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Abstract

As AT has begun to reach out beyond its symbolic, objectivist roots
into the embodied, experientialist realm, many projects are exploring
different aspects of creating machines which interact with and respond
to the world as humans do. Techniques for visual processing, object
recognition, emotional response, gesture production and recognition,
etc., are necessary components of a complete humanoid robot. How-
ever, most projects invariably concentrate on developing a few of these
individual components, neglecting the issue of how all of these pieces
would eventually fit together.

The focus of the work in this dissertation is on creating a frame-
work into which such specific competencies can be embedded, in a way
that they can interact with each other and build layers of new func-
tionality. To be of any practical value, such a framework must satisfy
the real-world constraints of functioning in real-time with noisy sensors
and actuators. The humanoid robot Cog provides an unapologetically
adequate platform from which to take on such a challenge.

This work makes three contributions to embodied Al First, it offers
a general-purpose architecture for developing behavior-based systems
distributed over networks of PC’s. Second, it provides a motor-control
system that simulates several biological features which impact the de-
velopment of motor behavior. Third, it develops a framework for a




system which enables a robot to learn new behaviors via interacting
with itself and the outside world. A few basic functional modules are
built into this framework, enough to demonstrate the robot learning
some very simple behaviors taught by a human trainer.

A primary motivation for this project is the notion that it is prac-
tically impossible to build an “intelligent” machine unless it is designed
partly to build itself. This work is a proof-of-concept of such an ap-
proach to integrating multiple perceptual and motor systems into a
complete learning agent.

Thesis Supervisor: Rodney Brooks
Title: Professor of Computer Science and Engineering
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Chapter 1

Looking Forward

This thesis work began with some grand goals in mind. I’'m sure this is
typical of the beginnings of many thesis projects, but it is all the more
unremarkable considering that this work is part of the Cog Project. The
original visions behind the Cog Project were to build a “robot baby”,
which could interact with people and objects, imitate the motions of
its teachers, and even communicate with hand gestures and winks and
nods. Cog was to slowly develop more and more advanced faculties
over time, via both learning and the steady addition of more complex
code and hardware.

My own pet goal was to end up with a robot which I could success-
fully teach to fry me a batch of pancakes. I was happy to settle for
starting with a box of Just Add Water! mix and a rectangular electric
griddle. (And a spatula bolted to the end of one of Cog’s paddles.)
There is no sarcasm intended here. This is a task which is quite easily
performed by children. One could also quite easily design a machine
specialized to perform precisely that task, using technology from even
fifty years ago. However, to build a machine which learns to perform
that task, using tools made for humans, is — still — no easy feat.

I would venture to say that none of the grandest goals of the Cog
Project came to fruition, mine included. Cog is not yet able to learn to
do a real, humanly-simple task. However, I was able to achieve some
of my more humble and specific goals:

e Create a learning system in which actions and states are learned
or learnable entities, not hard-coded primitives.

e Use a real robot, physically interacting with real people.

e Teach the robot to do something.
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Figure 1.1: Grand overview of the components of this thesis work. sok
(Chapter 2) is the process control and message-passing glue with which
everything else is written. meso (Chapter 3) is a biologically-motivated
motor control layer implementing virtual muscles. meso is grounded
in the physical hardware, as are the vision system, tactile sense, and
rudimentary emotional system (Chapters 4 & 5). pamet (Chapters 5, 3,
& T) is the “smarts” of the system, creating models of the interactions
of the other subsystems in order to learn simple behaviors.

e Design a system which is capable of long-term, continuous oper-
ation, both tended and untended.

This dissertation describes these goals and constraints, and the result-
ing system implemented on Cog.

A grand overview of the system is given in Figure 1.1. The worlk
comprises three significant components. The first is sok (Chapter 2),
an interprocess communication (IPC) and process control architecture.
sok is specifically adapted to the QNX real-time operating system, bu:
could be ported to other POSIX-based OS’s. It is a general-purpose
tool useful for anyone building a behavior-based system distributecl
over a network of processors. The second piece is meso (Chapter 3), &
biologically-inspired motor control system which incorporates the no-
tion of “virtual muscles”. Although tuned for Cog, it provides a quite

20




general system for controlling a robot composed of torque-controlled
actuators. The third and final piece, built upon the first two, is pamet
(Chapters 5-7). pamet is a framework for designing an intelligent robot
which can learn by self-exploration and by interacting with human
teachers. It is by no means a complete system; it is missing several
important elements, but the structure necessary for adding those ele-
ments is in place. As it stands, it is capable of being taught a simple
class of actions by a human teacher and learning to perform those ac-
tions in response to a simple class of stimuli. Learning systems always
live at the mercy of the sensory and motor systems they are built upon,
and the sensory systems used here are quite basic. Chapter 7 discusses
what Cog and pamet can currently do and explores what elements they
would require to do more.

1.1 The Platform: Cog

As alluded to already, the robot platform used in this project is Cog
(Figure 1.2). This is an anthropomorphic robot, with a design which
captures significant features of the human body from the waist up.
Cog’s hips are a large, two degree-of-freedom (dof) gimble joint; the
torso has a third dof in the rotation of the shoulder yoke. Cog has two
arms, each with six degrees of freedom — three in the shoulder, one in
the elbow, and two in the wrist. (The human wrist has three.) The
left arm ends in a simple paddle, but the right arm is outfitted with
a 2-dof hand with tactile sensors. Atop the shoulder yoke is a 7-dof
head, which includes two eyes consisting of two video cameras apiece.
The actuators used in the torso and arms are described in Chapter 3,
and the hand and head are described in greater detail in Chapter 4.
At various times, microphones have been mounted around the head to
provide auditory input, but none are used in this project. The entire
robot is bolted to a sturdy steel base so that it stands at average human
eye-level. Cog is not a particularly “mobile” robot; the base stays where
it is.

All the processing for Cog is performed off-board, by racks of 28 x86
architecture processors running the QNX4 operating system. These
nodes are networked together via 100baseT 100Mb/s ethernet. All
nodes are connected to one another via a locally-switched backbone
hub. Many nodes with large data throughput requirements (such as
those handling video data) are also connected to each other directly
via full-duplex point-to-point 100baseT connections. The processor
speeds range from 200 to 800 MHz, and each node hosts 128 to 512
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Figure 1.2: Cog is a humanoid robotics platform. It has a total of 24
degrees of freedom: 3 in the torso, 6 in each arm, 2 in the hand, and
7 in the head. The torso and arms feature torque-controlled actuators;
the head/eyes are under conventional position control. Four cameras
provide stereoscopic vision at two different resolutions and fields-of-
view. The hand is equipped with tactile sensors. All processing and
control is done off-board, on an expandable network of twenty-eight
off-the-shelf x86 processors.




MB of RAM. About half of the nodes are dedicated to specific sensory
or motor I/O tasks.

1.2 A Philosophy of Interaction

This project is motivated by the idea that perception is meaningless
without action. The semantic content of a sensory experience is grounded
in an organism’s ability to affect its environment and in its need to de-
cide what effect to produce. The meaning of what we see and hear and
feel comes from what we can do about it.

A disembodied perceptual system cannot assign much intrinsic value
to the information it processes. When a face detection algorithm draws
bounding boxes around faces in a scene displayed on a computer screen,
the meaning of those boxes typically arises from their observation by a
human, to whom a “face” has meaning because it is attached to a large
repertoire of social cues, interactions, desires, and memories.

The layers upon layers of interwoven concepts constituting intel-
ligence are rooted in primitives that correspond to simple, direct in-
teractions between motor systems and sensory systems, coupled either
internally or through the environment. It is the interactions between
these systems, and the patterns discovered among these interactions,
which are the basis of thought.

Experience and Metaphor

In Metaphors We Live By [30], George Lakoff and Mark Johnson ex-
plore a philosophy of meaning and understanding which revolves around
the pervasive use of metaphor in everyday life. Metaphors, they claim,
are not simply poetic linguistic constructs:

The most important claim we have made so far is that
metaphor is not just a matter of language, that is, of mere
words. We shall argue that, on the contrary, human thought
processes are largely metaphorical. [p. 6]

Linguistic metaphors are expressions which describe one entity or con-
cept as being another, drawing on structural parallels between the two:
e.g. “Time is Money”. Time and money are not literally one and the
same, however we treat the abstract Time in many of the same ways
we treat the more physical Money; they are subject to similar pro-
cesses in our culture. We quantify Time, treating it as a commodity,
which is valuable and often scarce. Time can be spent, wasted, given,
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received — even invested. In a literal sense, we can do none of these
things with ephemeral Time. Nonetheless, this metaphor permeates
our daily interaction with Time; we treat Time as an entity capable of
such interactions.

Lakoff and Johnson reject the objectivist philosophy that meaning
is wholly reducible to propositional forms which are independent of the
agent doing the understanding. Thought, at all levels, is structured by
the interrelations of a great number of metaphors (if enumerable at all)
derived from cultural, physical, and emotional experience.

The “Time is Money” metaphor is cultural and largely tied to post-
Industrial Revolution western culture. In the later The Body in the
Mind [27], Johnson focuses on metaphorical structures which are the
result of the basic human physical form — and are thus (more or less)
universally experienced by all humans. These simple structures, which
he terms image schemata, become the basic elements out of which the
more abstract metaphors eventually form. As he describes them:

A schema is a recurrent pattern, shape, and regularity in, or
of, these ongoing ordering activities. These patterns emerge
as meaningful structures for us chiefly at the level of our
bodily movements through space, our manipulation of ob-
jects, and our perceptual interactions.... [p. 29]

...[schemata] are not just templates for conceptualizing
past experiences; some schemata are plans of a sort for in-
teracting with objects and persons.... [p. 20]

Examples are the CONTAINER and related IN-oUT schemata (Figure 1.3).
These schemata are manifest in many physical acts, such as “Lou got
out of the car” or “Kate squeezed out some toothpaste.” However, they
also apply to non-physical acts, such as “Donald left out some impor-
tant facts” or “June got out of doing the dishes.”

Johnson goes so far as to explain formal logic itself in terms of the
CONTAINER schema [27, p. 38]. The requirement that a proposition P
be either true or false is the analog of the requirement that an object
is either inside a container or outside the container. Transitivity is
explained in the same way as a marble and a sack: if a marble is
contained in a red sack, and the red sack is contained in a blue sack,
then the marble is also contained in the blue sack. Negation, too: just
as P is related to the objects contained in some box, =P is equivalent
to the objects outside of the box. In Johnson’s view, abstract logical
reasoning does not exist in some absolute objective sense; rather, it is
derived from physical experience with containment:
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CONTAINER IN-OUT

Figure 1.3: Two of Johnson’s image schemata. The CONTAINER schema
captures the various notions of containment, of something held with
something else, of something comprising a part of something else. The
IN-OUT schema captures the action of something leaving or entering a
container. These schemata apply to physical events (“George put his
toys in the box.”) as well as abstract events (“Emil went out of his
mind.”).

Since we are animals, it is only natural that our inferential
patterns would emerge from our activities at the embodied
level. [p.40]

Johnson produces a “highly-selective” list of 27 schemata (Table 1.1).
Some (NEAR-FAR) are topological in nature, describing static relation-
ships. Many (BLOCKAGE, COUNTERFORCE) are force gestalts, describ-
ing dynamic interactions. While not an exhaustive list, these schemata
are pervasive in everyday understanding of the world. These schemata
are not just tied to physical interactions, either; they also cross-correlated
with recurrent emotional patterns and physiological patterns.

Philosophers and Auto Mechanics

The Cog Project was born out of these ideas [8, 12]. If even our most
abstract thoughts are a product of metaphors and schemata which
are themselves grounded in our bodies’ physical interaction with the
world, then human intelligence is inseparable from the human condi-
tion. Therefore, if we want to construct a machine with a human-like
mind, that machine must also have a human-like body, so that it too
can participate in human-like experiences.

The entire philosophical debate between objectivism, cognitivism,
phenomenology, experientialism, etc., is just that, debatable. Maybe
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CONTAINER BALANCE COMPULSION
BLOCKAGE COUNTERFORCE RESTRAINT REMOVAL

ENABLEMENT ATTRACTION MASS-COUNT
PATH LINK CENTER-PERIPHERY
CYCLE NEAR-FAR SCALE

PART-WHOLE  MERGING SPLITTING

FULL-EMPTY MATCHING SUPERIMPOSITION
ITERATION CONTACT PROCESS
SURFACE OBJECT COLLECTION

Table 1.1: The twenty-seven “most important” image schemata listed
by Johnson [27, p. 126].

reality can be reduced to a set of symbolic manipulations, maybe nct.
As roboticists however, we must eventually get our feet back on the
ground and go and actually build something. The notion of embod-
ied intelligence suggests an approach to the task worthy of exploration.
We should build robots capable of physically interacting with the wor!d
(including people) in basic human-like ways. We should try to design
these robots such that they can learn simple image-schema-like rela-
tionships via such interactions. We should work on mechanisms for
connecting such relationships together, for creating more abstract lay-
ers woven from the same patterns. Perhaps we will then end up with
not only a machine capable of some abstract thought, but a machine
which shares enough experience with its creators that its thoughts are
compatible with ours and communicable to us.

Even if philosophers eventually conclude that a complete shared ex-
perience is not a formal requirement for a human-like thinking machine,
the approach has practical merit. For example, eyes are certainly no
prerequisite for human thought — a congenitally blind person can be
just as brilliant as a person with 20/20 vision. But, perhaps mecha-
nisms which co-evolved with our sense of sight contribute to the greater
mental process; if we force ourselves to solve problems in implementing
human visual behavior, we might happen to discover those mechanismi
as well.

This brings up a host of other questions: Have our brains evolved to
accommodate any metaphors, or a particular limited set? What types
of models underlie such metaphors, and which should we build? How
much are the metaphors we develop an artifact of whatever brain/body
combination we happen to have? (Visually, with our coordinated stereo-
scopic eyes and foveated retinas, we only focus on one thing at a time.
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What if we were wired-up like chameleons, with eyes which could be
controlled completely independently? Would we have expressions like
“I can only focus on two things at a time, you know!”)

1.3 Related Work

Many projects have taken these philosophies to heart to some de-
gree. The entire subfield of “embodied AI”, in contrast to the symbol-
crunching “Good Old Fashioned AI”| is driven onward by replacing
cognitivism with experientialism. This section describes a represen-
tative sample of projects which explore some aspect of knowledge as
interaction. Each of these projects shaped my own work in some way
because they contained ideas which either appealed to me or unnerved
me and thus provided vectors along which to push my research.

1.3.1 Drescher’s Schema Mechanism

Drescher [16] presents a learning system in which a simulated “robot”
learns progressively more abstract relations by exploring and interact-
ing with objects in its grid-world. This system is presented as an imple-

mentation of the earliest stages of Piaget’s model of human cognitive
development [40], namely the sensorimotor stage, in which an agent
discovers the basic elements of how it interacts with the world.

This schema mechanism comprises three basic entities: items, ac-
tions, and schemas (Figure 1.4). Items are binary state variables, which
can be on or off as well as unknown. Actions correspond to a monolithic
operation. Schemas are predictive or descriptive rules which specify the
resulting state of a set of items after executing a particular action, given
a particular context (specified by the states of another set of items).
The system is created with a number of primitive items and actions,
which are derived from the basic sensory and motor facilities built into
the simulation. The goal of the system is to develop schemas which
describe the relations between the items and actions and to develop a
hierarchy of new items and actions based on the schemas.

Every action is automatically assigned a blank schema, with no
items in its context or its result. In Drescher’s notation, such a schema
for action @ is written “—/@Q/—" . Whenever the action is executed,
the system updates statistics on the before and after states. Eventually,
if the action seems to affect certain state items, a new schema will be
“spun-off” which includes those items in the result slot, e.g. “—/Q/a~b".
This schema predicts that executing @ always leads to a state in which
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Figure 1.4: Drescher’s schema mechanism [16]: A schema (A) is a rule
which specifies the resulting state of some binary items (“z” and “y”)
if an action (“Q”) is performed while the system’s initial state satisfies
some context (“a”, “b”, and “not ¢”). A schema maintains statistics
on all other (“extended”) context and result states as well, which are
used to decide to “spin-off” new schemata with more specific contex
or results. Composite actions are instantiated as chains of schemas (B
with compatible result and context clauses.




a is on and b is off. Such a schema will be further refined if a particular
context makes it more reliable. This would yield, for example, “de~
f/Q/a~0b", a schema which predicts that, when d and e are on and f
is off, executing @ leads to a being on and b being off.

Composite actions can be created, which refer to chains of schemas
in which the result of the first satisfies the context of the next, and so
on. Executing a composite action amounts to executing each subaction
in sequence. Synthetic items can also be created. Instead of being tied
to some state in the world simulation, each synthetic item is tied to a
base schema. The item is a statistical construct which represents the
conditions that make its basic schema reliable.

These two methods for abstraction give the schema system a way
to represent concepts beyond raw sensor and motor activity. Drescher
gives the example that a schema that says “moving to (X,Y) results
in a touch sensation” effectively defines the item of state “tactile object
at position (X,Y)”. For that schema to be reliable, that bit of knowl-
edge must be true — so in the schema system, that schema is that
knowledge.

Limitations The concepts espoused in Drescher’s work resonate
strongly with the founding goals of the Cog Project. The schema mech-
anism is, unfortunately, of little practical value in the context of a real-
world robot. However, my own work was greatly influenced by the
desire to address its unrealistic assumptions.

The schema system is essentially a symbolic Al engine. It operates
in a toy grid-world with a small number of binary features. The “robot”
has 10 possible primitive actions: moving its “hand” in 4 directions,
shifting its “glance” in 4 directions, and opening or closing the hand.
The primitive state items correspond to bits for each possible hand
location (in a 3x3 region), each possible glance position, contact of
“objects” with the “body”, each visual location occupied by an object,
etc. — a total of 141 bits. Sensing and actuation are perfect; there is
no noise in any of those bits. Actions are completely serialized, carried
out one-at-a-time and never overlapping or simultaneous. Furthermore,
except for occasional random movement of the two objects in this world,
the world-state is completely deterministic, governed by a small set of
logical rules. The lack of a realistic notion of time and the lack of
any material physics in the grid-world reduces the system to an almost
purely symbolic exercise.

This grid world is very unlike the world inhabited by you or me or
Cog. Cog'’s sensors and actuators are closer to continuous than discrete;
they are certainly not binary. They are also (exceptionally) noisy. Cog
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has mass and inertia and the dynamics that accompany them. And
Cog interacts with very unpredictable people.

In my work, I have made a concerted effort to avoid any grid-
world-like assumptions. The lowest-level primitive actions (roughly, the
movers described in Section 5.3.1) are velocity-based and controlled by
a continuous parameter (well, a float). Sensors provide time-series of
vectors of real numbers, not binary states. Via external reward, the
system distills discrete contexts representing regions of the parameter
spaces of the sensors; the states of these contexts are represented as
probabilities. Real-time is ever present in the system both explicitly
and implicitly.

1.3.2 Billard’s DRAMA

Billard’s DRAMA (Dynamical Recurrent Associative Memory Archi-
tecture) also bills itself as a complete bottom-up learning system. It
[3, p.35]

tries to develop a single control architecture which enables
a robot to learn and act independently of a specific task,
environment or robot used for the implementation.

The core of the system is a recurrent neural network which learns re-
lations between sensor states and motor activity. These relations can
include time delays. Thus, the system can learn a bit more about the
dynamics of the world than Drescher’s schema mechanism.

DRAMA was implemented on mobile robots, both in simulation
and the real world. (Further experiments were also conducted with
a “doll robot” [2].) Two types of experiments were performed. In
the first, a hard-wired “teacher” robot would trundle about a world
populated with colored boxes (and, in simulation, sloped hills). As it
encountered different landmarks, it would emit a preprogrammed radio
signal describing the landmark. A “learner” robot would follow the
teacher, and learn the radio names for landmarks (as it experienced
them via its own sensors). In the second set of experiments, the learner
would follow the teacher through a constrained twisting corridor ancl
learn the time-series of sensory and motor perceptions as it navigatec!
the maze.

The results of experiments were evaluated by inspecting the connec-
tions learned by the DRAMA network and verifying that the expected
associations were made and that the knowledge was “in there”. It is
not clear, however, how that knowledge could later be put to use by
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the robot. (Perhaps, once the trained learner robot were let loose, it
would emit the right radio signals at the right landmarks?)

The fact that this system was implemented on real robots is signifi-
cant, because it demonstrates that DRAMA could function with noisy
sensing and actuation. The sensor and motor encodings are still overly
simple, however. The robots have two motors each, controlled by a
total of six bits (three per motor, corresponding to on/off, direction,
and full/half speed settings). Each robot has five or six sensors each,
totalling 26 bits of state. However, the encodings are unary. For single-
bit sensors, like bump detectors, they are simply on/off. For multi-bit
sensors, such as the 8-bit compass, each possible state is represented
by a different bit. (The compass can register one of eight directions;
only one bit is active at any given moment.) Overall, this situation is
not very different from the discrete on/off items of Drescher’s schema
mechanism.

Although DRAMA can learn the time delays between sensor and
motor bit-flips, it has no mechanism for abstraction. DRAMA cannot
condense patterns of activation into new bits of state. The structure of
the network is fixed from start to end.

1.3.3 Pierce’s Map Learning

Pierce [41] created a system in which a simulated mobile robot learns
the physical relationship of its sensors and then learns control laws
which relate the sensors to its actuators. The simulated robot is simply
a two-dimensional point with an orientation, which moves around in a
variety of walled environments with immovable obstacles (e.g. more
walls). The agent is equipped with a ring of 24 distance sensors, a
4-bit /direction compass, and a measurement of “battery voltage”. It
moves via two velocity-controlled actuators in a differential-drive “tank-
style” configuration.
Pierce’s system discovers its abilities in four stages:

1. Model the sensory apparatus.

2. Model the motor apparatus.

3. Generate a set of “local state variables”.
4. Derive control laws using those variables.

In the first stage, the robot moves around its environment randomly.
The sensors are exercised as the robot approaches and leaves the vicin-
ity of walls. The sensors’ receptive fields overlap, and thus the data
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sampled by neighboring sensors is highly correlated. The system uses
that correlation to group sensors together and derive their physical lay-
out. In the second stage, the robot continues to move around randomly.
The distance sensors are constantly measuring the distances to any ob-
stacle in the line of sight — and thus they measure the robot’s relative
velocity with respect to the obstacles. Since the distance sensors ere
in a known configuration, these values give rise to velocity fields, and
applying principle-components analysis to these fields yields a concise
description of the principle ways in which the robot can move. The
third stage amounts to applying a variety of filters to the sensor values
to find combinations which result in constraints on the motion of the
robot. The filtered values are used as new state variables and, finally,
the constraints they impose are turned into control laws for the robct.

This system is intriguing because it uses regularities in the robot’s
interaction with the environment to distill the simple physics of the
robot from a complex array of sensors. And, unlike the previous two
projects, it broaches the confines of binary state and action, using real-
valued sensors and actuators. Furthermore, it does incorporate a notion
of abstraction, in the derivation of the “local state variables”. However,
it depends heavily on many assumptions which are not valid for a hu-
manoid robot.

Pierce makes the claim that his system transcends its implemente-
tion [41, p. 3]:

The learning methods are domain independent in that they
are not based on a particular set of sensors or effectors and
do not make assumptions about the structure or even the
dimensionality of the robot’s environment.

Actually, the methods are completely dependent on the linearity con-
straints imposed by the simulation. His system would not fare so well
discovering the kinematics of a 6-dof arm, in which the relation be-
tween joint space and cartesian space is not translation invariant. The
methods also depend on locality and continuity constraints applied to
the sensors. They work with 24 distance sensors which exhibit a lot
of redundancy and correlation; the methods would not work so well if
there were only four sensors. Furthermore, the sensors and actuators
in Pierce’s simulation are completely free of noise. It is not clear how
robust the system is in the face of imperfect information.
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1.3.4 Metta’s Babybot

Metta’s graduate work [36] revolves around “Babybot”, a humanoid
robot consisting of a 5-dof stereoscopic head and a 6-dof torque-controlled
arm. The robot follows a developmental progression tied extensively to
results in developmental psychology and cognitive science:

1. The robot begins with no motor coordination at all, making a
mixture of random eye movements and arm motions.

. Using visual feedback, it learns to saccade (a one-shot eye move-
ment to focus on a visual stimulus) progressively more accurately
as it practices. The head moves very rarely.

. As saccade performance improves, the head moves more frequently,
and the robot learns to coordinate head and eye movement. The
head is moved to keep the eyes centered “within their sockets”.

. As visual target tracking improves, now that the head can be
controlled, the robot learns to coordinate movement of its arm,
as a visual target.

. Finally, the robot will look at moving targets and reach out its
arm to touch them.

Each stage in the sensorimotor pipeline in this system depends on the
stage before, so a succeeding stage cannot begin learning until the
preceding stage has gained some competence. However, the noisier,
lower-resolution data provided by the preceding stage early in its own
development actually helps the succeeding stage in learning.

Metta’s project culminates in essentially the same demo goal as my
work: to have the robot reach out and touch objects. We have very dif-
ferent approaches, though. Babybot follows a preset, preprogrammed
developmental progression of learning motor control tasks. Its brain
is prewired with all the functions and look-up tables it will ever need,
only they are missing the correct parameters. These parameters are
acquired by hard-coded learning algorithms which are waiting to learn
particular models as soon as the training data is good enough. In my
work, on the other hand, I have tried to avoid as many such assump-
tions about what needs to happen as possible. The goal of my system
is to try to discover where certain models can be learned, and which
models are worth learning.

Both approaches have their places. The tabula rasa makes for a
cruel classroom; no learning is successful without being bootstrapped
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by some initial structure. On the other hand, in a dynamic, complex
world, there is only so much scaffolding that one can build — at some
point a learning agent must be provided with pipes and planks &nd
allowed to continue the construction on its own.

1.3.5 Terence the Terrier

Blumberg et al [5] have created an animated dog, Terence (third in a
distinguished pedigree, following Duncan and Sydney [52]). This crea-
ture, living in a computer graphics world, can be trained to perform
tricks by a human trainer who interacts with it using two rendered
hands (controlled via joystick) and vocal commands (via microphone).
The trainer can reward the dog with a CG treat. Using a clicker train-
ing technique, the trainer clicks (makes a sharp sound with a mechean-
ical clicker) and rewards the dog when it (randomly) performs the de-
sired action. The click tells the dog when the action is complete, and
the dog soon associates the action with receiving reward. The dog
starts performing the action more frequently, and then the trainer re-
wards the dog only when the action is performed in conjunction with
a verbal utterance. The dog then learns to perform the action on cue.
This process is, in a reinforcement-learning-like fashion, a matter of
linking states to actions. However, this dog’s states and actions are not
necessarily discrete and not completely enumerated at the outset.

Terence’s states take the form of binary percepts, composed of in-
dividual model-based recognizers organized in a hierarchical fashion.
As new raw sensory data arrives, it is passed down the percept tree to
more and more specific recognizers, each dealing with a more specific
subset of the data. These models are added to the tree dynamically,
in response to input patterns that are reliably coincident with reward.
Thus, only the regions of the sensory state space which are conducive
to receiving reward are noted.

Terence’s initial action space consists of a collection of short, hand-
picked animation sequences which constitute its behavioral and mo-
tor primitives. These actions are represented as labelled trajectorics
through the pose space of the dog, which is itself a set of snapshots of
the motor state (joint angles and velocities). The poses are organized
in a directed graph which indicates preferential paths for transitioning
from one pose to another. Some of the primitive actions are parameter-
ized (the “shake-paw” amplitude is mentioned). It is further possible to
create new actions (trajectories through the pose space). The percept
tree includes recordings of short sequences of motion; if such a sequence
is reliably rewarded, it is added to the action list. Note, however, that
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all actions, even novel ones, are paths through the nodes of the same
static pose graph.

1.3.6 Previous Work on Cog (and Cousins)

Over the years, Cog has spawned a lot of work on many elements of mo-
tor control, social interaction, and cognitive systems. Matt Williamson
investigated control of the arms with kinematically-coupled non-linear
oscillators [48]. Brian Scassellati explored a theory of body and mind,
resulting in a system which could distinguish animate from inanimate
objects and which could imitate simple gestures [45]. Cynthia Breazeal,
working on Cog’s close relation Kismet, developed a robot with a wide
range of convincing facial and auditory gestures and responses [7]. Al-
though it was only a head, Kismet was quite successful at “engaging”
and shaping the attention of people around it. Bryan Adams devel-
oped a biochemical model for Cog’s motor system [1]. I worked on
using motor knowledge to enhance sensory performance [33, 32].

Until Paul Fitzpatrick’s contemporaneous work on understanding
objects by poking them [18], these projects all sorely lacked a significant
feature: learning of any long-term behaviors. These projects all had
adaptive components, where parameters were adjusted or calibrated as
the robots ran, but the maps or functions learned there were hard-wired
into the system. Scassellati’s imitation system could observe, encode,
and mimic the trajectory of an object, but that knowledge was tran-
sient. The last trajectory would be thrown away as soon as a new one
was observed. Furthermore, that was the system’s sole behavior, to
imitate gestures; there were no mechanisms for deciding to do some-
thing else. Kismet could hold and direct a person’s attention, could
express delight and frustration in response to the moment — but all of
its behavior was a transient dance of hard-coded primitives, respond-
ing to that moment. It attended to people and objects but didn’t learn
anything about them.

That’s where this work comes in: creating a framework which en-
ables Cog to actually learn to do new things, to retain that knowledge,
and to manipulate that knowledge. Unfortunately, this work suffers
from a converse problem: the components built for it so far, and thus
the knowledge it can acquire, are few and simple. In a perfect world
(i.e., if the robot were not quickly sliding into obsolescence) I would
revisit all the previous projects and try to adapt their systems to this
new framework. In doing so, the framework would certainly evolve.
The dream is to reach a point where enough of the right common rep-
resentations and interfaces are developed that it becomes trivial to drop
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in new models which shuffle around and find their place and function
among the old ones.

That, however, is for later. Now it is time to discuss what has
actually been done.



Chapter 2

sok

sok is an API for designing behavior-based control systems, and it is the
foundation upon which the software in this thesis is built. sok shares
many of the same goals as Brooks’ original Behavior Language (BL)
[11], and it is the evolutionary successor to InterProcess Socks (IPS)
[10] and MARS [9], which had been used in earlier work on Cog. Unlike
its Lisp-based ancestors, sok is implemented as a C library and API,
and it allows computation to be distributed throughout a multiproces-
sor network running the QNX operating system (i.e. Cog’s current,
third, and final computing environment).! sok provides a real-time,
dynamic environment for data-driven programming, which is essential
to realizing the goals of this project.

This chapter describes the essential features and structure of pro-
gramming with sok. A complete description can be found in the sok
User Manual [31].

2.1 Design Goals

sok was designed with a number of specific goals in mind. First and
foremost, the purpose of sok is to enable coding which distributes com-
putation over many processors. Much of the computation on Cog is
I/O bound (i.e. simple computations applied to large continuous flows
of data), so sok has to be lightweight and to make efficient use of the
network. QNX provides an optimized network-transparent message-
passing system, and sok uses this as its communication medium.

!sok is built on top of the message-passing features of the QNX operating sys-
tem. However, it could probably be ported to another OS given the appropriate
communication layers.
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sok supports dynamic networks of processes. Processes, and con-
nections between them, can be added to and removed from the running
system. This is in contrast to Behavior Language (or the C40 network
in Cog’s second brain): processes and their connections were specified
statically at compile time, and there was no runtime process control.
sok builds on top of QNX’s POSIX process control, so processes can be
started, suspended, resumed, and killed from the QNX shell.

The network of processes maintained by sok is tangible. A program
can traverse the network and explore how processes are connected to-
gether. This allows for code which programmatically spawns new pro-
cesses and attaches them to appropriate places in the network. sok in-
cludes a simple typing system which allows programs to identify what
type of data is being passed via various ports.

sok’s process network is also saveable and restoreable. Cog’s soft-
ware has many adaptive and learning modules; the goal of the research
is to create a system which grows and develops as it runs. It is crucial
that sok be able to save and restore the complete state of the system,
so that the system can continue to develop between power-cycles, and
to aid off-line analysis. Since processes can be created and hooked into
the network on the fly, this state consists of the connections between
processes as well as their individual runtime states.

Lastly, sok is robust in the face of temporary failures in the system.
sok allows dead or hung modules to be restarted without losing con-
nection state. If a processing node fails, the processes which ran on it
are lost (until restarted), but the rest of the system marches onward
without deadlocking.

2.2 System Overview

The sok world consists of three parts: individual processes compiled
with the sok C library, a locator daemon, and some shell utilities.

The fundamental unit in the sok paradigm is a sok-process (Fig-
ure 2.1), which can be considered a typical POSIX-like process exe-
cuting in its own memory space, augmented with some built-in com-
munication and control features. A sok-process exchanges data with
peer sok-processes via inports and outports. Typically, a sok-process
responds to received data on its inports, performs some calculation,
and then sends messages with the results via its outports. The intent
is that each sok-process encapsulate some behavioral primitive such as
“visual motion detection” or “arm motor interface”. Such primitives are
coded independently of each other. Yet, by connecting ports, they are
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init code

body code

runtime
state

Figure 2.1: A network of sok-processes, connected via inports and out-
ports. The inset highlights the structure of a sok-process with a number
of ports. Multiple incoming and outgoing connections are allowed. The
body code runs asynchronous to and independent of the message pass-
ing (both in time and process space).

glued together to form a complete control system.

The connections of a sok-process are independent of the process ex-
ecution; messages are sent and received asynchronously. Furthermore,
a sok-process can be suspended, or even killed and restarted, without
affecting the state of its connections. This is useful for graceful crash
recovery, preserving system state, and testing by “lesioning” the system.

Each sok-process has a unique name in a hierarchical namespace
managed by the locator daemon, soklocate. This program runs on one
node in the network and maintains a record of the names, process id’s,
and port lists of all registered sok-processes. The locator is consulted
when a new sok-process is created, or when process and port names are
referenced to create connections. Once sok-processes are running and
connected, however, they will continue to run even if the locator goes
down. When the locator is restarted, sok-processes will automatically
reconnect to it, allowing it to re-establish the registry of sok space.

External to all of this is the sok utility program, which can be
used in the shell (and in shell scripts) to connect and disconnect ports,
start and stop processes, examine process status, etc. sok provides
a command-line interface to the more useful public parts of the sok
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Figure 2.2: The typical life-cycle of a sok-process: it begins as a regular
process, and does not become visible in sok space until it registers with
the sok locator daemon. At that point, the original process forks into
two threads to handle sending and receiving port messages. When the
body code is spawned, the sender thread forks an independent child
process. When the sok-process removes itself from sok space, it notifies
the locator and then kills any extra threads and children.

messaging library. The final utility provided by sok is the simple type
compiler, sokstc, which turns port type descriptions into code for cre-
ating typed ports.

2.3 Life Cycle of a sok-process

Figure 2.2 depicts the life cycle of a typical sok-process. It begins,
like any other POSIX process, with the execution of a program. The
program processes command-line arguments, and perhaps reads a con-
figuration file. It is not actually a sok-process, however, until it registers
with the locator daemon.

Upon registering with the locator daemon, the process declares its
unique sok name and the names and types of all of its ports. It also
forks into two threads: one for sending messages, and one for receiving
them.? Once registration is complete, the process is fully visible in sok
space. Its ports can be connected to ports on other processes, and it is
ready to receive and send messages.

2This is necessary to avoid a deadlock condition in QNX which may occur when
a cycle of processes attempt to send messages to each other.
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The newborn sok-process will not actually do anything with mes-
sages, though, until the body code is “spawned”. This causes the origi-
nal process to fork again and run the user’s code in a separate process,
which protects the message handling code from segmentation faults and
other damage. This new body process is the actual “meat” of the sok-
process and performs the user’s computation, acting on data received
from inports (or hardware) and sending data via outports. The body
process can be killed and respawned; this does not affect the ports or
their connections, or the status of the process in sok space.

At this point, the sok-process is happily doing its job. It can then
be told to “exit”, which causes it to kill the receiver and body threads,
disconnect all ports, deregister and disappear from sok space, and then,
usually, exit. But, the process could be written to reconfigure itself,
reregister with the locator, and begin the cycle anew.

2.4 Anatomy of a sok-process

The anatomy of a typical sok-process (Figure 2.3) reflects its life cycle.
The first part, the prologue, is where the sok configuration is set up.
SokParseOptions() is used to parse standard sok-related command-
line options. All input and output ports are declared with SokRegis-
terInport() and SokRegisterQutport (). (The ports are not actually
created until the sok-process is registered.) SokParamAllocate() can
be used to create a block of memory which is preserved between invo-
cations of the body code.

The process becomes a true sok-process once SokInit () is called.
This function allocates memory for port data buffers, forks off the han-
dler threads, and registers the process with the locator daemon.

SokInit () never actually returns to the original process until the
sok-process is told to exit. However, whenever the sok-process is told
to spawn the body code, SokInit() will fork and return SOK_OK to
the child process. Thus, the code following a “successful” invocation of
SokInit () is considered the body block.

The body block is usually an event-driven loop. At the beginning of
a cycle, it waits for activity on a sok port (new data, new connection)
or the expiration of a timer. Then, it may lock inports and read data,
perform calculations, and finally send data via outports. If the body
block ever exits, the body process dies, but may be respawned again.

Any code that executes after SokInit () returns a non-SOK_OK con-
dition is considered part of the epilogue. Most processes will simply
exit at this point. However, it is possible for a process to reconfigure it-
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int main(int argc, char **argv)
{
/*** Prologue **x/
sok_args_t sargs;
sok_inport_t *in;
sok_outport_t *out;

SokParseOptions(argc, argv, &sargs);
in = SokRegisterInport("color",
SokTYPE(uint8), 0, NULL);
out = SokRegisterQutport("shape",
SokTYPE (uint8), 0, NULL);

/*%* Registration *¥*/

if (SokInit(&sargs) == SOK_OK) {
/**xx Body Code Block #***x*/
/* ...setup body */

/* ...event loop */
while (1) {
SokEventWait(...);

}
}
/**% Epilogue (SokInit() failed or returned) ***/

exit(0);
}

Figure 2.3: Outline of typical code flow for a sok-process, created via
the C library. The call to SokInit() instantiates all the ports and
registers the process in sok space. The original process does not return
from this call until the sok-process is deregistered. A child process is
forked and returns from this call in order to spawn the body code block.
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self — by declaring new ports, for example — and then call SokInit ()
again to return to sok space, reborn as a new sok-process.

2.5 Arbitrators and Inports

By default, an inport acts like a pigeonhole for incoming data from
connected outports. When a new message is received, it overwrites any
old message and a “new data” flag is set for the inport. This default
behavior can be changed by defining an arbitrator for the inport.

An arbitrator allows one to implement more complex data handling,
including processing which is connection-specific. It is essentially a
stateful filter. Possibilities include accumulating inputs (the port de-
livers a running sum of all received messages), per-connection noise
filtering, subsumption-type connections (where incoming messages on
one connection inhibit other connections for a fixed period of time),
and neural-net-like weighting of connections.

Arbitrators are implemented as sets of callback functions which are
run at a number of points in an inport’s life-cycle: creation/destruction,
connection/disconnection, data reception, and dump/restore. These
functions are called in the process space of the handler code — not
the body code — so they must be written carefully. In particular, the
data-received callback must be lightweight since it is called for every
incoming message.

Arbitrators can also request a shared memory block so that they
can communicate parameters with the body process, such as weights
or timeout values for incoming connections.

2.6 Simple Type Compiler

One of the main goals of sok is to enable processes to automatically
connect themselves to each other at runtime. To provide some clue as
to when such connections are appropriate, sok ports are typed. Each
port carries a type signature — the typeid — which identifies the type
in terms of primitive integer and floating-point elements. Ports with
mismatched typeid’s are not allowed to connect to each other. Typeids
are also catalogued by the locator daemon, so it is possible to query
the locator for a lists of compatible ports on other sok-processes.

The sok type system is similar to the IDL of CORBA [38]. sok
types are defined in a description file which is processed by sokstc,
the sok type compiler, to produce appropriate C code and header files.
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primitive types: float, double,

int8, int16, int32, uint8, uint16, uint32
compound types: (array subtype N)

(struct (type-spec name) ... )
constant definition: | (defconst NAME value)

type definition: (deftype name type-spec)

Table 2.1: Syntax of the sok type description language. A name must
be a valid C identifier, since type definitions are literally converted into
C code. A type-spec can be any single primitive or compound type. The
primitive types correspond to the standard floating point and integer
C data types, and the compound types are equivalent to C arrays and
structs.

sokstc is also embedded in the sok C library. This allows programs to
dynamically parse type descriptions at run-time.

sokstc is implemented using SIOD [14], a small embeddable Scheme
interpreter which compiles very easily on the QNX platform. sokstc
description files are actually Scheme programs with support for rudi-
mentary macro operations. The description language syntax is outlined
in Table 2.1. defconstant is used to define symbolic constants, which
appear as #define’d constants in the header files generated by sokstc.
deftype defines a typeid in terms of predefined primitive or compound
types. The ten primitive types correspond to the common floating-point
and signed/unsigned integer types in C. The two compound types are
arrays and structures. Arrays are fixed-length vectors of a single sub-
type; structures are fixed, named collections of any other defined types.
Variable length or recursive type definitions are not allowed.

The standalone sokstc reads a description (.stc) file and produces
a pair of C header (.h) and code (.c) files. These contain definitions for
the type signatures as well as matching C type declarations (typedef)
which can be used in user code. The signatures are used to register
ports, and the declarations are used to access the port buffers. The
embedded compiler can be accessed by calling SokstcParseFile().
This will open a file by name, parse it, and return an array of typeids.

The sok C library includes a number of other functions for working
with typeids, such as walking through a typeid or typed buffer, locat-
ing elements in a typed buffer, and generating new structure or array
typeids from other typeids.




2.7 Dump and Restore

sok supports the ability to dump and restore the state of sok space. This
is important because the collection of running sok-processes and the
connections between them can change as the robot runs. The results of
learning and adaptation by the robot accumulate in the process network
as well as the individual processes themselves.

sok-processes respond to a “dump” request by saving the following
information to a disk file:

e process info: name, time stamp, command-line used to invoke the
process;

e connection info: lists of connections (by name) for each port;

e runtime info: contents of a specially-allocated block of parameter
memory.

The sok utility can be used to tell any or all processes to save their
state to time-stamped files in a given directory.

When sok-processes receive a “restore” request, they read the des-
ignated state file and reverse the procedure, loading any parameter
memory and establishing the specified connections. The sok utility
can be used to recreate sok space from a collection of process state
files. It will invoke each process in turn, as directed by the state file,
and tell each new sok-process to restore itself.

If a process has any runtime state which should be saved, such as
a neural net which has been learned at runtime, that data needs to be
kept in a parameter memory buffer. This is a block of shared memory
which is accessible to the handler code and which is preserved between
invocations of the body code.
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Chapter 3

meso

meso is the motor control architecture developed for this project. meso
provides a uniform interface for controlling the arms, torso, and head
of Cog via a collection of wvirtual muscles. It simulates a number of
key features of the human musculoskeletal system, features which are
important in a machine which will learn to move in a human-like way
and which should experience human-like interaction with the world.

meso breaks down into roughly three layers: low-level (hardware)
control, a skeletal model, and a muscular model. These are imple-
mented by several sok-processes distributed over several processors (Fig-
ure 3.1). This chapter first describes the rationale behind meso, fol-
lowed by details of each layer of the system. The last section describes
feedback mechanisms provided by meso and how they affect the oper-
ation of the robot.

3.1 Biomechanical Basis for Control

Cog is an anthropomorphic robot: one fundamental principle of its
mechanical design is that it should have enough degrees of freedom
and articulation to enable it to recognizably emulate human motor
behavior. This mandates a minimum hardware requirement: e.g. Cog
needs two human-like arms, because it can’t pretend to move an arm
it doesn’t have. There is no such fundamental requirement for the
control system, though. A very elaborate animatronic motor controller
can produce very life-like canned motion, although the controller itself
bears little resemblance to a biological motor system.

Cog was not built to produce canned animations; the goal of the
project is to explore mechanisms for generating and learning social
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Figure 3.1: Overview of meso. Black boxes indicate sok-processes; blue
boxes indicate separate processors. Due to hardware I/O peculiari-
ties, each motor controller (D/A) board runs on its own processing
node. Originally implemented as separate processes, the skeletal and
muscular models eventually merged into the same process to reduce
communication latencies and improve performance.




Figure 3.2: Cog's arms have six single-axis actuators (A); however,
they are controlled as if they were actuated by antagonistic pairs of real
muscles (B). These virtual muscles can span multiple joints, coupling
their movements together.

behavior. Perhaps, if Cog’s emulation of the human form includes key
features of the motor system, the learning mechanisms will have a very
natural form. With that in mind, Cog’s actuators should incorporate
human-like control as well as mechanics.

It would be impossible to give muscles to Cog without entirely re-
building the robot from scratch. But, it is possible to implement an
abstraction layer which provides an effective simulation of human mus-
culature. meso is this abstraction layer. Cog’s raw actuators are torque-
controlled motors [49]. meso builds on top of them, simulating “virtual
muscles” which mimic the operation of muscles in a human body (Fig-
ure 3.2).

meso incorporates three essential features of the human muscu-
loskeletal system: reflex stiffness, polyarticulate coupling, and a fa-
tigue model. This allows production of human-like movement which
a higher-level control system can tune and optimize via biologically
relevant feedback cues.

Reflex Stiffness

Human muscle tissue is mechanically very different from electric mo-
tors, even motors under force-control. Much work has been done to
model how muscle tissues produce forces and react to loads [51]. How-
ever, an accurate simulation of muscle tissue itself is not necessary. The
brain’s motor cortex does not directly activate muscles; the cortex con-
nects to spinal motor neurons which control the muscles in conjunction
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with spinal reflex loops. Using input from stress and strain sensors in
the muscles and tendons, these reflexes make antagonistic pairs of mus-
cles act like simple damped, linear springs over a wide range of motion
[29].

meso incorporates this subcortical machinery into its simulation in
the form of a spring law to calculate muscle force. Each virtual muscle
plays the role of a pair of biological muscles along with their associated
spinal feedback loops.

Polyarticulate Coupling

Many muscles in the human body span more than one joint. For exam-
ple, the biceps and triceps each span both the elbow and shoulder joints.
Such muscles are kinematically redundant, because identical arm con-
figurations can be produced using muscles which span only one joint.
However, polyarticulate muscles have at least two important effects on
the dynamics of the limbs.

First, a multi-joint arm actuated by single-joint linear springs will
not have isotropic stiffness in endpoint coordinates [24]. In other words,
the hand will react with varying stiffness when pushed in different direc-
tions, and the stiffness profile will be a function of limb configuration.
Polyarticulate muscles add a tunable interjoint coupling, which allows
for control of the endpoint stiffness over a wide range of the workspace,
independent of the limb configuration. The endpoint stiffness can be
made not only isotropic, but can be tuned to match the task at hand.
For example, accurately placing a puzzle piece on a table requires high
XY stiffness but low Z stiffness, to get precise position control in the
plane of the table yet avoid bouncing when eventually making contact
with the table.

A second dynamic effect is that polyarticulate muscles can make
the musculoskeletal system more efficient [21, pp.298-303]. Applying a
force in certain configurations of a multi-joint limb results in some mus-
cles undergoing a “lengthening contraction” (Figure 3.3). That is, the
muscle applies force while being stretched, thus doing negative work.
Although this quantity of energy is wasted as heat, other muscles must
provide that work, which is never seen at the output of the limb. In
these cases, a stiff biarticulate muscle can act as a mechanical linkage
which lets the limb produce the same force, but without wasting the
work.

Cog has no real polyarticulate actuators (each joint is driven by a
single motor), and a simulation of such won’t make the robot any more
efficient in terms of real physical energy. However, if energy consump-
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Figure 3.3: The illustrations depict a simple two-segment arm with
monoarticulate muscles at each joint. The initial position of the arm
is shown in black. (A) To do work along & — that is, to apply a force
along that vector — the arm must move into the blue configuration.
The torques required to produce such a force are given by 7 x F', where
moment arm 7 is the vector from the joint to the endpoint. The two
joints apply torques 7, and 7} in the same directions as they are dis-
placed, thus both contributing to the output work. (B) In a different
configuration which does the same overall work, the lower joint must
apply a torque in opposition to its displacement. (This is counterin-
tuitive, but readily apparent when you consider that the dotted line is
the moment arm.) This joint is absorbing energy, and that energy must
ultimately be provided by the other joint.




tion is part of the simulation, then movements which utilize polyartic-
ulate virtual muscles in this way will appear more optimal than those
which don’t. This bias will further favor the development of human-like
movement.

Fatigue

Cog’s motors have completely alien fatigue characteristics compared to
human muscle. Given an unquenched power supply from the national
power grid, the motors can apply a wide range of forces indefinitely,
as long as they don’t overheat. Human muscles get tired much more
quickly, and this affects not only how much they are used, but also how
they are used.

Constraining the motors to operate under a muscular fatigue model
should encourage the development of both human-like movement and
behavior. The model used by meso reflects the basic metabolic pro-
cesses in muscle [35, ch. 6], including a reservoir of energy for penalty-
free short-term activity. The fatigue level of a virtual muscle implicitly
affects motor performance and is also accessible as direct feedback to
the higher-level control system. The model is tunable, making it possi-
ble to simulate different stages of growth and ability, as well as different
types of muscle tissue.

What meso Doesn’t Do

meso does not implement motor control using postural primitives [50].
The notion of a postural primitive came out of work by Bizzi and Mussa-
Ivaldi on motor activity in spinalized frogs [4, 37, 22]. They discovered
that the endpoint forces in a frog’s leg produced by activating neurons
in certain regions of its spinal cord took the form of force fields mod-
ulated by the activation. Each neuron produced a specific force field
(forces varying with the position of the endpoint), and the overall mag-
nitude of the field was scaled by the activation. Activation of multiple
neurons is additive; the fields of each individual neuron seem to be
simply summed. Most fields were convergent, meaning there was some
endpoint position to which the limb was pushed from any direction —
in other words, an equilibrium point. On a simple level, this is all con-
sistent with treating the muscle groups as spring-like when acting in
conjunction with spinal feedback.

In a number of robotics projects ([36, 34, 32]), these equilibrium
points are abstracted into a collection postural primitives. Each prim-
itive corresponds to one vector of set-points for the set of spring-like
controllers driving each joint. Movement is produced by interpolating

52



between primitives, i.e. moving the set-points of the springs from one
position to another. The joint angle set-points can be moved around
within the convex hull of the chosen primitives, although the joint an-
gles themselves will stray because the joints are springy.

This has always been a profoundly unsatisfying control scheme to
me. The way it is typically implemented amounts to little more than
a sloppy (low-stiffness) position control loop. The stiffness of each
spring is made constant, and all the interesting dynamic effects, such
as changes in compliance over the path of a trajectory and adjusting
for contact forces, are ignored.

In meso, virtual muscles are controlled by supplying the stiffness and
the set-point velocity. The idea of controlling the velocity rather than
the position was inspired by Pierce [41]. Since a zero velocity is equiva-
lent to “no change”, the learning modules of pamet can safely probe the
operation of the virtual muscles by sending progressively larger velocity
commands. Furthermore, the motion is intrinsically smoother: a hic-
cup in a stream of velocity commands has far less potential for damage
than a 5.0 - —1.2 — 4.9 glitch in a stream of position commands.

3.2 Low-level Motor Control

Cog’s arms and torso are actuated by torque-controlled electric motors.
Most robotic actuators, particularly in manufacturing automation, use
position control: the primary control parameter is the actuator’s posi-
tion, and the motor is driven so as to track a target position as accu-
rately as possible. Under torque control, the primary control parameter
is the output torque of the actuator, regardless of position.

Position-controlled devices are typically very stiff. The ideal position-
controlled actuator would lock on to its set-point and produce a poten-
tially infinite force in response to a disturbance. Such a mechanism is
perfect for, say, accurately placing parts on a circuit board in a care-
fully controlled assembly line. Cog, however, needs to interact with
and explore an uncertain world full of breakable people and things. We
want its actuators to be squishy and compliant: Cog should reach out
to shake a visitor’s hand without breaking her arm.

A low-gain feedback loop in position control will yield a softer, more
compliant actuator but at the expense of sloppy positioning and still no
real control of the forces it produces. Electric motors, with high ratio
gearboxes, are not very backdriveable. The output shafts do not turn
freely due to friction in the motor and gearbox. A position controller,
whether sloppy or stiff, will also do nothing to reduce the drag and
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Figure 3.4: Torque feedback loop controlling the torso motors. A tor-
sional load cell in series with each motor’s output shaft measures the
torque being applied to each joint. Control of the arm and hand mo-
tors is similar, except that the torque cell is replaced by a “series-elastic
element”, which is intentionally compliant.

resistance in an actuator. Under torque control, though, when zero
torque is commanded, the motor will actually be actively driven to
counteract the frictional forces. A torque-controlled actuator can be
smoothly tuned down to a completely floppy stiffness of zero.

The complete feedback loop of a torso joint on Cog is illustrated in
Figure 3.4. Torque is measured by a torsional load cell bolted in series
with the motor. The controller is a Motion Engineering Inc. multi-axis
motor control card [“MEI card”] with an embedded DSP. The torque
signal is measured by the the card, which produces a motor control
voltage according to a general PID (proportional-integral-derivative)
control law. The control voltage is turned into a high-power drive
current by a Copley amplifier which feeds the motor. The torso motors
are also equipped with optical encoders and limit switches so that their
positions can be accurately measured.

The arms are driven with a slightly more elaborate mechanism
called series elastic actuators, described in detail by Williamson [49].
The torque measuring element is actually a torsion spring equipped
with strain gauges. The spring acts as a mechanical low-pass filter
which absorbs shock loads — impulses generated when the arm knocks
into objects (including the robot itself). Shock loads can strip teeth in
a motor’s gearbox; the elastic element makes an actuator much more
robust if it is expected to knock into things a lot. It also makes the
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actuator more stable in response to contact forces, i.e. touching hard
immovable objects.

The springs in the arms are quite stiff, but flexible enough that
optical encoders in the motors cannot accurately measure joint position.
Instead, arm position is measured by ring potentiometers installed at
the spring output of each joint.

The MEI card is programmed to run the torque control loop at 1600
Hz. The effective bandwidth of the series elastic actuators, however,
measures about 25-30 Hz, due to compliance of the spring and the
cables in the drive mechanism. Four MEI cards are used in total, to
control Cog’s 22 actuators. Each card interfaces to the upper layers of
meso via a sok program aptly titled mei-glue. This program provides
an inport for torque commands and, for the torso motors, an outport
for encoder position. The arm position potentiometers are actually
scanned by a separate United Electronics Inc. A/D (analog-to-digital)
card, interfaced to the system via uei-glue.

The head and eye actuators are, unfortunately, not equipped with
torque sensors and are instead driven with position control. Since the
head and eyes do not make physical contact with the environment in
everyday use, this is not such a drawback. However, the head and eyes
do not have variable compliance, and they cannot be coupled to the
torso or arms via virtual muscles. In the human body, the eye muscles
are independent of the rest of the musculature and are under a more
position-like mode of control. The neck is, however, strongly coupled to
the torso. Cog is unable to display such motor effects as compensatory
stiffening of the neck when the torso leans forward.

3.3 Skeletal Model

Layered on top of the low-level torque control is a skeletal model which
simulates the kinematics of the skeleton and virtual muscles. The skele-
tal model essentially computes two functions: the muscle lengths /()
as a function of joint angles, and the joint torques 7(F, 5) as a function
of muscle forces and joint angles.

Two skeletal models were developed in the course of this research.
The first is fairly sophisticated — incorporating a kinematic model of
the robot — yet fatally flawed. The second model is almost trivial in
comparison, but quite usable. Both models support virtual muscles
which can span multiple joints.

In either case, the skeletal model was originally implemented as a
sok-process wrapped around functions for the lengths [ and torques 7.
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New joint angle § messages from motor glue processes would cause I to
be recalculated and sent up to the muscular model. Incoming force F
messages from the muscular model would cause 7 to be recalculated and
sent back to the motor glue processes. Eventually these two functions
were merged into the same process as the muscular model to avoid
communication latencies. The complete control loop of the merged
system runs at 500 Hz.

3.3.1 Complex Coupling

In the complex coupling model, a virtual muscle is a mechanical ele-
ment anchored at two points on different body segments of the skeleton
(Figure 3.5). The muscle exerts a force directed along the line joining
the two anchor points. As the robot moves (or is moved), the effective
torques applied by the virtual muscles change according to the config-
uration of the skeleton. If a real force were being exerted between the
anchor points, it would produce a torque at each joint spanned by the
muscle. In the model, these torques are calculated and the resulting
values are used to command the motors at those joints. Since the same
torques appear in the body of the robot, the mechanical effect of the
virtual muscle is equivalent to that of the real muscle. This method
of simulating mechanical elements is developed much more elaborately
in Pratt’s virtual model control [42], in which the multi-joint legs of a
bipedal walking robot are made to act like a simple spring between the
body and the ground.

The expression for the torque on joint j due to muscle m is, by
definition,

Fim = Fin X 7

where F is the force vector between two anchor points p'4 and pp, and
7j is the vector joining the pivot ¢ of joint j to either anchor (e.g.
7 = pa — q;). Likewise, the length of the muscle is just the distance
between the two anchor points:

lm = ||Pa — PB|
Once 7, are calculated for all muscles, the total torque for joint j is

7= Tim
m

The complexity comes in calculating the actual vectors. This is ex-
plained in full detail in Appendix A and summarized below.
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Figure 3.5: Example of complex coupling. Virtual muscles (purple) are
lines of force acting between points anchored relative to different links
(blue) in the skeleton. Thin red lines indicate the coordinate frames of
each link. The figure itself is a screen capture of mesokinescope, the
program created to compose skeletal models and monitor the skeleton
in real-time.
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frame j — 1

Figure 3.6: Coordinate frame (j—1) is the parent of frame j. Vectors 7§’
~ and J=15 describe the same point, but relative to the respective frames.
J=1q: defines the origin of frame j.

Each jointed segment of the robot is a link in a kinematic chain.!
Each link defines a local coordinate frame, with its origin at the axis
of its joint (Figure 3.6). That joint is anchored in the frame of the
link’s predecessor; that is, the location of that joint is determined by a
vector in the frame of the previous link in the chain. (The base of the
robot, anchored to the ground, provides the base reference frame for
the chain.) Each link is thus parameterized by a 3-d position vector (;)
and an additional 3 parameters (o, 3,6) which specify the orientation
of the joint axis. Each muscle is defined by two anchor points anchored
to different links, i and k, and specified by vectors, ‘54 and ¥jz, in the
corresponding frames.
~ Consecutive frames are related to each other by an affine transform,

]-_’lT, determined by the six parameters which locate one link within the
other. These transforms can be cascaded to yield AT for any two frames
along the chain. Using the appropriate T, one can transform all ji4,
Pp, and ¢ vectors into the same coordinate frame and then evaluate
the length and cross-product using common vector operations.

! Actually, a kinematic tree in the case of Cog.




Only 2N — 1 transforms need to be computed for a muscle which
spans N joints. If the kinematic parameters are known in advance, the
necessary transforms can be precomputed up to factors of the sine and
cosine of the joint angles. This is precisely how the complex coupling
model is implemented: a muscle compiler, mesoc, reads a description
of the robot’s skeleton and virtual muscles and produces C code for the
functions {(#) and 7(F, ).

In Cog’s case, this complex coupling was ultimately unusable be-
cause it isn’t complex enough. In the human body, muscles are an-
chored to bones and they act via tendons which are constrained to
slide over the joints. The moment arms of such action are determined
by the routing of the tendons over knobby bones and other connective
tissue. In Cog’s virtualized skeleton, muscles apply a force directly be-
tween two points, and the moment arms are determined by how far the
muscle travels away from the joint axis. As shown in Figure 3.7, in a
straight configuration a muscle can only apply a torque if it is anchored
away from the skeleton. However, in an angled configuration, the an-
chor points may touch or cross, or the line of force may cross to the
other side of the joint, reversing the torque! This restricts the useful
range of most muscles to the point where they are just not useful.

Fixing this problem requires modelling tendons and defining chan-
nels through which they are constrained to move. For the purposes
of meso and this thesis, this seemed to be more trouble than it was
worth. There exists at least one commercial package [25] which does
create dynamic models of tendons, sliding joints, knobby bones, and
muscles with multiple anchor points. It is not clear, though, that it
can compute this fast enough to be used in a real-time controller.

3.3.2 Simple Coupling

The flawed complex coupling model was discarded in favor of a much
simpler model which retained the key feature of polyarticulate coupling.
In the simple coupling model, a muscle acts like a cable attached to a
pulley driving the joint. The torque exerted by muscle m on joint j is
Tim = FinTjm, where 7, is the “radius” of the pulley, and the total
torque on joint j is thus 7; = 3", Fu7jm. The length or displacement
of muscle m is given by L, = 37, rjm(6; — 6o;). The action of this
model is easy to visualize with the cable analogy in the one- or two-
joint cases (Figure 3.8); a muscle which couples three or more joints is
more analogous to a hydraulic system.

The physical geometry of the robot is not important to this model,
and the kinematic description of the skeleton is no longer needed. Yet,
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Figure 3.7: Failure of the complex coupling model: A single virtual
muscle is shown highlighted in yellow. Its moment arm is the per-
pendicular (dotted line) from the joint to the muscle. When the joint
bends, the point-to-point line of force may cross the axis of the joint.
This effectively reverses the torque. A force which was expected to
extend the arm may, depending on the joint angle, cause it to contract.

. Ta
T F A

Figure 3.8: In the simple coupling model, virtual muscles act like a cable
drawn around pulleys affixed to joints. Each pulley is described by a
radius 7jm,, (the moment arm). The torque exerted by all muscles on a
joint is 75 = 3, Finrjm. The length of a muscle is lm = 37, rjm (05 —
fo;). Since the muscle’s force law is linear, the absolute length (set by
the offset angles ;) is not important.
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for a wide range of a joint’s workspace, this model is actually a bet-
ter approximation of the action of a tendon which wraps around the
joint. Furthermore, the only parameters needed by this model are the
pulley radii 7j». No muscle compiler is necessary to achieve real-time
performance, so the model can be modified at runtime. This makes
development and testing much easier, too.

3.4 Muscular Model

The highest layer of meso is the muscular model, which determines the
dynamics of the virtual muscles. The job of the muscular model is
to compute the output forces F of the muscles as a function of their
lengths I. The basic model is a simple damped spring:

F=—K(l—lo)—Bl’+F0,

where [y is the equilibrium point (set-point), K is the stiffness, B is the
damping constant, and Fj is a length-independent bias.

This differs significantly from the behavior of an isolated biological
muscle. Real muscle tissue is typically modelled as a combination of
non-linear contractile and elastic elements (Figure 3.9). Pulse trains
from afferent motor neurons cause muscle fibers to twitch, and over the
bulk of the material a contraction is produced. The force is sensed by
nerves terminating in the tendons (Golgi tendon organs), and muscle
elongation is measured by nerves (spindle fibers) in the muscle itself
[13]. Overall, real muscle acts as a source of non-linear contractile
force, not a spring.

However, feedback loops which connect the force and elongation
sensors, spinal ganglia, and muscle fibers do cause real muscles to ex-
hibit a spring-like response to perturbations. Motor centers in the brain
drive the muscles via the spinal ganglia by modulating the parameters
of those feedback loops. The model I am using is a compromise between