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ABSTRACT 
In nature, the morphological changes that occur as cognitive 
development takes place in human beings and animals have been 
shown to facilitate learning. Taking inspiration from nature, 
morphological development aimed at improving learning has been 
applied in the literature to different robotics configurations and 
tasks with mixed results. In this paper, we consider a growth-based 
morphological development approach applied to a quadruped 
walking task, and, in addition to determining that it improves the 
learning characteristics, we show that morphological development 
is something other than just introducing noise as a fitness landscape 
smoothing technique. Finally, by means of a study of the evolution 
of the different fitness landscapes, we argue and discuss that 
learning using growth is equivalent to an incremental learning or 
fitness landscape shaping approach. 
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1 INTRODUCTION 
In this paper, we consider growth-based morphological 
development as a tool to improve the learning behavior of robots,  
inspired by the fact that simultaneously developing the morphology 

and the cognitive system in animals has been shown to facilitate 
learning [1], [2]. In robotics, researchers have found cases in which 
the application of morphological development principles seemed to 
improve learning [3]–[6], others in which no effect was detected 
[7]–[9], and even some in which they turned out to be detrimental 
[10], [11].  Thus, it is not easy to extract a clear notion of the effects 
of morphological development on the learning abilities of robots. 

Nonetheless, there are several studies that provide some 
indications on why and how learning may be influenced by 
morphological development. Bongard and Buckingham [8], [9] 
relate task complexity to the influence of morphological 
development. Bongard [12] also presents instances where abrupt 
changes in the control-morphology relationship during the 
development is detrimental. Ivanchenko and Jacobs [10] show how 
morphological development may be beneficial, irrelevant, or even 
detrimental for learning depending on the developmental sequence 
selected. 

In this paper, we seek basic insights into the fundamental 
mechanisms that underpin morphological development-based 
strategies so that appropriate parametrizations of the algorithm can 
be determined for different problems or use cases. To homogenize 
the setup and generalize the results, we will use the same 
experimental framework over the different experiments carried out. 
For a complete and detailed definition of what we mean by 
morphological development, see the formalization proposed by 
Naya-Varela et al. [13].  

Thus, we want to address three main issues: First, whether 
growth-based morphological development is actually more 
efficient in terms of samples than the neuroevolutionary algorithm 
by itself. Secondly, if this is so, whether this is only due to the fact 
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Figure 1. Detailed of the different parts of a quadruped 
morphology. In this case, the quadruped with 8 DOF. 
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that morphological changes have similar effects as noise in an 
evolutionary process. Finally, if the answer to the first question is 
positive and to the second negative, provide some ideas on the 
behavior of the fitness landscapes induced by morphological 
development. 

 

2 EXPERIMENTAL SETUP 
To achieve these objectives, we have implemented an experimental 
framework based on a walking task over flat ground, using simple 
quadruped robots with different 8, 16 and 24 of Degrees of 
Freedom (DOF). An example of the morphology of the 8 DOF 
quadruped is displayed in Figure 1. Additional details of the three 
morphologies can be found in [14]. 

Two basic kinds of experiments were carried out for each 
quadruped to study how morphological development influences 
learning: In the development one, the quadrupeds start with the 
prismatic joints contracted and they are expanded linearly until 
reaching the final morphology at generation 60, while the no 
development one always uses the final morphology. [15].  
Additional experiments using the same basic setup have been 
carried out to ascertain the characteristics of morphological 
development. Specifically:  
 Double population experiment: The population of the NEAT 

algorithm in the no-development case is increased from the 
beginning of learning from 50 individuals to 100. 

 Learning with noise experiment: Random noise is added to 
the inputs of the NEAT-NN in the non-development 
experiment of the 8 DOF up to generation 60 by a Gaussian 
Function, with  = 0 and  depending on the experiment, with 
values  = 0.2, 0.4, 0.6, and 0.8.  Several sigma values have 
been selected to provide for different noise levels. 

Finally, we have carried out an analysis of the progression of the 
fitness landscapes during the learning processes. As the fitness 
landscape produced by a NN is not easy to represent, inspired by 
Koos et al. [16], we have visualized it by approximating the best 
controller of each morphology obtained through neuroevolution to 
a sinusoidal function controlled by two parameters, P1 (offset) and 
P2 (amplitude). Further details can be found in [14]. 

In the following sections, we study and analyze the results 
obtained from these experiments and discuss their implications. 

3 RESULTS AND DISCUSSION 
Figure 2 shows the results obtained after the learning process 
through neuro-evolution for the no-development case, with a 
population of 50 and 100 individuals, and the growth experiments 
with a population of 50 individuals for all the quadrupeds (Figure 
2-A, Figure 2-B and Figure 2-C). Three main conclusions can be 
made: (1) The growth experiment outperforms the no-development 
one with 50 individuals of population in the case of the quadruped 
with 8 DOF and 16 DOF (Figure 2-D, p-value 0.00003 and Figure 
2-E, p-value of 0.02271). In the case of the 24 DOF quadruped, no 
statistically significant improvement can be appreciated (Figure 2-
F, p-value of 0.1673). (2) Growth with a population of 50 does not 
improve the learning performance of no development with a 

population of 100 (Figure 2-D, p-value of 0.94247; Figure 2-E, p-
value of 0.88144; Figure 2-F, p-value of 0.49753). And (3)  Figure 
2the introduction of noise in the input of the NN does not improve 
learning compared to the no development case (Figure 2-H, p-value 
of 0.05555). On the other hand, growth-based morphological 
development improves learning compared to all the noise 
experiments (Figure 2-I, p-values from 0.00008 to 0.03644). 

Furthermore, growth has also been shown to notably reduce the 
number of evaluations needed to learn to walk. For instance, in 
Figure 2-A it is possible to observe that the growth-based case 
achieves around generation 100 (1/3 of the total of evaluations) the 
same fitness value as that of generation 300 (end of learning) in the 
no-development experiment.  

On the other hand, growth-based morphological development 
with a population of 50 individuals did not outperform the no-
development experiment with a population of 100 individuals 
(Figure 3-D). However, the non-developmental experiment 
doubles the computational cost of the growth-based experiment in 
this experiment. 

Regarding noise, growth-based morphological development has 
managed to improve learning compared to all the noise experiments 
considered (Figure 3-G and I). Only the highest noise experiment 
(sigma 0.8) has yielded results approaching those obtained with 
growth. Thus, growth is more advantageous due to the 
improvement in learning without requiring an increment in the 
computational cost. 

The representation of the fitness landscape for the morphologies 
of the quadruped with 8 DOF and 24 DOF is displayed in Figure 3. 
 The following comments can be made about these results: 

 Quadruped with 8 DOF: The fitness landscape of the 
initial morphology (Figure 3-A) is smooth and non-
deceptive. Its values increase gradually and continuously 
from the borders towards the optimum. As the morphology 
grows, its characteristics change gradually, becoming 
rougher and more deceptive (Figure 3, from A to D). 

 Quadruped with 24 DOF: Unlike the case of the 8 DOF 
quadruped, the fitness landscape of the initial morphology 
(Figure 3-E) presents a rougher and more deceptive fitness 
landscape, (a yellow area surrounding the area of the 
optimum solutions placed in the right side of the picture, but 
also far from it). These characteristics become more 
pronounced in the final morphology (Figure 3-H), where 
both, greater roughness and greater deceptiveness are 
observed, having a zone with high fitness values that is far 
from the area of optimal solutions. 

Therefore, as shown in Figure 3, comparing the fitness landscape 
of the initial and final morphology for the quadruped with 8 DOF 
and 24 DOF, growth-based morphological development shapes the 
fitness landscape from the initial morphology to the final one. In 
the case where morphological development was favorable for 
learning, the characteristics of roughness and deceptiveness of the 
fitness landscape make it harder for the learning algorithm to find 
the optimal solution and make it prone to getting trapped in 
suboptimal solutions. These characteristics are shared by the fitness 
landscape of the initial morphology of the quadruped with 24 DOF, 
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although to a lesser degree. Thus, for the quadruped with 24 DOF, 
it can be considered that there is little difference between learning 
with the initial or final morphology. Characteristics supported by 
the irrelevance of growth displayed in Figure 2-F. However, the 8 
DOF fitness landscape shows a different evolution. While the 
fitness landscape of the final morphology is rough and deceptive, 
the initial one is the opposite: smooth and non-deceptive. These 
features of the initial fitness landscape ease learning in the early 
stages of development. As the landscapes progressively become 
rougher and more deceptive towards the final morphology, the 
learning algorithm is guided towards the optimum areas of the 
fitness landscape. 

Therefore, it can be said that growth-based morphological 
development constitutes a learning strategy that helps the learning 
algorithm to find the optimum areas of the fitness landscape from 
the beginning of learning thanks to the shaping process of the 
fitness landscape that takes place at each developmental stage 
motivated by the changes in the morphology, which guides the 
exploration towards the optimal areas.  

5 CONCLUSIONS 
In this paper, we have shown how growth-based morphological 
development, applied to three different quadruped morphologies, 
improved the learning of controllers in a walking task. 

8 DOF, 16 DOF and 24 DOF Quadruped experiments 

    

      
Noise experiments. 8 DOF Quadruped 

            
Figure 2. From A to F, results of the learning process (A-B-C) and the statistical analysis at the end of learning (D-E-F) for the 40 
independent executions of the quadruped with 8 DOF (A-D), 16 DOF (B-E) and 24 DOF (C-F). In A-B-C: in solid red color, the 
results of the no-development experiment with 50 individuals in the population; in solid green color, the results of the no-
development experiment with 100 individuals in the population; in dashed black color, the results of the growth-based experiment 
with 50 individuals. In D-E-F, the numerical values of the Mann-Whitney test have been replaced by asterisks. The larger the
number of asterisks, the greater the statistical difference. From G to I, results of the learning process (G) and the statistical analysis 
at the end of learning comparing the noise experiments with the NoDev (H) and the Growth (I) ones for the 30 independent 
executions of the quadruped with 8 DOF. The dash line in the G figure represent the NoDev and the Growth experiment respectively.

A B C

D E F

G H I
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Furthermore, growth-based learning is different than adding noise 
to the neuroevolution and outperforms this strategy. In addition, the 
learning improvement produced by growth-based development is 
at the same level as the improvement produced by doubling the 
population of the neuroevolutionary algorithm in the non-
developmental case. Thus, a growth-based development strategy 
reduces the computational cost significatively by improving the 
sampling efficiency.  

Finally, from an algorithmic perspective, growth based 
morphological development has been shown to be a complement to 
neuroevolutionary learning that progressively modifies the 
structure of the fitness landscape. When appropriately 
implemented, it enables finding optimal solutions for 
tasks/morphologies resulting in rough and deceptive fitness 
landscapes. This is achieved by establishing a growth path from a 
simplified version of the final morphology that results in a 
smoother and less deceptive fitness landscape for the task. 
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                         Initial Morphology                                      Intermediate Morphologies                                               Final Morphology 

Figure 3. Fitness landscape representation for the quadruped with 8 DOF (top) and 24 DOF (bottom) for the initial development
stage (A and E), two intermediate developmental stages (B-C and F-G) and the final one (D and H). 
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