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Abstract—The realistic animation of human characters is a
hot topic of research in computer graphics, with remarkable
applications in computer animation and video games. A current
trend is the application of powerful evolutionary computation
techniques to meet the needs of increasing sophistication in
the field. These techniques are inspired by the principles and
mechanisms of biological evolution, such as selection, mutation,
recombination, crossover, and so on. A great advantage of such
methods is that they do not make any assumption on the problem
to be solved. In this paper we present a new evolutionary
computation approach for automatic skeletal motion learning
in human animation. This approach is intended to generate
automatically a sequence of motions on a human skeleton
leading to plausible and realistic movements of the human body.
This sequence is obtained autonomously (i.e., without human
intervention) through an iterative intelligent process where the
digital characters learn the optimal values of forces applied to
selected bones according to the desired motion routines for proper
movement. An illustrative example is discussed in detail to show
the performance of this approach. This method can readily be
adapted/extended to other skeleton configurations and interesting
motions with only minor modifications.
Index Terms—artificial intelligence, evolutionary computation.

machine learning, computer animation, automatic motion itera-
tion, skeletal model, virtual actors, human motion

I. INTRODUCTION

A. Motivation

One of the major issues in computer animation and video
games nowadays is the realistic animation of human charac-
ters. Research in this field is increasingly moving towards
sophisticated digital actors evolving in complex virtual 3D
worlds and with the ability to be conscious of their environ-
ment and other digital actors and interact with them in an
intelligent and plausible way (from the standpoint of a human
observer). To this aim, artificial intelligence (AI) techniques
are increasingly seen as valuable and powerful tools in these
fields for many different purposes. Sophisticated AI techniques
(expert systems, decision trees, machine learning) are applied
for behavioral animation of the NPCs (non-player characters)

in computer animation [11], [12] and video games [5], [10].
Crowd simulation in computer movies can be generated auto-
matically through swarm intelligence and other AI techniques
[18]. New AI-assisted software tools are now available for
automatic iteration of terrains, buildings, cities, characters, and
assets. The list of applications is growing to meet the current
needs of computer animation and video games industries [22].
A critical challenge in this regard concerns the animation

of human motion. We are so used to see it in real life that our
sensory systems are extremely well trained to capture even
its most subtle details. Sometimes, we distinguish familiar
people (relatives, friends, acquaintances) at a relatively far
distance by simply observing their body motion patterns.
This remarkable feature has been advantageously used in
traditional animation for many years. Think for instance on
the acclaimed animation techniques from Disney, where the
movement of animal characters and inert objects was recreated
from identifiable human motion patterns to create hilarious
effects in animation movies and cartoons.
Unfortunately, describing such motion patterns in a

machine-understandable way is more complex that you might
think at first sight. Among the solutions devised to address
this problem, those based on artificial intelligence techniques
are being increasingly used owing to their good performance
and suitability for task automation. A remarkable step forward
in this field is given by evolutionary computation (EC), a
subfield of artificial intelligence focused on algorithms for
optimization inspired by biological evolution [6]. Generally
speaking, evolutionary computation algorithms are population-
based metaheuristic methods inspired by the principles and
mechanisms of biological evolution, such as selection, muta-
tion, recombination, crossover, and so on. A great advantage
of such methods is that they do not make any assumption
on the problem to be solved such as the functional structure
of the objective function or the underlying fitness landscape.
This feature makes them ideal tools for dealing with problems
subjected to uncertainty, noise, and where little (or none at all)



information about the problem is available.

B. Aims and structure of the paper
In this context, the present paper introduces a new evolu-

tionary computation approach for automatic skeletal motion
learning in human animation. The ultimate goal of our pro-
posal at large is to develop an artificial intelligence engine
for human motion that can be seamlessly embedded into
software packages for computer animation and video games.
Ideally, this engine (currently at initial stages of the process)
should be able to generate automatically and autonomously
(i.e., without human intervention) a sequence of motions on a
human skeleton leading to plausible and realistic movements
of the human body.
Obviously, this objective is too ambitious and general to be

fully addressed here. Yet, this paper is a significant first step
in this process. It focuses on one of the major components of
our ongoing AI engine: the evolutionary computation kernel.
In particular, in this paper we introduce our evolutionary
computation approach, which is described in detail in Section
IV. Its performance is then discussed through its application
to an illustrative and interesting problem: given an initial and
a final pose, we seek to apply our EC approach to allow a
physics-driven skeleton learn autonomously how to reach the
final pose from the initial one. In our example, we consider a
set of identical physics-driven skeletons seated on the ground
(initial pose). The method applies forces on selected bones
to obtain a stable final pose where all skeletons are standing,
getting firmly into a stable upright position on their feet (final
pose). Such forces are modulated by a set of evolutionary
operators carefully chosen so as to make the digital characters
learn to stand up by themselves.
The structure of this paper is as follows: in Sect. II we

describe briefly some previous work in the field. Our skeletal
model is explained in detail in Sect. III. Then, our evolution-
ary computation approach is presented through an in-depth
discussion of its main evolutionary operators in Sect. IV. Our
experimental results are reported in Section V. The paper
closes with the main conclusions and some hints about future
work in the field.

II. PREVIOUS WORK

A. EC for computer modeling and animation
Evolutionary computation became popular to the computer

graphics community during the 90s, thanks to the seminal
work of Karl Sims by applying genetic algorithms for the
creation and modeling of new creatures both in shape and
in behavior [19], [20]. About the same period, application of
evolutionary design principles was reported for urban planning
and architecture [1], [7], [21]. It was followed in the next
decade by the “modeling by examples” paradigm, a data-
driven approach for constructing new 3D models by assem-
bling parts from previously existing ones [8]. The already con-
structed objects are stored in a large database of 3D meshes.
The design task is fully controlled by the user, who selects
the parts of interest from the 3D meshes through intelligent

scissoring, and composes all pieces together in different ways
to form new objects. Other approaches to support creative
discovery in 3D modeling can be found in [2], [3] and the
very nice references within. We also remark the excellent
contribution on evolutionary design in [23].
Regarding human animation, genetic algorithms have been

used for optimizing character gaze behavior animation based
on the preference of viewers about where and how to gaze
without the need to manually set the gaze control parameters
[13]. Kernel-based approaches such as radial basis functions
(RBF) and Gaussian processes (GP) have been proposed
for blending different types of locomotion [14]–[17]. Neural
networks are applied for character control in [9] through a
real-time character control mechanism using a novel neural
network architecture called phase-functioned neural network.
The system can automatically produce motions where the
character adapts to different geometric environments such
as walking and running over rough terrain, climbing over
large rocks, jumping over obstacles, and crouching under low
ceilings.

B. EC for video games
Advanced AI has also been applied to video games. In The

Division’s game the player motion is automated, leaving the
player extra time to focus on more important actions such as
shooting. In The Witness, the AI helps the player solve some
nasty problems such as getting caught on edges or tapped in
walls. The AI Director of the two Left 4 Dead games has been
used to created more realistic player experiences, such as the
simulation of crowds where all characters behave differently.
In other cases, the AI is used to learn from the player, like in
Forza series, where a neural network was used to watch the
human player in action and learn by imitation.
Regarding the evolutionary approaches for video games,

City Conquest uses a genetic algorithm during the design
process to identify dominant strategies and evolve the game
design, even before it is released. In Darwin’s Nightmare
game, evolutionary computation is applied to drive the explo-
ration of a large combinatorial space defining the behavior and
appearance of enemy crafts. Also, particle swarm optimization
has been applied to the problems of pathfinding and action
planning in video games [4].

III. THE SKELETAL MODEL

In this paper, the human character animation is performed at
the skeleton level. Therefore, it is convenient to introduce some
basic definitions and notation for a proper representation and
better understanding of the whole process. We remark however
that the basis and notation given here do not necessarily match
those commonly found in anatomical studies and medical
treatises or even in other computer animation settings. In
general, the definitions in this paper are simplified versions
of the real-world models, as we focus only in some specific
aspects required for our purposes while neglecting others for
the sake of simplicity. In this sense, all statements onwards
apply only to our simplified skeletal model.



A. Basic definitions and notation

In this paper we consider a collection of η human virtual
actors tAiui�1,...,η. The physical structure of each virtual
character Ai is described by a skeletal model Λi, which
provides the geometric rigid structure of the virtual body much
like its real-world counterpart actually does. The skeleton
Λi consists of two components: a collection of bones and
a collection of joints. For each Λi the set of bones, denoted
as Θi, consists of λi bones Θi � tβi

juj�1,...,λi
, while the set

of joints Ξi consists of all joints tξi
k,luk,l connecting bones

βi
k and βi

l . The joints provide a natural representation for the
constraints of different parts of the virtual body by a proper
selection of the kind of deformations allowed and their degrees
of freedom (DOFs). In this sense, they play a quite similar
role to the real-world human body joints in which they are
originally based on.
To form a skeleton, the bones must be connected. A natural

way to do so is to use a hierarchy, where each bone belongs to
a parent and can have one or several children connected to it.
For human body representation, we use a hierarchical tree in
which the primary bone, called the root bone and represented
onwards as βi

1
, is located in a central part of the body,

generally the spine. All other bones βi
j pj ¡ 1q are children of

this root bone, either directly (first level) or indirectly (higher
levels) via other intermediate bones βi

k, which are children of
the root bone (and possibly of other bones as well) and parents
of this bone (and possibly of others too). In this way, for any
given bone βi

j we can define two types of sequences of bones:
the forward (or outer) sequences, denoted by tφF pβi

jqup and
given by all bones that are children of βi

j and connected by
joints continuously, and the backward (or inner) sequences,
denoted by tϕBpβi

jquq and given by all bones connecting
βi

j with the root bone through joints in a continuous way.
These sequences are important because affecting a bone βi

j

(for instance, by applying a force F ) also affects all of its
children, i.e. all bones in any forward sequence φppβi

jq, while
the bones in the backward sequence ϕqpβi

jq are not affected
by F . Although this is somehow opposed to what happens in
real life, this assumption simplifies the model and reduces its
computational load.

B. Our prototypical skeletal model

Figure 1 shows the prototypical skeletal model for human
actors used in this paper. The figure is organized in two parts,
displaying the set of bones (left) and the set of joints (right),
respectively. As the reader can see, we consider a very basic
and simple (yet good enough for the purposes of this paper)
skeleton, comprised of 20 interconnected bones and 16 joints,
fully reported in Table I. The initial ‘L’ and ‘R’ letters followed
with a hyphen stand for left and right, respectively. Figure
2 shows the top-down hierarchical tree of all bones of our
skeleton model. It consists of a undirected graph where nodes
of the tree represent the bones, which are connected by edges.
As shown in the figures, the tree starts with the root bone
at the top of the hierarchy. From it, there are five different

TABLE I: List of bones and joints of the skeletal model used
in this paper.

Bones Joints
1. Spine1 11. L-Foot 1. Spine1 11. R-Shoulder
2. Spine2 12. R-Clavicle 2. Spine2 12. R-Elbow
3. Spine3 13. R-UpperArm 3. Spine3 13. R-Wrist
4. L-Clavicle 14. R-LowerArm 4. Neck 14. R-Hip
5. L-UpperArm 15. R-Hand 5. L-Shoulder 15. R-Knee
6. L-LowerArm 16. R-Hip 6. L-Elbow 16. R-Ankle
7. L-Hand 17. R-UpperLeg 7. L-Wrist
8. L-Hip 18. R-LowerLeg 8. L-Hip
9. L-UpperLeg 19. R-Foot 9. L-Knee
10. L-LowerLeg 20. Head 10. L-Ankle

sequences of connected bones going down until terminal nodes
(feet, hands and head) are found.

IV. THE METHOD

Our method is a population-based evolutionary computation
approach that operates on an initial population of skeletonstΛiui�1,...,η all lying on the floor and then moving to get
seated. This initial movement is identical for all skeletons and
has been pre-processed and then stored, so it is not affected by
our approach. The method starts when all skeletons are seated
on the floor and works in an iterative fashion. At initial time of
each iteration ν, a force vector rνsF �  rνsF1, . . . ,

rνs Fη

(
is

applied, where rνsp.q is used to indicate the iteration and each
force rνsFi is applied on skeleton rνs

Λi. At its turn, rνsFi � rνsFi,j

(
j�1,...,λi

, where force rνsFi,jptq is applied on bone βi
j

at instance time τ of iteration ν. This force takes the form of an
impulsive force consisting of a burst of χ forces tζκ

i,juκ�1,...,χ

applied sequentially at times τ�κ∆t. Mathematically, it means
that: rνs

Fi,jptq � χ̧

κ�1

rνsζκ
i,jδTpτ � κ∆tq (1)

where δp.q is the Dirac delta function and T is the vector of
time impulses of the force. For simplicity, in this paper we
assume that λi � λ, �i. We also assume that all forces in
our method are exerted vertically upwards except for gravity,
which works in the opposite direction. As a result of the action
of these forces, the skeletons move for a while until reaching
a stable position (in our case, until all skeletons keep fully
static for 5 seconds). Once the steady-state is attained, the new
skeleton configurations are evaluated and ranked according to
a given fitness function. In this work, the fitness function Ψ

is defined as the sum of three terms:rνs
ΨpΛiq � rνs

Ψ1pΛiq � rνs
Ψ2pΛiq � rνs

Ψ3pΛiq
where each term evaluates a specific feature of the skeleton
configuration. Assuming that the body is resting but stretched,
for a skeleton to be standing it is required that:
(1) the feet are firmly standing on the ground;
(2) the hip should lie on the imaginary vertical axis Y that

goes upwards from the feet to the head and at a distance
from the ground given by the length of the skeleton from
the foot base to the hip;



Fig. 1: Skeletal model used in this paper: (left) bones; (right) joints.

Spine1
(root)

L-Clavicle

Spine2

Spine3

Head

R-Clavicle

R-UpperArm

R-LowerArm

R-Hand

L-UpperArm

L-LowerArm

L-Hand

R-Hip

R-UpperLeg

R-LowerLeg

R-Foot

L-Hip

L-UpperLeg

L-LowerLeg

L-Foot

Fig. 2: Skeleton represented by a top-down hierarchical tree.

(3) the axes of the head and the body are aligned so the center
of the head lies on the vertical axis Y and with the same
orientation, and the distance from the ground to the top
of the head corresponds to the body height.

Functions Ψi are associated with the three conditions, re-
spectively. We remark that conditions (1)-(3) are ideal and,
hence, very difficult to replicate accurately. They are also
unreasonable, as we expect different characters to stand up

differently, similar to how human beings actually do. For these
reasons, we allow a threshold error given by three imaginary
boxes tBiui. B1 is a 2D box on the ground marking the
available area for feet placement, providing some flexibility
on constraint (1) by allowing the feet to be placed freely
within this area as long as they are stepping on the ground.
B2 and B3 are volumetric boxes intended to provide some
flexibility on the position and stance by allowing lateral and



vertical displacements of the hip and the head respectively,
provided that such bones still keep inside their respective
boxes. Mathematically, these functions are defined as:rνs

Ψ
i
1
pΛiq � H

�rνsβi
11
Y rνsβi

19
, B1

	
(2)rνs

Ψ
i
2
pΛiq � d2

�
γ
�rνsβi

8
Y rνsβi

16

	
, γpB2q	 (3)rνs

Ψ
i
3
pΛiq � d2

�
γ
�rνsβi

20

	
, γpB3q	 (4)

where H is the Hausdorff distance between sets, d2 is the
Euclidean distance, γ computes the 3D geometrical center of
a set, and Y is the set union operator.
The ranked skeletons are sorted in increasing order and

stored in a list L, whose first and last elements correspond
to the best and worst values in current iteration ν, denoted
as rνs

Λ
� and rνs

Λ� respectively. Improvement over time is
achieved by applying three evolutionary operators: selection,
reproduction, and mutation. Similar to genetic algorithms and
other evolutionary methods, the selection operator, denoted asd, is used to promote the best individuals according to the
Darwinian survival of the fittest. In our method, we consider
elitism so that the best solutions from the current iteration
are transferred directly to the next iteration without further
modification. We also consider a monoparental reproduction
operator denoted as ' and based on cloning, where the best
individual is cloned (i.e., copied identically) so that further
operators are applied on the clones while preserving the origi-
nal individual for elitism. The clones undergo mutation under
the action of an mutation operator b that applies Gaussian
white noise additive perturbations on rνsFi,j . This procedure
is repeated iteratively until rνs

ΨpΛiq � 0, �i, meaning that
all skeletons in our population hold our constraints according
to Eqs. (3)-(4).

V. EXPERIMENTAL RESULTS

Figure 3 shows an illustrative example of our experimental
results. In this experiment, we consider a set of 10 skeletonstΛkuk�1,...,10, placed in a row and numbered from left to
right. In this example the method is executed for 14 iterations,
shown in sequence from top to bottom in Fig. 3. For each
iteration, we show the final configuration of the skeletons
along with the three boxesBi described in previous section. As
mentioned above, our starting point consists of the skeletons
seated on the ground (initial pose). Then, we consider an initial
population of forces r0sFi applied on our skeletons. Since the
skeletons are already seated, forces are applied only on the
bones in the trunk (active bones) to capture better the real
physics of the process. This means that r0sFi �  r0sFi,j

(
jPAB

where AB is the list of indices for the active bones, given by:
AB � r1..7sYr12..15s, where ra..bsmeans all integer numbers
between a and b (including a, b if they are integers). The
forces are initially chosen randomly according to a uniform
distribution within a feasible interval rαj , βjs specific for each
bone. Then, our method is applied iteratively so that the force
values improve over time according to our fitness function.

TABLE II: Execution results for the example in Figure 3.

ν
rνs

Λ
� ' prνsΛ�q d � rνs

Λi

(
i

�
1 1 4 2,3,5,6,7,8,9,10
2 4 9 1,2,3,5,6,7,8,10
3 9 4,10 1,2,3,5,6,7,8
4 10 2,4,9 1,3,5,6,7,8
5 10 2,3,4,9 1,5,6,7,8
6 10 2,3,4,6,9 1,5,7,8
7 10 2,3,4,5,6,9 1,7,8
8 7 2,3,4,5,6,8,9,10 1,7
9 9 2,3,4,5,6,7,8,10 1
10 9 2,3,4,5,6,7,8,10 1
11 1 2,3,4,5,6,7,8,9,10 –
12 4 2,3,5,6,7,8,9,10 1
13 9 1,2,3,4,5,6,7,8,10 –
14 6 1,2,3,4,5,7,8,9,10 –

We have applied a color code to the skeletons in Fig.
3 for easier identification and better understanding of the
iterative process. At each iteration ν, the best individual of
the population, rνsΛ�, is displayed in red. The corresponding
indices are indicated in second column of Table II. Similarly,
the individuals with the worst fitness value are displayed in
green. They are then subjected to cloning and mutation and
included in the list ' prνsΛ�q (third column of Table II).
Finally, the rest of individuals are selected for elitism and
transferred to the next iteration without further mutation. They
are displayed in blue, and form the set d � rνs

Λi

(
i

�
(fourth

column of Table II).
As shown in the figure, at the initial iterations almost all

skeletons fail to get the final pose. In this particular example,
the first skeleton successfully reaches the target pose and it
becomes the global best (in red). We remark, however, that
this is not usually the case. Instead, some initial iterations are
generally required to get the first successful result (about 90%
of cases). After ranking, the worst solution (corresponding to
i � 4 and displayed in green) is replaced by a clone of the
best, ' pr1sΛ1q and then mutated b �' �r1s

Λ1

��
. Then, the

process is restarted again for ν � 2 and so on. The full process
is summarized in Table II. The table reports (in columns):
the iteration number ν, the index of the global best for this
iteration rνs

Λ
�, the indices of the skeletons to be replaced by

clones of the best and then mutated ' prνsΛ�q, and the indices
of the skeletons passed to the next iteration without further
modification (except the best), d � rνs

Λi

(
i

�
. As the reader

can see, the number of cloned and mutated individuals (in
green) increases with the iterations, as this is the driving force
for enhancement. Simultaneously, the number of individuals
selected for elitism (in blue) decreases, as a result of the other
individuals in the population are improving, so those selected
are no longer good enough for elitism and must be mutated
to further improve their fitness. The application of these
evolutionary operators leads to improvement over the time
until all skeletons finally reach the target pose. Final results
of this simulation example (reached for iteration ν � 14) are
highlighted in bold in Table II. The corresponding graphical



Fig. 3: Example of execution for 10 skeletons: (top-bottom) iterations 1–7



Fig. 3: (cont’d) Example of execution for 10 skeletons: (top-bottom) iterations 8–14

output for this iteration is depicted as the final picture in Figure
3. It shows that all skeletons are properly standing after 14
iterations. Although only one example is discussed here, we

performed several executions for this problem, all successful
in less than 40 iterations.
Regarding the implementation issues, all the computational



work in this paper has been performed on a personal PC
with a 2.6 GHz Intel Core i7 processor and 8 GB of RAM.
The simulations have been carried out by using the powerful
game engine Unreal Engine 4, by Epic Games. This engine is
particularly adequate for our purposes, as it provides a number
of useful tools and features for different tasks. For instance,
it uses the PhysX 3.3 physics engine to drive the physical
simulation calculations, compute all collisions and all other
physics-related tasks. It also provides a nice graphical output
for animation. Most of the source code has been implemented
by the authors by using the visual scripting system Blueprint,
although some source code has been implemented by direct
coding in the Unreal scripting languageUnrealScript and C++.

VI. CONCLUSIONS AND FUTURE WORK

In this work we introduced a new evolutionary computation
approach for automatic skeletal motion learning in human
animation. The approach is designed to allow the digital
characters to learn several motion routines automatically and
autonomously, without any user intervention. The procedure
consists of applying forces on selected bones to trigger move-
ment. The bones are chosen according to the particular targeted
motion. At initial stages, random forces are applied; then,
they are modulated by our EC approach. The most successful
forces are preserved for the next iterations (elitism) through
a selection operator according to the Darwinian principle of
survival of the fittest. To widen the search space seeking
for more promising values, we also apply two addtional
evolutionary operators: reproduction and mutation. The former
is a simple monoparental cloning, while the latter is performed
by perturbing the best solutions locally, aiming at finding the
global best while avoiding getting stuck in local minima.
This evolutionary strategy pays off. As shown in the ex-

ample discussed, the method is able to reach the final pose
in just a few iterations. In this paper only one example is
discussed because of limitations of space. However, we have
carried out more than one hundred independent simulations
for this particular problem and found the method to be very
stable in all cases. In our simulations, we always got a suitable
solution in less than 40 iterations. Regarding the computation
times, the whole process (including rendering and animation)
can be performed in real-time. This is not surprising, however,
as we are working with a small population of simple skeletons.
As mentioned above, this work is just one step in the

whole process of developing an artificial intelligence engine
for human motion to be ultimately embedded into software
packages for computer animation and video games. As such,
this work can be improved in many different ways. We plan
to extend this approach to other (more challenging) motion
routines, where probably more bones should participate in the
motion process. We also plan to consider skeletons with a
larger number of bones, particularly for motions involving the
hands and feet. On the other hand, the selection of bones for
motion is now performed manually by the user. We plan to
develop an intelligent system to make this choice automatically
through artificial intelligence techniques.
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