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Abstract— In this paper we give a brief description of conceptual theories, both from a human and a machine perspective.
We discuss recent insights from developmental studies on the
influence of language and other social factors on concept
learning. Based on this we describe a model which incorporates
some important aspects and is able to support concept learning
trough linguistic interaction. We also describe the prototype
of a robotic setup on which our conceptual model will be
implemented and which can learn conceptual knowledge from
a human teacher through linguistic interaction.

I. INTRODUCTION
In order to behave properly in a dynamical, ever changing
environment and interact with humans, a mobile robot should
be equipped with adequate cognitive abilities. Arguably,
quite important is the ability to handle everyday concepts.
Humans display a capacity to talk about, reason over, infer and generate new concepts with remarkable ease. For
a robotic system however, to cope with this is far from
trivial. This is in part due to the imprecise nature of many
everyday concepts. Hence, in order to properly implement
concept handling within an artificial system it makes sense to
draw inspiration from theories about how humans deal with
concepts. After all, the aim is to gear up a robotic system
for interaction with humans.
Concepts have been the topic of investigation for quite
some time within cognitive science and related disciplines.
Many models and theories have been put forward. In this
paper we give a brief overview of conceptual theories and
describe a model implementing concept learning strategies.
There is evidence that language and interaction plays a
crucial role in the formation of concepts in humans, and
hence we want to explore how aspects of this can be applied
in artificial concept formation. To do so, we propose a conceptual learning model in which language is a prime factor
for the acquisition of new concepts and which incorporates
some properties deemed to be important within conceptual
literature.
II. C ONCEPTUAL THEORIES : HUMAN AND MACHINE
PERSPECTIVE

Regarding theories about concepts different perspectives can be taken. On the one hand there is the human/psychological perspective, in which theories are postulated as to explain how human cognition handles concepts.
On the other hand there is the machine learning perspective,

in which conceptual theories describe how artificial systems
may handle the formation, representation and use of concepts. Both perspectives will be discussed in more detail.
Within the literature the terms ‘category’ and ‘concept’
are frequently used interchangeably1 . In [1] (p.62) several
definitions of ‘concept’ and ‘category’ are discussed. The
main conclusion is that the terms ‘concept’ and ‘category’
do not have a clear definition and need to be explicitly
defined within the theoretical framework in which they
are used. However, as Murphy notes in [2] (p.5), “being
to fussy about saying concept or category leads to longwinded or repetitious prose (...) with little advantage in
clarity”. Henceforth, in this paper we will use the terms
‘concept’ and ‘category’ loosely as synonyms, unless specific
differentiation is required for reasons of clarity.
A. The human perspective
There is a range of different theoretical stances on human concepts and conceptualisation. The classical theory
essentially regards a concept as a list of binary necessary
and sufficient properties which an object needs to hold
in order to belong to a specific concept. So BACHELOR
may be comprised of the properties “male”, “is not married” and “adult”, and consequently, every object that holds
these properties is a BACHELOR. This classical view was
dominant until the 1950’s when more and more drawbacks
were raised, most notably the observation by Rosch [3] that
many everyday concepts are prototypical in nature, rather
than logical defined, i.e. humans judge certain instances
of a specific concept to be more typical than others. For
example, for the concept BIRD, the instance ROBIN is
thought to be more “bird-like” than the instance PENGUIN.
Hence, it seems that instances of a concept exhibit a graded
membership to an idealised prototype. Since then the theory
about concepts has developed substantially, notable through
postulating the “exemplar view” [4] in which a concept is
seen as a collection of exemplars rather than an idealised
prototype, the “theory-theory” or “knowledge approach” [5]
which regards concepts as a part of mental theories/general
knowledge a person holds about the world and states that
learning a concept always happens in interaction with this
1 As are ‘categorisation’, ‘conceptualisation’, ‘classification’ and ‘discrimination’; all of these terms more or less refer to an act of assigning some
kind of input data as belonging to some kind of group.

general knowledge, the “neoclassical theory” [6], [7], which
strives to rescue the classical view by modifying problematic
aspects and “conceptual atomism” [8] which views every
concept as atomic and not holding any structure of properties
and relations (for an extensive overview see [9] and [2]).
B. The machine perspective
Within machine concept learning and handling, a number
of different approaches can be distinguished. Quite a large
body of research is done within machine vision. In this,
concept learning typically consists of analysing a visual
stimulus and identifying key regions related to concepts. The
emphasis seems usually not to be so much on the buildup of a conceptual knowledge structure, but rather on the
ability to categorise incoming data into classes. Typically,
models capable to do so need to be trained first in either
supervised or unsupervised fashion, which is in contrast with
the “fast mapping” phenomenon observed in children [10].
As opposed to human conceptual models however, language
is usually not taken into account in the more straightforward
categorisation tasks2 .
Within machine approaches to concept learning, categorisation of stimuli can roughly be divided into two different
methods. Stimuli are either assigned to a certain class based
on some kind of rule, or based on some kind of distance measurement to exemplar members of a class. Neural network
approaches fall somewhat outside this distinction, because
their distributed fashion makes it not straightforward to
identify either rules or explicit distance calculations.
Rule-based selection can be seen as the machine version
of the “knowledge approach”. In this, the learning algorithm
maintains a set of rules or hypotheses about what would
constitute a category and tries to classify incoming stimuli
according to these rules. In general, this requires at least
some knowledge about the domain and the type of categories
to be expected, but some of these models could start out with
very general knowledge and adapt their concept hypotheses
based on encountered exemplars [11], [12]. This relates to
the field of Expert Systems and Case Base Reasoning [13],
although here the emphasis is generally more on applying
the right expert knowledge to the proper situations.
On the other hand, within similarity selection an incoming
stimulus is compared to an existing body of conceptual
knowledge. In effect, it is measured how ‘similar’ the stimulus is to known concepts through calculation of the distance.
In order to do so, the dimensions of existing concepts and
incoming stimuli need to be compatible. An existing concept
may either consist of a set of exemplars which together
comprise the concept, analogue to the “exemplar view” from
the human perspective, or the concept may be represented by
an idealised prototype (prototype theory) which is typically
derived from observed exemplars. The rule-based versus
2 This is not to say that language is always taken into account within
theories of human concepts, which is definitely not the case. As language is
very much tied in with general cognition however, the link between language
and concepts is usually acknowledged within human conceptual theories, see
section III-A.

similarity selection is a classical distinction, which can be
viewed as analogue to the concept debate in the human
perspective. More modern theories however do not always
draw the line so explicitly. For instance, Smith et. al [14]
argued that categorisation may exhibit both rule-based and
similarity selection features.
Neural network based architectures have also been proposed as candidates for storing and classifying knowledge.
For instance, McClelland and Rumelhart [15] describe a
model which is able to learn both general and specific knowledge and is able to classify in both prototypical and rulebased manner. Another well known example of connectionist
approach to concept learning is ALCOVE of Kruschke [16],
which is based on Nosofsky’s generalized context model
[17], both using the exemplar approach. Overall, there is
a vast amount of literature on classification using neural
networks, but a detailed discussion of this is beyond the
scope of this paper. For an overview, see [18]. Notably
though, most of neural network categorisation research is
aimed at classification of stimuli, and not so much at more
general conceptual aspects or the development of psychological plausible conceptual models.
Probabilistic models have also been taken into account;
both rule-based and similarity based approaches as described
above may incorporate probabilistic aspects, but probabilistic
models have also been studied exclusively. Tenenbaum ([19],
[20]) for instance, proposed a Baysian framework for concept
learning, which incorporates both rule-based and similaritybased selection mechanisms. Within such a Baysian framework it is possible to combine prior knowledge or constrains
(like the ones proposed by Markman [21]) with observed
statistical exemplar data.
III. C ONCEPT LEARNING IN CHILDREN
Within development psychology a lot of research has been
done on how children learn the meaning of words and/or new
concepts. Some different aspects that influence learning can
be identified. These are: 1) the role of language, 2) interaction
and 3) learning constrains. We will discuss these aspects in
more detail.
A. The role of language in concept learning
The distinction between learning concepts (internal representations of a certain worldly class) and learning the words
describing these concepts is not always made clear in the
literature. Quite often this is seen as one process, in which
learning a new word entails learning a new concept. In this
paper however, we view these two as being separate aspects,
which are nevertheless very much intertwined. Indeed, in
recent years it has been acknowledged by several authors
that the formation of new categories is heavily influenced
by language. As such, the labels used to describe a stimulus
representing a new concept govern the way in which this
new data will be integrated into existing conceptual knowledge. Several studies have shown that young children, in
addition to learning directly from sensory exploration, rely
on linguistic labels to acquire the meaning of words (for an

overview of early language acquisition see [22]). Xu [23], for
example, demonstrated how linguistic labels help 9-month
old infants to establish a representation for different objects.
Learning without linguistic labels, or with the presence of
tones, sounds or emotional expressions is not effective. This
implies that language is crucial in acquiring novel concepts
from a very early age on. Plunket et al. [24] came to the
same conclusion in a tightly controlled experiment in which
they demonstrated how category formation in 10-month old
infants is influenced by linguistic labels. Linguistic labels
also have an effect on category learning in adults; adults who
learn a new category did so significantly faster and showed
more robust category recall when the learning experience
was accompanied by novel linguistic labels ([25]; [26]).
Aforementioned studies show that linguistic labels facilitate
category acquisition, both in pre-linguistic infants and adults.
These insights tie in with linguistic relativism, which states
that language and cognition influence each other. Recently,
linguistic relativism gained renewed attention as a series of
psychological experiments demonstrated how perception of
stimuli and use of categories is influenced by the words we
know; this has been notably demonstrated for categories of
time, colour and space (e.g. [27]; [28]; [29]).
B. Interaction
In developmental psychology it has been known for a
while that social and affective interaction is central to language development and, by extent, to concept acquisition.
Young learners and their caretakers engage in intersubjectivity [30], the common denominator for interactions involving
the learner’s understanding of emotion and thought. There is
evidence that the acquisition of language and specifically of
vocabulary requires the young child to interact with a human
caretaker: Grela, Krcmar and Lin [31] show how 15 to 21
month old children benefit from interaction: learning novel
words was significantly more efficient when joint attention
and interaction was involved. This was contrasted to learning experiences presented on a television screen, thus not
involving joint attention or interaction; results showed how
televised learning experiences were up to half as effective
as actual interaction (interestingly, the study suggested that
children are least likely to learn novel words presented by
animated characters on television).
Baldwin and Moses [32] describe a large body of evidence
indicating that children need social understanding to properly
learn a word-object mapping. That is, temporal contiguity
of a word with an object is often not enough for children
to accept the word as a proper label, additional social cues
indicating that a caregiver is indeed referring to the specific
object is required to properly learn new words. These social
clues could be joint attention ([33]; [34]) and/or non-verbal
communication like facial expressions or gestures.
The importance of interaction for learning has also been
acknowledged within the human-robot interaction community (e.g. [35]). Several researchers have examined the role
of interaction by building robotic models that learn from
the environment through interacting with it, rather than

plain observation. Breazeal and Scassellati [36] for instance,
describe a system which allows a robot to regulate the level
of interaction, so that it gets neither too much nor to little
stimulation from it’s surroundings. Thus, the system actively
creates an optimal learning environment for itself. Also in
[37] human to robot teaching was studied, revealing the
importance of mutual feedback to keep the interaction active,
that is to say: focused. Joint attention within robotic models
was investigated by Kaplan en Hafner, in [38] they tried to
identify the underlying skills necessary to achieve functional
joint attention between a human and a robot or between two
robots.
C. Concept learning constrains
The well known example of Quine [39] about the indeterminacy of reference led scholars to argue that children use
certain constrains that greatly facilitate the faced induction
problem when learning new concepts. These constrains are:
the whole object assumption: a new concept label refers to
the whole object that is perceived, rather than to parts of it.
Taxonomic assumption: it is assumed that the new concept
exists within a taxonomy, with possibly a bias to basic level
concepts. Mutual exclusive assumption: a label refers to one
concept. Because of this children do not need any negative
examples; being shown what a certain concept is implies
also what it is not. Related to the whole object assumption
is the shape bias, which seems to cause young children to
pay attention to the shape of the object when confronted
with a new stimulus [40]. In response to this, in [20] it is
argued that using these constrains “would solve the problem
of induction for one important class of words (concepts,
ed.), but at the cost of making the rest of the language
unlearnable”. Tenenbaum and Xu propose a model based on
Bayesian inference which is able to accommodate milder
forms of the constrains described above in combination with
the statistical structure of observed exemplars.
IV. O UR MODEL
We developed a computational model which is able to
learn new concepts through linguistic interaction with a
teacher. As described in section III, there exist a large
body of evidence suggesting that language is a prime driver
for the formation of new concepts and that interaction is
important for proper learning. Because of this, our aim is
to incorporate such learning dynamics within the model.
To do so, we adapted learning interaction based on Language Games ([41]; [42]) to a teacher-learner scenario.
To represent conceptual knowledge, we use a Conceptual
Space [43], which is a geometrical representation allowing
for similarity measurement. Hence, it falls in the similarity
selection approach, although it is not our aim to present the
model as a champion for this view. Rather, we believe that
such a representation is capable of displaying much of the
characteristics of human conceptualisation, as well as being
intuitively appealing because of the possibility of geometrical
display with meaningful dimensions. The learning through
language interaction and the CS will be described in more

detail below. The model is designed to be implemented on a
robotic system which can learn concepts through interaction
with a human (or a robotic) teacher. It is based on previous
work as reported in [44], in which we studied the effect of
adding interactive features to the learning interaction.
A. Learning trough language interaction
In the model, the agent is able to learn new concepts
through engaging in a language game (LG) with a teacher.
A LG is implemented as a combination of a discrimination
game and a guessing game ([41]; [42]) and typically consist
of two agents that try to establish a shared lexical description
for a certain observation. One agent acts a teacher (and hence
should have some a priori conceptual knowledge) and the
other as a learner. Both agents are given a set of training
stimuli, called the context, from which one specific stimulus
is assigned as topic which is known by the teacher only.
The teacher then communicates the topic to the learner by
stating its associated linguistic label. If the learner is able
to correctly identify the topic from the context through the
perceived label, the game succeeds. If the learner is not able
to correctly identify the topic, either because the label is
not known by the learner or because the learner points to
the wrong item from the context, the game fails. A failed
game provides an opportunity for the learner to improve its
conceptual and lexical knowledge. By employing a sequence
of language games, the learner is able to build a body of
knowledge containing conceptual prototypes and associated
labels.
B. Knowledge representation
In order to store conceptual knowledge we use a Conceptual Space (CS). A CS consists of a geometrical representation of conceptual knowledge along various quality
dimensions. In a nutshell, a conceptual space is a collection
of one or more domains (like colour or tone), where a domain
is postulated as a collection of inseparable quality dimensions
with a metric. Examples of quality dimensions are weight,
temperature, brightness, pitch, loudness and RGB values. For
instance, to express a colour in RGB encoding3 the different
quality dimensions ‘red’, ‘green’ and ‘blue’ are all necessary
to express colour values and are hence inseparable. Other
domains may consist of more or just one quality dimension.
In its simplest form, a concept can be represented as a
point in the conceptual space, where the coordinates of the
point determine the features of the concept. For example, the
concept RED is represented as a point on (255, 0, 0) in the
RGB colour domain and the concept BLUE as a point on
(0, 0, 255). In principle any domain may be used, although
for some domains it might be easier to extract the relevant
dimensions than for others.
A newly observed stimulus can be classified as belonging
to a particular existing colour concept by calculating the
3 RGB is a technical colour representation suited for reproducing colour
on display devices. Red, Green and Blue values here range from 0 to 255.
Other more psychologically plausible colour representations exist, such as
CIE L*a*b* which is aimed at modelling human colour appearance.

weighted distance from the stimulus to every concept already
present in the conceptual space. The observed stimulus is
then assigned to the closest existing concept. Furthermore,
a CS allows for the representation of concepts through
prototypes, which enables it to display typicality effects observed in human conceptualisation. A conceptual prototype
is built through the addition of exemplars for the specific
concept, where the mean values of all dimensions encode
for the coordinates of the prototype, and the variance of
all exemplars determines the prototype’s size. A conceptual
prototype will therefore not be an exact point in the conceptual space, but rather define a certain region. However, in
order to calculate the coordinates and variance of a prototype
when a new exemplar is added properly, all exemplars
comprising the prototype are maintained within memory.
Through distance calculation from exemplar to prototype,
it is possible to derive the most prominent exemplars for a
certain concept. Thus, the model exhibits both prototype and
exemplar properties.
C. Lexicalisation
The conceptual knowledge represented in the CS is tightly
linked to a lexicon of linguistic labels used to describe the
concepts. The linguistic labels can potentially be stored as
a string of characters, a visual icon or an acoustic sample.
Moreover, these labels play a crucial role in the formation
of new concepts. Typically, a learning agent is confronted
with a stimulus accompanied by a linguistic label. The
stimulus is then integrated as exemplar data into the existing
conceptual knowledge of the agent. The accompanying label
may influence to which existing concept the new data should
be assigned to. And the other way around, the meaning of
the linguistic labels can be perceptually grounded through
the values of the associated concepts. Concepts are linked
with labels through an association matrix which determines
the strength of the connection between every known concept
in the CS and every label in the lexicon. Hence, when the
agent needs a label to express a specific concept or vice
versa, this can be found through consulting the association
matrix.
D. Properties of the model
The model exhibits a range of properties consistent with
findings in human concept literature4 :
Learning through linguistic interaction. As described, by
using language games as a learning mechanism, the linguistic
labels which accompany stimuli play a crucial role in integration of the stimuli into existing conceptual knowledge.
As in [24], the label offered by the teacher as a description
of an unknown stimulus determines to which concept the
stimulus will be assigned to. Thus, describing two distinct
stimuli with two different labels results in the creation of two
4 It is not our aim to develop a full-fledged model able to accommodate
all effects observed in human concept handling. Rather, we wish to buil a
functional model which can perform “well enough”, i.e. which implements
certain features deemed to be important. The main emphasis is on the fact
that language is an important driver for the formation of concepts and that
the model can be applied in a human-robot interaction scenario.

k=1

where r denotes the type of metric (r = 1 is the Manhattan
distance and r = 2 is the Euclidean distance) and w the
weight of the dimension, determining how much emphasis
should be put on it. To do justice to psychological evidence
of how humans view concepts ([45]; [17]), the distance can
be converted into a similarity measurement. Similarity s
between i and j is computed as an exponentially decaying
function of distance:
sij = e−cdij

(2)

where c is a “sensitivity” parameter.
Interactive features. A learning agent can make use of
some interactive learning features, which allow it to actively
influence the learning process. These interactive features are
implemented within the language game interaction and are
designed to help the learning agent to develop conceptual
knowledge more quickly, while keeping psychological relevance in mind. There are three interactive features: active
learning, knowledge querying and contrastive learning. Active learning gives the learner a bias to learning unknown
stimuli and relates to novelty preference which is typically
observed in young children, knowledge querying helps the
learning agent to solidify its conceptual knowledge by testing uncertain label-concept mappings with the teacher and
contrastive learning allows the learner to use certain stimuli
as negative examples, which bears similarities to lateral
inhibition [46] and lexical contrast [47].
E. Preliminary results
In a series of simulation experiments we tested our model
on the influence of the interactive features (as described
above) on learning. Normal language game interaction on
the learning of basic English colour names was used as
a base setting and this was compared the performance of
agents with interactive features enabled. A teaching agent
with preloaded knowledge about colour concepts engaged in
language game interaction with a learning agent with blank
conceptual knowledge. Performance of the learning agent
was measured by calculating the percentage of correctly
named test stimuli5 after each language game. The number
of training interactions the agents engaged in was 2000, and
the experiment was replicated 300 times. As can be observed
5 Both teacher and learner are confronted with 100 colour stimuli drawn
randomly from a set of 25,000. If the learner provides the same colour label
as the teacher does for a given stimulus, it scores 1, otherwise 0.

in Figure 1, the mean performance of an agent with all
interactive features enabled is a marginally but statistically
significant better than a normal learning agent (Welsch two
sample t-test; p < 0.0001). For a more extensive description,
see [44].
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different concepts (provided the stimuli cannot be linked to
existing concepts of the learning agent), and describing the
same stimuli with only one label results in the creation of a
more general concept, comprised of both stimuli.
Typicality effects. Due to the prototypical nature of concept
storage a stimulus can be graded as belonging to a specific
concept, based on measuring the distance. Distance d between i and j is measured using the weighted Minkowski
r-metric:
! r1
N
X
r
(1)
dij =
wk |xik − xjk |

0.7
0.65
0.6
0.55
0.5
0.45
0.4

500

1000

1500

2000

number of training interactions

Fig. 1. Performance of a normal agent (blue, bottom) versus an interactive
agent (red, top) over 2000 training sessions.

F. Extention proposal
In order to increase the psychological plausibility of
the model, we are currently working on an extension of
the current setup which allows for two additional features
deemed to be important for conceptual modelling. These
features are compositionality and hierarchy. We will discuss
these in more detail below.
Compositionality. Compositionality refers to the the ability
to build new, complex concepts from existing, more simple,
concepts. The classical approach is to take the intersection
of the two concepts to be combined; thus STRIPED APPLE
would be all objects exhibiting the properties STRIPED
and APPLE. This yields to problems however, because it
is impossible to take the intersection for complex concepts
like PINK ELEPHANT and STONE LION, which are nevertheless very well handled by humans. There exist multiple
approaches in the literature of how to model this. And
example is the selective modification model [48], see [49] for
some comparisons. We opt for an implementation following
Gärdenfors [50]. In this, analogue to the English language,
the order of the two concepts to be combined is important.
Thus, when combining the concepts X and Y to XY, X acts
as a modifier of Y, i.e. RED BRICK describes some kind
of BRICK and BRICK RED describes some kind of RED.
In effect, the properties of X (i.e. the quality dimensions)
corresponding to properties of Y replace these properties
of Y. If Y does not have the properties of X, these are
simply added, if Y does have them, they are overruled by the
properties of X. X may also influence certain other properties
of Y. For instance, the addition of WOODEN (X) to SPOON
(Y) may yield to revising the ‘size’ property of Y (making
it bigger), or block certain properties as in STONE (X)
LION (Y), where X blocks properties of Y like ‘living’ and

‘sound’ and ‘habitat’ as they do not apply to STONE. More
specifically, when combining X and Y, X may entail certain
properties that may influence Y. Y however, determines the
context in which these properties of X are applied (this is
called a ‘contrast class’ by Gärdenfors).
Hierarchy. Typically, conceptual ontologies are seen as a
taxonomic structure in which subordinate concepts inherit
properties from their superordinate counterparts. In order
to obtain such a structure within the initial non-connected
individual concepts residing in the CS, we plan to apply
a Formal Concept Analysis (FCA) [51] algorithm on the
data in the CS. Original developed as a sub-field of applied
mathematics, FCA allows for the “mathematisation” of concepts by postulating them as a hierarchically ordered lattice
of objects and properties. FCA can be applied to a whole
range of fields, including cognitive science, linguistics, data
mining and economics, see [52] for an overview. Recently, in
[53] it was shown that hierarchies constructed through FCA
may have some biological basis. In FCA a tripled {O, P, I}
(called the context) is considered, where O is a non-empty
set of objects, P is an non-empty set of properties and I
is a binary relation between O and P indicating whether or
not object o ∈ O has property p ∈ P . A (formal) concept
is then a pair (A, B), with A ∈ O and B ∈ P such
that A is the maximal set in O that shares all properties
of B and B is the maximal set of properties shared by
all the objects in A. The collection of all formal concepts
of {O, P, I} can be ordered in a hierarchical set-theoretic
structure, called the concept lattice, through requiring that
all objects of subordinate concepts are also objects in their
superordinate concepts. This yields to a formally sound order
which is also intuitively easy to grasp. By applying FCA
methods as described above, the aim is to have the model
store conceptual knowledge in hierarchical fashion.

Fig. 2. Sketch of the robotic setup, the image is retro-projected into the
opal face mask. The face is mounted onto an articulated neck. The current
prototype described in this paper uses a ViewSonic XGA projector, however
a picoprojector is to be used in a later version.

Fig. 3. Faces displaying basic five expressions. From left to right, both top
and bottom: happiness, disgust, surprise, fear, anger. The neutral expression
is not shown.

G. Human-robot interaction and robot-robot interaction
The conceptual model will be applied within a robotic
setup, which will feature Human-Robot interaction (HRI).
The robot consists of an articulated neck and attached face,
which is able to display a range of emotions and incorporate
personality traits, see [54] for an extensive description of
the prototype. The face of the robot consists of a projected
image, allowing full control of the facial expressions that
the robot displays. Figure 2 displays a schematic setup and
Figure 3 shows different emotions the robot is able to display
through face projection.
With the conceptual model acting as a knowledge representation structure, the robot will interact with human
teachers by using various methods like shared attention,
speech recognition, facial expression, display of emotions
etc. in order to learn conceptual knowledge. Through this
setup we plan to study to what extend these aspects influence
the effectiveness of HRI. A typical learning scenario will
proceed as follows: 1) the robot tries to get the attention
from the human, 2) through a (probably predefined) script
the robot invites the human to teach, 3) the human shows
the robot various items and provides a name (linguistic

label) for them, 4) based on its sensor capacities the robot
perceives the most relevant data of the objects (colour, shape,
other features), 5) based on the given label, the input data
is integrated with existing conceptual knowledge, 6) the
robot may test its existing knowledge by querying it with
the teacher (see interactive features in section III-B). These
HRI sessions will allow us to study both the effectiveness
of the model as a conceptual knowledge structure, and the
effectiveness of the robotic setup with respect to emotions
and personality traits.
In a fashion analogue to the HRI described above, the
interaction and learning algorithms of the model will be
applied to robot-robot learning as well. From a learning robot
point of view, there will be no difference if its teacher is
human or robot. However, the interaction will be different
because it will not be based on a worldly setting in which the
robot needs to extract the proper features from the objects.
Rather, learning interaction will happen over a network
between to software agents exhibiting the conceptual model,
with one agent that has some conceptual knowledge acting
as a teacher, and another agent acting as a learner.

V. CONCLUSIONS
In recent years it has been shown how young children
rely on social and linguistic interaction to bootstrap their
conceptual knowledge. Replicating this process onto a robot
is important in several ways. Firstly, it uses social and
linguistic interaction to reduce ambiguity in the learning
process: non-verbal feedback and linguistic labels help to
reduce the search space, much in the same way as supervised learning converges faster than unsupervised learning.
Secondly, social interaction and language comes naturally to
people. Caretakers willingly engage in tutelage, employing
a range of communicative cues to structure the learning for
young children.
This paper reports design specifications and progress in
constructing the learning mechanisms for such a robot and
describes how new technology in facial animation on a
social robot will be used to engage in social interaction
supporting tutelage. More specifically, we have described
the characteristics of a conceptual model which incorporates
aspects of of concept learning and storage that are considered
to be important within conceptual and child developmental
literature.
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