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Abstract

Future trends in robotics call for robots that can work, interact and collaborate with humans. Developing these kind of
robots requires the development of intelligent behaviours. As a minimum standard for behaviours to be considered as
intelligent, it is required at least to present the ability to learn skills, represent skill’s knowledge and adapt and generate
new skills. In this work, a cognitive framework is proposed for learning and adapting models of robot skills knowledge. The
proposed framework is meant to allow for an operator to teach and demonstrate the robot the motion of a task skill it
must reproduce; to build a knowledge base of the learned skills knowledge allowing for its storage, classification and
retrieval; to adapt and generate new models of a skill for compliance with the current task constraints. This framework has
been implemented in the humanoid robot HOAP-3 and experimental results show the applicability of the approach.
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Introduction of our particular architecture or framework; (3) the imple-
mentation of the complete architecture in a real humanoid
robot for the performing and testing of the approach.

The rest of the article is organized as follows. A discussion
on the state of the art is given in section ‘Review of cognitive
systems approaches for intelligent robots’. Our proposed
framework is introduced in section ‘Cognitive framework
for generation and adaptation of humanoid robots skills’.
Section ‘Learning robot skills models’ addresses the learning
of the skill models. Section ‘Representation of robot skills

This work is centred on the major idea of future robotic
systems, more specifically humanoid robots, with the cog-
nitive capabilities that allow them to interact with humans
in their homes, workplaces and communities, providing
support in several areas, and to collaborate with humans
in the same unstructured working environments. Our focus
is on topics concerning the learning, representation, gener-
ation and adaptation, and reproduction of robot skills
knowledge. In this work, a framework is proposed for the
learning, generation and adaptation of robot skill models
for complying with task constraints.
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knowledge’ discusses the representation and organization of
knowledge. Section ‘ Adaptation of robot skills’ discusses the
adaptation of the robot skills. Section ‘Reproduction of robot
skills’ deals with the reproduction of the robot skills. The
experimental validation is described in section ‘Experimental
evaluation’. Finally, section ‘Conclusions and future works’
presents the main conclusions from this article.

Review of cognitive systems approaches
for intelligent robots

The development of robots exhibiting human-like cogni-
tive abilities is within our reach.! These robots are expected
to be capable of working autonomously and serving
humans and are required to have advanced motor control
skills, comprehensive perceptual systems and suitable
intelligence. The challenge of developing cognitive archi-
tectures and systems for intelligent robots is one of the most
important topics for the future development of humanoid
robots. The function of a cognitive architecture is to pro-
vide a comprehensive initial framework for the modelling
and understanding of cognitive phenomena, in a variety of
task domains.” Research in cognitive architectures consti-
tute a solid basis for building intelligent systems centred on
the configuration and interaction of cognitive modules
dealing with the various mechanisms and abilities that con-
stitute the various processes of human intelligence.
Vernon et al.® discerns among two major classes of cog-
nitive systems along their different stances on the nature of
cognition, what a cognitive system does and how a cogni-
tive system should be analysed and synthesized. So we can
group approaches as whether they are cognitive
approaches, emergent systems approaches and also efforts
to combine the two in hybrid systems. For cognitive sys-
tems, cognition is representational; it involves computa-
tions of explicit symbolic representations about the
world, abstracted by perception, to facilitate appropriate,
adaptive, anticipatory and effective interaction to plan and
act in the world.? For most cognitive approaches concerned
with the creation of artificial cognitive systems, the sym-
bolic representations are the descriptive product of a human
designer. For emergent approaches, cognition is the process
whereby an autonomous system becomes viable and effec-
tive in its environment; it involves a process of self-
organization through which the system continually recon-
stitutes itself.> The emergent approaches assert that the
primary model for cognitive learning is anticipative skill
construction rather than knowledge acquisition; in emer-
gent approaches, embodiment and the physical instantia-
tion plays a pivotal role in cognition. Considerable effort
has also gone into developing approaches that combine
aspects of both systems. For hybrid approaches, percep-
tion—action behaviours, rather than the perceptual abstrac-
tion of representations, become the focus. The ability to
interpret objects and the external world is dependent on its
ability to flexibly interact with it. Hybrid systems are in

many ways consistent with emergent systems, while still
exploiting programmer-centred representations.”

In the field of artificial intelligence and cognitive sys-
tems, there are various works on the development of cog-
nitive architectures to model cognitive processes and
functionality of humans. We will summarize some of the
better known architectures.

State operator and result (Soar)* cognitive architecture
has been under continuous development since the early
1980s. The architecture is based on the theoretical frame-
work of knowledge-based systems seen as an approxima-
tion to physical symbol systems.> Soar stores its knowledge
in the form of production rules, which are in turn organized
in terms of operators that act in the problem space.

Adaptive control of thought-rational (ACT-R)® architec-
ture is primarily concerned with modelling human beha-
viour. The aim is to build systems that perform the whole
space of humans’ cognitive tasks and describe mechanisms
underlying perception, thinking and action.” The ACT-R
architecture is organized into a set of modules, including
sensory modules for visual processing, motor modules for
action, an intentional module for goals and a declarative
module for long-term declarative knowledge.

Executive process interactive control’ aims at capturing
human perceptual, cognitive and motor activities through
several interconnected processors working in parallel, to
build models of human—computer interaction for practical
purposes.’ The architecture encodes long-term knowledge
as production rules and a set of perceptual (visual, auditory,
tactile) and motor processors.

Real-time control system (RCS)® is a cognitive architec-
ture, originally designed for the sensory-interactive goal-
directed control of laboratory manipulators. It has evolved
over three decades into real-time control architecture for
intelligent machine tools, factory automation systems and
intelligent autonomous vehicles.® The RCS architecture
consists of a multilayered hierarchy of computational mod-
ules, operating in parallel, containing elements of sensory
processing (SP), examining the current state, world model-
ling (WM), predicting future states, value judgement (VJ),
selecting among alternatives, behaviour generation (BG),
carrying out tasks and a knowledge database (KD).

Global workspace cognitive architecture’ is a brain-
inspired cognitive architecture that incorporates approxi-
mations to the concepts of consciousness, imagination and
emotion. Cognitive functions are realized through internal
simulation of interaction with the environment and action
selection is mediated by affect.

Cog: Theory of Mind'® focuses on social interaction as a
key aspect of cognitive function. Cog is an upper-torso
humanoid robot platform for research on developmental
robotics. Cog has a pair of six degree-of-freedom arms, a
three degree-of-freedom torso and a seven degree-of-
freedom head and neck. The Theory of Mind focus is on the
creation of the precursor perceptual and motor skills upon
which more complex theory of mind capabilities can be built.



Garcia et al.

___________________

1
Extraction ,: Generation : :

of task of task
constraints h model 1"
I @ "

Figure 1. Proposed cognitive framework for the learning and
adaptation of robot skills to task constraints. A knowledge base
(2) is built with the models of the robot skills, which are learned
through demonstrations (I). The constraints of a requested task
are extracted from the perception of the world state. With the
current task constraints and the models of a skill retrieved from
the knowledge base, an adapted task model (3) is generated for
reproduction (4).

The different attempts at developing cognitive architec-
tures differ in the assumptions they make and the design
decisions they take about how to manage these aspects;
however, every effort in cognitive architectures has pro-
duced important advances in cognition, reasoning and con-
ceptual aspects of human thinking. Vernon et al.® offer a
very complete survey of artificial cognitive systems and
their implications for the development of computational
agents, while Levesque and Lakemeyer'' offer an overview
of the challenges and efforts taken in the subject of cogni-
tive robotics. A cognitive architecture can support several
capabilities and can differ variedly in its set of abilities. The
architecture design must specify the overall structures,
essential divisions of modules and their interrelationships,
basic representations, essential algorithms and a variety of
other aspects.

Cognitive framework for generation and
adaptation of humanoid robots skills

A cognitive framework for humanoid robots needs to pro-
vide a minimum degree of intelligent behaviour, that is, the
ability to sense the environment, learn and adapt its actions
to perform successfully under a set of circumstances. The
reference model architecture® identifies five elemental sys-
tems contained in each layer, such as SP, WM, BG, VJ and
knowledge, interconnected in a way that enables the differ-
ent system elements to interact and communicate with each
other in intimate and sophisticated ways. Research efforts
must focus on building the necessary modules of cognition
that would form the layers in this hierarchy and allow the
assembly of the intelligence levels.

Figure 1 illustrates our proposed framework. The main
purpose of the framework is to provide the humanoid robot
with a basic level of intelligence, namely the ability to sense
the environment, learn and adapt its actions to perform

successfully under a set of circumstances. In the developed
framework, a knowledge base of skills is built with the
models of the skills learned through demonstrations. Dur-
ing execution, the constraints of a requested task are
extracted from the perception of the working environment,
and the models of an appropriate skill are retrieved from the
skills knowledge base. With all available information, a
new adapted task model is generated for reproduction.
The proposed framework is formed by four modules:

1. Module for the learning of robot skills.

2. Module for the management and representation of
robot skill knowledge.

3. Module for the generation and adaptation of robot
skills.

4. Module for the reproduction of robot skills.

The robot skill learning module collects the learning
processes and algorithms used for learning and encoding
the models of the skills. The robot skill knowledge module
controls the developed knowledge base for the storing and
retrieval of the learned models of the skills. The robot skill
generation and adaptation module governs the process by
which the learned model of a skill can be operated to repro-
duce a new task. The robot skill reproduction module pro-
duces the adequate control signals to the robot for the
reproduction of those skills. Additionally, a perception and
interaction module is in charge of processing the outside
information of the robot’s working environment to be used
by the other modules. First interactions of this framework
have been presented in the research by Hernandez et al.,'
but further steps towards the real integration and validation
of the whole architecture are presented in this article.

Learning robot skills models

The robot skills models are learned by employing an auton-
omous dynamical systems (DS) approach. DS has been
proposed representing movements as mixtures of non-
linear differential equations with well-defined attractor
dynamics.'* Common approaches in learning from demon-
stration create a model of the skill based on sets of demon-
strations performed in slightly different conditions
generalizing over the inherent variability to extract the
essential components of the skill.'"* Employing statistical
learning techniques is a popular trend for dealing with the
high variability inherent to the demonstrations.'

Learning motion dynamics as multivariate Gaussian mixtures.
The DS framework provides an effective mean to encode
trajectories through time-independent functions that define
the temporal evolution of the motions. A probabilistic
framework is employed to build an estimate f, of the
non-linear state transition map f, based on the set of
demonstrations. Gaussian mixture models (GMM) are used
to directly embed the multivariate dynamics through the
encoding of the demonstrated data. GMM define a joint
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probability distribution p(¢', §l) of the demonstrations as a
mixture of the K Gaussian multivariate distributions A k,

with ¥, /¥ and XF, respectively, the prior, mean and cov-
ariance matrix, parameters of the Gaussian component k.

The joint probability distribution, p(¢, f), for the GMM is
given by
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To recover the expected output variable £, given the
observed input in £, one then can sample from the prob-
ability distribution function p(¢, §) in equation (1). This
process is called Gaussian mixture regression (GMR), and
more details can be found in the work done by Calinon.'

The GMR can be expressed as a non-linear sum of linear
DS
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Khansari-Zadeh and Billard'® proposed a learning
method, called stable estimator of dynamical systems
(SEDS), to learn the parameters of the DS ensuring asymp-
totically stable trajectories for all motions that closely fol-
low the demonstrations dynamics.

It is desirable to validate the performance of the method;
for this, the performance is evaluated over two error mea-
surements: an accuracy error measurement e defined in
equation (4), which measures the error in the estimation

of f magnitude and direction, and a ‘swept area error’
measurement &£ defined in equation (5), which measures
the cumulative error over the reproduction of trajectories
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where r and ¢ are positive scalars that weight the relative
influence of each factor, and € is a very small positive
scalar. An estimate of the dynamics is considered accurate
if € < emax, With enax @ given maximal acceptable error
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A corresponds to the area of the tetragon generated by

the points (g"(t)7§f(t+ 1)7€t,i’§t+1,i)’ where &, €41 are

given by the demonstration datapoints at ¢ and 7 4 1, and

£(1),&(t + 1), computed by £(2) = £(¢) * dt, are an estimate
of the demonstrated trajectories starting from the same ini-
tial points.

Representation of robot skills knowledge

An important challenge for robots acting on unstructured
dynamic environments is dealing with internal representa-
tion and understanding of the world. The interrelation
between objects and actions representation is fundamental
when executing tasks upon the world. Thus, focussing only
on objects and actions would not be enough for the knowl-
edge representation needed by the humanoid robots. Repre-
sentational attributes need to also take into account the state
of the world, grounding the representations to the environ-
ment, the task at hand and present events.

Representations thus perform as functional abstractions
of the perceived environment, encoding an agent’s knowl-
edge about its world, objects, actions, events, into manage-
able internal structures. Here, we will organize our
knowledge into manageable structures using object-
oriented groups of procedures, which are called frames.
Representations of events concentrate on two frames, one
of the system tasks knowledge and the other representing
the state of the world knowledge. Task and world frames
would hold knowledge for the requested execution of a task
and the agent’s environment.

Knowledge base structure. The knowledge base needs to hold
all necessary information for reproduction of the skills in
the environment. Knowledge of the task would be distrib-
uted among the representation of objects, actions and
events of the goal and the state of the world. From a given
scene, the system instantiates frames, generally governed
by the precedence of visual evidence. From the perceived
given input, the first step for extracting task constraints is
the matching of the world to an instance of the world event
frame and the instantiation of the task event. From infor-
mation collected in the world and task event frames, which
in turn are made up of object and action frames, the system
would have information about its current goals and situa-
tion of the environment, yet this is not enough to ground the
representation in order to effectively use them for support-
ing its performance. For an agent working in an
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Figure 2. Knowledge base control flow. World event frame and
task event frame are instantiated, and an active view event frame is
built from them. From object and action frames, the models of the
skill are taken for building the task model.
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Figure 3. Knowledge base structure and organization of the
knowledge representations. World event frame and task event
frame represent the knowledge of the state of the environment,
with object and action frames representing the available objects
and actions. From the knowledge of these frames, an active view
event frame is built of the focused knowledge required to drive
the agent execution.

unstructured environment, the focus of its perception must
be directed towards its executing action. Knowledge of its
environment and task would be collected into their appro-
priate frames, and a focused active view frame would be
built taken from their global knowledge and breaking it
down into a simpler framework from which computations
and knowledge take place. Figure 2 presents the control
data flow for the process of using the representations in the
knowledge base, and Figure 3 presents the organization of
the knowledge base.

Figure 4 shows the representation of the skills in the
KD in a three-dimensional space defined by the (Object,
Goal, World State ) triple, selecting from their intersec-
tion an adequate model of the skill for the reproduction of
the task.

Further development of the knowledge base representa-
tion and structure can be found in the research by Hernan-
dez Garcia et al.'” Different approaches on related topics
focusing on the management of knowledge by robotic sys-
tem exist, such as KnowRob'® or RoboEarth.'” However,
these systems lie at a higher more abstract level of the
cognitive hierarchy, while our framework lies at a lower
level of action execution. Further research requires study
and comparison of other systems, in particular, the ones
that may be used to complement the framework developed
in this work.

Adaptation of robot skills

The robot skills learned with the methodology described
in section ‘Learning robot skills models’ would present
stable trajectories that accurately reproduce the demon-
strated motion dynamics. The robot skills models were
learned by employing a DS approach. These learned mod-
els would form a set of primitives of action from which a
knowledge base of skills was built as given in section
‘Representation of robot skills knowledge’. Evidences
exist from human and animal experiments supporting the
belief that sets of motor primitives are used to build a
basis for voluntary motor control.?’ To generate complex
motions from a learned set of basic primitive skills and be
able to reproduce various complex task behaviours, meth-
ods for operating and manipulating upon the primitives
are needed.

Ideally, robots would have a vast repertoire of learned
skills or would be able to learn, in real time, any skill set
they may be missing with minimal help from human
agents, making them capable of performing in every
needed task and for every foreseen situation. However,
following this approach would be impractical because of
the time and resources required for it. Robot skills learning
approaches to develop humanoid robotic systems would
have greater impact if the models of the skills can be oper-
ated upon to generate new behaviours of higher levels of
complexity. We adopt this idea in our work and present
simple modalities for the adaptation and generation of new
skill models by taking advantage of useful properties of the
SEDS'® formulation chosen to learn the skills, which
allows us to adapt, merge and combine the learned skill
models without the need to use more complex algorithms
like GMM, expectation-maximization (EM), SEDS and so
on to relearn the complete set of parameters of a skill from
the very beginning of the demonstrations.

The work done by Hernandez et al.*! contains more
detailed information about generation and adaptation of
robot skills models, and a short review is given next.

Update of robot skills. When an update is required with new
given data, a process of GMR is performed over the learned
model to stochastically generate a data set from the model.
Therefore, a new data set is created composed of this
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Figure 5. Update process of a robot skill. Model of the learned skill with new demonstrations (left). Updated model of the skill (right).
The parameter o is defined to govern the influence of new data on the update process. Appropriate selection of X allows the updated

model to reproduce the curve at the top of the trajectory.

generated demonstration and the new observed data set.
The parameters of the updated model are then retrained.
For this purpose, a learning rate « is defined.

For our method, the new updated demonstration data set
{£,€} updated 1S grouped into K clusters according to the
number of Gaussian functions determined for the original
robot skill model. Parameter « is defined as o € [0;1];
k=1 ... K, and it determines a measure of the relative
importance of the area in cluster & the updated demonstra-
tion should have for refining the model over the stochastic
demonstrations generated from the learned model.

To illustrate this method, Figure 5 shows the result of
updating a learned model of a skill.

Merger of robot skills models. Intuitively, one could consider
an approach the fact of merging two or more models of
a skill simply by adding and averaging together their
learned parameters 6 = (m, u, %) in order to obtain a
new skill model. While this approach may work for
some cases, it is important to note that the direct super-
position of the skills does not allow the system to con-
trol the manner in which the new model is generated and
its stability.

In order to generate a new skill based on the merger of
several robot skills previously learned, we first review a
couple of useful mathematical properties from the SEDS'®
formulation chosen to learn the skills



Garcia et al.

if f(¢) isSEDS,and o >0€R

¢=af(¢) isSEDS

consider M SEDS models f7(£),i € 1

..M (6)
M

£=) afi(§);a’ >0 isSEDS
i=1

The merger of the robot skills can be carried out with a
model combination approach expressed as mixtures of
expert models

K
pltlx) = > m(o)pe(ilx)
k=1

The SEDS models encoded into a GMM are already a
form of model combination approach. Here, recalling the
expression of the non-linear weighting function /*(¢), as
in equation (3), it can be found that it shares a similar for-
mulation with the expression of the weights for the gating
function as from equation (7). The process for the merging of
robot skills would first join the GMM of the robot skills into
a single model. Then, a new weighting function /(¢) for the
single model must be built out of the original weighting
terms /¥ () from the merged models, ensuring that the Gaus-
sian with the biggest weight in every region of the trajectory
provides the largest influence over the new GMM model in

(7

that region and that the new weighting function (&) still
meets the constraints 0 < 4¥(¢) < 1 and Y AF(¢) = 1.

Figure 6 illustrates the results of merging two robot
skills to generate a new skill model.

Combination of robot skills models. In order to generate a new
skill made of the combination of several robot skills models
previously learned, we have developed a method for skills
combination. Two different SEDS models, M ,13 55 /\_/11235, can
be combined just by concatenating their parameters, so that
the parameters of the new model can be defined as

™= %, p=[p'u?] and ¥ = [£'¥2?]. Then, an area
of influence for the DS attractor is defined based on the
non-linear weighting function 4#*(¢) of the SEDS models
expressed as a non-linear sum of linear DS as in equation
(3). A new weighting function (¢) = of (&, h)h* (€) for the
single model must be built out of the original weighting
terms /% (€), as in the merging of the models. However, in
this case, the influence of the /% (£) terms over the trajec-
tory must come at any time from only one model; therefore,
the o (&, h) function must have a completely different form
from that of the merging of robot skill models.

Figure 7 illustrates the results of combining three robot
skills to generate a new skill model.

Reproduction of robot skills

In this section, the development and operation of the robot
skill reproduction module will be presented. The robot

reproduction module is assigned with the task of providing
suitable controllers that convert kinematic variables into
appropriate motor commands. In order to test the proposed
architecture, the HOAP-3 humanoid robot was used as a
test platform. The HOAP-3 was designed to resemble the
human shape, on a small scale, with a complete humanoid
configuration with two legs and arms, a head with vision
and sound capacities, and gripable hands.

The robot skill reproduction module works as follows.
Once a command has been received, the robot distinguishes
if it is a command for the walking generation or for the
arms movement. The walking patterns of the robot have
been designed based on the theory of the 3-D linear
inverted pendulum mode presented in the work done by
Kajita et al.?* If the received command requires a move-
ment of the arms, as in the case of a grasping task, the
selection of the suitable arm is first considered. Finally, the
trajectory of the arm is evaluated online through the algo-
rithm of kinematic inversion,> once the command provides
the distance and the orientation from the object. The orien-
tation reference for the object is calculated with the support
of the unit quaternion.

The HOAP-3 control system is in charge of computing
the appropriate command to control the execution in real
time. The physical implementation of the robot control
system is made on three PCs: an on-board PC implements
the robot control systems; an auxiliary PC implements the
knowledge and learning systems; and a laptop computer
implements the Human-Robot Interaction (HRI) and per-
ception systems. A Yet Another Robot Platform (YARP)
layer was implemented for the communications between
processes.

Experimental evaluation

This section reports and discusses the results obtained dur-
ing the evaluation of the proposed framework, both in a
quantitative and a qualitative way. Several experiments
were conducted to prove the validity of the system and to
test the operation of the developed framework.

Knowledge base scenario

A first experiment involves an agent and a humanoid robot
(here a HOAP-3 robot) interacting to complete a simple
task. The task in this case requires the robot to pick up a
cup and a spoon in each hand and then to put the spoon
inside the cup; finally, it will put down the cup in front of it.
The agent will provide the robot with the cup and spoon
objects so it can pick them up; also, the agent will indicate
the robot where to put the cup down.

The execution of the demonstration could vary depend-
ing on the actions of both the human agent and the HOAP-3
robot. At the start of the demonstration, the robot is given
the task event frame knowledge for the desired behaviour
containing the knowledge of the four action skills needed to
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single task model.

skills into a

Figure 7. Combining the dynamics of three
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Figure 8. Knowledge base scenario experiment: different snapshots during the execution of the demonstration. The top row
represents the path corresponding to action SpoonA and the bottom row represents the path corresponding to action SpoonB.

complete the action: pick spoon, pick cup, place spoon in
cup and place cup down. Extracting the adequate action
will depend on the agent interaction and the content of the
rest of the knowledge base. The purpose of this demonstra-
tion is to validate the performance of the developed knowl-
edge base in a dynamic interaction with an agent.
Depending on the agent interactions with the robot, there
would exist two possible main paths for the demonstration:
(1) action SpoonA, where the robot holds both the spoon
and the cup to complete the task and (2) action SpoonB,
where it is the user who holds the cup while the robot
completes the operation of putting the spoon inside the cup.
Figure 8 presents a storyboard of the performance of the
system during the execution of the two different paths that
the demonstrator experiments can take, with snapshots
taken at various stages.

The operation of the knowledge base system during the
execution of the demonstrator experiments can be seen in
Figure 9. The knowledge base presents information for the
environment and the task execution. The task frame holds
knowledge of the actions to carry out by the robot for the
execution of the task. Actions highlighted in blue reflect the
current invocation of that action’s knowledge for the robot
reproduction of the skill. Actions that have been completed
are deactivated and highlighted in grey. The selection and
activation of which skill motion to carry out next is com-
pletely determined by the skill initial conditions being
matched to the state of the environment. Therefore, the
sequence of execution of the task is controlled by the

human agent as it interacts with the robot and the environ-
ment and facilitates the objects and conditions needed for
the robot to fulfil the task. Table 1 shows the average
duration of the tasks during various runs and the rate of
successful completions of the task. Success is defined as
correct operation of the knowledge base system in selecting
the expected skill during completion of the task. In total, 16
repetitions were conducted, 8 for each of the 2 possible
main paths. When the agent’s interactions lead the comple-
tion of the task towards the path involving skill action
SpoonA, it takes longer for the robot to complete the task,
since the robot is in charge of holding both the cup and the
spoon and the operation is more time-consuming in com-
parison with action SpoonB, as expected. However, the
success ratio in this operation is higher than that with action
SpoonB. Table 2 shows a matrix of matches between the
action taken by the robot and the expected interaction from
the agent. NA indicates that the robot failed to take any
action from the presented agent interaction. The recogni-
tion of the right task to perform is quite high, thanks to the
nature of the knowledge base and to the fact that actions
that are not ready to be taken or have already been executed
are deactivated and cannot be selected.

A potential problem is determining which action has
precedence when many of them can satisfy their conditions
at the same time. The tasks considered in the demonstrator
do not deal with this issue, since the robot’s limited work-
space prevents the conditions for picking up the cup and
placing the spoon to be satisfied at the same time. This
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Table I. Knowledge base scenario experiment.

Path Task duration (mean) in min  Task success (%)
SpoonA path 2:17 75
SpoonB path 1:56 62.5

2Summary of results.

issue has not been fully explored so far, and as a first
simplification, the precedence is determined by the order
of the actions in the task frame as determined by the pro-
grammer of the task; although not satisfactory for every
scenario, this solution is probable enough for many com-
mon tasks. The use of some form of long time planner
could be effective to solve this issue by assigning prece-
dence by determining how the decision of performing one
action over another could affect the execution of the task.

A knowledge base approach for robots working in
unstructured environments, where the execution of the task
cannot be scripted beforehand, is fundamental if they are to
be able to work successfully. Without such a system, the
robot would be unfit to respond to any unforeseen deviation
from the plan, and largely ineffective to perform in all but
the most ideal of situations. The knowledge base system
allows the robot to keep track of the environment and the
execution state of the task, which provides the system with
flexibility to deal with different states at a particular point
without losing focus on the global task objective.

A video of the performance of the system in this sce-
nario is available at www.youtube.com/watch?v=317-
KrMag4o.

Robot skill reproduction scenario

As a final experiment, we will visit a kitchen or dinner table
scenario and expand the demonstrator presented in the pre-
vious section. In this scenario, the HOAP-3 robot is
required to complete the task of setting up a dinner service
in conjunction with a human agent. The purpose of the
demonstrator is to test the overall operation of the devel-
oped framework, as well as to validate the performance of
every individual module and interaction between them-
selves, involving the perception of objects and interaction
with the agent, the learning of various robot skills, the
representation of knowledge in the knowledge base, the
generation and adaptation of the skill models and the ade-
quate reproduction of the robot skills.

Table 2. Knowledge base scenario experiment.

During the operation, the user will provide objects to the
robot by placing them in its action field, both of vision and
manipulation. The perception system will handle the inter-
action with the user and the detection of objects in the
environment. The knowledge base system will receive this
information from the perception system and will instantiate
the frames and build the knowledge representation of the
scene in the knowledge base. Through this interaction with
the user and the environment, the knowledge base system
will select the corresponding skills to activate. Once the
necessary robot skills are selected, the generation and adap-
tation system will be in charge of building the appropriate
task model satisfying the desired command and constraints
of the environment for reproducing the appropriate skill
action. Finally, the HOAP-3 robot controller will execute
the robot commands required for skill reproduction.

This demonstrator scenario is meant to provide proof of
concept of how the knowledge base operates to instantiate
frames from the perception of the environment, and how
the knowledge base maintains and upkeeps its knowledge
representation over time in a changing environment, as well
as how action execution is invoked by the state of the
representation frames present in the knowledge base. Addi-
tionally, the demonstrator scenario provides validation for
the generation and adaptation system and how it operates
over learned robot skills for increasing the scope of avail-
able skills for the performance of the HOAP humanoid
robot.

Figure 10 depicts a storyboard of the performance of the
second demonstrator showing several snapshots captured
from the execution experiment. The demonstrator scenario
will develop as follows: first, the robot is given the task of
setting up the dinner service at the table in front of it, and
all necessary robot skill actions and task event frames are
stored in the knowledge base. The task begins with the
robot standing in front of the empty table. The final set-
up of the table requires a plate to be placed at the centre, a
cup placed on top of the plate, a spoon placed inside the cup
and a fork and knife flanking the plate at its left and right
sides, respectively. Completing the task requires the per-
formance of several different skills. The sequence of exe-
cution of the task is governed by the human agent as it is
him who chooses the order in which to provide the robot
with the needed objects. Certain items, however, have pre-
cedence over others, that is, the plate must be placed on the
table before the cup, since the cup goes on top of it.

Skill action Pick spoon Pick cup Place spoonA Place spoonB Place cup NA
Pick spoon 80 05 00 00 00 15
Pick cup 00 80 00 10 00 10
Place spoonA 00 00 95 00 00 05
Place spoonB 00 15 00 75 00 10
Place cup 00 00 00 00 90 10

2Skill action match matrix.
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Figure 10. Robot skill reproduction scenario experiment:

Table 3. Results of the eight learned skill actions models.

Accuracy error Swept area error Number of

Skill action € (equation (4)) & (equation (5)) parameters
Plate grab 0.708 1178 80
Plate drop 0.945 5627 60
Cutlery grab 0.688 1021 60
Cutlery drop 0.675 789 50
Cutlery switch 0.639 112 50
hand
Cutlery cup 0.887 889 120
Cup grab 0.752 1741 40
Cup drop 0.584 1767 50

In total, 10 repetitions were conducted, 8 of which were
conducted successfully, with an average task duration of
4 min and 38 s. Table 3 summarizes the results of the eight
learned skill actions models required for the task comple-
tion. They are evaluated according to the accuracy error e
and the swept area error £ defined in section ‘Learning
robot skills models’ by equations (4) and (5), respectively.
Table 4 shows a matrix of matches between the action
taken by the robot and the expected interaction from the
agent. The recognition of the right task to perform is quite

Table 4. Robot skill reproduction scenario experiment.

different snapshots from the execution of the task in the demonstrator.

high; for instance, plate drop and cup drop action skills are
performed correctly every time, since at the moment they
can be executed, there is only one action to be taken. Again,
good results are obtained thanks to the mechanism that
avoids the selection of not ready or already taken actions
from the knowledge base. Actions involving the cutlery
objects (fork, spoon and knife) present the biggest number
of wrong selections since their shapes and colours were
more difficult to identify by our vision system.

A video of the performance of the system in this scenario
is available at www.youtube.com/watch?v=BKXaZGV8
XvM.

Conclusions and future works

This work is centred on the aspiration of building humanoid
robots capable of interacting with humans in their homes,
workplaces and communities, providing support in several
areas and collaborating with humans in the same unstruc-
tured working environments. The aspiration is to have
humanoid robots acting as robot companions and co-
workers sharing the same space, tools and activities.

The main contribution of this work is the proposition
and real implementation of a framework for the generation

Skill action Plate grab Plate drop Cutlery grab Cutlery drop Cutlery switch hand Cutlery cup Cup grab Cup drop
Plate grab 90 00 00 00 00 00 05 00
Plate drop 00 100 00 00 00 00 00 00
Cutlery grab 05 00 70 00 00 00 10 00
Cutlery drop 00 00 00 70 25 05 00 00
Cutlery switch hand 00 00 00 20 80 00 00 00
Cutlery cup 00 00 00 30 00 70 00 00
Cup grab 05 00 05 00 00 00 85 00
Cup drop 00 00 00 00 00 00 00 100

2Skill action match matrix.
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and management of adaptive skill models for complying
with task constraints. The framework developed in this
work was proposed as a cognitive model intended to pro-
vide the robot with an essential cognitive ability for learn-
ing and adaptation of skills. The goal of the developed
framework is to provide a minimum degree of intelligence
for the humanoid robot. We consider as a minimal desirable
level of intelligence for our humanoid robots the ability to
sense the environment, learn and adapt their actions to
perform successfully under a set of circumstances.

The framework is formed by modules for the learning of
robot skills, the perception and interaction with the envi-
ronment, the representation and management of the skill
knowledge, the generation and adaptation of skill models
and the reproduction of robot skills. To learn the skills
motion, a time-independent model of the motion dynamics
was estimated through a set of first-order non-linear multi-
variate DS. A knowledge base of skills has been developed
and implemented. The knowledge base holds all the nec-
essary information for reproduction of the skills in the
environment. The knowledge of the task is distributed
among the representation of objects, actions and events
of the task and the state of the world. A structure built on
frames has been adopted in this work. The knowledge of
the environment and goals is represented in terms of the
world event frame and task event frames, with object and
action frames representing the knowledge about available
objects and actions, respectively. From the knowledge of
these frames, an active view event frame is built of the
focused knowledge required to drive the agent execution.

The proposed framework was demonstrated with a com-
mercial humanoid robot HOAP-3, endowing it with the
capacity to learn skill models from teacher demonstrations,
to store them in a knowledge base and to adapt the learned
models in order to reproduce the required skills in different
contexts. Different evaluation scenarios were developed to
test the performance of the modules implemented in our
framework. Demonstrations were organized over two major
scenarios to provide separate validation for the knowledge
base system and the complete developed framework.

Our framework has been devised as a bottom-level module
that could be part of a more complex system, with the goal of
providing a minimum functional degree of intelligence which
would be continuously increased as the system develops fur-
ther. Future work will focus on augmenting the framework
capacities to generate more intelligent behaviours.

Declaration of conflicting interests

The author(s) declared no potential conflicts of interest with respect
to the research, authorship and/or publication of this article.

Funding

The author(s) disclosed receipt of the following financial support
for the research, authorship and/or publication of this article: The
research leading to these results has received funding from the
RoboCity2030-III-CM project (Robdtica aplicada a la mejora de

la calidad de vida de los ciudadanos. Fase I1I; S2013/MIT-2748),
funded by Programas de Actividades I4+D en la Comunidad de
Madrid and cofunded by Structural Funds of the EU.

References

1. Touzet CF. The theory of neural cognition applied to
robotics. Int J Adv Robot Syst 2015; 12: 74.

2. Sun R. Cognitive architectures and multi-agent social simu-
lation. In: Lukose D and Shi Z (eds) Multi-agent systems for
society. Berlin, Heidelberg: Springer-Verlag, 2009, pp. 7-21.

3. Vernon D, Metta G and Sandini G. A survey of artificial
cognitive systems: implications for the autonomous develop-
ment of mental capabilities in computational agents. /[EEE
Trans Evolut Comput 2007; 11(2): 151-180.

4. Laird JE, Newell A and Rosenbloom PS. Soar: an architecture
for general intelligence. Artif Intell 1987; 33(1): 1-64.

5. Duch W, Oentaryo RJ and Pasquier M. Cognitive architectures:
where do we go from here? In: Wang P, Goertzel B and Franklin
S (eds) Proceedings of the 2008 conference on artificial general
intelligence 2008: proceedings of the first AGI conference.
Amsterdam, The Netherlands, February 2008, pp. 122—136.
IOS Press.

6. Anderson JR, Bothell D, Byrne MD, et al. An integrated
theory of the mind. Psychol Rev 2004; 111: 1036-1060.

7. Kieras DE and Meyer DE. An overview of the epic architec-
ture for cognition and performance with application to
human-computer interaction. Hum-Comput Interact 1997,
12(4): 391-438.

8. Albus JS and Barbera AJ. RCS: a cognitive architecture for
intelligent multi-agent systems. Annu Rev Control 2005;
29(1): 87-99.

9. Shanahan M. A cognitive architecture that combines internal
simulation with a global workspace. Conscious Cogn 2006;
15: 433-449.

10. Scassellati B. Theory of mind for a humanoid robot. Auton
Robot 2002; 12(1): 13-24.

11. Levesque H and Lakemeyer G. Cognitive robotics. In:
Lifschitz V, van Harmelen F and Porter B (eds) Handbook
of knowledge representation. Vol. 6526, Chapter 23. Else-
vier, 2008, pp. 869—-886.

12. Hernandez Garcia D, Monje CA and Balaguer C. Framework
for learning and adaptation of humanoid robot skills to task
constraints. In: Armada MA, Sanfeliu A and Ferre M (eds)
ROBOT2013: First Iberian robotics conference, Vol. 252 of
advances in intelligent systems and computing, 2014, pp.
557-572. Springer International Publishing.

13. Ijspeert AJ, Nakanishi J and Schaal S. Trajectory formation
for imitation with nonlinear dynamical systems. In: Intelli-
gent robots and systems, 2001. Proceedings. 2001 IEEE/RSJ
international conference on, 29 October—3 November 2001,
pp. 752-757.

14. Calinon S. Robot programming by demonstration: a prob-
abilistic approach. Boca Raton: EPFL/CRC Press, 2009.

15. Billard A, Calinon S, Dillmann R, et al.Robot program-
ming by demonstration. In: Siciliano B and Khatib O (eds)



Garcia et al.

15

16.

17.

18.

19.

Handbook of robotics. Secaucus: Springer, 2008, pp.
1371-1394.

Khansari-Zadeh SM and Billard A. Learning stable nonlinear
dynamical systems with Gaussian mixture models. /[EEE
Trans Robot 2011; 27(5): 943-957.

Hernandez Garcia D, Alicia Monje C and Balaguer C.
Knowledge base representation for humanoid robot skills.
In: Proceedings of the 19th IFACWorld congress, 2014, Vol.
19, 2014, pp. 3042-3047. International Federation of Auto-
matic Control.

Tenorth M and Beetz M. Knowrob: a knowledge processing
infrastructure for cognition-enabled robots. /nt J Robot Res
2013; 32(5): 566-590.

Waibel M, Beetz M, Civera J, et al. Roboearth. IEEE Robot
Autom Mag 2011; 18(2): 69-82.

20.

21.

22.

23.

Schaal S. Is imitation learning the route to humanoid robots?
Trends Cogn Sci 1999; (6): 233-242.

Hernandez Garcia D, Alicia Monje C and Balaguer C.Gener-
ation and adaptation of robot skills models. In: Humanoid
robots (humanoids), 2014 14th IEEE-RAS international con-
ference on, November 2014, pp. 173-178.

Kajita S, Kanehiro F, Kaneko K, et al. The 3d linear inverted
pendulum mode: a simple modeling for a biped walking pat-
tern generation. In: Intelligent Robots and systems, 2001.
Proceedings. 2001 IEEE/RSJ international conference on,
Vol. 1, 2001, pp. 239-246.

Siciliano B, Sciavicco L, Villani L, et al. Robotics: mod-
elling, planning and control. 2nd ed. Advanced Textbooks
in Control and Signal Processing. London: Springer,
2009.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


