                                                                          INTERACTIVE EVOLUTIONARY APPROACH TO

CHARACTER ANIMATION

M Nordin Za karia

Faculty of Co mputer Science and Infor mation T echnolo gy

Universiti Putra Malaysia ,  Malaysia

nordinz @fsktm. up m.edu. my

ABSTRACT

We describe in this paper an approach to the animation of articulated figure using a co mbination o f for ward

kinematics, neural net and genetic algorithms. A set of kinematics motion data for an articulated model is

evolved to generate a set of varied motion that perfor ms according to an objective function set b y the user.

Neural net is used to constrain the search space of possible motions. User interactio n with the process

ensures a certain style evolves fro m the myriad of possibilities. We sho w ho w our technique makes it

possible to create libraries of reusable motions fro m a small number of example motions.

KEYWORDS:  Computer Animation ,  Genetic Algorithm

1. INTRODUCTION

T his paper is concerned with semi-auto matic

generatio ns of kinematics-based co mputer

animation o f articulated figures. T he focus is on

character animation as an arts for m, rather than

as a physics or bio mechanics based simulatio n.

Character animation is perceived as a creative,

non-routine [Rosen97] design process where

kno wled ge about the relatio nships between the

requirements for a design and the for m required

to satisfy those requirements is intuitive rather

than methodological. T he animator’s o wn vision

and feel for the character  and its ’illusion o f life’

sets the requirements. T here is no clear mapping

fro m requirement to exact form o f the animatio n.

T he animator creates in passes, engaging in trial

and error, and refining the current best set of

solutio ns. T he task requires an evolutio nar y act.

T he idea of using genetic algorithm to generate

character animation is hence appealing.

                                                  Genetic algorithm can be used to

explore the space of possible animatio ns o f a

character model. While genetic algorithm has

been used for the generation of co ntrollers in

physically modeled articulated figure [Sims94],

our approach relies on kinematics data rather

than a d ynamic model. A set of kinematics

mo tion data for an articulated model is evolved
to generate a set of varied motion that perfor ms

according to an objective functio n set b y the

user. Neural net is used to constrain the search

space of possible motions. User interaction with

the process ensures a certain style evolve fro m

the myriad of possibilities. T he idea is that

instead of the animator tediously toiling over the

kinematics or physics-based details of possible

character motions, the animator plays a reactive

or supervisor y role while the co mp uter does the

exploration. T he user needs only supply a small

set of initial mo tions. A wide range of motions is

then evolved fro m the much smaller set of

mo tions supplied by the user. As in [Ventr95],

emphasis is on ^optimization of expressivity~.

T he animator is in the optimization loop to

aesthetically influence the evolutio n of motion.

2. CURRENT APPROACH ES

Motion control of articulated figure is b y nature

tedious. Animation of articulated model has

commo nly been done using keyframing. High

quality results are the result of highly developed

human skill and artistr y. Figures are posed

painstakingly for ever y keyframe using either

for ward or inver se kinematic. In the bigger

industr y, motion capture is commo nly used for

familiar figures such as human and animals.

Motion capture relies on kinematics kno wledge
of motion and loco motion [Boulc90]. Relying o n

mo tion of real actors, the technique can produce

startlingly convincing results. T he cost, ho wever,

is prohibitive and much work is involved in

getting the right motion for a character. Using

keyframing or motion capture, the end result

sought is a library o f reusable mo tions for a

specific character. T he set forms a basis set of

mo tions fro m which additional mo tion can be

warped [Witkn95] or interpolated [Wiley97,

Rose98].

                                                  In much o f the co mp uter animation

research co mmunity, the holy grail of research is

often implied to be the co mplete simulation o f

the physical world co mplete with cognitive-

inspired modeling of minds and emo tions that

drives motio n and reaction of intelligent or

lifelike articulated figures. In contrast to

kinematic-based approach, dynamic approaches

[Raibt91, Hodgn95, Grzes98] rely on kno wled ge

about the physics and bio mechanics of the

mo tion. T he goal is to leave the issue of motio n

control to the laws of forces. An ar m mo ves due

to forces acting on it, a character falls due to the

pull of gravity. T he problem then beco mes that

of specification of forces. While animation of

character falling due to gravity is relatively

trivial using d ynamics package such as

SD/FAST  [SD/FAST ] and MathEngine

{ MathEngine], putting the character to work on

mo tions even as seemingly simple as walking

has drawn intensive research, testifying to the

difficulty of the approach. Moreover, expecting

the animator to draw upon intimate kno wledge

of forces to animate a character seems hardly a

practical idea. A quick fix is frequently in the

for m of higher -level user interface that makes

animation as easy as providing high-level

specificatio n such as " walk up the stairs". While

auto mation leads to an easy life for anyone who

intends to produce a quick animatio n, it leads to

lesser control b y the animator over the

animation. T his may be undesirable especially

for the highly skilled animator wor king o n top-

notch animation - where the slightest of details

set apart the great fro m the also ran.  T he

animation may be enough for purposes such as

ergono mic stud y, as evident in the Jack Human

Modelling and Simulation System [Jack], but it

may not be appealing enough to find its way into

the entertainment world.

                                                  T he crux of our approach lies in genetic

algorithm. Genetic algorithm, a class of

optimization algorithm, offers a techniq ue for the
auto matic generation of new mo tion

specificatio ns, while offering limited user control

by means of fitness function. In genetic

algorithm, a Dar winian "sur vival of the fittest"

approach is emplo yed to search for optima in a

large multidimensio nal space. In co mputer

graphics and animatio n, genetic algorithm has

been used for synthesis o f controllers for

physically based articulated figures, and

generatio ns of interesting images [Sims93] and

designs [Rosens97, Jacks99]. T he evolutionar y

approach allows a more diverse area of the

solutio n space to be traversed compared with

other methods; further more its probabilistic

selection method directs the rando m generative

process to wards meaningful and satisfactor y

solutio ns

T he approach in the literature closest to

ours is that of Lim and T halman in [Lim99]. Lim

and T halman’s pro-active interactive evolutio n

synthesize example motions fro m a single

mo tion. T he primar y difference between their

approach and ours is that in our approach, new

mo tions evolve fro m a set that can consist o f

more than one motio n. T he newer motions may

be the results of crossover of the original

mo tions. As a result, a new motion may be a

combinatio n of old motions.  For example, a

kicking and punching actio n may result fro m a

set that has a kick motion and a punch motion.

T here is no mention of the use of crossover

operator in [Lim99]. Also, we use neural net to

constrain the possible mo tions generated by the

evolutio n.

3. APPROACH

Our approach draws upon a combinatio n of

for ward kinematics, neural net and genetic

algorithms. For purpose of discussion, we

assume that the model is represented as a

hierarchy o f rigid links connected b y joints. Each

joint has up to 3 degrees of freedo m (DOF). T he

variation of each DOF is represented as a

discrete functio n
q
(T ) of time. T he function may

be visualized and manipulated on as a curve, as

sho wn in Figure 1.

time
q

Figure 1: A DOF function

                                                  A set of DOF functions for a character

model is specified for a defined duratio n.  We

shall refer to this set simply as a DOF set. Not

ever y joint angle for each and ever y frame or

time unit need be stored in a DOF set. Only the

control points of the representative cur ve need be

stored. T he user needs to specify a collectio n of

q DOF sets, D

                                                                               1

                                                                                     ... D

                                                                                                               q

                                                                                                                    , each set corresponding to a

distinct character motion. T he set need not be too

big. It only has to be sufficiently varied. T he

mo tion data may be handcrafted or it may be

mo tion-captured. It may even have been

simulated b y d ynamic based models.  For a

model with n joints, each of which has m DOFs,

for each DOF set, there would be n*m motio n

curve to deal with. Let the ordered set of n*m

curve be denoted by s = <c

1

 c

2

 ... c

n*m

>. Each

ordered set for ms a geno me in our genetic

algorithm.

                                                  Among the DOF functio ns in a DOF set

that the user has supplied, he or she marks o ne or

more DOF function as ’interesting’. We denote

the subsets o f DOF functio ns in each DOF set D

i

marked as interesting b y d

i ,
i = 1 ..q. T he genetic

algorithm first creates its initial population b y

for ming an ordered Cartesian product of d

i

.

Mutatio n, crossover and breeding operators are

then perfor med on this population for a finite

number of generations. Figure 2 illustrates the

concept involved here.

                                                  Before evolution co mmences, our

approach relies on the user providing kno wled ge

to the system on the type of motions possible.

T he system is trained b y neural net to recognize

a motion when it ’sees’ one. For example, the

user can supply the system with a moderate

training set of motions that correspond to

walking, r unning, kicking, punching, and so on.

T he recognition capability is used to constrain
the type of solutio ns produced by the genetic

algorithm.

3.1. DETAILS OF THE GENETIC

ALGORITHM

T he three generic task in using a genetic

algorithm, regardless of the exact for m of the

algorithm itself are

1.  Defining a representation

2.  Defining the genetic operators

3.  Defining the objective function

3.1.1. DEFINING A REPRESENTATION

We seek a representation that is minimal but

completely expressive. T he representation should

not contain infor mation beyond that needed to

represent a solutio n to the problem.  T he

representation should be able to represent any

solutio n to the problem.  In o ur approach, each

geno me is an array, whereb y each element o f this

array is a 2D array. T he inner 2D array holds the

discrete values of a DOF function.  T he first

dimension of this 2D array holds the values o f

nor malized time (range is from 0.0 to 1.0), while

the second dimension holds the rotational values.

Figure 3 illustrates an examp le gene, while

Figure 4 illustrates an examp le geno me.

0 0.1 0.3 0.5 0.7 0.75 0.86 1.0

10 20 15 12 9 8 20 10

Figure 3: An Exa mple Gene

Note that the number of control points for each

DOF function need not be the same. Ho wever, in

actual imp lementation, we need to set the

maximum possible number of control points.

One concern in genetic algorithm is

ho w to design a representation such that it cannot

represent infeasible solutio ns to a problem. In the

animation problem, it is important that the

character not be led to perform motio ns

considered undesirable or impossible (such as

rotating the leg 360 degrees about the x-axis).

While, there is nothing in o ur representation to

prevent such occurrence, the manner in which

we deal with the issue is b y using an evaluation

functio n that assigns lo w score to undesirable or

impossible mo tion.

                                                                                                                     population

                                                                                                                     initializer biases of the networ k are updated onlyafter the

entire training set has been applied to the

network. T he gradients calculated at each

training example are added together to determine

the change in the weights and biases. T o ease the

burden on the user to co me out with the perfect

training input set, aside fro mbatch training, we

allo wthe user to incrementally retrain the

network during the cour se of the interactio n.

4. EXAM PLES

Our implementatio n is based on Walker, an

animation systemwr itten b yPhilip Winston and

Kanishka Agar wal as a class project at Harvey

Mudd College. T he program, simple and open

source yet attractive, proves to be a useful

ground for hacking with genetic algorithm and

neural net for kinematics-based character

animation. M uch o f the genetic algorithmcode is

derived fro m Galib [ Galib], while the neural net

and digital signal processing functionality is

provided by MatLab [ MatLab]. We use a simple

10 DOF articulated model, building and running

the implementatio n on a Windo ws-based PC.

In one of the experiments we have

conducted, we first supplythe systemwith a set

of motions corresponding to walking, r unning,

kicking and dunking .. We batch train the system

to recognize all these actions, including actio ns

that are considered impossible or undesirable. Next we

set the constrain to be such that the motio n

evolved must be a kick, and we use as an

evaluation functio n the number of times the

figure kicks a box placed in front of it. Figure 6

sho ws the various style o f kicking produced by

the figure after 5 generations. Figure 7 sho ws the

results when the box is raised higher and the

evolutio n has run for 30 generations. In Figure 7,

the leftmo st image sho ws the original kick, while

the other images sho ws various attempts to kick

the box.

In another experiment, we follo wed a similar

procedure, but we constrain the motion such that

it walk without kicking a box placed on the floor

and in its path. Figure 8 sho ws the result, with

the first image in the figure sho wing the original

walking motion. I n both our experiment s , each

generatio n takes approximately 8 s to evolve.

5. CONCLUSION

We have described a simple approach to apply

genetic algorithms and neural net in co ncert to

generate kinematics-based character animatio n.

We have sho wn ho wa set of kinematics motion

data for an articulated model can be evolved to

generate a set o f varied motion that perfor ms

according to an objective functio n set b ythe

user. Neural net is used to constrain the search

space of possible motions. User interaction with

the process ensures a certain style evolves fro m

Figure 7 . Kicking Higher than Usual

Figure 6: Various Styles of Kicking

th