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Behavioral and cognitive modeling for virtual characters is a promising field. It significantly

reduces the workload on the animator, allowing characters to act autonomously in a

believable fashion. It also makes interactivity between humans and virtual characters more

practical than ever before. In this paper we present a novel technique where an artificial

neural network is used to approximate a cognitive model. This allows us to execute the model

much more quickly, making cognitively empowered characters more practical for interactive

applications. Through this approach, we can animate several thousand intelligent characters

in real time on a PC. We also present a novel technique for how a virtual character, instead of

using an explicit model supplied by the user, can automatically learn an unknown behavioral/

cognitive model by itself through reinforcement learning. The ability to learn without an

explicit model appears promising for helping behavioral and cognitive modeling become more

broadly accepted and used in the computer graphics community, as it can further reduce the

workload on the animator. Further, it provides solutions for problems that cannot easily be

modeled explicitly. Copyright # 2004 John Wiley & Sons, Ltd.
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Introduction

Virtual characters are an important part of computer

graphics. These characters have taken forms such as

synthetic humans, animals, mythological creatures, and

non-organic objects that exhibit lifelike properties

(walking lamps, etc). Their uses include entertainment,

training, and simulation. As computing and rendering

power continue to increase, virtual characters will only

become more commonplace and important.

One of the fundamental challenges involved in using

virtual characters is animating them. It can often be

difficult and time consuming to explicitly define all

aspects of the behavior and animation of a complex

virtual character. Further, the desired behavior may be

impossible to define ahead of time if the character’s

virtual world changes in unexpected or diverse ways.

For these reasons, it is desirable to make virtual char-

acters as autonomous and intelligent as possible while

still maintaining animator control over their high-level

goals. This can be accomplished with a behavioral model:

an executable model defining how the character should

react to stimuli from its environment. Alternatively, we

can use a cognitive model: an executable model of the

character’s thought process. A behavioral model is

reactive (i.e., seeks to fulfill immediate goals), whereas

a cognitive model seeks to accomplish long-term goals

through planning: a search for what actions should be

performed in what order to reach a goal state. Thus a

cognitive model is generally considered more powerful

than a behavioral one, but can require significantly more

processing power. As can be seen, behavioral and

cognitive modeling have unique strengths and weak-

nesses, and each has proven to be very useful for virtual

character animation.

However, despite the success of these techniques in

certain domains, some important arguments have been

brought against current behavioral and cognitive mod-

eling systems for autonomous characters in computer

graphics.
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First, cognitive models are traditionally very slow to

execute, as a tree search must be performed to formulate

a plan. This speed bottleneck requires the character to

make suboptimal decisions and limits the number of

virtual characters that can be used simultaneously in

real time. Also, since a search of all candidate actions

throughout time is performed, it is necessary to use only

a small set of candidate actions (which is not practical

for all problems, especially those with continuous action

spaces). Note that behavioral models are currently more

popular than cognitive models, partially because they

are usually significantly faster to execute.

Second, for some problems, it can be very difficult and

time consuming to construct explicit behavioral or cog-

nitive models (this is known as the curse of modeling in

the artificial intelligence field). For example, it is not

uncommon for behavioral/cognitive models to require

weeks to design and program. Therefore, it would be

extremely beneficial to have virtual characters be able to

automatically learn behavioral and cognitive models if

possible, alleviating the animator of this task.

In this paper, we present two novel techniques. In the

first technique, an artificial neural network is used to

approximate a cognitive model. This allows us to exe-

cute our cognitive model much more quickly, making

intelligent characters more practical for interactive ap-

plications. Through this approach, we can animate

several thousand intelligent characters in real time on

a PC. Further, this approach allows us to use optimal

plans rather than suboptimal plans.

The second technique we introduce allows a virtual

character to automatically learn an unknown behavioral

or cognitive model through reinforcement learning. The

ability to learn without an explicit model appears pro-

mising for helping behavioral and cognitive modeling

become more broadly used in the computer graphics

community, as this can further reduce the workload on

the animator. Further, it provides solutions for problems

that cannot easily be modeled explicitly.

In summary, this paper presents the following origi-

nal contributions:

* a novel technique for fast execution of a cognitive

model using neural network approximation;

* a novel technique for a virtual character to auto-

matically learn an approximate behavioral or cogni-

tive model by itself (we call this offline character

learning).

We present each of these techniques in turn. We begin by

surveying related work. We then give a brief introduction

to cognitive modeling (as it is less well known than

behavioral modeling) and neural networks. Next we

present our technique for using neural networks to ra-

pidly approximate cognitive models. We then give a brief

introduction to reinforcement learning, and then present

our technique for offline character learning. Next we

present our experience with several experimental appli-

cations and the lessons learned. Finally, we conclude with

a summary and possible directions for future work.

RelatedWork

Previous computer graphics research in the area of

autonomous virtual characters includes automatic gen-

eration of motion primitives.1–7 This is useful for redu-

cing the work required by animators. More recently,

Faloutsos et al.8 present a technique for learning the

preconditions from which a given specialist controller can

succeed at its task, thus allowing them to be combined

into a general-purpose motor system for physically

based animated characters. Note that these approaches

to motor learning focus on learning how to move to

minimize a cost function (such as the energy used).

Therefore, these techniques do not embody the virtual

characters with any decision-making abilities. However,

these techniques can be used in a complementary way

with behavioral/cognitive modeling in a multilevel

animation system. In other words, a behavioral/cogni-

tive model makes a high-level decision for the character

(e.g., ‘walk left’), which is then carried out by a lower-

level animation system (e.g., skeletal animation).

A great deal of research has also been performed in

control of animated autonomous characters.9–12 These

techniques have produced impressive results, but are

limited in two aspects. First, they have no ability to

learn, and therefore are limited to explicit prespecified

behavior. Secondly, they only perform behavioral con-

trol, not cognitive control (where behavioral means re-

active decision making and cognitive means reasoning

and planning to accomplish long-term tasks). Online

behavioral learning has only begun to be explored in

computer graphics.13–15 A notable example is Blumberg

et al.,16 where a virtual dog can be interactively taught

by the user to exhibit desired behavior. This technique is

based on reinforcement learning and has been shown to

work extremely well. However, it has no support for

long-term reasoning to accomplish complex tasks. Also,

since these learning techniques are all designed to be

used online, they are (for the sake of interactive speed)

limited in terms of how much they can learn.

To endow virtual characters with long-term reason-

ing, cognitive modeling for computer graphics was

J. DINERSTEIN ET AL.
* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

Copyright # 2004 John Wiley & Sons, Ltd. 96 Comp. Anim. Virtual Worlds 2004; 15: 95–108



recently introduced.17 Cognitive modeling can provide

a virtual character with enough intelligence to automa-

tically perform long-term, complex tasks in a believable

manner.

The techniques we present in this paper build on

the successes of traditional behavioral and cognitive

modeling with the goal of alleviating two important

weaknesses: performance of cognitive models, and

time-consuming construction of explicit behavioral and

cognitive models. We will first present our technique for

speeding up cognitive model execution through approx-

imation. We will briefly review cognitive modeling and

neural networks, and then present our new technique.

Introductionto
CognitiveModeling

Cognitive modeling17–20 is closely related to behavioral

modeling, but is less well known, so we now provide a

brief introduction. A cognitive model defines what a

character knows, how that knowledge is acquired, and

how it can be used to plan actions. The traditional

approach to cognitive modeling is a symbolic approach.

It uses a type of first-order logic known as ‘the situation

calculus’, wherein the virtual world is seen as a se-

quence of situations, each of which is a ‘snapshot’ of the

state of the world.

The most important component of a cognitive model

is planning. Planning is the task of formulating a se-

quence of actions that are expected to achieve a goal.

Planning is performed through a tree search of all

candidate actions throughout time (see Figure 1). How-

ever, it is usually cost prohibitive to plan all the way to

the goal state. Therefore, any given plan is usually only a

partial path to the goal state, with new partial plans

formulated later on.

The animator has high-level control over the virtual

character since she can supply it with a goal state. Note

that to achieve real-time performance it is necessary to

have the goal hard-coded into the cognitive model. This

is because it is necessary to implement custom heuristics

to speed up the tree search for planning (for further

details see Funge et al.17). Therefore, either an animator

and programmer must collaborate, or the programmer

must also be the animator.

This traditional symbolic approach to cognitive model-

ing has many important strengths. It is explicit, has formal

semantics, and is both human readable and executable. It

also has a firm mathematical foundation and is well

established in Al theory. However, it also has some

significant weaknesses with respect to application in

computer graphics animation. Since planning is per-

formed through a tree search, and the branching factor

is the number of actions to consider, the set of candidate

actions must be kept very small if real-time performance

is to be achieved. Also, to keep real-time performance,

we are limited to short (suboptimal) plans. Another

performance problem that is unique to computer graphics

is the fact that the user may want to have many intelligent

virtual characters interacting in real time. In most situa-

tions, on a commodity PC, this is impossible to achieve

with the traditional symbolic approach to planning. An-

other limitation is that it is not possible to have a virtual

character automatically learn a cognitive model by itself

(which could further reduce the workload on the anima-

tor, and provide solutions to very difficult problems).

IntroductiontoArtif|cial
NeuralNetworks

Note that there are many machine learning techniques,

many of which could be used to approximate an explicit

cognitive model. However, we have chosen to use

neural networks because they are both compact and

computationally efficient. In this section we briefly

review a common type of artificial neural network.22 A

more thorough introduction can be found in Grzeszczuk

et al.5 There are many libraries and applications publicly

available* (free and commercial) for constructing and

executing artificial neural nets.

Figure 1. Planning is performed with a tree search of all

candidate actions throughout time. To perform planning in

real time without dedicated hardware, it is usually necessary

to greatly limit the number of candidate actions and to only

formulate short (suboptimal) plans.

*For example, SNNS (ftp.informatik.uni-tuebingen.de/pub/
SNNS) and Xerion (ftp.cs.toronto.edu/pub/xerion).
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A neuron can be modeled as a mathematical operator

that maps Rp!R. Consider Figure 2(a). Neuron j re-

ceives p input signals (denoted si). These signals are

scaled by associated connection weights wij. The neuron

sums its input signals

zj ¼ w0j þ
Xp

i¼1

siwij ¼ u � wj

where u ¼ ½1; s1; s2; . . . ; sp� is the input vector and

wj ¼ ½w0j;w1j; . . . ;wpj� is the connection weight vector.

The neuron outputs a signal sj ¼ gðzjÞ, where g is an

activation function:

sj ¼ gðzjÞ ¼ 1=ð1 þ e�zjÞ

A feedforward artificial neural network (see Figure 2b), also

known simply as a neural net, is a set of interconnected

neurons organized in layers. Layer l receives inputs only

from the neurons of layer l� 1. The first layer of neurons

is the input layer and the last layer is the output layer. The

intermediate layers are called hidden layers. Note that the

input layer has no functionality, as its neurons are

simply ‘containers’ for the network inputs.

A neural network ‘learns’ by adjusting its connection

weights such that it can perform a desired computa-

tional task. This involves considering input–output ex-

amples of the desired functionality (or target function).

The standard approach to training a neural net is the

backpropagation training algorithm.23 Note that it has been

proven that neural networks are universal function

approximators (see Hornik et al.24).

An alternative approach that we considered was to

use the continuous k-nearest neighbor algorithm.21 Unlike

neural nets, k-nearest neighbor provides a local approx-

imation of the target function, and can be used auto-

matically without the user carefully selecting inputs.

Also, k-nearest neighbor is guaranteed to correctly re-

produce the examples that it has been provided

(whereas no such guarantee exists with neural nets).

However, k-nearest neighbor requires the explicit sto-

rage of many examples of the target function. Because

of this storage issue, we opted to use a neural net

approach.

FastAnimationUsingNeural
NetworkApproximationof

CognitiveModels

The novel technique we now present is analogous to

how a human becomes an expert at a task. As an

example, let’s consider typing on a computer keyboard.

When a person first learns how to type, she must search

the keyboard with her eyes to find every key she wishes

to press. However, after enough experience, she learns

(i.e., memorizes) where the keys are. Thereafter, she can

type more quickly, only having to recall where the keys

are. There is a strong parallel between this example and

all other tasks humans perform. After enough experi-

ence we no longer have to implicitly ‘plan’ or ‘search’

for our actions; we simply recall what to do.

In our technique, we use a neural net to learn (i.e.,

memorize) the decisions made through planning by a

cognitive model to achieve a goal. Thereafter, we can

quickly recall these decisions by executing the trained

neural net. Training is done offline and then the trained

network is used online. Thus, we can achieve intelligent

virtual characters in real time using very few CPU cycles.

We now present our technique in detail, first discuss-

ing the structure of our technique, followed by how to

train the neural network, and then finally how to use the

trained network in practice.

Structure

A cognitive model with a goal defines a policy. A policy

specifies what action to perform for a given state. A

policy is formulated as

a ¼ �ðiÞ

Figure 2. (a) Mathematical model of a neuron j. (b) A three-layer feedforward neural network of p inputs and q outputs.
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where i is the current state and a is the action to perform.

This is a non-context-sensitive formulation, which cov-

ers most cognitive models. However, if desired, context

information can also be supplied as input (e.g., the last n

actions can be input). We train our feed-forward neural

net to approximate a specific policy �. We denote the

neural net approximation of the policy �̂� (see Figure 3a).

Note that the current state (network input) and action

(output) will likely be vector-valued for non-trivial

virtual worlds and characters. Further, a logical selec-

tion and organization of the input and output compo-

nents can help make the target function as smooth as

possible (and therefore easier to approximate). Selecting

network inputs will be discussed in more detail later.

Also note that the input should be normalized and the

output denormalized for use. Specifically, the normal-

ized input components should have zero means and

unit variances, and the normalized output components

should have 0.5 means and be in the range [0.1, 0.9]. This

ensures that all inputs contribute equivalently, and that

the output is in a range the neural net’s activation

function can produce.

An important question is how many hidden layers

(and how many neurons in each of those hidden layers)

we need to use in a neural net to achieve a good

approximation of a policy. This is important because

we want a reasonable approximation, but we also want

the neural net to be as fast to execute as possible (i.e.,

there is a speed/quality trade-off). We have found that,

at minimum, it is best to use one hidden layer with the

same number of neurons as there are inputs. If a higher-

quality approximation is desired, then it is useful to use

two hidden layers, the first with 2pþ 1 neurons (where p

is the number of inputs), and the second with 2qþ 1

neurons (where q is the number of outputs). We have

found that any more layers and/or neurons than this

usually provides little benefit.

Note that the state and action spaces can be contin-

uous or discrete, as all processing in a neural network is

real-valued. If discrete outputs are desired, the real-

valued outputs of the network should simply be quan-

tized to predefined discrete values.

Even though cognitive models (i.e., policies) produce

good animations in most cases, there are some cases in

which they can appear too predictable. This is due to the

fact that cognitive models are fundamentally determi-

nistic (mapping states to actions). We now introduce an

alternative form of our technique that addresses this

problem. First note that, in some cases, it may be

interesting to not always perform the same action for a

given state (even if that action is most desirable). Occa-

sional slight randomness in the decision making of an

intelligent virtual character, performed in the right

manner, can dramatically improve the aesthetic quality

of an animation when predictability cannot be tolerated.

However, it is not enough to simply choose actions at

random, as this makes the virtual character appear very

unintelligent. Instead, we do this in a much more

believable fashion with a modification of the structure

of our technique (see Figure 3b). We formulate it as a

priority function:

priority ¼ P�ði; aÞ

The priority function represents the value of performing

any given action a from the current state i under a policy

�. The priority can simply be an ordering of the best

action to the worst, or can represent actual value in-

formation (i.e., how much an action helps the character

reach a goal state). Using a priority function allows us to

query for the best action at any given state, but also lets

us choose an alternative action if desired (with knowl-

edge of that action’s cost). For example, by using the

known priorities of all candidate actions from the cur-

rent state, we can select an action probabilistically. Thus

our virtual character is able to make intelligent, but non-

deterministic, decisions for all situations. However, note

that while this non-deterministic technique is useful, we

focus on standard policies in this paper. This is because

they are simpler, faster, and correspond to the standard

approach to cognitive modeling (i.e., always using the

best possible action in a given state).

Training theNeuralNetwork

We train the neural net using the backpropagation

algorithm with examples of the cognitive model’s deci-

sions (i.e., policy). A naive approach is to randomly

select many examples of the entire state space. However,

this is wasteful because we are usually only interested in

a small portion of the state space. This is because, as a

Figure 3. (a) Neural net approximation of a policy �. The

network input is the current state, the output is the action to

perform. T� and T�� normalize the input and denormalize the

output, respectively. (b) Neural net approximation of a

priority function.
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character makes intelligent decisions, it will find itself

traversing into only a subset of all possible states.

As an example, consider a sheepdog that is herding a

flock of sheep. It is illogical for the dog to become afraid

of the sheep and run away. It is equally illogical for the

sheep to herd the dog. Therefore, such states should

never be experienced in practice. We have found that by

ignoring uninteresting states the neural net’s training

can focus on more important states, resulting in a

higher-quality approximation. However, for the sake

of robustness, it may be desirable to also use a few

randomly selected states that we never expect to en-

counter (to ensure that the neural net has at least seen a

coarse sampling of the entire state space).

To focus on the subset of the state space of interest, we

generate examples by running many animations with the

cognitive model. At each iteration of an animation, we

have a current state and the action decided upon, which

are stored for later use as training examples. We have

found that using a large number of examples is best to

achieve a well-generalized trained network. Specifically,

we prefer to use between 5000 and 20,000 examples. Note

that this is far more than is normally used when training

neural nets, but we found that the use of so many

examples helps to ensure that all interesting states are

visited at least once (or at least a very similar state is

visited). Finally, note that if a small time step is used

between actions, it may be desirable to keep only an even

subsampling of the examples generated through anima-

tion. This is because, with a small time step, it is likely that

little state change will occur with each step and therefore

temporally adjacent examples may be virtually identical.

We used a backpropagation learning rate of �ffi 0.1

and momentum of �ffi 0.4 in all our experiments. Train-

ing a neural net took about 15 minutes on average using

a 1.7 GHz PC. In all of our experiments, an appropriate

selection of inputs to the neural net resulted in a good

approximation of a cognitive model.

Choosing Salient Variables and Features

Training a neural network is not a conceptually difficult

task. All that is required is to supply the backpropaga-

tion algorithm with examples of the desired behavior

we want the network to exhibit. However, there is one

well-known challenge that we need to discuss: selecting

network inputs. This is critical as too many inputs can

make a neural net computationally infeasible. Also, a

poor choice of inputs can be incomplete or may define a

mapping that is too rough for a neural net to approx-

imate well. General tips for input selection can be found

in Haykin,22 so we only briefly mention key points and

focus our current discussion on lessons we have learned

specific to approximation of cognitive models.

The inputs should be salient variables (no constants),

which have a strong impact in determining the answer of

the function. Further, if possible, features should be

used. Features are transformations or combinations of

state variables. This is useful not only for reducing the

total number of inputs but also for making the input–

output mapping smoother. Through experience, we have

discovered some useful features that we now present.

When approximating cognitive models, many of the

potential inputs represent raw 3D geometry information

(position, orientation, etc). We have found that it is very

important to make all inputs rotation and translation

invariant if possible. Specifically, we have found it very

useful to transform all inputs so that they are relative to

the local coordinate system of the virtual character. That

is, rather than considering the origin to be at some fixed

point in space, transform the world such that the origin

is with respect to the virtual character. This not only

makes it unnecessary to input the character’s current

position and orientation, but also makes the mapping

smoother.

We have also found it useful, in some cases, to

separate critical information into distinct inputs. For

example, if a cognitive model relies on knowing the

direction and distance to an object in its virtual world,

this information could be presented as a scaled vector

(dx, dy, dz). However, we have found that in many cases

it is better to present this information as a normalized

vector with distance (x, y, z, d), as the decision-making

may be dramatically different depending on the dis-

tance. In other words, if a piece of information is very

important to the decision-making of a cognitive model,

the mapping will likely be more smooth if that infor-

mation is presented as a separate input to the neural

net. Thus we need to balance the desire to keep the

number of inputs low with clearly presenting all salient

information.

Finally, note that choosing good inputs sometimes

requires experimentation to see what choice produces

the best trained network, as input selection can be a dif-

ficult task. However, recall that if storage is not a con-

cern k-nearest neighbor can be used instead of a neural

network and (as described in Mitchell21) can automati-

cally discover those inputs that are necessary to approx-

imate the target function.

Several practical examples of selecting good inputs

for neural networks to approximate cognitive models

are given in the results section of this paper.
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Using theNeuralNetwork

After a neural net is trained offline, it can be used online

to rapidly recall what action is best to take for any given

state. If the network generalizes properly during train-

ing, it can produce high-quality approximations for

states that were not explicitly represented in the training

set. Further, a neural net of a reasonable size is very fast

to execute, usually requiring far less than a microse-

cond. In fact, it can be executed in a fixed amount of

time, unlike explicit planning with a cognitive model

since a tree search is used (which can degenerate worst-

case to visiting every node in the tree). This fixed-time

feature makes neural net approximation more applic-

able to interactive computer graphics animation than

using explicit cognitive models.

Since our neural net is trained to approximate a single

policy, it is only useful for one cognitive model and goal.

There is a similar limitation in the traditional technique

for cognitive modeling,17 since the goal must be imple-

mented directly into the cognitive model. In order to

overcome this one-goal limitation, we must be able to

use a set of models, where each model has its own goal

(see Figure 4).

This is done by associating more than one neural net

(or explicit cognitive model with integrated goal) with a

virtual character. Each of these (approximate) cognitive

models is independent, only one is used at a time, and

the selection of which model to use depends on the

character’s current internal goal. In other words, the

virtual character’s brain has one or more (approximate)

cognitive models, each capable of controlling its beha-

vior to accomplish a specific goal. In fact, there can be

more than one (approximate) cognitive model for any

given goal, such that greater variety and/or robustness

can be achieved. Note that it is possible to use both

neural nets and explicit cognitive models in the same

character’s brain if desired.

Note that the neural networks produced by our

technique (a set of approximate cognitive models) can

be used in most recent synthetic brain architectures for

virtual characters (e.g., ‘C1’ and ‘C4’ by the Media Lab at

MIT11,16). Most brain architectures are modular and

layered, with the cognitive/behavioral model to use at

any given time selected based on the character’s current

goal and internal state. The model then operates in a

modular fashion with the rest of the synthetic brain.

Thus our technique naturally fits with these existing

brain architectures, and we can achieve highly autono-

mous virtual characters with a variety of goals and

behaviors.

Discussion

There is a great deal of pre-existing validation for the

approach we take in our technique, both in terms of AI

theory and previous research. First, note that the diffi-

culty of approximating a function with a neural net is

directly related to how smooth the function is (this is

analogous to the difficulty of fitting a polynomial to a

curve). Note that a policy � (if well formulated with

vector-valued input and output) is virtually always a

smooth function, because two similar states usually

require similar (or identical) actions. Therefore, � is an

ideal candidate for neural net approximation.

Of course, since a neural net only approximates a

policy, we are not guaranteed exactly correct results.

However, a properly trained neural net should never

make a ‘gross’ error, as it is trained to minimize the

mean-squared error. In other words, if a mistake is

made, it should be a small one. Since our goal is

believable animation (which does not require exact-

ness), a good approximation of a policy is sufficient.

Besides, it is likely that we can achieve better results

with a neural net approximation than an explicit cogni-

tive model anyway. This is because, for planning to be

done in real-time using an explicit cognitive model,

short suboptimal plans must be used. However, since

in our technique we train a neural net offline, we can use

high-quality, optimal plans as the training examples,

leading to better real-time results.

Another benefit of using a neural net approximation

is that, since planning does not have to be done in real

time, we can use large (or continuous) state and action

Figure 4. Example of a set of (approximate) cognitive models, integrated into a synthetic brain architecture for a virtual character

(in this case, a sheepdog). The character’s current goal determines which (approximate) cognitive/behavioral model will be used.
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spaces. To support continuous state spaces, we simply

need to have a sufficient set of training examples to

demonstrate the solution space. As discussed pre-

viously, we have found that using 5000 to 20,000 exam-

ples is sufficient. It is also possible to support

continuous action spaces by finely discretizing the con-

tinuous action space. This provides a finite branching

factor for planning, but also lets us generate training

examples that are nearly continuous in nature.

The primary weakness of our technique is the fact that

care must be used when selecting the net’s inputs (i.e., it

is not obvious how to design a neural net to approximate

an explicit cognitive model). This means that a new skill

must be acquired to effectively use our technique, even if

publicly available neural net software is used to create

and train the nets. Therefore, it may be preferable to use

the k-nearest neighbor algorithm to provide an approx-

imation of the cognitive model (see Mitchell21 for how

inputs can be automatically selected). However, this

alternative approach requires the explicit storage of

many examples of the target function, and therefore

should only be used if storage is not of concern.

OfflineCharacter Learning

In this section we introduce offline character learning

for autonomous virtual characters. By offline character

learning, we mean a character automatically learning an

unknown behavioral or cognitive model (i.e., learning to

perform a task on its own). This is interesting because it

can alleviate a large part of the animator’s workload.

We have developed a novel technique to perform

offline character learning, using a tree search to compute

discrete examples of a policy. These examples are then

generalized into an approximate behavioral/cognitive

model realized through a neural network. We will briefly

review reinforcement learning (machine learning without

a teacher) to lay a foundation for our discussion, and then

introduce our technique for offline character learning.

Background

In reinforcement learning, the machine learning of an

input–output mapping is performed through continued

interaction with an environment in order to maximize a

scalar index of performance. This performance index is

called a fitness function. Some of the earliest research in

computer graphics involving reinforcement learning

sought to have virtual characters automatically learn

how to walk, swim, or jump optimally.1–4 As an exam-

ple, the fitness function for walking was the distance

traveled in a unit of time. However, while interesting

and useful, this type of learning does not provide

characters with decision-making abilities. Behavioral

learning in computer graphics has only begun to be

explored (e.g., Blumberg et al.16).

The goal of reinforcement learning is to automatically

learn an optimal policy, �*. By optimal, we mean that

the policy always maps the current state to the best

possible action according to the fitness function. The

challenge is to find �* automatically and quickly. There

are several techniques to do this (excellent surveys are

given elsewhere26,27). However, the most popular and

general approach is known as Q-learning.28

In Q-learning, the agent (virtual character) learns by

exploring its state-action space. This is done by trying

different actions for each state to learn the fitness of all

important state–action pairs. This state–action fitness

information can then be used to determine which action

is optimal for any given state. This is the optimal policy�*.

Because there is often a prohibitively large table of state–

task values to store, we must approximate it. This can be

done with a neural net as discussed elsewhere.26,27

We have performed several experiments using Q-

learning for character learning (i.e., to automatically

learn an unknown behavioral or cognitive model),

where the only information we gave our virtual char-

acter was a fitness function. This approach has proven to

be very difficult. First, to get stable results, we have to

approximate the state–action value table to a high

accuracy. We have found that this can require a very

large neural net. For this reason, learning the state–

action values can take days on a current PC. Second,

as discussed in Sutton and Barto,27 Q-learning can be

very difficult to get to work in practice, especially since

it can require visiting every state–action many times.

It is our opinion that the difficulties that accompany

Q-learning for our desired application make it an un-

desirable approach. For this reason, we have developed

an alternative approach to character learning based on

planning-based reinforcement learning, but with sev-

eral novel particulars. We now present this technique.

OfflineCharacter Learning through
Searching

The technique for offline character learning we have

developed is designed for stability, simplicity, and

speed. Thus, we believe it will be more useful to the

computer graphics community than a technique based

on Q-learning. Note that this technique is not guarateed
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to find an optimal policy (which explicit Q-learning is),

but explicit Q-learning is usually impractical anyway

because of a large state–action value table. Also, we will

show that our technique consistently produces good

results, is computationally bounded, takes far less time

than Q-learning, and is simple to implement and use. It

also has a firm foundation in AI theory, as it is related to

techniques presented in Chapter 9 of Sutton and Barto,27

To generate training examples for our optimal policy

neural net, we take an approach similar to traditional

planning. Starting at a current state i, we use a tree search

(as in Figure 1) to formulate a plan. The tree search

continues until the minimum cost path to a specified

depth of the tree is found (the cost of each state–action is

determined by the reciprocal of the fitness function).

Thus no terminal state (ending to the animation) is

required, and computational time is bounded. Since

this tree search is done offline, we can search many

levels deep in the tree (e.g., 25 levels). This allows us to

be very confident in the partial plan we have formulated.

Once the plan has been formulated, we keep the action a

chosen for the initial state i as the training example (i.e.

�(i)¼ a). We can then reuse the latter portions of this

plan to find solutions for states that we transition into,

speeding up the process dramatically.

For performing the tree search, we have found it

useful to use either the popular A* algorithm or a

best-first branch-and-bound algorithm. We prefer A*,

as it has proven to be the fastest in our experiments.

However, A* requires an admissible heuristic (a conser-

vative estimate of the total cost to reach a goal state),

which is not difficult to design but does require some

experience to do so effectively. The advantage to a best-

first branch-and-bound search is that it is generic, and

thus can be used for any fitness function without

modification. See Russell and Norvig25 for more general

information on tree searching.

The tree search depth limit to use is an important

question, as it limits how far ahead the character will

consider its actions. On one hand it is useful to limit this

depth to make the offline learning algorithm as fast as

possible, but on the other hand we want the character to

succeed at its task. Setting the tree search depth is

obviously task specific. A heuristic we have found to

work well in practice is to set the depth limit based on

minimum reaction time required by the actor. In other

words, the character needs to consider far enough into

the future that it will have sufficient time to prepare

appropriately for upcoming situations. For example, a

virtual spaceship pilot needs to start turning well in

advance if she is to dodge a large asteroid in her path.

The biggest challenge we have encountered (with

both this technique and character learning using Q-

learning) is designing a fitness function that produces

exactly the results we want. It is important to note that

the fitness function is the only control we have over the

unknown behavioral or cognitive model our character

learns. We will discuss this issue in detail in the next

subsection.

Note that our technique relies on the assumption that

the task being learned is non-context sensitive. Q-learn-

ing and other reinforcement learning techniques make

this same assumption, plus more (they are Markovian).

This non-context-sensitive assumption is usually not a

problem for us, as non-context-sensitive policies have

been shown in the literature to be capable of performing

very complex tasks. However, we have found that being

context sensitive can be very useful for virtual charac-

ters from the perspective of portraying emotion (e.g.

‘happy,’ ‘angry,’ ‘afraid’). A simple approach we use to

learn context-sensitive policies is to supply a different

fitness function for each context. A different policy is

then learned from each of these fitness functions (one for

each context). These policies are then placed in our

character’s brain, with the selection of which neural

net to use determined by the character’s current internal

state.

Designing Fitness Functions for
Character Learning

As mentioned in the previous subsection, correctly

designing the fitness function is a critical task because

it is the only control we have over the unknown policy

that our virtual character will learn. Indeed, fitness

function creation is known to be a non-trivial task.21,27

We have found that a good fitness function for

character learning should have the following features.

First, it should be smooth and continuous (i.e., similar

states having a similar fitness), which helps avoid

temporal aliasing in the animation. Second, it should

have a term restricting drastic actions (e.g., very sharp

turns in a spaceship), which helps achieve more realistic

and aesthetically pleasing animation. Third, there

should be a term specifically rewarding actions that,

from a task-specific standpoint, are desirable even

though they may not represent the best choice with

respect to reaching a goal state as quickly as possible.

One final tip: we have found it useful to experiment

with different fitness functions to see which produces

the most desirable results. Often it is difficult to deter-
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mine ahead of time the exact fitness function that will

achieve the desired behavior for a character. This can be

overcome by making small incremental improvements

in the fitness function and repeatedly testing it.

Discussion

Our planning-based character learning technique has

proven to be fast, simple, and robust (see the Results

section of this paper for details). We have also suc-

ceeded in automatically learning behavioral and cogni-

tive models for difficult and interesting tasks. In our

experiments, designing fitness functions required on

average a few minutes of work; offline learning required

1 hour on average per policy using a 1.7 GHz processor.

This proved significantly faster than constructing expli-

cit behavioral and cognitive models, which often take

several days or even weeks for experienced designers to

design and program. Further, we were able to learn

approximate models for tasks that we were unable to

devise explicit models for.

Note that our planning-based character learning tech-

nique will only learn a suboptimal policy, the quality of

which is based on the search depth limit used. However,

optimality is probably not necessary to achieve intelli-

gent-appearing behavior in a virtual character (i.e., good

behavior usually looks just as realistic, and perhaps

sometimes more so, than perfect behavior). Further,

note that in practice Q-learning is not optimal either,

as it can only achieve optimality after visiting every

state–action an infinite number of times.

The difference between learning a behavioral model

versus a cognitive model is merely the tree search depth

limit: a short look-ahead results in reactive behavior,

whereas a long look-ahead maximizes long-term utility.

Therefore, in the approach we take, these two types of

models are realized in exactly the same way, and are

differentiated with merely the adjustment of a parameter.

Experimental Results

We implemented our techniques (rapidly approximat-

ing an explicit cognitive model and offline character

learning) and used them to perform a series of experi-

ments. We report our findings in this section. These

experiments were designed to cover, in a general way,

all major distinguishing aspects of behavioral and

cognitive tasks (e.g., temporally coarse- or fine-grain

action selection, continuous or discrete state and action

spaces, simple or complex state information). We used

single-precision floating point in our neural nets, which

doubles the performance of the division and power

operations with very little loss in quality. All animations

were rendered in real time using OpenGL29 on a

1.7 GHz PC with an ATI Radeon 8500 (commodity)

video card. Quicktime videos are available from

http://neptune.cs.byu.edu/egbert/a3dg/projects/bcm/

animation.html.

Herding aGroup of Characters

The experiment of herding is interesting for putting our

work in perspective, as it has been used to test many

previous techniques (e.g., Funge et al.,17 where a large

dinosaur herded smaller ones). Also, this experiment is

a good test case for behavioral/cognitive models that

are applied at a high level in the animation hierarchy,

with temporally coarse-grain action selection. This is

important, as some of the most impressive results to

date in the literature have been achieved with high-

level, temporally coarse-grain models.

In our experiment (see Figure 5), the character per-

forming the herding is a skeleton, and the characters

being herded are humans. These characters are articu-

lated figures, whose motor control is performed through

skeletal animation. The virtual world is split up into a

grid of cells (i.e., the state space is discrete). The skeleton

and humans are located in one cell at a time. They can

each move to an empty adjacent cell only (i.e., the action

space is discrete). If the skeleton gets too close to the

humans, they will run away in the opposite direction.

They also remain in a group (or ‘flock’) whenever

possible. The skeleton’s task is to move all humans to

a goal location in the virtual world. Once at the goal

location, the humans cannot leave and are thereafter

ignored by the skeleton. The humans are controlled by a

simple reactive system, whereas the skeleton is empow-

ered with a cognitive model.

Note that the skeleton’s cognitive model performs

temporally coarse-grain action selection, as the actions

require a notable amount of time to perform (e.g., about

a second). Thus actions are selected occasionally, with

lower levels in the animation hierarchy carrying them

out (e.g., motor control).

The inputs we chose for the neural net were the

distances from the skeleton to the nearest member of

up to two groups of humans. This was represented as

two (i, j) vectors. The only other inputs were the distance

vector to, and size of, the nearest obstacle, and the

direction toward the goal location. Thus we had seven

inputs, resulting in a very small neural net that was

extremely fast to execute.
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We implemented this experiment with both an ex-

plicit cognitive model we programmed and with an

automatically learned model (the fitness function mea-

sured how close on average all the humans were to the

goal location). Though the approach taken to solve the

problem was different between the two models, they

both solved it well. However, the explicit model took 3

days to program, whereas the fitness function only took

a few minutes. Thus we see that character learning can

not only simplify the process of creating a behavioral/

cognitive model, but also dramatically shorten the de-

velopment time. Also, note that the neural net required

less than a microsecond to execute, whereas the explicit

cognitive model required about 0.2 seconds on average

to compute an action.

Spaceship Pilot andAsteroids

In this experiment, the virtual character was a spaceship

pilot (see Figure 6). The pilot’s task was to maneuver the

spaceship through an asteroid field (along the Z-axis),

flying from one end to the other as quickly as possible

with no collisions. To ensure that this would be a

significant problem, we limited the maneuverability of

the spaceship so that the pilot would have to plan his

path through space well in advance. We also placed the

asteroids close together. The animation ran at 15 frames

per second, with an intelligent action computed for each

frame. Thus the model was applied at a fairly low level

in the animation hierarchy, and action selection was

temporally fine-grain.

The virtual pilot had two controls over the spaceship:

yaw (rotation around the Y-axis) and pitch (rotation

around the X-axis). The controls were real-valued (i.e.,

the action space was continuous). Also, the spaceship

could be at any location and orientation (i.e., the state

space was continuous). The inputs we selected for

the neural net were the spaceship’s current orientation

(�, �), and the rotation-invariant normalized direction

(i, j, k) and distance (d) to the three nearest asteroids.

Thus there were 14 inputs total. The network had two

outputs, which determined the change in the space-

ship’s orientation.

We first programmed an explicit cognitive model.

Since the ideal action space was continuous, we had to

discretize it dramatically to achieve real-time perfor-

mance (there were only nine possible actions the pilot

could do). We also had to limit planning to a tree depth

of five levels. The final result was a poor animation, due

to the fact that the pilot could not plan far enough ahead

to adequately maneuver the spaceship around the as-

teroids. Also, because the discretization of the action

space was so coarse, the motion was not very smooth.

In our next experiment we improved the planning of

our explicit cognitive model, taking advantage of the fact

that we could perform our tree search offline and then

train a neural net to ‘memorize’ the correct actions. This

significantly improved the results, as we were able to

formulate much better plans and also use a more fine-

grained discretization of the action space. Using a fast

neural net approximation of this improved (but slower)

explicit cognitive model, the spaceship pilot was able to

dodge all asteroids, and the motion was smooth and

aesthetically pleasing. This neural net animation utilized

very little CPU: about a microsecond for each execution.

Comparatively, the high-quality explicit model we pro-

duced required approximately 0.5 seconds to compute an

action, and thus was not able to maintain interactive rates.

Finally, we tried automatically learning a cognitive

model (offline character learning). The fitness function

Figure 5. Snapshots of a skeleton herding a group of humans. All characters are articulated figures. The skeleton is controlled by a

cognitive model that selects high-level actions, which are carried out by a skeletal animation system. We first constructed an

explicit cognitive model, and then had our character automatically learn a model through offline character learning. The neural

net approximation was significantly faster to execute than the explicit cognitive model (about 1�s vs. 0.2 s). Also, character

learning required less time than for us to program an explicit model (a few hours vs. a few days).
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was determined by how direct a route the pilot took,

without hitting any asteroids. Specifically, the reward

was equal to the forward component of the spaceship’s

motion vector, and a very large penalty was given for

hitting an asteroid. We achieved excellent results, learn-

ing a cognitive model that crossed asteroid fields faster

than our explicit cognitive model and did so in a

visually pleasing manner. The most challenging part

of this task was in determining the fitness function that

allowed us to achieve the exact ‘look’ that we wanted

the pilot’s actions to have.

Spaceship Battle

Our next experiment involved a battle between two

spaceships. The pilot’s controls were identical to the

previous experiment, except that the pilot could also fire

a laser. The inputs were the relative orientations of the

two spaceships, their relative positions, and any nearby

lasers to avoid (all according to the pilot’s local coordi-

nate frame). The fitness function was very simple: a

reward for avoiding the other spaceship’s nose (where

the laser was mounted), a reward for shooting the other

spaceship, and a punishment for being shot. We did not

attempt to program an explicit behavioral/cognitive

model because we had no idea how one should go about

piloting a spaceship in combat (note that studying how

to accomplish a task is usually necessary before one can

program explicit AI to accomplish that task, thus our

technique for character learning relieved us of this

burden in this experiment).

Note that a challenge for our character in learning this

task is that we must know how one pilot will behave for

the other pilot to learn how to combat him. However, the

problem of learning in competitive environments has

been thoroughly explored (e.g., Reynolds30). We did this

by iteratively learning better cognitive models for both

pilots by having them compete. In other words, after one

pilot learns a new model (and is therefore better at his

task), we then use him as an example for the other pilot to

learn a new model. However, it is also possible (and

perhaps simpler in some situations) to simply construct

a trivial reactive model for one pilot and then learn a

superior cognitive model for the other pilot.

As in our previous experiments, we achieved

good results with our learned cognitive model. In addi-

tion, the neural net execution time was very fast

(approximately 1 microsecond per iteration). Due to

this performance, we were able to achieve a spaceship

battle of ‘epic proportions’ on our PC (see Figure 7).

Specifically, we had 2000 of these spaceship pilots

locked in combat in real time. Interestingly, the bottle-

neck was not executing the neural nets, but rendering all

the spaceships. To achieve real-time performance, we

had to use very simplified meshes. We believe this

large-scale real-time animation ability for highly intelli-

gent virtual characters is one of the most important

contributions we make in this paper.

Conclusions and FutureWork

In this paper, we have presented two novel techniques.

First, we use machine learning (in our system usually

neural networks) to quickly approximate cognitive mod-

els. This allows us to achieve performance never before

possible (several thousand intelligent autonomous char-

Figure 6. A cognitively empowered spaceship pilot intelligently maneuvers within an asteroid field. The pilot’s goal is to cross the

asteroid field (forward motion) as quickly as possible with no collisions. Due to the temporally fine-grain action selection in this

experiment, neural net approximation was necessary to achieve real-time performance.
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acters in real time on a PC). Further, because training is

done offline, we can use much larger action spaces and

higher-quality plans than previously possible.

The second technique we have introduced is offline

character learning. Through this method, a character can

automatically learn an unknown behavioral or cognitive

model on its own with nothing more than a fitness

function to guide it, alleviating the animator from the

workload of programming an explicit model. This also

allows us to model tasks for which it would be difficult

or virtually impossible to develop an explicit model.

However, there are some weaknesses in our approach

that are important to recognize. First, since a neural net

only approximates a mapping, we are not guaranteed

exactly correct results. However, since a neural net is

trained to minimize the mean-squared error of the

training examples, we are guaranteed that the network

will make no ‘gross’ errors if it has been trained properly.

Another issue of our technique is that a net’s inputs

must be chosen with care. It is important that salient

variables and features in the state be identified and used

as the inputs. However, this problem can be avoided or

reduced through the use of k-nearest neighbor, where

inputs can be selected automatically (but at the cost of

extra storage). Next, note that when performing offline

character learning it can be difficult to design a fitness

function that results in the exact behavioral/cognitive

model that is desired. However, we have found it to be

easy and quick to achieve a good model. Finally, note

that some behavioral/cognitive models have many sali-

ent variables. Approximating these models could re-

quire a very large, slow neural net, and therefore it may

be necessary to use an alternative machine learning

technique (which suffers less from the curse of dimen-

sionality with respect to performance).

There are some exciting areas open for future work.

For example, we have only presented a technique for

offline character learning. Online learning in the litera-

ture has thus far been limited to behavioral models

(short-term utility). Is it possible to learn a cognitive

model online in an interactive application? This could

take interactive computer graphics to a whole new level,

especially in the entertainment market. This could also

be interesting if an animator could interactively train a

virtual character for cognitive learning, rather than

using a fitness function.
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