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Abstract—This paper provides some insights into the advantages 
of using a Long-Term Memory (LTM) for optimizing the 
adaptive learning capabilities of a cognitive robot in dynamic 
environments. Specifically, a procedural LTM that stores basic 
models and behaviours is included in the evolutionary-based 
Multilevel Darwinist Brain (MDB) cognitive architecture. The 
memory system is based on learning error stability and instability 
to detect if a model is candidate to enter the LTM or to be 
recovered. A LTM replacement strategy has been developed that 
is based on context detection using functional comparison of the 
models’ response. The LTM elements are tested in theoretical 
functions and in a simulated example using the AIBO robot in a 
dynamic context with successful adaptive learning results. 

Keywords-Adaptive Learning, Cognitive Robotics, Evolutionary 
Computation, Dynamic Environments 

I.  INTRODUCTION 
In the last decade, several authors in the autonomous 

robotics field have started to introduce in their robots biological 
brain models taken from neurophysiology trying to 
computationally reproduce the complex processes occurring 
within the brain with the aim of obtaining robots with a higher 
level of autonomy [1][2][3]. This approach is different from the 
traditional one of studying brain operation and implementing 
the resulting functionalities from an engineering perspective. 

Brain-like robotic approaches are typically included under 
the name of cognitive robotics, due to the fact that such robots 
are characterized by their cognition. A cognitive robot is 
characterized by its capacity of acquiring knowledge in an 
autonomous and adaptive way, that is, a cognitive robot has 
adaptive learning capabilities and, as a consequence, its 
behaviour is really autonomous.  

One of the most studied aspects of biological brains in 
cognitive robotics is memory [4][5][6], as the main cognitive 
functions depend on it. In planning and decision-making, 
memory is used as the substrate for the creation of models 
where predictions can be carried out. Action selection is guided 
by previously selected actions and their consequences. Other 
cognitive processes such as attention, visual processing, and 
reasoning are strongly coupled to the memory system. Even 
emotions affect memory by modulating the behaviour of the 
neural cells [7]. Finally, as the key aspect for the work 
presented here, memory plays a basic role in learning, and 

although it is possible to learn without explicitly using previous 
experience, the retention of learned patterns is clearly improved 
using memory and, consequently, the behaviour in dynamic 
contexts is optimized. 

Cognitive architectures are the computational 
implementation of a cognitive model, and as such, constitute 
the substrate for all cognitive functionalities in robots, like 
perception, attention, action selection, learning, reasoning, etc 
[8]. Most traditional cognitive architectures, such as SOAR [9], 
LIDA [10], Micro-PSI [11], OpenCogPrime [12] or IMA [13], 
contain memory systems based on theoretical concepts from 
neuroscience and cognitive psychology where two main types 
of memory are identified, Short-Term Memory (STM) and 
Long-Term Memory (LTM). STM is composed of a sensory 
memory that contains the information perceived by the 
perceptual system through the sensors and a working memory 
that it can be considered as a cache that actively maintains 
information relevant to the current task for a short period of 
time. Thus, STM stores the conscious information for a short 
period of time, in which it undergoes a process of consolidation 
until it is permanently stored in the LTM. 

LTM preserves a large amount of information for a very 
long time. It is typically divided into procedural or implicit 
memory, related with implicit knowledge and non-conscious 
processes like the tuning of motor skills, and explicit, which 
stores conscious knowledge. Explicit LTM can be subdivided 
into Semantic, which stores general knowledge about the 
world, including facts and properties of objects, and Episodic, 
which stores facts, events or episodes that occurred during a 
lifetime contextualized in time and space. 

LTM is the most complex memory element and it has 
received much attention in cognitive robotics research [14]. 
Regarding explicit LTM, only a few cognitive architectures 
consider semantic memory systems appropriately due to the 
complexity of transforming events or facts into knowledge 
[6][13], that is, the classical problem of assigning meanings to 
the perceptions. The case of episodic memory is different, as 
this LTM module the one that has been studied more in depth 
and implemented in real robots [9][10], although in tasks of 
limited complexity [4][5]. 

Most cognitive architectures [14] include a procedural 
memory element that contains the basic knowledge of how to 
select and perform basic actions or behaviours. But in all of 



them, such basic knowledge is pre-defined and inserted in the 
robot memory. Moreover, it remains fixed during the robot 
lifetime, so new skills cannot be included in the procedural 
memory. In this work we are interested in this specific aspect 
of memory in cognitive robotics: providing an existing 
cognitive architecture with a long-term procedural memory that 
supports adaptive learning of basic models and skills 
throughout the robot’s lifetime. In particular, we will analyse 
the optimization in the learning processes that can be achieved 
using these structure when dealing with dynamic environments. 

The remainder of the paper is structured as follows: section 
II contains a brief introduction to the current version of the 
Multilevel Darwinist Brain cognitive architecture that is used in 
this paper as a base architecture. Section III is devoted to the 
detailed description and theoretical test of the procedural long-
term memory that has been added to the architecture. In section 
IV we have included a practical example of adaptive learning 
in a dynamic environment with a simulated robot. Finally, 
section V summarizes the main contributions of this work. 

II. MULTILEVEL DARWINIST BRAIN 
The Multilevel Darwinist Brain (MDB) is a cognitive 

architecture that has been widely applied to different real robot 
learning problems [15]. It is based on a utilitarian cognitive 
model that allows a general autonomous agent to decide the 
actions it must apply in its environment in order to maximize 
its satisfaction (degree of fulfilment of the task). The MDB 
uses three types of functions, called world, internal and 
satisfaction models [15] to select the action it will execute 
through an internal reasoning process. The world and internal 
models predict, respectively, the external and internal sensorial 
values in instant t+1 from the sensorial values and the action 
applied in instant t. From these predicted sensorial information, 
the satisfaction model predicts the satisfaction of the robot 
associated to the action applied. 

The world, internal and satisfaction models that are used for 
action selection in the MDB are not pre-defined, and they must 
be learned during the robot’s lifetime while it is interacting 
with its environment. This approach is typical in the Cognitive 
Developmental Robotics field [2], a cognitive robotics subfield 
where an embodied and autonomous development of the 
robotic “brain” is the key aspect. The main originality of the 
MDB is in the use of evolutionary algorithms (EA) operating in 
real time for the adaptive learning of the models and of 
artificial neural networks (ANN) as the substrate for those 
models [15]. 

Fig 1 displays a functional diagram of the MDB in its 
current version, including the Long-Term Memory element that 
is the topic of this work and that will be explained in the next 
section. As we can see, the MDB is structured into two 
different time scales, one devoted to the execution of the 
actions in the environment in real time (execution scale) and 
the other with the learning of the models (learning scale). The 
elements present in the execution scale necessarily run in the 
robot’s physical hardware while the elements present in the 
learning scale could run on it if the computational power allows 
it, but they could run in distributed computers. The operation of 
the MDB can be described in terms of these two scales. 

Starting from the learning scale, let us assume that the robot 
has executed an action in the environment and a new iteration 
starts on time t. We have new perception values that are 
introduced in the Short-Term Memory (STM). These real world 
samples or episodes are stored in an episodic buffer (EB) (one 
for each type of model) if they pass an attention mechanism 
that acts as a filter and replacement mechanism with the aim of 
storing the most relevant episodes for learning in each case. 
The EB has a very limited capacity according to the temporal 
nature of the STM. 

 
Fig 1. MDB functional diagram including the developed LTM 

Once the episode is stored or discarded, the model evolution 
starts for each type of model using as population the models 
stored in the Working Memory (WM). This evolution is carried 
out during a small number of generations to avoid a premature 
convergence of the model towards a specific EB. The evolved 
models are, as commented above, ANNs that are randomly 
initialized and stored on their corresponding WM in the first 
iteration and imported from the WM in subsequent iterations.  

After the evolution finishes, the best models are selected as 
current world, internal and satisfaction models and they make 
up the internal representation of the robot’s world in iteration t.  
These models are used in the behaviour evolution. A behaviour 
in the MDB is a function that provides the action to be applied 
in a given instant of time from the sensorial information 
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available at that point. In the first MDB version, every time the 
model evolution finished, an action selection process was 
carried out to choose the best action to be applied. Now, this 
process has been generalized with the inclusion of behaviours. 
To evolve them, the current models are used to compute the 
fitness function, because they provide the satisfaction 
associated to a given action, so the behaviours can be evaluated 
using all the episodes stored in the EB. As in the case of the 
models, the behaviours are represented by ANNs that are 
stored in the behaviour WM and evolved during a small 
number of generations. Once the behaviour evolution finishes, 
the best individual is selected as the current behaviour and 
transferred to the execution scale to be used to select the action. 

Every time the robot executes an action new episodes from 
the real environment are obtained. As more iterations take 
place, the MDB acquires more information and thus the model 
learning processes should produce better models and, 
consequently, the behaviours obtained using these models 
should be more reliable, and the actions provided by them more 
appropriate to maximize the satisfaction.   

In the execution time scale, the robot has a behaviour 
selector that chooses, as we will explain later, the behaviour 
that will be applied in real time from the one obtained in the 
learning scale or from others coming from the Long-Term 
Memory. In any case, once a behaviour is selected, it simply 
provides the action to be applied as a function of the sensorial 
information acquired in the previous iteration. This behaviour 
is used until one that produces a better predicted satisfaction for 
the current circumstances of the robot is obtained in the 
learning stage or is found in the LTM. 

III. PROCEDURAL LONG TERM MEMORY 
The initial version of the MDB without LTM is very 

inefficient in dynamic environments. This is due to the fact that 
the models that were learned were not stored, and, 
consequently, in the case of returning to a previous context, 
they must be relearned again. This is the main motivation 
behind the implementation of a Long-Term Memory for a 
cognitive architecture. Moreover, previously learned models 
can be used as seeds for new contexts that could appear as 
simple variations of others (for example, two environments 
with small differences in the floor features). 

The models in the current version of the MDB correspond 
to cognitive processes, those of finding relations between 
sensorial information and satisfaction. Taken as a whole, the 
current models represent the knowledge about the world and 
itself the robot has acquired. On the other hand, the behaviours 
may be associated to the basic skills and habits of the robot. To 
improve on the efficiency of the MDB, we decided to 
implement a procedural long-term memory (LTM) that stores 
knowledge on the world, skills and habits in the form of 
models and behaviours. 

First of all, it must be pointed out that the LTM 
management is independent for each type of model, which, in 
fact, run in different threads concurrently [16]. This has been 
represented in the diagram of Fig 1 trying to maintain each 
model elements in a common vertical line. We imposed a set of 
requirements for the LTM design (in what follows, the 

behaviours will be considered as models). First, it must store 
only one model for each context. Assuming that the robot will 
be placed in a dynamic environment, we must avoid storing 
models of intermediate contexts. Second, it must store models 
that have been clearly learned and that provide successful 
prediction results. Finally, it must allow the recovery of models 
in the case of detecting a change of context. As commented 
above, the models can be directly applied in previously learned 
contexts or serve as seeds for new learning processes. 

To achieve these requirements, we have developed a LTM 
system that can be decomposed into three basic components: 

A. Error stability test 
To decide if a model must be stored in the LTM we 

perform an error stability test. The objective of this test is to 
find out if the current model of a given iteration is stable or not 
in terms of its convergence tendency. Considering an EB of 
capacity Ceb, the MDB learning process requires approximately 
2Ceb iterations to improve. Consequently, the error stability 
tests start after 2Ceb iterations. From this moment onwards, 
after the evolution of each model finishes, we store the error 
obtained by the current model in an error memory, which has a 
capacity of Cem. Once this error memory is full, the test can 
start: the current model error Ecm is compared one by one with 
all the errors stored in the error memory !!"! . We establish a 
percentage stability threshold Ts, so the current model is 
considered as stable if: 

(1 + !!) ∙ !!"! > !!" and (1 − !!) ∙ !!"! !< !!" 

for 1 < i < Cem 

To analyse the response of this stability test with different 
parameters, we have designed a learning experiment with a 
theoretical function, in this case a Gaussian one. We simulate 
the model learning of the MDB by randomly extracting 
samples from a function that represent episodes and are stored 
in the EB. Each time a sample is obtained, a new learning 
iteration starts, as in the case of MDB. We use a Differential 
Evolution algorithm to adjust the parameters of a multilayer 
perceptron ANN that must model the theoretical function. 
Table 1 displays the specific parameters and function used in 
this case. 

Target function ! = 3!!
!!!!!
!  

EB size (Ceb) 20 

ANN size 2-4-1 

WM size (Cwm) 50 

MDB iterations 2400 

Generations per iteration 2 

Table 1. Parameters of the stability experiment 

Fig 2 represents the evolution of the mean squared error 
provided by the best model each iteration. We have placed a 
black point over the curve in those iterations where a model is 
detected as stable. The top graph corresponds to Cem=20 and Ts 
=0.3. As shown, the stability test is too soft and stability is 
detected even in zones where the convergence is clearly 



unstable. The bottom graph corresponds to Cem=80 and Ts =0.1, 
a much harder situation to detect stability, and as a 
consequence it is only detected around iteration 750. It must be 
pointed out that in both cases the error level obtained was good 
enough to model the theoretical function. 

 
Fig 2. Evolution error for a Gaussian function with points marking 
the iterations where a model was detected as stable. Top graph with 
Cem=20 and Ts =0.3 and bottom graph with Cem=80 and Ts =0.1 

Therefore, the stability test is highly sensitive to the values 
of error memory size and stability threshold. The ideal 
situation, verified in our experiments, has been an intermediate 
case, like the one shown in Fig 3 with Cem=20 and Ts =0.1.   

B. Replacement strategy 
If a model is detected as stable and the LTM is empty it will 

be directly stored. In subsequent iterations, if a model is 
detected as stable, and taking into account that we want to store 
only one model per context, a replacement strategy is required. 
As we are storing the genotype of an ANN, a direct comparison 
is not possible because genotypically different models could 
correspond to the same context. Consequently, we have 
developed a strategy that is based on a cross comparison of 
errors in the associated contexts. Thus, together with the ANN 
parameters that make up the model, we store the corresponding 
EB that represents the context where this model was stable.  

Specifically, the following errors must be considered for 
this replacement strategy: 

• Ecm: the current model error in the current EB 

• Ei
ltm: the ith-model of LTM error in its associated EB 

• Ei
cm-ltm: the current model error in the EB of the ith-

model of LTM 

• Ei
ltm-cm: the ith-model of LTM error in the current EB 

When the current model of iteration t is detected as stable, it 
is marked as acceptable and it is executed over the EBs of all 
the models stored in the LTM. For the ith-model in the LTM 
the following situations may occur: 

• Ecm<Ei
ltm-cm and Ei

cm-ltm<Ei
ltm. In this case, the current 

model is better than the ith-model in both contexts, so 
the ith-model is eliminated from LTM and the current 
model remains as acceptable. 

• Ecm> Ei
ltm-cm and Ei

cm-ltm>Ei
ltm. This is the opposite case, 

so the current model is unacceptable and, 
consequently, it is discarded. 

• Ecm<Ei
ltm-cm and Ei

cm-ltm>Ei
ltm. In this case, each model 

is better in its own context, but even so they could 
correspond to the same situation and this must be 
discriminated. To do it, we have established a 
percentage error similarity threshold Tes so we can 
compare if the crossed and own errors are similar. 
Specifically, we can compute whether: 

Ecm < (1+Tes)Ei
cm-ltm and Ecm > (1-Tes)Ei

cm-ltm 

or 

Ei
ltm < (1+Tes)Ei

ltm-cm and Ei
ltm > (1-Tes)Ei

ltm-cm 

If this logical expression is true, we assume that both 
models correspond to the same context. In this case, we 
create a combined EB and execute both models over it, 
discarding the model with a worse error. If the 
expression is false, we assume that the models 
correspond to different contexts and the current model 
remains as acceptable. 

This cross comparison of errors is performed for all the 
models in the LTM, and if the current model is acceptable at 
the end, it will be stored. As we can see, the replacement 
strategy includes a generalization procedure where the more 
general models replace those more specific. 

To show a typical result of the response obtained with this 
replacement strategy, in Fig 3 we have represented again the 
evolution of the mean squared error provided by the best model 
in the same learning example commented above, but now using 
Cem=20 and Ts =0.1 (the other parameters are those displayed in 
Table 1). The iterations where stability is detected are marked 
over the curve too. We have included in the figure a secondary 
y-axis and horizontal lines as an indication of the presence of a 
model in LTM. For example, iteration 291 is the first where 
stability is detected. Consequently, a horizontal line is 
represented with a value of 291 in the secondary y-axis. This 
line is maintained until iteration 311 where another model is 
detected as stable and the replacement strategy decides that it 
corresponds to the same context and it replaces the old one. 
This is why from iteration 311 onwards, the horizontal line of 
iteration 291 disappears.  

An interesting situation occurs, for example, from iteration 
669 to 782 where three models are present in the LTM 
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(corresponding to iterations 651, 659, 668). At iteration 782, a 
new model is detected as stable and it generalizes the other 
three, which are replaced by it. 

 
Fig 3. Evolution error for a Gaussian function with points marking 
the iterations where a model was detected as stable and with Cem=20 
and Ts =0.3. The secondary y-axis corresponds to the iteration where 
a model is stored in LTM. 

C. Model recovery 
The models that are stored in the LTM are inserted in the 

model working memory, replacing the worse models, to be 
used as seeds for new learning processes. With this procedure, 
in the case of returning to a previously learned context, the 
injected model will be directly selected due to the high fitness 
it will obtain. In addition if the context is similar, it will take 
very few iterations for one of the previous models to adapt. 

The key point for model recovery is deciding when it must 
occur. We have decided to implement an error instability test 
similar to that used in the case of selecting a model to store. In 
this case, we want to detect when a model learning process 
does not converge and the error clearly changes. We assume 
that this fact corresponds to a change of context, and once 
detected, we inject the models from LTM in the corresponding 
working memory. 

 
Fig 4. Evolution error for Gaussian and sinusoidal functions that are 
interchanged every 400 iterations 

Specifically, the error instability test starts once a model is 
stored in LTM and it uses the same error memory as the 
stability one. The current model error Ecm is compared with 
highest error !!"!  stored in the error memory and with the 
standard deviation !!" of the error memory. We establish a 
percentage instability threshold Ti and a number of instability 
iterations Ii, so instability is detected if: 

 !!" > !!! ∙ (!!"! + !!!")  during !! ∙ !!" iterations 

Reliable and efficient instability detection is crucial for 
adaptive learning. Consequently, this test is quicker than the 
stability one and seeks for relevant peaks in the error 
convergence tendency. But to avoid detecting a punctual error 
as instability, we impose that the instability test must be true 
during a consecutive number of iterations, which is a factor Ii 
(instability iterations) of the EB. 

If instability is detected, in addition to injecting all the 
models from the LTM into the working memory, the EB must 
be purged of episodes from the previous context to avoid 
learning in mixed contexts. As we can see, there is an interplay 
between STM and LTM that has been represented in Fig 1 with 
the double direction arrows that connect these two memories. 

To show the general behaviour of the learning system with 
the LTM in dynamic contexts, we have added a second 
function ( ! = !

! ∙ !"#(
!!!
! ) +

!
! ) to the learning example 

described in the two previous subsections (the remaining 
parameters are those displayed in Table 1). These two functions 
are changed every 400 iterations, simulating an abrupt change 
of context. Fig 4 displays the evolution of the mean squared 
error in the case of using LTM (continuous line) and without 
LTM (dotted line), which corresponds to the previous version 
of the MDB. If we consider the dotted line, it can be seen that 
each time a change of context occurs, the model learning 
process starts again. In the case of the continuous line, learning 
occurs only the first time the two contexts are presented, and in 
subsequent repetitions the models are inserted from LTM and 
the adaptation to the new context is immediate.  

To finish this section, a very relevant consequence of the 
LTM implementation in the execution scale of the MDB (Fig 
1) must be highlighted. If the action selected by the behaviour 
in execution provides a low satisfaction value repeatedly, we 
can assume that a change in the context has occurred, and the 
consolidated behaviours stored in LTM can be compared to the 
current behaviour, in the episodes where the old behaviour 
failed, to select the most appropriate one. The idea behind this 
behaviour selector is that of optimizing the robot response in 
the case of dealing with a new context. If this context was 
learned before, the LTM behaviours will perform successfully 
quickly and if the context is new the robot will not behave 
properly until the learning scale obtains a new behaviour. 

IV. SIMULATED ROBOT 
The adaptive learning response of the MDB with the 

developed LTM was tested in a robotic simulated experiment. 
We have used the Webots simulator with an AIBO model 
modified by us [16] in a simple example of learning in dynamic 
contexts. Specifically, we place the AIBO robot in an empty 
scenario that only contains a pink ball (Fig 5). Initially, the 
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satisfaction (S1) is maximum when the robot reaches the ball 
frontally, that is, when the distance to the ball is minimum and 
the angle is zero (left image of Fig 5). The change of context 
consists in changing the satisfaction to another one (S2) that 
maximizes escaping from the ball (right image of Fig 5). 

  
Fig 5. AIBO in simulation with functions S1 (left) and S2 (right)  

 The sensorial information considered in this case is the 
distance and angle to the ball (obtained from the camera and 
head angle), and the action is simply the angular velocity. 
Thus, the MDB uses two world models, one for the distance 
and another for the angle, and one satisfaction model. This last 
model has 2 inputs (distance and angle predicted by the world 
models) and 1 output (predicted satisfaction). 

 
Fig 6. Iterations where the ball is captured in a changing context 

The satisfaction function S1 is maintained until iteration 800 
where it is abruptly changed for S2 until iteration 1600. At 
iteration 1900 S1 is used again, then S2 until iteration 2200, and 
finally, S1 again until the final iteration 2500. Fig 6 represents 
the iterations where the ball was captured. It can be seen how 
there is an initial gap of 247 iterations in the initial phase S1 
until the ball is reached for the first time (model learning 
stage). This gap does not exist in the two following contexts 
with S1 because the LTM system works properly, the instability 
is detected and the satisfaction models learned in the first 
phase, and stored in the LTM, are recovered providing an 
optimal adaptation.  

V. CONCLUSIONS 
A procedural Long-Term Memory (LTM) has been 

designed and implemented in the Multilevel Darwinist Brain 
(MDB) cognitive architecture. In this work we have described 
its main elements and operation in theoretical examples of 

adaptive learning and in a simulated experiment with the AIBO 
robot using the whole MDB. The advantage of having this type 
of memory element to optimize the adaptive learning 
capabilities of the robot and, consequently, its autonomy level 
has been clearly shown. We are now working on improving its 
operation and automating the determination of the values for 
the different parameters by relating them to the robot's states or 
even emotions.  
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