














































































































































































































































catches your guest's eye. You take it from the shelf 
and offer it for closer inspection. Your guest reads 
the inscription and inspects the detail. Then his eyes 
turn elsewhere, a cue for you to relieve him of the 
trophy and go on to something else. Next your 
guest's eyes range over a set of distinctive badges. 
"What are those?" he asks-the very question he 
uttered a moment before. But it has become a dif­
ferent question, changed by the direction in which 
he is looking. , 

Consider now that our self-disclosing computer is 
showing such a collection of items. The computer's 
display sets the topic, just as did the real-life artifacts 
of the trophy room. The computer- like the hu­
man---'-can determine where its guest is looking, listen 

. to his speech, detect his gestures. The system can 
then zoom in upon the item or area of interest to 
discuss it. 

Such a computer can act very skillfully in deciding 
what and how much to tell about the subject at hand, 
again by taking its cues from the user's eyes. There 
is evidence that the eyes reveal the pattern of an 
observer's curiosity along very specific lines. In his 
classic eye-tracking studies in the Soviet Union dur­
ing the 1960s, Alfred Yarbus asked people to ex­
amine a copy of the famous nineteenth-century 
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painting by Ilya Repin entitled "They Did Not Ex- , 
pect Him." The scene is of a young man just returned 
from political exile to the midst of his startled family. 
Before looking at the picture for three minutes, each 
observer was asked one of a number of questions: 
What are the ages of the people? What are the ma- . 
terial circumstances of the · family? What was the . 
family doing before the young man arrived? The ; 
observers' " looking patterns" differed markedly de­
pending upon their goals as set by the question. 

Of course, the computer must be able to tell the 
difference between a protracted stare stemming from 
t he fact that the viewer is puzzled by something and 
blank staring stemming from saturation. But that is 
not likely to be difficult: researchers studying eye 
movements have found that eye patterns when in­
terest is saturated differ from those when curiosity 

. is live. Furthermore, pupil diameter varies with ten­
sion, interest, and suspense. These cues, coupled with 
what viewers say, can help a machine make reason­
able inferences about when to move on. The machine 
can also gauge the effectiveness of its presentation 
by checking whether viewers look in the right places 
when it tells them about a display. If viewers fail to 
look at a relevant spot, the computer can reem­
phasize or recast its explanation. 



Give-and-Take 

:This kind of interchange between human and com­
puter is a process of mutual self-disclosure. The com­
puter is disclosing itself-or, more specifically, its 
contents--on the basis of the user's disclosing of 
himself or herself explicitly in speech and gesture 
and implicitly by eye movements. It is oOI.n ongoing 
two-way process. 

What drives this conversation? What keeps it 
going and gives it direction? It is primarily the cur­
iosity of the user as it interacts with the built-in 
reactivity of the system. For example, psychologists 
have shown that people are attracted to things that 
are visually rich and complex. People are also driven 
by so-called epistemic curiosity: we want to know 
the why and what of things. In its resp'onse to these 

,"simple" levels of curiosity, the system obligingly 
tries to follow whatever leads its users give. The 
computer's "personality" is that of the convivial yet 
reserved person: it responds in a lively way but 
d0esn't push itself on the user. 

The system can readily sense the difference be­
tween a politely curious inquirer and a "serious" 
one-the dif{erence, for example, between the tour­
iM who s ~ro lls through Westminster Abbey taking it 
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all in and the scholar who studies ' it. Both might 
spend the same time looking, but their ways of ob­
serving provide a clue to how organized and com­
prehensive a guide'S exposition must be- technical 
for the scholar, lucid but light for the tourist. 

When a user has an even more compelling reason 
to communicate with the system, the computer can 
respond in kind. For instance, if you are a graduate 

, student who must know all about colonial architec­
ture in New England by final exams next Wednes­
day, you can instill motivation i~ the system by 
asking it, "Tell me about colonial architecture." 
Now the computer goes directly into a kind of su­
perordinate "teaching" mode, in sharp contrast to 
its previously relaxed, reserved posture. The system 
may go slowly now and then to let you digest in­
formation when it senses that your rate of uptake 
has faltered. But it assumes more responsibility for 
shaping the exchange than in the more leisurely 
mode. All the while, whether the overall mode is 
relaxed or purposeful, the moment-to-moment con­
versational initiative drifts to and fro between hu­
man and computer, much as the "attack" passes 
back and forth between two fencers. Thus, the ac­
tions of the user and the system are mutually deter­
mined, either party by turn driving or being driven. 
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'The hardest job will be fostering 
a view of tk camputer inJerface as a . 
camfartahle plnce where peaple and machi:nes 
t:ru1y "keep campany." 

Users' sophistication-their style of looking and 
the questions they ask-can also help determine how 
the computer will respond. For instanc:e, novices and 
expert chess players look at board positions differ­
ently. And of two people interested in antiques, one 
may have a "trained eye" for detecting the fine points 
of a collectible while the other examines the item in 
a less disciplined way. Such differences in looking 
style, though subtle, can enable a computer to infer 
what should be shown and said next. 

Keeping Company 

In person-to-person conversation, we speak not to 
some disembodied spirit but to someone right before 
us. One of the benefits of this direct presence is that 
we can look the person in the eye-for example, we 
can shift our gaze from an object under discussion 
to the eyes of the person with whom we're speaking. 

. Beyond the sense of engagement this creates, eye 
contact can signal that we wish to shift the discourse 
to a personal level: to talk "to". the person rather 
than "with" them about external matters. Given that 
conversationality is a positive value in human-com­
puter communications, how might we establish the 
ability to look the machine "in the eye"? 

Patrick Purcell and some of his students at M.LT. 
have been experimenting with a kind of computer 
"persona." Next to the Media Room's display screen 
is a video monitor that bears the face of a person­
in this case, Professor Purcell himself. When you 
speak to the system-for example, to cOrI!,mand it 
to display the art and architecture slides stored on 
its videodisc-· this image speaks back to you. You 
ask: "I'd like to see some examples of Romanesque." 
The face on the monitor responds with synthesized 
speech, "Early or late?" The lips on the image are 
synchronized to the phonetics of the synthesized 
speech in a convincingly lifelike way. . 

This exercise was originally done somewhat 
tongue-in-cheek, with the modest goal of providing 
a more cordial, congenial channel for output mes­
sages than the line of print or the disembodied voice. 
The persona doesn't-yet-track the user's eyes and 
thus can't tell whether he or she is paying attention. 
With eye-tracking powers added, the persona could 
become a specific spot for the user to look at to 
establish "eye contact" with the machine. 

Many of these technologies to support friendlier 
and richer human-computer interactions already ex-
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ist, at varying levels of refinement. Devices that rec­
ognize and synthesize speech have improved 
markedly in recent years. Reliable touch-sensitive 
screens that enable users to point at data on display 
are on the . market. Body-sensing equipment for ~ap­
turing various· levels of gesture is developing apace. 
For example, researchers in our laboratory are work­
ing on a glove that will allow the computer to discern 
a user's hand _ and finger movements. What has not 
existed is the appreciation of such technologies as 
essential parts of a computer's instrumentation. _ 

Eye tracking offers a good example. Unobtrusive 
tracking systems that can be situated as much as six 
feet from the user have been available for several 
years. But they cost about $100,000, which prohibits 
them from serious consideration as system compo­
nents. Part of the high cost is due to the proverbial 
chicken-and-egg dilemma. The systems are currently 
sold one at a time to research laboratories as mea-o 
surement tools, not in large quantities to become 
part of well-equipped computer systems. Growing 
demand and high-volume production would help 
lower costs. But the fact that eye tracking can be­
come a system component has not yet really.struck 
home. There is a vague sense that tracking may be 
useful, but no real conviction. 

This situation could change with new develop­
ments in digital cameras, microprocessors, and 
tracking technology. As tracking systems become 
more compact, they will become embedded in ter­
minals as an integral part of new systems. In the long 
run, the price of a tabletop or personal computer 
will less and less reflect the memory and processing 
elements. Rather, it will reflect the costs of the elec­
tromechanical accoutrements that capture the user's 
intentions. 

More difficult than developing the hardware for 
capturing multiple human modes of conversation, 
however, will be creating the machine intelligence to 
interpret human outputs and map appropriate re­
sponses. This effort will involve computer science, 
psychology, linguistics, artificial intelligence, and 
cognitive science-with scientists from all disciplines 
contributing to the necessary insights and inventions. 

But hardest of all will be fostering a view of the 
computer interface as a comfortable place where 
people and machines truly "keep company." The 
world of computers outside the home-where the 
largest number of computer consumers still resides­
contains two classes of users. There are those people 



who actually operate computers, 
and there are those who decide 
whether to adopt a particular kind 
of computer. The latter users are 
usually indifferent to the subjec­
tive experience of those who ac­
tually interact. with machines. 

Most organizations operate ac­
cording to the ethos that those 
lower in the hierarchy should not 
be too comfortable, and that the 
tools provided for them should be 
"cost-effective." If one tool is a 
computer that is excruciating to 
use, so much the worse for the em­
ployee. Unless they are computer 
buffs, people higher up in ah or­
ganization usually avoid com­
puters and hence do not 
understand the feelings of frustra­
tion and lack of control they can 
engender .. 

The world of home computers 
is different. People who buy those . 
machines are normally the users, 
and they put a high stake on their 
subjective experience at the inter­
face. For them, the flavor of "keep­
ing company" is the bottom line. 
Yet the loudly trumpeted home­
computer revolution seems to have 
stalled. People perceive word-pro­
cessing and spreadsheets as helpful 
and games as entertaining baby­
sitters for the kids, and that's 
about all. Only when home com­
puters provide a real help-and 

. good company-will the true rev­
olution begin. Then, inexorably, 
people in the workplace will come 
to expect and even demand the 
kind of conviviality they are ac­
customed to at home. That vision 
is seductive. 

RICHARD A. BOLT is a principal research 
;cientist in M .I. T. 's Media Laboratory, where 
ne i5 acting head of its Human-Machine Inter­
fa ce Group. He is the author of Tile Human 
[n terface, (Lifetime Learnitlg Publications, a 
sIIbsidiary of V .1n l':ostrand RI'inhold, 1984). 
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TOWARDS AN INTEGRATED VIEW OF 3-D COMPUTER ANIMATION 

David Zeltzer 
Computer Graphics and Animation Group 

The Media Laboratory 
Massachusetts Institute of Technology 

Cambridge, Massachusetts 02139 

ABSTRACT 

To automate character animation and extend it to 3-D we need to create and manipulate 
three-dimensional models of articulated figures as well as the worlds they will "inhabit". 
Abstraction and adoptive motion are key mechanisms for dealing with the ugrees oj freedom 
problem, which refers to the sheer volume of control information necessary for coordinat­
ing the motion of an articulated figure when the number of links is large. A three level 
hierarchy of control modes for animation is proposed: guiding, animmor-Ievel, and task-level 
systems. Guiding is best suited for specifying fine details but unsuited for controlling com­
plex motion. Animator-level programming is powerful but difficult. Task-level systems 
give us facile control over complex motions and tasks by trading off explicit control over the 
details of motion. The integration of the three control levels is discussed. 

KEYWORDS: computer animation, simulation, human-machine interface. 

1. Animation as Simulation 

Currently there is much controversy about 
the nature of 3-D computer animation. Should 
such systems be based on simulation, keyfram­
ing, or an animation programming language? 
Should the interface be through graphical input 
devices, or through the keyboard? It is my pur­
pose here to provide a conceptual framework for 
3-D computer animation in general, and char­
acter animation in particular. 

Automatic inbetweening has been the 
focus of attention in moving from conventional 
to computer-assisted ~-D animation [1 , 2]. 
From this poinr of view, it seems a natural 
extension to apply automatic inbetweening to 3-
D animation, and in fact, a number of such sys­
tems have been developed[3, 4, 5]. Here I will 
argue that 3-D keyframing belongs to the first 
level of a three level hierarchy of control 
regimes for animating articulated figures. 

In order to produce convincing character 
animation, conventional 2-D animators refer 
constantly to living models, or study motion pic­
tures of living models, or draw directly from 
still frames of such motion pictures 

(rotoscoping). That is, character animation is 
not a process of transforming lines and shapes 
on 2-D surface, nor is it simply the art of 
squashing, stretching, or otherwise exaggera~­
ing and caricaturing motion. Thomas and 
Johnston[6] make quite clear that the great suc­
cess of the Disney animators was due in large 
part to the long hours they devoted to studying 
and observing the movements of humans aqd 
animals in preparing for a particular sequence. 
A character was successful precisely in propor­
tion to how well the animator understood the 
kinematics of the figure, the structure and tim­
ing of a movement, and the effects of a move­
ment on soft tissue and clothing. Once these 
elements were mastered, only then could the 
animator develop a character-s personality by 
the judicious exaggeration or de-emphasis of 
particular attributes. 

As long as animation requires the genera­
tion of many drawings by hand, simplicity and 
economy will be essential elements. 3-D com­
puter animation, however, is an entirely dif­
ferent medium. The animator's energy is no 
longer invested in drawing and the tedium of 

From hoc. GraphiCS Interface 8.5, Mona-eat, May 1985. Reprin1ed, with revisions, in The Visual Computer, Springer 
Verlag, 10 appear. 
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inbetweening. Instead, the focus is on creating 
an environment -- designing microworlds and 
populating them with interesting characters. 
Since frames are no longer generated by hand, 
rather than expecting simplified and stylized 
imagery, we assess computer animation in large 
part by noting how convincing is the simulation 
of three-dimensionality, lighting, background 
scenery, and surface texture. Animated images 
can take on added complexity and detail; they 
can be made to look more realistic, if that is 
desired, or more convincing in their other­
worldliness. This applies equally to the 
behavior of figures and objects as well as their 
physical appearance. 

3-D computer animation is thus a process 
of simulation in its most general sense: the 
specification of objects and transformations on 
objects. The notion of the computer as a simu­
lation medium is not new; Turing showed after 
all, that a computer could simulate itself or any 
other -- a theme echoed often by Alan Kay 
[7, 8] The work of early graphics researchers 
was aimed at apprehending the visual complex­
ity of the world by learning to simulate the 
effect of light, shade, texture and so on. 
Current synthetic imagery has achieved near 
photographic realism for certain classes of 
geometric- and stochastically tractable objects 
and environments. Now the task is to try and 
apprehend the procedJ.4ral complexity of the 
world, which, as we" shall see, requires compu­
tational models of many highly complex or only 
partly understood processes, including the 
dynamics and inverse ki1lematics of articulated 
motion, and commonsense planning and prob­
lem solving. 

How can we specify and coordinate the 
behavior of the objects we wish to animate? 
There are three basic approaches. 

(1) We can explicitly describe the behaviors 
we are interested in. This is the guiding 
mode. 

(2) We can describe behaviors algorithmi­
cally, in some programming notation. 
This is the animator level. 

(3) Lastly, we can describe behavior impli­
citly, in terms of events and relationships. 
This is the task level. 

For our purposes we can consider the 
domain of 3-D computer character animation to 
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be the control and coordination of the motion of 
articulated structures made up of rigid links. 
Differential scaling and other shape transforma­
tions are important but secondary to the motor 
control problem. In the next section I examine 
the fundamental problem we face in trying to 
coordinate the motion of articulated figures, and 
we will look at mechanisms for dealing with the 
complexities of figure animation. Later we will 
see that the graded implementation of these 
mechanisms gives the above three-tiered hierar­
chy of control modes. 

2. The Dep'ees of Freedom Problem 

The essential problem of coordinating the 
motion of an articulated figure is to generate 
appropriate values of the joint variables that 
control the position and orientation of each link. 
Joints may be modeled as lower pair.s[9], such 
as rotary or sliding joints, or they may be more 
complex, as in a detailed model of the human 
knee. For a figure with n joints, we can think 
of an n-dimensional pose space, where we 
assign a coordinate axis to each of n degrees of 
freedom; and an n-component pose vector, 
which completely specifies a particular confi­
guration. To animate the motion of a jointed 
figure, a pose vector must be specified for each 
frame of the sequence. To animate a minute of 
complex motion for a reasonably detailed fig­
ure, say, with 30 links, tens of thousands of 

"Values will need to be specified for the joint 
variables to display a new configuration each 
frame. Even if the sequence is keyframed, with 
a keyframe every two seconds, 30 pose vectors 
-- nearly a thousand values -- need to be speci­
fied. This is an example of the tkgrees of free­
dom (OOF) problem[10], which refers to the 
sheer volume of control information necessary 
for coordinating the motion of an articulated fig­
ure when the number of links is large, as" in a 
human figure. It is the reason why animators 
find 3-D character animation so tedious. 

Of course we are not interested in random 
motion; the movements of a figure must be 
"correct" in some sense to be of any use -- the 
robot programmer may wish to optimize energy 
expenditure, for example, and the animator will 
want the figure to move in some expressive 
manner. Viewed in this way, character anima­
tion is a problem of search. Not only do we 
have to generate pose vectors, we need to find a 
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particular set of variables out of an immense 
pose space -- if each of 30 joints has only 2 pos­
sible positions, there are over a billion potential 
configurations! 

To complicate the problem, many figures 
of interest are kinematically redundant, possess­
ing "extra" degrees of freedom that allow multi­
ple solutions -- perhaps an infinity of pose vec­
tors -- all of which satisfy a particular move­
ment problem. The human arm, for example is 
redundant -- you can reach for an object with 
the elbow held high, low, or in between. That 
is, there are many arm configurations that will 
position the hand at some fixed location in 
space. This redundancy gives us the extra flexi­
bility we need to reach around and over objects, 
and, in general, to maneuver in a cluttered 
environmenL And it is why individuals can 
develop characteristic and expressive "styles" of 
movemenL 

For animation, of course, we are not 
interested in a single configuration, but a 
sequence of pose vectors -- a "hyper-path" 
through a many-dimensional pose space. So it is 
not surprising that even when the main features 
of a motion are known, it may take an animator 
many iterations to get the movement "just 
right" . 

In the next sections we look at two impor­
tant techniques for dealing with the degrees of 
freedom problem. ., 

3. Adaptive Motion 

By adaptive motion I mean the ability of a 
figure controller to use information about the 
environment and the figure itself in the control 
process. That is, feedback can be used to guide 
the search through the huge space of potential 
configurations. To do this, at least the location 
and orientation of objects and their· surfaces 
must be available to the animation software, and 
not just to the the rendering programs, as is 
usually the case. Physical interactions between 
figures and objects are so ubiquitous in the real 
world -- touching, grasping, pushing, not to 
mention locomotion over a wide variety of sur­
faces -- that automatic collision detection, long 
of interest in CAD/CAM and robotics, should 
become an integral part of the animation 
environmenL 
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Adaptive motion makes possible goal­
directed and constrained behavior, since it 
allows the animator to describe movement in 
terms of relations among objects and figures. It 
lends generality to animation sequences, since 
anjmation software can adjust motion sequences 
for different scenes. This helps to hide 
unnecessary detail from the animator, since the 
burden of generating much of the control infor­
mation can be left to the animation software. 

Reynolds [II] has suggested that it would 
be desirable if an animator could establish 
"rules of behavior" for objects and characters 
in some imagined microworld. After establish­
ing the initial conditions of this simulated 
universe, the animator would sit back and let 
the animation system generate the sequence. 
This amounts to a 3-D, computerized extension 
of the straight ahead style of 2-D animation[6]. 
Adaptive motion makes possible the extension of 
this technique to 3-D computer animation. 

4. Abstraction 

The importance of abstraction in dealing 
with the intellectual complexity of computer 
programming is well-known[l2], and it is a 
basic tool for dealing with the kinematic and 
behavioral complexities of articulated motion as 
well. 

There are five kinds of abstraction useful 
for controlling character animation: structural, 
procedural, functional, character and world 
modeling. 

4.1. Structural Abstraction 

A structural abstraction describes the 
kinematic properties of a figure, i.e., the 
transformation hierarchy, the nature of the 
allowable joint motions, and whether links are 
rigid or non-rigid (although we will deal only 
with rigid motion here). The notion of a 
transformation hierarchy is a generalization to 
3-D of the familiar 2-D instancing systems 
described in graphics texts. Most 3-D anima­
tion systems provide some means of represent­
ing transformation hierarchies, e.g., Crow's 
scn_QSsmblr/13J, Blinn's artic{l4J, and Rey­
nolds' ASAS[ll]. In these systems, joint 
transformations are represented as simple rota­
tions and translations, sometimes including 
scaling, although more general representations 
for articulated motion, e.g., Denavit-
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Hartenburg (D-H) notation[9,IS], have long 
been used in the field of mechanism design, and 
more recently, robotics[16). sdl, the skeleton 
description language, is the tool for specifying 
structural abstractions for use in sa. an articu­
lated motion system described in[17]. A similar 
tool, mat, is in use at the New York Institute of 
Technology[18] . 

At the Media Laboratory we are develop­
ing a set of graphical tools, implemented on a 
Symbolics 3600 Lisp machine, for designing 
and editing standardized kinematic descriptions 
of jointed figures. These descriptions have 
been expanded to include D-H representation 
for prismatic and rotary joints; the representa­
tion is extensible such that other joint types may 
easily be added. Such a standardized represen­
tation is essential in a distributed computing 
environment in which many programmers and 
animators, working on a variety of machines, 
wish to share graphical data and software. In 
addition, we can readily integrate robotics con­
trol algorithms into the animation software, 
since D-H notation provides a convenient and 
powerful representation for such motor control 
techniques. 

4.2. Procedural Abstraction 

A procedural abstraction [19] is the 
representation of a movement algori~ 
irukpendent of the structure of the figure it con-
trols. ., 

For example, the DOF problem is not so 
severe in the case of a robot manipulator with 
six or seven joints. Even so, humans are not 
good at calculating the necessary joint angles 
for controlling even a simple manipulator, and 
resolved motion[20, 21] is generally used. That 
is, the position and orientation of a target loca­
tion are input, and the manipulator controller 
automatically computes the pose vector neces­
sary to reach it. 

Resolved motion control is an important 
example of the use of procedural abstraction in 
the solution of the OOF problem:" a computation 
is specified that will transform the input param­
eters, Le., the position and orientation of the 
target, into the output object, here the set of 
joint angles that will position and orient the end 
effector at the desired location in the workspace, 
if possible. Resolved motion control is indepen­
dent of a particular kinematic structure, and can 
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be applied to figures of 6, 8 or more links, and 
for, say, a human figure, can be applied equally 
well to control either arms or legs [22, 23]. 
Other examples of procedural abstraction are 
the computation of trajectories for falling 
objects, the computation of the paths of collid­
ing objects, or the use of spline curves for gen­
erating smooth motion. Such facilities are often 
provided for the animator ready-made, but may 
be constructed by the animator in animation 
systems embedded in high-level programming 
languages. 

4.3. Functional Abstraction 

For the robot arm the number of links is 
small and the arm is treated as a single 
kinematic entity. But for a figure with many 
links, we want to be able to group together both 
the structural elements and the procedures that 
are necessary to effect a particular class of 
motions. Alternatively, we can impose con­
straints on the movements of a set of joints. We 
call such a grouping a junctio1llJl abstraction. 
Functional abstractions are important because 
they allow the animator to factor the pose space 
into motor skills. If we already know the gen­
eral "shape" of a motion, we need only con­
sider a subregion of the total pose space. Say 
we want a figure's hand to grasp an object -- we 
already know which joints need to move, 
roughly how they should move, and moreover, 
we know this is a useful motion that we want to 
repeat often. We can cluster this group of joint 
movements around the task "to grasp", and 
attach one or more procedures to implement it 
(perhaps resolved motion). Once this motor 
skill has been defined, the details of its execu­
tion can be suppressed. That is, we need only 
supply the appropriate parameters, e.g., target 
location, fast or slow, hard or soft, to the motor 
program for the grasping skill. By specifying 
functional abstractions for grasping and other 
tasks, the animator is spared the burden of gen­
erating pose vectors and can instead think. of the 
figure motion at a higher level -- in terms of the 
tasks and events that are to be performed. 

Functional abstractions allow us to attach 
implicit goals to figure motion. By decompos­
ing a figure's potential movements into a reper­
toire of skills we can associate the events and 
relationships the animator specifies with the 
skills (implemented as functional abstractions) 
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that the figure controller " knows" about. 
Moreover, if we allow functional abstractions to 
refer to other functional abstractions, it is possi­
ble to construct behaviors as compositions of 
simpler movements. 

4.4. Character Abstraction and World 
Modeling 

In the physical world objects and figures 
interact in complex ways at many levels of 
detaiL Adaptive motion requires at least effi­
cient geometric representations for collision 
testing and path planning; goal-directed anima­
tion control requires in addition sophisticated 
mechanisms for knowledge representation. 

Part of the problem involves structuring 
high-density graphical data bases to avoid 
exhaustive searches through long lists of surface 
elements to do, say, collision testing. Rather, 
we want to consider only those objects in the 
scene that are "near" to the figure. This means 
that the data base must be carefully organized 
spatially so that searches always proceed at the 
appropriate level of detail. Various hierarchical 
methods of structuring data to speed up occlu­
sion testing have been reported, 
e.g., [24, 2S, 26]. Franklin[27] describes a set 
of algorithms which are useful for intersection 
testing as well. 

But the larger problem is to represent 
.. attributes, functionality, and relationships of 

objects in a scene so that we can simulate the 
mechanical behaviors and interactions of objects 
in general. We want this representation to be 
uniform such that there is no distinction 
between agents and objects_ That is, while 
humans are in some sense active agents they 
also obey the laws of Newtonian mechanics; a 
person falls just like a rock when pushed off a 
cliff. On the other hand, an animator may want 
the chairs and tables to dance around the room 
when the villain leaves. It should be easy to 
ascribe such behaviors to otherwise inanimate 
objects. 

In order to do this, we need to specify 
three things about any object: what it is, how 
it's put together, and how it behaves_ The 
problem of representing physical objects is an 
active area of research in artificial intelli­
gence[28]. Briefly, objects can be described in 
terms of a generalization hierarchy, such that 
instances of particular things appear as 
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specializations of more general classes of 
objects_ 'Inheritance' is a key notion which 
means that object instances may make use of 
attributes and procedures associated with the 
class of which they are members. These serve 
as default values which may be overridden by 
specifying particular values for these ' slots' in 
the instances themselves_ Often multiple inheri­
TDnCe is supported such that an Object may 
inherit attributes from more than one superior 
class. For this reason, the generalization 
"hierarchy" is often a lattice, rather than a tree. 
A number of programming systems support this 
view of object representation, which is well­
described in the literature[29, 30]. 

An object's location in such a generaliza­
tion lattice tells us what it is, and what it looks 
like (i.e., how to render it). We can describe 
the structure of an object by associating with 
each node in the generalization lattice a 
transformation hierarchy as described above. 
The node for a human figure, for example, 
would have an associated tree structure describ­
ing the joints and links that make up the figure. 
Each of the links, in tum, would be an instance 
of a monolithic object located elsewhere in the 
generalization lattice. Instances of the class of 
human figures can inherit this structural 
description with local variables that specify the 
dimensions and movement constraints of a par­
ticular human being. 

Like structural descriptions, each object 
must have an associated behavioral description_ 
For simple objects, the behaviors would be 
correspondingly simple. The prototypical phy­
sical object, for example, might obey some sub­
set of the laws of Newtonian mechanics. Arti­
culated figures would have a repertory of skills, 
such as walking and grasping. But since 
behaviors trio can be inherited, human figures, 
being instances of the class of physic&1 objects, 
can inherit all those simple Newtonain 
behaviors we'd expect. 

In addition, it is necessary to represent 
the mechanical interaction of objects in terms of 
a small, well-defined set of relationships. Since 
we want to represent a world changing over 
time, these relationships must be dynamic, and 
include links between objects that signify sup­
port, contact, containment, epsilon-proximity, 
and whether one object is a part-of, or a 
movable-part-of another. The part-of 
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relationship may well apply to objects that are 
themselves complicated assemblies, each with 
their own structural description, e.g., an engine 
is part-of a car. 

Lastly, in order to do simple motor prob­
lem solving, we want to embed commonsense 
knowledge in object descriptions. That is, we 
want to be able to encode such knowledge as 
"One usually leaves a room by finding and 
opening the door." * Such knowledge represents 
cultural information learned by individuals early 
on; it is "common knowledge" we all know 
about doors. It is appropriate to associate such 
information with the objects themselves. That 
is, in addition to modeling the physical and 
geometric properties of a microworld, the world 
knowledge base must contain cultural informa­
tion attached to objects as well. We are 
currently investigating techniques for encoding 
such information in terms of uniform 
behavioral descriptions for all the objects con­
tained in the generalization lattice. 

4.5. Text-Mediated and De~ce-Mediated 
mterac:tion 

The power of an animation system derives 
ultimately from its available abstraction 
mechanisms and the implementation of adaptive 
movement, not simply by providing the anima­
tor with joysticks, knobs and dials. Much bas 
been made of device-mediated interaction in 
computer graphics, especially in early work 
(e.g.[31,32])" begun at a time when Fortran 
or assembly code may have been the only alter­
native means of human-machine communica­
tion. However, language will probably remain 
the medium of choice for describing algorithms 
and complicated spatial, temporal, and 
behavioral relationships. Much of the objection 
to text-mediated interaction really is an objec­
tion to typing. Progress in improving the 
ergonomics of the typewriter keyboard and ulti­
mately, developments in speech recognition will 
go a long way towards ameliorating this aspect 
of the human-machine interface. 

At the same time, there are many func­
tions, e.g., picking, locating, and sketching, for 
which the the graphical gesture clearly is the 
preferred mode of interaction. Perhaps the 

• This is not always me case in animation, of course! 
Therefore such representations must be easily modifiable. 
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ultimate example of graphical interaction is that 
of flying a simulated airplane, or steering the 
six-legged walk of a science fiction robot ant 
with a joystick. But these are large simulation 
programs built on a complex set of procedures. 
The user interacts with the top level of a hierar­
chy of abstractions, and it is this organization 
that allows small movements of the operator's 
hand on a joystick to be amplified into a com­
plex of meaningful control signals with such a 
powerful result. 

In the following sections, we will see how 
three levels of control result from the graded 
implementation of adaptive motion and abstrac­
tion mechanisms. 

5. A Three Level Hierarchy for Character 
Animation 

We can classify animation systems as 
being either guiding, animator level, or task 
level systems. (For a similar classification of 
robot programming systems, see [33]). 

5.1. Guiding 

Guiding systems are those with no 
mechanisms for user-defined abstraction or 
adaptive motion. There are a wide range of 
guiding systems, including motion record­
ing[34,35], shape interpolation[4], key­
transformation systems[3, 4,18], and notation­
based systems[36,37]. 

In motion recording, various devices are 
used to acquire kinematic data from a moving 
figure. The kinematic data is then used to con­
trol an animated figure. Such systems are usu­
ally limited to measurements of a restricted 
range of human movement in a laboratory set­
ting, but offer a potentially rich source of data 
on human· motion. Shope-interpolation (also 
known as "metamorphosis") is the 3-D analog 
of 2-D k.eyframing. Where there is a one-to­
one correspondence between the points and 
faces of separate objects, inbetween frames can 
be computed by interpolating between the data 
points of the two objects. In key-transformation 
systems, whole objects are manipulated by 
affine transformations. Inbetween frames are 
generated by interpolating the transformation 
parameters and transforming the objects. Such 
systems usually allow the specification of 
transformation hierarchies, making articulated 
motion possible. In such key pose systems, e.g., 
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BBOP, a p-curve facility[31] is provided so that 
the user can graphically specify velocities. 
Notation-based systems are an example of text­
mediated guiding in which the user describes a 
movement in a choreographic notation or an 
alphanumeric equivalent (i.e. [34]). 

5.1.1. Limitations of Guiding Systems 

In guiding systems, the animator must 
specify in advance the details of motion. This is 
reasonable only in a relatively featureless 
environmenL Suppose a human character is to 
walk over rough terrain. Walk cycles are not 
difficult to generate using keyframing or shape 
interpolation, but in this case, the walk cycle 
changes with each step, requiring a large 
number of intermediate configurations to ensure 
that the motion looks righL This is because the 
inbetween frames are computed without regard 
for other objects in the scene. If a foot goes 
through the floor, or the figure walks right 
through a wall, so be iL What is worse, if the 
character is to walk in another direction over 
different terrain, none of the earlier key confi­
gurations can be used. 

In guiding, the animator has nearly com­
plete control over the motion of a figure. 
Because of the nature of the DOF problem, this 
is both a blessing and a curse. The animator is 
free to design an expressive motion sequence in 
toto, but for complicated figures or intricate 
mechanisms this is a demanding or perhaps an 
impossible task, even with a well-designed 
device-mediated interface[38]. 

Most guiding systems include predefined 
procedural abstractions for smoothing motion 
based on one or several spline techniques[39]. 
Often these tools allow the animator to interac­
tively adjust the spline parameters until some 
desired trajectory is achieved. Splining allows 
the animator to more closely simulate the 
dynamics of rigid bodies, e.g., acceleration and 
deceleration due to inertia, friction, or gravity, 
since motion that is linear and jerky doesn't 
look right and is often unpleasant to view. (In 
conventional animation acceleration and 
deceleration are referred to as ease in and ease 
out respectively, and must be calculated by hand 
and from tables). In general, splining provides 
convenient cantrol over the velocity of many 
kinds of transformations, including changes in 
size, shape and color, in addition to changes in 
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posluon and orientation. The value of using 
parameterized curves to control animation was 
recognized early on[31], and the refmement of 
these techniques remains an active area of 
interest (see e.g.[40])., While the use of spline 
curves is a powerful simulation mechanism, 
spline techniques alone are not a general solu­
tion to the. DOF problem, since the control of 
many transformations requires the generation 
and refinement of many splines. 

To date, a number of interesting anima­
tion sequences have been produced using guid­
ing systems at various commercial production 
houses and university laboratories. However, 
since powerful abstraction mechanisms are not 
provided, and because adaptive motion is not 
possible at all, guiding systems do not scale up 
well for use with complicated figures, and their 
utility for controlling animation in complicated 
environments is limited. 

5.1. Animator-Level Systems 

A number of animator level systems have 
been designed to allow the animator to specify 
motion algorithmically. A few of these systeIi1s, 
while not specifically designed as character ani­
mation systems, do provide some measure of 
one or both adaptive motion and abstraction. 

5.1.1. GRAMPS, ASAS, and MIRA 

GRAMPS [41] has no facility for adaptive 
motion, but does allow the construction of 
motion macros based on functional abstraction. 
Joints can be grouped together and their input 
derived from dials, and the motion at the joints 
can be explicitly constrained to lie within some 
range of values. This is a good example of the 
interaction of a guiding mechanism (dials) and a 
functional abstraction (motion macros). While 
not designed as a character animation system, 
GRAMPS has been used to generate interesting 
animation of a human figure. 

Craig Reynolds' ASAS [11] provides a set 
of low-level mechanisms for both abstraction 
and adaptive motion. The actor paradigm expli­
citly provides a general abstraction mechanism 
allowing the definition of transformation hierar­
chies (structural abstraction) and behaviors 
(procedural and functional abstractions). The 
message passing mechanism makes it possible 
to implement adaptive motion, since animated 
entities can report aspects of their physical 
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attributes or their internal states. 

Another recently reported animation sys­
tem, MlRA[S], is based on a programming 
paradigm closely related to actor-based systems, 
namely, the data abstraction[12]. MIRA pro­
vides a set of important abstraction facilities' 
nearly identical to those of ASAS. While MIRA 
is not a message-passing system, the animator 
can set and examine the values of variables (of 
various data types), so that attributes of figures 
and objects can be used to influence the genera~ 
tion of movement. 

5.2.2. TEMPUS 

The group led by Norman Badler at the 
U Diversity of Pennsylvania has long been 
involved in research on representing and por­
traying human movement. They have developed 
TEMPUS[42,43], a system for analyzing and 
displaying the movements of realistic human 
figures in a workspace. While not a general­
purpose animation system, TEMPUS has 
sophisticated features for defining and modify­
ing human figures, and for resolved motion 
control. 

Because the domain of TEMPUS is res­
tricted, unlike MIRA and ASAS, to positioning 
and orienting human figures, TEMPUS can be 
largely device-mediated. Users pick actions 
from a graphically displayed menu, and control 
motions using displays of simulated potentiome­
ters. Available movements are rotation and 
translation of the whole figure, rotations at 
selected joints, and resolved motion of the 
limbs. 

TEMPUS has no facilities for adaptive 
motion, and abstraction mechanisms available to 
the animator are limited to a parameterless 
macro facility which allows the user to group 
movement commands. The implementation of a 
flexible resolved motion algorithm for position­
ing the limbs of a human figure is an important 
step towards task-level animation. 

5.2.3. Discussion 

Because it is possible to implement adap­
tive motion, and to define structural, functional 
and procedural abstractions, animator level sys­
tems provide significant improvements over 
guiding in terms of the DOF problem. But as 
usual, there is a trade-off. Guiding systems are 

Zeltzer 

relatively easy to learn and use, but lack the 
power to control complicated animation. Ani­
mator level systems, on the other hand, provide 
the computational power of a general program­
ming language but at the same time saddle the 
user with all the problems so closely associated 
with software development. Thalman et al note 
that "it took 14 months to produce [a] 13-
minute film," certainly highlighting the prob­
lem[S]. That is, while it is possible to develop 
complex motion in either ASAS or MIRA, it is 
not necessarily easy, since neither language 
provides explicit, high level support for develop­
ing functional abstractions or adaptive motion. 
Interestingly, Thalman et ale note that they 
found it necessary to integrate a guiding system, 
MUTAN[44], into their production scheme. I 
will have more to say about integrating control 
modes later on. 

5.3. Task Level Animation 

At the task level, the animation system 
must schedule the execution of motor programs 
to control characters, and the motor programs 
themselves must generate the necessary pose 
vectors. To do this, as we have seen, a 
knowledge base of objects and figures in the 
environment is necessary, containing informa­
tion about their position, physical attributes, 
and functionality. 

In[ 45] I outline one approach to task level 
animation in which motor behavior is generated 
by traversing a hierarchy of skills (represented 
as frames [46] or actors [47] in an object­
oriented system) selected by rules which map 
the current action and context onto the next 
desired action. Albus of the Bureau of Stan­
dards has designed a robot control system based . 
on a hierarchy of table-driven computing ele- . 
ments[48]. Powers has outlined a behavioral 
control hierarchy based entirely on ser­
vomechanism theory[49]. Both of these latter 
approaches seem to work well at the lower lev­
els of motor control and what we might call 
instinct-driven behavior, but seem rather vague 

. when it comes to behavior requiring symbolic 
interaction with the environment. 

Task level motor control is a difficult 
problem under study by cognitive scientists, 
roboticists, and of course those interested in 
high level animation systems. In the near term 
we can expect the development of prototype 

-8-



, . 

3-D Animation 

systems capable of generating rather simple 
behaviors. How well such systems scale up 
depends on our understanding of the motor con­
trol problem itself. 

With task level control, the animator can 
only specify the broad outlines of a particular 
movement and the animation system fills in the 
details. Whether this approach is appropriate 
depends on the particular application. A non­
expert user may be satisfied with the 'default' 
movements and figures the system provides if he 
or she can produce, in a reasonable amount of 
time and at a reasonable cost, an animation that 
gets the point across. A 'high-end' user, say, 
in the entertainment industry may want nearly 
total control over every nuance of a character's 
movement to make a sequence as expressive as 
possible. However, control over the expressive 
qualities of movement does not mean that the 
animator needs or wants a pure guiding system 
to generate pose vectors. The anjmator does 
need access to different levels of the control 
hierarchy in order to generate new motor skills 
and to 'tweak' the existing skills. 

6. Integration of Control Modes 

Guiding is the prevalent mode in most 
current interactive animation systems. The 
necessity for integrating all three modes of con­
trol stems from the inability of anyone mode to 
provide complete yet economical control. Guid­
ing is best suited fcir specifying fine details but 
unsuited for controlling complex motion. Ani­
mator level programming is powerful' but diffi­
cult. Task level systems give us facile control 
over complex motions by trading off explicit 
control over the details of motion. 

Part of the solution lies in applying guid­
ing techniques at appropriate points in the 
motion control hierarchy. The key is the ability 
to decompose the movement repertoire into a 
manageable set of hierarchically organized 
skills. The notion of browsers, as implemented 
in Smalltalk[30] or Loops[29] suggests a power­
ful method for attaching guiding controls to 
motor skills. Suppose I have on my RGB moni­
tor a shaded display of a human character. On 
my terminal screen is a representation of the 
structure of the character and its skills. Now 
suppose I trace a curve on the graphics tablet. 
If I specify that that curve represents a particu­
lar joint rotation, -- i.e., I point to the node for 
the little finger on my terminal, I should 
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immediately see on the display the little finger 
of my character wiggling. Suppose now J point 
to the node for "grasping with the left hand" -­
I should see the figure's left hand open and 
close with the velocity I have specified. Lastly, 
if I pick the node labeled "walk", the figure 
should begin to walk across the screen, and this 
time, the curve I have drawn could determine , 
say, the speed of the gait. 

This modular, hierarchical organization 
allows the user to identify the motion qualities 
that need to be adjusted, and at the same time it 
helps to localize the effect of such changes. 
This calls for a uniform representation of motor 
skills that incorporates, for each skill, a specifi­
cation of the kinds of adjustments that are possi­
ble, and, in addition, a uniform set of mechan­
isms, e.g., p-curves, for interacting with skills. 

7. Conclusion 

I have presented a conceptual analysis of 
the domain of three dimensional computer ani­
mation, which is viewed as the process of simu­
lating objects and their behaviors in a 
microworld specified by the animator. The 
degrees of freedom problem is the central issue 
in the coordination of articulated figures. Com­
puter animation systems must be based on the 
appropriate set of domain concepts, namely 
adaptive motion and the five abstraction 
mechanisms, to enable the animator to define 
and manipulate interesting characters and 
environments in an expressive way. 

The discussion of the three control modes 
suggest criteria for good guiding and animator 
level systems. Guiding systems have received 
the greatest attention to date -- the notion of an 
interactive, device-mediated· interface has come 
to be view~ almost as a standard way of com­
municating with computers, as evidenced by the 
popularity of the "mouse-and-window" style of 
computing. In general, however, guiding 
should be seen as a mechanism for developing 
and controlling the behavior of complex sys­
tems, rather than just picking points, drawing 
lines, or generating scalar values for various 
transformation parameters. As suggested in 
above, we want to be able to attach the output of 
a physical input device at arbitrary levels of a 
behavioral hierarchy. While the meaning of a 
gesture depends, of course, on the process that 
is viewing it, the hard question is to find an 
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appropriate set of parameters for controlling a 
complex process, for example, facial expres­
sions[50,51]. Once a natural control set has 
been determined, it is not hard to use input dev­
ices to generate parameter values interactively. 
There are two complementary design themes: 
How can we "plug in" guiding mechanisms to 
drive a given complex behavior? How can input 
device modules serve as standard "gesture 
amplifiers" that can be easily redirected to vari­
ous functions of the figure control hierarchy? 

An animator level language should incor­
porate the design features and principles we 
expect in a powerful programming language. 
Concealing the programming task from the user 
or sugar-coating the syntax is not nearly as 
important as providing the expressive power 
needed for animation. This is not the place for 
a discussion of the future of automatic program­
ming, nor of the merits of the latest program­
ming paradigm. The point is that the algo­
rithmic description of behavior -- "Do this, then 
do that" -- is an essential and fundamental way 
to communicate about movemenL More often 
than not the so-called "naive user" will quickly 
learn the syntax of an animation language only 
to become frustrated because the language is not 
powerful enough. Animation level languages 
and systems should therefore combine what we 
know about software technology with the 
mechanisms appropriate to motion control -­
e.g., functional abstraction and adaptive motion. 

Finally, adaptive motion in the form of 
collision testing, and resolved motion should be 
implemented, at least in part, as basic elements 
of any 3-D computer animation system. 

The art and science of 3-D computer ani­
mation continues to evolve towards the simula­
tion of hypothetical worlds complete with physi­
cal laws and figures possessing behavioral 
repertoires. It is by learning to construct and 
control these simulations that we give computer 
animation its expressive power. 
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Objectives 

The purpose of this paper is to describe a 
new area of computer music research -- one which 
is certain to become a major territory for future 
work. The research objective can be clearly 
stated: 

to understand the dynamics of live ensemble 
performance well enough to replace any member 
of the group by a synthetic performer (i.e. a 
computer model) so that the remaining live 
members cannot tell the difference. 

The import of this advance is to move computer 
music clearly into the arena of live music per­
formance. I mean here to break clear of the 
"music-minus-one" syndrome that characterizes 
tape and instrument pieces of the present: I 
also mean to recognize "the computer's potential 
not as a simple amplifier of low-level switching 
or acoustic information (keyboards and live audio 
distortion), but as an intelligent and musically 
informed collaborator in live performance as 
human enquiry. 

The circumstance prompting this research has 
been an IRCAM ccnmission to compose a work for 
flutist Larry Beauregard, along with access to 
the 4X real-time audio processor. My immediate 
instinct was to return to concepts and real-time 
software principles I had developed in 1972, 
while working on the design of a large digital 
synthesizer with real-time performer control. 
Although the present implementation is written in 
C and runs under RT-ll on the PDP-II/55 control­
ling the 4X, the principles remain the same as 
then, and could similarly be applied to any other 
target system. 

The control structure for modelling a syn­
thetic performer has three main parts: 

I LISTEN: 
1. Catch and parse incoming live events. 
2. Extract tempo,. score position, loudness, 

etc. 

II PERFORM: 
1. Set new performance tempo, loudness, phras­

ing. 
2. Organize the computer performance. 

M.I.T. 
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III LEARN: 
1. Observe unexpected Listen behavior or Per­

form difficulty. 
2. Keep as adjunct to the full score for future 

preparedness. 

The three areas will now be described in more 
detail. 

1. The Synthetic Listener 

Catching and parsing a sequence of events 
played by a professional flutist implies pitch 
detection at a speed almost impossible for audio 
methods alone. The strategy here was to employ 
two additional sources of data: fingering infor­
mation, and a musical score. Through a series of 
optical sensors installed on the keys by flutist 
Larry Beauregard, the list of possible sounding 
pi tches was reduced to three." By piping the 
audio signal into three appropriate filters, the 
4X could then resolve the ambiguity in about 35 
milliseconds. 

Both pitch and time information were next 
jointly mapped onto elements of the score, in 
such a way as to permit reasonable variance by 
the live performer. Music recognition turns out 
to require a significant degree of rhythmic elas­
ticity, combined with smaller amounts of rhythmic 
and pitch fault tolerance. Recorded errors of 
two or more notes should automatically induce 
more rigorous pattern matching, sometimes exten­
sive relocation. In the event of complete dis­
tress, the best strategy is to hold the current 
course until something recognizable occurs. 

Extracting a sense of tempo from such a 
matched sequence requires further absorption of 
effects like agogic time shift. Time shifts 
observed within a beat can be weighted by posi­
tion: modifications in the early part of a beat 
generally have less tempo significance than those 
occurring towards the end. Once a new Listen 
tempo has been determined and found reasonable, 
it is then posted for Synthetic Performer c0n-
sideration. . 
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l. The Nature of Performance 

Detemining the correct Synthetic Perfotmer 
tempo involves two levels of action. First, at 
12 milliseconds intervals the posted Listen tempo 
(in the form of a beatsize) is sampled and accu­
IIDllated in beat-bins. This serves to integrate 
tempo over time with fairly high resolution. 
Then, about once every 200 milliseconds the beat­
bins are used to determine the apparent Live Per­
fotmer score position. This is compared with the 
Synthetic Perfotmer score position, and an 
a~priately graceful catch-up action deter­
mined. Just five or so such determinations per 
second seems to represent adequately the manner 
in which perfotmers do this kind of thing. 

Modelling the physiology of performance is a 
shade more tricky. My view is that the events of 
an intended performance remain in strict metrical 
terms until just mc:ments before action, when they 
are suddenly converted to physiological control 
objects that are impossible to retract. The 
period during which the human is involved in the 
physiological gesture of performance will depend 
on the person and on the device, but is sanewhere 
about one-tenth of a second. In my performance 
model, once a scored event has crossed this 
threshold it virtually explodes into a cluster of 
active object modules, each representing sane 
aspect of the event (rise time, transient 
effects, frequency and loudness curves) and each 
needing CPU service. The processor honors these 
requests on a priority queue basis, sending cen­
trol data to time-tagged buffers conceptually 
residing in the synthesizer itself. 

Learning to Inprove 

The network of Control Processes represent­
ing the above can be regarded as modelling a 
neural organism that is strictly instinctive, 
without learned response. The most demanding 
test of a Synthetic Perfotmer is how well it 
behaves in the absence of previously gathered 
information - by sight-reading,' as it were, on 
the concert stage. Although one cannot avoid 
imbedding sane stylistic bias in real-time pr0-
grams during the course of their developnent, 
there has been a painstaking effort here to limit 
its effect. For example, despite the test pieces 
being primarily fran the late Baroque (Bandel and 
W.F • Bach flute sonatas), the system was able to 
respond equally well to contemporary literature 
(Boulez Sonatine). 

I initially included a learning strategy in 
the Synthetic Perfotmer, but that code generally 
remains disabled because it canplicates the 
development and testing of the instinctive model. . 
Once those aspects manage to exhibit a suitably 
high level of robustness, I plan to further 
develop the adaptive and learned reponse mechan­
isms. I expect that the addition of learned 
responses to particular scores and to recognized 
live input will vastly improve the measurable 
musicianship of the synthetic Performer. I hope 
to report on such developments in the future. 
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Meanwhile, this paper concludes with a 
demonstration of grossly different performances 
of a Handel flute sonata - the flute part played 
live by Larry Beauregard, and the harpsicho~ 
accompaniment offered in reponse by a synthet1c 
perfotmer. 
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Synthetic Rehearsal: Training the Synthetic 
Perlormer 

Barry Yer:coe It lIiller Puckette 
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1. ABSTRACT 

Computer tracking of live instruments aims to understand 
the dynamics of live performance well enough to replace 
any member of an ensemble by a synthetic performer 
(computer model) so that the others cannot tell the 
dit!erence. Modelling the performer experience has· 3 
major parts: listen (extract temporal and other cues from 
the other players), per/arm {or~anize a synchronized and 
suitably matched performance), and learn (remember 
enough of each experience to benefit future encounters). 

While encouraging progress has been made on parts 1 and 2 
(Vercoe, 1984). methods to date have relied exclusively on 
highly-sensitive live tracking. There has been no learning 
or training capacity to allow the benefits of previous experi­
ence. The synthetic performer is essentially "sight reading 
every time" on the concert stage. 

'lb1s paper ouUines a method of integrating past and 
present experience into new stralegies of rehearsal and 
improved performance. During d. performance run, past or 
learned information is used to sensitize the perceptual and 
cognitive components. giving them a bias towards certain 
expected live input behavior. Eventual pitch contour 
matching and durational best fit are thus made easier and 
more robust. As before. rhythmic elasticity, and both pitch 
and rhythmic fault tolerance. are a necessary part of a 
practical performance system. 

1. BACKGROUND AND OVERVIEW 

During 1983-84, research was conducted jointly at the Insti­
rut de Recherche et CooTtti:n.ation Accru.stique/l.tusique in 
Paris. France. by Barry Vercoe (MIT) and Lawrence Beaure­
gard (nutist of the IRCAM Ensemble Intercontemporalne). 
The objective was to understand the dynamics of live 
ensemble performance well enough to replace any member 
of a ,roup by a synthetic performer {Le. a computer 
model) so that that the remaining live members could not 
tell the dit!erence. This aimed to break clear of the 
"music-minus-one" syndrome that has characterized tape 
and iDBtrument pieces of the past. and to recognize the 
machine's potential not as an amplitler of low-level switches 
and keys. but as an intelligent and musically informed pol­
laborator in live performance. 

The research was carried out using standard repertoire 
(tlute sonatas by Handel and Yf.F.Bach) in which the nute 
part was played live and the responding harpSichord part 
was "performed" by a strictly synthetic accompanist. The 
motivation for the work was an lRCAM commission for Ver­
coe to compose a work, !Jvn.rrpse, for Larry Beauregard and 
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the 4X real-time audio processor. Proof of how well the 
computer can behave as chamber music player in both 
traditional and contemporary contexts was then given in 
public demonstration at the 1984 International Computer 
Music Conference (Vercoe. 1984). 

The live demonstration routinely showed a facile ability to 
track and remain.~ sync with wildly changing tempos. It 
also showed an ability to deal with heavy doses of live per­
former errors, sloppy rhythms and general distortion that 
would likely throw ot! a live accompanist. However. in these 
early implementations there was no data retention from 
one performance run to another: there was no perfor­
mance "memory", and no facility for the synthetic per­
former to learn from past experience. The synthetic per­
former was essentially sight reading on the concert stage 
every time. 

The aim of subsequent research has been to conceive and. 
model a working representation of music rebear'lllll and 
music lelll"DiDg. This has meant rethinking the music 
abstractions so as to more adequately represent strongly 
structured scores, and to more easily model those ele­
ments of cognition and learning that depend heavily on 
structure. However. since many contemporary scores are 
only weakly structured (e.g. unmetered, or multi-branching 
with free decisions). it has also meant development of score 
following and learning methods that are not necessarily 
dependent on structure. This has led to a t1exible score­
following method in which dependence on temporal struc­
ture and on previous rehearsal information can be 
parametrically controlled. 

2. THE ANATOIIT or PERFORIIANCE 

2.1 OrgBlliziDg one's own Contribution 

Live music performance comprises three major parts: 
Perception and cognition of external controls. 
Organizing one's own performance. 
Learning from the experience. 

Although computer synthesis has traditionally specialized 
in organizing a performance, it provides a very poor model. 
Live music performance is decidedly more procedural. and 
many of its aspects remain unevaluated until the last possi­
ble moment in time. The chronological value of a 2-beat 
duration. for instance. is determinable only near the end of 
its performance. This means that the processes which con­
trol time-sensitive parameters (e.g. crescendo over several 
beats) must remain active throughout. and are susceptible 
to outside int1uences (changing tempo, etc.) at any time. In 
order to construct a synthetiC performer. we must first 
understand the anatomical principles that drive real per­
formers. 
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ftgure 1. 

The anatomical functions of a performance are depicted in 
Fig. 1. A musical note is initially understood as some futtll'e 
event, its distance away measurable only in beats. As the 
moment of performance draws near and the beat-detlned 
event is drawn into active short··term memory, it passes a 
point where It can safely be given chronological definition 
("can"). At this point the performer sets in motion the 
motor reftexes that commit.him to the note's performance. 
The decision to perform may be delayed slightly, but not 
past a certain critical point ("must") whic~ is the last 
chance to initiate the physical gesture that will deliver the 
note on time. The values of "can" and "must" in relation to 
the time of actual sound will depend respectively on the 
responsive sensitivity of the intended performance and on 
the physical inertia of the instrument and player con­
cerned. Values of two-tenths and one-tenth of a second 
from actual sound are reasonable for a typical music situa­
tion. 

The above scheme has been strictly represented in our syn­
thetic performer system. The target instrUment used in 
our studies has been either a digital model residing on a 
powerful audio processor (the mCAM 4X), or a Yamaha DX7 
synthesizer under MIDI control. In both cases, data IS 
prepared in advance by a host processor and left in time­
tagged bu1fers for automatic transfer to active state 
memory. The performer is modelled as a set of control 
processes running on the host processor. These sense 
external conditions and generate instrument update data 
values. Whenever an event crosses the "can" boundary, It 
bursts into life by spawning a host of some 20 active objects 
representing the multiple facets of a single sensitively per­
formed note. These active objects compete for computing 
resources of a single CPU. Since they must do so in the 
"can-must" time span. the system is sensitive to the notion 
of performer overload. 

2.2 Usten-Perform S}nchraDization 

Computer performance of music can easily demonstrate 
that strictly synchronous behavior lacks much of the infor­
mation we routinely seek from live performance. It is as if 
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the musical score acts as a carrier signal for other things 
we prefer to process. Much of this information derives 
from discrepancies between individual players. The degree 
of synchronization will vary as the live performer shifts the 
focus of his attention about. However, it is meaningful to 
ask: 'what are the tolerances involved, and what is the 
peak rate at which a skilled performer adjusts to incoming 
data?' The adjustment has an automatic throttle: upon 
sensing discrepancy, a performer will seek an aesthetic way 
of adapting, so as to preserve the integrity of his own line. 
How independent he can remain depends on what the score 
warrants and supports. We have here, in effect, a loosely­
coupled system of performance and control. whose param­
eters depend on the topology of the score involved. 

Listen-perform synchronization Is based on two percep­
tions: currently observed tempo, and currently observed 
score position. Given an a~urate observed tempo. and a 
comparison of the relative score positions. it is possible to 
determine by how much the synthetic performer should 
speed up or slow down. However. rhythmic time-shifts 
(either stylistiC or in error) can distort both of these obser­
vations. and our initial synthetic performer implementation 
devoted considerable CPU attention to dealing with these 
aberrations. Many aberrant conditions can be described in 
the form of if-then productions. and much of our earlier 
success was due to this strategy. However. other quirks of 
interpretation can turn out to be quite localized and 
unsuited to such representation. even though they would 
likely occur at the same place in every performance of a 
given piece. These special moments catch a memoryless 
synthetic performer by surprise every time. Further pro­
gress on how skilled performers relate to one another is 
almost impossible without better models of score following. 
rehearsal and learning. 

3. SCORE FOLLOWING 

The problem of following a live player is complicated by the 
fact that neither the performer nor the sensors on his 
Instrument are free from errors. As we move to the ulti­
mately desirable situation in which we use only acoustic 
information from the performer. the frequency and magni­
tude of errors in the score tracker's input will increase. 
The success of the synthetic performer will be limited by 
our ability to reject errors while remaining sensitive to the 
useful information available. 

Errors. both from the performer and from sensors. can be 
divided into qualitative errors (missing. extra. or wrong 
notes) and quantitative ones (early and late notes.) To 
reject the former it IS sufficient to identify them; then we 
can ignore notes which do not correspond to the score. and 
use the timing information which is present even in wrong 
notes. Our best protection against quantitative error is to 
reduce it through averaging. 

Our main desire is to extract reliable estimates for tempo 
and current beat. updating them as new events arrive. This 
amounts to finding our location in the score as a function r{J 

of time. which best tits the observed data. To do so we need 
to define a measure of how closely a theory about the 
current tempo and score position fits the incoming data. 

Suppose that a part of the score is given by 
HSt.%I) •... (s ... :,.)I. where (s .%) denotes the event. 
"object % arrived at time s ." Suppose that we detect a per­
former as playing the sequence. Wt.lIt) •... (t""y",)I. We 
want a thBtrry of the form, HIIo.~)I. al<l1z<···. 
b t <b2< ...• which is taken to mean. "The event (t.,.Y.,) 
played by the performer corresponds to the event (sA!'~) 
in the score." 



W~ assign to such a theory a cost, which measures its devi­
atlen from what we imagine to be a good performance. 
~st we charge for combinatorial errors: Pm for each note 
m the score which is missing from the performance, p, for 
each extra note in the performance, and p,.. for each wrong 
note (1.e. whenever Zas"1l~ .) To this we add the cost asso­
ciated to metrical errors. 'We choose nonnegative weights 
I~ j and take th~ least-squares flt of a line through the 
points (a, ,t,), weighted by 1Il(. This line, t =ps +q say, 
represents an assumption of a locally constant tempo of P 
real seconds per score second. The metrical cost of the 
theory is a constant PI times the deviation of the (Si,t,) 
from the line t=ps+q; we measure this deviation as 

~, where ""At are the minor a~ major moments of 

Is"t,,'IU(I. We find that we will want to drop some points out 
of this linear fit, which meanS that we are ignoring the 
times at which the performer plays some notes. To do this 
to a note which is right we charge another constant P". and 
U it.is wrong (in which case we are more willing to ignore its 
timing) we charge P..... The cost of the theory is the sum of 
all the above charges. 

The problem of tracking the performance is that of doding 
the least cosUy theory. We then use the values of P and q 
associated to that theory either to predict what the per­
former will do next or to schedule the performance of an 
accompaniment. 

Since tempo is not a global constant but is only nearly con­
stant over short stretches of time, we actually wish to form 
a new theory associated to each note the performer plays. 
We choose the weights 1Il( to emphasize recent events over 
ones further in the past, thus keeping our tempo measure­
ments local. We thus constanUy update our estimates for 
tempo and. current beat on the basis of fresh data. 

Finding the absolute optimum theory for a note in a score 
of nontrivial size is probably intractable, but we have found 
~ .algorithm which works well in practice. For each pair 
('I.,,) we find the best theory we can fltting the first i events 
in the performance to the drst; events in the score. We 
choose the cheapest of four theories. First, the pair (i,;) 
might be a point of true correspondence between the score 
and the performance. The cost of this theory is the com­
binatorial cost of the best (i-l,; -1) theory plus p,.. if the 
current note Is wrong plus the cost of a linear tit of (iJ) 
with the other correspondences in the (i-l,;-l) theory. 
Second, (i,j) might be a correspondence whose time we 
wish to ignore; in this case we leave it out of the linear flt 
but add a charge of p". or p..., depending on whether the 
'note is right or wrong. Third, the ith note of the perfor­
mance might be an extra note; hence we add 1'. to the cost 
of our best (i-l,;) theory; and tlnaUy the ;th note of the 
score could be omitted, costing Pm plus the cost of the best 
(iJ -1) theory. 

This algorithm is a fusion of the purely combinatorial one of 
Dannenberg (1984) with our own methods for following both 
pitches and rhythms (Vercoe, 1964). As such, it is able to 
combine hints from the two regimes to keep it in the 
closest possible synchrony with the performer. Via the 
mechanism of the ~arameters Pm, p, , p,.., Pc and PI, we may 
tune the algorithm. to the specidc tendencies of a 
performer/sensor pair. For example, if it is known that we 
almost never get extra notes, we will improve performance 
by increasing p" for the algorithm will rarely lie that a note 
is missing then. Our current setting is p,=p".=p,..=l, 
p".=.4, p".,=.15. and PI =10. 
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In this way we can foUow a performer. That is to say. if the 
performer plays his score without too many mistakes and 
with~ut rapidly changing his tempo, we can approximate 
his InStantaneous tempo and score position at any time. 
But we will still be sensitive to two elements of the perfor­
mance which do not convey information about tempo and 
which we should be able to reject. First, a human per­
former realizes music in part by giving it a rhythmic 
microstructure; we should not try to follow this as a chang­
ing tempo from note to note but should learn to expect it 
and account for it when we track the performer. Second, 
there is the truly nonrepeatable microstructure. Even 
though we believe that this is musically essential we do not 
wish it to fool our following. The natural way to do this is to 
use memory of past performances constructively. 

4. REHEARSAL. MEIIORY' AND lEARNING 

4.1 St.oriDc the Ezperience 

'Without information from previous performances, the Syn­
thetic Performer's view of allOther performer's part will 
remain a prescribed contextual record. The score will be 
only minimally structured, conveying only the barest of 
syntactic features and nothing of performance or semantic 
interpretation. Every live performance heard, then, is at 
odds with this score, and reqUires the full services of facile 
though transient interpreters to maintain a reliable sense 
of score position. There is 1lO learning from experience. 
The condition is typlded by consecutive performance runs 
that are identically surprised by the same idiosyncratic 
input. 

The tlrst step towards admitting rehearsal as a determinant 
of subsequent expectations is to save away as much rehear­
sal data as might be useful. In the temporal domain. the 
information is of two major kinds: rhythmic aberration. and 
teD;Jpo warping. The two are llOt distinct. and one can 
easily be mistaken for the other in small localized contexts. 
The perceptual trick is to constanUy gauge the effective 
tempo and. current score position. then to regard the 
remaining distortions as rhythmic. As each incoming note 
is recognized in the score, the beat fraction by which the 
event is earlier or later than expected is written into its 
performance record. This amount is strictly a di1!erence 
index with respect to the currently believed score position. 
There is 1lO attempt to amend it on the fly, even in the face 
of changing opinion. 

4.2 Poat-Performaace Jlemory If apagiDg 

The effect of rehearsal on musical ·memory is to permit 
coastruction of new semantic concepts that will help del­
ineate the score in its next performance. We can use the 
rehearsal data to improve future tempo detection, for 
example, by gathering statistics about how the perfor­
mance of each note in the score tends to relate to the 
extracted tempo. After each performance, we take the 
event list of performer action times and incorporate this 
experience into the score by doing an unrehearsed, non­
real-time tempo analysis of the entire event list. thus giving 
a score position as a function 'I of real time. Since we are 
llOt calculating this in real time, we can look into the future 
to get a more accurate estimate of 'I. For each event (s.,:') 
in the score we collect the sample mean '"' and standard 
deviation ai of the measured discrepancies in score posi­
tion between the observed note and the expected one, or 
s,-rp(ts)' where (i,;) is a correspondence between the real 
acore and the observed one. 
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'lbe first correction we now make is for "". We do tempo 
matching not to the events (s..%() but to the mean­
corrected events (s. -fI'I(,%(). In this way we prevent that 
part of the microstructure of performance which repeats 
from rehearsal to rehearsal from skewing the tempo obser­
vations. 

We use the sample standard deviations a, to guess the rela­
tive streDgth of the correlation between the time the note 
occurs and ~ actual beat it lands on. When we use the 
event's..:.) as part of a tempo determination we weight it 
by arl. since that yields weighted averages of minimum 
variance. 

In this way. we have used rehearsal memory to aid the 
score follower in precisely the language it can best under­
stand. Since the follower sees its problem as one of finding 
a best tit between theory and observation. the most useful 
information we can give it is an estimate of how much on 
the average the data fails to meet the theory and at what 
points the data is more or less important to match. Similar 
memory massaging strategies can be used for other infor­
mation tracks. 

5. CONCLUSION 

We have described a method of tracking live performers in 
such as way that they may be accompanied by synthetic 
performers that learn from rehearsals. Continual semantic 
reinterpretation of a piece under rehearsal is a complex. 
data intensive task. and a fully representatIve 
interpretation requires numerous rehearsals before the 
gathered statistics reliably anticipate live performer 
behavior. When that point is reached. however. the syn­
thetic performer can be described as a well-rehearsed 
musical colleague. capable of robust yet sensitive colla­
borative performance. 

Eventually it should be possible to develop a synthetic per­
former that would not require priming with a written score 
of what initially to listen for. Chamber music players typi­
cally perform from single part-books. bullding their sense 
of the full score strictly from Ute experience of rehearsal. 
In that this appears to be a prime rO)lte by which those 
players inform their overall performance. we would eventu­
ally like to understand a little of how that works. 
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