compliance, simply flexing the
fingers toward the origin of that frame coupled with a
force control loop suffices to form a stable grasp. Since
the motor action is bound to the local context, the
same grasping action can be applied to different ob-
jects, a spatula, a mug, a doorknob, by changing the
preshape.

A teleassisted control strategy

In teleassistance, the operator, wearing a master de-
vice, guides the robot with natural gestures that cor-
respond to the task at hand. These gestures form
a sign language. The signs are deictic in that they
define a spatial and temporal context for subsequent
robot behaviors. A sign is recognized by monitoring
the operator’s finger positions and matching them to
stored models. On recognition of a hand sign, the
controller calls the servo behaviors, with the current
spatial context as a parameter. In this way, a per-
son motions the robot through a complex and possibly
non-deterministic task.

Each sign can be mapped to a high-level state in
a non-deterministic finite state machine (FSM), as
shown in Figure 1. At top are the deictic states,
marked with dashed lines. From each high-level state,
control is passed to the appropriate low-level servo rou-
tines, shown at bottom, that perform the intended ac-
tion. The two state classes are separated in the figure
for clarity. In practice, all states belong to a single
FSM for the task. The topology encodes the task con-
text.

We will illustrate teleassistance through the task of
opening a door. A simple scheme for door-opening is
to reach for the handle, then grasp and turn it. Under
teleassistance, the task might be performed as follows.
The_operator steers the robot to the door handle by
pointing and shapes the hand and wrist for the handle
type. The robot in turn moves along the given direc-
tion until it bumps into the door, copies the operator’s
hand shape, moves to contact the handle, then grasps
and turns it. These behaviors are described in detail
in the next section.

The non-determinism of the FSM affords the opera-
tor some flexibility. The operator may choose to com-
pose task actions arbitrarily when order is not crucial.
Or the operator may wish to take emergency action
when an error is detected. The FSM topology can be
designed to support such deviations. In our simple ex-
amples, the operator can rest or stop at intermediate
points in the task. It is worth noting that the topology
must be pre-specified for each task and so this flexibil-
ity is restricted.
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Figure 1: A FSM for opening a door. The flow of control
among high-level states is shown at top. Each deictic ges-
ture, marked with a dashed line, defines a relative coordi-
nate frame and a task context (REACH, GRASP, TURN).
From a deictic state, control is passed to appropriate low-
level robot behaviors that perform the sub-task (shown at
bottom). Each low-level action moves within its relative
frame, servoing on guard conditions such as force contact.

Example: Opening a door

To illustrate the two-tiered control strategy, a robot
manipulator opens a small door equipped with a lever
handle. The door is placed arbitrarily within the work-
ing space of the hand. Each high-level deictic routine,
ties a temporal context (REACH, GRASP, TURN)
and a relative coordinate frame to subsequent low-
level actions. In this example, all coordinate frames
are hand-centered.

The low-level servo routines are a sequence of
guarded moves. The direction of each move (of the fin-
gers and/or the arm) is implicit in the context of the
task and is made relative to the current frame. Feed-
back consists of finger position error, i.e., the difference
between the actual and commanded finger joint angles.

A change in the position error is interpreted within the
current context of REACHING, GRASPING, etc., to

control the action appropriately. Each routine is de-
scribed in greater detail below.

Lab Setup

Hardware The manipulator is a sixteen degree-of-
freedom Utah/MIT hand mounted on a six degree-of-
freedom PUMA 760 arm. The hand has four fingers
with four joints apiece. A pair of pneumatically driven
agonist-antagonist tendons actuates each joint. Hall
effect sensors monitor each joint angle. The hand is
both dexterous and compliant so its control strategy
can ignore many inessential variations in the task con-
figuration, such as the precise shape and orientation of
a door handle [Pook & Ballard 1992].

The teleoperator wears an EXOS Dexterous Hand
Master (TM) that measures four joint angles on each
of four fingers. Additionally, an Ascension Bird (TM)
polhemus sensor mounted on the back of the teleoper-
ator’s hand measures the position and orientation of
the operator’s arm and wrist in lab coordinates.

Coordinate frame mapping The teleoperator and
the robot each have their own relative coordinate sys-
tems with a mapping between them. For arm motion,
only the orientation of the teleoperator’s polhemus sen-
sor is mapped to the corresponding robot frame. For
finger motion, only the joint angles are mapped. In
either case, translation is ignored.

The sign language The sign language for this task
consists of six signs: point, preshape, rest, emergency
stop, speedup, and slow down. Previously, we empiri-
cally derived a range of permissible joint angles for the
operator’s hand and arm for each sign. To recognize
a sign on-line, the program monitors the joint angles
on the EXOS and polhemus devices and identifies a
match when it occurs. We are currently working on
learning new signs automatically, rather than through
empirical determination. See the last section, Future
Work, for details.

The program

REACHING for the door. The teleoperator com-
mences action by pointing the robot arm toward the
door, as shown in the upper left of Figure 2. This
provides a temporal launching point for the program
and defines a spatial coordinate frame centered on the
back of the robot hand. While the operator points,
the PUMA moves in the direction of the pointing axis,
independently of world coordinates. Thus the robot
reach is made relative to a deictic axis which the tele-
operator can easily adjust.

The autonomous move monitors the guard condition
of a change in position error on any of the Utah/MIT
finger joints. In the context of REACHING, the change
in robot finger position is interpreted as contact with
a non-compliant surface and the reach halts and backs
off a small distance from the point of contact. So, when
the hand bumps into the door, the arm stops.
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Figure 2: At top are the teleoperator reference poses to REACH, GRASP and TURN the door handle. For illustrative
purposes both a lever and a knob are shown, although only the lever is used. Snapshots of subsequent robot behavior are
shown at bottom. In REACHING, the context of a pointing index finger signifies that only the x-direction of the polhemus
sensor is important. In GRASPING the overall shape of the three fingers and the thumb define a preshape for the particular
handle. In TURNING, the grasp shape reveals the handle type and, by extension, its pivot point. Notably, the robot hand
itself could provide the deictic reference for TURNING, by noting its current pose.

The FSM has self-loops in each deictic behavior so
that the operator can successively point in new direc-
tions to accurately place the robot hand. In a typi-
cal trial, the operator points the robot arm toward the
door. When the robot reaches the door by sensing con-
tact, the operator repeatedly points anew to position
the hand over the door handle. Each movement halts
when the operator changes the pointing axis, stops
pointing, or the hand detects contact. A new point-
ing axis initiates a new movement. When satisfied,
the teleoperator adopts a grasp preshape. The FSM
recognizes the new sign and shifts context to that of
GRASPING.

GRASPING the door handle. A grasp preshape
defines a new spatial frame centered on the palm of
the hand. The robot mimics the preshape using a lin-
ear, joint to joint mapping between the EXOS and the
robot hand [Speeter 1993]. The middle column of Fig-
ure 2 shows the preshape for turning the door lever.
Subsequent servo routines find the handle and grasp
it.

In the new spatial context, the negative Z-axis points
out of the palm. To find the handle, the robot hand
moves along this axis until it senses contact. The ad-
vantage of a deictic framework can be seen by compar-
ing this action for different door handles. For the door
lever, the hand-centered Z-axis points downward. For
a knob, the Z-axis is horizontal. The move is indepen-
dent of world coordinates, however, because it is made

1294 Robotics

relative to the hand frame.

A change in position error, resulting from contact
with the doorhandle, stops the motion.! In either case,
the controller interprets the error as contact and so,
within the current context, proceeds to grasp.

To grasp the door handle, the robot flexes the finger
joints until they are all either fully flexed or maintain-
ing a position error. The preshape set the fingers in
opposition to one another as needed to grasp the par-
ticular door handle. Because the grasp is performed
within the context of that preshape this strategy ap-
plies to either door handle.

TURNING the handle. The robot pose (or the
human preshape) defines whether the context is one
of grasping a knob or a lever. The rightmost column
of Figure 2 shows the hand grasping the door knob.
In this case the pivot point of the handle is set to the
center of the palm (i.e., the origin of the current deictic
frame). If the hand shape corresponds to a wrap grasp,
then the pivot is about a point alongside the grip, i.e.,
offset along the current Y-axis which corresponds to
the axis of the lever. A new spatial frame is attached
to the pivot point and the arm rotates about the new Z-
axis. Such a rotation is much simpler than computing
an equivalent trajectory in lab space.

!The hand must be positioned fairly accurately over the
lever, such that one or more of the finger links makes con-
tact with it. A better solution is to have a contact sensor
on the palm or a force sensor in the wrist.



The arm continues its rotation until a position error
is sensed. In this context, the controller interprets the
error to mean the handle’s mechanical stop has been
reached.

Results

Four different operators each performed ten trials of
the task under teleoperation control and ten trials un-
der teleassistance. For each controller, the operators
trained until they were comfortable: 10 to 15 minutes
for teleoperation and 2 to 10 minutes for teleassistance.
Twice during each 10-trial set, the door was moved to a
new position selected arbitrarily within the workspace.

The results are shown in Table 1, along with the
results of a completely autonomous controller. Teleas-
sistance required about the same amount of time as the
autonomous controller, and both are, on average, 33%
faster than teleoperation. The time is occupied dif-
ferently by each controller, however. 60% of the time
spent under teleassistance is in fact under autonomous
control. Thus, the operator actually spent only 8 sec-
onds, on average, controlling the robot via hand signs.
The teleoperator, in contrast, spent more than treble
the time (29 sec.) in literal master-slave control of the
robot.

The teleoperator, however, is able to avoid failures
that other two controllers cannot. In the case of teleas-
sistance, all failures were due to not turning the door
handle far enough to free the catch. The servo con-
troller did not detect the mechanical stop correctly.
The autonomnous controller failed due to its reliance
on hard-coded position information. Thus, changing
the doors position twice during the trials resulted in
the controller failing (not finding the door or the han-
dle) two-thirds of the time. This figure is not general-
izable as it depends entirely on the degree of certainty
in the task. In a structured, static environment, the
autonomous controller would work very well. In an un-
structured world, however, teleassistance is preferable.

Conclusion and related work

The idea of combining traditional teleoperation and
autonomous servo controllers has been suggested in
various forms by several researchers. [Sayers, Paul, &
Mintz 1992] at the University of Pennsylvania Grasp
Lab allows the teleoperator to select among a menu of
geometric targets. The teleoperation apparatus (the
master) is then constrained to motions along the se-
lected geometry. [Yokohoji et al. 1993] suggest build-
ing a manual control box which the teleoperator can
pre-set to a desired strategy as needed: full teleop-
eration, full autonomy, or one of two combinations .
[Kuniyoshi, Inaba, & Inoue 1992], [Ikeuchi & Suehiro
1992), and [Kang & Ikeuchi 1994] visually recognize
teleoperator motions to guide the robot.

Our approach is to make the transfer of control be-
tween teleoperator and robot implicit in the context
of the task. A task specific FSM encodes the context

in its topology. The teleoperator, rather than being
responsible for direct control of the robot, guides the
robot with gestures and supplies the spatial and tem-
poral frameworks in which to situate the autonomous
servo behaviors?. The behavior can then operate in
a relativistic constrained domain and perform with
computational efficiency. This method of providing
for local interpretation of feedback compares with the
qualitative vision strategies made possible with gaze
control vision systems [Ballard 1991][Ballard & Brown
1992] . Given the task context, these methods can rely
on a very sparse model of the world. Such strategies
are common to animal systems [Bower 1982][Twitchell
1970] but are a notable departure from traditional
robot control schema that rely on precise force and
position models.

Future work: acquiring and recognizing
new hand signs

The transfer of control between high and low-level be-
haviors, implicit in the task, requires explicit recogni-
tion of the sign language used by the operator. Cur-
rently, we provide an a prior: empirical model of each
hand sign. This method has at least two drawbacks.
One is that the models must be robust to different
operators and to the non-linearities of the EXOS de-
vice. We have handled this by defining the models
quite loosely. However, as more signs are added to the
lexicon, overlap will occur and ambiguity will arise.
A more accurate, but still robust, method is needed.
Secondly, it would be useful to learn signs dynamically,
allowing for operator preference.

Earlier studies suggest a remedy to these drawbacks.
These studies demonstrate the ability to learn and rec-
ognize manipulation primitives from temporal features
in the robot state [Pook & Ballard 1993]. (see also
[Hannaford & Lee 1991]). In this experiment, sev-
eral teleoperators performed samples of each primi-
tive while we recorded the finger joint tensions and
velocities. By applying Learning Vector Quantization
(LVQ) [Kohonen 1990] to these recordings we could
create canonical patterns for each primitive. Using
these learned patterns we could segment a compound
manipulation task, flipping an egg, into its recogniz-
able primitives, although with numerous errors. How-
ever these errors, in the form of ambiguities and spuri-
ous misclassifications, could be eliminated by perform-
ing the segmentation within the context of the task.
The context was encoded in the topology of a hidden
markov model (HMM), just as the context of opening
a door is encoded in an FSM. An HMM is a probabilis-
tic finite state machine that models a markov process;
i.e., it accommodates natural variation and is sensitive
only to the current state[see Rabiner & Juang 1986].

2If other deictic inputs are available, such as a com-

puter vision system with gaze control, they could replace
the teleoperator where desired.
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Avg. Time | Mean Time % Time under Failure
Controller (sec.) (sec.) Onperator control | Auto control Rate
OnroL.er \S€eC.) \ - Tperator comire. | fsrute comrel nate
Teleoperation 29 24.5 100% 0% 0%
Teleassistance 20 19.0 40% 60% 13%
Autonomy 20 20.0 0% 100% 66%*
E3 + +

sS€€ vexvu

Table 1: Results for the task of opening a door under the three controllers.

The probabilistic contextual constraint provided by the
HMM makes matching considerably easier.

This method of pattern-matching within a known
context was robust to the vagaries of different opera-
tors and changes in the task configuration. We are now
investigating the use of this method to dynamically and
automatically learn the deictic sign language. Prelim-
inary results are promising and address the drawbacks
of our present empirical scheme.
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