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Abstract

Many physical actions, such as pulling out a drawer or wiping a table may be mod-
eled as geometric constraints. Geometric constraints restrict the motion of objects
and generate reaction forces and moments when objects interact with them. Prior
knowledge of the constraint is vital for robots to manipulate these constrained ob-
jects robustly. This dissertation focuses on methods to infer geometric constraints in
human demonstrations by using both pose and wrench measurements. Specifically,
it describes how wrench measurements can improve overall constraint inference.

The developed constraint inference approach addresses three problems: model
selection (what the constraint type is), model regression (what the model param-
eters are) and demonstration segmentation (where they occur). It fits arbitrary
scleronomic constraint models (constraints that impose restrictions on position
and orientation independent of time) to kinematic and wrench measurements. It
performs model selection by comparing models using position, orientation, force,
and moment error metrics.

The constraint inference approach was evaluated using data from human par-
ticipants performing tasks consisting of constraints. Experimental results conclude
that wrench measurements improve both regression and model selection when
compared to competing kinematic approaches. Wrench measurements help in
situations where kinematic information is insufficient to determine the constraint,
allowing constraint inference in short human demonstrations, typical in real tasks.

The inferred constraint geometry translate to constraint frames that are useful
for robot control. Constraint frames map to hybrid position-force control param-
eters that enable robust robot interaction with the constraint. A proof of concept
teaching by demonstration system called Robust Replay validates the utility of the
constraint inference approach. Robust Replay converts a single human demonstra-
tion consisting of constraints into a robot program which is robust to deviations in
the known geometry of the physical constraint. The approach decomposes a task
into subtasks, identifies geometric constraints within those subtasks, and maps
each subtask to an appropriate hybrid control description.
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1 Introduction

Physical constraints are commonplace. Opening a door, erasing a whiteboard,
drawing on paper, manipulating levers on a lathe, turning a steering wheel in a
car, are just a few instances of the many different physical interactions that can
be represented as physical constraints. Physical constraints impose restrictions
on the motion of objects in the environment. They permit application of forces
against the physical constraint while preventing motion of the constrained object.
Representing physical interactions as physical constraints provide information
about the permissible motion of the object in the environment and the permissible
directions forces and moments may be applied to them.

Many of these physical constraints can be abstracted with geometric representa-
tions. For example, the motion of an iron against an ironing table can be interpreted
as planar motion represented by a plane. The position of the iron is restricted to
the plane of the table and the orientation of the iron is restricted to rotations in the
plane of the table. Multiple physical constraints can map to the same geometric
representation. For example, hinged objects such as a steering wheel or a cabinet
door can all be abstracted to rotation about a fixed axis.

Figure 1.1: Common physical constraints we interact with every day. A physical
constraint restricts motion in certain directions. A whiteboard eraser is restricted
to move in the plane of the board. A door handle is restricted to rotating about an
axis. A drawer is restricted to translate in one direction.
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Figure 1.2: Glass panel wiping task.

Articulated robot arms are fre-
quently required to interact with these
physical constraints. When a robot arm
interacts with a constrained object, the
end effector may also be restricted by
the constraint. Figure 1.2 shows a robot
interacting with a glass panel. The end
effector of the robot is restricted to the
planar surface of the glass panel. The
robot must push against the panel with
sufficient force to successfully wipe the
panel without shattering it. It must also
move against the panel safely without
violating the constraint where violation
would result in either the robot pene-
trating the glass or losing contact.

Information pertaining to the phys-
ical constraint enables robust robot in-
teraction with the constraint. When a robot interacts with a constraint, it creates a
closed kinematic chain. If the constraint is known, the robot can restrict its joints
to permissible configurations, so it does not violate this closed kinematic chain. It
can also apply safe levels of force against the constraint to achieve the appropriate
task-specific interaction. With regards to robot control, it allows the selection of an
appropriate control approach necessary to interact with the constraint (33; 57). This
allows position control along unconstrained directions and applying force control
along constrained directions. Knowledge of the constraint also enables planning
robot motion along the constraint (7; 26; 66).

Information about the constraint such as constraint geometry is typically speci-
fied manually. In existing systems, a teach pendant interface is used to specify the
appropriate controller necessary to interact with the constraint. Such specification
requires training, and novice users may not have the skills required to program a
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robot using hybrid control. It may also require speci�cation of geometric primitives

that may not be easily determined. For example, consider the task of wiping a table.

If the table is oblique, it may be di�cult to precisely determine the orientation of the

plane necessary to program the robot to push against the plane. In some tasks, the

required trajectory against the constraint is important and in such circumstances,

this method is cumbersome to use because it does not facilitate the natural transfer

of motion (8; 59; 73).

This suggests that there is a need to create better input method that facilitates

the programming of constraint interactions. One approach is to use a human demon-

stration to record a constraint interaction ( 3). Demonstrations have been an e�ective

way for humans to communicate tasks. A person can observe the performed task,

deduce the important aspects of the task, and learn the operations that must be

performed to complete the task. Along the same lines, a human demonstration can

also be used to describe a task containing a constraint to a robot.

Human demonstrations can be recorded using di�erent types of input. The input

method and type of physical measurements have a large in�uence on the ability to

either recognize or infer an action ( 35) and in turn, constraints in a demonstration.

Actions may be recognized from images or video to create robot programs using

task-level planners (19; 74; 55). Geometric constraints can also be inferred from raw

video. In ( 67), the motion of the �at surface of a door is inferred and converted to a

trajectory which is used to determine revolute motion.

Interaction with physical constraints naturally generate forces and moments and

are a composition of both kinematic trajectories and applied forces and moments. As

humans, we regularly use tactile feedback and proprioception to recognize actions,

so it lends to the idea of using forces and moments for action recognition too.

Recording kinematic trajectories and applied forces and moments when interacting

with constraints may provide su�cient information to infer constraints and program

them for robot motion. Figure 1.3 shows a human demonstration and associated

kinematic, force, and moment trajectories recorded in the demonstration.

Typically, a constraint interaction is part of a task. Consider the task of mi-

crowaving a dish. The task may consist of grasping the dish and moving it into
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Figure 1.3: Human demonstration and corresponding kinematic, force and moment
trajectories.

the microwave as well as the constraint interaction of closing the microwave door.

The constraint interaction of closing the microwave doorshould be inferred from the

demonstration. This involves segmenting the demonstration to determine when

the constraint interaction occurs in the demonstration as well as determining the

constraint type and its geometric parameters.

The representation of the inferred constraint is important for robot control. The

constraint model must communicate su�cient information about the constraint so

a robot can interact with the constraint appropriately. In the microwave example,

the constraint is an axial rotation constraint(i.e., motion can only be about an axis

of rotation). The inferred constraint model must inform the robot that it can only

rotate the microwave door about the axis but cannot move it in other directions

restricting its motion to 1 degree of freedom.

Inferring the constraint from a single demonstration of the task avoids the

demonstrator from repeating the demonstration, thereby saving the demonstrator

time and e�ort. A long task may consist of a short but important constraint inter-

action, and the demonstrator may not want to provide multiple demonstrations.

Constraint interactions are frequently of short duration when they are performed in

the context of the task. Therefore it is necessary that constraint inference methods

are capable of inferring the constraint with as little information as possible. Fig. 1.4
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