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Abstract 

The study of evolving physically situated and virtually 
embodied artificial creatures has been a hotbed of research 
in recent years. The availability and maturation of 
commercial-off-the-shelf physics engines coupled with the 
dramatic increase of personal computing power have 
encouraged widespread research into this intriguing field of 
artificial life. This paper provides a comprehensive survey of 
the field of artificial life with the emphasis on evolution of 
virtual embodied creatures simulated within a physically 
accurate world. Particular attention will be paid to the 
design of algorithms and locomotion controllers used in 
evolving such artificial creatures. Subsequently, some 
significant gaps in the literature of artificial life are 
identified, with suggestions of some promising research 
avenues that outline the road ahead in terms of further 
advancing this intriguing research field. 
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Introduction 

Artificial life is defined to be the emulation, simulation and 
construction of living systems [1]. Artificial life, or Alife, is 
predominantly concerned with the attempts to understand 
high-level behavior from low-level rules ranging from 
simulations of a particular living entity either as a whole or 
in part to larger-scale studies of emergent characteristics and 
properties that comprise of entire living populations and 
societies. 

One of the areas of Alife which has been drawing much 
research interest of late is the evolution of virtually 
embodied and physically situated artificial creatures [2]. 
Some of the keywords commonly used to describe this class 
of artificial life studies include virtual embodied evolution 
[3], virtual creature evolution [4], body-brain co-evolution 
[5] and evolution of morphology and behavior [6]. In this 
paper, we will use the term evolution of virtually embodied 
organisms to refer to this class of work. 

This survey begins with an overview of the importance of 
embodiment and situatedness when conducting the artificial 
evolution of virtual organisms. This is followed by a review 
of significant studies that have been carried out in the 
evolution of virtually embodied organisms. Finally we 
highlight some key shortfalls concerning this area of 

research and present some promising research directions in 
this regard. 

Embodiment and Situatedness 

The importance of embedding the study of evolving artificial 
creatures within the twin principles of situatedness and 
embodiment is perhaps best exemplified by how natural 
evolution occurs in real biological organisms. Natural 
creatures such as animals and insects have bodies and are 
situated in a physical environment. Their skills and 
behaviors are developed autonomously through the intimate 
interplay with their environment. As such, in order to create 
artificial creatures that might possess some of these novel 
properties exhibited by real creatures, such systems must be 
built based on the principles of situatedness and 
embodiment. 

This view of intelligence as an emergent phenomenon of 
embodied and situated artifacts is regarded by many 
researchers to be the foundation for successful design and 
implementation of artificial agents. On embodiment, it has 
been pointed out that the cognition process is dependent on 
experiences that originate from possessing a body with 
various sensor and motor capacities that can directly interact 
with the world, where their performed actions are integrated 
with the spatial dynamics of and consequence feedback from 
the world [7,8,9]. Following on to situatedness, it has been 
highlighted that individual sensor and motor capabilities are 
actually embedded within a biological and cultural context, 
that situated agents do not only process abstract descriptions 
but the present and immediate condition of the world which 
directly influences the behavior of the agent, in other words 
it operates on reality itself and not upon abstract 
representations of reality [7,8,9]. 

In Dautenhahn's work with socially intelligent autonomous 
agents [10,11], the importance of embodiment was discussed 
at length in designing reactive cognitive architectures in 
virtually embodied agents that can exist in simulation as well 
as for physical robots. Dauthenhahn [10] highlighted the fact 
that 

“… there is much evidence to support the assumption that 
cognitive capabilities are only possible through the 
interaction of body and mind, i.e. that the body is not simply 
used by the mind, but that there is a co-development and 
mutual shaping of cognitive abilities on the one hand and 
bodily skills and experiences on the other hand. The body is 
not a fixed and pregiven ‘actuator device’, but it is a dynamic 
and ontogenetically evolving entity.” (p.27). 
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Furthermore, Dautenhahn [10] argued that the study of 
embodied and situated artifacts will play a significant role in 
bridging the gap between phenomenological understanding 
and the computation-theoretic approaches normally adopted 
in cognitive science, artificial intelligence and artificial life 
studies. 

Mataric [12] addressed the issue of how physical 
embodiment is related to cognition and reviewed both 
biological and artificial studies that have endeavored to 
answer this question. It was argued that artificial systems are 
preferable over biological systems as although biological 
data are abundant, they are often disconnected and 
incomplete due to the restrictions that apply when working 
with real rather than artificial life. On the other hand, the use 
of artificial systems allows the researcher complete freedom 
to experiment with whatever aspects of embodiment and 
cognition that are of interest, in particular ablation of neural 
pathways, amputation of limbs and/or other forms of  
disablement of sensory-motor capabilities, which are central 
to the question of the role of embodiment in higher-level 
cognition. In the author's own study, artificial mobile agents 
were used to answer a number of key questions relating to 
social group behavior as well as imitative behavior, and how 
these behaviors are in turn related to embodiment and 
cognition.  

Nolfi [13] importantly pointed out that for an external 
observer, designing such situated and embodied creatures 
capable of autonomously developing the desired behavior 
through dynamical interactions with their environments is a 
very complex task. They further explained that there were 
two ways in which this can be achieved: (1) by painstakingly 
recreating the artificial creature through careful mimicking 
of natural organisms, or (2) by employing an artificial 
evolutionary process that allows for self-organization to 
occur automatically. As such, this makes the evolution of 
embodied and situated creatures a prime candidate for 
evolutionary computation techniques. 

Evolution of Virtually Embodied Organisms 

The study of evolving physically situated and virtually 
embodied artificial creatures has been a hotbed of research in 
recent years. The availability and maturation of 
commercial-off-the-shelf physics engines coupled with the 
dramatic increase of personal computing power have 
encouraged widespread research into this intriguing field of 
artificial life [2]. Not surprisingly, there were notably few 
significant advancements in this field since the pioneering 
work of Sims [14,15] until very recently. 

Research in this area generally falls into two categories: (1) 
the evolution of controllers only for creatures with fixed 
morphologies [16,17,18,19] and (2) the evolution of both the 
creatures' morphologies and controllers simultaneously 
[3,4,14,15]. Some work has also been carried out in evolving 
only the morphology alone for static 3D virtual organisms 
[20] and evolving morphology with a fixed controller [21]. 

The idea of using artificial evolutionary methods to 
automatically generate 3D embodied virtual creatures was 

first introduced by Karl Sims in 1994. A proprietary 
physics-based simulation system was implemented to evolve 
both the morphology and neural systems of virtual creatures 
using a directed graph grammar. Conventional artificial 
evolution was used to evolve specific behaviors such as 
swimming, walking, jumping and light-following [15] and a 
competitive co-evolutionary method was used to evolve 
creatures for resource acquisition [14]. The fitness of 
evolved creatures was judged using simple single-objective 
functions such as speed and height achieved. Although 
highly interesting morphologies and behaviors were evolved, 
the applicability of the system for evolving real robots 
remained questionable as the physics specifications for 
synthesizing the creatures allowed for interpenetrating 
surfaces. While Sims required Connection Machine CM-5 
parallel computers to conduct his artificial evolution, [2] 
recently re-implemented Sims' work using only standard 
personal computers. Ray [22] has also implemented a system 
highly reminiscent of Sims' system but rather than using a 
fixed fitness function within the artificial evolutionary 
system for selection, he relied upon aesthetic user selection. 
Both Taylor and Massey [2] and Ray [22] used a 
commercial-off-the-shelf physics engine called MathEngine, 
which has now been succeeded by its more advanced 
offspring called Vortex [23]. 

MathEngine was also used to develop a 3D biomechanical 
simulation of a salamander for a computational 
neuroethological experiment into the underlying neural 
circuits that generated the aquatic and terrestrial locomotion 
of real salamanders [24]. Although no evolutionary results 
were reported, an algorithmic CPG controller was developed 
that allowed for realistic and life-like swimming and trotting 
gaits to be reproduced in the artificial salamander. The CPGs 
were shown to be stable enough to receive higher-level 
sensory input from vision modules to enable tracking and 
approach towards a moving target [25]. These studies stem 
from earlier work on evolving CPGs based on neural 
controllers that generate swimming gaits for a 2D lamprey 
[26,27] as well as for generating locomotion gaits for a 2D 
salamander [28,29,30]. The fitness of evolved neural 
controllers was evaluated using single-objective functions 
based on either single or multiply-combined network output 
metrics. 

GP has also been used to evolve controllers for a fixed 
morphology virtual creature [16]. In this study, the emphasis 
was on evolving different control programs for a 3D 
animated character as opposed to traditional “key-framing” 
techniques that involved human hand-designed frames used 
by most animators. It was claimed that the evolved controller 
produced fluid, physically and biologically plausible 
motions. An incremental approach where additional 
constraints were phased into the single-objective fitness 
function as the evolutionary optimization progressed was 
used to evolve the final desired behavior. This incremental 
methodology was adopted after it was found that a direct 
approach incorporating all the desired motion styles into the 
fitness function from the start severely restricted the 
evolvability of the system. Virtual embodied evolution 
techniques have also been extended to practical applications 



in the entertainment and edutainment industries [17,31,32]. 
Commercially-based research conducted by Grand [31] 
produced the artificial life game called Creatures in which 
owners could breed, nurture and evolve virtual organisms 
known as Norns on their personal computers and even 
exchange genetic material with other owners over the 
Internet. Techniques used included user-guided 
behavior-based systems as well as those including 
morphogenesis [32] while it was suggested that to enable 
scaling to more complex behaviors required for characters in 
computer games, other techniques such as lifetime learning, 
virtual ecologies and evolution of behavioral primitives need 
to be considered [17]. 

Bongard and Paul [3] investigated the relationship between 
morphological symmetry and locomotive efficiency by 
co-evolving the controller and morphology of virtual 
embodied organisms using a physically accurate simulation. 
A variable length GA based on the SAGA algorithm [33] 
was used to evolve the artificial creatures and a recurrent 
neural architecture was used to act as the creatures' 
controllers. Two single-objective fitness functions were 
designed to reward firstly a combination of locomotion 
distance and morphological symmetry, and secondly 
locomotion distance and morphological asymmetry. It was 
found that bilaterally symmetrical agents were favored by 
evolution in terms of locomotion capability. Although these 
experiments entailed two separate objectives of distance and 
symmetry, these objectives were combined into a single 
fitness evaluation function. 

Bongard and Pfeifer [18] also conducted experiments in 
which only the weights for fixed architecture recurrent 
neural controllers were evolved. 10 creatures with different 
but fixed morphologies were used to investigate the 
difficulties of evolving locomotion controllers for creatures 
with different body masses and number of legs. Using a 
single-objective fitness function that measured forward 
displacement, it was claimed that hexapedal agents were the 
easiest while worm-like agents were the hardest to evolve 
successful controllers. In a related study, artificial evolution 
was shown to automatically add more complex behaviors to 
simpler ones through the use of different sensor modalities 
[34]. Using a quadrupedal agent with two simulated 
chemical sensors, a lower-level chemotaxis behavior was 
shown, through a number of lesioning experiments, to 
provide a base for the generation of a higher-level forward 
locomotion behavior. Hidden units in the neural networks 
were also lesioned to demonstrate that over evolutionary 
time, some hidden units became specialized in processing 
certain input signals. 

A similar but separate series of studies focused on the 
developmental processes associated with evolving virtual 
embodied organisms where both the controller and 
morphology were again being co-evolved [35,36]. Using the 
designed system called Artificial Ontogeny (AO), artificial 
organisms were evolved to locomote and push boxes in 
which a standard GA using a single-objective evaluation 
function was augmented with a genetic model based on 
biological differential gene expression. As such, the 
genotype-to-phenotype morphogenesis allowed for 

changing pattern expressions similar to that found in genetic 
regulatory networks (GRNs). It was claimed that the AO 
system had high evolvability since the artificial evolutionary 
system was able to produce modular structures as well as 
dissociate between the genotypic and phenotypic 
complexities [35]. In the later study, Bongard [36] showed 
that the AO system was able to generate modular GRNs 
early during the evolutionary process which led to the 
successful generation of creatures with high parts count. The 
early appearance of modular GRNs was attributed to the 
high pleiotropy (co-regulation of genes) within the 
neurogenesis process and low pleiotropy between the 
neurogenesis and morphogenesis processes. However, a 
somewhat biased weighted sum fitness function that 
involved a “shaping” term, which explicitly rewarded 
organisms with number of body parts, sensors, motors and 
synapses, was used to encourage the early appearance of 
active agents during evolution. 

Komosinski and Ulatowski [37] developed a proprietary 
platform for studying the evolution of 3D physically 
simulated virtual creatures called Framsticks. The system 
allows for both directed as well as open-ended evolutionary 
runs to be conducted although published results have only 
documented experiments with directed evolution for 
behaviors such as walking and swimming [37,38]. An initial 
investigation into the design and use of more evolvable 
genotype representations for achieving open-ended 
evolution was discussed by Komosinski and Rotaru-Varga 
[39]. It was found in a later study that higher-level encodings 
that included either recurrent or developmental elements in 
the genotype representation allowed for more structured 
phenotypes to be generated, which in turn led to the 
appearance of fitter individuals for separate single-objective 
maximization tasks involving height and locomotion speed 
[4]. The Framsticks artificial evolutionary system has also 
been used to create a method for studying the taxonomy of 
evolved agents based on how dissimilar agents were in terms 
of their morphological geometry [40]. The results obtained 
from using these taxonomic measures on artificial organisms 
were later compared to the characteristics and properties of 
biological phylogenic trees constructed for real organisms 
[41]. The Framsticks creatures have also been used by 
Mandik [19] to study the evolvability of mental 
representations where the neural controllers of fixed 
morphology agents were optimized using a combination of 
both human and artificial evolutionary design inputs for 
food-finding tasks in both walking and swimming creatures.  

The emphasis of Hornby and Pollack [42] in their study of 
evolving both the controller and morphology of virtual 
creatures was also on the genotype encoding for achieving 
more complex designs. Using a developmental grammar 
based on Lindenmayer systems (L-systems), 3D agents with 
simple bars and actuators were evolved in a quasi-static 
virtual world which could physically simulate low 
momentum movements similar to that of Lipson and Pollack 
[43]. A weighted sum fitness function was utilized to 
optimize maximization of locomotion distance and 
minimization of occurrences where body parts were dragged 
on the ground. They showed that creatures evolved using 



generative encodings outperformed those evolved using 
non-generative encodings for a locomotion task by capturing 
useful design space biases while allowing large scale 
mutations to be performed viably, which in turn enabled the 
encapsulated and coordinated re-use of hierarchies of parts 
[5]. It was claimed that the morphologies of these 
generatively encoded creatures were more complex than 
those previously reported by Sims [15], Komosinski and 
Rotaru-Varga  [39] and Lipson and Pollack [43], by virtue of 
having more parts in the morphology and more regularity in 
the overall design of the evolved creatures. In related work, 
oscillator controllers similar to CPGs were used in place of 
neural network controllers for evolving both 2D [44] and 3D 
virtual agents [45]. 

Challenges in Evolution of Virtually Embodied 
Organisms 

Co-evolution of Morphology 

There is an increasing trend in evolution of virtually 
embodied organisms to involve some form of evolution of 
morphology simultaneously with the evolution of controllers 
[36,38,42]. Pfiefer [4] argues that morphology and materials 
are intimately related to control in adaptive behavior. This is 
referred to as ecological balance and was argued to enable 
better designs of robots and other artificial organisms. There 
is a trade-off between morphology and control: having the 
right morphology can greatly simplify controller 
requirements. As such, it was also argued that discussions of 
embodied autonomous agents pertaining only to neural 
processing issues are incomplete without a related 
discussion of the agent's shape, physical properties of its 
sensors and motors as well as the materials which make up 
the agent's body and appendages. Although it may be 
advantageous to co-evolve body parameters for virtually 
embodied organisms, there is even greater potential benefits 
if this methodology could be ported over to the physical 
realm in terms of the co-evolutionary design of both the 
morphology and controller of real-world robots. Currently 
research effort into this form of technology where the virtual 
meets the physical is still rather limited in scope. However, 
some headway has been made in the design of simple 
abstract robots where the careful choice and design between 
simulator and currently available robotic parts have seen the 
transfer of some virtually embodied organisms into 
functional real-world robots with radically different 
morphologies [43,44]. Nonetheless, while the technology of 
fabricating robot morphologies designed in simulation 
directly into real-world robots continues to mature, a large 
field of research that can eventuate from such studies remain 
largely untapped. Such morpho-controller evolution 
experiments can be formulated to investigate certain aspects 
of the evolution of both animal and human morphology with 
respect to their locomotory gaits. To the best of our 
knowledge, there has so far been no research conducted in 
this vein, although the answers that can be uncovered from 
such studies are clearly beneficial to both evolutionary 
biologists and artificial lifers alike. 

Real-world Noise 

One of the more serious issues associated with evolving 
controllers for real physical robots is the time required to 
carry out the evaluation of new solutions [12]. To overcome 
this problem, many evolutionary robotics studies have 
resorted to using virtual robots in simulated environments in 
order to reduce the time requirement [47]. Again, this proves 
that there is tremendous potential to reap from the evolution 
of virtually embodied organisms if the gap between the 
virtual and physical worlds can be narrowed. Jakobi [48] has 
already shown that if the simulation takes into account the 
presence of noise in sensors and motors, then evolved 
controllers in simulation can be successfully transferred to 
real-world robots. However, the question of how much noise 
to include in the simulation and the nature of this noise 
remains. This may not be such a hard question to answer if 
the robot for which solutions are being evolved is an existing 
machine, since the noise present in the sensors and actuators 
might be measurable to some degree, although this would 
entail additional experimental time to actually carry out such 
measurements. It would be a serious impediment in studies 
where the robot has yet to be physically materialized, 
particularly in experiments that utilize artificial evolution to 
automatically generate new robot designs. In such cases, it 
would be difficult to ascertain the amount of error in sensor 
readings and actuator outputs in advance for inclusion into 
the simulation. As such, it would certainly be beneficial to 
carry out some empirical experiments that compare between 
different noise levels which can subsequently provide some 
sort of ballpark figure for an acceptable level of noise to 
include in simulations, so that the evolution of simulated 
robots can readily translate into functional real-world robots 
without the need to re-engineer or re-evolve the solutions 
within the real-world robots once manifested. 

Technological Considerations 

Perhaps one of the more overlooked aspects of this field 
concerns the design of more faithful yet fast simulators in 
terms of physical fidelity and run-time efficiency that are 
more amenable towards conducting evolutionary studies of 
virtually embodied organisms. Such considerations, though 
technological in essence, will in effect allow for more 
theoretical breakthroughs through the provision of basic 
“infrastructure” that can significantly reduce the time and 
effort required to conduct experiments in artificial life. For 
example, the technology of physics-based simulators have 
advanced significantly over the last decade [2], thus 
allowing researchers to proceed directly to the artificial 
evolution of virtually embodied organisms without the need 
to first hand-code the physics routines of the simulated world. 
The continual advancement of high fidelity yet 
computationally cheap physics engines is thus paramount. In 
this regard, the development of a physics simulator which 
comes pre-loaded with a set of faithful simulations of readily 
available robotic parts including sensors and actuators would 
further reduce the time required to set up such experiments 
and again serve as a measure that can potentially bridge the 
divide between simulated and real physical agents. 



Evolutionary Objectives 

The survey conducted showed that the research into 
evolving virtually embodied organisms has focused mainly 
on generating the desired behavior using single-objective 
fitness functions. These evaluation functions typically 
consist only of a single term for assigning the fitness of 
individuals generated [15,16,18,39,43] or a combination of 
multiple terms into a single weighted objective when the 
desired behavior cannot be achieved with simpler 
single-termed functions [3,5,36,42]. A Pareto 
multi-objective optimization approach involving 
optimization of explicitly distinct objectives have not been 
explored yet thus far for artificial creature evolution. Such an 
investigation might very well reveal significant advantages 
over standard single-objective EAs in terms of the 
evolutionary optimization process itself in addition to the 
possibility of generating greater varieties of creature 
morphologies and behaviors by virtue of multiple 
evolutionary objectives versus single-termed evolutionary 
systems. Hence, the computational time required to conduct 
these evolutionary runs can be significantly reduced using a 
multi-objective approach compared to single-objective 
approach since an entire set of controllers with varying 
network sizes and locomotion capabilities can be generated 
in a single run, allowing for comparisons between creatures 
with different abilities and controllers to be made after just a 
single run is conducted for each type of creature. This 
represents a significant advantage over single-objective 
evolutionary systems that need to be re-run multiple times in 
order to test the effect of other factors such as number of 
hidden units on the locomotion capability of the virtually 
embodied organism [18]. Such a setup would require a 
significantly larger number of evolutionary runs before a 
suitable set of controllers with different network 
characteristics and locomotion capabilities can be obtained 
in order to conduct comparisons between different creature 
designs. 

Architecture of the Brain 

The choice of ANN architectures used for the evolution of 
the artificial creature’s brain is normally made without 
proper explanation to the reader [18,34,49,50,51]. Usually 
some form of recurrency is used in the ANN, either partially 
[18,34,49] or fully [50,51]. On the other hand, simple direct 
connections between sensor inputs and motor outputs have 
also proven to be sufficient for evolving artificial creature 
controllers with simple behaviors that can accomplish the set 
task [21]. As such, it remains unclear from the body of 
literature what types of ANN architecture should be used to 
evolve controllers for virtually embodied organisms. 
Furthermore, there is the question of what is the minimum 
hidden layer size required to produce locomotion controllers 
in virtually embodied organisms. Most works in this area 
simply choose an arbitrary number of hidden units to be 
included in the network control architecture, which then 
remain fixed throughout the evolutionary process 
[18,50,51].  

The capacity of an ANN is determined by its so-called 
Vapnik-Chervonenkis (VC) dimension [52], which in turn is 

determined by the number of free parameters in the network 
such as the connection weights for feed-forward ANNs [53]. 
One way to control the weights is by controlling the number 
of hidden units present in the ANN. Hence, the importance 
of implementing a suitably-sized hidden layer within the 
ANN architecture needs to be ascertained. Although some 
papers report the inclusion of number of hidden nodes as an 
evolvable network parameter within their artificial 
evolutionary system [3,14,15,42], none of these experiments 
explicitly impose evolutionary pressures on minimizing the 
size of the hidden layer. 

Firstly, finding the ANN controller with the minimum 
network size will reduce the amount of computation that 
needs to be carried out by the artificial creature's controller, 
thereby further enhancing its efficiency during operation. 
Secondly, to be able to use the controllers as some type of 
complexity measure for the comparison between evolved 
agents, we need to ensure that the amount of redundancy in 
the network is minimized as far as possible in order to avoid 
false indications given by large redundant networks. Thirdly, 
although redundancy may be beneficial for life-long learning, 
we need to avoid evolving networks with unseen redundancy 
to be able to reduce the risk of unpredictable behavior. 
Redundancy can be later added manually, with its 
corresponding effects analyzed by the designer. Hence, the 
inclusion of an explicit second objective which minimizes 
the size of the hidden layer would be highly beneficial to this 
end, which can again be achieved by adopting a Pareto 
multi-objective evolutionary approach. 

Conclusion 

A comprehensive survey of the related fields of evolution of 
virtually embodied and physically situated artificial 
creatures was presented in this paper. Various methods used 
in evolving these virtual organisms have been reviewed. Key 
shortfalls in terms of co-evolutionary design, noise inclusion, 
technological considerations, evolutionary objectives and 
controller architecture were highlighted. As such, there is an 
urgent need to shift some of the research efforts in artificial 
life towards addressing some of these fundamental issues 
concerned with the development of artificial evolutionary 
methodologies for virtual creature design and control. 
Promising research directions in the development of 
artificial life systems that utilize a Pareto multi-objective 
optimization approach as well as evolvable network 
architectures were also presented.  
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